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Updates

Pacripenesiennasi apudpmMmeTnka B ONITUYIECKOM KaHAaJe
HA OCHOBe (POTOHHBIX KOMMYTAaTOPOB

=
Buxrop Cepreesunu Ilomiiazon

NHcTtuTyT npobnem ynpasnenus umenn B. A. Tpanesnukosa PAH, Mockea, Poccus

AnHoTauusi. B crarbe paccmarpuBaercss (pOTOHHAS CETHh C PaCpeeIeHHBIM
YIIPABJIEHUEM, COCTOSIIAs U3 HECKOJIbLKHUX Y3JI0B, CBA3AHHBIX OOIIUM KaHAJIOM,
B KOTOPOM 3a BPeMs IepeIadn OJHOIO YHMCJIA BBIMOJHSIETCS eJMHAas OIE€PAIlUsl HaJ
9HCJaMU, KOTOPBIE MapaJlJIeIbHO EPEAloTCa BceMu y3aamu. PaccmarpuBatoTcs
TaKWe OIEPAINU KaK CyMMUPOBAHUE MM HAXOXKJICHUE MAKCUMyMa (MUHUMYMA )
quce, mepeaBaeMbIX TOCIEI0BATEIFHO IO JBOMIHBIM pa3psmaM. Ipeamonaraercs,
9TO Pa3psiibl YUCEN TEPEIAIOTCS Mapada3HbIMU ONTUIECKAMU CUTHAJIAME, a OOt
KaHaJI CTPOUTCSI U3 (POTOHHBIX KOMMYTATOPOB 9TUX CUTHAJIOB.

Kntouesble cnoBa v dpasbl: obmuii KaHas, paclpeejeHHoe yIIPaBJIeHUe,
GbOTOHHBIN KOMMYTATODP, (DOTOHHBIE MYJIBTUILIIEKCOD U JEMYJIbTHUILIEKCOD, BHIYUCIIEHNE
B 00IIIeM KaHaJje, IO0CJIeI0BATEIbHbIE YNCIIa
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Beepenne

PassuTne KOMIBIOTEPHOI 37I€MEHTHON 6a3bl IPUBEJIO K IIOSIBJICHHUIO
[IPOEKTOB (DOTOHHBIX KOMIIBIOTEPOB M (DOTOHHBIX JIEMEHTOB I HUX [1,2].
IIpomosKeHneM 9TOl TEHJIEHIUE CTAJI0 PA3BATHE IPOEKTOB CHCTEM HA OCHOBE
JIOKAJIBHBIX CETeil, B KOTOPBIX JAHHBIE [IEPEJAIOTCH BMECTE C KOMAHIAMI,
obpasyio spatial data flow crpykrypst [3]. VIx 9acTHBIM ciiydaeM sBJISIOTCS
CTPYKTYDBI € PaCIpeIeJIeHHOl TapaslIebHOil 06paboTKON JAHHBIX BO BPEMsl 1
B IIPOIECCE UX IEPENAdn 10 CeTH — sbiiucaenus 6 obuem xanare (BOK) [4].

ITpu BOK BoimosasIeTCs TPYIIIOBasi ONeparys HaJl MHOXKECTBOM YUCeT,
HepeIaBaeMbIX y3JIaMi HapaJslIeIbHO, 33 BPEMsI IepeIatii 0 ODIEMY KaHAJY
cetn omHOTO uncya (pesysbraTa omnepanun). [Ipu 9ToM 3Ta Onepanus Bbl-
osTHsieTCs 0e3 MPOMEXKyTOUHBIX Oydepu3anuii MpoOMeKyTOIHBIX 3HATCHIH
pesysbrara. [locnemmee cBoiictBo obecrieunBaer mpesocxoncTBo BOK mo 6vicT-
POJIEMICTBUIO HAJ, TPAUIIMOHHBIM CETEBBIMU PEAJIM3AIUAIM PACIIPE/IETIEHHBIX
BBIYHCJICHUI, KOTOPBIE TPEOYIOT MOCJIEI0BATEIbHBIX IIepeJad HECKOIbKUX
qUCesI U ITOCJIEI0BATEILHOTO BBIIIOJHEHUs] HECKOJIBKIX OIlepalliil Ha | HUMHU.

Oneparust BOK BbImosiHsIeTCst Ha anmmapaTHOM YPOBHE 33 BPEMSI [IEPECHLIKI
10 KAHAJIY CETH TOJIBKO OJTHOTO YUCIa— (DOPMUPYIOIMIErocs pe3yJIbTaTa OlepaliiH.
DTa oneparys BBIIOJIHSIETCS 0e3 TAKTOBBIX 3a/ePKeK B (DYHKIIHOHAIBHBIX
6JIOKAX MPH y3JIaX CETH, COCTOSIINX U3 HECKOJIBKUX (DOTOHHBIX KOMMYTATOPOB
BBIOPAHHOTO BHIA.

TpaauuonHOE BBITOTHEHNE PACIIPEIEIEHHBIX OMEPAIHil CKITAIIBACTCS
U3 HECKOJIBKHUX II0CJIE/IOBATEILHBIX IIEpead YUCesI MeXK/Iy y3JlaMU CeTH U
apudMeTHIecKux onepaiuil Haj HuMU. KOHKPETHO: pacipeiesieHHast Olepaliust
Hag N ducyiaMu MOXKeT OBITh BBIITOJHEHA OJJHUM U3 JBYX KpaitHux crnocobos. Bo-
[EPBBIX, 9TO TOCIIE0BATEIbHAS TTepechliika (N — 1) dncsia ¢ IpoMeKyTOIHBIME
(N — 1) oueparueii Hag HEMU. BO-BTOPBIX, 9TO IapHbIE IIEPEIAIU TUCE,
BBIIIOJIHSIEMbBIE TTAPAJIIIETIBHO 3a logy N 1OoC/Ie/I0BaTeNIbHBIX UX [epeiad U 3a
TaKoe Ke KOJIMYEeCTBO olepanuii B y3suax. IIpu aTom yKazaHnHble JielficTBUS
BBINOJTHAIOTCS IIPOTPAMMHBIM 00Pa30M, YTO MHOTOKDATHO yBEJNIMBAET BPEMSI
WX UCIOJTHEHUS.

Huxke paccmarpuBaercst peasmsarust orepanuit BOK B onrrraeckom
KaHaJjie ¢ POTOHHBIMU KOMMYTATOPAMU JIJIsl UCIIOJIb30BAHMS TAKUX ITHPOKO
M3BECTHBIX €r0 MPEUMYINECTB KaK MaJioe SHEPronoTpedJieHne, BBICOKAS
IIOMEXO3aIAIIEHHOCTb U 60Jiee BBICOKHE YACTOTHI IIepejladu, CBsI3aHHbIE
€ HE3aBUCHMOCTBIO TAPAMETPOB ONTUYECKUX CUTHAJIOB OT CBOMCTB OKPYKAIOIIEH
CpeJibl.

Hastee paccmarpuBatorcst peanuzanuu oneparuiit BOK na BeineceHHBIX
u3 y3710B (HYHKIINOHATHHBIX OJIOKAX, COCTABICHHBIX M3 BHIOPAHHBIX (DOTOHHBIX
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KOMMYTaTOPOB, 1 CIIOCO6 BBIIIOJTHEHU A OIIepaLH/Iﬁ B HUX, KOTOprfI He UCIIOJIb3yeT
00pATHOI CBA3U C y3JIaMU B IPOIIECCE BBIMOTHEHUS OIEPAITHi.

Mg semmosmenns onepanuit BOK 3Havenne kaxkioit JTOrudeckoi mepemMeH-
HOIl TIepejlaeTcs 10 KaHaLy B mapada3HoM Buie, T.e. 1o aByM JuauaMm 0 u
1. Bnauenne 0 nepeaercs curaajoM B JimHUU 0 IIPU OTCYTCTBUHU CUT'HAJIA
B uHUA 1, a 3HadYeHWe 1 — CUTHAJIOM B JIMHUU 1 OpHU OTCYTCTBUU CHUTHAJIA
B yimauN 0. JIuaum 0 u 1 npoxojsT gepe3 KouBeprep C; KaXKI0ro i-T0 y3JIa
ceru (pucynok 1). Karxzplii KOHBEPTED BBIIOJHSIET YHAPHYIO OLIEPAIUIO
O; tpeobpa30BaHUs BXOJTHOIN IMEPEMEHHON T; B BBIXOIHYIO JIOTHIECKYIO
nepemennyto y; = O;x;.

0¥
Ci +0;
Olyl.ll

Pucynok 1. KouBeprop (hOoTOHHBIX IIEpEMEHHBIX

Omneparnust O; BBITIOJIHAET CJIEIYIONNE TPEOOPA30BAHNS: TOBTOPEHUST
y; = x; («=»), orpunanust y; = —z; («—»), nepesoja B 3HavueHue y; = 0
(«0») u nepesoga B 3nauenue y; = 1 («1»). Cocrosgnus kouseprepa C; upu
BBINOTHEHNH oneparun O; TPeJCTABIeHBl Ha PUCYHKE 2.

= - 1 0
1 X N I/
O;: {«=», «—=», «1», «O»}

Pucynok 2. Cocrosinus onepanuu O; koupeprepa Ci

Omneparnust O; B CBOIO OU€pEh 3aJA€TCsI IO 3HAYEHUIO YIIPABJISIONIEH
JIOTHYEeCKOil IIepeMeHHO# u;, BbIJaBaeMOil i-M y3JIOM ceTdu. B pe3ysprare
kouBepTep C; BBITOJTHAET OUHAPHYIO ONEPAIHIO Y; = T;Nu;, KOTOPAsT MOXKET
OBITH JTI000# 13 16 GMHAPHBIX JJOTHYIECKUX omeparmii. B rabmunax la— 2b
IIPpUBOAATCHA Ta6.HI/ILU)I HUCTUHHOCTHU PAJla UCIOJIB3YEMBIX JIOTUIECCKUX OIIepaHHﬁ.

Tapauua 1. Tabyuisl UCTHHHOCTH oneparuii V u A

(a) dynrnusa «» (R = A) (b) dyuxmua «UJIU» (R = V)
zlul|l O |y xlul|l O |y
0]0]| «0» |0 0[]0 «=»|0
0]1]<«=»]|0 0]1] «1» |1
110] «0» |0 110] «=»|1
111 ]«=»]1 111] «1» |1
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TABMUUA 2. Tabmnuiel ucTuHHOCTHU oneparuit G u V

(a) dysrnus «CiioxkeHnne (b) dyukIus «Hauanbabrit
mo mod2» (X = @) zamyck» (R = V)
zlul|l O |y xlul|l O |y
00| «=»10 0]0|«=»]0
0|1 ] «m» |1 0]1] <«0» |0
110 «=» |1 110 «=»|1
1]1]<«» |0 1]1] «0» |0

IIpu nuneitnom paszmertienne N y3JI0B CETU U MTOCJIETOBATE/IHLHOM Pa3-
MeIIeHNN UX KOHBEPTEPOB MOXKHO 33 BPEMSs IIePeJadn 110 O0IeMy KaHaTy
OJTHOTO 4mcJia 00pa30oBaTh B HEM CyMMY Pa3MEINIEeHHBIX 0 y3JIaM JHCe)T UJIh
BBUIEJINTD U3 HUX MAKCUMaJbHOE duciao [4]. JIjst 9Toro umciia mepearoTes Kak
JIBOMYHBIE YHCJIA TOCTEIOBATEIBHO IO pa3psimam. st cyMMupoBaHUsS OHI
TIepeTaloTCs MJIQJIIIUMHI Pa3psiJlaMy BIIEPE U UCIIOIL3YIOTCS Oneparu & u A
7151 0Opa30BaHUs ABOUYHON CyMMBI U 3HAYEHUs [IEPEHOCA B CJIELY IO
pa3psi COOTBETCTBEHHO. JlJTst HAXOXKIEHNST MAKCHMAJIBHOTO YUC/Ia BCE TUCIIA
TIEPEIAIOTCST CTAPIIMMU Pa3PsaMi BIEPel, U B Hell UCIIOIb3YeTcst omeparus V.

IIpencraBiennasi cxeMa II03BOJISIET BBIIOJHATHL apudMeTHYECKUe U
JIOTUYECKHe OIEPAINU HAJ 3HAYCHUSIMU, [IPEICTABICHHBIMI (DOTOHHBIMI
curHaJjIaMu, Ha 6a3e KOMMYTaTOPOB 0e3 UCIIOJIb30BAHNUS CIIEIUAIBLHBIX (POTOHHBIX
apudmeTnko-noruueckux yerpoiicts tuna [1]. CaMy cerb MOXKHO 06pa3s0BaTh
U3 JBYX BeTBell (BOCXOIAIIEN U HUCXOIAIIE) ¢ IOJKIIIOUEHIEM KarKJI0I0
y3Jia K obenM BeTBsM. Bocxossinas BeTBb UCIOJIb3YeTCs JIjIsd 00Pa30BAHUS
pe3yJbTaTa, a HUCXOSINAs BETBb — /IS OIOBEIIeHus: Bcex o nem. Moxkio
TaKKe UCHOJIb30BATh KOJIBIIEBYIO CETMEHTUPOBAHHYIO CETh C JBYKPATHOMN
repejiateil 9uces1 — i 00pa30BaHUs PE3YJIbTATA U OIOBEIIEHUS O HEM.

Cerb it BOK MOXKHO ITOCTPOUTD U3 ONTOJIEKTPOHHBIX MTEPEKII0OIaTE-
Jiefi ma 6a3e unrepdepomerpos Maxa-3auzepa [5]. Ux Gosee npakTudnas
dopwma npescrasiena B [6]. VI3 Takux nepeksrodaTesieil MOXKHO cobpaTh
OIITOJIEKTPOHHBIN KOMMYyTaTOpP 4 X4, B KOTOPOM Iiepesada JaHHBIX Yepe3
KOMMYTATOp BEJIETCS ONTUIECKUMU CUTHAJAMU, & YIIPaBICHIE KOMMYTATOPOM
OCYIIECTBIISIETCS Y3JIOM CETH 3JIEKTPOHHBIM 06pas3oM [7]. B Hacrosiee Bpemst
ObICTpO/IeiicTBIE TaKuX Iepeksodareseil qoxoaut jgo 100 I'6ur/cex [8] u onn
UMEOT JIOCTATOYHO BBICOKYIO INIOTHOCTH YIAKOBKHU [9)].

Opuako nocrpoerre BOK Ha 0OmT03/16KTPOHHBIX [TEPEKJIIOYATEIISIX UMEET
CBOUM HEJIOCTATKOM HEOOXO/IMMOCTD IIPe0OpPa30BaHUsl 3HAYEHUN PA3PAI0B
MEXK/Ty OITHIECKON ¥ IJIEKTPOHHON (hOpPMaMU B MPOIECCE BHIPAOOTKU YIIPABJIs-
IOIUX BO3JIEHCTBUHN B KaXKJIOM pa3psijie HA OCHOBE Pe3y/IbTaTa U3 MPEIbIIYIIEro
paspsiyia. DTOT HEJOCTATOK, BO-NIEPBBIX: CHIXKAET ObICTPOjeiicTBIE (DOTOHHDBIX
KOMMYTATOPOB /10 OBICTPOJEHCTBIS JIEKTPOHHBIX KOMMYTaTOPOB U, BO-BTODPBIX,
YBEJINYMBAET UX dHEPrornoTpebiieHune.
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B crarpe paccmarpuBaeTcss BO3MOXKHOCTD BbinmostHeHUs oneparnit BOK
Ha 6a3e pa3HbIX POTOHHBIX JEMEHTOB 03 MCIIOJB30BAHUS BHEIIHUX OIITOIJIEK-
TPOHHBIX ITpeobpa3oBanmii. B KadecTBe 6a30BBIX (POTOHHBIX JIEMEHTOB MOYKHO
MCTI0IH30BaTh (POTOHHBIE JAeMyabTuiiiekcop D 1 X 4 u mynprutekcop M 4 x 1,
cobupaeMble U3 HECKOJBKUX CJIOEB TOHKUX IIJIEHOK C JIEKTPOOITUYECKUMH MU
MarHUTOONTHIECKNMN cBojicTBaMu (pucynok 3) [10,11].

input \ inputs

Mo e N e

outputs
PucyHok 3. CrpyKTypa KOMMYTAIMOHHBIX TI€EK (IEMYJIBTUILICK-

COp U MYJIBTHILIIEKCOD), OCHOBAHHBIX Ha OIITUYECKH IIPO3PAIHBIX
MeTaMaTepUaIbHBIX U (DEPPUTOBBIX IJIEHKAX

OcobGEeHHOCTh UX MPUMEHEHHsI COCTOUT B TOM, YTO JIJIsI yIPABJICHUS
KOMMYTaIIeH UCIIOJIb3YeTCsl JIBa, ONITUYECKUX CHI'HAJIA HA PA3HBIX YACTOTAX A1
u \o. B nemynbpTuiekcope oHu mpeodpasyioTes B 4 YIIPaBISIONINX CUTHAJIA,
9JIEKTPOHHOM UJIM MATHUTHON IIPUPOJIBI U MOJIAIOTCS HA JIBA HAIIPABJISIONIIX
CJTI0s1, KAXKJIBII U3 KOTOPBIX 33J1a€T J[Ba HAIPABJIEHUs PACIPOCTPaHEHUsT HHQPOP-
MAIMOHHOTO CUT'HAJIA, TIOCTYIIUBIIEr0 HA €ro ONTHIeCKuil Bxoi. B pesynbrare
BXOJIHOM ONTUYECKUI CUTHAJ HAIIPABJISAETCS Ha OJUH U3 4-X ONTUYECKUX
BBIXOJ/I0B.

3aMeTnM, 9TO 3THU IJEMEHTHI B COBOKYIHOCTU C OJIHOPA3PSITHBIMU
(DOTOHHBIMY JIMHUSIMU 33J€PKKU ObLIA UCHOJIB30BAHBI IS TTOCTPOEHUST
doronHbIX HEGJIOKUPYEMBIX CHCTEMHBIX ceredi [12,13].

1. Habop Heobxogumbix POTOHHBIX 3/IEMEHTOB

Vupasisiembrit hoToHHBIN KOHBEpTEp C) cODMpaeTcs U3 ABYX JIEMYJIb-
TUIIIEKCOPoB D u 1ByX MyJsbTuisiekcopos M (pucynok 4a). B xaxkom
JIEMYJIBTHUILIIEKCOPE HUCIIONIb3YeTcs 4 YIPaBIISIONINX CUTHAJA, OIPEIEISIONIIX
JIUTsl KOHBEpTepa 3HaYeHue yipasJsiorieil omeparyuu O 1 3aaI0INUX BBIXO/IbI
nemyabruniekcopa. Hanpumep, 3uadenus: «0» u «1» momarorcs Ha mepBbIi
HAIIPaBJIAIONINUI CJIONA, & 3HAYEHUS «—» U «—1» — Ha BTOPOIl C/IOM.

B nmanpreitiem Hapsiay ¢ kouBeprepoMm C HCIIOIB3YIOTCsT YIIPABJISEMbIe
JgemysnbTuiLiekcop Dy (pucyHok 46) u mynbruiuiekcop My (pucyHok 46),
IIOCTPOEHHBIE aHAJIOTMYHBIM 00Pa30M.
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PucyHok 4. Cxewmsl ynpasisieMbix (poToHHOro Kouseprepa Co,
gemysabTuILIeKcopa Do u mysbruiiekcopa Mo

O6pazosanne 3unadenuit onepanun O u3 3HAYEHUN yIpasisioniei hoToHHON
MepeMEHHOM U 3a/1aeTCsl CXeMaMU Ha PUCYHKE 5. DTH CXeMbl MOXKHO 3aMEHUTh

ﬁ<—— 0 — < 0 - 0 —< 0
‘ ul ul ul V ul
1< ‘ ] R 1+

Pucvnok 5. Cxema obpasoBanus 3uadenuii oneparuu O

Ha OJIHY YHUBEPCAJIBHYIO C MCIIOJIb30BAaHUEM KOMMYTATOPa C JEKTPOHHBIM
yupasjenueM [7] ot y3ma ceru. OHAKO /It IPOCTOTHI B JaHHOM pabore
HCITOJIB3YIOTCA PA3HBIE HEYIIPABJsSeMble CXeMbl peajm3anuu oneparnun O.
Kak pesysbrar coenuuennst cxeM puCyHKa 4a W CX€MBI PUCYHKA D yIIPABJIs-
eMblif KOHBepTep OymeT 0003HAUATHCS KaK 2-BXOJOBas CXeMa C IepeiaBaeMoil
IIEPEMEHHON T, YIIPaBJIAIONICH IIEPEMEHHON U U PeaIn3yeMOil JIOru4eCcKOoni
dyukuueit C(u,R) (pucynok 6). IIpu srom nepementas & 0603HAYAETCsI CTPEJI-

X Xu xo X1

Clu, )4 D(u) |& M(u) &

ly lyo IY1 1yu

PucyHOK 6. OkonuarepHOE 0603HAUEHUE YIIPABJISEMbIX KOHBED-
repa C(u, R), gemynasrumrexcopa D(u) n mynbrumiekcopa M (u)

KOIi «JIACTOYKUH XBOCT», & [I€PEMEHHas U — IPIMOIi CTPEJKOHi. AHAJIOIMYIHO,
yIIpaBJisieMble JIEMYJIbTUILIEKCOD W MYJIbTHILIEKCOP, [TOJIyYeHHbIE 00'beIMHEHNEM
cxeM pucyHKa 4, 6yayT oboznauarbes Kak D(u) u M(u) (pucynok 6).

2. PacnpegeneHHblii (hOTOHHBIV CymmaTop

st Beiosinenust porornoit onepaiun BOK «cymmay 1npu KazkIoM y3Jie
cetr GOPMUPYETCsi CBON MCIOJTHUTEBHBIN 010K U, cocTosmuii u3 panee
OIIpeJIeJIEHHBIX KOHBEPTEPOB U MYJIBTUILIIEKCOPOB, KOTOPBIA OCYIIECTBIISIET
Ipeobpa3oBaHUsT 3HAUECHUN PAa3PsI0B IepeIaBaeMblX UUCeIl.
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Ilepsriit y3es1 cetu BbIAaeT 10 mapadasHoil JUHUN 3HAYEHUN B CBOM
o0k Us citor X7, coepKalinii JBONYHOE MHOTOpPa3psiIHOE UNCJIO, HAUnHAS
C MJIQJIIIUX Pa3psilioB, a 10 napada3Hoil CUHXPOJIMHUN — CJIOT S TOM 2Ke
paspsymaocTH. Ilepenada ciora S HaUMHAECTCS C IEPeadn ero MeTKH s°,
KOTOpasi 3aJ1aeTCsl OJHOBPEeMeHHO 1epegadeil 3Hadenuit 0 u 1, T.e. nepegaqeit
CHrHAJIOB 1O obenM TapadasHbM JuHIAM. IIpoxoxaenne merkn s 3amyckaer
rnepenady cjaoToB Xi u S, KOTOPBIE MIEPEIAIOTCS CHHXPOHHO 10 Pa3PsIaM.
B ciote X paspsibl lepeiaeTcs MepeMeHHBIMI T}, a B cjioTe S —TepeMeHHbIMIT
st, rae i—3T0 HOMep paspsana. Ilepsrlil pasps ciaoTa S uMeeT 3HauUeHHe 1
(s' = 1), a ocranbubie ero paspsipl— snadenus 0 (s° = 0 mpu i > 1).

JTro6oit npyroii y3ea cetn (1 < k < N) nepenaer 1o JMHUN 3HATCHUN
B cBoit 010K Uy, cior Xy, coeprKaimuii 3HaYeHusI IepeMeHHbBIX x}c JITST KaXKJI0TI0
paspsiia. Kpome Toro, B 3ToT 6JI0K OCTYIIAET CJAOT S, MPOIIe il Yepes
HCIOJIHATE/IBHBI GJI0K IpeBIIyIero y3ia. 1Ipoxoxaenne Mertky 59 3amyckaeT
B y3ie k mepenady ciaora X, ITO MOPa3pPsiIHO CHHXPOHU3UPYET ero B OJioke
U}, co ciaorom S.

Ha pucynke 7 npeacrasiena cxema 6710ka Us, TOICOETUHAEMOTO K IEPBOMY

U BTOPOMY CETEBBIM y3JIaM PaCIpPeIesIeHHOro cyMMaTopa. TouKn Ha JIMHISX

:]No 1o 2 Node 1

PucyHOK 7. 2-y3510B0il pacmpeeeHHbIi CyMMATOPD

0003HAYAIOT Y3JIbl Pa3Je/IeHns] CBETOBBIX CUT'HAJIOB IIOCPEJICTBOM BETBJIEHUS
ornruyeckux Jimauit. [Ipobsrema ociabieHnst ONTUYIECKAX CUTHAJIOB MOXKET OBITh
pellieHa mocpeaCTBOM UCIIOJIBL30BaHNS (DOTOHHBIX YCUIUTEJIENH Ha BBIXOIE
6aokoB Uy, [14].

Ha ero Bxomwpr Us nomatorcest ciaor S u ciorbl X1 u Xo, a HA BBIXOIE
obpasyeTcst CJIOT Yo, CofepzKaIuii CyMMy duces u3 cotoB X u Xso. B atom
6soke Ha Konseprepe C(xh, ®) ckmaapBaoTes 110 Mod2 3HAYEHHs! TePEMeH-
HBIX 2} w2l 00pasysl IPOMeKyTOUHBI pe3y/IbTaT B BUJE IePEMEHHOM 28,
Ha xouseprepe C(z%, V) u3 nepemennsix ¢} u xh obpasyercs lepeMeHHast
8%, KoTopast TocIe MPOXOYKIeHNs 110 JIMHUU 3a/1epKKi LD 1T IbHOCTBIO
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B OJIUH Paspsiji, 06pasyeT MepeMennyio 051", 3a/IaI0NIyI0 3HAYCHIE IIePeHoca
B cytetytormuil paspsi. Yepes mysbruiiiekcop M (st) npormyckaercst 3navenue 64
B TIEPBOM paspsiie u 5;“ B mo60M ipyroM paspsae. Yepes konseprep C(st, V)
poxosAT nepemennbe 03 u 84 . Komseprop o6Hy/ISeT MepByIo U3 HUX 1
[POIyCKAaeT BTOPYIO 6e3 u3MeHeHust (Tabumia 2b) Jyisi OCTATIBHBIX PA3PsiIOB.
Komnseprop C(8%, @) obpasyer OKOHYATETLHBIH PE3Y/TLTAT TIOPa3PsTHBIX
BBIYHC/ICHAI B BUJE MEPEMEHHBIX Y5, COCTABIAIONINX CJIOT Ys.

Ha pucynke 8 (BepxHsisi OJOBUHA) IPEJICTABIEHA BPEMEHHAs UATDAMMA,

To Ty

s 1 | 0 |

xi | |

X | |
el 500 o s
00 i O

| 22 | | 2] |

s ! | 0 |

x | |

| | | [ |
] 5 O S
L — | - —

PucyHOK 8. Bpemennas quarpaMma pacipeeIeHHOTO CyMMAaTOPa,

pabotsl 6;10Ka Us B EPBBIX JABYX Pa3psax C UCIOJIH30BAHUEM CJIELYIONUX
obo3HaYeHU.

Ilepuon paspsiza 3agaercs Kak 1, JTJIMTEIBHOCTh AKTUBHBIX CUTHAJIOB
B HeM—Kak T(, a BpeMs HaCTPOHKYM KOHBEPTEPa UM MYJbTUILIEKCOPA M0 YIIPaB-
Jstiormeit epeMenHoit 1 — Kak 7. HeobXouMo OTMeTHTD, UTO TlepeMeHHas 05
npoxoauT ycrpoiicrsa M (s') u C(s', V) 6e3 3a/1ep:KKH, Tak Kak OHU yIKe
HACTPOMJIACh K MOMEHTY ee HosiBjieHrsi. Kak pe3ysibrar BhIXOIHAs [TepeMeHHast
Y4 BO Beex paspsjIax TOABJISIETCS C 33JIePKKOH Ha 27 U 3a/IaeTCsl CHTHATAMM
jumresibaoct Ty — 27.

Ha pucynke 9 npezcraBiena cxema N-y3JI0BOrO pacipeieeHHoro (hoTon-
soro cymmaropa. Ha sxomst 6s10ka Uy (k > 2) nomatorca cior S u ¢1oTsl Yi_1
u X}, a Ha BBIXOJIe 0Opasyercs cJoT Y. PaboT Bcex GJIOKOB CHHXPOHU3UPYETCS
cjtioroM S, U Bce onepanuu B 6JI0KaX BBITOJHSIIOTCS MAPaJIebHO OTHOCHTEIHHO
1-ro pazpsiia ciora S.
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[:Node 2 Node 1

i i i

1

) 177 i+
s YN VN

PucyHoOK 9. N-y3/10BOil pacIpe/iesIeHHbIH CyMMaTOD

Ha pucynke 8 npejicraBiena Takzke (HUXKHssl TOJIOBUHA) BPEMEHHAS
auarpaMma padboTs! 6,10koB Uy n Uz cymMaTopa B IEPBBIX JBYX pa3psjiax
u B Tex ke obosnadyeHusx. CielyeT OTMETUTH, UTO HUXKHSAS [TOJIOBUHA
JMarpaMMBbl CIIpaBeJInBa, J1Jist JIIo6oro 6yoka Uy mpu k > 2. 9TO 03HAYAET, ITO
BBIXO/IHAS [IePeMEeHHAs Y MOsIBIISETCS ¢ 3a/IePKKOi Ha 27 OTHOCHTEIHLHO
HAYaJIa CHHXPOCUTHAJIOB S; IIPHU JIIOOBIX k U 4, T.€. IpU JIFOOOM YHCJIE Y3JI0B U
BO BCEX paspsiJiax Yuces U 3aJaeTCsl CUTHAJIAMU JTUTeIbHOCTH Ty — 27.
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3. PacnpegenetHblii HOTOHHBIN K MakCUMn3aTop»

st BeimostHeHusi poronHoi oneparun BOK «MakcuMyM» 1Ipu Kazk oM
y3iie cetu (DOPMUPYETCs CBOIM UCIIOTHUTEIBHBIN 010K U, KOTODBIiT OCYIIECTBIISET
1peo0pa30BaHNs 3HAYEHUI PAa3PsIOB IIePeIaBAEMbIX JHCEJI.

Ilepssrit y3en cern mo mapada3HOi JUHUN 3HAYEHUI BBIIAET B CBOM
670k U cior X, comepaKammuii TBONYHOE MHOTOPA3PSIIHOE UUCIO0, HATUHAS
CO CTapIInX PaspsaoB, a 1o napadasHoil CMHXPOJIUHUN — CJIOT S TOM 2Ke
paspsanoctu. Jlo6oit apyroii yzen k ceru (1 < k < N) nepenaer 1o JuHuu
3uadeHnit B cBoit 010k Uy cior Xy, comepKammuii mepeMeHHbIe xz, Ha4YUHAA CO
crapiiero pa3psigia. Kpome Toro, B 9T0T GJIOK IOCTYIIAET CJIOT S, MPOIIE i
Jepes3 UCIIOJTHUTEIbHBIN OJIOK MPEeJIbIIYINero y3Ja.

Ha pucynke 10 npezcrasiena cxema 6s10ka Us, 10JCOEMHIEMOrO K IEPBOMY
U BTOPOMY CETEBOTO y3JiaM pPaCHpeIesIeHHOro «MakcuMudaTopay. Ha ero
BXOJIBI TIOAI0OTCS CJI0T S 1 cyioThl X1 u Xo, a HA BBIXOZE 00pa3yeTcst CJioT Yo,
CcoflepKaIIit MAKCUMAJIbLHOE TUCI0 U3 CJA0TOB X1 U Xo.

Pucynok 10. 2-y3510Boit pacipe/ie/IeHHbIN «MaKCHMUA3ATOP»

ITo 3HAYEHUAM CHHXPOCHUTHAJA S TOCPECTBOM My bTuIIekcopa M (s?)
dbopMupyeTcst HavaIbHOE 3HAYEHUE TIepeMenHoi 61 = 1, KoTopasi Urpaer
POJIb TIEPEMEHHON COCTOSTHUST «MaKCUMU3aTOpay BO BCeX paspsiax i > 1.
[lepemennas % MO/KHA HAXOIUTHLCS B 3HaveHun 0F = 1 jij1st BcexX paspsijion
i < j, AL KOTOPBIX ] > T5, U HAXOAUThCA B 3Hadenuu 07 = 0 juia
BCEX pas3psoB i > j mocie paspsana j, mis koroporo x < 3. Takyio
HOCJIe/I0BaTe/ILHOCTD 3HaveHuit 61 dopmupytor konseprepbl C(rh, J) u
C(#},#) coBmecTHO ¢ MysbTHILIEKCOpOM M (s") m simHuel 3aep>kku LD
Ha o/l pa3psL. [lepBblil KoHBEPTEp 10 3HAYEHUAM IEPEMEHHbIX T U T
dopMupyeT 3HaUEHNE TPOMEXKYTOIHON [IEPEMEHHOM 2], Peau3ysl JIOTTIECKYIO
dbyukmuo «Ilepeknrodennes no Tabaure 3a mpu k > 2. Bropoit kouBepTep
dopMupyer 3HaYEHUE ITEPEMEHHOM 5;%1, peanusyst JJOTHIeCKyo (DyHKITUIO
«IloBTopenues 1o Tabsure 3b npu k > 2.

Mynbruiiekcop M (s') u yunus 3ajepxku LD o6pasytor 3HaveHust
[IepeMeHHO (5{“ = 5;&1 IS cyleayromero paspsua. [Ipu sToM cxema 06-
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TabulA 3. Tabsunpst ucrurHocTH st 6ioka Uy (k > 2)

(a) dbyukmusa «Ilepekarouennes (b) dpyukiust «IloBropenne»
R=02) (N =#)
Thk—-1 | Tk O Zk—1 Zk—1 5k—1 0] 5#(k—1)
0 0 | «0» 1 0 0 «=» 0
0 1 | «<=>» 0 0 1 «1» 0
1 0 | «O» 1 1 0 «=» 0
1 1 | «<=» 1 1 1 «1» 1

pazoBanus 3nadennii onepanuu O (cm. Beenenue) 3amaerca pucynkom 11
(anasorom pucyHka 5). st Tex paspsaios ¢ < j, JJisl KOTOPBIX COXPAHSIETCsI

« O «—\ O
—<-- 0 < -><‘— 0
U=Xy u:é}(,l

— —
1« & ! 1a- # !

Pucynok 11. Cxema obpasoBanust 3Hadenunii onepauuu O

snadenue 61 = 1, gepes myabruiiekcop M (6;1) dopmupyercs 3HaYeHUE
BBIXOJIHOM TIepeMeHHOM 35 = xi. OaHaxo, JIa TexX pas3psios i > j, s
KOTOPBIX coxpaHsiercst 3HadeHue 01 = 0, gepes MyJIbTHILIEKCOp M (1)
dbopMuUpyeTcs 3HAYEHNE BBIXOIHOMN HepeMeHHon ys = a%. Ilpu sTom myist
paspsiza j dbopmupyercs 3HadeHne y3 = xj = 1.

Ha pucynke 12 nmpmBojauTcss BpeMeHHast quarpamMmma (pOpMUPOBAHUST
pa3HBIX ITEPEMEHHBIX JIJId PaspsayioB j u j + 1, riae 7 obo3HadaeT BpeMst
HACTPONKN KOHBEPTEPOB U MYJIbTHILIEKCOPA, & T u Ty — JIJIMTEILHOCTH pa3psiia
W aKTWBHOTO CHTHAJA B HEM. BUIHO, 9TO aKTMBHBII CHTHAJ yKOPAIUBAETCS
Ha BpeMsl He boJiblee 37, KOTOPOe He 3aBUCUT OT 3HAYEHUS j.

| W7 7T
s

x// 0 1

X/ ! 8

St |x 1 21 1
=/ |~ T |- .
O’ | 1 0 21 0
s/ 2x 0 21 0

/| 3t o 3t 0

PucyHok 12. Bpemennass nuarpamMma 2-y370BOTO «MAKCHMU3ATO-
pay g j-TO pa3psia
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Ha pucynke 13 mpuBoguTcst cxema N-y37I0BOTO pacmpeseIeHHOTO «MaK-
cummsaropay. Kaxprit 610k Uy (k > 2) nosropsier 6710k Uy ¢ 3ameHOM

Node 2 Node 1

i i i

Pucynok 13. N-yzmoBoit pacupemeieHHbIi «MaKCUMI3aTOD>

r1 Ha Y,_1 ¥ 3aMeHOH mHIeKca 2 Ha mHAekc k. I[Ipu aTomM AauTeIbHOCTD
aKTUBHOTO cUTHaJa Ty — 37 He 3aBUCUT OT 3HAYEHUs k.

3aknoueHne

B craTbe nmokazana IpUHITUIIAAIBHAS PEATU3YEMOCTD PACIPEICICHHBIX
omeparmit BOK «makcumym» un «cymmas Ha OCHOBE (DOTOHHBIX KOMMYTATOPOB
¢ mapada3HbIM IPeJICTABICHIEM 3HAYEHNN JIOTMIECKUX [TEPEMEHHBIX. TaKXKe
HA OCHOBE THUX OlEePAIUil MOXKHO OCYIIECTBJIATh B ceTu [4] copTUpOBKY
MaCCHUBa 49HCes 33 BpeMs nepefadn N 49uces; yMHOXKEHHE 9HUCes 33 BPeMs
Iepeiadn OJ[HOTO YUCJIA; CKAJIsIPHOE ITpom3BejieHne N duces 3a BpeMsi [epeiadn
JBYX YHCEJ U PsJi NPYyruX ornepaluil. Bce OHU SBJISIOTCS OIlepaIusiMu
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MarucTPajbHOro (TpybOIPOBOIHOIO) THIIA.

B HEGIOKUPYEMBIX CeTsAX ¢ OPsIMBIMK KaHasamu [15,16] MoxKHO op-
raHN30BBIBATH MHOYKECTBO TaKHX OIEPaIldii, JOIOJHUTEJIbHO pa3Mellas
B CJIOTaX JAHHBIX aJipeca y3JI0B U KOJIbI Ollepallnii, peajm3yeMble B HUX.
Crioco0bI TIOCTPOEHHST TAKUX CeTell U CIOCOObl Pean3alid B HUX MHOXKECTBa,
MAaruCTPAJIBHBIX OMEPAIHil 9TO TeMa OTAE/IbHON PabOTHI.
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Abstract. The article examines a photonic network with distributed control,
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transmitted in parallel by all nodes. Such operations as summing or finding the
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considered. It is assumed that the bits of numbers are transmitted by paraphase
optical signals, and the common channel is built from photonic switches of these
signals. (In Russian).
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Beepenne

B nacrositiiee Bpemst 60J1bIII0€ KOJIMIECTBO UCCIIEAOBAHUI 1 Pa3pabOTOK
HOCBSIIEHO PA3BUTHUIO GECHMJIOTHBIX JieraTesbubix ammnaparos (BILJIA). s
MOBBIIIEHNsT HAJIEXKHOCTH U yno0cTBa B3aumoeiictsus ¢ BITJTA B jgomonnenue
K THUMNOBBLIM ITYJIBTOBBIM OIIEPAITUAM YIPABJICHUA MTPUMEHSIIOT YKECTOBbBIE
u pedesble KoMau bl [1]. s peajuszanuu Takoro mojaxoia HeoOXo UMbl
MHOTI'OMOJIAJIbHBIE UeJIOBEKO-MAIUHHBIE UHTEePQENChl, aIalTuPOBaAHHBIE
K paziaundnbiM TunaMm BILTA. 2KecTol moapasiessorest Ha CTaTUIecKue 1
JUHAMIYECKIe U UCIOJIB3YIOTCs JIJIsl ITepeiadn WHMOPMAINA B KOMIBIOTED
C LEJIbIO YIIPABJIEHUS KOMIIBIOTEPOM, JIETATEIHHBIM aIllapaToM, poOOTOM H T.I.

B muccepranuonnoit pabore [2]| npejcrapiena KOMIIEKCHAS METOAOJIOIHST
3axBaTa, OTCJIEXKUBAHUS M PACIIO3HABAHUS JTMHAMUYECKUX »KECTOB B BHUJIE0-
moroke. B pamMkax 3Toit meroosiorun pa3paboTaHbl AJTOPUTM 3aXBaTa, U
OTCJIE’KUBAHUS KUCTU Y€/I0BEKA B BUJIEOIMOTOKE HA CJIOXKHOM (POHE; ajrOPUTM
¥ BBIYUCIATETBHO-3(MD(MEKTUBHAS MOJIEJb JJIsi PACIIO3HABAHUS YKECTOB, OC-
HOBaHHAsl HA HEUYETKNX KOHEUYHBIX aBTOMAaTaX. Pa3paboTaHa MeTOI0JIOTHS
MYJIBTUMO/JIAJIBHOI'O PACIIO3HABAHUS CIIEH, OIPEIE/IsIeMbIX KECTaMH, C MCIIOIb30-
BaHMEM HEYeTKUX OIEPATOPOB arperupoBaHUsi. JKCIEPUMEHTAIBHO [TOKA3aHO,
9TO PEJJIOKEHHAS aPXUTEKTYPA CUCTEMBI PACIIO3HABAHUS JTUHAMIYIECKUX
2KECTOB TI03BOJISIET C BBICOKOM CTENEHBI0 HAJIE2KHOCTU PACIIO3HABATDH B PEAJBHOM
BPEMEHU 2KECThl HE3aBUCUMO OT WHIUBULYYMa.

B juccepranyonsoit padore [3] npeioyKeHbl MeTO L U3BJIeYeHNsT n306pa-
JKEHUsI PyKHU U3 JaJbHOCTHOIO M300parkeHusl 4ejI0OBeKa Ha OCHOBE aHAJIA3a,
CBSI3aHHOCTHU TOYEK M300parkeHUsl B TPEXMEPHOM IPOCTPAHCTBE; METO,
PACIIO3HABAHUS TO3UITNNA KOHYUKOB TAJJIBIIEB U TOUYEK COEJIMHEHUS MAJIbIIEB
C JIAJIOHBIO PYKU HA OCHOBE aHAJIN3a KOHTYPaA M300parKeHusl PyKU; MeTO]
CKeJIETU3AINN JIAJHbHOCTHOIO M300parKeHnsl, OCHOBAHHDIN HA HEIIPEPBIBHOM
CKEJIETHOM ITPEJICTABJIECHUN OMHAPHOTO M300PAXKEHUS, TOUCKE TPAHUTHBIX
TOYeK (PUTYPHI U CO3JAHUU JTHATPAMMbI BOPOHOTO /11 9TUX TOYEK; METO,
paclio3HaBaHUA CTaTUYIECKUX U JIUHAMUYIECKUX 2KECTOB PYK U IIaJIbIIEB PYKHU
JIJIsT KECTOBOM a30yKHU TVIyXOHEMBIX.

B uccnenoBanun [4] mpesicraBiieHo pelieHne npobJeMbl BOCCTAHOBIICHUSI 1
OTCJIEYKUBAHUS TPEXMEPHOI'O TIOJIO?KEHUSI, OPUEHTAIINY ¥ [TOJTHONW apTUKYJISAIUN
9eJI0BeYeCKOil pyKu 1o JaHubIiM oT Kinect-cencopa. Peraerca 3a/1ata on-
TUMM3AIAHN, B KOTOPOU OCYIIECTBJIAETCS MOUCK HapaMeTPOB MOJIEN PYKH,
KOTOpble MUHUMU3UPYIOT PACXOXKIEHNE MEXK/Iy BHEIIHUM BHJIOM U TPEXMEPHOI
CTPYKTYPOI JJAHHBIX OT ceHcopa. 3D-TpeKuHT JBUKEHUsT PYK BBITIOJHSIETCS
B peaJIbHOM BPEMEHU.



2KECTOBOE VIIPABJIEHUE MOJIETOM MAJioro BITJTA 23

B pabore [5] nupejicrasiena TeXHUKa B3aUMOIEHCTBHsI, T03BOJIAIONIAS
C IIOMOIIBIO YKECTOB PYK YIPaBJATb (DYHKIUAMUA KaMepbl, TAKUMU KakK
[MaHOpaMUPOBaHUE, HAKJIOH U 3aTBOP. B OCHOBE IIpEeJIOXKEHHON TEXHUKH —
airoput™m Jlykaca-Kanase.

B uccnenosanuu (6] BbloJHEHA OIIEHKA BO3MOXKHOCTU HEHPOHHBIX CeTeil
IIOMOTaTh B PACHO3HABAHUHU YKECTOB PYK B apabCKOM 2KECTOBOM SI3BIKE,
[IPOBE/ICHbl SKCIEPUMEHTBI ¢ HEIDOHHBIMU CETAMHU IIPAMOI'O PACIPOCTPaHEHU
U PEKYyPPEHTHbIMU HeiipoHHbIMU ceTsamu. [Ipejiokennas cucrema ¢ moJi-
HOCTBIO PEKYDPPEHTHOH apXUTEKTYpOii geMoucTpupyer Tounoctb 95% npu
pacIO3HaBaHUM CTATHYECKUX KECTOB.

B pabore 7] npencraBien HHTEpAKTUBHBIN HHTEPMEHE MONTB30BATENS IS
pACIIO3HABAHUS YKECTOB PYK aMEPUKAHCKOTO XKECTOBOTO $I3BIKA C MCIIOJIH30BAHNU-
eM OyKBocovyeTaHuUil Ha najbiax. 2KecTbl KiaaccuUIUpyOTCcs ¢ ITOMOIIBIO
MeToja CIydJaitHbIx jieco (or anri. «random forest»). Kiaccudukarop xectos
WHTErpUpOBaH C aHIVIMIICKUM CJIOBAPEM IIjIs YCKOPEHUsI HAITMCAHUS TEKCTOB.

B uccnenoBanun (8| mpemcTaBieH IPOTOTUT MyJIBTUMOJAIBHON CHCTEMBI,
KOTOPBIif HHTErpupyeT MeTOAbl PACIIO3HaBaHU JINIA, 2KECTOB U Pedu JJIs
HOJIEPKKHU MYJIBTUMOIAJIBHON BO3MOXKHOCTU B3aMMOENCTBUS Y€JI0BEKA
C KOMITBIOTEPOM. PaspaboraHa MHOTOYpPOBHEBasl CUCTEMA C HECKOJIbKUMU
KaMepaMu [t HaOJIIOIEHUsI 3a JIMIOM II0JIb30BaTe s, XKeCTaMU Tejla U
MIPOCTPAHCTBEHHBIM PACIIOJIOXKEHUEM B KOMHATE. VICIIob3ys pedeBoiil BBOJI,
cucreMa 0OoJiee TOYHO BOCIPUHUMAET HAMEPEHUS [TOIH30BATEIS.

B paGore [9] ormcan MexaHU3M yIpaBJIeHNs KBAPOKOITEPOM € HOMOIILIO
JKECTOB U I103. DTOT MEXaHW3M JIEJIAeT IeJIOBEKO-MAIINHHOE B3anMO/IeiicTBIe
60Jiee UHTYUTUBHBIM, YJIOOHBIM U OT3BIBUMBBIM HA MIOTPEOHOCTHU MOJIH30BATESI.

YrpaBiieHne KeCTOBBIME KOMAHIAMU MOYKET OCYIIECTBISTHCS C UCHOIb30-
BaHHEM PAa3JIMYHBIX CEHCOPHBIX ycTpoiicTB. Hampumep, st KBaIpoKonTepa
Parrot AR.Drone 2.0"* or xomnanun Parrot B8 padore [10] Gbliia mpeiiozKeHa
GeCKOHTAKTHAsI CUCTEMa YIPABJIEHUS C UCIOJIH30BAHUEM TPEXMEPHOI'O CEHCOPa
Kinect. Omnako, yHUBEPCAJIBHBIM U PACIPOCTPAHEHHBIM BHJIOM COBPEMEHHO-
ro ycrpoiicTBa BBOJa NH(MOPMAIIUN SIBJISETCS, HECOMHEHHO, BHUIEOKAMeEPa.
[TepcrieKTUBHBIM MTATOM MOXKHO CIUTATH ITOCTPOEHNE KOMOMHUPOBAHHBIX
nHTEepP@ECcoB, OTINIAONINXCA OObINell Ha e KHOCThHI0. Hampumep, Takoit
unTepdelic mpencrasied B padore [11], rie st paclio3HABAHUST YKECTOB
oneparopa BILJIA ucnosb3yercst HelipocereBasi apxuTeKTypa Yolo 5, a st
00pabOTKM 1 PACIO3HABAHUST PEUN — PA3IMIHbIE MHOIOCIONHBIE HCKYCCTBEHHDIE
Heitponusie cern (MTHC).

Borgesnm HECKOJIBKO MHCTPYMEHTAIbHBIX CPEJICTB PACIO3HABAHUS 00Pa30B.
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Meron uaBapuanTHbIX MOMEHTOB [12]. 31ech pacro3HaBaHue HO3UIUN 1
OPUEHTAITNHN PYKH B OHHAPHOM M300ParKEHUU OCYIIECTBIISIETCS TOCPEICTBOM
BBIYHCIEHUS MOMEHTOB M300PaKeHUsI, IPU YCJAOBUH, ITO (DOH M300paKEHUST
OJTHOPOJIEH U PyKa SIBJISETCS JJOMUHUPYIOIMUM O0bEKTOM B M300parKeHUMN.
Meton peanuzyercs mys 2D-u 3D-peXuMOB U 1M03BOJISIET YIPOCTUTH IIPOIIECC
CpaBHEHUs JKeCTa ¢ dTajjoHaMu. MeToIbl TIO3BOJISIOT KOPPEKTHO, B IPeIesiax
TOYHOCTHU TPEJICTABICHUsT N300paYKeHU, CPABHUBATH JBa N300PaYKEHUSI.
WuBapuaHTHBINA TOIXO0M K PACIO3HABAHUIO JIOMYCKAET TOUYHYIO MATEMATHIECKYIO
ITOCTAHOBKY 3aJ1a49M, TO3BOJISIIONIYIO 33]aBaTh KJIACChl 00BEeKTOB. MeTo ObLT
OPAaKTUYECKU [IPUMEHEH B JUCCEPTAIMOHHON pabore [3].

Merog DTW™ (anri. Dynamic Time Warping, ajropurm JMHAMAYECKOIT
rTpancdopManyuyu BpeMeHHOM miKadbl ). Waenrudukanus Gopmbl ocyriecTs-
JISIETCS IIyTEM CPaBHEHUs <«CKeJleTa» PYKU C drajioHaMu. 1loa ckeserom
3/1€Ch IIOHUMAETCH HADOP OIMOPHBIX TOYEK JIAJ0HU, UACHTUMDUIHPYIOIUX
IIOJIOXKEHNUE JIAJIOHN U HAJIbIEB. JIJIst OIeHKH CTEeHN CXOKECTU IIPEIBAPUTEIHHO
IIPOU3BOIUTCS PA3BEPTKA CKEJIETOB, IJI€ 10 OCHA aOCIIMCC OTKJIAIBIBAIOTCS
HOMEDPA TOYEK B CTPOTOM COOTBETCTBHE C HOMEDPAME WX 00X0/a B CKeJeTe, a
110 OCH OPJNHAT KoOpAmHATHI To4ueK. [locie pazBepTky paccrosHme Mex Iy
00bEeKTaMU OIEHUBAETCS 38 MOJUHOMHUAJIBHOE BPEMsi C MTOMOIIBIO aJrOPUTMa
JUHAMAYIECKON TpaHcOPMAINHN MKAJIBI BPEMEHH.

Useectro, uro pekypperrrnast UHC ¢ apxurextypoit LSTM (Long Short-
Term Memory) [13] nokasbiBaeT XOpoIe pe3yJbTaThl IIPU PACIO3HABAHUN
JKEeCTOB, IIPUMED ee HMCIIOJb30BaHUsI IPUBEJIEH B Uccienosaraun [14], rae
HOJIyYeHHOe 3HAYeHNe IoKa3aTels «TOYHOCTh» («accuracy») e menee 0.90, a
B cpeanem 0.93. B pabore [15] G110 npoBenero o6y uenue Hefiponnoit cetn Mask-
RCNN 151 paciiosHaBaHUs XKECTOB PYK, IPOAHAJU3UPOBAHbI CyIIECTBYIOIINE
CIOCOOBI PACIIO3HABAHUS YKECTOB, HCCJIEIOBAHBI IPEUMYIIIECTBA U HETOCTATKI
paccMoTpeHHBIX MeTonoB. [Ipeioxkena cobcTBeHHAsT APXUTEKTYPA CBEPTOIHOI
HEPOHHON ceTH [JIsl penteHus 3a1a9u Kiaccudukaun xkectoB. [Iposenena
OIIEHKA TOYHOCTH PAOOTHI CETH B 3aBUCHMOCTH OT PACCTOSHUS MEXKy KaMmepoil
7 PYKOii, a TaK)Ke B 3aBUCHUMOCTH OT CJIO2KHOCTHU KECTa.

IIpennaraemprii B HacTosmei pabore uarepdeiic ynpasienus BITJIA
00€eCIIeNBAET MTOBBIMIEHHYIO HAJIE2KHOCTb M THOKOCTD 3a CUET MCIOIH30BAHUS
CTAHJAPTHOT'O KHOIIOYHOI'O YIIPABJIEHUsI B KOMOMHAIIMU C TOJIOCOBBIMU K
2KEeCTOBBIMU KOMaHtaMu. [Ipu ynpaBiieHHH €O CTAIMOHAPHOIO Pabovero
MecTa yIPaBJIeHNE OKA3bIBACTCA MaKCUMAaJIbHO dddexTuBHbIM. O1HAKO,
OeCIMJIOTHUKY MOI'YT PabOTaTh U B PEXKUME Iepeladn YIIPaBJIeHUs JIFOIIM,
HaXOAIIUMCA B MeCTaX, I'/le UMEIOTCA I102KapPhbl, 3a/JIbIMJICHN, BBICOKUI
ypoBeHb Iyma. VIMEHHO B 9THUX YCJIOBHAX BasKHO IIOJIyYaTh HAJIEXKHO KOMAHIBI
YIPAaBJIEHH, 110 STOH NPUYUHE U BBOJUTCS MYJIBTUMOJAJIBHOCTD YIIPABJIEHUS,


https://www.theaidream.com/post/dynamic-time-warping-dtw-algorithm-in-time-series
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[MO3BOJISIFOIIAs ITPOIyOJIMPOBaTh KOMaH/IbI, IIpH 3ToM ¢ nomolnsio THC
OIpeIesIsieTCsl CTEEeHb YBEPEHHOCTHU U BBIOMPpAaeTCss HanboJiee BEpOITHAS
KOMAaH/IA.

Yupasnenne BILJTA ¢ moMoIIbo »KECTOB BKJIIOYAET HECKOIHKO KJIIOYEBBIX
3JIEMEHTOB:

(1) BueOKaMepa, CIIocobHAsT PETUCTPUPOBATD YKECTHI MTOJIH30BATEII;

(2) anrOpUTMBI PACIO3HABAHUS, CIIOCOOHBIE KIaCCH(PUITIPOBATH U TPeodPa3o-
BaTh YKECT B KOMaHJLY;

(3) KOMaH/BI yIPAaBJIEHUs], OCYIIECTBISIONINE Ipeodpa3oBanme Habopa
»kecToB B KomMaH bl BITJIA;

(4) UHTENIEKTYAJIbHBIN nHTEPdEC — IPOrPAMMHO-TEXHIIECKOE CPEICTBO,
4depe3 KOTOPOe I10JIb30BaTe/Ib B3aUMOIEHCTBYET € allllapaTOM.

Ouexka 3chhekTMBHOCTU ynpaBneHus KBagpoOKONTEPOM Ha OCHOBE
CUCTEMbI >XECTOBbIX KOMaHS,

B nacrosiiem nccenoBaHNE UCXOIHBIM MATEPHUAJIOM CIIYKIIN Oa30Bble
KOMaH/Ibl yIIpaBJjieHus. PacCcMaTpuBaJIMCh JBUYKEHUsI 110 BCEM HAIPABJIEHUSIM
[IPOCTPAHCTBA, BKJIIOYAS [IEPEMEINEHNE, TIOBOPOT BOKPYT BEPTUKAJILHON OCH,
B3JIeT U HOCaKYy. Jlyisi S9KCIEPUMEHTOB € yIIPABJICHAEM YKECTAMHU MCIIOJIB30BAJICS
kBagpokonrep Mogaeaun D.JI Phantom 3 Standard Edition”™. Janubiii ammapar
OCHAINEH MHOTO(YHKINOHAIHHOM JBYXIIOBOPOTHOI Bugeokamepoit. Oomuit Bu
KBa/IPOKOIITEPA U €r0 OCHOBHBIE XaPaKTEPUCTUKU MIPECTABJICHbI B Ta0uie 1.

Tasmua 1. O6muit Buj U OCHOBHBIE XaPAKTEPUCTUKU 331eHCTBO-
BanHoro BILJTA

KBagpokonrep DJI Phantom 3

OcHo € XapakTepuc
Standard Edition TIOBHDIC XapaKTepueTIK

(@) crabuau3upoBaHHBIN
3-0CceBoii IOJIBEC C KaMepOit;
(6) BcTpOeHHas Kamepa:
2.7K Bumeo u 12MP doro;
(8) pammokaman WiFi 2.4G;
(2) mampHOCTH CcBA3W 1 KM;
(0) uHTeJUIEKTyAIbHBII
akkymysstrop 15.2 V, 480 mAh.

[Ipennaraemast cucrema komas i yiupasienuss BILJIA npusejena B Tabim-
e 2.


https://digbox.ru/manuals/Phantom_3_Standard_User_Manual_v1.0_ru.pdf

26 H.C. AsrpamoB, B.B. CarraroBa, B.Il. ®ranenko, M. B. XauymMoB

Tapauua 2. Cucrema koman st yupasiaenaus BITJTA

Onucanue
Komannga Haznauenune crocoba ynpasienus Bua >xecra
Bzner
B 2KecroBasi komaH1a «naney,
3JIeT Ha BBICOTY 2.3 seens
MeTpa. DT>
CHuzkenue n
IOCaIKa 2KecroBasi KOMaHIa «naae
IIpuzemiienue - 7 Y
B TEKYIINX BHU3».
KOOPIMHATAX.
Ilepemernienne namonu
11 A1
I 110 TPEM OCsIM B IIIECTH
CpeMeIIieHne Hanpasjenusx: G1— uepes,
Ilepemerenne | 1o Tpem ocsim G2 nasan
IIPOCTPAHCTBA. ’
pocrp G3—Baeso, G4— Brpaso,
G5—Buu3, G6— BBepx.
E:gi?COT 30 M 7KecroBass KOMaHIa «pYyKU,
- BosBpat}r/ | caoorcennvie 6 gopme
., . KPOUUL>, KOMAHIIa MOXKET
Homoit 11O HpsiMOn B£IHO.HH$;TBCH :
B KOOPJINHATBI
HAYAILHOMN aBTOMAaTUYECKH B CIIydae
TouKn, mocaka. | TOTEPH CBASH C BILJIA.
Haxkson nagonun o aym
nanpasiaenusam: G7—
IIoBopoT b G8 G7
I [MOBOPOT BOKPYT OCH IIPOTHUB S5
OBOPOT BOKDYT OCH " Qs
pHICKAHUS YaCcOBOU CTPEJIKH,
’ HOBOPOT BOKPYI' OCU
10 YAaCOBOM CTpEJIKE.
IIpexparmenue
OcranoBka JBUKEHU ST 2KecroBast Komania
(3aBucanue «NOOHAMBIT KYAQKS .
B BO3/yXe).
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Wucrpykiuu qist BILTA, cdhopmupoBanHuble HA3eMHON CTaHIMEH OCIe
00pabOTKHU KECTOBBIX KOMAHJ OIIEPATOPA, IOCTYIIAIOT B CIEIUAJIA3UPOBAHHYIO
nmporpamMmy Ha cmaprdoHe, paspaborannyio Ha 6asze DJI SDK, koropas
[IOCBhLIAET KOMAH/IBI Yepe3 IMyJIbT U JaJiee PATUOKAHAJ.

Jlyist orleHKM BO3MOXKHOCTe akTyabHOI Bepcun 8.1.47 mporpaMMHOrO
naxera Ultralytics™ 1o JOKaJIM3aIliy IEeJIEBLIX 00bLEKTOB (>xecToB ISt
yupasiyienust BIIJIA) npoBesien psii 9KCIIEPUMEHTOB € HOIEPKUBAEMBIMU STUM
nakerom kouduryparnusmu THC: Yolo 5, Yolo 8, Yolo 8 Ghost, Yolo 8 Rtdetr,
Yolo 9 u opurnzasnbHoit apxurerTypoit Rtdetr or Baidu [16]. Bo Beex ciyuvasx,
KPOMeE IOCJIETHErO U MIPEIIOC/IEHEr0, UCIOIb30BAJIICEH M-MOIUMpUKAITAN
MHC, mist Yolo 9— c-moaudpukanysi, a B [OCJIEIHEM CIy4dae — [-MOau(pUKaIysi.
Pabora MTHC nposepsiiach Ha COOCTBEHHOM JaTaceTe ¢ KOMAHIAMM JJIst
yrnpasyerust BITJTA, comepzkariem KecToBble KOMAHIBI «B3JIET», <[IPU3EMIICHUE,
«OCTaHOBKa» U <«JIOMOII», IIPUMEHsIEMbIE [IPU MYJIbTUMO/IAJIBHOM YIIPABICHUN
BIIJIA [11]; ucnonp3oBanach pasMeTKa ¢ MOMOIIBI0 OPHEHTHPOBAHHBIX ™ 1
HEOPHUEHTHPOBAHHBIX ™ TPIMOYTOJIBHBIX 0b/1acTeil; Bcero 247 obydaronmx
n306parkeHnit m 122 TecToBBIX. TecTUpOBaHME BBITIOJTHAIOCH B PEKIME

€ HOJIOBUHHO} ToYHOCTBIO (mapamerp half =True).

[TosbImenne mapaMerpa imgsz (BIUsieT Ha MACIITAOUPOBAHUE [OCTYTAOIIIX
nzobparkenuit) ¢ ucxomubix 640 nukceseil, 3aJ02KEHHBIX 110 YMOIIAHUIO
B IpPOrpaMMHubIil Kox 6ubanorekn, 10 1120 m03BO/IsAET yBEPEHHO PACIIO3HABATH
2KECTBI, TIOKa3bIBaeMbIe OIEPATOPOM Ha yJIajieHnu. B mporecce Bammanum
Pe3yabTaTOB ¢ OPOroBeIM 3HaueHueM conf (yposenb ysepennoctu MTHC)
OTCENBAIOTCHA T€ 30HBI, IOTEHIINAJBHO COJEPKAIIE YKECT, JJIsi KOTOPBIX
conf > 0.01. Cpeau ocraBmImXCsl BBIOMPAIOTCS Te, Y KOTOPBHIX 3HAYCHUE
tou > 0.7 (ypoBeHb IiepecedeHrst ¢ OPUIMHAJIBHBIM YKECTOM B 30HE). SHAUCHUsI
mapaMeTrpoB Mo I00PAaHBI YKCIIEPUMEHTAIHHO.

st uccienoBanusi KadecTBa pacrosHasanus Ha Bxon MHC nomasasmch
n300paxkenus, n3meHenuble 10 pazmepa 1120x640 mukceseit. [Tpu recTuposanun
HCIIOJIB30BAJIOCH CJIEYIOIIEE AIIapaTHOE 0DECIIeYeHne: MPOIeccop 0bIIero
nasnauenust Intel Core i7-6850k (6 siep / 12 morokos, 4 I'T'n), oneparusHast
namath 32 I'B, Bumeokapra Nvidia GeForce RTX 3060.

Pesynbrarsl perienus 33191 BbIIEJICHUS YIPABJIAIONINX KECTOB (s
HEOPUEHTUPOBAHHBIX MIPIMOYTOJILHUKOB) TIpeICTaBienbl B Tabmie 3. OCHOBHbIE
nokazareun KadectBa— mAP50-95 u 3nauenune F1-mepsr, mocTuraemoii mpu
YKa3aHHOM B TabJINIlEe TIOPOTe YBEPEHHOCTH.


https://github.com/ultralytics/ultralytics
https://github.com/ultralytics/ultralytics/blob/main/docs/en/tasks/obb.md
https://github.com/ultralytics/ultralytics/blob/main/docs/en/tasks/detect.md
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TabuuA 3. Pesynbrarsr paborst UHC mist okanmmsanum yrnpas-
JISTIONIAX 2KECTOB (/1711 HEOPUEHTHPOBAHHBIX IIPSMOYTOJILHUKOB)

Bung, ITopor
UHC Komanna Tounocts | ITonxnora | mAP50-95 F1 yBepeH-
HOCTHA
B3JI€T 1.000 0.965 0.871
NIpU3eMJIeHIE 0.999 1.000 0.869
Yolo 5 OCTaHOBKA 0.997 1.000 0.841
JTOMO 0.997 1.000 0.802
BCE 0.998 0.991 0.846 0.99 0.723
B3JIET 1.000 0.924 0.749
pu3eMJIeHne 1.000 0.850 0.659
Yolo 8 OCTAaHOBKA 1.000 0.997 0.694
JOMOI 0.928 1.000 0.591
BCE 0.982 0.943 0.673 0.96 0.583
B3JI€T 1.000 0.999 0.868
NIpU3eMJIeHIE 0.971 1.000 0.853
Yolo 9 OCTaHOBKA 1.000 1.000 0.851
JOMOI 1.000 1.000 0.854
BCE 0.993 1.000 0.856 1.00 0.242
B3JIE€T 1.000 1.000 0.812
IIpu3eMJIeHue 0.996 1.000 0.861
Wlo8 1 ocranopka 1.000 1.000 0.829
JOMOI 0.997 1.000 0.825
BCE 0.998 1.000 0.831 1.00 0.795
B3JI€T 0.998 1.000 0.857
IpU3eMJICHIE 0.986 1.000 0.794
Yolo 81 ocranonka 0.998 1.000 0.758
JIOMOI 0.997 1.000 0.864
BCE 0.995 1.000 0.818 1.00 0.861
B3JIET 0.971 1.000 0.805
IIpu3eMJIeHue 0.882 1.000 0.736
Rtdetr
(Baidu)| OcramoBka 0.995 1.000 0.634
JIOMOI 0.954 1.000 0.756
BCE 0.950 1.000 0.733 0.97 0.616

B ciryuae ucnosb30BaHus HEOPUEHTHUPOBAHHBIX IIPSIMOYTOJIBHIKOB apXU-
TekTypbl Yolo 8 Ghost, Yolo 8 Rtdetr u Yolo 9 obectieunsn 6e30muboIHOE
BBIJICJIEHIE BCEX >KECTOBBIX KOMAaHI 6€3 JIOXKHBIX cpabaThIBaHMil, OTHAKO,
MaKCUMAaJIbHYI0 TOYHOCTH JIOKAJIM3AIUN 0DecrieanBaeT HoBas Yolo 9, ona ke
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umeer camoe Boicokoe 3uHadenue mAP50-95 = 0.856. /leranbuoe ucciemoBanme
JaHHBIX, TorydaeMbix or THC, mokazaJio, 9To mHOrIa B Kape HaXOIUTCsI
HECKOJIbKO 00beKTOB (He Gosiee IBYX, KK IIOKA3aJIU IKCIIEPUMEHTHI ), OJHAKO 34
CYeT MOPOra YBEPEHHOCTH MOYKHO JIOOUTHCS MTOJIHOTO UCKJIIOUEHUS JIOKHOTO
obHapyxenusi. B manaom ciydae Yolo 9 obpabarsiBaeT Kajap BUIEOIOTOKA 34
19.5 mc.

PesynbrarTnl perieHus 33191 BbIIEJICHUS YIPABJIAIONINX KECTOB (115
OPHMEHTHPOBAHHBIX TIPSIMOYTOJILHUKOB) HpeJcTaBiensl B Tabune 4. Bapuanr
Yolo 8 Rtdetr uckiiouen u3 paccmorpenus: BBuay Toro, uro cioii RTDETR-
Decoder B a10it apxurekType Hesb3s 3amenuth Ha OBB-cioii.

TapuuA 4. Pesynbrars paborst UHC pis jokanusanuu ynpas-
JISTIOTIAX YKECTOB (JI71s1 OPUEHTUPOBAHHBIX TIPAMOYTOJHLHUKOB)

Bun ITopor
UHC Komanga Tounocte | Ilomuora | mAP50-95 F1 yBepeH-

HOCTU
B3JI€T 1.000 1.000 0.914
pu3eMJIeHuE 1.000 1.000 0.978
Yolo 5 OCTaHOBKa, 0.996 1.000 0.965
JTIOMOTA 0.996 1.000 0.935

BCE 0.988 1.000 0.948 1.00 0.785
B3JIET 0.994 1.000 0.937
pu3eMJIeHnE 1.000 1.000 0.977
Yolo 8 OCTaHOBKa 0.998 1.000 0.951
OMOI 1.000 1.000 0.961

BCE 0.998 1.000 0.956 1.00 0.793
B3JIET 1.000 1.000 0.918
IIpU3eMJIEHHE 1.000 1.000 0.977
Yolo 9 OCTaHOBKA 1.000 1.000 0.960
OMOI 0.993 1.000 0.913

BCE 0.998 1.000 0.942 1.00 0.747
B3JIET 0.988 1.000 0.924
TIpU3eMJIeHNEe 1.000 1.000 0.961
20}110 8 OCTaHOBKAa 0.998 1.000 0.936

ost

JIOMOit 0.996 1.000 0.926

BCE 0.996 1.000 0.937 1.00 0.796
B3JIET 0.991 1.000 0.928
Redetr Ipu3eMJIeHUE 0.999 1.000 0.971
(Baidu) OCTaHOBKa 0.998 1.000 0.964
JOMOit 1.000 1.000 0.949

BCE 0.997 1.000 0.953 1.00 0.745

Bce Bapuantsr apxurekTyp obecrieamiu 100%-bie ooty u F1l-mepy.
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Oanaxko, Yolo 8 obecniednia caMmoe BBICOKOE 3HaveHue rnokasaresas mAP50-95
= 0.956 (cpemmee jjist BCeX KeCTOB) B coderanun ¢ To9HOCTHIO 0.998. Ecu
cpasauBaTh 31y UHC ¢ Jsydriei i1 HeOpHEHTHPOBAHHBIX TPSIMOYTOJILHUKOB,
repexoj K OpueHTupoBaHHbIM obectieunsi poct mAPS50-95 na pejmuuny 0.1,
9TO BeChbMa, CyIIecTBeHHO. Yolo 8 obpabaThiBaer Kajp BUIEOMOTOKA 3a 12.8 Mc.
Yolo 8 Ghost permaer Ty ke 3aj7a4y 3a 9.6 MC, TO €CTb TO3BOJISIET CHU3UTH
BpeMeHHbIe 3aTpaThl Ha 25%. YuuTbiBasd, 9To B JaHHOI 3aja4e obe ceTu
obecnieunsator Fl-mepy 100%, npuopurer ciemyer ormarh Yolo 8 Ghost.
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Jastee mpuBeieM KpaTkuil crienapuit paborsr oneparopa ¢ BITJTA:

[IOJITOTOBUTH IMTOJIETHBINA TJIAH: 33/I1aTh KOOPIUHATHI JIOCTYITHBIX JIJIsI
nosileTa ToueK (ImpoTa, JOJIr0Ta, BBICOTA);

AKTUBUPOBATDH cocTapJstonme cucremy: BILIA, uynbr (g ceaszu BITITA
¢ Ha3eMHO}1 craHiueil), MOGUIbHOE IPUIIOYKEHNE (KJIMEHT) U [VIABHYIO
nporpaMmy (cepBep); JUlsl YIPaBJIEHHsI JKeCTaMU K CepBepy JIONKHA ObITh
[TO/IKJTIOYEHA BUEOKAMEDA;

B MOOMJIbHOM IIPUJIOYKEHUU BBIOPATH HACTPOWKMU: YCTAHOBUTDH HOPT JIJIsk
CBSI3U C CEPBEPOM ¥ KOODJMHATHI «IOMAITHEN TOUKU», JIarn nepesadn
TeJIeMeTPUIEeCKON MHPOPMAIINH, BUIEOIIOTOKA ¢ ODOPTOBOIT KamMephl
BILJIA u ucnonb3oBaHus pexkuMa CUMYJISTOPa KOMIAHUH-Pa3paboTInKa,
KBa/[POKOIITEPA; ITOCJIE ITOTO YCTAHOBUTCS CBA3b MEXKJLY CEPBEPOM U
BIIJIA, u riaBHasi nmporpamma OyeT roroBa IPUHUMATH KOMAaH b
oreparopa;

3aUKCHPOBATH MOJIOXKEHNE OIIEPATOPa B KaJIpe BUIEOKAMEDDI CEPBEpa
TaKUM 0Opa30M, YTOOBI B Ka P MO PYKU OIEPATOPA;

JUTs YIIPABJICHUS YKECTaMU OIePAaTOP MOKA3bIBAET B BUICOKAMEDPY OIUH
U3 HUX:! «B3JIET», «IIPU3EMJICHUE», <<JIOI\/IOI>JI>>, «OCTaHOBKa» ; IIPU 9TOM
CJIeJTyeT TIOKA3BIBATH YKECT HECKOJIBKO CEKYH/I: 9TO CIIEJTAHO JJIsi TOTO,
9TOOBI UCKJIIOYUTD JIO2KHBIE CPAOATHIBAHUS CUCTEMBI PACIIO3HABAHUS;
ITOCPEJICTBOM HAXKATHUsI JIEBOIl KHOIIKW MBI 110 KHOIIKAM UHTepdeii-
ca TJIAaBHOW MPOrpaMMbl OIIEpaTop MOYXKeT OTJIaTh KoMmanabl BITJTA
B COOTBETCTBUU C TaOUIEH 2;

IIOCPEACTBOM 3aKATHs JIEBOW KHOIIKU MBIIITU HA TPEXMEPHOU KapTe
MECTHOCTH TIOJIETa B IEHTPAJBLHON YacTu mHTEepdeiica, B KOTOPOit
orobpaxkeno tekyiee nojoxkenune BILJIA, ocymecrsisiercst cMereHne
«kaMepbI-Hab IomaTe s> 3D-creHbl; 3a2KkaTne KoJIeca MBIIIN TTO3BOJIAET
IIOBOpavYuBaTh CIEHY, a 3azKaTue IIpaBOﬁ KHOIIKM MBIIIN — IIO3BOJISAET
VIPABJISITh «3YMOM» ;

IIOCJIE BBIIIOJIHEHUST [TOJIETHOTO 33 [aHUsI OLIEPATOPY CJIEAYeT ATh KOMAHILY
«IIPUBEMJIEHUEY WJIA «JIOMOI» JTFOOBIM OIMCAHHBIM BBIIIIE CIIOCODOM;
rmocJyie 3aBepiienns 1mojera BoIKIiounTb BITJIA,| mynsr, MobuibHOE
[IPUJIOZKEHUE U OCTAHOBUTH PAOOTY CepBeEpa.
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3akntoyeHue

PaccmoTpen u mporiest mepBUIHY0 AlpoObAIMIO TTOIX0 K YIIPABJIEHUIO
masibiM BIIJIA Tuma kBagpoKonTep Ha OCHOBE YKECTOBBIX KOMaHI. Basosbie
KOMAH/IbI YIIPABJIEHUSI JIBUKEHIEM JIETATEJILHOTO AlapaTa BKIIOYAIOT TIe-
peMeIeHnst B TPOCTPAHCTBE, IIOBOPOTHI BOKPYT BEPTUKAJILHON OCH, B3JIET
U TOCAJIKY. DKCIEPUMEHTHI TOKA3aIN JTOCTATOUHYIO JIJIsT IPAKTUIECKOTO
UCIIOJIb30BAHUA TOYHOCTH PACIO3HABAHUS Psijia KECTOBBIX KOMAHJI C IIPUMEHe-
HUEM CBEPTOYHBIX MCKYCCTBEHHBIX HEHPOHHBIX CETE, COOTBETCTBYIOILYIO
3apybekHbIM aHajoram [4-9,15], 3a1a4a MOJHOCTHIO PEIleHa ¢ [IOMOIIBIO
apxutekTyp Yolo 8 Ghost u Yolo 9 jijist pexkuMoOB ¢ OpUEHTUPOBAHHBIMY U
HEOPUEHTUPOBAHHBIMU IIPSIMOYTOJILHUKAMHE JIJI BBIJEJIEHUS 30H C YKECTAMU.

JasbHEAM pacinpeHneM IOAX0/a MOXKET CJIYyXKUATH YIIPaBJICHUE
»kectamu HeckKoybKuMU BITJTA. BoiosiHeHne CI0KHBIX TPYTIIIOBBIX 33/ IaHUN
BBI3BIBAET HEOOXOMMOCTD DEIIeHUs 3a/1a4, CBI3AHHBIX C OE30IACHBIM COB-
MECTHBIM II0JIETOM ¥ B3aUMOJEHCTBHEM aBTOHOMHBIX JIETAIONINX POOOTOB
B mporiecce (pyHKIMOHUPOBAHUS HA OJHUX U TeX Ke ydacTkax. Hampumep,
KOIJIa B YCJIOBUAX ToKapa repe Heckosbkumu BITJIA B mporecce Boimosnenus
crracaTesibHbIX paboT BO3ZHUKAET HEOOXOJIMMOCTh B COBMECTHOM ITO/IHATUN
B BOBJLYX TS2KEJIOr0 00bEKTA [Tl CMEHBI €r0 MECTOIIOJIOXKEHUs. B aToM cirydae
kax bt BITJTA nosmker O6bITh CIIOCOGHBIM K KOJIJIEKTHBHOMY B3aUMOJIEHCTBHIIO
3JIEMEHTOB I'DYIIIbI KAK MHTE/JIEKTYAJIbHBIX areHToB. 1lomobubIe citoxKHbIE
3a/1a91 UHTEJJIEKTYAJIBHOIO B3amMoeiicTBust aBTOHOMHBIX BILJTA Tpebyror
PACIHIMPEHUsT CUCTEMbI KOMAH/T JIJIsT IPUIAHUS CIEIUPUKN KaXKJIOMY JIeTaTe b=
Homy ammapatry. Kpome Toro, Tpebyercst Hanenenune narepdeiica u BILJTA
HEKOTOPBIMU HHTEJJIEKTYAJbHBIMY (DYHKIIASAMHA.
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Abstract. The problem of constructing gesture commands for controlling a small
unmanned aerial vehicle, such as a quadcopter, is considered. Commands coming from
a video camera are identified by a classifier based on a convolutional neural network, and the
multimodal control interface equipped with an intelligent solver converts them into control
commands for the quadcopter. Neural networks from the Ultralytics neural network library
allow selecting targets in a frame in real-time. The commands are sent to a specialized
program on a smartphone, developed on the basis of DJI SDK flight simulators, which then
sends commands via the remote control channel.

The quality of recognition of developed gesture commands for DJI Phantom 3 standard
edition quadcopters is investigated, and a brief guide in the form of operator work scenarios
with unmanned vehicles is provided. The prospects of gesture control of several vehicles
in extreme conditions have been revealed, considering the complex safety challenges of joint
flight and interaction of aircraft in confined space. (In Russian).
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tional neural network, Ultralytics, intelligent interface, recognition
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Cucrematuyeckuii 0030p METOJOB COCTABJIEHUsI TECTOBBIX
WHBAPUAHTOB

Codbst Pesiopora AxyrreBa™, Auron Cepreesny X pUTAHKOB?

1.2 Mockosckuii chusnko-TexHuyecknii nnctutyT, Mockea, Poccus
2Bbiclias Wwkona skoHoMmuku, Mockea, Poccus

AnHoTaumsi. Tecrmposanme masapuantamu (metamorphic testing) — omun
n3 Hanbosiee 3(pHEKTUBHBIX METOAOB TECTUPOBAHUS IIPOIPAMM, IS KOTOPBIX
CJIOXKHO IIOAOMPATH TECTOBBIE IIPUMEPHI U (DOPMYJINPOBATE TECTOBBIE OpaKy/Ibl. IIpu
TECTUPOBAHUY WHBAPUAHTAMY BMECTO IIPOBEPKU MIPABUJILHOCTHU BBIBOJIA IIPOTPAMMBI
Ha OTEJbHBIX HabOpax BXOIAHBIX JAHHBIX IIPOBEPSIETCsI BBHIIIOJHEHUE TECTOBOIO
naBapuanTa (metamorphic relation) — byHKIME OT HECKOTBKIX HAGOPOB MCXOIHBIX
JAHHBIX ¥ COOTBETCTBYIOIIUX UM OTBETOB IporpaMmbl. CocTaBjieHre TeCTOBBIX
WHBApPUAHTOB TPeOyeT MOHMMAaHUs PEIIaeMOil IPOrpaMMOi 3a[a4i U TBOPYIECKOTO
IOZIXOA.

[Ipemyiaraemblit cucTeMaTUYIecKuii 0630p IOCBSAIIEH BBISIBJICHUIO IIAPOKOIPUMEHHU-
MBIX METOVK ITOJIyY€HUs] NHBAPUAHTOB U IIOBTOPSIIONINXCS TPUEMOB COCTABJICHUS
WHBAPUAHTOB B PA3HBIX HAYYHBIX 0OacTax. Ha oCHOBe MpOBEIEHHOTO aHAIN3A
NpeJyIoXKeHa KJIacCuUKaIys NHBAPUAHTOB Ha IIECTh OCHOBHBIX THUIIOB, BBISBJIEHBI
TUIIOBBIE IIPe0OPA30BAHUS MCXOIHBIX JAHHBIX, UCIIOJIb3yEeMbIe IIPU COCTABJIEHUN
MHBapUAHTOB B HECKOJIBKUX ObOJsacTsix 3HaHuil. Pesysibrarer 0630pa OyayT MOIE3HbI
HCCIeI0BaTe/IsIM B IIPUMEHEHEHUN TeCTUPOBAHNS WHBAPDUAHTAMU HA IIPAKTHUKE
K BepudUKaIUU HAYKOEMKHX IIPOTPAMM M aJlOPUTMOB MAIIMHHOIO OOYYeHUsI.
(Ceasanmvie mexcmor Cmamovu Ha PYCCKOM U HA GHZAUTCKOM A3BIKAT )

KntoyeBble cnosa u pasbl: TECTUPOBAHNE WHBAPDUAHTAME, TECTOBBI WHBADUAHT,
TECTHPOBaHIE TPOTPAMMHOr0O obecrevueHust, mpodbaemMa (hOPMYIHPOBAHIS TECTOBOTO
OpaKya

Onsi yutuposanusa: Adxymesa C.D., Xpurankos A.C. Cucmemamuveckull
0630p MeMOD08 COCNABAEHUA MECTNOBHT UHEAPUAHMO6 // TIporpaMMHbBIE CHCTEMBIL:
Teopusi u npuiaoxenusi. 2024. T. 15. Ne2(61). C. 37-86. (Pycc.+anea.).
https://psta.psiras.ru/read/psta2024_2_37-86.pdf
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Konrpoiss kagecrsa nporpammvuoro obecredenus (I10) sBisercsa BaskHOI
qacThiO TIporiecca paspaborku. Ha srane korTposist mposepsiercsi, aro [10O
COOTBETCTBYET BCEM IPEIbSIBJICHHBIM K HEHl TPeOOBaHUSIM, & 3HAYHUT, Oy/IeT
BecTH cebsl OKUIAEMBIM U 3apaHee U3BeCTHBIM 00pa3oM. OTKJIOHEHUsI TIOBejIe-
HUS ITPOTPAMMHOTO O0OECIIeYeHUsI OT 3asBJIEHHBIX TPEOOBAHUIT PETryJITPHO
CTAHOBSITCS IPUYNHAME ABHAIIMOHHBIX IIPOUCIIECTBU, aBapUil C yIacTHeM
CaMOYIIPaBJISIEMbIX aBTOMOOMJIEN, Hey1ad KOCMUYECKUX MUCCHUIl, HapyIIeHui
GesonacHocTn JaHHbIX [1]. HecoorBercTBre TpeGOBAHUSIM SABISETCS BECKIM
OCHOBaHUEM JJTsl TOpabOTKU pa3padaThIBAEMON CUCTEMbI MJIN BBIBEIEHUS
13 IKCILTyATAIIUH yKE MCIOJIb3yEeMOiA.

TecrupoBanue — OIUH U3 METONOB KOHTPOJIA KadeCcTBa IPOrPaMM B IIPO-
1iecce paspaborku. TecTupoBaHne MO3BOJISIET BBIABIISITH HEKOPPEKTHOE HJIN
omumbOYHOE HOBEEHIE IPOrPAMMBI, HAPYIIEHUs (DyHKIMOHAILHBIX U HeyHK-
OUOHAJIBHBIX TPeOOBAHUIl, He IIPeyCMOTPEHHBIE TOKyMEHTANNEH ClleHapuu
ucrnosp3oBanus. TecToBeiM opakyoM (test oracle) [2] massiBaercs dbynkmus,
KOTODasl OIIpesiesIAeT IPAaBHJIBHOCTh OTBeTa IporpamMmsl. IIpocreitmuit Tecro-
BBIil OPaKy/I CPAaBHUBAET OTBET IIPOIPDAMMBI C 3apaHee U3BECTHBIM ITAJIOHOM
(cm. pucynok 1). Bostee CI0KHBIM IPEMEPOM SIBJISIETCS IPOBEPKaA, IPABUIIH-
HOCTH HAilJIEHHOTO raMUJIBTOHOBA IIyTH B rpade: JOCTATOYHO IIPOBEPUTH
HaJIM4Yue B IIyTH BCEX BepIIMH rpada U Haju4uue pEdep MEXKIYy COCEIHUMUI
IapaMU BepIINH IIyTH, STAJI0H JJId TaKOU IpoBepKU He Tpebyercd. B mroxo
dopmMammu3yeMbIx CIydasix, ecan TpeboBaHus chOPMYIIPOBAHBI HETOUHO UJIN
TpebyeTCsl BBICOKUIT YPOBEHDb IKCIIEPTU3bI, TO B KAUECTBE TECTOBOI'O OPaKYyJIa
MOT'YT BBICTYIATh II0JIb30BATE/Ib, SKCIIEPT, IPyras IPOrPaMMA.

TecT X nporpaMma » oTBeT
Y

TECTOBbIN Opakys

PucyHoxk 1. Ilpumep nposepku IIpaBUIBHOCTU IIPOXOKIEHHS
TecTa. B posn opakysa BBICTYIIaeT CpaBHEHNE OTBETA C STAJIOHOM.

[Ipu TecTupoBaHNy HAyKOEMKHX, HEJETEPMUHUPOBAHHBIX, PACIIPEIEIEHHBIX
IIPOTPAMMHBIX KOMILJIEKCOB CYIIIECTBEHHBIM 3aTPYIHEHUEM SIBJISETCS TaK
Ha3bIBaeMasi IpodsieMa (pOpMYIUPOBAHUS TECTOBOTO opaky/a. [Ipodema
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dopmynupoBanus TecroBoro opakyJa (test oracle problem) [3] cocrour
B CJIOXKHOCTHU COCTABJIEHHsI TECTOBBIX OPAKYJIOB— B YaCTHOCTHU, ABTOMATHIECKUX.
Omna akTyaJbHa JUIst 33J1a9, TPEOYIOMIUX MOJHOTO mepebopa JJisi HaXOXKIeHUsI
TOYHOTO PEIeHNsI, HAIIPUMEDP, B OMONHMOPMATHKE M KOMOMHATOPUKE; 3,181
MAIITMHHOIO 00y YeHNUsT U3-3a 3aTPATHOCTH IIPOIECcca cOOpa U Pa3MeTKH TeCTOBBIX
BBIOOPOK; 33189 CO3IAHNS XYI0KECTBEHHBIX O0HEKTOB M3-3a HEOOXOMMMOCTH
[IPUBJIEYEHUs] IEJIOBEKA JIJIsl OIIEHKU BBIITOJIHEHUS ILJIOXO C(POPMYJINPOBAHHBIX
tpeboBanmii. Tem He MeHee, OBLIN MTPEJJIOKEHBI PA3IMIHBIE METOIBI TAK N
UHAYE PEIIUTD 9Ty IPobJieMy, HAIIPUMED, TeCTUpoBanue cBoiicTs (property-based
testing), B KOTOPOM TIPOBEPSIETCS BHITIOJIHEHNE 3aJIAHHOTO COOTHOIIEHHST MEYKTY
BXOJIAMU U BBIXOJIAMHU TIPOTPAMMBI U, KaK €r0 Pa3HOBUIHOCTb, TECTUPOBAHIE
naBapuanTaMu (metamorphic testing).

1. TectupoBaHue nHsBapuaHtamm
1.1. Onpepgenexne n npumepsi

Merosn TectupoBanust nEBapuanTamu (metamorphic testing) [4] npu-
MEHETCsl BO MHOIUX [IPEJAMETHDLIX 00JIACTSAX M PASBUBACTCS B HECKOJIBKHX
HalpaBJeHnsX [5,6]. Vlxest MeTo1a 3aKII09AETC B TOM, 9TO BMECTO IIPOBEPKH
[IPABUIILHOCTU KaKJI0T'0 KOHKPETHOI'O OTBETa NPOTrPAMMBI IIPOBEPSIETCS
BBIILIOJHEHNE TECTOBOrO naBapuanTa (metamorphic relation), Beranciasemoro
JUIsl HECKOJIBKUX HABOPOB MCXOJHBIX JIAHHBIX M COOTBETCTBYIOIIMX MM OTBETOB
nporpaMmbl. TeCTOBBIN MHBAPHAHT I IPOrPAMMBI—9TO (DYHKIUS BAIA

(1) R(x1,za,... 2y, f(x1), f(22),..., f(xn)) — {0,1},

rje n > 2— oblee KOJUIeCTBO 3allyCKOB B TECTOBOM CJIydae, T; — MCXOHbIe
JIAHHBIE JIJIS -TO 3aIlyCKa B TECTOBOM ciyvae, a f(z;)— i-ii OTBET IporpaMMBbl.
MeTouKa TeCTUPOBAHUS UHBAPHAHTAMU COCTOUT U3 CJICLYIOIINX IAroB.
CuauaJa 3aj1aeM crocod IOJIyueHns BXOIHBIX JAHHLIX, B TOM HYUCJIE C HCIIOJIb-
30BaHMEM I'eHepaTopa JaHHBIX. Jajee 3aIycKaeM IporpaMMy Ha KazKIoM
HabOpe UCXOIHBIX JAHHBLIX JIJIs HECKOJLKUX 3allyCKOB B TECTOBOM cJllydae U
IPOBEPsieM BBHINOJHEHE HHBAPUAHTA. HapyleHne BLITOIHECHAS NHBAPHAHTA,
CBUJIETETLCTBYET O HAJIMYHN OMIMOOK M HeCOOTBETCTBUH TPEOOBAHUAM. TaKuM
06pa3oM, BMECTO IPAMOii IPOBEPKU OTBETOB, B METO/Ie UCIOJIL3YeTCs TaK
Ha3bIBAaeMbIil IIPOU3BOJIHBIN TecToBbIN opakyi (derived oracle) [6]. Tlocrpoerue
TAKOr0 MHBAPUAHTA, [JIsl PANa 33729 MOMKET eCTEeCTBEHHBLIM 00pa3oM CJIe/IoBaTh
13 CBOMCTB peIaeMoii IporpaMMoil 3aJa9u U OBITH IPOIIE s pa3paboTInKa,
IpOrpaMMbl MU UCCJIeI0BATeI.
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OauH U3 BUIOB TECTOBBIX MHBAPUAHTOB MOYKHO OIMCATDH CJIELYIOIAM
obpazom. Eciau s1Ba 371€MeHTa TOCIET0BATEIBLHOCTA MCXOIHBIX JTAHHBIX
VIOBJIETBOPSIOT HEKOTOPOMY COOTHOIIEHUIO I, TO JIBA COOTBETCTBYIOIIUX
OTBETa [POrPaMMBbI JIOJIKHBI YIOBJIETBOPSTH COOTHOMIEHNIO O (CM. PUCYHOK 2):

ZAaHHble oreeT X
X
nporpaMma
I(X,Y) O(X,Y)
[AaHHble
Y oreeT Y

Pucynok 2. Ilpocroit npuMep TeCTUPOBAaHUS MHBADUAHTAMU.
Tecrossrit nusapuanT— dyskuus R(z,y, X,Y) = I(z,y)NO(X,Y).
Hanwaune saBucumoctu I(x,y) MeXK/Iy MCXOMHBIMA TAHHBIMHA
JIOJDKHO noBJIeus Hasmare 3asucuMoct O(X,Y') mexy orBeraMu.

(2) R(x1,29,...,%n, f(x1), f(x2),..., f(zn)) =
=I(x1,29,...,2,) NO(f(z1), f(x2),..., f(xm)),

rie I — npeobpazoBanme MCXOAHBIX JAHHBIX, O — OXKHUIAEMO€E OTHOIIIEHHE
MeXKJIy OTBEeTaMHu, 1 > 2— o0Ilee KOJIMIECTBO 3aIlyCKOB B TECTOBOM CJIydae,
Z; — UCXOJIHBIE JIAHHBIE JJIs §-T'0 3allyCKa B TECTOBOM ciydae, a f(x;)—i-it
oTBeT IporpamMmMbl (¢cM. pucyHok 2). Byjem paccmarpuBaTh HHBAPUAHTHI IPU
YCJIOBHSIX, ITO BBIIOJTHEHNE TECTOBBIX 3aIlyCKOB IPOUCXOIUT HE3ABUCUMO, &
HAYAJIbHOE COCTOSTHYE TIPOTPAMMBI B KaXKJIOM 3aIlyCKe U3BECTHO.

Jlnst npuMepa IPUBEIEM HECKOJIBKO MHBAPUAHTOB I IPOBEPKU [PABUIb-
HOCTY BBIIIOJIHEHHS 3aIIPOCOB K PEJISIMOHHOI 6a3e JaHHBIX, COJeprKalieil
rabiuny T = alb|c|..., tae a, b, ¢— cTonOUBL TAGIUIIBL.

« [Iycte A u B— jiBa ycsioBust noucka. Toryia oTBeT Ha 3apoc ¢ yCJIOBHEM

AN B— M0IMHOXKECTBO OTBETa Ha 3ampoc ¢ ycioBueM A (anamorudHo B).

« [Iycre A— ycnosue nioncka. Torma oreeTsl Ha 3ampoc ¢ yciosueMm A u
3aIPOC C YCIOBHEM A He IePeCceKaloTCs.
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« [Tycte A — yciioBre noucka. Torna KoJIMm4ecTBO OTBETOB HA 3aIpOC
¢ ycioBreM A TIpy COPTUPOBKE TI0 BO3PACTAHWIO CTOJIONA @ W TIpU
COPTUPOBKE TI0 YOBIBAHUIO CTOJIOIA ¢ OJMHAKOBO.

1.2. TepmuHonorus

Crour OTMETUTBh, YTO pacCMaTpUBaeMasl TeMa IMOKa MaJiOo OCBSIIEHA
B PYCCKOSI3BITHOM JINTEPATYPE, a IOTOMY He UMeeT YCTOsABIIeHCst OOIenpuHATO
TepMuHOJIOTHH. B paboTax BCTpedaeTcss TEPMUH «MEeTaMOP(MHOE TECTUPOBAHUES,
SIBJISTFOIIUICST TPAHCKPUIIIMEN aHIVIMICKOrO TepMuHa «metamorphic testings.

B pycckosi3pIaHOM TEKCTe HUCIOIB30BAHBI TEPMUHBI «TECTUPOBAHUE MHBAPH-
AHTAMI» U «TECTOBBLI WHBAPUAHT» MPUMEHNMO K PACCMATPHBAEMOIl METO/IUKE.
Takwe TepMUHBI TOPA3IO JIErde TIOHATh W 3alOMHUTh M3-3a MPOCTOI TECHON CBs-
3U ¢ ompejieieHneM. B MaTeMaTH4ecKoil uTepaType WHBAPUAHTOM Ha3bIBAIOT
BeJUYUHY (UM CBOJCTBO), OCTAIONIEECs OCTOSHHBIM B IIPEJIeIaX PACCMaTPUBa-
eMoii curyaruu. I1o TecTOBbIM MHBAPHAHTOM OOBIYHO MOIPA3YMEBACTCS
byHKIUS, KOTOpast JI0JXKHA, COXPAHSITH CBOE 3HAYEHHUE MPU IIPEJIIT0IaraeMbix
N3MEHEHUAX ITapaMeTPOB. CXO}IHOG 110 CMBICJIYy 3HaY€HUE€ TEPMUH «MHBAPUAHT»
umeeT U B (pu3MKe, HAPUMED B COUETAHUN «MHBAPUAHT JBIKeHUsi». Dopmyiia
1.1 3agaér Takyo QYHKIIUIO, TO €CTh O cyTH «metamorphic relation» —3to
TeCTOBBIIl MHBAPUAHT (XOTsl OYKBAJBHO OHO IIEPEBOJUTCS KaK MeTaMopdHOe
orHouenue). Kpome Toro, TeCTroBble MHBAPUAHTHI IIOTEHIHAIBHO MOLYT
OBITH TOJIYYEHBI KAK CJIEJICTBHUS U3 MATEMATHIECKON MOJIENH, PeaaTu3yeMoi
nporpaMmoii. [103TOMy TepMUHBI «T€CTOBBII HHBAPUAHTS U «TECTUPOBAHUE
MHBApUAHTAMU» TOYHO OTPAXKAIOT CYTh METOJIA.

2. Uenu n metoabl nccneposaHns

Ha Tekymmem srame pa3BuTHs TECTUPOBAHUS WHBAPUAHTAME OJTHOM
U3 HEPEIIEHHBIX 3aJ1a4 SABJISIeTCs [TOJIyIeHIe METOJUKHU COCTABJIEHHS] TECTOBBIX
MHBApUaHTOB. Ha JaHHBI MOMEHT He pa3spaboTaHO IUPOKO ITPUMEHUMOrO
MEeTOJIa UX COCTABJIEHUS JJTsl TIPOIPAMM, PEINIAIONINX PA3HbIE MTPUKJIAIHBIE
33291 B PA3HBIX O0JIACTAX. DTO MPUBOIUAT K HEOOXOIUMOCTH TPYIOEMKOTO
COCTaBJIEHUSI UHBAPUAHTOB MPAKTUYIECKU C HYJIs B KayKJJOM KOHKPETHOM
cayJae.

st mpeooienns 3aTPpyAHEHUN B COCTABJIEHUN T€CTOBBIX WHBAPUAHTOB
B JJAHHOM HUCCJI€/IOBAaHUUN IIOCTABJIEHbl CJIEIYIONINe 33/ 1a4u.

(1) BeisgBuTh 0OOIIIEIPUMEHUMBIE U TIOBTOPSIONIAECS B PA3HBIX 3aa9aX
METOJIUKN ITOCTPOEHHS TECTOBBIX NHBAPUAHTOB, KOTOPbIE MOTYT OBITH
IIOJIE3HBI B HOBBIX 3a/[a4daX. Pe3yibTaTsl IpuBeIeHbI B pasee 4.
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(2) Ornpenenurb, HAOJIOMAOTCS JIU OCOOEHHOCTH B IIPUMEHEHUU METOJIA
TECTUPOBAHUsI WHBAPDUAHTAMH B ODJIACTH MAIMHHOIO OOYyYeHUsl U
CMEYKHBIX 00JIACTsAX, MO3BOJISIONINE TOyIaTh bosiee apdeKkTuBHBIE
naBapuanTol. [logpobuee B pasmene 5.

(3) BeroesnTs HenmpsiMble METOJIBI TIOJTy Y€HMsI HHBAPUAHTOB, & TAKKe CII0COObI
KOMOMHMPOBAHUS WHBAPUAHTOB C APYTUMA METOJAMHU, IYTOOBI YIIPOCTUTH
[IpUMEHEHNEe METO/a TeCTUPOBAHNUS NHBAPUAHTAMU B HECTAHIAPTHBIX
caydasx. PesyipraTsl cobpanbl B pazjeiie 7.

(4) BeisgBuTh ymyIimeHuss 1 BO3MOYXKHOCTHU IS JTAJTBHEHINEr0 Pa3BUTHAS
METOMK MOCTPOEHMST TECTOBBIX MHBAPUAHTOB. Pe3ysibTaThl IPUBEIEHbI
B pazjesnax 3 u 6.

Jns mocTrokenns mesieil neCIeIOBaHns TIPAMEHEH METOJI CHCTEMATHIECKIX
0630poB [7], npeaoxkennsiit B. KurueHxam /ijist IpOBe/IeHNsT METa-UCCIIe0Ba-
uuii (secondary study) B obsiactu nporpaMMHoil nuzkenepuu. [Ipumenenue
METO/[a CUCTEMATUIECKOTO 0030pa TIO3BOJISIET Y/IYUIIUTh BOCIPOU3BOJAUMOCTD
pe3yabTaToB 0030pa M 0OOCHOBAHHOCTH BHIBOJOB.

Jlnst oTbopa myOIuKaIuit NCIIOIL30BAHBI CJIEYIONINEe KPUTEPUU: HOBU3HA,
nybnukanus B mepuof ¢ 2018 mo 2023 ropl, JOCTYIIHOCTD YATATENIO, PEJIEBAHT-
HOCTb Te€Me MCCJIETOBAHUS, JEeTAIBHOE U ICHOE OIMCAHNE UCIOJIb3YEeMBIX
TECTOBLIX MHBAPUAHTOB, HAJINYNE B PAOOTE MPUMEHUMBIX HA HPAKTUKE PE3YJIb-
TaTOB, BO3MOXKHOCTH OOOOIEHNsT IIPUMEHsIEMBIX UJeil 1 MeToauK. KadecTBo
pejiaraeMblX HHBAPUAHTOB He PACCMATPHUBAJIOCH KAK KPUTEPHUl IIOUCKA,
ITOCKOJIBKY OOIIEro KOJIMYIECTBA UCCIEJOBAHNN 110 T€Me HEJIOCTATOYHO JIJIst
[IPUMEHEHNs] CTATHCTUIECKUX METO/IOB OIpeiesieHns cpeaHeil 3 beKTUBHOCTH
TOr'O WUJIM WHOT'O WHBAPHUAHTA.

st Toro, ITOOBI M3JI0KUTH OA30BBIE PE3YIHTATHI TECTUPOBAHMS WHBAPHU-
aHTaMH, B 0030p TaKKe BKJIIOUEHBI OCHOBOIIOJIATAOIIEe PabOThl B KAXK IO
0bs1acTH, HEKOTOPhIE U3 KOTOPLIX n3AaHbl 10 2018 roxa. s ux orbopa
HCIIOJIB30BAJINCh KPUTEPUU: PEJIEBAHTHOCTH TEME, [IUTUPYEMOCTh, IIyOnHa 1
YHUBEPCAJBHOCTD IPEJJIArAeMbIX HJIEH U METOJOB, IIPAKTHIECKAs] IEHHOCTb.
ITouck mponzBOAMIICS IO TEM Ke IPaBUJIAM, HO OlPAaHUYEHNEe Ha ATy IyOJIMKa-
MU HE MPUMEHSIOCH. [Ipu 1moucke JIOMOJHATETFHO HCIIOJIb30BAIUCH CIIUCKA
UCTOYHUMKOB U3 HauboJjiee U3BECTHBIX AHIJIOI3bIYHBIX O030PHBIX cTaTel [4, 6]
1o JlaHHON Teme. TakrKe OCHOBOIOIAraOMUME paboTaMI 3aMEHEHbl NCTOYHUKH,
MUTUPYIONINE U EPEUCIIONb3YIONINE TECTOBbIE MHBAPUAHTHI U3 ITUX Dojiee
pauHuX paboT 6e3 CyIIeCTBEHHBIX JI0PabOTOK.

Iouck mybukanuii TPOU3BOAMIICA B OTKPBITHIX ucrounukax (Google
Scholar) Ha aHMIMIICKOM sI3bIKe 1O KJIIOYEBBIM CJIOBaM «metamorphic testings,
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«metamorphic relation», «neural network», «classifications, «maps», «graphs,
«natural language processings n KomOuHaIAM STUX €JI0B. HekoTopsie qomoiHu-
TeJIbHbIE ITyOIMKAIUU OBbLIN HANJEHBI TP AHAJII3E CIICKOB HCTOYHUKOB M3 9THX
nybsimkaruii. Hajimaue B TekcTe MCTOYHUKA CI0Ba «metamorphicy siBjisiercst
HEOOXOIMMBIM, TIOCKOJIBKY B AHTJIOS3BIYHON JINTEPATypPe HE BCTPEIAETCS
AJbTEPHATUBHOIO HA3BAHUS JAHHOIO MeTo/a. 13 1orcKa NCKIII0YaIuCh TaTEHThI
¥ UTUPOBAHUS, 0O30PHBIE CTATHU IO CMEXKHBIM O0JIACTSIM U Pa3IMIHBIM
METO/IAM TECTHPOBAHUS, & TAKYKE CTAThU, TOJHKO YIOMUHAIOIINE IIPUMEHEHUE
TecTupoBaHus nuBapuantamu. [lonck mposommics ¢ 14 utons no 13 ceHTIOpst
2023 roxma.

ITo xmogeBBIM citoBam «metamorphic testings 3a mepuos ¢ 2019 roza
o 2023 HaiiieHo 6oJtee IBYX THICSY MyOIUKAIN, ITO TOBOPUT 00 aKTya bHOCTH
U WHTEpece McceaoBaTeseil K 9T7oif Teme. 3 HUX 1m0 KpurepusaM O0TOOPAHO U
u3y4dero okosio 120 pabor, 66 u3 KOTOPHIX BKJIOYEHBI B JAHHOE UCCJIEIOBAHIE.

Taxk>ke ObLIT TPOBEJIEH TTOUCK PYCCKOA3BIUHBIX UCTOYHUKOB B OMOIMOTEKE
eLibrary. o KJIlOYeBBIM CJIOBAM «TE€CTUPOBAHUE WHBAPHAHTAME», «METAMOP-
duTeckoe TECTUPOBAHNE» W «METaMOP(HOe TeCTUPOBAHNE» OBLIU HANICHBI
TosibKO 1 pabora 1o Teme (Kparkue Te3ucsl [8]) u 1 pabora U3 CMEXKHOI
obnacru (Bepudukanust 610k-cxeM [9]).

U3 kak1010 NCTOIHNKA OTOMPAIOCH OMUCAHUE TIPEIMETHON 00JaCTH,
pellaemast 3aja4a U IpejjiaraeMble nHBapuanThl. Jlajiee 31a nHMOpMAIHS
IPYNIIUPOBAJIACH 110 MPEAMETHBIM 00JIACTSAM, B KaXKJI0# 00IACTU BBISIBJISLINCH
HauboJsiee MOMyJIIPHBIE UJIeN U METOJUKH. VI3 HCTOYHUKOB, MOCBSIIEHHBIM
OIIUCAHUIO METOJOB IOJIyYeHNsI MHBAPUAHTOB, OTOUPAJIOCH TAKXKe KPaTKOe
OIIMCAHUE MPE/JIATAeMOr0 METO/IA.

OkoHUaTETIHHO 0600OITAEMOCTH METOINK ONPEIEIISIaCh HA 3aKIIOUNTE b
HOM 3Tare 00pabOTKM JIaHHBIX IO COBOKYITHOCTH OTOOPaHHBIX MCTOYHUKOB.
Ha sTom srane dopmupoBasiacs obmast KiraccuduKanns METOINK, a TAKXKe
dbopmynupoBanch 6a30BbIE U OOIMETPUMEHUMbIE METOIMKNA COCTABJICHUST
nHBapuaHTOB. KopMe TOro, mpon3BOIMIOCH OObEINHEHNE B IPYIIILI JIPYTUX
METOJIOB II0JIyY€HUsI HHBAPUAHTOB (KOMIIO3UIIUK, CTATUCTHYECKHUE [IOJIXO/IbI,
[OMCK, KOMOUHAIINYA C JPYTUME METOIAMH).

3. Mpepnaraemasn knaccudmkauns MHBapMaHTOB

Anajn3 IpUBOIUMBIX B U3YYEHHBIX pabOTaX TECTOBBIX MHBAPUAHTOB
TOKA3aJI, 9TO B OOJIBIMUHCTBE CJIyYIAeB MPE/JIaraeMble HHBAPUAHTHI MOI'YT OBIThH
npezicrabiensl B Buge (2). Cocrapiena kiaccudyKausi TECTOBBIX NHBAPUAHTOB
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(cM. Tabuuity 1) O OCHOBHBIM IPEOOPA30BAHUSAM [, MCIIOJB30BAHHBIM B 9THX
paboTax Jijis [HOJLyYeHusl UCXOMHBIX JaHHbIX (X1, To, ..., Ty) IPH COCTABICHAN
TECTOBBIX MHBAPUAHTOB.

Tasiuua 1. Knaccudurarus mo npeobpa3oBaHUsIM UCXOTHBIX
JIAHHBIX

ITpeobpasoBanue Cwmbicst

JHeliHoe peobpa3oBanue (B TOM YUC/Ie
LT linear transform U3MeHEeHNe B OOJIBIIYIO MJIM MEHBIIYIO CTOPOHY,
YMHOKEHUE HA KOHCTAHTY )

CUMMETPpUA OTHOCUTEJIBHO HpHMOI‘/JI, IIJIOCKOCTH,

SM symmetr
Y y OTHOIIECHUS MEXKy 00bEeKTaMU

IIepeCTaHOBKa 3JIECMEHTOB MHOXKECTBa MCXOAHBIX

PR permutative
JIAHHBIX

BKJIIOYE€HUE / HUCKJIIOYEeHHEe OTIAECJIbHbIX

IE inclusive / exclusive
9JIEMEHTOB U3 MHOXKECTBA

3aMeHa WM U3MEHeHHe, JoOaB/IeHne
BC blur / change 2 » A
CILy9aiiHOTO IIyMa
UD unite / divide obbeuHeHne / pa3bueHne Ha YacTu

B knaccudukaimio He BKIOYEHBI HEMHOTOIUCICHHBIE PEIKAE NHBAPUAHTHI,
obJta1arone HaCTOIBKO CHJILHOM MPUBSI3KOM K KOHKPETHOH 3ajade, 9To UX
00001IeHe Ha, TaHHBIH MOMEHT He IpeJICTaB/sieT nHTepeca. HecKoabKo TakKux
IIPUMEPOB TIPUBEJIEHO B pazJiese 4.2.

4. Bba3soBble METOAMKN COCTABNEHUS UHBAPUAHTOB A1 NPOBEPKU
mopeneii n anropuTmMos

[Ipu u3s02KeHNN UCIOIH30BAHHBIX B JINTEPATYPE METOJINK COCTABJICHUS
MHBApPHUAHTOB OymeM cpa3dy 0003HAUATh B CKOOKaX, K KAKOMY W3 IMPUBEICHHBIX
paHee KJIacCOB €é MOXKHO oTHecTh. Hanpumep, yMHOXKEHHE YHUCJIOBBIX T1a-
pPaMeTpOB Ha OTJIMIHYIO OT HYJIsl KOHCTAHTY MOYKHO OTHECTH K JIMHEHHBIM
upeobpazosanusim (LT).

4.1. OGwenpuMmeHUMbIE METOANKN

Ob6imenpruMeHnMble METOJIUKH JIJIsI IPOBEPKH MOJIeJIell 1 aJITOPUTMOB —
9TO M3MEHEHIE TapaMETPOB, IEPECTAHOBKA PABHO3HAYHBIX IAPAMETPOB U
JobaBiieHne IyMa.

Yacro ucnosbsyercs uamenenne napamerpos (LT), o koropomy MoxKHO
OJIHO3HAYHO TIPEJICKA3aTh U3MEHEeHUe pe3ysbrara, (yIydImuTCes, yXYAIINTCs,
U3MEHUTCH HA M3BECTHYIO BEJUYUHY WJIA HE U3MEHHTCsl BOBce). B Kade-
CTBEe IPUMEPOB MOYKHO IIPHBECTH HM3MEHEHNE KOJIMIECTBA BBIYUCIUTEIbHBIX
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ycrpoiicts [10], uaMeHeHre apaMeTpoB SIUIeMIOJIOrHIecKoil Mozenu [11,12],
napaMeTpoB W TUIIEPIIApaMeTpOB HeipoceTeBbIx Mojeneit [13].

Berpeuaercs TakxKe IpUMEHEHHAE METOAMKH HEPECTAHOBOK PABHOZHAYHBIX
napamerpos (PR)— game Bcero B TakoM C/Iydae MOKHO OKHIATH HEM3MEHHOCTH
PE3yJbTaTa MCIIOJHEHUS TECTUPYeMOil IporpaMMbl. Hanpumep, He TOJKHBI
BIMATH HA Pe3y/IbTAT BLIYMCIEHHI M3MEHEeHHe HopsKa I0/b3oBaTeseil obaad-
HBIX cepBucoB [10|, NCIOMHAEMBIX Onepayii B yCIOBUSX MHOrONOTOUHOCTH [14],
BXOJHBIX JJAHHBIX B CTOXACTHIECKON omtuMuzarmy [15]. A mopsmok mobasienus
MOKEJIaHUI TIpU OPOHMPOBAHUN FOCTUHUIIBI ¢ ITOMOIIBIO ABTOMATHYECKOIO
nomomunKa [16]| He mo/KeH BAMATD Ha PE3YIbTAT TIOUCKA.

Hasoxkenne myma (BC) — mupoko npumensieMast MeTonKa (OImmoKn
[17,18], mywm [19-21], uckaxenus [22], ncnoib3oBanme 0COGEHHOCTEH S3BIKA
[23]). Yamme Bcero oxkumaercsi, UTO 3allyMJIEHNE HE M3MEHUT DE3YJIBTAT,
Ju6o ke ero He yiaydmuT. [Ipu 3amene ucxomubix ganubix (BC) moxker
OXKUJATHCS U3MEHEHHUE Pe3yJIbTaTa. B KauecTBe IpuMepa MOXKHO IPUBECTH YIKE
YIOMSIHYTBIi MHBAPUAHT U3 pasjena 1 ¢ ycaosusyMu A m —A—pu Takom
U3MEHEHUH 3aIPOCa OKUJACTCS, YTO OTBET MOJIHOCTLIO U3MEHUTCA U He Oyer
MEPECEKATHCS € TIPEIBIILY IITHM.

Pezke BeTpeuaercst MeTonuka jobasienus wim ynanerusi (UD) wacreit
MCXOJHBIX JaHHbIX. Hampumep, mo6aBjieHne HOBBIX TOJb30BATENEH O0IaTHBIX
cepsrcos [10], nobaBieHne U yaueHne eJMHALL sI3bIKa U3 TeKkcTa [24], dacreii
BXOJIHBIX JIAHHBIX [18,25].

MeTouKa IPOBEPKH C ITOMOIIBIO CUMMETPHIT 60Jiee aKTHBHO HCIIOJIb3yeT-
cs1 B obstacTu m3obpazkeHunit u reonndopmaruke. Hanpumep, orparkenue
axMaTHOM 1ocKy [26] Ipy TeCTUPOBAHUM AJITOPUTMOB UI'PHI B IAXMATHI,
OTparkeHne M300parKeHnil OTHOCUTENBHO ocelt [27], obpamenne Buneopsiaa
0 BpeMeHH [27], HoBOpOTHI U OTpaskeHus: n3o0pakeHuit Kapr [28], orpazkeHus
BBISIBJISIEMBIX AJITOPUTMAMHI KJIACTEPOB OTHOCUTENBHO TpsimMoii [29]. Kax
NPABUJIO, NPUMEHEHNE CHMMETPUH K MCXOJIHBIM JIAHHBIM BJIEIET CHMMETPUIHOE
U3MEHEHHE OTBETOB.

4.2. Ncnonb3oBaHne ocobeHHOCTEN MaTeMaTUYECKOW Mogenu u
npegmMeTHoW obnactu

OddekTruBHbIE B BHISBJIEHAN OINNOOK MHBAPUAHTHI MOYKHO IIOJIyYUTh,
HCIIOJIb3Ysi OCOOEHHOCTH MATEMATHIECKON MOJEIN PEITaeMOil ITPOrPaMMoit
zajaun. Hampumep, B pabore [30] JJIsl IPOBEPKH ITPABUJIBHOCTHU IIOJIYYaeMBbIX
BBIOOPOK U3 CTATHCTUIECKOTO PACIIPEIeIeHIS NCITOIb3YEeTCs CIenPUIECKOe
CBOWCTBO 3TOr0 pacipejeierusi. JIjs IpoBepKU KOMITUISTOPOB TIyOOKUX Heli-
POHHBIX ceTeil [31] B ONITUMU3UPOBAHHBIH KO T00ABIAETCS KO, N3MEHSIIONTHIT
HOJIy9aeMblil BLIYUC/UTEbHBI rpad, HO He MeHstomuil cyru nporpammbl (IE).
st TecTUPOBAHUS ITAXMATHBIX AJTOPUTMOB [26] HUCIIOJIB3YIOTCS U CBOMCTBA
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JIOCKU, U uepapxust (puryp: npousBogurcs orpazkenue gocku (SM), durypst
zaMeHsoTca Ha durypsl apyroro nsera (PR) uiau na Gosee cunbable nin
cnabpie (BC). st mpoBepKU aJIrOPUTMOB XEIIUPOBAHUS, UCIIOIB3YIONIMX
MaTpHUUHBIE [IpeobpazoBanus, u ajropur™Ma RSA [32], npumensitorest mar-
puunble npeobpasosanus (LT) u nobasrenne moxyns (LT), o KoTopomy
BBIYUCJISETCs OCTATOK. JlJist IpOBEPKHU JIPYroro ajaropuTMa XeIInpPpOBAHUS
[33] usmensiercs ucxozHoe COOBIIEHUE — JHOOABIILIOTCS WK YAAISIOTCS OUTHI
(IE) [33], a coobmienust pazbuBaercst Ha dactu (UD), mpn 5TOM 0XKHIIaeTCS
n3MeHeHne 3HavYeHns! Xell-(OyHKINN.

WMuorna aj1s cocTaBieHns NHBAPUAHTOB OBIBAIOT MOJIE3HBI OCOOEHHOCTH
upeMerHoit obsactu. B pabore [34] 110 TeCTUPOBAHUIO CUCTEMBI CPDABHUTEJILHO-
I'0 T€HETUYECKOr0 aHAJIM3a MCIOIb3YeTCs BO3MOXKHOCTD PA3/IeJICHIsT My TaIiii
Ha HellepeceKaloluecs: Kiaacchl. B pabore [35] 10 TecTUPOBAHUIO Pa3METeHHBIX
n300pakeHuit reorpaduIecknx KapT MPUMEHSAIOTCS COOOPaXKEHMsI, UTO TTOCCE U
3/IaHUS He UMEIOT OOIUX ILIOIIA e, & 3aKPLIThle O0JIACTH OJHUX IIyTel He
[epeceKaloTCA ApyruMu myTsasMu. B pabore 110 TeCTHPOBAHUIO MPUJIOKEHUS
€ MUKPOCEPBUCHOI apxuTekTypoii [36] ucrob3yiorcs 0cOGEHHOCTH MIATEXKHOM
cucreMbl. Harpumep, cymma 6a1aHCOB KPEJIUTOPOB U JIOJIZKHUKOB IIOCTIE
IepeHoca JAHHBIX C OJITHOTO MUKPOCEPBUCA Ha JAPYTOi JIOJZKHA OCTATHCS
IIpezKHeil.

5. MeTogukn nocTpoeHusi NHBapMAHTOB B pa3HbiX 00/1aCTAX
5.1. MNownckoBbie anropuTmbl

ITpu TecTHpPOBaHUU MOUCKOBBIX AJTOPUTMOB IIPOBEPSAETCH, U3MEHSETCS JIN
OTBET OXKUJIAEMBIM 00PA30M TP JI0OABJIEHUN WU YIAJIEHUN yCJIOBUH TOUCKA
(IE): upu no6aBiieHMH HOBOIO YCJIOBHs B HEM HE JIOJKHBI [OSBJIATHCS HOBbIE
semenTol [36,37], a upu ygajgeHun ycJIoBuii, COOOTBETCTBEHHO, UCIE3ATH
crapbie. B pafoTe 10 TECTUPOBAHUIO TIOMOIIHUKA JJisi ODOHUPOBAHUS TOCTUHUIL
HCIIOJIB3YETCsI U3MEHCHUE IopsiaKa nobasienus yciaosuil noucka (PR) [16].
B pabore [27] ucnionb3yercst CAMMETpHsL: OTBET, OTCOPTUPOBAHHBIN 10 yObIBA-
HUIO, MOYKHO TIOJIyYUTh U3 OTBETA, OTCOPTUPOBAHHOTO TI0 BO3PACTAHUIO, €C/IN
zanucarTh ero B obparaom nopsike (SM). Takke npoBepsiroTcst HEU3MEHHOCTH
IIEHBI TOBapa B 3aBUCHMOCTH OT TorcKoBoro 3anpoca (BC) [27], HemsmenHOCTS
oTBeTa Ipu 3anpoce Ha JpyroM sizbike (BC) [27]. OTBeTsl Ha IIOMCKOBBII 3ampoc
[IpH OTIIPaBKe U3 pasHbX yacreil 3emuoro mapa (BC) momkHe! conagars [38],
HO U3-3a PACIPEICIEHHOCTH CHCTEM U PA3/IMIUSA MEXKJLy KOMUAME OA3bl JAHHBIX
OHU MOTYT Pa3IaThCs, ITO MOXKET CBUJIETETHCTBOBATD O HEIOCTATOYHOMN
CJTAYKEHHOCTU PAOOTHI.

5.2. MawuHHoe 00y4eHue n aHanu3 AaHHbIX

B cBs3u co cioxuaocThio 3ala9n TeCTUPOBaHUsA CUCTEM MAIIMHHOI'O 06yt1e—
HUA 1 aJITOPUTMOB aHaJ/IN3a JaHHbIX, B ,ZL&HHOI71 obJacTu HCIOJIB3yeTCsA GoJIbIIoE
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KOJINYECTBO I/IHTepeCHbIX METO/IMK 1 HpeO6pa3OBaHHﬁ MUCXO/HBIX JITaHHBIX. qaCTO
BCTpevaercs nepepasduenue obyqatonieit Boibopku (UD): nobasienue nim
UCKJIIOUeHre jeMenTa u3 Boibopku [29,39,40], nobasieHue MM UCKIIOUEHIE
HesbIx Kiraccos [39,40|, mybmmposanue 31eMeRTOB o0yqaromeit BeIGopkn [39].
Ucnonb3yrorest n3amenenne metku siaementa ganubix (BC)[40], nobasienne u
uckiovenne npusnaxos (IE) [29,39,40]. VckiroueHne He3HAUAIIMX IPU3HAKOB
HE JIOJIZKHO 3HAYUTETHHO MEHATH KAYECTBO KIACCU(DUKAINN, a UCKIIOYEHIEe
3HavaImnX — He ynydamath. [lepectanosku (PR) npusnakos [39,40], meTox
kiaccos [39,40], sasmemenTos obyuatoreii BbIGOpKH [29], Kak npasuiio, He
JIOJIKHBI 3HAUMTEIHHO MEHSAThH UTOrOBOE KadeCcTBO Kjaccudukaropa. B pabore
0 TPEJICKA3aHUAX CBONCTB 0OeJIKa MCIOJIb3yeTCsd Mpeodpa30oBanHus OeIKOB,
rapaHTEpoBaHHo m3MeHsonme nx Gyuknun [41] (BC), n ot Momesm oxumaercs
U3MEHEHUE MPEeICKA3aHNUs.

Pexe Berpevatorcs Jsuneitnbie npeodpaszosanus (LT): npumenenue ad-
dunnoro npeobpaszoBanus K npusnakam Bbibopku [40], u 1OBOPOTHI U
peoGpa30BaHUsT CHCTEMBI KOODAWHAT B ITpocTpaHcTie [29] (Ha mTorosoe
KavYeCTBO TaKue IPeobpasoBaHusl OJKHBI BIUSTD JIANIb B HE3HAIUTEbHON
crenenn). Pabora [29] mo TecTHpoBaHUIO aJrOPUTMOB KJIACTEPU3AIMH TIPea-
raer emé HeCKOJIBbKO METO/INK: C2KATHE BBIJETCHHBIX KIACTEPOB K WX IEHTPaM
(LT), noGapieHne 3J1eMEHTOB BHYTDPb BBIYKJIOH 060s0ukn Kiaactepos (UD),
nobasienne Boibpocos (UD). Mnes cummerpun (SM) Hamia IpuMeHeHHE
B BHJI€ METOJIMKH OTParKEHUs! KJIACTEPOB OTHOCHTEJILHO IPSIMBIX [29)].

5.3. nybokoe 0by4eHue n HelipoHHblE CETU

MeTomuKn co3annst NTHBAPUAHTOR JIJIsT TECTUPOBAHUS TTyOOKNX Heii-
POHHBIX CeTel YaCTUIHO MOBTOPSIIOT METOJUKH JIJIsi MAIIUHHOTO 00y IeHUsl
B 1iesiom. Hanpumep, smreitHoe npeoGpasosanne npusnakos (LT) [13,19,42]),
nepecraHoBka MeTok kiaccos (PR) [13], BapbupoBanue pa3OueHus JaHHBIX
Ha o0y4aolryio u TectoByio Boibopku (UD) [13], mybuupoBanue maHHBbIX
(UD) [13], yBesnuenne nim yMeHBIIEHUE 3HAYEHUH TApAMETPOB aJIrOPUTMA
o6yuenust (LT), rakux Kak ckopoctb obyuenus (learning rate), mapamerp «
B HesmHeltHO# dyakimn aktuBauu RelLU, gucio smox obydenus, aucso
HeApOHOB B cyrogx [13].

B zamatie ob6paboTku n306pakeHnit MpUMEHSIOT U APYTUe Mpeodpa3oBaHuUs.
Jl1s IpOBEPKHU KaveCcTBa PACIO3HABAHUS JIUI IPUMEHSIIOT U3MEHEHUE IIBETA
BoJIOC, OpOBEil, mos1a, gobaBiaeHne 09KOB, ycoB u 6opoasl (BC) [43], misa
CaMOyIIpaB/IseMbIX aBToMoOmIel —u3menenue norost (BC) [44,45] wm 3ameny
dona (BC) [46]. TTonesHoit okasbiBaeTCs Ujiest NPUMEHEHUs] HEPABEHCTB IS
creneHeil yBePEHHOCTH MOJIE/IU TIPU JIETEKIUN Ha N300PAYKEeHUN U Ha €0 9acTAX
(UD) [47]. Ilpumensitorest cummerpun (SM): orpaskenue [27], obpamienne
Bueopgaa [27], a rakxke npeobpasosanus nepcrextusbl (LT) [48] u usmenenune
sproctu (LT) [48]. Hosoit uneeit sisnsiercst nobasienne Bojsubix 3aakos (BC)
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u Macok (UD) [48]. st TecTrpoBanus MOJENN Ha N300pakeHus 100aB/IsAIICh
00bEKTHI, KOTOPBIX paHbIle He 6bl10 B BbGopke (UD) [49].

Ing uposepku ycroiiuusoctu (robustness) moseseil npuMensiercs 3a-
mymienne (BC) [19-21], uckaxenne nanusix (BC) [22]. Ucnonassyores
[epecTaHoBKHU 3JjieMeHTOB o0y4aromieii Beibopku (PR) [42], obywaromux u
nenesbix npusHakos (PR) [42], kananos uzobpakenust [48].

5.4. ObpaboTka eCTecTBeHHOro si3blKa

151 cocTaB/IeHNS NHBAPUAHTOB B 00/1aCTH 0OPabOTKH €CTECTBEHHOTO SI3BIKA,
Janie APYTrux HUCIIOJIb3YIOTCAd USMEHEHN NCXOAHBIX JTaHHBbIX, HE MEHAIOIINe
OTBET cuCTeMBL. 1[0-BHIUMOMY, 9TO CBS3aHO CO CJOXKHOCTSAME B COOTHECEHUU
U3MEHEHHUIT B TEKCTE ¢ U3MEHEHUSIMHU €r0 CMbICIA UM JIPYTHX PACCMATPUBAEMBIX
napamMeTpoB. TakzKe UCTIONB3YIOTCS OCOOEHHOCTH HAIMCAHUS M TPAMMATHKA
SI3BIKOB, HAIIPUMED, AHTJIMHCKOIO U KUTAHCKOTO.

JacTo MPUMEHSIOTCS 3aMEHBI, KOTOPBIE HE JIOJ?KHBI N3MEHATH OTBET
B paMKax pernaemoii 3aauan (BC). st pacriosHaBaHUsl JUCKPUMUHAIN
UCIOJIL3YETCS 3aMeHa MOP(hOJOTHIECKOTO NI CMBICJIOBOTO CBOMCTBA CYIIHOCTH,
Hanpumep, nosa [50]. s mpoBepKu yCTORIMBOCTH MCIIOAB3YIOTCST 3aMEHBI
CJI0Ba HA €ro CHHOHWM, TIEPEBO/] HA JPYTOi A3bIK UM HE UMEMOIIEe K HEMY
oTHOIIEHUs ¢JIoBo [16,23,51], cuMBOIOB Ha 1OXOXKHe (BU3YAJIBHO WA
douernuecku) nnn Ha ¥ [23]. Ucnonssytorcsa nsMenenue 3asora (BC),
3aMeHa OUPEEIEHHBIX CJIOB, HAIPUMED, «I0» Ha «mocie» (BC), uzmenenue
nopsizika aineHos npejgoxkenus (PR) [51], samymienne onevarkamu (BC)
[23], mpomryck cios (IE) [16]. Uccaenosarenn, paboTaBiime ¢ KUTARCKOM
[UCbMEHHOCTBIO, [IPEJIJIOXKIIIN eIlle HECKOJIBKO MHTEPECHBIX myeit [23]: pasbue-
Hue cioB u ueporsudos Ha dactu (UD), causane 6yksocoueranuit (UD),
nepecranoBky Oyks B ciose (PR), cokpamenue no akponunma (UD), BeraBky
crenuasIbHbIX npeiioxkennii-usukaropos (IE) ms pacnosnasanust. [logo6HbIe
Ipeo6pa3oBaHust MOT'YT OBIThH TIOJIE3HBI JIJIs OIEHKH YCTOMIMBOCTH MOJIEIE
K IIyMy.

B o6s1acTn mepeBoJIoB ¢ OJHOTO A3BIKA Ha APYTOH MCHOMB3YeTCd 3aMeHa
CYIIECTBUTEILHOTO Ha JIPYTOE JJIs OIIPE/IeIeH s COTJIACOBAHHOCTH TI€PEBOIOB
(BC) [52]. Tak»xke ncnomb3yiorest cBojicra cummerprnanocta (SM): cpaBHuBa-
FOTCsl UCXOJHBIH TEKCT U ero O0PATHBIN [epeBoJ] ¢ JIPYyroro si3bika [27,53];
npsIMOii epeBojL ¢ si3bika A Ha sI3bIK B 1 mepeBojy ¢ a3bika A Ha s3bIK B uepes
rperuii 536K C [54].

TecTnpoBanue MHBAPMAHTAME YCIIENTHO NPUMEHSIETCS K CHCTeMaM, paboTa-
IOIUM ¢ UMEHOBAHHBIME CyIIHOCTsSIMU. B pabore [24] o pacnosHaBaHHUIO
CYIITHOCTEH B TEKCTE MPUMEHSIIOTCS IPE0OPA30BAHNS, COXPAHSIONINE CyIIIe-
CTBYIOIIHUE CYIIHOCTHU: nepectanoBku ab3anes (PR), mepecranoBku crucka
nobaBieHHbIX corydaitabix cios (PR), ckmensanme npengioxennit. Jlobasierne
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U yjajieHue CiydailHbix cjoB, upemioxkennii u adb3amnes (UD) ne momkuao
IPHUBOJIUTE K IIOTEPE paHee PACIO3HAHHBIX cylfHOocTeil. B pabore mo Haxoxe-
HUIO OTHOIIEHUH MeXKy CYITHOCTSIMU [55] ncnosb3yrorcest obMeH CyIHocTel
mectamn (SM), samenst cympocteii (BC). lanHble 1peoGpa3oBaHus He BJIHSIOT
Ha HaJIMYUe OTHOIIECHUS U MCIOJB3YIOT €r0 CHMMETPHIHOCTD.

5.5. padosbie mogenn. Neonncdopmartuka

I'padoBbie MOIEIN IPUMEHSIOTCA B PA3HBIX 33a9aX, HAIIPAMED, IIPH HOUCKE
MapmpyToB [28|, Mmomenuposanun B3anMmoneiicteust reros [17]. Tpadosyro
MOJIENTb MOYXKHO CTPYKTYPHO U3MEHSTD, 100aB/IAs N yAAIAs BePIIHHBI U pEopa.
Hampumep, sl cOCTaBICHAS UHBAPUAHTOB JjIsl HHCTPYMEHTA MOJICJIUPOBAHUS
FEHHBIX PETYJIATOPHBIX cerell [17] mpuMmensioTes mpeobpasoBanust, 3aBEIOMO
YBEJIMINBAIONINE WM yMEHDBIIAOIIAE TOKA3aTe/I: U3MEHEHNS TapaMeTpa pebpa
(LT) num Bepuubl, 106aBIIeHNE WA YIAJEHAE BEPIIUH 1 PEGEp PA3HBIX CBOHCTB
(IE). B paGote [56] 110 TecTHPOBAHUIO MOJIEIN, UMUTUDYIOMIEHl PACIPOCTPAHEHHE
HOBOCTEHl B COIMAJBHON CeTH, TaKKe UCIOJIb3YIOTCS U3MEHEHUS IIapaMeTPOB
C NIPEJICKA3YEMBIM PE3YJIBTATOM: U3MEHEHNE BECOB, TUIIOB U IIapaMeTpPOB
BEPIINH-COCeICHt 1 T.1.

BasKHBIMH MaTeMaTHY9eCKIMU CBOMCTBAME IpadpOBOil MOJIEIN JJIsl FeoIaH-
HBIX SIBJISIOTCA CUMMETDPHs OTHONICHUS JOCTUKMMOCTH U HAJIMYHE HEPABEHCTBA,
TpEeyroJbHuKa. VCXOmd U3 HUX, IIPEeJJIaraeTcs nepeMeHa MeCTaMH Hadasa, u
KoHIa MapmpyTa (SM) [27, 28] 1 npuMeHeHne HEpaBEHCTBA TPEYTOJIbHUKA
K giuHaM MapmpyTos A-C-B u A-B (UD) [28] u k¥ ux croumoctsim (UD)
[38]. Takzke HEPABEHCTBO TPEYTOJIBHUKA MPUMEHSETCS NIPH TOOABJICHUN 1
ymasennu npensrcrsuii (IE) [28], mobasnennu ycrosuit (IE) [38]. IIposepsercs
yeroitansoets (BC): masoe m3MeHeHNe HAYATBHBIX TOYEK HE CUIIBHO MEHsIeT
oTBeT |38], oTBET Ha TOBTOPHBIIT 3aIIPOC Yepe3 MaJIbIil TIPOMEXKYTOK BPEMEHH
HOBTOPSIET [IEPBOHAYAIBHBIN [27].

B obnactu pa3zmedenHbIx TeorpadudecKux KapT U [IOUCKA MAPIIPYTOB
[0 KapTaM, TOMHUMO BBIIIEYIOMSIHYTBIX CBOMCTB, YaCTO IPUMEHSIIOTCS Tpeobpa-
30BaHNsI, U3MEHSIOIINE JINIh PEJICTABIeHNEe N300paskeHns: KapThl. Hampumep,
u3MeHenue cucreMbl KoopauHaT [28] (LT), moBOpOTHI OTHOCHTENBHO TOUYKH 1
oTpakeHnsl n300parKeHHst KapThl OTHOCHTEJBHO npsiMoit [28] (SM). B urore
TakWe MpeodPA30BaAHNS He M3MEHSIIOT Pe3yJIbTAT, a B CJIydae M3MeHEHUs!
PACCTOSTHUH — M3MEHSIIOT JIJINHY IIyTH [POIOPIIUOHAJBHO.

B pabore 110 IpoBepKe pa3MedeHHbIX KapT [35] HCIIOJIB3YI0TCs 0COOEHHOCTH
npeaMeTHol obiactu. [IpoBepsiercs, 9T0 y KaXKJI0ro MyTH €CTh XOTs OBl OJIHO
HA4YaJj0 U OJIUH KOHEIl, y KaXKJI0i KOJIBIEBOI Pa3BsI3KMU €CTh BXOJ U BBIXOJI,
3aKpBIThIE 00JIACTH OJTHUX IIyTel He MepeceKaloTCsl IPYTUMU Iy TIMU.
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5.6. Buounndopmatuka (TekcrTbi)

TecTupoBaHre HHBAPUAHTAME IPUMEHSIETCS JIsl [IPOBEPKH BHIPABHUBATE-
JIeli — IpOrpaMM, KOTOPbIe COOTHOCAT CUNTAHHBIE CEKBEHATOPOM HEDOJIBIIIE
YYACTKH HYKJIEMHOBBIX KUCJIOT (T.H. mpoureHusi, reads) ¢ pedepeHCHBIM
PEHOMOM ¥ OIIPEJIEJISIIOT UX KOODIAMHATHI. ECIH JjIsl IPOYTEHNs YCIIEIHO
BBIYHCJIEHBl €r0 KOOPJIMHATHI HA NeHOME, OHO HA3BbIBAECTCsI KAPTHUPYEMBbIM,
UHAYe — HEKAPTHPYEMBIM.

IIpumepom npumenennst cummerpun (SM) sIBIsSIeTCST UCIIOIB30BAHIE
nmepeBepHyTHIX npourenuii (17, 18]. Takzke MpemaraioTcst CJIEIYOTIHIe
npeobpa30BaHus: U3MeHeHue Hopsiaka upodrenuit Bo sxoge (PR) [18],
nepecranoBkn andasura (PR) [17], nobasrenne [18,25] u yaanenue [18|
npourenuit (UD), ncnosp3oBaHne TOJBKO KapTUPYEMBIX WM HEKAPTHPYEMBIX
npourenuit (UD) [18,25], pacmupenue npourennii (IE) [18], nobasienue
u ynanenne MaoxkecTB poutenuii (UD) [17], nameHeHne MaKCHMAaJIBHOIO
JIOILyCTHMOTO KOJIMYECTBA HECOBIAICHUIT IPOUTEHUS ¢ yIACTKOM PEHOMA
[17]. Takke, ecau CPaBHUBATH HPOYTEHUSI C COOTBETCTBYIOIUMHU yIaCTKAMH
reHOMa, MOXKHO pean3oBarh jgobasienue [17] u ymanenue [17,18] omubok
B npourenusx (BC), sameny omubok Ha ommbku apyroro tuna (BC) [17].

5.7. Komnunsartopsi

KomnuasgTop — 310 nporpamma, Ipeo0pasyonias KoJi, HAINCAHHBIN
Ha 3BIKE IPOrPAMMUPOBaHUs, B HAO0p MAIMHHBIX KO0B. OCHOBHOI neeit,
[PHUMEHSEMOIT JIJIst TECTHPOBAHUS KOMITH/ISTOPOB, SIBJISIETCS CO3JAHKE TTPOrPaM-
MBI, 9KBUBAJIECHTHOH NCXOAHOM. [yt 9T0ro nenosb3yercs o0aB/IeHHe MEPTBOIO
koja u ToxkaecrBenubix Gynkiuit (IE) [57]. Ilpumensiercs cokparienue
IPOrPaMMBI Yepe3 CJOXKHBIN aHam3 nokpeitus koga (BC) [58].

Ha naHHBIIT MOMEHT CO3/IaHBI KOMIIMJISTOPBI I IPeobpa3OBaHNs BbI-
COKOYPOBHEBOI MOJIe/ TN TJIyOOKOM HEHPOHHOI CeTH B ONTUMU3UPOBAHHDIHN
ucnosHsteMbrii kox [31]. st TecTupoBaHusl TAKOIO KOMIIHIATOPA IPHMEHSIET-
cst mobaBIeHIe CJIOZKHBIX KOHCTPYKITHI, HE MEHAIONMX CYyTh MOJIENH, HO
U3MEHSIoMUX HostydaeMblii rpad soraucienuit (IE).

6. AHanu3 npMeHeHusi MeTOAUK NOCTPOEHUSI UHBAaPUAHTOB
no obnacram

Ha ocHoBanuu HaiileHHBIX YAaCTO MIPUMEHSIEMBIX Hell mpeobpa3oBaHuil
BXOJIHBIX JIAHHBIX JIJIsi TECTUPOBAHMSI MHBAPUAHTAMHU OBLIA COCTABJIEHA CBOJIHASI
Tabsmna 2. B sdeiikax TabInIbl IPUBEIEHBI OObEKTHI, apaMeTpPbl WK
CBOWMCTBA, M3MEHSIEMbIE COIVIACHO YKA3aHHOW B KOJIOHKE HJiee IIPU COCTaBJIEHUN
TECTOBBIX WHBAPUAHTOB B 00JIACTU IIPUMEHEHUsI, YKa3aHHOI ciieBa. MoxKHO
3aMeTHUTh, YTO YaCTO U3MEHSIOTCI MUHHMAJIbHbIE HEJIEJIUMbIE €IMHUIIBI
73 paccMaTpUBaeMoil 00/1acTH, Takue KaK BepIuHa uin pedbpo rpada, s1eMeHT
BBIOOPKH, SI3BIKOBasi €JIMHUIA, JINOO WX MPEJICTABIEHIE B MAMSITH KOMIIBIOTEPA.



Tab/muA 2. V3meHeHusi e IMHUIL BXOJHBIX JAHHBIX B WHBAPUAHTAX

Ob6acTb LT SM PR 1E BC UD
SI3BIK,
ITouckosbre MOPSAIOK TOPSAIOK
. yCJIOBUE TOYKA
aJITOPUTMBI BBIJIAYH yCJIOBHIA
OTIIPABKU
Banaun .
[IKaJIa, [1a- | CAMMETPUIHBIN | pABHO3HAYHBIE
MAIIMHHOT'O [IPU3HAKH MeTKa BBIOOPKA
pameTpbl 00BbEeKT IPU3HAKH
obyIeHns
[IPU3HAKH, .
Lny6okue CUMMETPUYHBII | TpU3HAKH, 00BHEKT, BBIOOPKA,
A rumepapa- HOBbIE OOBEKTHI
HeUPOHHBIE CETU 00BHEKT KJIACCHI don KapTUHKA,
MEeTPBI
cucreMma,
cucreMma, HAJYaJ0 U MIPEIsITCTBUSI,
Teoundopmaruka KOOD/IMHAT, TOYKA Iy TH
KOODJMHAT KOHEI[ IIyTH yCJIOBUS
OTHOIIIEHUSI
I'padosbie Ha4YaJ0 u
pebpo BEPITUHDI Iy TH
MOJIEJIH KOHEIT Iy TU
Obpaborka €JTMHUTIHI
SI3BIKH, €TUHUITBI CJIOBA, €TUHUITBI
€CTECTBEHHOI'O A3DBIKA,
CYIITHOCTH SA3BIKA WHIAKATOPBI SA3BIKA
SI3BIKA SI3BIK
[IPOYTEHNS, IPOYTEHNS, MIPOYTEHUSI, [IPOYTEHNs,
Buonndopmaruka MIPOYTEHUS
asiaBuT asasur MYTaIllN, T€HBI | OMTHOKM
CHHTAKCHIECKUE | TEKCT IIPO-
Kommumsropsr
KOHCTPYKIIUA | TPAMMBI

GOLHVUAVEHN XI9EOLOHL dOgd() FE)

I¢
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He mist Bcex paccMOTpeHHBIX 0bJIacTeil ObLIN MPEIIOXKEHbI HHBAPHAHTEI
BCEX IIECTU BBIJIEJIEHHBIX THUIIOB, UYTO MOXKET IIOC/IY?KHUTh HAIIPaBJIEHUEM
JaJIbHeAux uccjiegoBanuii. Kpome Toro, st mOCTpOEHUsI HHBAPUAHTOB
HCIIOJIb30BaHbI HE BCE BO3MOYKHBIE €JIMHUIIBI PACCMATPUBAEMBIX 00JIacTeil.
Hamnpumep, B rpade MOKHO 3allyMJIsATh IIPOILYCKHBIE CIIOCOOHOCTH U JIPYTIUe
xapakTepuctuky BepmuH 1 pébep (BC), a camu péGpa nepecrasists (PR) npu
xpaHeHnu rpada B BUJE CIIHUCKOB CMeXKHOCTH. B 06/1acTi ecTeCTBEHHOTO
SI3BIKA MOYKHO HOIBITATHCS UCIOJB30BATH BEKTOPHOE TIPEJICTABJICHNE CJIOB JIJIs
npuMeHeHus JuHeiHbIX npeobpasosanuii (LT). B obuactu pacnosnaBanus
00BEKTOB Ha N300parKEeHUIX MOKHO HCIIOJIB30BATD M300PaKeHUA-KOJJIAXKN J1JIsd
cpaBuenust pe3ysnbraros (UD). [liist 1OMCKOBBIX 3aPOCOB MOYKHO M3MEHSITh
napamerp Guibrpa B 60bIny0 win MeHblnyto cropory (LT), cpaBuuBarn
KOJIMIECTBO OTBETOB JIJIs PA3HBIX OTPE3KOB 3HAYEHUIT PACCMATPUBAEMOIO
napamerpa (UD)— nanpumep, 4ro obree KOJMIECTBO OTBETOB PABHO CYyMMAM
KOJIMIECTB OTBETOB [JIs JIBYX IOJIOBUH 9TOTO OTPE3KA.

Takum obpaszom, mosrydeHHas Tabauna 0TobpakaeT CJIelyIONHii aJrOpUTM
COCTaBJIEHHUs] MHBAPUAHTOB: UCCJIE/IOBATE/IN PACCMATPUBAIOT MUHIMAJIbHBIE
€JIMHUITBI B IIPDEJIMETHOI 00JIAaCTH M IIPUMEHSIIOT K HUM IIpeoOpa30oBaHUs
13 MIECTU YKa3aHHBIX Ipymil. Eciau npu 3ToM yaaércs 0JJHO3HAYHO CKa3aTb,
K KaKOMY M3MEHEHUIO OTBeTa JIOJZKHO IIPUBOJIUTH IIPE0OPA30BaHKe, II0JIyYaeTCs
TECTOBBIA MHBADUAHT.

7. Opyrve meTtoabl NOsy4eHUst N NPUMEHEHUA UHBAPUAHTOB

[TomuMoO 1OJTyYeHUsST MHBAPUAHTOB HAIIPSIMYIO M3 IIOCTAHOBKU 33JIa49U A
CBOICTB MOJIEJIH, BO3MOXKHO COCTaBJIEHHEe KOMIIO3UIIUN Y2Ke CYIIECTBYOIINX
WHBAPUAHTOB, MCIIO/JIb30BAHNE METOJIOB MATEMATUIECKON CTATUCTUKY JIJIsI
IIPUMEHEHUs K CTOXACTUYECKUM CHCTeMaM, KOMOMHUPOBAHUE C JIPYTUMU
MeTOJJJaMM. 9TI/I IIpI/Iél\/IbI TaK>Ke CIIOCO6CTByIOT IIOJIyYE€HNIO HOBBIX, MHOI'/Ia
6osiee 3(pHEKTUBHBIX NHBAPUAHTOB, ITIO3TOMY PACCMOTPHUM HUX TOpobHee.

ITpuMmeHeHNE METONOB CTATUCTUKN B TECTHPOBAHUN WHBAPUAHTA-
mu. [Ipu npumeHennn TecTUpoOBaHusI HHBAPUAHTAMU K CTOXACTHUIECKUM
CHCTEMAM MOI'YT BO3HUKHYTH CJIydalHbIe OIMUOKH, TI0O3TOMY JIJIsl IIPOBEPKHU
[IPABUJILHOCTH MHBAPUAHTOB MOTI'YT IIPUMEHATHCH CTATHCTHIECKHE TTOIXOIBI.
Osra u3 mepBbIX paboT M0 IPUMEHEHHUIO CTATUCTUKH B TECTUPOBAHUU HHBAPHU-
anramu [30] B KauecTBe IpuMepa PacCMATPUBAET TECTUPOBAHUE CBONCTB
peaJiu3alui KOHKPETHOI'O CTATUCTUYECKOIo pacipenesenus. B Oosee no3gaux
paboTax BCTpEUaeTCs IPUMEHEHNE METOJIOB CTATUCTUKHU JIJIsi OIIPEIeJIeHUsT
BoinosiHeHnst naBapuanTos: ANOVA [54], parrosas koppesnsiius Crmpmena
[59], kpuTepnii [Tt TPOBEPKY HAINYHUS CTATUCTUIECKN 3HAUAMBIX PA3IMINLL
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[60,61]. O6obimenne sTOro MOAXO/A IpeIaraercs B pabore [74]: TecToBbI
UHBAPHUAHT [IPEJCTAB/IACTCA B BUIEC KOMIIO3UIMU [IPOLEYPBI [IOJLY YCHUS
BBIGOPKU U CTATUCTUIECKOTO KPUTEPHSL.

ITouck muaBapmanTOoB. He Bcersia mHBapHMAHTHI JIETKO BBIBOIATCS
13 TIOCTAHOBKU 339l WJIM MOJIEIU ajirOpuTM™Ma pernerus. Kpome Toro, 3Tor
[IPOIIECC Ha, TEKYIIUil MOMEHT ILJIOXO aBToMaTu3upoBaH. [losTomy oTmesibHOE
HAIPaBJIEHNE B TECTUPOBAHWU WHBAPUAHTAMMU IIOCBSIIEHO [TOUCKY WHBAPUAHTOB
[62,63]. B pabore [64] nnBapuaHThbl MILYTCS B BUJIE MOJMHOMUAIBHBIX (DYyHKIIHIA,
a B [65] mouCK NPOM3BOAUTCA [UHAMIYECKH 110 KATENOPHUIM UCXOJHBIX JAHHBIX
u orBeToB. Pagora [66] mpenmaraer ucnoab3osanme atropurma SVM Ha rpadax
IIPOrpaMM JIJIsl IPEJICKA3aHNsT NHBAPHAHTOB. TaKk:Ke IpeJIoXKEeHa Ules TIOMCKa,
OIUCAaHUI Ha €CTECTBEHHOM sI3bIKE, KOTOPBIE MOXKHO IIpe00pa30BaTh B TECTOBBIE
MHBApHUAHTHI [67].

CrenuajgbHble BUAbI 1 KOMOO3UIMN WHBAPUAHTOB. B oJ1HOI
u3 paHHuX paboT [68] mpesyioxkeHa uues UTEPATUBHO HOAOUPATH MCXOIHBIE
JIaHHbBIE JIJIsl TECTOBBIX CJIy4yaeB. DTa ujes passura B pabore [69]: mis
TECTUPOBAHUS JIMHEHHON MOJIE/IA HAIIPSMYIO UCIIOJIB3YETCsl OTBET, ITOJIy Y€HHBII
B pe3yJIbTaTe MEPBOTO TECTOBOTO 3amycKa. B pabore [39] mpesoxkena umes
MHOT'OMEPHBIX MHBApUAHTOB. B paboTe 1Mo oOHAPYKEHUH OIMINOOK HA OCHOBE
criekTpoB [70] BBOAUTCS NOHsITHE MHBAPUAHTHOrO cpe3a (metamorphic slice).

Panneit paboToii 110 KOMIIO3UIUAM HHBAPHAHTOB siBjsieTcst pabora [71].
B Heit paccmarpuBatoTcs CI0KHBIE (DYHKIINU-KOMIIO3UINY, & TAKXKe MOKa3bIBa-
ercst, 9T0 3PHEKTUBHOCTH KOMIIO3UIIMHA OOBITHO MPEBOCXOANUT P (HEKTUBHOCTH
OTJEJbHBIX UHBAPUAHTOB. B crarbe [72| npoBeieHo TeopeTudeckoe ucciieno-
BaHUE BO3MOYXKHOCTE KOMITO3UIIMN U PACCMOTPEHBI HEKOTOPBIE IIPUMEDHI.
B pa6ore 110 mpoBepke reorpadudeckux cucTeM |73] HComb3y0TCs KOMITO3H-
uu nHBapuanToB Bua z(y(x())) ¢ 2-4 ypOBHSIMU BJIOXKEHHOCTH, IPUIEM
UCIOJIb3yeMble [IPOCThIe HHBAPUAHTHI [IPEIHA3HAYEHBI JJIsi IPOBEPKU Pa3HBIX
CBOJICTB: TECTOBBIX TPEOOBAHUI, CBOWCTB IIPOTPAMMBI, CBOICTB aJITOPUTMA 1
1.71. B pabore [34] upeiiozken MeTo| COCTABIECHNS KOMIO3UIUIT MHBADUAHTOB
JIJISI CHCTEM C ITOMOIIBIO JIOTUIeCKUX (DYyHKIIHIA.

Kombunamun ¢ apyrumm merogamu. B pabore [21] Tecruposanue
WHBapUAHTAMU KOMOUHUPYeTcs ¢ Ha33nHrOM: JAHHBIE JIMapa HEMHOTO
HCKAYKAIOTCsT TPOU3BOJIBLHBIM 00pa30M, UTO MMO3BOJISIET OIEHUTDH YCTONYIUBOCTD
cucreMbl. VIHTepeCHBIM IIPUEMOM SIBJISIETCS] UCIIOJIb30BAHME TECTUPOBAHMSI
MHBApUAHTAMH ¥ &JAITHBHOIO CJIYYAiHOro TecTnpoBaHus [75]: npu rexeparuu
MTOCJIEIYIOIIEr0 TECTA U3MEPSIJIOCh PACCTOSHUE 0 TPEX MPEIIIeCTBY IOIIIX.
Kpome aroro, TrectupoBanre mHBApUAHTAME TPUMEHSIETCS B OOHAPYKEHUT
ommbOK Ha OCHOBE CIEKTPOB [70| 1 B COYETAHNN € TEHETHIECKUMHA AJTOPUTMAME

[76].
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3akntoyeHue

CucremMaTaecKn pacCMOTPEHBI METOJIMKY TIOCTPOEHUST TECTOBBIX MHBAPHU-
AHTOB B Pa3HBIX obsacTax 3HanHuil. [IpoBesen anaau3 JOCTYIHON JIUTEPATYDHI,
BBISIBJICHBI HAOOJIEE YACTO BCTPEUAIOIINEC TTPUEMBI U TIOPOOHO PACCMOTPEHBI
TIOMYJIAPHBIE 00/IACTH MPUMEHEHUS TECTUPOBAHUST NHBAPUAHTAMH.

B pesynbrare ncciienoBanus

* BBIJIEJIEHO IIECTh YaCTO BCTPEUYAIONUXCS TUIIOB U3MEHEHUN MCXOHBIX
JIAHHBIX, MCIIOJIL3YIONUXCsI [P COCTABJIEHUN TECTOBBIX UHBAPUAHTOB:
JITHEHBIE TPe00Pa30BaHUsI, CUMMETPHH, IEPECTAHOBKH, JI00ABJICHUE WA
yJIaJIeHne 9JIEMEHTOB, 3aMeHa WK 3alllyMJICHHe, a TaKyKe 00benHeHne
win pa3dueHne Ha JaCTH;

IIpoaHaJIM3UPOBaHbl UHBaAPUAHTHI JIJId 3a/Ja9 U3 PA3HbIX obJiacreil 3HaHU
u IIPpOBE/IEHO UX CpaBHEHUE,

pacCMOTPEHbI HEIIpAMbIE METO/IbI IIOJIyY€HNsA MHBapUaHTOB, TaKHe
KaK CO3J/1aHue KOMHOBI/IHI/Iﬁ UMEIONIUXCd NHBapuaHTOB, IPUMEHEHNE
CTATUCTUYIECCKHUX IIOJAXO/I0B, KOM6I/IHI/IpOBaHI/Ie C ApyruMm MeTOoJaMHu.

IIOJIyY€Ha CBOJHAaA Ta6m/1ua OCHOBHBIX U3MEHAEMbBIX €IWHHUIL B KazK-
,ZI;OfI 00JIACTHU W BBISBJIEHBI BO3MOXKHOCTH IJIdd COCTaBJICHHA HOBBIX
NHBapUaHTOB.

Pesynbrarsr mpoBeAéHHOrO aHAMN3a MOTYT CIIOCOOCTBOBATD MTOCTPOEHUIO OOIIEt
YHUBEPCAJILHON TEOPUH TTOUCKA TE€CTOBLIX WHBAPUAHTOB, TOIYJISIPU3AIINI TECTHU-
pPOBaHWsI MHBAPUAHTAMH, BOSHUKHOBEHUIO HOBBIX MIPUJIOKEHUI U TEXHOJIOT Ui
ABTOMATH3AINY TeCTUpOBaHus. Mbl HajieeMcs, YTO HaIma paboTa TOMOYXKET
MCCJIeI0BATE IsIM IIPOIIE U ObICTPee IPUMEHSITh 9TOT METOI.
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right
input answer
X program > Y

test oracle

FIGURE 1. An example of checking the test. The role of the

oracle is to compare the answer with the right one.

Introduction

Software quality control is a crucial part of the development process.
At this stage, one verifies that the software meets all the set requirements,
which means it will behave in an expected and previously known manner.
Software deviations from the stated requirements regularly become the
causes of aircraft crashes, self-driving car accidents, failures of space
missions, and data security breaches [1]. Non-compliance with the
requirements is a good reason for modifying the developed system or
decommissioning the one already in use.

Software testing is one of the methods for quality monitoring during
the software development process. Software testing identifies incorrect
program behavior, violations of functional and non-functional requirements,
and usage scenarios not provided in the documentation. A test oracle [2] is
a function that determines the correctness of a program’s response. The
simplest test oracle compares the program response with a previously
known answer (see Figure 1).

A more complex example could be an oracle that checks the correctness
of the Hamiltonian path in a graph: it is enough to check the inclusion
of all vertices of the graph in the path with the connecting edges; this test
does not require an answer known a priori. In poorly formalized cases, if
the requirements are inaccurate or a high level of expertise is necessary,
then a user, an expert, or another program can be taken as a test oracle.

When testing knowledge-intensive, non-deterministic, distributed
software systems, the so-called test oracle problem became a significant
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obstacle. The test oracle problem [3] is the difficulty in devising test
oracles, especially automatic ones. The problem is relevant in situations
that require exhaustive search to find an exact solution. Such situations
appear in bioinformatics and combinatorics, in machine learning tasks due
to the costly process of test data collection and labeling or tasks of creating
artistic objects due to the need for human evaluation of conformance to
the poorly stated requirements. However, there are various methods to
approach this problem. Property-based testing, for instance, checks the
fulfillment of a given relationship between the inputs and outputs of a

program. Metamorphic testing is a variation of this method.

1. Metamorphic testing
1.1. Definitions and examples

Metamorphic testing [4] is used in many areas and has several
development directions [5,6]. The idea of the method is to check
a metamorphic relation between stimuli and responses instead of the
correctness of each specific program response. A metamorphic relation is

a function calculated on several program inputs and outputs:

(1) R(l‘l,l‘g, .. -7xnaf(x1)7f(x2)7 - ,f(l‘n)) — {0’ l}a

where n > 2 denotes the number of runs in the test case, z; — input data
for the -th run in the test case, f(z;)— the ¢-th output. The metamorphic
testing technique consists of the following steps. First, we set the procedure
for obtaining input data which can involve using a data generator. Next,
we run the program on generated inputs in the test case and check the
if the relation holds. If there are input data for which R is zero, then
there are errors or non-compliances with the requirements. Thus, instead
of directly checking the answers, the method uses the so-called derived test
oracle [6]. The construction of such a relation for a number of problems
can naturally follow from the properties of the problem solved by the

program and can be simpler for a program developer or researcher.
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program
1(X,Y) O(X,Y)

FIGURE 2. A simple example of metamorphic testing. The
metamorphic relation is a function R(z,y, X,Y) = I(z,y) N
O(X,Y). Presence of dependence I(z,y) between test inputs
should cause the presence of the dependence O(X,Y") between
outputs.

A common metamorphic relation has the following statement. If two
elements of the input data sequence satisfy some relation I, then the two
corresponding program responses must satisfy the relation O (see Figure 2):

(2) R($1,$27 s 7$n7f(x1)a f(x2)7 < 7f(mn)) =
- I(Z1,$2, s 7xn) n O(f(‘rl)af($2)a s 7f(xn))7

where [ is the transformation of the input data, O is the expected
relationship between the outputs, n > 2 is the total number of test runs
in the test case, x; is the input data for the i-th run in the test case, and
f(z;) is the i-th program output (see Figure 2). We will consider relations
under the conditions that test runs are independent and that the initial
state of the program in each run is known.

As an example, let us describe several metamorphic relations for
checking the correct execution of queries to a relational database containing
a table T' = a|b|c|..., where a, b, ¢ are the table columns.

» Let A and B be two search conditions. Then the answer of a query
with condition A N B is a subset of the answer of a query with
condition A (similar to B).

+ Let A be a search condition. The answers to the query with condition
A and the query with condition = A do not intersect.
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» Let A be a search condition. The number of answers to a query with
condition A when sorting in ascending order of column a and when
sorting in descending order of column a is the same.

1.2. Terminology

Metamorphic testing is rarely discussed in Russian scientific literature,
so it does not have a common terminology in Russian. Some researchers
use the term wmemamopdroe mecmuposarue which is the literal translation
of the English term metamorphic testing.

Authors use terms mecmuposanue unsapuanmamu (invariant testing)
for metamorphic testing and mecmoswii uneapuanm (test invariant)
for metamorphic relation in Russian text. Such terms are much easier
to understand and to remember due to the simple close relation with
the definition. In mathematical literature, invariant means a value or
a property that is constant in the situation under observation. Test
invariant usually means a function that preserves its value if the parameters
change as expected. In physics, an invariant has a similar meaning, for
example, in the phrase time translation invariance. The formula 1.1 defines
such a function, so by meaning metamorphic relation we assume a test
invariant. Moreover, a test invariant can be derived as a corollary from a
mathematical model of the problem solved by the program. So the used
terms mecmosuill unsapuanm and mecmuposanue UHEAPUAHMAMY are
suitable translations from English.

2. Research goals and methods

At the current stage of the development of metamorphic testing,
one of the unsolved problems is developing a methodology for devising
metamorphic relations. A widely applicable method is still missing for
programs that solve different applied problems in many areas. This leads
to a effort-intensive compilation of metamorphic relations practically from
scratch in each specific case.

In this study, we set the following tasks to overcome difficulties
in devising metamorphic relations.

(1) Identify common and reusable techniques (patterns) for devising
metamorphic relations in different problem areas. The results are
given in Section 4.



ENZRY A SYSTEMATIC REVIEW OF METAMORPHIC TESTING 67

(2) Determine specific traits of metamorphic testing for machine learning
and data analysis programs that may allow for constructing more
effective relations. More details are in Section 5.

(3) Identify indirect methods for obtaining the relations, as well as ways
to combine relations with other methods in order to simplify the
use of metamorphic testing in non-standard cases. The results are
collected in Section 7.

(4) Identify omissions and opportunities for further development of meth-
ods for devising metamorphic relations. The results are given in
Section 3 and Section 6.

We apply a systematic review method [7] to achieve the goals of the
study. B. Kitchenham proposed this method for conducting meta-research
(secondary study) in software engineering. This method can improve the

reproducibility of the results and the validity of the conclusions.

To select publications, the following criteria were used: novelty,
publication in the period from 2018 to 2023, accessibility to the reader,
relevance to the research topic, detailed and clear description of the test
invariants used, the presence of practical results in the work, and the
possibility of generalizing the ideas used and techniques. The quality of the
proposed invariants was not considered a search criterion, since the total
number of studies on the topic is not enough to apply statistical methods

for determining the average effectiveness of a particular invariant.

In order to outline the basic results of invariant testing, the review also
includes seminal works in each area, some of which were published before
2018. To select them, the following criteria were used: relevance to the
topic, citation, depth and versatility of the proposed ideas and methods,
and practical value. The search followed the same rules, but no publication
date restriction was applied. During the search, lists of sources from the
most famous English-language review articles [4,6] on this topic were
additionally used. Also, seminal works have been replaced by sources that
cite and reuse test invariants from these earlier works without significant

modifications.
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We searched for publications in Google Scholar in English using

YORN14 bR 1S

the keywords “metamorphic testing”, “metamorphic relation”, “neural

RRANNAS RIS

network”, “classification”, “maps”, 7,

graphs”, “natural language processing”
and combinations of these words. We identify some additional publications
by reviewing the reference lists from these publications. The presence
of the word “metamorphic” in the source text is necessary since there are
no alternative names for this method in the English literature. The search
excluded patents and citations, review articles on related fields and various
testing methods, and articles that only mentioned usage of metamorphic
testing. The search was conducted from June 14 to September 13, 2023.

We found more than two thousand publications using the keywords
“metamorphic testing” for the period from 2019 to 2023. This fact indicates
the relevance and interest of researchers in this topic. We selected and
studied about 120 papers and included 66 of them in this study.

We also searched for Russian-language publications in eLibrary. We
found only one work on the topic, a short paper [8], and one article from
a related field of verification of flowcharts [9].

We reviewed a description of the subject area, the solved problem,
and the relations proposed in each publication. Then, we grouped this
information by subject areas and identified the most popular ideas and
techniques in each area. We also selected a brief description of the method

from the reviewed articles that describe techniques for devising the relations.

Finally, we generalize the selected approaches. At this stage, we form
a classification of methods for developing metamorphic methods based
on input data transformations. Using this classification, we describe

patterns for developing relations that can be applied in many areas.

3. Classification of metamorphic relations

An analysis of the selected metamorphic relations showed that they
could be rewritten in the same form (2). We formulated a classification

of metamorphic relations based on the types of input data transformations
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TABLE 1. Classification by transformation of input data

Transformation Meaning

linear transformation (including increasing or

LT li f . e
inear transform decreasing, multiplication by a constant)

reflectional and rotational symmetries,

SM t i i
Symmetry symmetrical relations and others

PR permutative permutation of elements of initial data

IE inclusive / exclusive | inclusion/exclusion of elements from a set

replacement or modification,
adding random noise

BC blur / change

UD unite / divide merging or splitting input data

I (see table 1). These transformations allow us to obtain the input data

I(xy,x2,...,%,) for metamorphic relations.

The classification we describe does not include a few rare metamorphic
relations tied to a specific problem so that their generalization is currently
of no interest. A few examples of such relations are described in section 4.2.

4. Patterns for devising metamorphic relations

In this section, when we describe the methods used in the literature for
compiling metamorphic relations, we will immediately indicate in parenthe-
ses, which of the previously identified classes it belongs to. For example,
multiplying numerical parameters by a non-zero constant can be classified
as linear transformations (LT).

4.1. Common techniques

Popular techniques for testing models and algorithms are changing
parameters, rearranging equivalent parameters, and adding noise.

Often, researchers use a parameter change (LT) to clearly predict the
change in the result (whether it will improve, worsen, change by a known
amount, or not change at all). Examples include changing the number
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of computing devices [10], changing the parameters of the epidemiological
model [11,12], parameters and hyperparameters of neural network models
[13].

Permutations of equivalent parameters or inputs (PR) are a popular
method. Frequently, one can expect the same output of the program
execution. For example, permutation of users of cloud services [10],
operations performed under multi-threading conditions [14], and input
data in stochastic optimization [15] should not affect the program output.
The order in which one adds requirements when booking a hotel using
a bot [16] should not affect the search results.

Adding noise (BC) is a widely used technique: errors [17,18], noise
[19-21], distortions [22], use of language features [23]. Usually, researchers
expect that the added noise will not change the output, or at least will not
improve it. If one replaces the original data (BC), the result usually be
expected to change. For example, we can cite the already mentioned
relation from section 1 with the conditions A and —A. With such a change
in the input, the output should completely change and not intersect with
the previous one.

Adding or removing parts of the source data (UD) is less common. For
example, adding new users of cloud services [10], adding and removing
language units from the text [24], parts of the input data [18,25].

The technique of using symmetrical inputs is fruitful in the areas
of imagery and geoinformatics. For example, reflection of a chessboard [26]
when testing chess playing algorithms, reflection of images relative to the
axes [27], time reversal of video sequences [27], rotations and reflections
of card images [28], reflections of detected data clusters over a line [29].

4.2. Using the properties of the mathematical model and the
subject area

One can use the properties of a mathematical model of the problem or
a program to obtain metamorphic relations. For example, Guderlei et al.
[30] compare the sampling results to the given statistical distribution.
Researchers test deep neural network compilers [31] by adding source code
that leads an equivalent program but changes the resulting computational
graph (IE). Both the properties of the chessboard and the ranking of the
pieces are used to test chess algorithms [26], for example, reflections of the
board (SM), replacement of the pieces with ones of a different color (PR),
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or stronger or weaker ones (BC). In article [32], the authors propose
to apply matrix transformations (LT) and modulo operations (LT) to
construct metamorphic relations for testing hashing algorithms that use
matrix transformations and the RSA algorithm. Removing particular bits
in the message (IE) and splitting the message into parts (UD) are applied
to test another hashing algorithm [33]. In these cases, the hash value
should change after transformations.

Sometimes, domain features are useful for constructing metamorphic
relations. Testing a comparative genetic analysis system [34] uses the
ability to separate mutations into non-overlapping classes. The work
on testing driver assistant systems [35] uses some considerations about
labeled maps; for example, highways and buildings do not have common
areas, and forbidden parts of some paths do not intersect other paths. The
work on testing an application with a microservice architecture [36] uses
the features of the payment system. For example, the sum of creditor
and debtor balances should remain the same after moving data from one
microservice to another.

5. Methods for devising metamorphic relations in different areas
5.1. Search algorithms

When testing search algorithms, one checks if the program output
changes in the expected way after adding or removing search conditions
(IE). New elements should not appear in the output after adding a new
condition [36,37], and old ones should not disappear after removing
a condition. A paper on testing the hotel booking bot uses changing the
order of adding search terms (PR) [16]. Another paper [27] uses symmetry:
search results sorted in descending order can be obtained from the results
sorted in ascending order after reversing (SM). The product price should
not depend on the search query (BC) [27], and the search results should be
the same for different languages (BC) [27] and for users around the world
(BC). Such a relation would test if outputs differ due to the inconsistencies
among different database replicas in a distributed system.

5.2. Machine learning and data analysis

Due to the complexity of testing machine learning systems and data
analysis algorithms, researchers propose many interesting techniques
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and transformations of input data. One of the common techniques is
a repartition of the training dataset (UD). For example, adding or excluding
an element from the data sample [29,39,40], adding or excluding entire
classes [39,40], duplicating elements of the training set [39], changing
labels of data elements (BC)[40], addition and exclusion of features
(IE) [29,39,40]. The exclusion of non-important features should not
significantly change the classification quality, and the exclusion of significant
ones should not improve. Permutations (PR) of features [39,40], class
labels [39,40], elements of the training set [29], as a rule, should not
significantly change the final quality of the classifier. A paper on testing
prediction tools for protein properties [41] uses transformations of proteins
that are guaranteed to change their function (BC), and the model should
also change the prediction.

Linear transformations (LT) are less popular in this area. One can
use the application of an affine transformation to sample features [40],
rotations, and transformations of the coordinate system in space [29]
(such transformations should not significantly affect the program output).
Xie et al. [29] propose several more techniques for testing clusterization
algorithms: compressing selected clusters to their centers (LT), adding
elements inside the convex hull of clusters (UD), and adding outliers (UD).
The idea of symmetry (SM) results as a technique of reflecting clusters over
a line [29].

5.3. Deep learning and neural networks

One can use the methods proposed for testing machine learning models
to test deep neural networks. For example, linear feature transformation
(LT) [13,19,42]), permutation of class labels (PR) [13], repartition
of data into train and test samples (UD) [13], data duplication (UD) [13],
increasing or decreasing the learning algorithm parameters (LT) (e.g.
learning rate, the o parameter in the nonlinear activation function ReLU,
the number of training epochs, the number of neurons in layers [13]).

Another set of techniques is applied for testing image processing
algorithms. Checking for quality of facial recognition uses changing the
hair color, eyebrows, and sex, and adding glasses, mustache, and beard
(BC) [43]. Testing of self-driving cars involves changing the weather (BC)
[44,45] or replacing the background (BC) [46] on the pictures. Xu et al.
[47] propose the idea of using inequalities for the detection logits on the
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image and on its parts (UD). Other techniques use symmetries (SM):
reflection [27], video reversal [27], as well as perspective transformations
(LT) [48] and brightness change (LT) [48]. A new idea is to add watermarks
(BC) and masks (UD) [48]. Park et al. [49] add new objects to the images
(UD) to test the model.

One can check robustness of the model with noise reduction (BC)
[19-21] and data distortion (BC) [22]. Another technique is to use the
permutations of elements of the training sample (PR) [42], training and
target features (PR) [42], image channels [48].

5.4. Natural language processing

A connection between changes in the text and changes in its meaning
or other parameters under consideration is unclear. Therefore, input
data transformations that do not change the system output are the most
popular for testing natural language processing systems. Thus, techniques
for input data transformation use the spelling and grammar features
of languages, for example, English and Chinese.

A common technique is to add a substitution that should not change
the program output (BC). Replacement of a morphological or semantic
entity property, for example, gender [50], is used to recognize discrimination.
Robustness check uses the replacement of a word with its synonym,
translation into another language or an unrelated word [16,23, 51],
replacement of symbols with similar ones (visually or phonetically) or
with "’ [23]. Other transformations are voice change (BC), replacement
of certain words, for example, «before» with «after» (BC), change in the
order of sentence members (PR) [51], noise with typos (BC) [23], word
skipping (IE) [16]. Wang et al. [23] propose several more ideas for systems
to analyze the Chinese language: splitting words and characters into parts
(UD), merging letter combinations (UD), rearranging letters in a word
(PR), abbreviating to an acronym (UD), inserting special offers-indicators
(IE) for recognition. Such transformations can be fruitful for assessing the
robustness of the model.

In automatic translation, the replacement of a noun for another
helps to determine translation consistency (BC) [52]. One can also use
symmetries (SM): the source text and its back translation from another
language [27,53]; direct translation from language A to language B and
translation from language A to language B via a third language C [54].

Researchers successfully apply metamorphic testing to named entity
recognition systems. An article [24] on recognizing entities in the text uses
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transformations that preserve existing entities: paragraph permutations
(PR), permutations of a list of added random words (PR), and sentence
merging. Adding and deleting random words, sentences, and paragraphs
(UD) should not result in the disappearance of previously recognized
entities. Sun et al. [55] use swapping entities (SM) and replacing entities
(BC) to test a system that searches for relationships between entities.
These transformations do not affect the existence of the relationship and
use its symmetry.

5.5. Graph models. Geoinformatics

Graph models are used for various tasks like searching for routes [28]
and modeling gene interactions [17]. One can structurally modify the
graph model by adding or removing vertices and edges. For example, Chen
et al. [17] consider a tool for modeling gene regulatory networks. They use
transformations that obviously increase or decrease indicators, for example,
changes in the edge or vertex parameter (LT), adding or removing vertices
and edges with different properties (IE). The work [56] on testing a model
that simulates the spread of news in a social network also uses changes
in parameters with predictable results: changes in weights, types, and
parameters of neighboring vertices, and others.

Important mathematical properties of the graph model for geographical
data are the symmetry of the reachability and the triangle inequality.
Based on them, several authros propose to swap the beginning and the
end of the route (SM) [27,28] and apply the triangle inequality to the
lengths of routes A-C-B and A-B (UD) [28] and to their costs (UD)
[38]. The triangle inequality also applies when adding and removing
obstacles (IE) [28], adding conditions (IE) [38]. Some relations use
robustness assumptions (BC): a small change in the starting points does
not dramatically change the program output [38], and the same request
after a short period of time results in the same output [27].

In cartography and route planning software, researchers additionally
use transformations that change only the presentation of the map image.
For example, changing the coordinate system [28] (LT), rotational
symmetries, and reflecting the map over a line [28] (SM). As a result, such
transformations do not change the output. When the scale of the image is
changed, they change the path length proportionally.

Igbal et al. [35] use domain-specific features of labeled maps. They
check that each path has at least one start and one finish, every roundabout
has an entrance and an exit, and the forbidden parts of some paths do not
intersect other paths.
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5.6. Bioinformatics (texts)

Metamorphic testing is applied to testing aligners. An aligner is
a program that determines the coordinates of small sections of nucleic acids
read by a sequencer (so-called reads) on the reference genome. If an aligner
calculates the read coordinates successfully, this read is called mapped;
otherwise, it is called unmapped.

The use of inverted reads [17,18] is an example of reflections.
Researchers also propose changing the order of reads in the input (PR)
[18], permutation of letters in the alphabet (PR) [17], adding [18,25] and
deleting [18] reads (UD), using only mapped or unmapped reads (UD)
[18,25], reads expansion (IE) [18], adding and removing sets of reads (UD)
[17], changing the maximum allowed number of mismatches [17]. Also, one
can add [17] and remove [17,18] errors in reads (BC), replace errors
with errors of a different type (BC) [17]. These operations may require
a comparison of reads with the corresponding regions of the reference
genome.

5.7. Compilers

A compiler is a program that converts code written in a programming
language into a set of machine codes. The main idea used to test compilers
is to create a program equivalent to the original one. Donaldson et al. [57]
add dead code and identity functions (IE). Le et al. [58] use program
reduction (BC) through sophisticated code coverage analysis.

Nowadays, some specialized compilers transform a high-level deep
neural network model into optimized executable code. Xiao et al. [31] add
complex constructions to test such a compiler. These constructions create
a duplicate of the initial program but change the resulting computation
graph (IE).

6. Analysis of the application of methods for relation construction
by areas

We compile a summary table 2 based on the input data transformations
patterns. The table cells contain objects, parameters, and properties.
The column indicates the method of input transformation, and the row
indicates the area. One can note that these transformations often change
the minimal indivisible units from the area under consideration, such as
a vertex or an edge of a graph, a sample element, a language unit, or their
representation in computer memory.
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We were not able to find relations of all six identified types for all the
considered areas, which may serve as a direction for further research.
In addition, discovered relations have not yet used transformations of all
possible units of the areas under consideration. For example, one can add
noise to the capacities and other characteristics of vertices and edges in a
graph (BC) and rearrange the edges themselves (PR) when storing the
graph in the form of adjacency lists. In natural language processing, one can
try to use the vector representation of words to apply linear transformations
(LT). In object detection, collage images can help to compare results (UD).
For search queries, one can change the filter parameter (LT) and compare
the number of responses for different parameter ranges (UD). For example,
the total number of responses equals the sum of the number of responses
for the two halves of this range.

Thus, the resulting table shows the following algorithm for compiling
relations. Researchers consider the minimal units in the subject area and
apply transformations from the six specified groups. One can obtain
a metamorphic relation if it is possible to say unambiguously what change
in the output the transformation should lead to.

7. Other methods for metamorphic relations

In addition to obtaining relations directly from the problem statement
or model properties, it is possible to make compositions of already existing
metamorphic relations, combine them with the methods of mathematical
statistics for application to stochastic systems, and combine them with
other methods. These techniques also help to obtain new, sometimes more
effective, relations, so let us consider them in more detail.

Application of statistical methods in metamorphic testing.
Random errors may occur during the testing of stochastic systems with
metamorphic testing, so one can use statistical approaches to verify the
correctness of relations. One of the first works on statistics in metamorphic
testing [30] considers testing the properties of a specific statistical
distribution implementation as an example. More recent works use
statistical methods to determine the fulfillment of relations (ANOVA [54],
Spearman’s rank correlation [59], a criterion for testing the presence
of statistically significant differences [60,61]). The work on testing
multi-armed bandits [74] proposes another generalization: the relation is
defined as a composition of the procedure for obtaining a sample and
a statistical criterion.
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Search for relations. Relations are not always easily derived from
the problem statement or model of the solution algorithm. In addition, this
process is currently poorly automated. Therefore, a separate direction
in metamorphic testing considers searching for approaches for metamorphic
relations [62,63]. Zhang et al. [64] propose an approach for searching
metamorphic relations as polynomial functions, and Sun et al. [65] search
the relations dynamically by categories of inputs and outputs. The work
[66] proposes the SVM algorithm application on program graphs to predict
relations. Blasi et al. [67] propose to search for descriptions in natural
language that can be converted into metamorphic relations.

Special types and compositions of relations. One of the early
works in this field [68] proposes iteratively selecting input data for test
cases. The paper [69] develops this idea and applies it to testing the linear
model. The output of the first test run is used to get the next one. The
work [39] proposes the idea of multidimensional metamorphic relations.
The work on spectrum-based fault localization [70] introduces the concept
of a metamorphic slice.

An early work on relation composition [71] examines non-trivial
composition functions and shows that the defect discovery effectiveness
of the composition usually exceeds the total effectiveness of individual
relations. Authors of [72] conduct a theoretical study of the possibilities
of composition and discuss some examples. The article on checking
geographic systems [73] uses relations compositions of the form z(y(x()))
with 2-4 functions, and uses the simple relations intended to check various
properties: test requirements, program properties, algorithm properties, etc.
The work on testing a bioinformatic pipeline [34] proposes a method for
compiling compositions of metamorphic relations for systems using logical
functions.

Combinations with other methods. Metamorphic testing can be
combined with fuzzing. hl1Zhou et al. [21] slightly distort the LIDAR
data, which makes it possible to evaluate the system’s robustness. An
interesting technique is the use of metamorphic testing and adaptive
random testing [75]: when generating a subsequent test, the distance to
the three previous ones is measured. In addition, metamorphic testing is
used in spectrum-based fault localization [70] and in combination with
genetic algorithms [76].
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Conclusion

This systematic review examines methods and patterns for constructing
metamorphic relations in various fields of knowledge. We analyze the
available literature, identify the most frequently applied techniques, and
examine popular application areas of metamorphic testing in detail.

As a result of the study,

« We have identified six common types of input data transformations
that are used in the formulation of metamorphic relations: linear
transformations, symmetries, permutations, adding or removing
elements, replacing or adding noise, and merging or splitting into
parts.

« We have analyzed and compared relations for problems from different
fields of knowledge;

» We have considered indirect methods for obtaining relations, such as
creating compositions of existing ones, using statistical approaches,
and combining them with other methods;

« We have obtained a summary table of the variable units in each area
and identify opportunities for compiling new relations.

The results of this analysis can contribute to the development of a
general theory of building metamorphic relations, the popularization
of metamorphic testing, and the creation of new test automation technologies
and applications. We hope our work will help researchers apply metamorphic
testing more easily and quickly.
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Beepenne

PaccmoTpensl anropuTMudecke BOIIPOCHI TOCTPOEHUST JIOTHKO-CEMAHTIYIe-
CKHUX MOJiesIell B yHUBepCaJIbHOM cuiiioructuke Lg,, KOTOpast, IO CyIIECTBY,
sIBJIsIeTCsT OOOOIEHNeM U JleTan3aleil MaTeMaTndeckoi moenu (aareb-
DPAUIeCcKOil CHCTEMBI), BKIFOUAOIEH 0HO OTHOIIeHNne C 1 BBIPOXKIEHHY IO
arebpy Byssi. Obo0OIiienHass MaTeMaTndecKasi MOJIENb JIeXKalllasi B OCHOBE
cuitoructuku Lg, ecTh ajnredbpandeckasi CHCTEMA C HEBBIPOXKIEHHON Oys1eBoit
aJrebpoil KOHEYHBIX MHOXKECTB U JIBYMsI OTHOIIIEHUSIMU CTPOIOIO BKJIIOUEHUS U
paBeHcTBa C, =.

Cwutorucruka Apucroresist 6azupyercst Ha aaredpandeckoil cucreme
C HEBBIPOXKIECHHOI OyIeBOil anredpoit MHOYXKECTB U OJHUM OTHOIIeHHeM C.

IlocTpoennast JIOTHKO - CEMAHTUIECKAS MOJIEb OIPEJIEISIETCS COBOKYITHO-
CThIO IPABUIILHO TocTpoeHHON dopmyioit (IITID) Lg, u ee ceMaHTHIECKOTO
3HAYEHUs, [IPEJICTABIEHHOTO JTUCKPETHOM auarpaMmoii Berna (A—OHTonomeﬁ).
[ITI® BuIpazkaeT JIOrHIeCKoe COAEpKAHUE MOJENN, a A-OHTOJIOIHs IIpeICTaBIIs-
eT 00beM N-apHOTO JIOTHIECKOT0 OTHOIIEHUsT ompeaeasemoro ITI1D.

B cunorucrmyeckux Teopudgax AJid IIpeJcTaB/JIeHUsl CEMaHTUKN UCIIOJIb3YIOT
OOBIYHBIE JAnarpaMmMbl Benna u mHasniBaioT mx MOJI€JIbHBIMU CXeMaMUu, a
MHO>KeCTBa, U3 KOTOPBIX OHU COCTaBJIEHbI, MO/I€/JIbHBIMU MHO>KECTBaMH.

IIpukaamaHbIe ACTEKTHI UCIOIBL30BAHNUSA TOCTPOCHHBIX JIOTUKO-CEMAHTHIE-
CKUX MojeJsieit 3aK/TI0YaI0TCS B PENIeHNN CIIETYIONNX 3a1aM.

SAIAYA 1. Janw nocviaku Py, Py, ..., Py 6 eude IIIID, doxasamv, wmo u3
Hux soeuvecky caedyem IO saxmovenus Z. Ipu smom 3adaua 1 pewaemcs
HE NYMeEM NOCMPOEHUA AO2UYECKO20 8bi800aA, G NYMEM NPOSEPKU A02UHECKO20
caedosanun PL& P& ... &Py = Z 6 cemanmuueckom cmuicae. To ecmo 6
nposepke MmMo20, YIMO BLINONHEHUE A02UYECKO20 OMHOWEHUS, BBPAACAEMO20
NOCHIAKAMU, BAEHUET, BVIMOAHEHUE A02UHECKO20 OTMHOULEHUA, 340068AEMO20
3axmoueruem. Bepudurauyus A02utecko2o caedo8aHUL OCYWECTNEAACTICH
AAZOPUMMUYECKY C UCTIOND30BAHUEM CTEUUAALHO PA3PLOOMAHHO20 UCHUCAEHUSL
KOHCIMUMYEHMHBET MHONHCECMS [5].

. L 1 Do k- b 0
3ALAYA 2. Jan cnucox nocvok Py, P, ..., P,. Bueecmu unmepechvie
C NPUKAGOHOT, MOUKY 3PEHUS CACOCTNEUS U3 HUL.

SALAYA 3. Kak HYscHO USMEHUMD NOCHLAKY, YMOObL NOAYYUMS U3 HUT
mpebyemoe caedcmeaue.
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Ora 3a7a4a B Halleil (popMaIu3auu pacCMaTPUBAJIACH B JTOKJIaJie Ha
HCK®-23 u 6yaer sBiasTbCs TEMO HaIlleil CJieyIomeil myo/JIMKaIm.

Hcmonb3oBanme oOBIMHBIX quarpamMM Benna s perrenuns 3agad 1 u 2
cucreMaru3npoBano B MoHorpaduu [2]. TpyaHocTy npuMeHeHus: TUX Juarpam
CBS3aHBI C COOCTBEHHO X IOCTPOCHHEM M BU3YAJbHLIM AHAJIA30M IMArPaMMbL
OOJIBITION PA3MEPHOCTH. YCTAHOBJIEHO, YTO JJIsT OOJIBIIOTO YUCIa MOJETHHBIX
MHOKECTB OCTPOEHUE HALJISAHON JUATPAMMBI SIBJISETCS HETPUBUAJILHON
3aJadeil, IMeIoIell BaXKHOe IPUKJIaIHOe 3HadeHue. [3,4].

MHoromecTHble JIOTHIECKHE OTHOIIEHUs] MEXKLY MOJIEJIbHBIMI MHOYKECTBA-
MU BBIPAXKAIOTCS B CUJIJIOTUCTUAKE KAaK COOTHOIIEHUS MEXK/Iy UX 0ObeMaMM,
BBISIBUTH KOTOPBIE B OOBIYHOI JMarpaMMe MOYKHO JIUINb [IPU €€ HaJIJIeXKAIen
Busyasm3anuu. [Ipemraraembrit HaMu TOXOJ] C UCIIOJIB30BAHUEM JUCKPETHBIX
nuarpaMM BeHHa 1TO3BOJISIET BBIPAXKATh MOJEIbHBIE MHOXKECTBA KOHEIHBIMUI
MHOXKECTBAMU U3 HEOTPHUIATEIbHBIX MEJIBIX YUCEJI. DTO IIO3BOJISIET OT UCUUCIe-
HUsI OTHOIIEHUI 00bEMOB Ha KapTHHKAX HepeiiTh K UCYMCIEHUI0 COOTHOMIEHU
00bEMOB MOJIETBHBIX MHOXKECTB, €CTECTBEHHBIM CIIOCOOOM ITPEJICTABJIEHHBIX B
KOMITHIOTEPE C TTOMOIIHIO OUTOBBIX HAOOPOB.

Takum 06pa3oM, MOCTPOEHNE JIOTHKO-CEMAHTHIECKOH MOJIEJIN TTPEIMETHON
obJracT 1t GOJIBIIIOTO YUCIA MOJIEJIHHBIX MHOXKECTB, ABJISETCH 3HAINMBIM
PEe3ysIbTaToOM, TaK KaK MO3BOJIAET PernaTh 3a7ady 1, He mpuberas K MOCTPOEHUIO
JIOTMYECKOT'0 BBIBOJ[A, KOTOPBI UMEET FKCIIOHEHINAIbLHYIO CJIO2KHOCTD U €0
IIPAKTUIECKOE IIPUMEHEHNE CBSI3aHO C TPY/IOEMKUMU IIPe00pPa30BaHUSIMUI
MCXOJIHBIX TOCBLIOK HAIPUMED, JJIsi METOJA PE30JIIONNI 9TO MPOIELypa
VHUDUKAIAN.

B pabore [7] yKasbIBaeTcst, 9TO «. .. 680 MHORUTL CAYUAAT KAACCUMECKUT
661600 HE 200UMCA ONA PEWEHUS NPUKAAGOHIT 30004, HA3bIBAEMVIT KOHCTPYK-
mueHomu. FT 0coBEHHOCTD 3aKAI0ONAEMCA 6 TROM, 4MO N0 6bl600Y MPebyemcs
NPOUIBECTNU HEKOMOPOE NOCMPoeHue, 3adanHoe yeavto 3adavu. Tax, ecau uesv
ecmu dussronyus A(Z) V B(Z), mo eweod dosorcen dasams cnocob onpedenerus
no napamempam T, 6rodsuwum ¢ A u B, kaxol us cayvaes umeem Mecmo 0k
Ka2#c0020 KOHKPEMHO020 HAOOPA NAPAMEMPOS, U, ecau uesv ecmv ITF(T), mo
U3 616000 JONNHCEH USBAEKAMBCA CNOCOO NOCTNPOEHUS MAK020 T.»

IIpemraraembrit Hamu aaredbpandecKuil IOAX0M K Penrenuio 3aaad 1-3
SIBJISIETCS KOHCTPYKTHUBHBIM, 00 3(pDEKTUBHOCTH PEATN30BAHHOIO IIOCJIEI0BA~
TEJILHOTO AJITOPUTMA ITOCTPOEHUS JIOTUKO-CEMAHTUIECKON MO MOXKHO
CYJIUTH 110 TOMY, 9TO MOJIEJb 3aJ[a9i O [apoBoM KaTke cmorp ([7] crp. 144)
OH CTPOUT B Te€UEHUE HECKOJIbKUX CeKyHI. JluckperHas: quarpamma Benna,
BBIPAXKAIONIAsT CMBICJ TIOCBUIOK 33J1a4H, U300pakeHa B pabore [5] Ha pucyHke 7,
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U3 KOTOPOI'O JIETKO CJIeJIaTh BBIBOJ, YTO JOKA3bIBAEMOE CJIEICTBUAE NMEET
Mmecto. B paGore [5] Takxke paccMaTpuBAIOTC PA3IMUHBIE IIPUMEPHI DEIICHUs
3amaa 1-3.

Takum o6pa3om, 3a/1a4a BEITUCACHUS TUCKPETHON auarpaMMbl Benna u
peobpa3oBaHusi ee Jjisl perienust 3a1ad 1—3, pa3MepHOCTh KOTOPBIX IIPEBbIIIa-
er 22!, BecbMa axkTyasbHA IS Pa3pabOTKH aJrOPUTMOB HCKYCCTBEHHOI'O
uHTesIeKTa. OnuchiBaeMbIil B JIaHHOIN pabore mapaJsuieIbHbIH aJrOpuT™M
ABJIETCS PA3BUTHEM (DPOHTAJILHOIO ajaropurMa pemenus 3anadan SAT [6].

Pazpaborannas cunnorucrtudeckas cucreMa Ly, UMeeT 00JIaCcThIO UH-
tepipetanun MEozkectBo UY = {0,1,...,2" — 1}, rj1e n— 9uC/I0 MOJICIBHBIX
MHOKECTB, UCIIOJIb3YEMbIX B ee CyXkKjeHusiX. s uaTepnperanun cyxaeanit P
B 9TOi CHJUIOIUCTHKE (BBIYUCIEHUS UX JIOTUYECKOr0 00'beMa) KOHbIOHKTHBHbIE
cyxkjenus npusonaTcs K dpopmyie Fy(X1, X, ..., X,) = U, ee 3uauenue
U=F(X;,Xo,...,X,) upuaumaercs 3a cMbicjoBoe cojepxkanue ®. s
BepuUKAIUH JIOTUIECKOTO CJIEIOBAHUS HYZKHO HUCIIOJIH30BATh UCYUCIICHNE
KOHCTUTYEHTHBIX MHOKECTB U JIOTUKY Lg,. 3amada BepuduKaIum JOrnde-
CKOT'O CJIEJIOBAHUSI B CEMAHTUIECKOM CMBICJIE JIJIsI KJIACCUIECKON JIOTHUKHU
BbICKa3bIBaHUil B padore [5] cBelieHa K HEOOXOAUMOCTU BBIYUC/ICHUST

Fp(z1,22,...,00) = Fs(x1,22,...,00) = Fp(Zy) |E Fs(Zn)

muoxkecTB Uy, 1 U, BXOIANUX B CY»KJICHNS HEKJIACCHIECKOIl MHOTO3HAYHOMI
sgoruku Lg, BUma

U :Fp(Xgaxgvag)a U :FS(ngng’Xg)a
nostygaeMblx u3 dopmyi Fy(z,), Fs(Z,,) 3amenoil 6ysieBblx HePeMEHHBIX I;
Ha (PUKCUPOBAHHBIE JIJIsI JAHHOIO 7 MHOXKECTBA, IIEIbIX HEOTPUIATEIbHBIX
ancen (KoHerutyenTtbie Muoxkectsa) XP. IIpu 9TOM JI0Ka3aHO, YTO JIOTHYECKOe
cJIeIoBaHue

Fy(@y) E Fo(@n)
nMeeT MecTo Ipu Hajgmanu orHommennit U, C U, mabo U, = Us.

Mexx 1y OysieBbIMU TIEPEMEHHBIMU T; U MOJIEJILHBIMU MHOXKECTBAMU X
YCTAHOBJIEHO OJHOIHO3HAYHOE COOTBETCTBUE — OyjIeBa IepeMeHHas SABJISeTCs
XapaKTepUCTUIeCKOil (DYHKIIMEH COOTBETCTBYIOIIEr0 MOJEIHLHOIO MHOYKECTBA
(cmorpu dopmyay (11)). Tun gaHHBIX «MHOKECTBO» 3D MEKTUBHO peajn3yercs
B s3bIKax Iporpammuposanust B yausepcyme {0,1,...,2" — 1} s HeGoabInuX
suadenuit n < 8. B obriem cirydae CJI0KHOCTH BBIYHCJIEHUS OIe€paIiuii OyieBoi
aJIredpbl MHOYKECTB UMEET SKCIIOHEHITNAJIBHYIO OIEHKY.

lAJH‘OpI/ITM OCTPOEHUS JUCKPETHON AuarpaMMbl Peaju30BaH JJjisl YUCJIa [I€PEMEHHBIX
He 6oJtee 22.
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1. Ucnonb3yemsblie TeopeTuyeckue pesynbrarhbl

Mogeuns npeamernoii obuactu gearensuoctu (II0I) npexcrasiser coboit
npaBuwibHO nocrpoenuyio dopmyiy (IITID) B Lg,. Aromapubie cyxkieHus
soruku (1) BbIpazKaioT 06beMHbIE OTHOIIEHUSI MHOYKECTB B yHuBepcyme U.
CemanTrKa jaHa paBHOCHIbHOCTSMHA (2)—(4).

(1) NOBSZ<A(X7Y),Eq(X,Y)JO(X,YLX:U,XCU>,
s s s S S
1 2 3 4 5

(2) AX,)Y)=(XCY)- (XCcU)-(X'cU)-(YcCU)- (Y cU)
(3) E¢X,V)=(X=Y)-(XCU)-(X'cU)-(YCU)- (Y CU)
(4) TOX,Y)=(X-Y#0) - (X-Y £0)- (XY £0)- (X' -Y' #0)

CMBICIIOBOE COZEPKAHNE ATOMAPHBIX CY2KJICHUH BBIPAXKACTCS YTBEPIKICHU-
samu Sq, S92, 53,54, S5 €CTECTBEHHOTO sI3bIK& OTHOCHTEJIBHO MHOXKECTB X U Y,
ABJISIOIINXC IIOAMHOXKECTBaMuU yHuUBepcyMa, U

S1: A(X,Y)— «Bce ssrementsl MHOXKeCTBa X SBJISIOTCSH SJIEMEHTAMA
MHOXKeCTBa Y, HO He HaobopoT», To ectb X C Y u X ¢ Y.

So: Eq(X,Y)— «Muoxecrsa X,Y cosuaugaror», To ectb X =Y.

S3: «MnuoxecrBa X, Y JIOrMY€CKH HE3aBUCUMBI». JTO O3HAYAET, UTO MEKLY
ssementamu MHOXKecTB X, Y, X' = U\ X n Y’ = U \ Y Her orHOmeHu#
BKJIIOYEHWS W DABEHCTBA.

VrBepxkaenus S1—S3 M0IPa3yMEBAIOT HEIYCTOTY U HEYHUBEPCAJIHHOCTH
mHO)kecTB X 1Y, 10 ectb (X CU)- (X' CcU)- (Y CU)-(Y' CU).

S4: «MHOXKECTBO COBIIQIAET ¢ YHUBEPCYMOM», TO ecTh X = U .

YTBepKAeHUA S-S54 UMEIOT OHOCMBICTIOBOE COIEPKAHNE B OTIMIHE OT
YTBEpKIeHU 5.

S5:  «MHOXKECTBO CTPOro BKJIIOYEHO B YHHBEPCYM», TO ecTb X C U.

D10 yrBEpKACHHE HMeeT JBa cMblcaa: mbo (X = ), mbo (X C U)- (X' C U).
Ero moxkuo 3amnmcarh B BUIe UCKIIOYAIOMIEH T3 HIOHKIUN
X=0oXcU) (X' cU).

Bee IITI® nensitest Ha npa Kiacca: KoHbIOHKTHBHBIE (KIITI®) 1 HEKOHBIOHK-
rusuble (HKIITIO®). Pasiuune Mexkly HUMU 3aKJIIOUAETCS B TOM, YTO II€PBbIE
SIBJISIIOTCSL. OIHOCMBICJIOBBIMU (OJIHO3HAYHBIMU), & BTOPBIE MHOIOCMBICJIOBBIMU
(MHOrO3HAYHBIME). Pacuerst U npuHATHE pemeHuil (BBIBOIBI) B PAMKAX MOJIEJIH
CBOJISITCS K BBIYMCJICHUIO U aHAIN3y ceMaHTu4deckoro 3uadenus [I11D.
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Cemantudeckum 3HaderueM KIIIID sBisieTcss MHOXKECTBO HEOTPHUILA~
TEJIbHBIX MEJIBIX YUCe] (KOHCTUTYEHTHOE MHOXKECTBO), KOTOPOE OIPEIesIaeT
JUCKPeTHYIO Juarpammy Benna [1]2. Cemanruyecknm 3uadennem HKITTI®
SIBJISIETCST CEMEHCTBO KOHCTUTYEHTHDBIX MHOXKECTB.

[IpemokeH aJrOPpUTM BBHIYHCIEHUS CEMAHTUIECKOTO 3HAYEHUsI, KOTOPBIT
obJiajTaeT BBICOKHM YPOBHEM Tapasuie/inm3Ma Ha yPOBHE 3aJlad, yPOBHE
JIAHHBIX, YPOBHE AJTOPUTMOB, PEAJU3YIONMINX OMEPAIIUN HAJ[ KOHCTUTYEHTHBIMA
MHOXKeCcTBaMU. BBuLy ocobeHHOCTE! omeparuii 00beMHEHNs], TePECeIeHrs] 1
JIOTIOJIHEHUST JIO0 YHUBEPCYMA HaJ[ KOHEYHBIMEI MHOXKECTBAMU BCE IIPOIIECCHI
WX BBIYUCJEHUI W PEIleHHe MMOJ3aaY IPOUCXOIAT Ha OUTOBOM ypPOBHE
7, KaK TIpaBuiio, 3(MEeKTUBHO PeaTn30BaHbl B AJITOPUTMUIECKUX S3BIKAX.
B mpemyiaraemom ajropurMe Imepexosl K OMTOBOMY YPOBHIO W OOPATHO
OCYIIECTBJISIETCS COBOKYITHOCTBIO ITPOTPAMMHBIX CPEJICTB.

CJI02KHOCTD BBIUHCJIEHHUSI 110 STOMY AJITOPUTMY 3aBUCUT OT YHCJIA MOJIE/Ib-
HBIX MHOYKECTB, U3 KOTOPBIX KOHCTpyupytorcs nousitust B [IOJ1, opmer ux
[IpeJICTaBJIeHUsI U, B ODIIEM CJlydae, COBIIQJIAeT CO CJIOXKHOCTBIO 3aJ[a4l IIOMCKA,
U IIEPEeYMCJIEHUs] BCEX BBIOJIHAOMINX IIOACTAHOBOK JIOTUYECKOIO YPaBHEHUS
F(Z,) =1, tue F(Z,)— KOHbIOHKTUBHAS HOpMaJbHasd (opMa aareGpbl JIOIUKHI
Byuns.

Juarpammvbl Berna [2], UCIIONB3yIOTCS B CHIIOTUCTHKAX APHCTOTE,
Bacunwesa, Kepposa, IToperkoro. CemanTudeckoe 3HavdeHne (hopMysr STUX
CHUJIJIOTUCTUK Bpra)Ka.eTCH JlHanaMNIal\lI/I ]?)GHH&7 KOTOpre MOZKHO IIOCTpOI/ITb
1O MOJEJIbHBIME cxeMaMi (5). DTH MOJeJIbHbIE CXeMbl [IPEJICTABIISIOT ajlrebpa-
HYECKYIO CUCTEMY B KOTOPOil (puUKCUpyeTcss HyMepamus U 00beM e MOIEJbHBIX
MHOX)KecTB (7).

(5) Mg = <Q(Nn),N1,N2, . .,Nn>, N, = <N1,N2,...,Nn>,

e -yuuBepcyMm, X; C ) — MojebHbIE MHOXKECTBA. 1UC/IO TAKUX CXEM He
Gostee 2(2") | Kazkiast w3 3Tux cxem OITPEIeTISIeTCS 0613eMaMH MOJIE€JIbHBIX
MHOZKECTB KOTOpBbIe ee 06pasyor. Momesnbuble MHOKecTBa R; = (N, N, ... N,,),
¢ (PUKCUPOBAHHON HyMepaImeir 1 00beMaMi, OIPEIeIA0T CeMEHCTBO HEIYCTHIX
KoHCTUTYEHT (6).

(6) TR VLI N, 7 RO — N,i/’ oi = 1

ITycth MHOXKECTBa N; cxeMbl (5) ABJIAIOTCS TTOJIMHOKECTBAMEI HOCUTES
asnre6pamueckoit cucremst (AC) (7).

2CMOTpI/I pPHUCYHOK 2 Ha cTp. 167 B myGsnkanuu [1]



VM cro/ib3OBAHUE PACIIPE/IEJIEHHBIX BBIUMCJIEHWUI [IPU MOJIEJIMPOBAHUU 93

(7) A= <Q(§n)7{ st ] }7{g}>

Hocureas Q(R,,) AC moxer 6bITh IpeCTaBIIeH KaK 00beiNHEeHNe HeIlYCTHIX
KoHCTUTYEHT (6).

Yro6eTBo uctosb3oBanust 310it AC, B 9aCTHOCTH, B TOM, UTO TI0 T€OpEMe
Croyna umeer mecto nzomopdusm ¢ AC (8), apismommeiicss MaTeMaTUIeCKO
MOJIESIbIO BysieBoit JIOTMKM BHICKA3BIBAHUI ¢ BHIPOKICHHON OysieBoii agrebpoi

(8) A= {(w(@n),{-, +, 7 HL{<}), w = {1}, i € w, i=1,n.

HeocraTkoM sIBJISIETCS MHOTOCMBICJIOBOCTD HHTEPIIPETAIN ATOMAPHBIX
CY?K/ICHUIl BBIIIENIEPEIUCIEHHBIX CUIIIOTUCTHK, HAIIPAMED, B TPAIUIMOHHOI
cusutornctrkn Apucrorens cmorpu (13).

B mammx mcce10BaHIAX 9TOT HEAOCTATOK YCTPAHEH 38 CUET NCIIOTH30BAHMUS
Moziesn (9) ¢ HOCHTeIeM U3 KOHCTUTYEHTHBIX MHOXKECTB U JIBYMsl OTHOIIEHUSIME
Cu=.

VYuupepcym () u MOJIeJIbHbIE MHOYKECTBA MOYKHO PaCCMATPUBATh KaK
MHOZKECTBA U3 HOMEPOB KOHCTUTYEHT, cocrasigiomux Mg (5). Hymepanuio
€CTEeCTBEHHO TTPOU3BOINTD, 3aDUKCUPOBAB TOPSIIOK WHIEKCOB MOJIETLHBIX
MuOXKecTB. Ilpu sToM Kaxk 1ol koncruryente (6) comocrasisercss HAbOP
u3 HyJIEH U eJTNHUIL <01, 09, ... ,an> U COOTBETCTBYIOITEE EMY HECITUTHOE
YHUCJI0, KOTOpOe OyJeM Ha3bIBATh HOMEPOM KOHCTHUTYEHTBHI. MHOXKecTBa,
COCTOSIINE U3 HOMEPOB KOHCTUTYEHT J1aJjiee HA3BIBAIOTCA KOHCTMUMYEHMHbLMU,
MHOIAHCECTNBAMU.

Paccmorpum anrebpandeckyio cucremy (AC) mgist npecTaBieHus n-apHOil
JIUCKPETHON MomesbHol cxeMbl. OOO3HAYNM depe3 B()N(n) YHUBEPCYM COCTOSI-
muit 13 HOMEPOB BCEX HEIYCTBIX KOHCTUTYEHT, KOTOPBIE MOTYT OBITH HOCTPOEHBI
13 KOHEUHOil cucTeMbl X, = (X1,Xs,...,X,) MOIEILHBIX KOHCTUTYEHTHBIX
MHOYKECTB TIOCPEJICTBOM Oreparinii 00beIMHEHNsI, IePEeCeIeHUsT U JOMOTHEHHST
JI0 yHUBEpcyMa. B ()?n) BKJIFOUAET TaKKe IIycToe MHOXKecTBO. Paccmorpum AC

(9)’ rae WF:{+’ "/ }7 WR:{:7 C} 3a

9) (B(X,), Wr, Whg).

Bripazkaromiyio 3Ty ajrebpandeckyio cucreMy MozeabHyio cxemy (10) ¢
JaHHoi Hymepanueit X; OymeM Ha3bIBaTh JUCKPETHON quarpammoii Berna nin

3w r={+,-,’ }-onepanuu obbeuHeHNE, TIEpECEYEHNUE, AOMOJHEHNUE /IO YHUBEPCYMA
ByneBoit anrebpbr MHOXKECTB
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A-onTosorueii.

(10) A:<U7X1aX27"'7X7L>7 Xi:<XlaX27"'aXn>
Mopdusm B dopme romomopdusma ¢ AC (8) ycraHaBAMBAETCS TAKKE C
HOMOIIBIO XapakTepucruaeckoit dyukuuu (11) muoxkecrs X;, X; C U
1, eeX; R
(11) Ve e U [ zi(e) = ‘L oi=1n
07 (& ¢ Xz
CymiecTByeT 0JjHO3HAYHOE COOTBeTCTBHE Mek 1y pasercTsoM III1D Gyresoit
ajreOpbl JIOTUKU BUJIA

(12) F(in) =1

1 paBEHCTBOM

SIBJISIFOIIIMCsT aToMapHbIM cykaerneM (1). TIpu sTom GysieBsl mepemMeHHbIe
SIBJISTFOTCST XaPAKTEPUCTHIECKUME (PYHKIUSIMU COOTBETCTBYIOIIUX MOJIETHHBIX
MHOXKECTB.

B ny6smkanusx [1,5] kareropudeckum arpubytusabiM cyxkaeauay NOBg
u IITI® snorukn Lg, aaropuTMUYECKHd CTABUTCS B COOTBETCTBHE (POPMYJIa
(dbopmyiinr) GysieBoit agreSpbl KOHCTUTYEHTHBIX MHOYKECTB. BBIYUCIEHHOE 110
a1oit popmyiie (popMmysiam) KOHCTUTYEHTHOE MHOXKECTBO (MHOXKECTBA) €CTh ee
CEMAHTHUYIECKOE 3HAYCHIUE.

Cemantnyeckum 3uadenreM KIIII® spiisercs KOHTUTYEHTHOE MHOYXKECTBO,
cemantraeckuM 3nadennemM HKIIII® — cemeiicTBO KOHCTUTYEHTHBIX MHOYKECTB.

BMmecTo MOZIeSIbHBIX MHOXKECTB X; MOXKHO NozcTaBuTh Jitobbie (I1TID)

Bysesoii anre6psr muoxkects F(X,,).

Atombr NOBg (1) sIBIISIIOTCST aJIbTEPHATUBON 6a3UCy CUILIOTUCTUKA
Apucrorens Ag = (AXY, EXY, IXY,O0XY), kareropudeckue CyKICHUsI
KOTOPOI'0 HEOIHO3HAYHO WHTEPIPETUPYIOTCH B 15 OMHAPHBIX MOJIETBHBIX
cxemax (emorpu pucyHok 1). Hanpumep, B NOBg o061eyTBepauTebHOe
Apucroreneso cyxaenune AXY =«Bce X ectb Y», uareprnperupyeMoe B
pPaMKax TPaIUIIUOHHON CHJIJIOTUCTUKKA B CEMH HEBBIPOXK/IEHHBIX 2KeProHHOBBIX
ornomenusx Gg, G7, Go, G11,G13, G14, G15, UMeeT 2 cMBICIIA.

(13) AXY = Bq(X,Y) + A(X,Y).
—_— Y=
Gy Gi3

EcJin uHTENpeTHPOBATD ITO XKe CyKJIEHUE B MATHAIATH MOJIEIbHBIX CXEMaX, TO
OHO MMEET CeMb CMBICJIOB 3a/IaBAEMbIX JUIBIOHKIMEH OMAPHO HECOBMECTHBIX
KOHBIOHKIINI aTromoB u3 (1):
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Gl G2 Gfi G-‘l G.’) GH Glﬂ GLZ

G Gy Gy lem G | Gu Gis
Pucynok 1. 15 6unapubix 2KeproHHOBBIX JIOI'MYECKUX OTHOIIEHMIH

AXY=(X=Y) (X=U)+ (X' =U)- Y =U)+(X=Y) (X' =U)+

G Gy Gs
Eq(X,Y)+ AX,Y)+ (X CU)- (X' CU)- (Y =U) +
G G G

(X' =U)-(Y cU)-(Y' cU).* Us ksagpara Ilcenna ciemyer, 9To oTpua-

G2
Hue O0LIEYTBEPAUTEIBLHOIO Cy KICHNS €CTh Cy2KJICHIE JaCTHOOTPHUIATEHHOE

OXY ono B 00I1IeM CiTydae MMEeT BOCEMb CMBICIOB:
OXY = AXY'=0XY =G2(X,Y)+ G3(X,Y)+ Ge(X,Y)+ G7(X,Y) +
Go(X,)Y)+Gu(X,)Y) +Guu(X,Y) + Gi5(X,Y)

IIpencrasnenusie Boirte HKIITI® obiiamaor BaxKHBIM CBOIHCTBOM Op-
TOTOHAJIBHOCTH UX JU3BIOHKTUBHBIX YJIEHOB, BBIPAXKAIOIIENCSI B TOM, 9TO
Jirobasi MX KOH'bIOHKIINS HECOBMECTHMA B TOM CMBICJIE, 9TO HE CYyIIECTBYeT
A-onToJIOTMH, B KOTOPOU OBl BBITIOJIHSIIUCH BCE OTHOIIEHUST TOH KOHBIOHKITHH.
Takue HKIITI® na3bBaioTcss HOPpMATU30BAHHBIMU.

B [5] nokazano, uro mobyro HKIITI® M0xKHO 32 CYeT SKBHBAJEHTHBIX IIpe-
006pa30BaHMUil IPEJICTABUTH B BHJIe KOHBIOHKIINA OPTOTOHAIBHBIX JIU3bIOHKTOB,
YTO TO3BOJISIET BBIYUCIIATH €€ CEMAHTUYECKOE 3HAYEHUE KAK COBOKYITHOCTD
CEMAHTHIECKNX 3HAUEHUN OT/IEJABHBIX U3 BIOHKTOB.

HaGop M HemycThIX KOHCTUTYEHT JUCKPETHON quarpammbl Benna (A-
ourosiornn) (10) Ha3bIBaETCA €€ XapaKTepucTuIeckuM MuoxkecTBoM. Ciremyst
[operkomy I1. C. 6ymem Takzke HA3BIBATH ITO MHOXKECTBO edunuteti, MHOKECTBO
HOMEPOB IIyCTHIX KOHCTUTYEHT — HyAeM 1 0bo3HadaTh Kak V. JIroboe Mo/iesbHOe
MHO2KeCTBO cxeMbl (10) paBHO 0ObEINHEHUIO HEKOTOPBIX KOHCTUTYEHT u3 M.

4OTMeTHM, 9TO 3a IpeeslaMy TPAIUIUOHHON CUJIOMMCTUKA APHCTOTENsI, HaXOHsICh
B PaMKaX 3JIpaBOTO CMBICJIA, HEBO3MOXKHO HUCIOJIb30BAaTh BBIPOXK/IeHHbIe 2KeproHosnl
OTHOIIIEHUsI BKJIIOYeHUs u paBeHcrBa G1,Go,Gs, G4, G5, G, G10, G12 [Jisi MHTEpIIPETALAN
NPUYUHHO-CJIeACTBEHHBIX cBsa3eil B [IO/], ecsim xorsi 6bI OJJHO M3 MHOXKECTB B HUX ILYCTO JIHOO
SIBJISIETCSL YHIBEPCYMOM.
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Mogenbubie muoxKecTBa X; u3 (10), kak u edunuuyy, 6yzeM 3a1aBaTh
KOHCTUTYCHTHBIMA MHO?KECTBAMH.

OrnpesiesieHo MOHATHE 3aKOHA, BBITOJHAMON (hOPMYJIBI U TTPOTUBOPEUUS.

3axon—amo KII®, cemanmuueckoti 3nauenue Komopot ecms omuoue-
HUE HE3ABUCUMOCTIU 8 COBOKYNHOCTU MOOCALHBIT MHOHCECTNE, KOTNODDLE
UCTLOAB30BANBL NPU ee nocmpoenuu, cmompu, (21).

Hanpumep, 115 ceMeiicTBa 13 1 MOAEIbHBIX MHOXKECTB X,, 3aKOHOM Oyuer
mobas KIITI® suna IO(X;, X;) :i# 4, i,j€{L,2,...,n}.

Moodeavnyro cxemy, cocmasAeHHYI0 U3 KOHCTNUMYEHMHBLT MHONCECTNE,
bydem nasvieamsv A-onmonoeueti uaiu duckpemnoti duaepammoti Berna.

HKIITI® ne MoxKeT OBITH 32aKOHOM.DTO BBITTOJHUMAsT (hOpMYIa JILOO
[IPOTUBOpEYHE.

Bunoanumoti nasweaemea KIIIID dopmysra, 68 cemanmuieckom 3naye-
HUY KOMOPOT BBIMOAHAIOMCA BCE A02UMECKUE OMMHOWEHUS, 304006GEMDBIE €€
Kousronkmamu. B npomusnom cayvwae KIIIID nasvieaemes npomusopeduem.

HKIITID svinosnuma, ecat, 8binoAHUM ToMa 6bt 00UH U3 e€ 0PMO20HANBHBLE
dussronrmos, e npomusHom cayvwae HKIIIID nasvisaemces npomusopenuem.

PaspaoTano ncuncienne KOHCTUTYEHTHBIX MHOXKecTB [1,5, 6], mosmoxkeHust
KOTOPOI'O II03BOJIAIOT BBOJUTH B OTHOIIIEHHE HE3aBHUCHUMOCTHU B COBOKYIIHOCTH
(21) mormueckue ornontenus u3 N O Bg, ucnonbsyemsie B KIITI®. D10 genaercs
3a CYET OObSIBJIEHNS B HEM IIYCTHIMUA HEKOTOPOr'O MHOXKECTBA KOHCTUTYEHT.

A-ourosiorus ¢ yausepcymom U = {0,1,2,...,2" — 1} u ¢ Moue/ibHbIME
MHOKECTBAMU OlpejiesieHHbIME B (21) 3a/1aeT JIorudeckoe OTHOIEHue He3a-
BUCUMOCTH B COBOKYITHOCTH JIJTsI STUX MOJEJIbHBIX MHOXKecTB. [locTpoenue
A-ourtojioruu B KOTopoil Beipazkaercst cemanTuka KITTI® ocymecrsisiercs
MOCJIEIOBATEILHBIM BBEJI€HNEM B aTOMapHbIX KOHBIOHKTOB KIIII® BHaa
A(X,Y) u Eq(X,Y) obbsiBasist myctbivm KoHCTHTYeHTHI X - Y/ u X' - Y Ha
OCHOBAHUU TOXKJIECTB

(14) XYV =0=X'+Y=U

(15) (X YV+X  Y=0)=X'"+Y)- (X+Y)=U

IMokazano, aro aromapusie orHomenuss X = U, A(X,Y) u Eq(X,Y) BBogsaTcsa
B orHoienue (21) eUMHCTBEHHBIM CIIOCOOOM 3a CUET OTHECeHUsl K Hy.at0 N
KOCTUTYEHT, HOMEPa, KOTOPBIX BBIPAYKAIOTCS KOHCTUTYEHTHBIMU MHOXKECTBAMU
X', X Y'uX-Y'+X'Y coorsercrsenno. IIpu 3ToM OTHOIIEHIE HE3aBUCUMOCTH
IO(X,Y) moxkeT GBITH BBEIEHO HEOJHO3HAUHO, TAKXKe KaK M OTHOIIEHNE

X cU.
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IToaromy, eciu B KIIIID nmeroTcst KORBIOHKTBI, BLIPAYKAIONINAE OTHOIIEHUS
I0(X,Y)u X C U, 1o ux nayuaue B cemanTudeckoM suadernu KITTI® npocro
nposepsieTcst nocie Beegenust orsomennit X = U, A(X,Y) u Eq(X,Y).

Ecnu Bce orHomenus, 3ajgaBaeMbie KoHbIOHKTaMu KIIII®P, BbImoHsI-
IOTCs, TO TaKasi pOpMyJia CINTAETCS BBIIIOJHUMOI, B IPOTUBHOM CJIyYae
[IPOTUBOPEYIUEM.

SAMEYAHUE 1. Jlokazano, umo cemarmuueckoe snavernue KITTTD
NOAYHAEMOE MAKUM CNOCODOM:

(1) noayvwaemcsa 00UHAKOBHIM 6HE 3ABUCUMOCTIU OM NOPAOKA 66€0eHUA 6
ucxodnoe omnowenue (21) xonsronkmos KIIIID;

(2) 05'66./\4 noAY1aemozo CEMAHMUHECK020 3HAYUYEHUA TOAYHAETNCA MAK-
CUMANDHBIM cpe@u 6CET, 6 KOMOPHLIT B8HINONHAIOMCA OTMHOUWEHUSA U3
KIIII®;

dobasaeHUE 8 MOAYUEHHOE CEMAHMUMECKOE 3HAUEHUE A1000T KOHCTU-
MYEHMBL U3 HYTIA NPUSOIUM, K HEBBINOAHEHUIO TOMSA 6b, 00H020 U3
omuowenutl 3adasaemvix Konsroxmamu KIIIID;

(3

~

(4) Oas svivucserus cemarmuyeckozo anaverus KITITO ee amomaprovim
xonsronkmam, omauuwnowe om [1O(X,Y) u X C U, cmasames 6
coomeememeue muoscecmea U = X, U=X'+Y, wU = (X'+Y)- (X +
Y") das xousronkmos U = X, A(X,Y) u Eq(X,Y) coomsemcmeento;

(5) cemarmuuecroe snavernue KIIIID noaywaemea kax nepeceverue MHo-
atcecme U, noayuernox 6 nywkme (4);

(6) npu sviwucaeruy mroorcecms U nynwkma (4) 6 Kawecmee MoOeAbHHIT
MHONCECTNE MONHCHO ONA BBIHUCAEHUSA A100020 AMOMAPHOL0 KOHBIOHKMA
ucnoAL306amMB Modeavivie mrodcecmea X uz ommowenus (21).

NurencronaabHON MomeIbio 1 Kareropudeckux cy:kaeunit NOBg u
KOoHBIOHKTHBHBIX [III® Lg, B HameMm noaxoje siasercs A-onronorus (10)—
JINCKPETHBIN aHaJIOr MOJIEIBHOI CXeMBbI, IPEUMYIIECTBOM KOTOPOIl sIBJISIETCS ee
[peJICTaB/IeHe KOHEYHBIM KOHCTUTYEHTHBIM MHOYKECTBOM, YTO I103BOJISIET
MIPOCTO TPOTPAMMHO Pean30BaTh UCUUCTEHNE KOHCTUTYEHTHBIX MHOYKECTB.

HecomuennbIM 10CTOMHCTBOM IIOIXO0/Ia HA OCHOBE HEBBIPOXKIEHHOI OysieBoit
aJreOpBhl SABJISETCS TO, YTO MOCTPOEHHAS CUJIIOTMCTAYECKAST TEOPHUS SIBJISAETCS
YHUBEPCAJILHON, UMeeT CHHTAKCUYECKYIO SKCTEHCHOHAJIBHYIO UHTEPIIPETAIUIO B
Bujie OPMYJIbI aJIreOpbl MHOXKECTB, MHTEHCHOHAHHYIO HHTEPIPETAINIO B BHUJIE
KOHCTUTYEHTHOTO MHOXKECTBA, BBIYUC/IAEMOTO 10 popMmysie. Takum obpazom,
cxeMa MHTepIIpeTald aJllOPUTMUYECKU pa3pelinMa.

Cemanruueckoe 3Hadenune KITII® Bripakaercss yHuBepcyMoM A-OHTOJIOIHH.
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Cama A-ourosiorust I, = <U, X1, Xo,. .. ,Xn> TO3BOJISIET HAIJVIAIHO
n306pazuth cemanTuky KITIID[1].

Vuusepcymy U mio6oit A-orrosorun, B Koropoit X; = U - X;° moxuO
COTIOCTABUTH MHOXKECTBO PABHOCHIJIBHBIX (DOPMYJI U3 MOJETbHBIX MHOYKECTB,
Boipaxkawomux U. Ilostomy A-onrosiorun I, ¢ emununeit M (1) mMoxHO
COIIOCTABUTH ATOMapHOE CyKjeHue F ()Zn) = U, 3necy F ()?n) — TP anrebpnt
MHOKECTB PaBHOCHJIbHAsI COBEpPIIeHHOI HopMaJibHOU (hopme Kanropa SN FK
y xoropoit M(SNFK) =U.

Hampuwmep, nycrs A-onrtosiorust Iy onpenensiercss yuusepcymom U =
{5,7,8,9,12,13,15}. Torua eit moxHo conocrasuth KIIIID (16).

(16) Xl-X3/+X2~X4=U.

Muoxectso (16) npesacraBieHo Kaxk 00beAMHeHIe HEOPTOIOHATIBHBIX MHOKECTB

Tax Kak (X1 - X3') - (Xo - Xy) = {13} # 0.

PasrocuibHOe pasercTso (17) ¢ seBoii acrbio B dopme SNFK

X) - Xo X5 Xy 4+ Xy Xo - X3 - Xy + X1 - Xo' - X3/ X'+

A7) Xy X, X3 Xa+ X1 Xo- X4 X4/ + X1 - Xo - X3 - Xot
X1-Xo-X3-X4=U

Eme ogro pasHOCHIBHOE paBeHcTBO (18) npescreisier yauepeyM st I4. Ero

JIeBasl 9aCTbh €CTh OObEJIUHEHHE OPTOrOHAJIBHBIX MHOYKECTB.

(18) X Xo X4+ X, - X4+ X1 Xo- X3 Xy =U

Bee tpu KIII® (16), (17), (18) umeroT onuHAKOBOE CEMAHTHIECKOE
3HAYEHUE.

Nmeer mecTo DyHKIIMOHATBHAS MOJTHOTA ATOMAPHBIX CYXKAEHUMN
(1), To ecTb nr0Gasi A-oHTONOrUs (N-apHOE JIOTUYECKOE OTHOIIIEHUE)
moxkeT O0bITh BbIparkeHa KIIII® B Lg,

IlepBas Bepcust M-anropurma Berauciaenns egununst KIINIP B Lg,
peajim30BaHa IPOrpaMMHO Ha sizbike FreePascal. ClI0XKHOCTH BHIYUCIEHUI
9KCIIOHEHIIMAJIHHO 3aBUCUAT OT YUCJA 1 — 8, TJIE N - YUCJIO MOJIEJIBHBIX MHOXKECTB.

O6beM HCIOIBE3YEMOll TAMSITH TAKKe IKCIIOHEHIINAJBHO 3aBUCHT OT 711 — 8.
Hanpumep, 1715 22 mepeMeHHBIX KAHOHIYECKHiT YHIBEpCYM 3aHnMaer 22278.25=
0,5 MerabaiiT TUCKOBOI ITAMSTH U IIPEJICTABIEH MACCHBOM U3 HA30BBIX MHOYKECTB
[0..255] comepxxamum 16384 ssementa. Eciu gucio nepemennsix Oyzer 40, To
obbeM Gymer 24078 .25 = 237 = 210.910. 910 . 198 — 198 rurabaiir. Bpems
BBIYNCJIEHNs] €JIMHUIBI JIMHEHHO 3aBUCUT OT KOJIMYecTBa oneparuil K,, 1 paBHO

T = K,p - to - 22278,
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Bnech t¥ = max{t(+), (), t° 970 MaKkcHMATLHOE BpeMsl BBITOIHEHHUs OTlepaIliii
0o0'be/IMHEeHNs], TIepecevYeHusl ¥ JONOIHEHNs JI0 YHUBEPCYMa, JJIsi 6a30BOro
MmuOKecTBa. K 9moMy 4mciy HyKHO 106aBUTH BPeMsl Jjisl OTOKOBON 3aIlMCH U
CYNTHIBAHUSA MHOXKECTB W3 MACCHUBOB.

HenocrarkoMm 3TOTO aaropurMa sgBseTCs OOJIBIITNE TOTPEOHOCTH B
MAMSTH OITEPATUBHOM U JMCKOBOIL JJIsi PA3MEIeHUsT MOJIEIbHBIX MHOXKECTB, a
JOCTOMHCTBOM — CKOPOCTh BBIYUCJIEHUN, TAK KAK OJUH 3JIEMEHTHI MAaCCHUBOB
COJIEPKAIIX MHOYKECTBA 00pabATHIBAIOTCA KAK CTAHapPTHBIE MHOXKECTBA B
sa3bika Free Pascal. Criocob addexkTuBHOro pacnapassemBaius aaropuTma
BBIUHCJIEHNIl M CTPYKTYPa JAHHBIX OlncaHa B [6].

Bo dponTansaom ajropurme pemnenus 3agaun S AT, 10CpescTBOM KOTOPO-
0 MOXKHO TaK K€ PEIIaTh 33/a9y MOUCKA BCEX BBITOJTHSAIONMINX TOICTAHOBOK,
peajim30BaH JIpyroii crocod IMpeiCcTaBIeHnsT MHOKECTB, U3JIOKEHHBIH B pabore
[8], maromuit Goslee KOMITAKTHOE TIPEJICTABJIEHIE KOHCTUTYEHTHBIX MHOYKECTB.

B nmamuOit cTaThe IpenCTaBICH AJITOPUTM PACIPEIEIEHHBIX BBIYNCICHNH
cemanTudeckoro 3nadennst KIIII® Lg, mocTpoeHHblit Ha 0CHOBE (DPOHTAJILHOTO
anropurma [6].

2. NMpepcraBnerHne ncxoaHbIX AaHHbIX afirOpMTMa BbIYUCIEHUS
cemaHTu4eckoro 3Ha4denus MNP Lg,

B sToM pasesie onucaHbl CTPYKTYPA JAHHBIX JJIsi BEIYHCICHUS U IIPEJI-
CTaBJICHUS KOHCTUTYEHTHBIX MHOXKECTB.
2.1. n-apHoe OTHOLIEHNE NOFUYECKOI HE3ABUCMMOCTU MOAESbHbIX
MHOXECTB
Paccmorpum anrebpamdeckyio cucreMy u A-omrosornio (19) u (20)
0 __ o/v 0 _ n / _
(19) AL =(U(X,)={0,1....2" =1}, {+,-) },{c,=}),

B KOTOpbIX onoproe muoxkectso U (X0) npejcrasister coboit 06benHenne
MHOXKECTB HOMEPOB HelrycThix Koucruryent (20), npeiacrasientoe Kak (21).

(20) X0 = (X% X% ..., X,,0),
rae
1 x % = X?
B * 1 * % = XS
(21) U%(x% = e
* % * = X0

n—1
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e

_ _ 0 _
1={1},%={0,1}, X7 = ({0,1} x {0,1} x -+ x {1} x--- x {0,1})
—— N ~— ~——
1 2 % n
Anrebpanyeckast cucrema (19) u A-onrosorus (20) Ha3BIBAIOTCS KAHOHNYECKH-
MH U OIPEIEJISIOT JIOIHYIeCKOe OTHOLIEHNE HE3aBUCUMOCTH B COBOKYITHOCTH
MOJIENIbHBIX MHOXKeCTB. OObsIBIIsis HEKOTOPbIE KOHCTUTYEHTBI ITyCTHIMH, MBI

oJIyd9aeM 3aBUCHUMYIO B COBOKYITHOCTU JUCKPETHYIO JUarpaMMy Benmna.

Nrax, normaeckoe cofeprKaHNe IMOIYIaeMOro IIPU 3TOM N-apHOTO OTHOIIe-
uud Oynem Beipaxkarb KIIII® B Lg,. AIropur™ BbIYUCIEHHS CEMAHTHYECKOIO
3HaveHusl (0ObeMa) MOHATHS, BHIPAsKAEMOro JornueckumM cojep:kannem KITTID
C HUCIIOJIb30BAHUEM PACIIPE/IEJIEHHBIX BBIUNCIEHUIl, PACCMATPUBAETCS HIXKE.

Ioxkaszano, aro jormdeckoe comepzkanue B suge KIIII® moxker ObITH
BBIPaYKEHO MHOXKECTBOM CIIOCOOOB 110 M3BECTHOMY HYA10 U eJUHUYE.

3. CrpykTypa AaHHbIX, UCNOJIb3YEMbIX AJ1S1 NOCTPOEHUs
JIOrMKO-CEMAHTNYECKO MoAenn npeameTHoi obnactun

AjtropuTM pacripesie/IeHHBIX BBIYUC/IEHUI MOJIE/IH IIPEIMETHON 06J1acTh B
Lg, manee cokparentno M d-aIropuTM OMUCaH B CIELYIONEM pasjiesie. JTOT
asropurM 1o 3agana0it KIIIID, cocrosimeit n3 KOHbIOHKIMI aTroMoB Lg,
BBIYHC/ISIET €€ €IMHUILY, KOTOPOH COOTBETCTBYET AUCKPETHAs AnarpaMMa,
Benna— A-onTosorus.

KIIII® ecTh KOHBIOHKIUS aTOMapHbIX cyxxiaenuit NOBg Buia

A(Xv Y)7 EQ(Zv V)v W=,

riae maoxkectBa X, Y, Z, V., W npencrasnens! IIII1O ByneBoit anredbps! cocTas-
JIEHHBIX U3 MOJIEJIbHBIX KOHCTUTYEHTHBIX MHOYKECTB.

Ha HepBOM Talrie Ka}Kﬂbe'/I N3 9TUX aTOMOB 3aMEHIAETCA Ha paBeHCTBa
(22) Ur=X'+Y;Upgq=(Z'+V)-(Z4V');Up=v = W.

3areM U3 TPaBBIX YacTell ITUX PABEHCTB (DOPMUPYETCs] PABEHCTBO JIJIst
soruancienns exuanisl KIITIO, koTopas u ecTh JIOTHKO-CEMaHTHIECKAS MOJIEIb.

JleBast 9acTh UTOrOBOrO paBeHCTBa (24)—3TO YHUBEPCYM MUpa, B KOTO-
POM JIOJI?KHBI BBITIOJTHSITHCS JIOTUYECKHUE YCJIOBUS, 38/I[aBaeMble aTOMAMUI
KIITI®, npaBas 4acTh €CTh IEpecevYeHne BCEX YACTHBIX YHUBEPCYMOB eQUHU,
ompeiessiembix paBencrsamu (22). Hanpumep, miia dopmyist (23)

(23) A(X,Y)- Eq(Z.V)- (W =U)
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IOJIYYnTC caemyomas 3aaa4da naiitn U :
(24) U=X'+Y)-(Z'+V)-(Zz+V')- W

Kaxas gacraas edunuya moasepraeTcs oproronajusanuu 1mo [lopemkomy
C-cucrema

Ay 4 Ag 4. Ay,
3aMCHACTCA Ha OPTOrOHaJIbHYIO
(25) A+ A - As+ .+ A AL A

OTUM npejcTaBIeHne UCXOMHBIX TaHHBIX JJIs Bhraucaenus U — edunuuyst B Md-
AJTOPUTME OTJIMIAETCS OT MPEICTABICHUS MCXOMHBIX JTAHHBIX BO (DPOHTAIHHOM
asropurme. B mem Jsiorudeckoe ypasuenue F(Z,) = 1 upeicrabieno Kak
KOHbIOHKTUBHAS HOpMaJibHag (popma, u3 Koropoil crpourcs C-cucrema, [8]
KOHCTUTYEHTHBIX MHOXKECTB, BBIPasKalolasa Hy/Ib aTOMAapPHOIO PaBEHCTBA

N(F(X,)=U).

st Toro, uToObl HaliTH eauauty M (F ()?n) =U ), MbI HAXOJUM JIOIIOJTHE-
HHUE TOCTPOoeHHOI C-cucTeMbl KaK IepeceveHne JOIMOJTHEHUH KaXKI0r0 ee
ssteMenTa. OpraHusaius BHIYUCIEHUN 3TUX [IePECeUeHUll ONNCaHa B B BUIE
dpouTansHOro anropurma [1]. IIockoabKy CTPYKTypa UCXOIHBIX JAHHBIX
(GPOHTATBHOTO AJrOPUTMA, BKJIIOUEHA B CTPYKTYPY JaHHBIX M p-ajaropurma, TO
dopma 3a1a4n BoIUUCIEHNS JIEBOI YacTu paseHcTBa (24) ocraercs Takoil ke,
KaK BO (DPOHTAILHOM aJICOPUTME. DTO 3ada9a HAXOXKIEHUS [IepecedeHmi
00 beIUHEHUsT MHOXKECTB, COCTABJIAIONMNX 0uHUYbl KayKI0TO KOHbIOHKTA
KIII®, smbo edunuy, KI030B BO (DPOHTATILHOM AJTOPUTME.

SAMEYAHUE 2. B pesyavmame pewenua 3adauu (24) noayuwaemes mmo-
orcecmeo U xar obsedunenue opmozoHasbHulT KOHCTAUMYEHMHYIT MHOHCECTS.

B [1] noka3aHO, 9TO KOJIMIECTBO OLEpPANUil IIepecedeHns] MHOXKECTB,
COCTABJISIIONIUX TPOMEXKYTOUHBIE E0UHUYbL, 3ABUCUT OT MOPSIIKA BBIUUCIEHUS
omeparmit mepecedenust edurutly, KOHbIOHKTOB KIITI®.

MI/IHI/IMI/IS&LLI/IH YucJia onepaunﬁ YMHO2KE€HUA JJOCTUTAETC 3a CHET IIPpUOpHU-
TETHOI'O BbLIIIOJIHCHU A yMHO}KeHI/Iﬁ e&u%uu, KOTOpPbIE IIpeJCTaBJICHbI MEHbIITUM
YUCJIOM OPTOI'OHaJIbHBIX MHOXKECTB.

IIpu pemennn 3aaun HAXOXKIEHUS PE3YIbTATA II€PECEIEHUsT €IUMHUIT
BCEeX KOHBIOHKTOB BO3HUKAET MpobJieMa OBICTPOro BO3pacTaHUs 00beMa
IIPOMEXKYTOYHBIX PE3YJIHTATOB BBIYUCJIEHUN [JIsI 9MCJIa MOJEIBHBIX MHOXKECTB
cspire 30.
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Jlamnas mpobjiemMa MOXKeT ObITH pPeIlieHa MPHU ITOC/IeI0BATETLHBIX BbIUUCIE-
HUSX BBIIPY3KOH 3TUX IIPOMEKYTOYHBIX Pe3yJIbTaTOB U3 OlEPATUBHON IaMSITH
B JIOJITOBPEMEHHYIO.

OrpanndmB 00bEM UCIOIBb3YEMBIX B OIIEPATUBHOM MAMSITH IIPOMEXKY TOTHBIX
Pe3yIbTATOB JOIYCTUMOI MOPIHeid, MbI IPUXO/IUM K KJIACCUYECKOMY aJIOPUTMY
C BO3BpATaMU, JE€PEBO BBIYUCIECHUI KOTOPOTro pa3BuBaeTcs B riybuny. Ilpu
9TOM Ha KaXKJIOM ITlare Ha BBIITOJTHUMOCTD JIJI OYE€PETHOTO KJI03a TeCTUPYeTCs
Ccpa3y MHOXKECTBO I10JICTAaHOBOK.

®poHTAJIBHBIN AJTOPUTM peasim3oBaH. Jlormdyeckoe ypaBuenue B Hop-
me KH®=1 renepupyercs ciydaiiabiM obpazom. OTMedeHa 3aBUCUMOCTD
BBIPAXKAIOIIASACS B TOM, 9TO IIPU yMEHbIIIEHUN IUPUHBI (DPOHTA ITOMCKA,
BpeMs pPeIeHns 3aJa49i YBeJININBAETCA. Ipe3MepHOe YBeJINIeHNEe THPUHBI
TEKYIIero (ppoOHTa BBITUCIEHUN 3aBOJIUT BBIYUCIUTEIHHBIN ITPOIECC B MYNUK
(deadlock=nexBarka mamMsTH).

DTOT AJTOPUTM MOXKHO ITOJBEPIHYThH PACIapaJLIeJIMBAHUI0. DTO O3BOJISET
nostydars perienne SAT ¢ momompio pacnpeesieHHbx Borancenuit. [Tpegrara-
eMbIit HIKe M p-aJIropuT™ SBJsSeTCs 00001eHneM (PPOHTATHHOTO aJITOPUTMA,
[TO3TOMY TaKzKe MOXKeT OBbITb MCIIOJIb30BaH Jiis pernenus: SAT.

4. Mp-anropnTm pacnpegesieHHbIX BbIYUCIEHN ONsi NOCTPOEHUS
JIOrNKO-CEMAHTMHECKOW MoAaenun npegmeTtHon obnactum

Orymame mpeIaraeMoro ajropurMma o GPoOHTAIBHOTO AJTOPUTMA U3
paborer [1] 3akmouaercss B TOM, 9TO (BDPOHTANBHBIN AJITOPATM OCYIIECTBIISET
TIOUCK XOTs ObI OJTHO# BBITIOTHSIIOIIEH TTOJICTAHOBKYU JIOTUYECKOTO YPaBHEHUS

Fp(z1,2,...,2,) = 1, neBas gacts KoToporo ects KH®. Mzomopdumoe
peobpa3oBaHue ITOrO ypaBHeHus B aromapHoe paseHcTBo NOBg Buia
Fy(X1,Xs,...,X,) = U, cocraBjieHHOE U3 MOJIEJBHBIX MHOXKECTB, IO3BOJISIET

HAXOJUTH BBITOJIHSIONINE ITOJICTAHOBKY JIJIs KAXKJIOW BXOJAIIEH B JIOTHIECKOE
ypasaenne KH® 6ostee mpocThIM CITOCOO0M, HEXKETH BBITHCIEHUS IO COOTBET-
cTByIoIEit eit popmysie ByseBoit anredpbl MHOXKECTB. DTOT CHOCOD ONMCAH B
BBIIIEYTIOMSIHYTOI pabore Ha crpanunax 173 — 176.

Ornurane wtroctpupyercst B mpuMepe 1. B Mp anropurme mijist BeraucieHust
€TUHUI] TTOCHLJIOK IIPUMEPa HEOOXOIUM MHTEPIIPETATOD MJIsi BHIUUCICHUS
snadenuit popmya ByseBoit anredpbl MHOKECTB.

IIpuMEP 1. Paccmompum nepsyro 3adavy Iopeuxrozo. Meorcdy nmuvamu
300cada cyuecmeyem 5 omHoweHut:

(1) IImuywe nesyue - kpynHue usu obaadarouwue Kavecmseom Y.
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(2) II'muywl, ne umeroujue kaveemaa Y - uau He KPYNHLLE, UAU HE UMENOM,
xavecmea X.

(3) IImuywr nesyue 8 coedureHut ¢ KPYNHbLMU 005EdUHANOM 6CEX MINUY, C
xauecmeom X.

(4) Kaoicas nexpynnaa nmuya ecms U Ne64as, Uil 004a0a10Was Ka%ecmeom

X.

(5) Meorcdy nmuy ¢ kawecmeom X coscem Hem Makux nmuy ¢ Ka4ecmeom

Y, xomopuwie ne 6ydyuu nesuumu, 6vLAU ObL KPYNHBIE.

Tpebyemces

« Onpedeaumn, bviau AU NMUULL Kavecmea X Neswue Uit Hem.
« Vanamov, mo sice 8 omroweHuy nmuy, Kavecmea Y.

o Hatimu, 6vau au cpedu xavecmea X nmuubt kawecmsa Y u Haob6opom.

PEINEHUE. B noruke kiraccos Ilopernkoro B KauecTBe 00IIIey TBED/IH-
TEJILHOTO CY2KJIeHUsI TpuHuMaeTda paBeHcTBO X = X - Y paBHOCHIBHOE IO
cvbicty ApucroresieBy AXY B TPaJIuIMOHHON CUJLIOTUCTUKE U TAKOE YKe
aBycmbicaennoe. [lyctb

X  — mMHOXKECTBO nTHUI| KadecTBa X,
Y — mmOXKecTBO ITHIL KayecTBa Y,
S — MHOXKECTBO IeBYMX IITHII,

(G  — MHOXKECTBO KPYIHBIX IITHII.

Jlormueckue ycaoBus 3a/1a4u, 3anucaHHbe B (DOPMe YTBEPXKIEHUIT O PABEHCTBE
JubO CTPOrOM BKJIIOYEHMU MHOXKeCTB, umeror Buj (26). Kombionkuus Jqanabx
nocbutoK nipeobpasyercs B HKIIII®, cocraBmenHyio KaK AU3bIOHKIN 32
KIIII®, nomapHas KOHBIOHKIASA KOTOPBIX SBJISETCS TPOTUBOpedneM. Takmm
00pa30M, JIOTMKO-CEMAHTHIECKAsT MOJIE/h 3a[aYl MOYKET MMETh 32 CMBICIOBBIX
comepxkanus. [IpomymrocTpupyeM MOCTPOEHNE €IMHUIL JIJTIs CJIydasi, KOTIa
KaskJ10€ ODOIIEY TBEPAUTE/IFHOE CyKICHNE MMEET CMBIC/I CTPOTOrO BKJIFOUEHUS
(27).
Pl. (
P2. ( )
(26) P3. (XCS+G)+(X=5+QG);
P4 ( S+
P5. (
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(27) P3.
P4,
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(SCY +@G)
Y'cX'+G');
(X CS+G);
(G'CcS+X);
(Xc Yy -S'-GQ))).

Brorancimm C€JIUHUIBI ITIOCBLJIOK.

(S,Y+G) =8 +Y +G=1{0,1,2,3,5,7,8,9,10,11,12,13, 14, 15}

M

Y, X' +G) =Y +X'+G ={0,1,2,3,4,5,6,7,8,9,11,12, 13,15}

M(AG,S+ X)) =G+S5+X =1{2,3,4,5,6,7,8,9,10,11,12,13,14, 15}

MA(X, (Y- 5"-G))

= X'+

M(A
(A
M(A(X,S+G))=X'+S+G=1{0,1,4,5,6,7,8,9,10,11,12,13, 14,15}
(A(
(4

(Y-5'-G) =

{0,1,2,3,4,5,6,7,8,9,10,12,13,14, 15}

Momens 3a1a4u IpeICTaBIAETCS KOHCTUTYEHTHBIM MHOXKeCTBOM, U,

SIBJISTIOIIAMCSI TIepecevdeHreM eJIMHUIL TOChLIOK. JluckpeTHasi quarpamma Berna

JJ71s HeTrO TIOKa3aHa Ha PUCYHKE 2.

Ur= 5789121315
X1 ::—‘G
X9 = —:—‘S

X3::-:-‘X

X4:—:-:—‘Y

PucvyHok 2. Mogenb 3a/1a4n 0 NTUIAX B HEl HAXOMSTCST OTBETHI

Ha IIOCTaBJIEHHBbIE BOIIPOCHI

JLj1st BIYUCJIEHUsT €IUHUIL TIOCHLIIOK Ha IIepBOM 3Tare M p-ajropurma

HeobxoauMo mpuMenaTh nareprnperaTop III® Bynesoit anarebpbl MHOKECTB.

Berauciienne mepecedennst e TUHAI] TOCHIJIOK COCTABJIIET BTOPOit atarn M p-

AJITOPUTMA, B KOTOPOM PeAJIU3YIOTCs pacrpeie/ieHuble Beranucaenus. [locaemmss

eJlMHMIA B pe3yabrare Boraucienus muoxectsa X' + (Y - 5"+ G)' B anrebpe

KOpTe)KefI nMeeT BUJL C-cucreMbl COCTABICHHON M3 OPTOIroHaJIbHBIX MHO>KECTB

— O %

1

— % %

0

0 =
Lo a0, 12.15).
1 =x
10

CorutacHo TyHKTY (6) 3aMedanust 1 B KadeCcTBe 3HAYEHUH MOJIEJBHBIX MHOXKECTB
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B3ATHI UX 3HAYCHNS U3 KAHOHUYECKOH A-oHTOJI0rMN JId 1 = 4

G = 1 % *x x
= * 1 % %
X = * ok 1 x
= ¥ % x 1

[Tycrs mana KIIII® &(X,,) cuutoructuku Lg,, npeicTaBieHHas KOHbIOHK-
nueit aroMapHeIx yreepxkaenuit NOBg Buna

(28) A(F(XD), Fo(X7)), Ba(F3(X7), Fa(X)), Fo(X]) = U,

e F;(X0),i =0,4— TP arebpbt MHOKECTB, a X — KOHCTHTYEHTHBIE MHO-
JKecTBa KaHOHI4Yeckoil A-onrosoruu (21). Torma, Kak HOKa3aHO BIIIe, 33713498
BeraucyeHus: eanauIbl 31oit KIITI® cBoauTcs K BHIYUCIEHUIO TIEPECeTeHMiT
KOHCTUTYEHTHBIX MHOXKecTB M () JIsi KasK10ro KOHbIOHKTa, (28)

Sal
(29) M(®(X,))=M(1) -M(2)-...- M(k).
ITepBBIM TPOMEIKYTOUHBIM PE3yJIBTATOM BblUHCIeHMH Oymem canrars M (1),
To ectb R(1) = M(1). B ogHONpOIIECCOPHOM BapHAHTE BBIYUCIATEIHHOTO
Ipolriecca IpU HeOIPAaHUYEHHOM Pecypce OIePaTUBHON IaMATH aJIrOPUTM

BBIYUCJIEHUN CBOIUTCA K IIOCJIEI0BATEJIBHOMY BBIYHUCJIEHUIO II€peCeIYCHUA BCEX

€JIMHMUII, TO €CTh CTABUTCA 33J1a4a YPOBHs 1 BbluucjeHus MHO)KecTBa Z (1)
k
(30) Z(1)=R0]-M[2]-...- M[k] = R[1] - [ [ M(4)
i=2

Ecnun npunsars, 9To 3ajada YPOBHSH ¢ OLIPEIe/IsieTcst Kak
Z(i)=R@E) -M(@i+1)-...- M(k),

TO CIIUCOK OCTABIIMXCA MHOXKECTB M (i), 1Jis HAXOXKIECHUsSI UX [IE€PECEICHU,
OIIPEJIeJISIETCS i-M [IPOMEXKYTOUYHBIM pe3yabraroM R(7).

Takum 06pa30M, IPOMEKYTOUHBIN PEIYIIBTAT OUpPeessieT TaJbHeRIunit
nops ok meiicreuii. Hanpumep, njs ¢ = 3 He0OX0IMMO HAWTH TIepecedeHne

CocrostHUsI BBIYHCIUTEIHLHOIO HPOIIECCA 33/IAI0TCS TTOCIIEI0BATEIBHOCTHIO

R(l)v R(2), R(k - 1)7 R(k)v

(31)  R(1) = M(1); R(i) = R(i — 1) - M(i), R(k) = R(x — 1) - M (k).

R(k) 10 pemenue 3amaun (30).
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O6bembl maMsaTH, 3aHEMaeMble MHOKecTBamu R(i), M (j), nponopuuoHaib-
HBI KOJINYECTBY OPTONOHAJIBHBIX MHOXKECTB (25), n3 00beIMHEHNST KOTOPBIX
onu cocrostt. O6o3HaIMM 311 00beMbI Kak |R(7)|, [M (7).

Nudopmanusi 0 TekymeM ofbeMe HaMATH, 3aHIMAEMOM [POMEKY TOTHBIM
pesynbraToM R(i)—|R(7)|, n o6beme mamsru |[M(: + 1)| JaeT BO3MOXKHOCTD
[IPOTHO3a 06beMa, CIIEAYIONIEro IPOMEKYTOUHOIO Pe3yJbTaTa, KOTOPLILil
OIIPEJIENISIETCST KaK

[R(@)] - [M(5)]
DTO 103BOJIAET M30EXKATh MYNUKQ U IIAHUPOBATH PacClapaslIe/InBAHNE
BBIYUCJIUTEIBHOIO MIPOIECCa I IIOCTPOEHUS JIOTHKO-CEMaHTUYeCKONH MOJEIN.

IIycTp 115t pacipe/ie/IeHHBIX BBIMUCIEHII UCIOJIB3YIOTCS [I€PCOHAJLHBIE
KoMIpioTepbl. Ha HUX ycTaHaBIMBaeTCS MpPOrpaMMa JIjisl PEIICHUsT 3a1a19
tuna (30). Ha ogHOM M3 KOMIIBIOTEPOB pean30BaH IIOYTOBBIA cepBep, Ha
KOTOPOM YCTAHOBJIEHO IIPOrpaMMHOe ofecrieuenue Jist pemerns 3amaqan (30)
1o pekyppenTHoii cxeme (31) u nporpamma Cynepsuzop it GOpMUPOBAHHUS,
PACCHIIIKY 10/133,/1a49 U IIOJIyY€HUs [TOIHBIX JIM00 YACTUIHBIX PE3YJIHTATOB MX
peteHus.

C yueToM BBIODAHHOI KOAUPOBKH MHOXKECTB H HX IIPE/ICTABJIEHUS B OIEpa-
THBHO} IIAMSITH B BUJE AMHAMIYECKIX MACCHBOB WU CIMCKOB OPTOTOHAJIBHBIX
KOMIIOHEHT, BbIOepeM IpeJesIbHbIi pa3sMep CIHCKA JIHO0 MAcCHBa, HAIIPHUMED, B
kormuectse Lo = 220 smementos. Ilo Texymemy cocrosnuio R(i), 3Has obbem
MHOKECTBa IPOMEKYTOUHBIX pe3yiabraros |R(i — 1)| u |M(7)|, MoxHO oneHnTSH
BO3MOKHOCTB KPaxa BBIYHCIUTEJLHOTO IIPOLECCA U3 - 38 HEXBATKHU ITAMATH.
O6o3HaunM 310 rumnorernyeckoe cocrosinne Kak Deadlock(i) s, aro o3nadaer
peasIbHO HACTYIHUBIIYIO HEXBATKY IIaMsITU Ha i-M IIare, JubO IIPOTHO3 ee
Hacrymenust. [Ipusnakom Deadlock(i) s siBisieTcst BBIIIOJHEHNE HEPABEHCTBA,
(32)

(32) [R(i = 1] - [M(2)] = Lo
Beinonaenue 9T0ro ycIoBUsS O3HAYAET, YTO IIPU BBIYUC/ICHUE [IEPECCUCHUS
R(i—1) - M(®3)
MOKeT ObITh He 3aBepleHo n3-3a HexBarku namsari. Cocrosune Deadlock(i) s
MOZXKeT H€ HaCTYIUTb, €CJIN IIPpU HaXO0KJICHUUN IIepeCeICHUsd KOMIIOHEHT
MHOXKecTB R(7 — 1) u M (i) momydnTcest JIOCTATOYHOE KOJIUIECTBO PE3YIBTATOB
B BUJIe IIyCTBIX MHOXKecTB. Torma Bo3MmoxkHO Oyzer Boruucautb R(i). Tem
He MeHee, OyJleM CYHTATh,4TO CIELYIOIINIL IIIar BBIYUCJIEHAN 3alpelleH 1
BBILIOJIHEHNE HepaBeHCTBa (32) TpebyeT mepecTpORKH BBIYUCIUTEIBHOIO
IIpOIIecca, & UMEHHO €ro paclapaJijie/MBaHusL.
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K sromy momenty 3anaga (30) pemena yacruuso ¢ pesyibrarom R(i — 1),
KOTODBIN coxpaHsieTcs B (aiije ¢ uMeHeM COJEPKAIIM HH(MOPMAIHIIO O
Homepe ¢ — 1, Hanpumep, juis ¢ = 5 uMs Oymer R 4.set.

Hanee Cynepsuzop pazbubaer muoxkectso R(i — 1) na r = 219 nu6o
r =210 + 1 nopmuoxkects R(i — 1,75),j = 1,7, coxpanss Kaxoe B dbaiia ¢
“MEeHeM cozepKarmit nadopMaIuio o 3uadennsx ¢ — 1l u j. Ina ¢ =5, =6
daitn 6yer umers uMmst B4 6.set. Bece numena ¢aityioB cBossITCSI B CIIMCOK
ypoBHst i— LF R _ i, cozepzkarieM HHGOPMAIUIO O 1I0/[33/1a9aX 4-I'0 yPOBHSI.
B pesysbrare MbI TIOSIyduM r TOJ33J1a9 -0 YPOBHSI, KOTOPBIE MOYKHO
PACIpPeIEIATh IO KOMITBIOTEPAM, ITPUHUMAIOIIUM YIACTHE B PACIPE/IETeHHBIX
BBIYNCJIEHUSIX.

OTH KOMIIbIOTEpPH! B HAaYa/le CBoeil pabOThl PErHCTPUPYIOTCS Ha cepBepe 1
HOJIYYalOT YHUKAJIBHBIA HOMep. TakrKe UM HepechLIaloTcs MPOrPAMMBI I
BBIYHCJICHUSA MIEPECEYeHUT MHOKECTB U (POPMUPOBAHHSA MOA3AIAY, 8 TAKKE
daitrer, comepxamme emuanner M (7),7 € {1,2...,k}.

IIpyu NOAKIIIOYEHUE KOMITLIOTEPA, K PACIPEIEJCHHBIM BLIYACICHIAM €My
[IEPECHLIAETCS 9aCTh IIPOMEXKYTOYHOIO PE3Y/IbTATA, [OJIyIEHHOTO TIepe]]
npexnosaraeMeiM Deadlock (i) ar. 910 HOXxeCTBO R(i—1)p401, KOTOPOE XPAHHTCS
B COOTBETCTBYIOIEM aitie, nanpumep, /st B daitte R4 6.set.

Taknum o6pa30M, HOILKJIIOLIaeMbeI K IIporeccy BBIUNCJIEHUN KOMIIBIOTED
IOoJIy4daeT 3alaHue PEHIUTDh I10A3a1a49y

k
Z(i—1) = R(i — 1)pare - HM(J')

Aaements! crimcka LE R i cocrost u3 xoprexeii (N f, State, Result).
ITepBblil 3JIeMEHT KOPTEXKa COJEPKUT UM (ailiia 11013a,/1a9u, HATIPUMED,
R_4 6.set, Bropoii 3JIleMEHT KOpTEXKa YKa3bIBAET HA COCTOSTHHUE TPOIECCa
pemenns noazagadu. State copepKuT NHMOPMAIUIO O TOM, PACIIPEJIETCHA JIN
UCTIOJHATEIO 33/1a9a C YKa3aHUeM ero Homepa, Jubo uer. Result ykasoisaer
Ha Pe3yJIbTAT 3aBEPIIEHUs UCIIOJHEHUS 3aaau. TakuMm 06pasomM, 3a1a9a
MOKeT OBITh He pacIpe/ieieHa JM00 HAIIPABJIEHA HA MCIOJHEHHUE YKAZAHHOMY
UCTIONHUTEO. Pe3ybTar 3aBepIeHns NCIOTHEHNs TTOA3a,/Ia9l MOXKET OBITH
CJIeAYIOLIUA:

1) moz3ajiavua 3aBepINuiiach aBapHUilHO;

2) B pe3yJIbTaTe 3aBePIIeHUs IIPOIecCa, COIOCTABJIEHHOI'O IoA3a/1ade
[IOJIyI€HO €ee PeIleHne, KOTOPOe sIBJISIeTCs YacThio pernenus 3ajaqan Z (1).
PesynbraTr B Busie daiiia ornpasiisieTcss Ha TOJIOBHON KOMIIBIOTED;
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3) IIPOIleCC PelleHus 110/13a/1a9K 3aBEPIINIICST (POPMUPOBAHUEM HOBBIX
nomzasad u cnucka LF R j.° amagjormanoro cimeky LE R i rooBHOTO
KOMIIBIOTEPA. DTOT CIIICOK OTIPABJISETCSI HA CEPBEP U Ha I'OJIOBHOM KOMIIbIOTEPE
dopMupyeTcs CIUCOK CIHCKOB MOA3a1a4 PAa3IMYHOIO YPOBHL;

4) B pe3ybTaTe BBIINOJHEHNA I10/13a/a91 IIOJYy9I€HO IIYCTO€ MHOXKECTBO.

Apapuiinoe 3aBepliieHre O3Ha4aeT, 4TO MOA3aJady Hy>KHO IepeJaTh HOBOMY
UCIIOJTHUTEI0. Ec/im pe3yabTaT 3aBepiienns COOTBETCTBYET MYHKTY 3), TO
cOPMHUPOBAHHBII CIIMCOK 10337124 JIONIOJIHIET paHee cOOPMUPOBAHHBIE
CHUCKU U nonoJiHgeT MpoHT pabor (Hoa3a1ad), KOTOpbIE CYIePBU30DY HYKHO
pacIpesesIaTh MeXK Iy MUCIOJTHUTEIAMH.

ITonzamayau, mporiecc BBIMOJTHEHUS KOTOPBIX 3aBEPIIEH HE aBAPUITHO,
VIAJSIOTCS U3 CIIMCKOB TO3a/1a4. M pe3ysIbTaT uX BBIMOJHEHUS J00aBISIETCS
B daiis1 OpTOroHAJIbHBIX MHOYKECTB BXO/IANIAX B PEIIEHNE 33/1a491 IIEPBOIO
YPOBH4.

IIponiecc BBITIOTHEHUST PACTIPEIEIEHHBIX BHITUCIECHUN 3aKAHINBAETCS,
KOT/[3, BBIIIOJTHEHNE BCEX C(OOPMUPOBAHHBIX B BBIYUCIUTEHHOM IIPOIECCE 33189
3aKaHYUBAETCS.

B pesysibrare MBI ITOJIyYNM JIOTHKO-CEMaHTUIECKYIO MO/JIe/Ib B hopMe
exunuipl 3agauu Z (1), KOTopas OnpeuesiseT COCTaB MOJEbHBIX MHOXKECTB )~(Z
U JUCKPETHYIO jguarpaMMy Berra. 9To maeT BO3MOKHOCTD PEIIaTh 3a/1a9u
BBISIBJIEHUSI HEOUEBUIHBIX PUUYNHHO-CJIEJICTBEHHBIX OTHOLIEHU B IIPeIMETHOM
00/1aCTH.

DpoHTOM BBITIOTHEHUS o133 Mad yipasiserT CyrnepBu3op, KOMOMHUDYS
CTpaTeruu «IOUCK B TJIyOUHY» M «IIOWCK B ITUPUHY>.

3aknoyeHne

IIpemraraemsrit ciocod pacpeie/IeHHBIX BBIIUCIECHAN UMEET IIPOCTOe
OlMcaHue 110 CPABHEHUIO CO BCEMU AJIPOPUTMaMU, OCHOBAHHBIMH Ha HJIESAX
aJITOPUTMOB IIPOBEPKH BBITTOJTHUMOCTHU OT/EJIBHO B3ATHIX ITOJCTAHOBOK, 32
HUCKJIIOYEHHEM IIOMCKOBBIX aJrOPUTMOB, KOPble He rapaHTUPYIOT HaXOXKJIeHue
BCEX BBIIOJIHAIONIMX [I0JICTAHOBOK ypasHenusi (12). Takxke sror crocob
pelleHns He IPEIbsiBIISET BBICOKIE TPEOOBAHMS K BBIYUCIUTEIBHBIM PECYPCAM.
TeopeTrudeckoil OCHOBOI ero ABJIAETCS CUJIOTHCTHYECKas cucreMa Lg,

IIpeyraraeMplii aaropuTM OTJIMYAETCA OT CEMEHCTB aJIrOPUTMOB OCHO-
panubix Ha DPLL u CDCL. CyirecrBeHHOE CXOJICTBO JIAHHBIX CEMENHCTB

5.
9j yKa3bIBaeT Ha ypOBEHb C(DOPMHUPOBAHHBIX M0/3a,/1a4
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AJICOPUTMOB B TOM, 9TO JIOT'MKA UX Pa0OTHI OCHOBAHA HA aHAJIU3C 3HAYCHUI
OyJIeBbIX EPEMEHHBIX B Bysesoii jloruke BhicKasbiBanmil. Ee MaTemaTndaeckoit
MOJIEJIBIO CJIYZ?KHT aJirebpandeckas CHCTEMa ¢ OJHO3JIEMEHTHBIM HOCHTEIEM 1
ommum orromrenneM C, 8, u Bripoxiennoii (degenerate) Gysesoit anare6poit
C OIHO3JIEMEHTBIM HOCHTEJEM DPABHBIM HOCUTENIO W TPEMs M3BECTHBIMEA
onepanusaMA, KOTOPbIe B OyJI€BOH JIOTHKE TPAKTYIOTCA Ka KOHBIOHKIIHSA,
JIM3BIOHKINS U OTPUIAHUE.

Beoimosastonas mocTaHOBKA UINETCS IIyTEM ITOCIEI0BATEIHLHOTO IPHCBAN-
BaHWs 3HAYEHUI OysIeBbIX mepeMeHHbIX. CII0KHOCTD ormcanust (hpPOHTATHHOTO
ajropurMa u ero mogudukanuu M p-aaropurMma 3HAIUTEIBHO MPOIIIE, IeM
Yy aJrOPUTMOB U3 TUX CeMeicTB. B 3TOM MOXKHO yOeauThest mepeiiist mo

CCBbLJIKaM B aBTOPCKUE Hy6.HI/IKaL[I/II/I 7.

[Ipu ananmse nmurepaTypHBIX HCTOYHIKOB HE OOHAPYKEHO aHAJOTOB JIJIst
M p-anropurma. TpebyioTcs ncciienoBanus 1jist CpaBHEHUs €ro 3(PHEKTUBHOCTH
¢ apyrumu. OHAKO, y2Ke cefigac MOYKHO CKa3aTh, 9TO OH 00JIaJIa€T BHICOKIM
YPOBHEM IIapaJsijiejin3Ma Ha YPOBHE 3a/1a4, Ha YPOBHE JAHHBIX, HA YPOBHE
AJITOPUTMOB, PeaJIn3yOIIIX Olepaluy Hal COCTABJISIFOIUMI MHOYXKecTBaMu. B
crty 0COOEHHOCTEl oreparinii 00beIMHEHNS, T€PECEeIEHUs U JIOTTOTHEHU ST
YHEBEPCyMa HaJ| KOHETHBIMUA MHOXKECTBAMM.

ABTOp He CTaBUI TEIBIO CBOEH pabOTHI MOCTPOEHHE CAMOTO I(HHEKTHBHOTO
aJICOPUTMa BBIYUCJ/IEHUsI BCEX BBIMTOJIHAIONIUX MTOACTAHOBOK. AJITOPUTMBI,
pelaoIye 3Ty 3a/ady B JIMTEPATyPe OTCYTCTBYIOT, 33 MCKJIIOUEHUEM AJITOPUT-
MOB BBIUHUCJIeHUS TabauI ncTUHHOCTU. [lenbio paboThl OBLIO TTOCTPOEHIE
AJITOPUTMA BBIYUCJIECHUS CEMAHTHIECOKOIO 3HAYEHNS] KOHBIOHKITUN TIOCHLIOK B
Buge KIIII®, koTophiit 6bI 3aKaAHINBAJ BRITUCICHUS 38 TIPUEMJIEMOE BPEeMsI,
JJIsi JOCTATOYIHOTO JJTsi PEIEHUs TPAKTUIECKUX 3a1a9 9HCJIA MOEbHBIX
MHOKECTB® IIPH PeIleHun 33124 BepuMUKAIINE JIOTTIECKOTO CJIeI0BAHMS,
CJIOXKHOCTb KOTOPBIX HE MTO3BOJISIET UX PEIlaTh COBPEMEHHBIMU CUCTEMAMU
JIOTHYECKOTO BBIBOJIA.

st HaXOXKAeHUs TPUEMJIEMON BepXHEI IPAHUIIBI IHCIA MOJEIbHBIX MHO-
’KeCTB HEOOXOIMMO IMPOBECTH IKCIIEPUMEHTHI, & JJIsi 3TOTO HYXKHO Pean30BaTh
AJITOPUTM IIPOTPAMMHO.

6ux o6braso TpakTyor Kak {1} miu npocro 1 n <, sHakoMm 0 3aMEHSIOT IIyCTOE
MHOXKECTBO

Thttps:/ /ru.wikipedia.org/wiki/Anropury CDCL,
https://ru.wikipedia.org/wiki/DPLL.
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The use of distributed computing in domain modeling
in universal syllogistics

Turii Mikhailovich Smetanin!
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Abstract. We consider the algorithmic aspects of calculations in the logi-
cal-semantic models of universal syllogistics Ls,. This non-classical propositional
logic is based on an algebraic system containing a Boolean algebra of sets and two
relations between sets: C and =. Its closest analogue is Aristotle’s syllogistics,
the model of which is an algebraic system with a Boolean algebra of sets and one
relation C. The disadvantage of syllogistics based on an algebraic system with a
single relation C is the ambiguity of the interpretation of their formulas and
atomic judgments.

In this work, by a logical-semantic model of a subject area we understand the
totality of the universal syllogistic formula Lg, and its semantic meaning, which
is a finite set of non-negative integers. We propose an algorithm for computing
semantic value of a conjunctive well-constructed formula Lg,, which has a
high level of parallelism at the task level, at the data level, and at the level of
algorithms realizing operations on constituent sets. Due to the peculiarities of
union, intersection and complement operations over finite sets, all the processes
of their computation and solution of subtasks occur at the bit level and, as a rule,
are efficiently implemented in algorithmic languages. In the proposed algorithm,
the transition to the bit level and back is realized by a set of software tools.
(In Russian).
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IIpuMmeHeHEe HEMPOHHBIX CETEl CMAMCKOIl apXUTEKTYPbI
B 33/IaYaxX KJaccupuKanuu NpoIyKTOB PA3IUIHBIX
KaTeropuii Ha IpujaBKax yHUBepcaMa

Anexcannp Bragumuposna CMupHOB!™, Urops Herposuu THITEeHKO?

AHHoTaumsa. B nHacrosimeit paboTe mpeicTaBIEHO HUCCIAEIOBAHUE HA TEMY
MpUMEHEHUsI HEHPOHHBIX CeTell CMaMCKON apXUTEKTYPhI B 3a[a9aX KJIacCU(DUKAIIIT
PA3JINYHBIX IPOJYKTOB IIUTAHWs HA IPUJIABKAX YHUBEPCAJIbHBIX MarasnHoB. CruaMcKue
CEeTU — 9TO OCOOBIN KJIaCC HEMPOCETEBBIX APXUTEKTYP, OObeUHSIOMNI B cebe Be
cBéprouHble mojceTr. Ero 4acTo UCIOIb3yIOT B 3a/[a9aX COIOCTABJIEHUsI OO'bEKTOB,
MMOCKOJIbKY IO CPABHEHUIO C TPAIUITHOHHBIMUA CBEPTOYHBIMY HEHPOHHBIMU CETSIMU OH
He TpebyeT OOJIBIIIOro KOJUYIECTBa 00yYalomuX JaHHbIX. B Xo0/1e paboT crenepupoBaH
CcOOCTBEHHBIN HAOOD JAHHBIX, BKIIOYAIONIAN MATh PA3JINIHBIX KATETOPHil MPOIYKTOB.
B pesyabrare ypanoch JocTudb TouHOCTH B 97.5% npu obyueHun.

Kntouesble cnosa u pasbl: cuaMcKue HEHPOHHBIE ceTH, HABOP JAHHBIX, IIPOJLYKTHI
MUTAHUS

Ona untuposanusa: Cvupuos A.B., Tumenko U.T1. ITpumenenue netiporruz
cemeti cuamckoli apTUMeKmypvs 6 3a0a4aT KAACCUPGUKAUUY NPOJYKMOE PA3NULHDIT
Kamezopull Ha npusaskar yrueepcama // IIporpaMMHBIE CHCTEMBI: TEOPUS U
npusnoxenusi. 2024. T. 15. Ne2(61). C. 113-137. https://psta.psiras.ru/
read/psta2024_2_113-137.pdf
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Cpenint TI0/IX0/I0B K PACIO3HABAHUIO OOBEKTOB Ha M300DAYKEHUU MOXKHO
BBIJE/IUTH IBA OCHOBHBIX HAIIPABJICHUS: HEIIOCPEICTBEHHOE PACIO3HABAHUE
00'bEKTA 110 €ro XapaKTEePHBIM YepTaM U OCOOEHHOCTSIM, U CpaBHEHHE 00beKTa
WHTepeca ¢ MmabIOHOM 3apaHee M3BeCTHOrO Kjacca o0bekToB. C Hermocpe/i-
CTBEHHBIM PACIIO3HABAHIEM OOBEKTOB XOPOIIO CIPABJISIOTCS KJIACCUIECKUE
CBEPTOYHBIE HEIpOHHBIE ceT. TeM He MeHee, JJisi JTOCTUYKEHUS BBICOKUX
ImoKa3aTeJieif TOYHOCTH PaCIO3HABAaHUsT HEOOXOIUMO CO3/1aTh OOIMIUPHBIA HAOOD
JAHHBIX [T KAXKIO0T0 M3 MCCIIEAYEMbIX KJIACCOB, & TAKYKe B 3aBUCUMOCTH OT OT
GbOpPMBI 1 BHEITTHETO BHUa 0OBEKTOB UHTEPECa TPEOYETCs UCIOIb30BATh CETh
6oJtee CJIOKHON apXUTEKTYPHI.

C sipyroit CTOPOHBI, CTh Psijl 3814, TJie B HEIIOCPEICTBEHHOM OIPEIeIeHIN
KJlacca/Tuia 00beKTa HeT HeobxoaumocTu. Hanpumep, ecsin HeoGXOAUMO
OIIPEJIE/INTh aBTOMOOU/Ib Ha M300PaKEHUN UM MOTOIUKJI, TO COBEPIIEHHO HE
BaykKHa MapKa KOHKPETHOI'O aBTOMOOWJISI MJIU MOTOIUKJIA. JLjisi perreHust
MOIOOHBIX 33189 9aCTO MCIOJIb3YeTCsl HePOHHASI CETh CHAMCKON apXUTEKTYPHI.

Heiiponnbie cetn cmaMcKOil apXUTEKTYPbI ObLIN BIIEPBBIE IIPE/ICTABICHBI
B Havase 1990-x rogos B pabore [1] mist perienust 1pobaeMbl TPOBEPKU
[TOJITTMHHOCTH TTOJIITUCeH KaK 33/Ia9d COMOCTaBIeHNsT M300pakeHnii. ABTOPBI
UCIIO/IH30BaN HAOOD MAHHBIX, COCTOSAIINH 13 00pa3noB moamuceit 219 gesoBex,
YaCTh M3 KOTOPBIX ObLIa CIEIUaIbHO Mojieaana. B xome paboT aBTOPBI TaKkKe
IIPOBEJIN IKCIEPUMEHTAIHLHOE MCCIIE0BAHIE HECKOJIBKUX APXUTEKTYP UCIOJIb3Y-
€MBIX ToJCeTEN 1 oy unau pesyasrar B 95.5% ycnemnoro onpeerenust
HOJIJIMHHOCTU IIOAIINCEH.

Ceituac HEDOHHBIE CETU CHAMCKOI apXUTEKTYPbI UCIIOJIb3YIOTCS JIJIsI
aHa/m3a TrpadUIecKuX JAHHBIX PA3JTUIHBIX UCTOIHUKOB. Tak B pabore
[2] aBTOpBI MOCTABUIN LIEAb U3YIUTH U OOLICHUTH KOHIIEIIUIO CXOJICTBA
n300paXkKeHuii ¢ NCHOAL30BaHeM cuaMcKux cereil n rexnosorun Grad-CAM'.
B pesysbrare um yaasaoch mosiyduTh 06J1aCTh aKTUBAIMH HEHPOHHONM ceTh
Ha U300parKeHun, a TaKyKe COCTABUTH P PEKOMEHIAIMI 0 CO3JAHUIO0
CcOOCTBEHHOTO HAOOPa JAHHBIX Mt 60JIee TOYHOrO 00y UeHHsT CeTH.

Pabora [3] comep:KuT KCIIEPHUMEHTAJIBLHOE HCCIIE0BaHIE O0YIeHMs
CHAMCKUX HEHPOHHBIX ceTeil /s Kiiaccudukanuu 00beKTOB ¢ MUHUMAIBHBIM
HAOOPOM 00YUAIOMINX JAHHBIX. 37€Ch ABTOPHI UCIOJIB3YIOT PA3JIUIHBIE METOIA
YIIY YIEeHUs] TOYHOCTH 00y IeHHsI CPe KOTOPBIX MOXKHO BBIIEJINTH TpaHcdepHoe
obyd4eHHe U MMUTAIMIO TIporiecca ancambiesoro obyuenus. B urore um ynanoch

'What is the Grad CAM method?"*


https://datascientest.com/en/what-is-the-grad-cam-method/
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Jmo6uThest ToaHOCTH Knaccudukanuu B 69%—-78% npu ncnosp3osanun ot 5 110
20 obyuaromux m300parKeHni Ha KJIACC.

Crarbs [4] TakKe HOCBsIIEHa KIacCUPUKAIMI 00bEKTOB ¢ IPUMEHEHHEM
CHaMCKUX HefpoHHBIX ceTeil. OfHAKO, B JJaHHO paboTe aBTOPBI PACCMATPUBAIOT
B [IEPBYIO 0YePE/Ib NEPAPXUIO KJIACCOB U MCIIOIB3YIOT HEKOTOPhIE MOANMpUKA-
TOPBI, CPEJIN KOTOPBIX MOYKHO OTMETUTDH MATPHUIILI 3aTPAT U YOBIBAIOIIUI
nepapxXudecKuili MHOXKUATEJb. B 9KCIIepIMEHTaX yIaCTBOBAJIU CJIEIYIOIIIE
nabopst garubrx: CIFAR-100%, Amazon Product Reviews® u Fashion MNIST*.
B pesysibrare ObLia mojydena TOYHOCTH Kjiaccudukanuu ot 64% mo 90%
B 3aBUCHMOCTH OT Hafopa JIAHHBIX, YTO CONOCTABUMO ¢ TOYHOCTDIO (65%-84%)
[TOJIy9I€HHO 1IPpY CTAHIAPTHON KJIacCuUKAIUN.

B crarpe [5] cuaMckue ceTH MCHOJIB3YIOTCS JJIsl PACIO3HABAHNS TAT€PHOB
9eJIOBEYECKOI JIesITeIbHOCTH. ABTOPBI TPUMEHSIOT TAKHE TEXHOJOIMH KaK
Tpoitnast Gynknus nmorepb u Bi-LSTM?® jyist pacipocTpanenust JaHHBIX BHYTPU
ceru B oboux HampasyeHusx. Takum obpasom, ua Habope jgamnabix UCT HAR®
aBTOPaM yJaJ0Ch HOJYyYUThL TOYHOCThL paBHyto 93.9%.

B pabore [6] paccmarpuBaercs NpUMEHEHUE CUAMCKUX HEHPOHHBIX CeTeil
JUTs KjaccuuKaImy 1300parkKeHnii TOPHbIX Topo. OTamdnTeabHOil 0cOOeHHO-
CTBIO JIAHHOM paboThI SIBJIsIETCS pa3paboTaHHAs aBTOPAMU APXUTEKTYPHas
HAJICTPOIiKa IIpOCTpaHCcTBeHHOro npeobpaszoanust (STN), koropas uconb3yer-
Cs1 JIJIs M3BJIEYEHUs] KDUTUIECKN BaXKHBIX obJiacTeil n3obpakenuit. Biaromaps
3TOMY, aBTOPBI JOCTUTJIN TOYHOCTH KJyaccudukanuu B 87.14%-97.75%, uro
B cpeaaeM Ha 2% GoJible, YeM IIPH MCIOJIb30BAHNY KJIACCAYECKUX TUIyOMHHBIX
HEUPOHHBIX CeTE.

I/IHOG IIpUMEHEHUEe HeﬁpOHHBIX ceTell cuaMCKOi apXI/ITeKTypr IIpeJaCcTaBJICHO
B crarbe |7]. 31ech 1esbio aBTOPOB GBLIO ONpeeeHne TIPUHAJIEKHOCTH
CreHepUpPOBAHHOI'0 U300paskeHus KaKOMY-JIn00 HefipoceTeBoMy reHepaTopy.
B JaCTHOCTHU, aBTOPbI UCIIOJIb30BaJIX CI'€HEPUPOBaHHBIC I/I306pa)KeHI/Iﬂ JINIL
JIIOZIeH, JI7IsT 1er0 UM MOHAI00uICs HabOp JAHHBIX, CO3MAHHDIN mpu momoru 10
DPA3JIMIHBIX T€HEPATUBHBIX HeifpoceTeBbIX apxuTeKTyp. [logydennas B urore
TOYHOCTL cocTasuia 6oee 90%.

Takke cMaMCKue CeTH UCIOJIb3YIOTCS JJIsi aHAJIN3a CEHCOPHBIX JIAHHBIX.
Hanpumep, B pabote [8] cerb ucnob3yercst s uaeHTudbUKALIA ITOIKIIOICHHON

2CIFAR-100%

3Amazon Product Reviews™
4Fashion MINIST™
5Bidirectional LSTM"
SUCI-HAR™


https://paperswithcode.com/dataset/cifar-100
https://www.kaggle.com/datasets/saurav9786/amazon-product-reviews
https://www.kaggle.com/datasets/zalando-research/fashionmnist
https://paperswithcode.com/method/bilstm
https://www.kaggle.com/competitions/uci-har
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Harpysku. B manHOoM moixose Cerb 0Oy4aercsi Ha n300parkeHusIX IpaduKoB
3aBUCHMOCTH [OTPEDOIIEMOrO TOKA OT BPEMEHH PA3JIMIHBIX OBITOBBIX IIPUOPOB
(xonmommiibauK, nacroabubiil [IK, npesnb u .1.). B kagecrse nojicereii aBTopb
ucrnonb3yeT Lenet-57. TecTupoBaHue PeyIOKEHHOTO METOJIA TTPOBOINIOCH
Ha Habopax marabix WHITED® u PLAID®. B pesysibrare 6bla moJsrydeHa
TOYHOCTDL UjeHTUdUKau 6oee 98%.

Heitponnbie ceTn cnaMcKOil apXUTEKTYDBI y2Ke JOCTATOYHO IIHPOKOIO IIPH-
MEHSIIOTCS 71 OOPAOOTKU MEAUIMHCKAX JAHHBIX. JIT00bIe TaHHbIe, NMEIOIne
SKBUBAJIEHT B BUJe n300paxkenuit (nanupie cnekrpockonuu, cauMku MPT,
SHJOCKOINYIECKUE U300PaXKEHUs U T.J.) MOTYT ObITH IIPOAHAIU3UPOBAHDI
UCKYCCTBEHHBIMU HEHPOHHBIMU ceTsiMu. K mpumepy, crarbs [9] mocssimeHa
KIaccuUKAMU KIUHIIECKN 3HATNMBIX OaKTepuit Ha ocHOBe PamaHnoBcKast
CIEKTPOCKOIIUH € MIPUMEHEHNEM CHAMCKHUX HEHPOHHBIX ceTeil. ABTODPBI JaHHON
CTaTh WCIIOJIB30BAJIM HADOP CIIEKTPAJIbHBIX JTAHHBIX PaMaHa, KOTOpPBI comep-
xut 5420 (6 BusOB GakTepnii, okono 900 crekTpos Ha Kiacc). TouHOCTD
KJIaccupUKAIIE OCTaBUIa OKOJI0 83.61%, 4TO COMOCTABAMO ¢ TOYHOCTBIO IIPU
MIOJTy9€HHOMN TIPU MCTIOIB30BAHAN TJIyOMHHBIX HEHPOHHBIX cereit — 84.13%.

B apyroii pabore [10] ananusupyiorcs HeGoubIIIe 06PA3IbI YHIOCKOLIAIE-
CKUX U300paskKeHuil s KiaacCuuKaIluu JIEHKOIJIAKII TOJTOCOBBIX CBA30K ™
C UCIOJIb30BAHUEM CHAMCKOI HelipoHHoit cetu. IIpeiozkeHHbIit aBTopaMmu
MeToJ, oKa3aJl JIydlIylo TOYHOCTh Kiaccudukanuu — 97.56%, B cpaBHenun
¢ ueitponnbiMu cetsimu apxurekTyp AlexNet'', VGG Net'?, Google Inception'?,
ResNet'* u ap.

Crarba [11] 3arparuBaer pobseMy OIEHKH BapUabeIbHOCTH KOHTPACTA
pasnuunbix MPT-ckanepos. Pazupie MPT-ckanepbl mMeIoT pa3naHbie
napamMeTpbl KOH(DUIYpAIMY U3-38 9ero MOJIyJIeHHble CHUMKY OJHOW M TOH 2Ke
YaCTH TeJIa MOI'YT UMETh PACXOXK/IEHUs, YTO YCJIOKHIET TUAIHOCTUKY U CO3TAET
IpOOJIEMBI C TOYKN 3PEHUsI BOCIPOU3BOAUMOCTH CHUMKOB. 1lesibio aBTOpoB
JTAHHON PabOTHI SIBJISETCS ONPEIEIUTh IPUHAJIEKHOCTh CHIMKA, KOHKPETHOMY
MPT-ckauepy. s 9TOro OHM HUCIOJIB3YIOT CHUAMCKYIO CETh C TPOWHOIR

" Apxurextypa LeNet-5%

SWHITED™

SPLAID*

10 JTetikomiaxust ropTanu

1 AlexNet — cBépTOUHAsS HEHPOHHAS CEThb M KIACCH(PUKAIINN H300DasKeHMH™
12YVGG Very Deep Convolutional Networks™

13 Advanced Guide to Inception v3*

' ResNet (34, 50, 101): «ocrarounbie> CNN s kraccucpuranun nzobpakeHuii

URD

URD


https://datafinder.ru/products/arhitektura-lenet-5-s-ispolzovaniem-python
https://www.cs.cit.tum.de/dis/resources/whited/
https://www.timeseriesclassification.com/description.php?Dataset=PLAID
https://russianhospitals.ru/otolaringologiya/leykoplakiya-gortani
https://neurohive.io/ru/vidy-nejrosetej/alexnet-svjortochnaja-nejronnaja-set-dlja-raspoznavanija-izobrazhenij/
https://viso.ai/deep-learning/vgg-very-deep-convolutional-networks/
https://cloud.google.com/tpu/docs/inception-v3-advanced
https://neurohive.io/ru/vidy-nejrosetej/resnet-34-50-101/
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dyukuei moreps'’ B Kymne ¢ KJIaCCUYECKUM MeTOIaMU KJIaCCUMDUKAIAN.
B pesysbraTe, aBTOpaM yIaaoch qoouTheda TogHocta B 93.15%.

Hekoropoe paciipocTpanenue moJtyIuio MpuMeHeHHe CHAMCKIX HeHPOHHBIX
cereil /it anasm3a cHuMKoB Jucranmmontoro 3onauposanus 3emuu (J133)'°.
Tak B pabore [12] npumensiercst TyOUHHAsI CHAMCKAsI CETh ¢ PYYHBIM U3BJICYe-
HUEM TPU3HAKOB JIJTsI KJIACCU(DUKAIINY THIIEPCIIEKTPATBHBIX H300parXKeHUH.
OcHoBHOI TPO6JIEMOlt ABTOPHI HA3BIBAIOT OIPAHUYEHHYIO JTOCTYITHOCTH MEIEHBIX
mannbix JI33. ApxurekTypa CHAMCKUX HEHPOHHBIX CeTell MO3BOJISIET PEIUTD
po0JIeMy HEJOCTATOYHOrO KOJUYIECTBA 00yUIalomuX JaHHbIX. TakuM obpa3oM,
9KCIIEPUMEHTAJBLHBIE PE3YJILTATBI TOKA3aI TOIHOCTEIO 95.17% u 93.25% nya
nabopos ganubix Pavia U'" u Indian Pines'.

Ananusupyst paboThl, CBA3aHHBIE C TPUMEHEHIEM CUAMCKUX HEHPOHHBIX
cereil B 33/1a9ax KJIaCCH(PUKAIIMNA W PACIO3HABAHHS 00BHEKTOB, MOKHO CJIEJAThH
BBIBOJ O TOM, 9TO P KCIIOJIb30BAHUU JAHHOTO MOIX0a MOXKHO JTOOUTHCS
TOYHOCTHU COMOCTABUMOIA C TOU, 9TO JOCTUTAETCSI TP UCIIOJIB30BAHUY KJIACCH-
YeCKUX CBEPTOYHBIX HEMPOHHBIX CETEH, IIPU ITOM UCIIOJIb3Ysl CPABHUTEILHO
HeboIbIITIE HAOOPHI TAHHBIX.

B nacrosmeit crarbe OyneT pacCMOTPEH MeTOJT KJIaCCH(MUKAIIN ITPOJLYKTOB
Pa3JIMYHBbIX KaTeropuii Ha IIpUJIaBKaX yHHUBEPCAMOB C HCIOJIb30BaHUEM
CHAMCKUX HEHPOHHBIX CeTeil, IIpU JOCTUTHYTON TouHocTH obydenus B 97.5%.

1. MNMocraHoBka 3agaun. AKTyanbHOCTb

Hacrosimas crarbs mocBsiena nccieIOBAHAI0 1 pa3paboTKe MeTOIa IPH-
MEeHeHUsI HETPOHHBIX CeTeil CMaMCKOIl apXUTEKTYPHI B 3a/la4aX PacIlO3HABAHUS
Pa3/IMYHBIX TPOAYKTOB IIUTAHUS Ha IPUJIABKAX YHUBEPCAJBHBIX Mara3uHOB.
OcHoBHas 3a/]a9a JIAHHOTO UCCJIEIOBAHUS 3aKJII0YAETCs B pa3paboTke pabo-
TOCIIOCOOHOI KOHIIETINY TUOKOM IIOICUCTEMbBI PACIIO3HABAHUS PA3IMIHBIX
IPOJYKTOB,/ TOBAPOB, KOTOPasl B IIOCJIEICTBUU MOXKET ObITh IPUMEHEHA B Tak
Ha3bIBAEMbBIX aBTOMATU3MPOBAHHBIX PODOTaX-MepUaHai3epax.

Ucxosst u3 onpepesennst mpodeccun, Mepuanaiizep'® 310 — TOBApOBE WK
TMOMOIITHUK TOBAapPOBEA, T€JI0BEK, MPEICTABISIONINN TPOU3BOICTBEHHYIO
WK TOPTOBYIO KOMIIAHUIO B TOPrOBBIX ceTssX. OTBedaer 3a BBIKJIAJIKY TOBa-
pa, YCTaHOBKY COILyTCTBYIOIIETO HEOOXOIMMOIr0 00OPY/IOBAHIUS, pa3MeIaeT

15 Peanmsanus pyuxmuu moreps Triplet Loss B Python**
16 JTucrannuonnoe 3onaupoBaHne 3eMan*™
17 Pavia University Hyperspectral Dataset*
8Indian Pines Hyperspectral Dataset™

URL

Y Mepuannaiizep


https://habr.com/ru/articles/737060/
https://dis.krasnodar.ru/activity/osnovnaya-deyatelnost-departamenta/informatizatsiya/ispolzovanie-rezultatov-kosmicheskoy-deyatelnosti/distantsionnoe-zondirovanie-zemli
https://www.kaggle.com/datasets/abhijeetgo/paviauniversity
https://www.kaggle.com/datasets/abhijeetgo/indian-pines-hyperspectral-dataset
https://www.unisender.com/ru/glossary/kto-takoi-merchandiser/
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POS-marepuassr. OcHoBHAs 3aa9a MepUIaHaii3epa— KOHTPOJIb HAJTIMIUS BCETO
aCCOPTUMEHTa KOMIIAHUH HA MOJIKAX Mara3uHa M pacIoyioXKeHHe ero B HanboJee
GJIArONIPUSITHBIX st TOKYNKE MectaX. OYeBUIHO, YTO MepUaH/aii3ep BITOHSI-
€T BaYKHYIO POJIb B (DYHKIIMOHUPOBAHUY MarasuHa u (pOPMUPOBAHUN TPUOBLIN,
TaK KaK OTCYTCTBUE Ha IIpUJIaBKaX B Hy)KHbeI MOMEHT OHpe‘ILG.HéHHbIX TOBapOB
CTOUT IIPOJABIAM MUJJINAPIOB J0JJIAPOB B T'OJ.

Baaromapst passutuio poGOTOTEXHUKY U AJITOPUTMOB KOMITBIOTEPHOTO
3pEHMsI YacTh ONEpaIuii YeJoBeKa-MepUYaHgaiizepa MOXKHO MEPETOKUTH
Ha aBTOMATH3WPOBAHHOTO CIEUAIbHOr0 pobora. Pobor-mepuanmaitzep
pesicTaBIsgeT coboit mIaTdopMy ¢ BEPTUKAILHON KaMepoil, epeIBUTaIOILyF0CsT
MEXKJTy CTeJUIAYKAME U XOJIOIMIbHUKAMU, ¥ BBITOJJHSIONYIO (DOTO-BUJIEO CHEMKY.
Kamepa pobora 00br9HO 06/181a€T Topas3o 00jiee BHICOKUM Pa3peIleHreM, 9eM
craruoHapHast kamepa. C TOUKM 3peHus] 9KOHOMUKH, 9TO PEIIeHne TOKA3aJI0

cebst Hanbosiee 3(pHEKTUBHBIM, ITOTOMY YTO HA Mara3wH JIOCTATOYHO OJTHOTO
pobora.

B pmasHBIl MOMEHT mpuMeHeHne pOoOOTOB-MepUYaHIaii3epOB HE HOCUT
MAacCCOBBI XapaKTep, OOJHAKO, UX yzKe IIPUMEHAIOT B KpYIIHEHIIeil Mmupe
roprosoii ceru Walmart* B CIITA (pucynok 1), a Takxke B ceru Auchan®

)
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PucyHok 1. Pobor-mepuangaiizep B ceru rumiepmapkeTroB Wal-
mart

B Ilopryramun (pucynok 2).

20Hoppit corpyaaux Walmart — po6or-ckamnep™
21YerpIpe HOBBIX CIIOCO6a KOHTPOMPOBATH TOBap Ha HOJIKE™


https://mentamore.com/robototexnika/novyj-sotrudnik-walmart-robot-skaner.html/
https://www.retail.ru/articles/chetyre-novykh-sposoba-kontrolirovat-tovar-na-polke/

KnaccnoukAanus nNroJyKTOB CUAMCKUMU HEMPOHHBIMWA CETSIMU 119

PucyHoK 2. Pobor-mepuanmaiizep B ceru runepMapkeroB Auchan

IIpeanochuIKu K IPpUMEHEHHIO MOJ00HBIX POOOTOB TaKKe HABJIIONAIOTCS 1
B Poccun B cern marasunon «IIsarépoukas .

B ¢Bsi3u ¢ pocTOM MOIYJISIPHOCTH POOOTU3MPOBAHHBIX CUCTEM B TIOBCEIHEB-
HOM KU3HU, B YACTHOCTHU, POOOTOB-MEPUYAHIAN3EPOB JIJIsI KPYIHBIX TOPTOBBIX
cerell, TOSIBJISETCS CIIPOC HA TEXHOJIOTUU PACITO3HABAHUS U KJIACCU(MDUKAIINN
TOBAPOB, UTO MOJTBEPXK/IAET aAKTYAJIbLHOCTD MCCJIEIOBAHNUSI, [IPEJICTABICHHOTO
B HACTOsIIE padbore.

2. Cuamckue HelipoHHbie ceTn. ApxutekTypa, obyveHue u Tect
2.1. ApxuTekTypa MCnonib3yemMoii cetTn

Cuamckue neiiponnsie cetu (Siamese Neural Network, SNN)—sro kmnacce
APXUTEKTYD HEHPOHHBIX CETel, MpeIHA3HAYCHHBIX IS CPDABHCHUS U M3MEPEHUS
CXOJICTBA ME2Ky apaMU BXOAHBIX BI)I60p0K. TepMI/IH «CHAMCKH» IIPOUCXOJUT
OT nujaeu, 9TO apXuTeKTypa CeTu (pI/ICyHOK 3) COCTOUT U3 IIapHbIX HeI‘/JIpOHHI)IX
cereil (4aCTO CBEPTOUHBIX), KOTOPBIE HAEHTHIHBL 110 CTPYKTYPE U UMEIOT
O/IMHAKOBBIIT HAGOP BecoBbIX Koaddurmenros. Kaxaas cerb oOpabarbiBaer
OJIHY BXOJHYIO BBIOODKY U3 IIapbl, & HX BBIXOJHbBIE JAHHBIE CDABHUBAIOTCS JJIsl
OIIPE/IeJIEHNs] CXO/ICTBA WM PA3/IMINS MKy JBYMsl IK3EMILISIPAMA BXO/IHBIX
JTaHHBIX.

Cuamckue ceTr mpeHa3HaYeHbl sl PEIIeHns 3a/1a4, TJIe IPsIMoe 00y IeHre
C TIOMEYEHHBIMY BHIOOPKAMHU ONPAHIYEHO HJIU 3aTPYIHEHO, IOCKOJIBKY CETh
mocjie o0y UeHns CIIOCOOHA PA3JIMIATh IOXOKNE W HEIMOXO0XKUE YK3EMILIAPDI, HE
Tpe6y${ ABHBIX METOK KJIaCCOB.

22HIIO «AmnapomaHas TeXHHKa» CO3/JaeT pOBOTOB /IS POSHHYHBIX MATa3HHOB™


https://kiosksoft.ru/news/2021/08/11/npo-androidnaya-tehnika-sozdaet-robotov-dlya-roznichnyh-magazinov-76627
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Bxon 1 HelpoHHas
ceTb
A .
Ob6wue Contrastive » Bhixos
v Beca loss

Bxon 2 HeiipoHHas /

ceTb

Pucynok 3. Ilpumep apXuTeKTypbl CHAMCKOIl HEIPOHHOI ceTn

ApxurekTypa cCHaMCKO# ceTu OOBITHO COCTOUT M3 TPEX OCHOBHBIX KOMIIO-
HEHTOB: HCIIOJIb3yeMas II0JICETh, METPHUKA CXOICTBA U (DYHKIHA KOHTPACTHBIX
IOTEPb.

Tloncers stBIsteTCst OCHOBHBIM KOMITOHEHTOM apPXUTEKTYPBI CHAMCKOM
ceru. OHa OTBeYaeT 3a U3BJIEUEHUE KJIIOUYEBBIX IIPU3HAKOB M OCODEHHOCTEH
73 BXOJHBIX BBIOOPOK. OOBITHO TOCETH MPEJCTABIAIOT OO0 CBEPTOIHBIE
HEHPOHHBIE CETHU, COCTOAIINE U3 CJIOEB CBEPTKY M,/ UM IIOJHOCBI3HBIX CJIOEB,
KOTOpBIE 00pabaThIBAIOT BXOJHBIE JAHHBIE U CO3/IAI0T HEKOTOPBIN JECKPHUIITOD
HccyieyeMoro oobekTa. Pacipeserisis ouHAKOBBIE BeCa MEXKY HIEHTUIHBIMI
TOJICETSIMU, MOJIEJIb YIUTCsI U3BJIEKATD CXOXKIE IMPU3HAKA U OCOOEHHOCTH JIJIst
AHAJIOTMYHBIX BXOMIHBIX JIAHHBIX, YTO TO3BOJIsIET 3(DMEKTUBHO WX CPABHUBATD.

Merpuka cxoIcTBa UCIIOIB3YETCsI JJIsi CPABHEHUS CTeHEePUPOBAHHBIX
JIECKPUIITOPOB ¥ U3MEPEHUsI CXOJICTBA WJIA PA3JINIMsT MEXKJY JBYMS BXOIHBIMU
JIAHHBIME. BBIOOp METPHUKU CXOJICTBA 3aBUCUT OT KOHKPETHOM 3a/Ia9UH M XapaK-
Tepa BXOJHBIX NAHHBIX. OOBIYHO B KAYECTBE METPUKU CXOJICTBA UCIOJIH3YeTCs
€BKJIMJIOBO PACCTOSIHIE, KOCHHYCHOE CXOJCTBO HJIA KOI(PPUIIMEHT KOPPEJISIIUN.

QyHKIMS KOHTPACTHBIX IIOTEPh — 9TO (DYHKIIUsI, OCHOBaHHAS HA IOICYETE
PACCTOsTHYSI, B OTJIHYNE OT HoJiee TPAJIUITHOHHBIX (DYHKIUI TPOrHO3UPOBAHMS
omunbku. lauuast QyHKIMS UCIIOIB3YETCs [T AHAJIN3a BXOMHBIX JTAHHBIX, IPU
KOTOPOM JIBE CXOYKM€ TOYKUA UMEIOT MAaJIoe €BKJIUIOBO PACCTOSHUE, a JIBE
PA3JIMYIHbIE TOYKH UMEIOT OOJIBIIIOE EBKJIMIOBO PACCTOSTHIE.

DyHKIMA KOHTPACTHBIX [TOTEPh BLICINTHIBACTCA 1O (POPMYJIE
(1Y) (Dw)? + (¥) 3 {max(0, m — Dyw))?
rie Dy (eBKIIMIOBO PACCTOsIHEE) OLPEIeIsSeTCst o hopMyJie:
V{Gw (X1) - Gw (X2)}2.

Cpe,ILI/I IIpenMyImniecCTB CHaMCKUX HeﬁpOHHbIX ceTeilt MOXKHO BbIIEJINTH

cJIeIyIonee:
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v' Her meobxoumoctu B 60JbIIoM HabOpe JMaHHBIX jist o0yueHus. CeTnb
crocobHa 00y InThCA HA HEOOJIBIIIOM HAOOPE JAHHBIX, 9TO TAKKE O3BOJIAET
KOMIIEHCHPOBATDH JUCOAJIAHC KJIACCOB.

v' YcroitanBocThb K addUHHBIM TpeoOpa3s0BaHUSM U300parKeHil, TAKUM
KaK IIOBOPOT U MAacCIITabupoBaHMe.

v' Cemantuieckoe cxoicTBo. HeflpoHHasi ceTh CHAMCKOI apXUTEKTYPbI
AHAJM3UPYET IIPOCTPAHCTBO IIPU3HAKOB UTOOBI C(DOPMUPOBATH IIPEJICTAB-
JIGHHE O CXOXKECTH/Pa3/inInu U300PazKeHu BMECTO TOro, YTOOBI IPOCTO
U3BJIEKATH CTATUYECKUE [TPU3HAKY C ITOMOIIBIO OIEPAINU CBEPTKU.

K HeJO0CTaTKaM CHaMCKHUX HeﬁpOHHI;vIX cereit MOXKHO OTHECTU:

— Tpebyercs Gosbiiie BpeMeHn Ha 00y9IeHUE IO CPABHEHUIO C TPAIUIMOHHBI-
MU CBEPTOYHBIMU HEHPOHHBIMU CETSIMU.

— He mpenocrapisier 1aHHBIE O BEPOSITHOCTHU OIIpEEIeHUsT OObEKTa,
K KaKOMY-Ju00 KJIaccy.

,ZLJIS{ BBIIIOJTHEHUA ITOCTABJICHHBIX 3aJda4 II0 PpaCIIO3HaBaHUIO U KJ'I&CCI/I(bI/IKa,—
U IIPOJIYKTOB Pa3JIMIHBIX KaTeFOpI/IfI HCIIOJIB30BaJIaChb HeﬁpOHHaﬂ ceTb
CHUaMCKOT APXUTEKTYPHBI C ABYMA UACHTUIHBIMU CBépTOLIHI)IMI/I II0ICeTAMMU,
KOTOpbIE coJiepzKaT TPpU CJIOAMU CBépTKI/I, TPpU IIOJITHOCBASHBIX CJIOA U UMEIOT

CIIEJTYIONILYIO0 KOHMUIYPAIIHIO:

(cnnl): Sequential
Conv2d (3, 96, kernel_size=(11, 11), stride=(4, 4))
ReLU(inplace=True)
MaxPool2d(kernel_size=3, stride=2, padding=0, dilation=1, ceil_mode=False)
Conv2d (96, 256, kernel_size=(5, 5), stride=(1, 1))
ReLU(inplace=True)
MaxPool2d (kernel_size=2, stride=2, padding=0, dilation=1, ceil\_mode=False)
Conv2d (256, 384, kernel_size=(3, 3), stride=(1, 1))
ReLU(inplace=True)

(fc1): Sequential
Linear (in_features=384, out_features=1024, bias=True)
ReLU(inplace=True)
Linear (in_features=1024, out_features=256, bias=True)
ReLU(inplace=True)

Linear (in_features=256, out_features=2, bias=True)
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2.2. Co3spaHue Habopa gaHHbIX Anst 0by4eHUs u TeCcTUpoBaHUs

st co3manmst 006y9aronero u TeCTOBOro Habopa JaHHBIX MCIIOJIH30Ba~
suck dororpadun IPUIABKOB U cTesuiaxkel (PUCYHOK 4), HAXOJSIIUXCS

PucyHok 4. ITlpumep dororpadmuii, HCIOIB3YEMBIX /IS CO3/IaHUS
Habopa JIaHHBIX

B IIOITYJIAPHBIX CETEBbIX yHI/IBepcaMaX/cyHepMapKeTaX.

TTouck dororpaduit OCyIIECTBIIANICA B MHTEPHETE, ITO SBJISETCST OTHO-
CHTEJILHO TIPOCTHIM CITOCOOOM ITOUCKA PA3IUIHBIX M300paKeHU, OTHAKO,
pPaKkypc CbEMKH, pa3pelieHne u obInee KauecTBO N300paKeHIi MOXKeT CHIIBHO

BapbUPOBATHCH.

Wcxong u3 xapakKTepHBIX 0COOEHHOCTEH BHEITHErO BUIA W OTHOCUTEIHLHOM
IOITYJIIPHOCTH HEKOTOPBIX IIPOYKTOB, HAOOp OOydYarOIMX U TECTOBBIX JAHHBIX
cosleprKaI CJeayIoNme KaacChl 00 bEKTOB:

« Hatmrku Tuna «Koma» (cola) — HAUTKY HOIYJISIPHOrO GPEHIA U BCEBO3-
MOKHBIE aHajIoru. Vmeer Buj IIaCTUKOBOM OYTBIIKA ¢ TEMHBIM, IIOYTH
IEDHBIM COJIEP2KUMBIM U STHKETKOIl KPACHOTO WUJIM OTTEHKOB KPACHOIO
IBETA.

« Mosnounble 1 KHCJIOMOJIOUHBIE TPOYKThI (milk) — MostouHble U Kucio-
MOJIOYHBIE IIPOAYKTHI Pa3/InIHbIX Opernos. Mmeer Buz m1acTUKOBOM
Oy TBIIKA ¢ OEJIBIM U KPEMOBO-O€IBIM COIEPXKUMBIM U CBETJION ITHKET-
KOIi C IIPIMECHIO PA3JINIHBIX I[BETOB.
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« Pacruresnbubie macia (oil) — pacruresbhbie Macia pas3andHbIX OPEHJIOB.
Wmeer By m1aCTUKOBON OYTHITIKA C 30JI0THUCTO-?KEJTHIM COITEPKUMBIM U
TUKETKOI, TAKYKE COIEPKAIEl OTTEeHKH KEJITOTO IBETA.

« KonGacuble usenust (sausage) — KoJOacHbIe U3/IeJIHs PA3INIHBIX OPEH/IOB.
Wmeer mpooroBaTyo MUIMHIPHIECKYIO (OPMY ¢ 000JI0OUKOI PO30BOTO,
CBETJIO-PO30BOI0O UJIH OE2KEBOI'O I[BETA.

« Munepasibable BoJpbl (Water) — IuTbheBas U MUHEPAJIbHAs BOJA PA3IUYHBIX
OpenoB. ViMeeT BU IJIACTUKOBOW OYTHIIKNA C OECIIBETHBIM COJEPIKUMBIM.
[IBeT OYTHIIOK M STUKETOK MOXKET BapbUPOBATHCSI OT CBETJIO OJIyOOTo 10
3€JIEHOTO.

Bribop JaHHBIX BUJIOB MPOJAYKTOB OOYCJIOBJIEH TEM, YTO OHU BCTPEIAIOTCS
MIPAKTUIECKH B JIFOOOM COBPEMEHHOM YHUBEpPCAMe WUJIU CyllepMapKeTe U UMET
JIOCTATOYHO MHOTO CXOXKUX OCODEHHOCTEl BHEITHETO BHUIA, YTOOBI UX MOXKHO
OBLTIO CIPYIIUPOBATH B OTIAEIbHBIE KJIACCHI, KOTOPBIE B CBOIO OYepeIb OyIyT
OTJIMYIATHCS IPYT OT Apyra. ['pynnupoBka Oblia TpUMEHEHA B CJIEICTBUN HEBO3-
MOYKHOCTHU aJIeKBATHOT'O PacIpejieIeHNsI OTAEJIbHBIX IPOIYKTOB 10 KJaccaM
n3-32 OTCYTCTBUS OHBIX B HY>KHOM KOJIMYECTBE HA HAJIEHHBIX B UHTEPHETE
dororpadusix, a TakXKe B CJIEJICTBAU X BU3YaJIbHOTO CXOJCTBA.

Bcero 6b110 ncnosbzosano 370 dororpaduil npuaaBKoB/cresnaxei
C PA3IUIHBIMA TIPOIYKTaMu, u3 KOTopbix 102 dororpadun comepxaan 00bEKTH
[IPEJICTABJIEHHBIX paHee KiaccoB. O6pasisl 00bEKTOB JJIsT KJIACCOB M3BJIEKAJIICEH
"3 HANJEHHBIX M300paKeHul MeTOMOM BbIPE3aHMsI COOTBETCTBYIONMEH 0bacTi
C TIOCJIEIYIOIIEM COXPAaHEHUEM B BHUJIE OTJICJbHBIX M300pakenuii. Takum
00pa30M KOJIMIECTBO 00PA3IOB JIJIsi KaXKJIOT0 U3 KJIACCOB COCTABUJIO:

* KJacc «colay: 224

« kmacc «milks: 240

« KJacc «oil»: 126
 KJIacC «sausage»: 225

e KJIacc «waters: 227

HecmoTpst Ha TO, ITO cMaMCKKe CeTU CIIOCOOHBI aIeKBATHO O0YIaThCS
npu gucbajaHce KJIacCoB, ObLIO IPUHSATO DPeIleHne O 0aJlaHCHUPOBAHUM
KJIACCOB, 9YTO MOTEHITUAIBHO MOYXKET YBEJUIUTh TOYHOCTH OOYUEeHUsI CETH.
IIporemypa banancupoBaHUs 3aKI0YAIACH B TODABIEHUN HEIOCTAIOIINX
9K3EMILIAPOB KJIACCA, KOTOPBIMU SBJISJINCH 3€PKAJIBHDBIE KON CJIYIailHbIX
y2Ke CyIIECTBYIOIUX IK3EMILISIPOB. MITOro B KaXK10M KJiacce KOJHIECTBO
9K3eMILISIPOB OBLIO BBIPOBHEHO J10 252, n3 KOoTophix 220 Ha obyduenue u 32
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Ha Tect. Ha pucyHke 5 1m0Ka3aHbl IIPUMEPHI BHIOOPOK TI0 KJIACCAM IOJIyYEHHOTO
Habopa JTaHHBIX.

(e) KIacc «sausage» (0) kmacc «water»

PucyHok 5. Ilpumep 3x3eMIisipoB 0ObEKTOB CO3AHHOTO HAOOPA
JTAHHBIX

Pazmep sk3eMisspoB BapbUPOBaJICI B 3aBUCUMOCTHA OT rabapuToOB
HCKOMOT'O0 O0'beKTa Ha MCXOAHOM u3obparkeHuu. OgHAKO, 3TOT (hakT He
[TOBJINSLIT HA IIPOIECC O0YUEeHUsT CHAMCKON HEefIPOHHOI CeTH, TaK KakK I1epe/l
mojtaveil 9K3eMILISIPOB Ha BXOJ, OHU IIPUBOIWINCH K €JIMHOMY pPa3Mepy —
100x100 mtmkceneit. Tem He MeHee, rabapuThl 0OBEKTOB MHTEPECA OBLIN YITEHBI
HEITOCPEICTBEHHO IIPU UX PACIO3HABAHUM.

2.3. Oby4eHune HelipoHHOW CEeTU CMAaMCKOI apXMUTeKTYpbI

IIporpamMmyupoBanue apXuTEKTYPhI UCIOJIb3YyEMON CHAMCKON HEHPOHHOM

ceru, eé O6y‘IeHI/I€ 1 TeCTUPOBaHUE IIPOUCXOJUJIO C UCIIOJIB30BaHUEM A3bI-
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Ka mporpaMmuposanust Python n dpeitmsopka PyTorch??. PyTorch —sto
bpeifiMBOPK TIpeIHA3HAYEHHBIHN [IJIsT MAIMMHHOTO 00y deHust. OH BKJIIOYaET
B cebs1 HADOp MHCTPYMEHTOB I pabOThI C MOJEJISIMU, UCIOJIb3YeTCsI B 00pa-
OOTKe eCTECTBEHHOTO $sI3bIKA, KOMIILIOTEPHOM 3PEHUU U JAPYTHUX HOXOXKUX
HaIPaBJICHUIX.
OGy4eHne UCMIOIb3yeMOil CHaMCKOM HEPOHHOI CEeTU MTPOUCXOJIAIIO CO
CJIETYFOTIMU TTaPAMETPAMIA:
« batch _size: 16— pasmep (KOJMIECTBO) JAHHBIX, TTOCHIIIAEMBIX HA BXOT
CeTU KaXK/IyIo SIOXY;
« epochs: 80— KoIu4ecTBO 310X 00yUeHUs] HEUPOHHOU CeTH;
« dyukmusa morepsb: Contrastiveloss — dyHKIMS KOHTPACTHBIX TOTEPD;

o onrruMuzaTop: Adam— OJiuH U3 METOJOB ONTUMHU3AINN 00y IEHUs BKJIIO-
JE6HHBIX B (DpEiiMBOPK.

st oby4aenust 6611 ucrosibzoBan 8-mu syepubiii CPU AMD Ryzen 7
3700X c gacroroit 4 ['rir na sgnpo. Ha pucynke 6 npusenén rpaduk n3mMeneHns

1.2 A

1.0 1

0.8 1

Owwnbka
o
o
)

o
IS
L

0.2 1

0.0 1

Snoxa

PucyHok 6. I'paduk namenenust omubku o0ydeHUs

OIUOKYU OOyUEeHUSI B 3aBUCUMOCTU OT STIOX.

23I{V7brch“


https://pytorch.org/tutorials/
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B konre o0y4enus ommubka Obuta 6/n3ka K 0 u cocrasmiia 0.0001069.
Ha pucynke 7 mokasan pe3y/abTaT 3amycka 00ydYeHHON cnaMCKOil HeHpOHHO
CeTH Ha TECTOBOI BBIOOPKE.

PucyHok 7. Ilapsl BXOZHBIX N300parkKeHUil C paCCINTAHHBIM
MOKA3aTeIEM «HEITOXOYKECTU»
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B cerp nomaBasiuce nmapsl n300parkenuit n3 odydaromnieit Boibopku. Ha BbI-
XOJIe PACCUMTHIBAJICS TIOKa3aTes b «HenoxoxkecTn» (dissimilarity), orpaskaroruii
€BKJINJIOBO PACCTOSHUE MEXKY JECKPUITOPAMH BXOJHBIX M300pakeHuit. Takum
0bpa3oM, YeM MeHBIIE 3HaUEHNEe JAHHOT'O IIOKa3aTelsl, TeM 0oJjlee CXOXKHU
OOBEKTHI Ha BXOJIHBIX M300PaKEHUIX.

2.4. Moacu4ér ToHHOCTU 0DYy1eHus

B kadecTBe MeTpUKHU TO/ICYETA TOYHOCTH OOYUEHUST CHAMCKON HEHPOHHON
ceTn GbLIA UCIIOIB30BAH ITOKa3aTe b F-score?!, KOTOPBIil BRICUUTHIBACTCS
o popmyie:

_ 2 x Recall * Precision

1 F =
(1) score Recall + Precision
True Positive
) Precision —
(2) TeCISION = Ty e Positive + False Positive
o Recall — True Positive

True Positive 4 False Negative

31ech cieyeT BBECTH CJILyIONue 0OO3HATEHUS:

True Positive(TP) — ucrunno-nonoxurenshoe pemtenne. NckoMmblit 06beKT
obHapyKeH.

True Negative(TN) — ncruano-orpunareasaoe pemenne. O6beKT, KOTO-
PBIit He SBJISIETCS UCKOMBIM He ObLIT OOHAPYKEH.

False Positive(FP) — noxmno-nmonoxkurensnoe permenne. OGbeKT, KOTOPbIit
He SIBJISIETCSI ICKOMBIM OBLT JIETEKTUPOBAH KK MCKOMBII.

False Negative(FN) — soxuo-orpunaresnsnoe pemenne. OGbeKT, KOTOPBIit
SIBJISIETCS] ICKOMBIM He OBIJT OOHAPYKEH.

Precision (rounocts) — ornomenune TP x TP + FP. 910 gosst 06bex-
TOB, HA3BAHHBIMU KJIACCUMDUKATOPOM TOJOKUTEIBHBIMU U TIPU 9TOM
JIEAICTBUTEHLHO SABJISTIONAMUACS TTOJIOKUTETHHBIMH.

Recall (mosrora) — ornomenune TP x TP + FN. D10 T0, Kakyio 10110
0OBEKTOB TIOJIO?KATEIHHOTO KJIACCA U3 BCEX OOBEKTOB MOJOKATETHHOTO
KJjlacca HalléJl aJlOPUTM.

IlockonbKy cmaMckasi HEHPOHHAsI CETh Ha BBIXO/E MAET MHQOPMAIIIIO
00 OTHOCUTEJILHOM PaCCTOSHUU OOBEKTOB JPYT OT JAPYyra, UTO SABJISETCS
B HEKOTOPOM IIOHHMMAHUU MePOil CXOoxKecTH (MeHbIIle PaccTosiHue — bosiee

244710 rakoe F-score n JIIST 9€r0 OH HCIIOJIb3yeTcs ™


https://proglib.io/p/chto-takoe-f-score-i-dlya-chego-on-ispolzuetsya-2022-02-14
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HOXOXKUE OOBEKTBI), TO JJIs OIPeIe/IeHNs] IPUHAJJIEXKHOCTH 0OOBEKTOB K OJIHOMY
KJ1accy OBLT BBEJIEHO MOPOTOBOE 3HAUEHNe paccTosaust. Eciin paccrosiHie Mex Iy
00beKTaMU HIKE JAHHOTO TOPOr'a, TO OHU CIUTAIOTCS IIPUHAJTEXKAIIIMHA OJTHOMY
KJIACCY, B IPOTUBHOM CJIydae pa3HbIM Kjaccam. B tabsuie 1 nepednciieHs
IIOPOTOBBIE 3HAYEHUS U ITOJIyIeHHAS TOIHOCTh OOyUeHUs, PACCINTAHHAS
Ha TeCTOBOI BBIOOPKE.

TaBunA 1. TounocTs 00yteHHs, MMOJIydYeHHAsI Ha TECTOBOM
BBIOOPKE C PA3IMYHBIMU IIOPOIOBBIMY 3HAYEHUSIMHU PACCTOSHUS

TToporosoe 3unauenune | Tounocts o F-score
0.5 0.961
0.8 0.975
1.0 0.975
1.5 0.969

3. DkcnepumeHTanbHOe TECTUPOBaAHWE ODY4YEHHOW CMAMCKOIA
HEApOHHON ceTn

3.1. MopgrortoBka 3TaNIOHHbIX 4AHHbIX

TecTtupoBanne 0Oy<IeHHOI CHAMCKOI HEWPOHHOII CETH ITPOBOIMUIOCH
Ha dororpadusdx IPUIABKOB U CTEHIOB MOMYJISIPHBIX CETEll YHUBEPCAMOB U
CyILIepPMapKeTOB, KOTOPLIE COACPZKAaJIN IPOAYKTHI UCCIELYEMbIX KJIACCOB, TO
€CTh TeX, YTO OBLIN IIPEJICTABICHBI B CO3IAHHOM paHee HabOpe JTaHHBIX.

IIo MmO TecToBOTO HabOpa M300paKeHUit, TAK?Ke OBLIN O ITOTOBICHBI
rak mHasbBaeMmble Ground Truth?® nammble, TO ecTh TAJOHHBIE JTAHHBIC
HEOOXOMMMBIE JJTsl TIOACYETa PE3YILTUPYIONIEl TOTHOCTH KJIACCU(DUKAIUN.
Ground Truth manmbe mpegcTaBIAIOT COOON CIUCOK ¢ KOOpJMHATAMHU rabapuT-
HBIX [IPSIMOYTOJTBHUKOB UCKOMBIX OOBEKTOB C YKA3aHUEM TPUHAJICYKHOCTH
K ONpeJIeIEHHOMY KJIacCy W HA3BAHHEM TECTOBOTO M300payKeHUsl, Ha KOTOPOM
HAXOJUTCSI KCKOMBIH 00beKT. Kaskiast CTpoKa 9TOro CIIMCKA COJIEPIKUT:

label name — nazBanwme kmacca;

bbox x — koopaunara X JIeBOr0 BepXHEro yria rabapuTHOTO IPIMOYIOJIb-
HUKa 00bBEKTA;

bbox y — koopamnarta Y JIeBOro BepXHEro yriia rabapuTHOrO MPSMOYTOJIb-
HHUKa 00'beKTa;

25Ground Truth™


https://c3.ai/glossary/machine-learning/ground-truth/
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bbox width — mmpuHa rabapuTHOTO TPSIMOYTOJBHUKA OOBHEKTA;

bbox height — BeicoTa rabapuTHOrO NPSMOYTOIBHIKA OOBEKTA;
image name — Ha3BaHHUE COJEPIKAIIETO OOBEKT N300PAKEHIST;
image width — mmpuna comeprkaiero 06beKT N300paKeHMUs;

image height — Brbicora comepzkamniero o6beKT n300pazKeHus.

Pasmerka nzobparkennit miist nosaydennst Ground Truth manHBIX MpOMCXO-
JAJ1a ¢ UCIoJIb30BaHueM onaitn cepsuca Make Sense®®. Ha pucynke 8 nokazan

PucvHok 8. Ilpumep pasmedyeHHbIX n306pakeHuii. 3esi€HbIE

pamvku — rabaputable npsimoyroabHukE Ground Truth st mckomMbIx
006 BEKTOB

[IpUMep Pa3MEYEHHBIX N300paKeHuii.

HpI/I TEeCTUPOBaHUUN MCIIOJIB30BaJICHA IIOAXO/] Ha OCHOBE CKaHHPYIOIIETO
OKH327. PaSMep CKaHHUPYIOIIET0 OKHa OIIpe/eJIsdAJICd JIJIfd KazK/I0I'o KJIaCcCa
OT/I€JIbHO. Bricoroit u IJ.IPIpHHOfI OKHa ABJIAJIMCH 3HAYCHUA CPEIHETO IreoOMeTpu-
YECKOrI'0 II0 BBICOTE U HMIMPUHE IK3IEMILJIAPOB KJjlacca. IITar oxna 1o TOPU30HTAJIN

26\ [ake Sence™

URL

27 [IpuHIHI CKAHUPYIOIIEro OKHA


https://www.makesense.ai/
https://studfile.net/preview/4326789/page:3/
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1 BEPTUKAJIN COCTaBJIAJ 1/3 OT €0 IMHUPUHbI U BBICOTBI COOTBETCTBEHHO.

B mportecce TectupoBanms, 06/1aCTh MCXOMHOTO N300PaKEHNUsT MO/ CKAHUPY-
FOIIIIM OKHOM IIO/IABAJIACHh HA BXOJ OOYIEHHOW CHaMCKOI HEPDOHHOU ceTn
B Iape C TAJOHHBIM K3EMILISIPOM KJIACCA, BEIOPDAHHBIM CJIyYailHO U3 TECTOBOM
BBIOOPKH. 3aTeM CeTh PACCUUTHIBAJIA [IOKA3ATENb «HeroxoxkecTn» (dissimilarity)
151 TIapbl BXOAHBIX JAHHBIX, KOTOPBIIl OKA3bIBAJ HA CKOJILKO 0Opaser
cx0K ¢ srasionoM. Ecm mokasaresns dissimilarity 6611 Huke HErOTOpPOTO
[OPOrOBOIr0 3Ha4eHUsl (TIOABKPAJIOCH IKCIEPUMEHTAJIBHO), TO 00pa3er, CIUTAIICST
9K3EMILIIPOM TOIO 2Ke KJIACCa, YTO M STAJIOH, U ero KOOPIUHATHI HA MCXOIHOM
n300paKeHn , a TAKXKe ero MHUPUHA U BhICOTA COXPAHSJINCH B OT/IEIbHBIHI
CIHCOK [IJIsI [TOCJIEAYIONIEr0 BU3YAJIBHOTO OTOOPAXKEHUS U MOICIETa TOIHOCTH
pacrosnaBanus /Kiaccudukanuu. Ha pucynke 9 nokazan pesyabrar paboTbl

CUAaMCKOH HEHPOHHON CeTH.

PucyHok 9. Ucxomabie n3o0parkeHns MOCIe KIACCUMPUKATIIT
MIPOJIYKTOB: 3€JIEHBIE TPSIMOYTOJIBHUKN — 06beKThl Ground Truth;
2KEJIThIE PAMKHU — OOBEKTHI, ONPE/ICIEHHBIE CHAMCKOM HEHPOHHOM

CeThIO
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3.2. Nopc4ér TouHOoCTM Knaccudukauum NPoayKTOB CUAMCKOW
HENPOHHOW CeTbio

TounocTs kKraccuduKaIMU TPOIYKTOB PACCINTHIBAIACH C UCIIOJIB30BAHIEM
MeTpuku F-score, wro Oblta onurcana B 1. 2.4 HacTOsIEN cTaThbu. B mamHOM
cJIydae Jijis Olpejie/ieHrs IIPUHAJJIEXKHOCTH [10JIy YeHHBIX Ta0apUTHBIX IIPSIMO-
YTOJIBHUKOB K 3TasloHHbIM faHHbIM (Ground Truth) 6bu10 ncnosbs3oBaHo
sHauenue IoU. Intersection over Union (IoU, nepecedenne no oobeuHeHno),
TaK>Ke M3BecTHOe Kak Koddpdumment Kaxkapa?® —31o unecmo or 0 10 1,
[IOKA3bIBAIOIIEE, HACKOJIBKO Y JIBYX OOBEKTOB (9TAJOHHOIO U TEKYIIEro)
COBIIAJIAET BHYTpeHHUIT «00bEéM» (pucyHok 10).

_ 30Ha nepekpbITUs

30Ha 06beaNHEHUS

Pucynok 10. lemoncrparust pacuéra 3nadenus loU

Takum 06pazoM, 06HEKT CUNTAIICT OOHAPYZKEHHBIM €CJITH rabapUTHBIT
MPSIMOYTOJIbHUK €r0 STAJOHHBIX JAHHBIX U FabapUTHBIN MPSIMOYTOJBHUK, TOJIY-
YEHHBI OT HEHPOHHOU CeTH, NMEJIN 3HAYEHNE ePeceUIeHnst 10 00beINHEHIIO
(IoU) ne menee 0.5. B Buiy ocobennocreil MeTos1a CKAHUPYIOMIETO OKHA, OJHOMY
9TAJIOHHOMY 00'beKTY (rabapuTHOMY HPAMOYIOJBHUKY) MOIJIO COOTBETCTBOBATH
HECKOJIBKO Ta0apUTHBIX IIPIMOYTOJIBHUKOB, CT€HEPUPOBAHHBIX CUAMCKOM
HelpoHHOIT ceThio. Bee rabapuTHble IPAMOYTOIBHUKN CI€HEPUPOBAHHBIE CETHIO
u nmerorue 3Haderue loU >= 0.5 ¢ 9TaJIOHHBIM, CIUTAJIUCH 3 YCIIEITHOE
JIETEKTHPOBAHNE UCKOMOI'O OObEKTa.

B rabsuie 2 mpeicTaBieHb! JAHHBIE O TOYHOCTH KJIACCH(UKAINN TPOAYKTOB
CHAMCKOI HEPOHHOM CeThI0, 00y IeHHO Ha HAOOPE JAHHBIX U3 . 2.2 HACTOSIIEeH
CTaTbU.

URL

28 Jaccard index
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TasmmyaA 2. CpenHsisi TOYHOCTb OOyYEHHOUW CHAMCKON CeTH
[0 KJIaccaM, pacCUMTaHHasl 110 MeTpuke F-score B pesysibrare
TECTUPOBAHWs, a TAKXKe MoKasarean Precision (Tounocts) m Recall

(mostHOTA)
Kos-Bo Kom-Bo
Kimacc | F-score | Precision | Recall | sTasoHHBIX | HaiiJleHHBIX
06 BEKTOB 0O'BbEKTOB

cola 0.401 0.298 0.890 265 230
milk 0.425 0.306 0.836 255 220
oil 0.577 0.477 0.787 138 120
sausage 0.277 0.177 0.786 244 200
water 0.413 0.304 0.842 298 241

3.3. Auanus pe3ynbTaToB IKCNEPUMEHTANIBHOI0O TECTUPOBAHNA

CpeniHsist TOYHOCTD KJIACCUMDUKAIIIN PATNIHBIX KATErOPUil MPOIyKTOB
C IpUMEHEHHEeM CHAaMCKOI HeiipoHHOI ceTn 110 MeTpuke F-score cocrasumiia
0.419 (41.9%). MuHnMaIbHAs TOYHOCTD ObliIa 3adUKCHPOBAHA HA KJIACCE
«sausage» u cocraBuia 0.277 (27.7%), MakcuMasbHas Ha Kjacce «oily —
0.577 (57.7%). Cnenyer ormerursb nokasarenb Precision, cpejiee 3nadenue
KoToporo— 0.312, 4To cBUIETEIHCTBYET O OOJIBIIIOM KOJIUYIECTBE JIOXKHBIX
cpabaTbIBaHUil, IPUIUHON KOTOPBHIX MOIJVIO CTATh IPUCYTCTBHE OOBEKTOB,
KOTODBIE BU3yaJbHO OBLIN CXOXKU ¢ UCKOMBbIMU. Harmpumep, Ha MCXOIHBIX
u300pakeHust JJist Kyacca «colay 6bum 3aduKcupoBanbl 00bEKTHl (PUCYHOK 11)
BU3YaJIbHO TOXOXKHUE Ha 0ObEKTHI KJIACCA, HO MO (DAKTY SIBIISAIONINECS JIPYTUMA
HAIUTKAMH.

Opxnako nokasaresb Recall HaxoauTbcst Ha IOCTATOYHO BBICOKOM YPOBHE
u B cpesHeM cocTapiisieT 0.828, 94T0 B CBOIO O4Yepe/ib TOBOPUT O BBICOKOM
[IPOIIEHTE JIETEKTUPOBAHUS UCKOMBIX O0bEKTOB Ha MCXOIHOM M300parKeHUU.

Tak>ke CTOUT MEPEIUCTUTE PAT PAKTOPOB, KOTOPHIE MOBJIUAIN HA TOTHOCTH
knaccudukanmu. K HIM MOXKHO OTHECTH CJIeIyIoITee:
— Huskoe KauecTBO UCIOJIb3yeMbIX H300parKeHMUIA.
— Pasnuumoe pasperienne UCIOIb3yeMbIX N300paKEHNI.

— Pakypc chéMKEU U qUCTAHINS 1O UCKOMBIX OObEKTOB HA MCIIOJIH3YEMBIX
n300paKEHUIX.

Touno ompenenTh BINSHAE KaXKOTO U3 IIEPEYUCICHHBIX (DAKTOPOB
JOCTATOYHO 3aTPY/IHUTEIHHO. TeM He MeHee, CTOUT y4IecTh TOT (PaKT, YTO
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Prucynoxk 11. Jloxkuble cpabaTbIBaHUS IPY BBITOJHEHUH KJIACCH-
dukanum: 1) nanurku Tuna «Baifikan»; 2) sanurky Tana «<Ksac»

n3-3a crenudUKN UCIOIb30BaHU POOOTOB-MepUaHIali3epoB, n300parKeHuns,
[IOJIyIE€HHBIE C X KaMep, OYJLyT JINIIEHbI IPAKTUIECKH BCEX IEPEUNCIEHHBIX
HEJIOCTATKOB. DTO 00bSICHSIETCST TEM, 9TO POOOT IIEPEIBUTAETCSI IO OIPEIEIEHHON
TPAEeKTOPUU U BBIMIOJHSIET CHEMKY BCEX MPOJIYKTOB C OIHOI'O PaKypca u
JUCTAHITIH, UCIOJIB3YS ONHY HJIM HECKOJIBKO KaMeP CO CXOKHUM KadeCTBOM U
pa3penieHneM ChEMKHU.

Buisop,

Wcxost m3 BCero BBIMTENEPEUNCIEHHOT0, MOXKHO CIEIATD BBIBOJ, O TOM,
9TO MOAXO[T K KJIAaCCU(MUKAINY TPOLYKTOB OCHOBAHHBIN HA MCIOJIH30BAHII
CHAMCKUX HEHPOHHBIX CeTeil mMeeT 10 KpaifHeil Mepe TeopeTudecKyio pabo-
TOCIIOCOOHOCTD, O €M CBU/IETEJIHLCTBYET TOTHOCTH 110 F-score mosydeHHast
npu oby4enun u pagHas 97.5%. OcHoBHBIME (baKTOpaMu HU3KOH TOYHOCTH,
MIOJIy Y€HHON TP KCIIEPUMEHTAILHOM TECTUPOBAHNN, SIBJISETCS PA3HOPOIHOCTH
¥ HU3KOE Ka4eCTBO HCIIOJIb3YEMbIX TECTOBBIX JAHHBIX. I1pu nckaodenun
JIAHHBIX (DAKTOPOB, MOJIXOJ, ONIMCAHHBINA B HACTOSIIEH CTATHE, MOXKET OBIThH
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Hosoe nokosieane GPGPU u comyrcrByioriero
000pyI0BaHUs: MUKPOAPXUTEKTypa u
MPOU3BOJUTEIbHOCTh BbIYMCJIUTEIbHBIX CUCTEM
OT CepBePOB /JI0 CyepKOMITbLIOTEPOB

X
Muxaunn Bopucosny Ky3pMuHCcKuii!

I NncTuTyT oprannyeckoii xumum um. H. [. 3enunckoro PAH, Mocksa, Poccus

AH HOTaunsA. Jan o630p coBpeMeHHOro coctosinust GPGPU ¢ opueHTaIMell UX IPUMEHEHU
Ha TpaJulMOHHBbIE 3ana4u HPC (1/1 B MEHbIIIeil cTeneHn I/II/I)‘ K 6a30BbiM GPGPU B 0630pe OTHECEHBI
Nvidia V100 u A100. B kadecrBe GPGPU HoBOro nokosienusi paccmorpensl Nvidia H100, AMD
MI100 u MI200, Intel Ponte Vecchio (Data Center GPU Max), a tak:xe BR100 or Biren Technology.
IIpoana/M3NpPOBAaHBI M COMOCTABJIEHBI MUKPOAPXUTEKTYypPa U alllapaTHble MoKa3aTean 3Tux GPGPU,
BarKHBIe /71 3a1a4 HPC u UM, a Tak>ke BayKHeHINNX JONOJTHUTEJbHBIX allapaTHBIX CPeJICTB
JIJIsI IOCTPOEHUSI BBIYUCJ/IUTEJIbHBIX CUCTEM C NpuMeHeHHeM GPGPU— eHTpaJIbHBIX IIPOIECCOPOB,
CIIEIUAJIM3UPOBAHHBIX JUUIsi paboTsl ¢ GPGPU HOBOIO IOKOJIEHUsI, B MexKcoequHenuil. Jlaercs Kparkas
uHdopMalus 06 UCHOJb3YIOIMINX UX cepBepax, B ToM uncie multi-GPU, u HOBBIX NpUMEHSIOMMUX
91U GPGPU CcynepKOMIBbIOTEPaX, IJie ObLIN MOJIyYeHbl JAaHHbIE O JOCTUIAeMO IIPOU3BOJUTEILHOCTU
upu pabore ¢ GPGPU.

Kparko paccmorpens! SDK dupm-nipoussoguresieit GPGPU u nmporpaMMHBIE CPEACTBa IPYTUX
dupmMm, BKIIOUas MaTemMarndeckue 6ubanorexku. IIpuBonsaTcsa npumepsl, JeMOHCTPUPYIOIIHE
BaKHbIe JJId JOCTUXKEHUA MaKCHUMaJIbHON IIPOU3BOAUTEJIBHOCTU CPEJCTBA IIUPOKO HCIIOJIB3yeMbIX
Mojiesieil IPOrpaMMUPOBAHHUS, CIIOCOOCTBYIOIIME IIPU 9TOM HEIEPEHOCHMOCTH IIPOrPAMMHBIX KOZOB
Ha apyrue moaenun GPGPU.

Ocoboe BHUMaHue 0OpalleHO Ha BO3MOXKHOCTH IIPUMEHEHHSI TEH30PHBIX siIep U UX aHAJIOIOB
B COBpeMeHHbIX GPGPU pasubix GpupM. DTO OTHOCUTCH M K pacderaM C IOHUKEHHOH (OTHOCHTEILHO
crangapTHoro Just HPC dopmara FP64) u cMmermanHON TOYHOCTBIO, aKTyaJIbHBIM BCJIEJCTBUE
PEe3Koro pocra ;LOCTPIF&QMOI’I IIPOU3BOAUTEJIBHOCTH IIPU UX MCIIOJIB3OBAHUM B TE€H3O0PHBIX fAJpaXx
GPGPU. AHa/IM3UPYIOTCs JaHHbIE O JIOCTUIA€MOIl MMHU peasIbHON IPOU3BOAUTEILHOCTH B TECTAX U
npusioxkKeHusx st HPC u M. Bkparie paccmarpuBaercst U npuMeHenne B GPGPU COBpEMEHHBIX
6ubsnorek nakeTHON JnHEeHHON anre6pbl, B ToM uncie ajs HPC-npusnoxkenuit. (Ceasanmovie
MEKCMYBL CMAMBY HA PYCCKOM U HA GH2ZAULCKOM A3VIKAT)
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Beepenne

[Tupoxko pacapocTpaHeHHO 0COOEHHOCTHIO COBPEMEHHBIX BHIYHCIUTETHHBIX
CHCTEM OT OTJEJIBHBIX CEPBEPOB JI0 CYIEePKOMIIBIOTEPOB ABJACTCA IPUMEHCHUE
TeTepPOTreHHOr0 IIOCTPOCHUSI CEPBEPOB U y3JI0B KJIACTEPOB, OYEHb YacTO
COZIEPIKAIIAX HE TOJBKO mporeccopsl (L), HO U aKCeJIepaTopsl, B IEPBYIO
ouepesib GPU, o6/1acTu TpUMEHEHNsT KOTOPBIX CTPEMUTEIBHO PACIITUPSIIOTCS.
3ueck umerorcst B Buy GPGPU, HO najiee GyJieT MpUMeHsIThCsl cCOKpaitienue GPU.

AkTyasnbHOCTh 1 obnactu nmpumeHenusi GPU. B nacrosiee Bpems GPU
AKTHBHO IPUMEHSIOTCS JJI IIIIPOKOI0 Psifia OYeHb BAYKHBIX 337a4, BKJIIOYasT
BBICOKOIIPOU3BOUTEIbHbIe Bhraucaenus (HPC) u UM (k 3amadam UM B aHHOM
0030pe OTHECEHBI TAaKKe BCE 33/1a49U JIIOOBIX TUIOB MAIIUHHOIO 00yYeHusi, HO
ocobenHo npumenenne GPU akTyasbHO Jyist riiybokoro obydenust). Kpome roro,
pacimpsiercsl IpuMeHeHne HeCKOJIbKIX GPU B omHOM cepepe (multi-GPU).
Bce 510 cBsizaHO ¢ OCHOBHBIM HAIIPABJIEHUEM POCTa IIPOU3BOIUTEIHHOCTH
BBIUKCJINTEIBHBIX CUCTEM TJIABHBIM 00Pa30M 3a CYET CHJIBHOIO POCTa, JHCJIa
siIEp M COOTBETCTBEHHO pacliapaJijie/lMBaHusl Ha HUX. Bce Bo3pacTaromiasi co
BpEMEHEM BaXKHOCTh 9HeprodM@EKTUBHOCTH TAK¥Ke CIIOCOOCTBYET OPUEHTAIINN
Ha npumeHeHue GPU, comepzkamux ropasao 0oJbine (QyHKIIMOHAJIBHO Dojiee
MIPOCTHIX fAjiep, 1eM B LIl Ho ¢ moHmKeHHON YacToToil. Tak, n3 50 cymepkom-
nbioTepoB-ymaepoB cimcka Greenb00 3a monb 2023 roma TOJBKO YeThIpe HE
ucnosb3oBasim GPU. Ilpu 3TOM 11Ba M3 HUX — ATMOHCKUE CYIEPKOMITBIOTEPHI
NA-J2 u MN-3 npuMeHsIn ClIenuaJn3nPOBAHHBIE PEJIKO UCIOIb3yeMbIe
MHOT'OsIJIEPHBIE [IPOIIECCOPBI (CONPOLECCOPDI), & JIBa JPYTUX — 6a3UPOBAJIACH
Ha mHOTOstepHbX ARM-mponeccopax Fujitsu A64FX [1]. dpyrum BazkabM
rocoM GPU sIB/IsIeTCsT TOCTUKEHHNE BBICOKOMH TIJIOTHOCTH YHAKOBKU OOIBITHAX
BBIYUCJIUTEJBHBIX PECYPCOB, 9TO OCOOEHHO SAPKO IIPOSIBIISIETCS B CEPBEPAX,
COZlepKAIIKX 110 HeCcKoJbKO GPU (multi-GPU).

Yto KacaeTcd 9acTo ykasbiBaemoro npuMenenus GPU B L0, To TepMuH
L0 Terepb MpaKTUIECKU 3aMEHUJI COOOIl paHee UCIIOJIb3yeMbIil TEpMUH
BBIYNCJIATEJILHBIN EHTP, KOTOPBIA MOXKeT PacCMaTPUBATBCA U KaK OJHA
u3 vacreii LOJ [2]. Peasbuo B L0J yacTo mnpezanoaraerca nupumMerenne GPU st
YKa3aHHBIX Bblle 3a1a4 HPC u WU, a cam Tepmun L0J] opueHTUpYyeTCA NPEXKIE
BCEro Ha IpuMeHenne obIavHoil TexHosioruu. Jlajgee B TEKCTe yIIOMUHAHUS
mpo L0 OTHOCATCS WMEHHO K OOJIAYHON TEeXHOJOTUH, 33 a9 KOTOPOM
B 0630pe He 06CYKIAI0TCS. 3/1eCh PACCMATPUBAIOTCS KOHKPETHBIE TECThI
IIPOU3BOAUTENBHOCTH U Hpuiiozkenud Jyid HPC u U, xora GPU cra/jm oTMe4aTbCsa
KaK OCHOBHOH YCKODHUTEJIb U B JPYIUX 00/IACTAX, HAIIPUMED, COPTUPOBOK IIPU
pabote ¢ 6azaMu JaHHBIX [3].
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B kagecTBe mumocTpanun pacnpoCTPaHEHHOCTH TPUMEHEHUST COBPEMEHHBIX
GPU MOXKHO BOCIIOJIB30BAThCs CYIIEPKOMIIbIOTEPHBIM crickoM Top500 [4],
ITOCKOJIBKY OH JIaeT MHTEpEeCcHbIe craTuctudeckue jganubie. B Top500 muposbie
JINJIEPDHI TTPOU3BOINTEILHOCTH TPUMEHSTIOT GPU yike JaBHO. JpKUM HCK/IIOYEHN-
€M 73 9TOrO MMPABUJIa B TMOCJIEIHUE TOBI OBLI ATOHCKHUI CYIEePKOMIIBIOTED
Fugaku, y3:e1 KoTOpOro OBLIN rOMOTEHHBIE U cojiepzKan TobKo LT— AG4FX.
OH BO3IUIABJISLII 9TOT CIIUCOK OOJIBINE JBYX JieT. BEpOSTHO, TAKOMY yCIIEXY
Fugaku criocoberBoBasio mocrarodno 60sbinoe 9ucio saep (48 Bbrauciu-
reabubix) B AG4FX [5]. Opnaxo B 2022 rojy mosiBUJICS HOBBIA KuTaficKuit
cynepkoMIbioTep Sunway (npeeMHnK 3aHumMaroniero 7 Mecro B Top500 Sunway
TaihuLight, koroperit B [6] OTHECEH K <«IIPEI-9K3aMACIITAGHBIM ), COMEPIKAIITHE
B y3Jiax rereporennbie 260-sepuble nporeccopbl SW26010—6e3 GPU [6].
B kagecrBe gpyroro Tak:ke He OUY€Hb IMIMPOKO MPUMEHSIEMOIO AJILTEPHATHBHOIO
GPU BapuaHTa MOXKHO YIIOMSIHYTh U OI'POMHBIE CIIEI[Ha/IN3MPOBAHHBIE JIJIs 33184
1M nponieccopnr Cerebras WSE-2, comeprkammue 850 Toicsa sinep [7]. Oxmako
WSE-2 ne mognep:xuBaior Toanoctu 6obire, dem FP32, a cymepkommbiorep
Andromeda Ha ux 6ase [8] B crcke Top500 COOTBETCTBEHHO OTCYTCTBYET.

Craructudeckue nannsle cnucka Top500 mona 2020 roxa [9] ykazamn
Ha IIpUMeHeHue akcesepaTopos B 26,6% cynepkommbiorepos u3 Top500 (B
20,2% cynepkomubiorepos npumMensiiuch Nvidia V100). B utonbckom crimcke
2023 roja akcesaepaTopbl MPUMEHSIUCH B 32,4% Bcex CyNnepKOMIIBIOTEPOB
(B 14,2% npumensimcs Nvidia V100, B 14,2% upumensuiucs Nvidia A100,
B 2%— AMD MI250X, B 1% — Nvidia H100) [4]. OH03Ha1HOE COBpEMEHHOE
smaepcrBo B Top500 GPU ot Nvidia u ceroimHsi O4eBUIHO U IIPEICKA3YEMO
Ha Ommkaiiee 6yayiee. Bee mpuBonuMbie najee B 0030pe JAHHBIE OTHOCATCS
K moHbcKoMy crmckKy Topd00 2023 rozma, u 10 YMOJTIAHUIO TOJ, CIIICKOM
Top500 sanmee mmeeTcss B BUY 9TOT HIOHbCKUIT CIUCOK.

OcobGennocTn Gumkaiimmx oxxkugaembix GPU. B macrtosiee Bpemst
CTAHOBUTCS BO3MOXKHOI WHTEerparnus B omHOoM Kopiryce Ul m GPU. s
IIEPCOHAJIBHBIX KOMITBIOTEPOB C OOBIYHBIMU I'PAMDPUIECKUMHA ITPOIECCOPAMU
aHaJiorn4YHas uHTerpaiys ¢ LIl maBHO U3BeCcTHa, HanpuMep, B Bujge AMD
APU (Accelerated Processing Unit), a 31ech uMmeercs B Bujly MHTErpalysi
cepsepuoro LI ¢ GPU. ¥ AMD rakas unrerparnus 8 APU npeanonaraercs
B MI300 [10]. Intel roBopuna npo cBoii 1aH 06'beMHEHNs YUILIETOB X386
coBMecTHO ¢ unireramu GPU mox massanmeMm Falcon Shores eme B 2022
roxmy [11,12], Ho ero peasusaius norpebyer He OJuH rof. B onpeeseHHOM
cMblicie aHajgorndHas paspaborka or Nvidia, Grace Hopper [13-15], nossurcs
Ha PBIHKE paHbIle. Bee 310 HampaBjieHne — BOSMOXKHBIN IIyTh aKTHUBU3AII
npuMeHenns: coocTBeHno GPU.
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Orpanuyenus u TpyaHoctu npumeHnesus GPU. Hajo nmers B BuIy, 9TO
GPU ycraHOBJIeHBI TOJIBKO B 32,4% Beex cynepkommbrorepos u3 Top500 [4] (B
uionbckoM crucke 2022 rona 6s110 30,2%). Bhinosinenue pacdera uCKIOUU-
TeJIbHO Ha GPU CBA3aHO C IPUMEHEHNEM B HUX BBICOKOCKOPOCTHOH IamaTH, HO
uMeroIeil He 0ueHb GOJIbIY0 (M PUKCUPOBAHHYIO) eMKOCTh 110 CPABHEHUIO
C BO3MOYKHON €MKOCTBIO OIEPATUBHO MaMATH cepBepoB. s onpenesieHHbIX
UCXOJHBIX JAHHBIX MPUJIOKEHUH (00BEKTOB MCCIICMOBAHNS) 3TO MOXKET BOODIIE
BBI3BATH HEIMDDEKTUBHOCTL paboThl Ha GPU. IlosaToMy, Hammpumep, B pyKo-
BOJICTBE II0 CPEJICTBAM CIEUAJIN3UPOBAHHOIO pacnapaJileanBannsd Ha GPU
Nvidia, CUDA [16]7 €CTb pa3eJl, OCBAIICHHDIA IPEBBIIICHUIO0 HY2>KHOA eMKOCTH
MaMATH JOCTymHOMY Ha GPU ob6bemy mamaTu. B coBpemennbix Bepcusx GPU
CUDA obeciiegnBaeT U BO3MOXKHOCTb PabOThI ¢ BUPTYAJILHON naMsaThbio [16].
OpHaKo sICHO, YTO peaJjibHas paboOTa ¢ BUPTYAJBHON MAMSTHIO MOXKET [PUBECTH
K CHJIBHBIM IIOTEPAM IIPOU3BOAUTE/ILHOCTH.

Pacuer na GPU mpejmosiaraeT UCIOJIb30BAHNE TTPUJIOZKEHUH, KOTOPhIE
IIPEKPACHO PACIapAJIETNBAIOTCS Ha OOJIBIIIOM 4ncie siaep. Kiaccuaeckum
[IPUMEPOM 3TOT'O SBJISIOTCS 3a1a91 MOJIEKYJISIPHOM JTUHAMUKHA U, OCOOEHHO —
3agaqn M. K coxkajieHuIo, 3T0 MOXKET He BBIIOJJIHATHCS JIJIsI OIIPEIeIEHHBIX
mpuIoKeHnit uian maxe obsacrteit HPC. I[ToaToMy B PyKOBOACTBE IO HACTPOWKE
upumensgionux CUDA npustoxkenuii (g ucnobyemoit B A100 apxurekTypbl
Nvidia Ampere) [17] nepBbIM YHKTOM DEKOMEHJIAIMIT YKA3aHO HAXOXKIEHUE
crocoba pacrapaliIesuTh TOCIEI0BATEIbHBIN KO/, YTO MOXKET 03HAYATH
HEOOXOIMMOCTh CO3/IaHNsT HOBBIX YCOBEPIIEHCTBOBAHHBIX aJITOPUTMOB, JOILYC-
KaIolNX pacliapaJile/IMBaHnue TaM, IIe B «eCTECTBeHHOM» aJIIOPUTME OHO
MOTJIO OBl OTCYTCTBOBATH. DTO MOXKET HE OYE€Hb OTBEYATDH U OXKUIAHUSIM
CIIEIMAJINCTOB B COOTBETCTBYIONUX 0bs1acTsax HPC, KOTOpbIE YaCTO MOI'YT
CaMOCTOATEIFHO IIPOrPAMMUPOBATEH IPUJIOKEHUS JJIsl STON 00IaCTH.

[TockosbKy 3¢ dexkTuBHOe npuMenenue GPU IpenoaraeT O4eHb BHICOKH
YPOBEHb MACIITAOMPYEMOCTH PACHAPAJITIENBAHUSL, 9TO TPEOYyeT U NPUMEHEHU
SDK, crenuan3upoBaHHbIX it GPU, a MOXKET U yBeJIndeHust 00beMa, NCXOTHOTO
koja. Muorue npuiozkennst HPC TakoMy YPOBHIO pacrapaJsiieIuBaHus UCXOTHO
e orBevasin. Kpome TOro, onTuMu3anys 10 BHICOKOTO O2KHIAEMOr0 YPOBHS
mpousBoauTesbHOCTH GPU dacTto Tpebyer OoJbIoil pydHoil paboThl, 4TO
OKa3bIBaETCH OCODEHHO CJIOXKHO IIPU IIepeHoce KoJla ¢ OfgHOro turma GPU
na jpyroit. Bee 3ro yciaoxkusier paboTy mIpOrpaMMUCTOB U MOYKET BBI3BIBATH
Yy HUX OIIpeeJIEHHOE OTTOPXKEHUE.

Curyalysi B OIPEJICJIEHHON CTENEHN YIIPOIIAETCS B CJIydasdX HAJTMIUS
HECOJIBIINX YaCTell IIPOrpaMMbl, JUMATHAPYIOIIUX TPOU3BOAUTEILHOCTD (B
mupe GPU OHM CTAHOBATCS MPOTPAMMHBIMHE SIIPAMH), KOTOPBIE YaCTO SABJISOTCS
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THUIIOBBIMU MaTeMaTUYCeCKUMU 3a/ladaMU. I/I C TeYeHueM BpEeMEHU BCe 6OJ'H)IHe
HPC-npunoxennit opMUPYIOT BO3SMOXKHOCTH UX paboTsl Ha GPU. B sTom
HAIIPABJIEHUU JIBUTAIOTCS, HAPUMED, ¥ KBAHTOBOXUMUYECKUE IIPOI'PAMMHBIE
KOMILJIEKCBHI, JJABHO pabOTAIOIINe U Ha CyIEPKOMIIbIOTEpaxX. 1emM He MeHee,
71t HanboJIee MACCOBBIX M3 IMPUMEHSIEMBIX TaM COBPEMEHHBIX METOII0B 6e3
SIBHOT'O HEIMITMPUIECKOTO YUeTa JIEKTPOHHON KOPPEeJISIIN CJIUIIKOM OOJIbITe
BpeMeHa BBIIOJHEHHs MOTYT ObITH CBSI3aHBI C HECKOJIBKAMH B MaTEMaTHIECKOM
[JIaHE PA3HBIMU TUIIAMU BBIYHCJICHUN (U He BCErJa OTHOCSIIUXCA K IIUPOKO
PACIIPOCTPAHEHHBIM B MATEMATHIECKOM IIJIaHe; OCOOEHHO TO TaK Iisi IPHMEHe-
HUSI TayCCOBCKUX GA3UCHBIX (DYHKIMWIA), 9TO TpeGyeT COOTBETCTBEHHO TOPA3JIo0
OostbIrero 06 beMa porpaMmMupoBaHusi. st pacuera pacmpocTpaHEeHHBIM
KBAaHTOBOXUMUYECKUM MeTomoM DFT B 6a3uce MJIOCKUX BOJIH JEMOHCTPA-
¥ BOSMOXKHBIX BPEMEH BBIIIOJHEHUS PA3IUIHBIMU YACTAMU [IPOrPAMMBI
upuBejieHa, Hanpumep, B [18].

HpyruM BarKHEHNITUM BOIIPOCOM JIJISI MCIIOJIb30BaHust GPU SIBJISIOTCS
CTOMMOCTHBIE TToKazaTesn. Kcan He crouT 3amada Jiroboit 1eHo# 100uThCs
[IPUEM/JIEMOTO BPEMEHU BBITIOJTHEHUS (ITO, BO3MOYKHO, JOCTUKUAMO TOJHKO
¢ upumenenueM GPU), TO aKTyaJbHBIM CTAHOBHTCs BOIIPOC, HACKOJIBKO
YBEJIMUUBAECTCST CTOMMOCTh KOMIBIOTEPA IpH 00aBeHnn B ero coctas GPU, u
HACKOJIBKO IIPU 3TOM BO3PACTAET [TPOU3BOIUTE/IBHOCTD IIPUJIOXKEHUSI.

B kagecTBe miutrocTpanun ykaxkeM JaHHbIE 00 YCKOPEHUHU Ipu padore
U3BECTHOIO IIPOrPAMMHOI0 KoMinieKca Quantum Espresso, opueHTHpOBAHHOIO
Ha pacyeThl B 6a3nce IIOCKUX BOJH KBAHTOBOXUMUYECKUM MeTO/oM DFT.
Wiumoctpanus npumoKeHneM KBAaHTOBON XUMWH, & He IMOITyJIsIpHO Ha GPU
MOJIEKYJISIDHOW JTMHAMUKY, BHIOpaHa 3/1eCh CIEIMaIbHO — 33149l KBAHTOBOM
XUMHU JABHO PEIAIOTCA M HA CYIEePKOMIIBIOTEPAX, HO BO3MOYKHOCTH KBAHTOBO-
XUMHUYIECKIX PAacIeToB Ha GPU cTajin MOSIBISTHCS TO3/IHEE, YeM B KJIACCHIECKON
MOJIEKYJISIDHOM JUHAMUKE —3TO CJIOXKHEE B peasiM3allud, U JOCTUrAeMble
yCKOpeHust 9acTo Gosiee masieHbKue. Pacderst mo Quantum Espresso 6.5
6bLIn TIpoBeieHbl Ha cepBepe ¢ 18-saepunim Intel Xeon E5-2697 v4 (2,3
I'Tn), u nobasnerne V100 maBano yckopenue B quanasone 1,4-3,7 pasa [19].
HocTturaemoe ycKOpeHHe, eCTECTBEHHO, 3aBUCHT OT PACCUYUTHIBAEMOrO 0ObEKTA.
K romy ke ata Mozesb Xeon Hadasa BbIIycKaThes Intel eme B nagase 2016
rosa, ¥ BpeMs pacdeTa COIIOCTABJISAIOCH C UCIIOJIb30BAHUEM TOJIBKO OIHOTO
IPOTIECCOPA.

Yro kacaercs 11eH Ha GPU HOBOI'O ITOKOJIEHNS — 3TO OTHOCHUTCS, €CTECTBEHHO,
K wiaram ¢ GPU (manpumep, 0AM-Mozysist), TO oHE B 0630pe HEe 06CYKIAI0TCs,
HOCKOJIbKY COOTBETCTBYIOIIUE «ODUIUATIBHBIE> (HAIIPUMED, PEKOMEH,[yeMbIE
NPOU3BOJUTENEM ) [[EHBI Ha TAKYIO HOBYIO AllllapaTypy OOBIYHO HE JOCTYIHBL.
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IIpu sTom HaO MMETH B BULY, 4TO npuMeHeHne GPU dacTo naeT 60Jiee BBICOKYIO
3HEPTro3(PPEKTUBHOCTD, W MPU ITOM TPeOdYEeT OTHOCUTEIHLHO HEOOJIBITON
IJIOMIAIH, TaK UTO B OlleHKax GPU sydIre mcrnojab30BaTh He IIPOCTO ILIEHY, &
COBOKYITHYI0 CTOMMOCTD BiiaJierust (TCO).

CoBpemMenHbie peasmu pocta npumenenusi GPU. Bce ykazannbie Bbilre
BO3MOZKHBIC 3aTPYJHEHNS ITIOCTEIICHHO PEIaloTCda IMyTeM CO3JaHUA HOBBIX
MeTO/0B pacdeTa U aJTOPUTMOB, HOBBIX IIPOIPaAMMHBIX MoJjesieil njist SDK,
a Tak»ke 3a CYeT yCOBEPIIEHCTBOBaHHs amnnaparypbl GPU. EcrecrBenHO,
9TO OTPaAXKAETCs W B HAPACTAHUM THUCJIa padboTaromux Ha GPU mpuIoKeHnii.
Apeast npumenennst GPU IOCTOSTHHO PacTeT, YTO, €CTECTBEHHO, HanboJiee
SIPKO TIposiBjisiercs 1ipu pabore ¢ GPU or Nvidia um 6buio ybemurebHO
IPOJIEMOHCTPUPOBAHO Ha mocjefnnx Koudepenuusax GTC 34 (2022 rox) u 35
(2023 rom).

C redyennem BpemeHu u ducyio nonazgaionux B Top500 cymepKOMIbIOTEPOB
¢ GPU BospacTtaeT — ¢ GPU mpoite NoJIy4YnTh BBICOKYIO TPOU3BOJUTEIIBHOCTD
B Tecre HPL. B HanGosee momabix (110 omeHKkam Tecta HPL) CyNepKOMIBIOTEPaxX
mupa GPU 006bIYHO MCoIb3yioTcda. B nepBoix pBasmaru gugepax Top500
GPU OTCYyTCTBYIOT TOJILKO B TPEX CYIEPKOMIBLIOTEPax (XOTs B KUTANCKOM
Tianhe-2A, 3aMbIKaIONEM EPBYIO JIECATKY, TAKXKE HCIOIb3YETCS AKCEIepPaTop
Matrix-2000, 1o 310 He GPU); IPOIEHT UCHIO/Ib30Banus GPU yMeHbIIaeTcs
JaJjiee — IpU pacCMOTPEHUN OOJIBIIETO YUC/Ia, CYIEPKOMITBIOTEPOB.

Bce a10 cranoBuTcs c1abo 3HAYUMBIM 10 CPABHEHUIO ¢ POCTOM HCITOJIB30-
BaHus V1, OXBaTHIBAIOIIErO BCE HOBbIE 0DJIACTU ITPUMEHEHUS — ITO B IEPBYIO
ouepe/ib U onpeesier TpeboBanust K GPU (pbiHok HPC 1o cpaBHeHuto ¢ U1
upenebpezkuMo Mmaut). CoBpeMeHHbIe CyIepKOMIIbIOTepbl, Bxosgiue B Top500,
TaK>Ke CTAHOBSATCS OPUEHTUPOBAHHBIMU Ha, 3aj1a9u WU

B 0630pe coBpeMeHHOrO MUPOBOTO PHIHKA IpadUIECKAX TPOIECCOPOB,
IIPOBEIEHHOM U3BECTHbBIM KUTaNCKIM aHAJUTHUKOM SHeKTpOHHOﬁ IIPOMBIIILJICH-
HocTu X3 JIMaKyHOM, TaK2Ke IIPEJIIIoJIaraeTCs IPOIOJIZKEHIE POCTA ITOM
orpacan [20].

AxTyasibHOCTBH 0030pa, BIOOp paccMmaTpuBaemMbix GPU u obJiacTteit mx
ananmusza. OBIIIMM COBPEMEHHBIM 0030POM PA3HBIX THUIIOB aKCEJIePATOPOB,
BKJIFOUast n GPU, MOKHO cauTaTh [21]| n3 m3BECTHO €BpOMeiicKoil cepun
BPG (Best Practice Guide). Cerouus GPU xapaKTepu3yiOTCs CBEPXOBICTPBIM
Pa3BUTHEM, U MOXKHO I'OBOPUTH y2Ke O nosgBjJeHnn GPU HOBOT'O ITOKOJIEHUSI.
B o630ope ananu3 nmpousBomuTesbHOCTH GPU OPHEHTHPYETCS B TEPBYIO OU€peib
Ha 3amaan HPC. VMerorcs myOuKanu, B KOTOPBIX PEATU3YETCs CAUSTHIE
TpaJuIMOHHbIX it HPC obsiacreit ¢ UM, HanpuMep, KBAHTOBOI MOJIEKYJISIPHOI
guaamuku (QMD) u UM [22], win BBIYUCIUTENBHON THAPOJMHAMUKA U
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nmm [23]. OpHako oObeIUHEHNE B HACTOMAIIEEe BPpeMs TPAIUIMOHHBIX 3a1a4 HPC
¢ MeTozamu UM MOXKET OKa3aTbCd U He HyKHbIM (Hanpumep, st QMD —
cum. [24]).

OpHako B HacTosIIee BpeMs HAOJIIOaeTCs Takyke nHTerpanust HPC, 3amaq
U1 u 06paboTku GosIbIUX 00HEMOB JAHHBIX (B Ka4eCcTBe IpuMepa paboT 3a
HocJsie/iHIe 2 TojIa MOXKHO yKas3arhb [25-30]), u pasroBop ujier yxe o Oymyimx
TecTax IPOM3BOAUTEILHOCTH Jyist 9Tl obsactu [31]. B kauecTse mimocTparuu
aKTUBHOTO TIPOJIBUKEHUS PAOOT B 9TOM HAIPABJICHUU MOYKHO OTMETHUTH
U 00beIMHEHNE B HOBbIE KOMAH/IbI 3HAMEHUTHIX Jijisi HPC pa3paboTankoB
CpeJICTB pacnapaJuiesnbadus mvapich2 B yausepcurere Oraiio (CIIIA), rie
Telephb CO3/AI0TCA paboTaoniue moBepx mvapich?2 nmporpamMmMubie cpesicTBa —
High-Performance Deep Learning (HiDL) [32] u High-Performance Big Data
(HiBD) [33].

YUuThIBas MOTEHITMAIBLHO MUPOKOe TpuMeneHne 1 B KoMMepuecKkoii cdepe,
U COOTBETCTBYIOIIYIO YCUJIEHHYIO OpreHTanuio Ha U coBpeMenubix GPU [34],
B JAHHOM 0030pe 3aja49n U/ yIUTHIBAIOTCS JJIS OIEHOK IIPOM3BOANTEIbHOCTH,
XOTS CTaThs HAIeJeHA B IIEPBYIO odepedb Ha TpagurmoHubie HPC.

AxryajibHOCTH aHaM3a COBpeMeHHBIX GPU erie BO3pacTaeT B CBSI3U
¢ 10siBJIeHreM HoBeiimux GPU ¢ GoJiee BBICOKOH IIPOU3BOINTEIBHOCTHIO (C UX
MIPUMEHEHUEM CO3JIAI0TCA U MPEIIOIAraeTCs CO3/IaBATh CYIIEPKOMIIBIOTEPHI
EFLOPS-ypoBHsI) 1 ¢ HEOOXOAUMOCTBIO ONITUMAJIBHOTO UX BBIOODA JJIsi
IPUOOPETEHNST U MCIIOJIH30BAHMS COOTBETCTBYIONIUX AIAPATHO-ITPOTPAMMHBIX
cpenctB. K nacrosmemy Bpemenu GPU mpojiesiaan OUeHb OOJBIION My Th
Pa3BUTHUs CBOUX apXUTEKTYD U IIOKa3aTeJell IIPON3BOINTEIHHOCTU. YCIOBHO
K COBpeMEHHOMY «0a30BOMY» MX IIOKOJIEHUIO B JAHHOM 0030pP€ OTHECEHBI
Nvidia V100 u A100. Tak Beibpano u nmoromy, aro B V100 Brepsbie crajm
NPUMEHATBCA TEH30pHbIE d1pa, U U3-33 MIAPOTHI UCHOJIL30BaHUA 3TUX GPU
Ha COBPEMEHHBIX CyMepKOMIbIoTepax u B cepBepax. Umenno ma V100 u A100
6asupyrorca naHuble mpo GPU o63opa [21].

C yxomgammmu V100 u A100 B manaoM o630pe OymeT MPOBOIUTHCS
conocrasyienue GPU nosoro nokosieauss — AMD Instinet (Radeon Instinct)
MI100 u cemeiicrea MI200, Nvidia Hopper (H100), Intel Ponte Vecchio (renepn
Intel Beimyckaer nemyto ceputo GPU, Data Center GPU Max, jj1s KOTOPBIX
YKa3aHO 3TO KOJIOBOE CJIOBO), U OoTYacTu HoBeimmx kuraiickux BR100 or Biren
Technology. 9tu GPU ycI0BHO OTHECEHBI K HOBOMY IOKOJIEHHIO, B TOM HHCJIE
[IOTOMY, YTO UMEHHO C MX [IPUMEHEHHEM BIIEPBbIE IIPEOJI0JICH SK3a(hIIONCHBIN
Gapbep WIN IIAHUPYETCS ero JaJIbHeRInee IpeoioeHne (3T0 OTHOCUTCS
K GPU AMD, Nvidia u Intel). BR100 BKJIIOYEHBI CIOA B TOM THCJIE U3-3a
CYIIECTBEHHO 60Jiee BBICOKMX YKa3aHHBIX IIOKa3aTesell IIPOU3BO/INTEIbHOCTI
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no cpasuenuio ¢ A100 [35]: Ha ypoBHe nporeccopoB Kuraiickue pa3paboTauku
panee He npesocxoausn nporeccopsl u3 CIIA u duonun (manpumep, ARM
Kunpeng 920 [5] nim x86-uponeccop Zhaoxin [36]), Ho mossienue B 2022
romay uporeccopoB SW26010pro, comepxkammx 390 sigep ¢ obIeit TuKoBoit
upou3BoauTebHOCTHIO Gosibine 14 TFLOPS (10 yMo/MaHuio B T€KCTE JAHHOTO
0630pa mpe/osaraeTcs JABoiHas Tounoctb, FP64) [37] u GPU BR100 jamm
TAaKOEe BBICOKOE JIOCTUKEHHE IIPOM3BO/INTEIHLHOCTH, KOTOPOE, MOXKHO CKa3aTh,
BIIEPBbIE TTO3BOJIMJIO KUTAHCKON MHIyCTPHUU MPEB30HTH OKA3aTEIN HEKOTOPBIX
aHajiornyubix mpoaykros CIIIA.

AxryanbHOCTh cpaBHUTEIRHOrO anamm3a AMD MI100 u MI200 ¢ Beimeyka-
zanubiMu GPU ot Nvidia, Intel u Biren Technology mpescraBisiercss 09eBUIHOI.
AMD MI250X Hayajau IpOU3BOAUTHCS B MEPBYIO OYEPEH JIJIS CTABIIErO
[EPBBIM B MUpPe 3K3adJIIONCHBIM cyTiepkomIbioTepoM Frontier [38-40], mo yxe
UCIIOJIB3YIOTCH B JIECATKE PA3HBIX CylepKoMIbioTepos u3 Topd00, B Tom dncse u
B 3aHAMAIOMEM TpeThe MecTo cynepkomnbiotepe LUMI [41,42], u GPU peanbHO
OTIPEJIEIISIOT JOCTUTHYTYIO TaM MaKCHMAJIbHYI0 IPOM3BOAUTENbHOCTH B Topd00.
WsBectHbIe cynepkoMibioTepbl Summit u Sierra ¢ V100 B y3Jsiax mesibiii psij
JieT pacroiokenbl B mepBoit gecsatke Topb00. GPU Intel X°-HPC Ponte Vecchio
GY/IyT UCHOJIB30BATLCS B CYIEPKOMITbIOTEpe Aurora AproHHCKON HAIMOHATLHOM
saboparopuu CIITA, riae npegnosiaraeMas MUKOBas MPOU3BOUTETHHOCTE
¢ ABoiHOI TouHOCTBIO Gyzer upesbimarh 2 EFLOPS [43], u B Mmogepausaiun
cynepkommbiorepa SuperMUC-NG B cynepkomnbiorepHoM 1ieHTpe Jleitbrmia
B T'epmanum [44].

Kpome toro, Ha GPU HOBOI'O IOKOJIEHUSI CTPOSATCSI M HanboJjiee SHEProad-
dexkTuBHBIE cynepkoMibioTepbl —Tak, Henri ¢ H100 Bosrmasmisier Green500, a
cymnepromibiorepsl ¢ MI250X 3annMaloT Tam Bce MecTa co 2 0 7 TO3UIINHU.

AxryanpaocTs cpaBaenust MI100 ¢ GPU Nvidia 6bu1a oTMedeHa HeTaBHO
B [45], a reneps conocrapienue GPU cTaJIo elle BaxKHee B CBA3U C HOSIBJIEHUEM
HOBBIX 0OJIee BBICOKOIIPOM3BOIUTENBHBIX U O0siee sHeprosddextusunix GPU.
MI100 u MI200 yxe akTuBHO mpumensitorcs B HPC u WM. Bosbimoe BHNMAaHIE
B 0030pe obparieHo Ha JaHHble 0 npousBoauTesbHocT GPU MI250X u A100,
MIOJIy9€HHbIE C TPIMEHEHNEM HOBEHINNX COMEPKAIIUX UX CYHEPKOMIIBIOTEPHBIX
cucrem HPE/Cray EX [46].

HoBoe nokosierne GPU oriimdaeTcs He TOJBKO MOCTPOEHUEM Ha HUX
sK3aMacTabHbix cynepkomnbiorepos (Frontier —ua MI250X [39], Aurora—
Ha Ponte Vecchio [47], a npexnnosarasmmiicss 1yst 3aMeHbl 3aHUMAIOIIETO 9-e
mecto B Top500 cyneprommbiorepa Selene—ua H100 [48]), HO u ncnonb3oBanneM
C HUMU JPYTUX CHEeNuaJn3UPOBAHHBIX allllapaTHBIX cpeicTB. IIpek e Bcero, aTo
meskeoeuuerns (Hanpumep, Nvidia NVLinik [13,49,50], AMD Infinity Fabric,
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TaKIKe OTIIMIAIONIEECs] PEryJIIPHBIM yCOBEPIeHCTBOBaHNeM Bepenit [10], mm
cranzapr CXL 8 BR100 [51]). 9tu TecHo cBsizanHble ¢ GPU anmnapaTHble Cpe/icTBa
paccMaTpuBaloTCs B JaHHOM 0030pe. HekoTopble cepBepHbIe IPOIeCCOPhl —
nanpumep, ARM —nporeccopsr Grace ot Nvidia qsa paborst ¢ GPU Hopper
[13-15,52] niau AMD EPYC Zen 3 ¢ (Ipe/iiosioxKuTeibHO) MoIepKKOil
Infinity Fabric 3.0 B kxpucrasuie BBOZa-BbIBOA [53] MCXOMHO TIpeoIaraamuch
IS paboOTHI COBMECTHO € HOBBIMU GPU, M TaK»Ke paccMaTpPUBAIOTCI B 0630pe.

YnomsinyThie LIl MOT'YT OPHEHTHPOBATHCSA U Ha puMenenne B HPC uu MU
6e3 GPU. Intel Xeon cepun Max [54] (umeromue konosoe ciaoBo Sapphire Rapids),
KOTODBIE C CaMOr'0 HadaJja IPealoarajJuch JJjisd IPUMEHEHUd B COJIePIKaluX
GPU y3Jiax cynepkoMmiibioTepa Aurora, MOI'yT MCIIOJIb30BATHCS HE3ABUCUMO OT
GPU.

st 6yaymux cynepkomibiorepos EFLOPS-ypoBHs MoryT npejicraBiisiTh
nHTEpec pa3pabaTbiBaeMble B paMKaX €BPOIEHCKOi POIeCCOPHO MHUIIMATABDI
(EPI) akcesieparopsl EPAC, koropsie 6asupyiorcsa na RISC-V ¢ BoamoxkHOCTBIO
paboTsl ¢ BeKTOpaMu ayuHoi B 256 uncen dopmara FP64 [55]- Ho sT0
akceseparopsl, He orHocsmmecs: K GPU, a EPAC noka Ha cramnu paspaboTkn
(B HAJIMYUM UMEETCs TOJIBKO ero TecroBag Bepcud 1.0 [56]), u koncrpyupyercs
YUIIET U3 P WIMTOK pasinaroro tumna, rae EPAC—ums oxna us Hux [57].
Coorsercrenrno EPAC He orHOCHTCS K TeMaTHKe JJAHHOTO 0030pa.

0630p cocTonT U3 pasAesioB ¢ moApasaesamu. B pasjene 1 paccMOTpeHbI
ob1ie anmapaTHble U IPOrpaMMHbIe 0cO0eHHOCTH GPU Pa3sHBIX TPOM3BOIUTEIEH.
B paszmesie 2 ananusupyrorcs HOBble Kurtaiickue GPU, Birentech BR100.
B pasuene 3 anasnusupytorcs Intel Data Center GPU Max (Ponte Vecchio).
B pasnene 4 ananusupyiorcs GPU Nvidia: B nogpazuene 4.1 — A100, a
B nojpasese 4.2—H100. B pasnesne 5 ananusupytorcs GPU AMD MI200.
B sakitoueHun cieranbl BBIBOBI OOIET0 XapakTepa.

Bo Bcex pazjiesrax paccMOTpeHBI allllapaTHbIe U IPOIPAMMHBIE CPEJICTBA
(SDK) JI7IsT COOTBETCTBYIONUX GPU, u aeTcs 0030p MMEIOIIUXCs JIAHHBIX 00
UX IPOU3BOAUTEIBHOCTH. B pasgenax 3 u 5, u B mogpasaenax 4.1 u 4.2
9TO PEAJIM30BAHO B BUJIE OTIAEJbHBIX 00JiIee HU3KOYPOBHEBBIX IOIPA3IE/IOB.
IIpu comocTaBieHNN JAHHBIX, B IIEPBYIO OYUEpe/ib O MPOU3BOAUTETHHOCTH,
MCITOJIB30BAJIOCH TaK»Ke CpaBHEHHE C JAHHLIMU O pou3BoanTeabHocTn Nvidia
V100, a B pasjmene 5 mMeeTcs OTACIbHBIN mogapasaesa 5.3.1 ¢ JaHHbIMU
o npoussoauresbHocT AMD MI100.

B 00630pe BBIHYXK/IEHHO HCHOJIB3YETCA BECbMa OOJIBINTOE YUCJIO COKPAIIECHUIA.
Arrop gacTo maer u pacundpOBKU OOINEM3BECTHBIX COKPAINEHUI, UMesi B BUILY
BO3MOXKHOE IIPOYTEHNE TEKCTa CIelUaMCTaMyi U3 pasHbIX objacreit. Croucok
HCIOJIb3YEeMbIX B HECKOJILKUX Pa3HbIX pasjiesiax 0030pa (B pazjesax mpo
pasuble GPU) COKpallleHuii IPUBEJICH B IIPUJIOKEHHN.
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1. Obwee ans GPU pa3sHbix npoussogureneii

IIpex e vem paccmarpuBaTh KOHKpeTHBIe GPU pa3HbIX MPOU3BOIUTEEN,
HY2KHO XOTsI OBl IIEPEYHNCINTDh OCHOBHBIE HCIIOJIb3YyeMble HA COBPEMEHHBIX I'padu-
YECKHX IIPOIECCOPAX CPEJCTBA Pa3pabOTKU HpOrpaMM (IIpOrpaMMHbBIE MOJIEIH )
¢ opuenTanueil Ha 3agaan HPC m U. MakcnMaIbHyI0 TPOU3BOIUTETHHOCTD
OOBIYMHO JIOCTUTAIOT C IPUMEHEHUEM, €CTECTBEHHO, Y€TKO OPUEHTHPOBAHHBIX
Ha alnapaTHble CpeJCTBa IIpousBouTeseil cpeacts SDK (B mepByio ouepeb
Mozesielt mporpammuposanusi): st Nvidia— CUDA (Compute Unified Device
Architecture) [16], iz AMD —HIP (Heterogeneous Computing Interface
for Portability) [58], wacts obmero nmporpammuoro creka ROCm (6Gosee
HU3KOYPOBHEBbIE IIPOIPAMMHBIE CPEJICTBA B 9TOM pasjiejie 0030pa He pac-
CMATPHBAIOTCs ). 3aMeTHOE TI0siBJIeHHe Ha PhIHKe ajibrepHaTuBHbIX Nvidia
npomsBojuTeseil GPU moBbICHIO MHTEPEeC K KoMIoueHTaMm SDK, paborarormmm
C yCKOpUTEIIME pasHoro tuma. HIP yxke nMeeT BO3MOXKHOCTEL pabors! ¢ Nvidia
GPU [58].

Cpeu He OpUeHTHPOBaHHBIX Ha paboTy ¢ GPU ompeseieHHOro IIpOu3BO-
OUTENIs CPEACTB IIPOrpaMMUpOBaHus mpexkae scero ormeruM OpenACC
u cospemennbie Bepcun OpenMP (momiepkka paboTsl ¢ yCKOPUTEISIMU
nosiBuitack erie B OpenMP Bepcun 4.0, a ¢ 2021 rojga nmeercst y»ke Cremu-
dukanus 5.2 [59]). IToznuee B KavuecTBe CpecTB pazpaboTKU IIPOrpaMM
st GPU u ITJTNC-akceneparopos cras mupe npumensaTbes OpenCL (Open
Computing Language) [60], a 3arem u SYCL [61] — oTKpBITBIl cTaHAAPT st
rereporeHHoro nporpammuposanus. SYCL sBisierca paspaborkoii Khronos
Group, koropast ¢ Bepcuu SYCL 2020 6asupyercst zHa C++17.

ITTupokoe pacupocrpanenue moxker noiayuutb DPC++ (Data Parallel
C++, paspaborka Intel) [62]— rakke OTKPBITBIN MEXKAPXUTEKTYPHBIN SA3bIK,
nocrpoentslii Ha C++ u SYCL. DPC++ ucnosibsyer SYCL ¢ paciupenusiMu,
KOTOPbIE MPEJIIOIAraeTCs BKIYUTD B Oyaynme sepcun crangapra SY CL.
OpenCL, SYCL u DPC++ moxkHO mpuMeHsiTh u jyist UII. VI3 mux DPC++
[IPEJICTABIISIETCsl cefiaac HamboJsiee MPOIBUHYTHIM; Ha €ro 0a3e yiKe MOsSBUJICS
TeCT Mpou3BoUTENbHOCTH [63].

Hakowerr, K 4ucity yIIOMHHAEMBIX 3/1€Ch TPOTPAMMHBIX CPEJICTB Jijist GPU
moxkuo oruectu u Kokkos™ [64,65]. Kokkos (momiepzkannbiii B mpoekTe
Munucrepcrsa suepreruku CIITA) opuenTupoBan Ha sK3amaciirabHbIe
CYTHEePKOMIIBIOTEpHI, ucrosb3yer C++ U HaleJeH Ha OTCYTCTBUE [IPUBA3KU
K obopymoBauuio. B HeM B KadecTBe G9K-9HJI MOYKHO MIPUMEHSITh, B 9aCTHOCTH,
CUDA, HIP, SYCL u OpenMP. B kauecrBe 3HAMEHUTOrO IIpUMepa MPUIOKEHMS,
npumensiomero Kokkos, Moxkno ykazarsh kommreke nporpamm LAMMPS s
38,189 MOJIEKYJISIDHON TUHAMUKY [66)].


https://github.com/kokkos/kokkos
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Ilepeuncienmbie TporpaMMHBIE CPEICTBA OTPAYXKAIOT POCT IIPUMEHEHMS
umenno C/C++ B obaacrsax HPC u MU. Bonpoc mocTuraeMoil Npou3BOAUTEIbHO-
cTH 10 cpaBHeHUIO, Hanmpumep, ¢ CUDA-nporpammanvu Ha GPU Nvidia Tpebyer
JaJIbHEeHIIero n3yYeHnsd.

PyHKIMOHAIBHAS TTpOcTOTa sep GPU maeT BO3MOXKHOCTB OBICTPOrO
MIEePEKJII0UEHNsT KOHTEKCTa, HUTH C AKTUBHOW Ha MACCHBHYIO M 00PATHO, 9TO HE
xapakTepHo jyis LIl [yt BBICOKOMAaCIITabupyeMoro paciapaJlie IMBaHus,
MIPUMEHSIEMOr0 IIpU paboTe Ha OOJIBIIOM Yuc/ie (QyHKIHOHAIHLHO OTHOCATEIHHO
HOPOCTBIX A1ep B 0030pe Ha PYCCKOM A3BIKE UCHOJIb3YeTCsl TEPMUH HUTH (15t
threads), 4To JaeT BO3MOXKHOCTH UCIIOIB30BATH JJId IIPUMEHSIEMbIX B GPU
Nvidia stream TepMuH TOTOK.

Muoroserree rocrogctso Nvidia Ha peiake GPU mpuBesio K IMAPOKOMY
HCITOJIb30BAHUIO B 9TOi 00J1acT TepMUHOB, BBeJeHHbIX Nvidia. [losiBnerue
HOBOTO MOKoJjieHusi GPU, B TOM 4ucje OT Apyrux (pupM, XapaKTepu30BaIOCh
UCHOJIb30BAHUEM UMM W JIPYTUX TEPMUHOB JId TeX Ke Berieii (60/bIuHCTBO
u3 Hux SIMT-TepMmunbl jyis APT— CUDA, HIP, OpenCL u apyrux). Coorser-
CTBEHHO MMEEeTCs MHOT'O IyOJIUKAIMN U JOKJIAI0B Ha KOH(MEPEHIUsIX, T1e
MIPUBOJIATCA COOTBETCTBUS MEXKJY TEPMUHAMHU PA3HBIX MTPOU3BOJIUTENIEH, B TOM
quciie B TabsmaHoit popme (cM., HanpuMmep, [67,68]). B rabuuie 1 Takoe
COIIOCTABJIEHUE CJEJIAHO IS eJieil JaHHOro 0b630pa.

Bce crpoku Tabsmibl, KpoMe JIByX HOCJIEIHUX, sIBJISTEOTCS APT-TepMUHAMH.
B jByx mocseHux cTpoKax MPHUBEJIEHBI TEPMUHBI UMEIOIINX AHAJOTUN BaYKHBIX
amnmaparHbIX KOMIOHEHT GPU pa3HbIX mpou3BojuTeseil. DTa Tabiuia He
BKJIIOYAET CUCTEMY TEPMHUHOB, UCHOIL3yeMbIxX st BR100.

B rabsure B mpaBoM cTOJIOIE IPUBEIEHBI JKUPHBIM MTIPU(MTOM TEPMUHBI,
KOTOpBIE OY/IyT HUCIOJIb30BATHCS Jlajlee B HACTOSIEM 0D030pe B KaueCcTBe
o6mux Jyist GPU pasHbIX IPOU3BOAUTENEH (XOTA B Pa3jiesiax Ipo KOHKPETHOIO
[IPOU3BOJUTEIIST UCIIOIB3YETCsl U €10 TEPMUHOJIOTHSI ).

Hcnonb3zyembie mpousBoauTeasiMu GPU TEpMUHBI MOTYT Pa3/IMIaThCS
B 3aBHCHUMOCTU OT IIPUMEHCHU JIJIs allllapaTypbl WX JIJIg IIPOIPAMMHOIO
obecrieueHust, 1 MOIUMPUINPOBATHCS C MIOSIBJIEHUEM HOBBIX Mojeseit. Tak,
AMD npumensier TepmuH wavefront B pyKoBoJCTBax 110 apXuTekType u ISA
paccMaTpuBaeMbIX B 0030pe GPU 3T0it (hupMBbI— HO B COBPEMEHHOM PYKOBOJICTBE
HIP ucnosb3yercs Tosibko warp [58]. TIpu amoM mosiBjieHne HOBOrO MOKOJIEHHUST
GPU Nvidia BBI3ZBaJIO HOSBJIEHNE I HUX HOBOI'O TEPMHHA — KJIaCTePa OJIOKOB
Hureii nyst GPU H100 [16] B mepapxun pasindHbIX yPOBHEH I'DYNI HATEH.
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Tasnunia 1. CormocraBjieHne TEPMUHOB, UCIOJIb3yEeMbIX PA3JINY-
HBIMU IIpOU3BOAHUTEAMU GPU, 1 MOJIeJT IPOIPAMMHUPOBAHUA

Nvidia Intel PacmudpoBKa; HCTIOJIb3yeMbIii B 0630pe 06-
(CUDA) AMD (HIP) | (oneAPI/ | mmii TepMuH (ecin uCIOTb3yeTcs oOmmit Tep-
SYCL) | mun)
Thread Work item; Work- Wuusuayansaast HUTH (OHE paboOTAIOT COBMECTHO
Thread item B Ipyllle HUTeil — warp wiu B sub-group); HUTB.
Ha6op omnepanuii (HuTeil), KOTOPHIE BBIIIOJIHSI-
FOTCsl CUHXPOHHO, BBIINOJIHSIIOT OJIHU U T€ YKe
) MHCTPYKILUU U CJIEAYIOT 11O OJHOMY U TOMY K€
Wi Wavefront; Sub- MyTH NOTOKA yIPABJIEHUsI: IPYINa HapaJlIeIbHbIX
arp (%{om{a group HUTEH, BBIOJHSEMbIX AIlllIaPATHBIM GJIOKOM (B
arp) Nvidia SM ux 32) —9T0 HaUMEeHbIIIas] BEIYUCIIN-
TeJIbHASI €JUHUIlA, HA HUX pa3buBaercs OGJIOK
HUTel; Bapl'l.3
'pynmna Bapnos/moArpymnm, oAHOBPEMEHHO BBIIOJI-
Thread Work- asaomuxcst Ha GPU. MoryT cuHXpOHU3UPOBATHCS
block ‘Workgroup BMeCTE M OOIIATHCA Yepe3 Pa3IesiseMyIo MaMsTh,
group B GPU Nvidia Beimosiasiercss Ha ogaoM SM; 6JI0K
HUTEM.
ND- Cerka n3 6JI0KOB HUTEH, BEDXHUAN YPOBEHb MEpap-
Grid Grid XU CUCTEMBI HUTEH B 11es10M GPU;
range ceTka HUTeiA
Streaming
Multi- Compute Anasior ¢pyHKINOHAJIBHO YIIPOIIEHHOI'O IPOIIEeCc-
FOCESSOT Unit IECU) X€ core | copnoro siapa L. B Intel Data Center GPU Max
p (sM) X€-s11po comepxKuT HecKoJIbKO AllY SIMD-Tuna.
Matrix- | BPIYUCTHTEIbHbIN OJIOK 111 0OpabOTKU yMHOMKe-
Tensor Matrixcore Engine Hus Masenbkux Marpur (GEMM-oneparwmii, co
core unit XI\%IX CMeLIaHHOH TOYHOCTHIO);
( ) TEH30pHBbIE si/Ipa.
BeicokockopocTHast (110o0Hast K3IILy) IaMsTh
Shared Shared Local MaJIoi eMKOCTH, 0DEeCIIeunBAIONIasl CBA3b MEXK Ly
memory memory memory' | Bapmamu B GioKe HuTeil/pabodeil rpynme; pasme-
JisieMasi IaMsiTh.
Global Memory IMTamsare DRAM, nocrynnas B GPU; ee maHHBIE
(o6wguti mepmur Nvidia, AMD w Intel) | IpOXOAAT Yepe3 HECKOJIBKO YPOBHEH K3II-TAMATU
Device? GPU (¢ namsThIO); YCTPOMCTBO
Host2 IIpoueccop u namsaTs (6osee obie— BCsl 9acThb
KomIbiorepa 6e3 GPU); xocT
YacTp nporpamMmsl, BoinosHseMas Ha GPU (byHK-
Kernel2 muss B C, nognporpamma B Fortran). fapa
YCTPOMCTB MOryT paborars napaJsiesabHo ¢ LI
OporpaMMHOE sIIPO

Tepmunst Nvidia B3saret u3 [16]; AMD —u3 [58]; Intel — u3 [69].
! HemostHOE coOTBETCTBHE
2 obmuit TepMuH pa3paboTINKOB GPU
3 or warp (aHTI.) — HETH OCHOBBI Ha TKAIIKOM CTAHKe (npumenarue pedaxmopa)
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Pasznbie ypoBHu rpymnmn HuUTEil TO3BOISIOT 3DPEKTUBHO OPraHU30BATh
BbICOKOMacITabupyemoe SIMT-pacnapasuienuBanue. [[ockombKy MoxKeT
BO3HUKATL CUTyallisd, KOIJla Bapll OKHuJlaeT JaHHBIX U3 ITaMATH, aKTUBHDBII
pactueT MepeKIovaeTCs TOoria Ha Japyroit Bapn. B kmaccuvueckux GPU oT
Nvidia gyst aToro SM COmEpKUT IUIAHUPOBIIMK Bapios (0H dbopMupyer
BapI-IPYIIILY HATEH) U JUCIerTdep, 3aHIMAOIINICT aKTHBU3AIMEH BBIIOIHEHNs]
Bapu. AHaJIOru4YHble alnapaTHble OJOKU CyIIeCTBYIOT u B GPU apyrux
HPOU3BOJIUTEJICH.

Eme oanoit ouenb BakHOI 00IIEil 0COOEHHOCTBHIO COBpEMEHHBIX GPU
ABJISIETCsT paboTa ¢ JAHHBIMHA PA3JIUIHON TOUHOCTHU, BKJIIOYASA OHEPAITUN
CMEITAHHONW TOYHOCTU. DTO IIPU UCIIOTH30BAHUN YMEHBIIIEHHOW TOYHOCTU U
COOTBETCTBEHHO YUHCJIa OUT JUIA IIPEICTABICHUS UNCIa AT BO3MOXKHOCTD
JIOCTUTATh B pa3bl H60JIee BBICOKYIO MMMKOBYIO TMPOU3BOIUTEIHLHOCTD, YMEHBIIATE
TpeboBaHUs K eMKOCTH TaMaTh GPU 1 K ee TPOITYCKHOM CITOCOOHOCTH, OYU€HD
9aCTO JTUMUTHUPYIOMEH TPOU3BOANTEILHOCTD; MIPU YMEHBITIEHUN TPeOyeMoit
€MKOCTH TIaMsITH YMEHBIIEHHBIIT 00beM oOMeHa gaHubiMu GPU ¢ LI Tak»ke
MOKET yBEJUIUTH MPOU3BOINTEILHOCTE. 1Ipn pabore ¢ TpaauimoHHbIMT LT
39TO HEe UMeeT CMBICJIA, U BCe pacydeThl ¢ Ij1aBatoleil 3amaroit B HPC nposogarcsa
rpagunuonHo ¢ FP64. Oxuako jiyist 04eHb aKTUBHO Pa3BUBAIOIIMXCS 3aja4 U1
paboThI C HEUPOHHBIMU CETSIMU UCIOJIL3YIOT YMHOXKEHIE MATPUIL, U HaliieHa
BO3MOXKHOIT paboTa ¢ MEHbIIIEel TOYHOCTHIO U CO CMEIIaHHON TOYHOCTBIO.

TunuaHbIM 1151 UCTIOIH30BAHUS B MOJIEJISIX TIYOOKOTO 00y deHust (hopMaToM
JIAHHBIX SIBJISIETCsI OJMHAPHAsI TOYHOCTh, FP32, HO BOo MHOrMX paborax ObLIa
[OKA3aHA JOCTATOYHOCTH BoJiee HU3KOI TouHOCTH, HanpuMmep, FP16 [70]. Bpems
pacdera [iJIst 33,129 TJIyOOKOro 00yUeHUsT TUMUTUPYETCS YMHOYKEHISIMI MaTPHIIL,
Ha 9TO W OPUEHTUPOBAHBLI TeH30pHbIe sapa B GPU Nvidia win nx anajorn
B npyrux GPU HOBOro mokosjenus. Bnepsoie Tenzopnoe g71po B GPU mogBmINCH
B V100, u ¢ camoro Hadaja OHO PACCMATPUBAJIOCH KAK MHTEIPUPOBaHHAas B GPU
CIeNUAaIN3MPOBaHHAasl i IpuiIozKeHuiit Mukpocxema (ASIC, application specific
integrated circuits)— cm., napumep, [71]).

Dopmyia (1) orpaxaer BLAS-byukinuo GEMM (3necs A, B, C—
JByMEpHBIE MaTpHUIlbl, padMepHocTh A pasua M x K, pasmeprnocts B—
K x N, y marpuipr C pasmepaocts M x N)

(1) C =aA x B+ 3C

VYke B nepBbix Tenzopubix sapax (B V100) dopmar FP32 npumensiics
i C, a FP16— g A u B [72]. B A100 mox#O0 ucmomszoats BF16 mast A u
B, u TF32 qyis C (xotst 8 A100 B TEH30PHBIX SIIPaX CTAJIO MOXKHO PabOTATh 1
¢ dopmarom FP64) [73].
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HO}IO6HI)I€ MaTpUYHbIE Ollepaluu CO CMENIaHHOI TOYHOCTbHIO BBIIOJIHSIIOTCSI
B COBpeMeHHbIX GPU Ha CIenuabHbIX MATPUYHBIX 6JI0KaX (CM. TEPMUHOJIOUU
Pas3HBIX Npou3BouTeseil B Tabiuiie 1) U MPOBOASATCS JJisl MATPUIL, OUe€Hb
MaJIEHbKUX pa3MepoB n3 (puKCUpoBaHHOrO Habopa. Hampumep, B TEH30pHBIX
supax A100 mua Becex marpur u3 dopmysst (1) ¢ popmarom FP64 M x N x K =
8 x 4 x 8 [17].

Muorue popMaThl YUCET C TIABAOIIEH 3aISITON YMEHBIIIEHHON! TOYHOCTH
HAJYaJId UCII0JIb30BaThCs UMEHHO Ha GPU (B IepBYIO OUepelb— sl 3a1a9
1); 6a30BbIe apaMeTpbl (GOPMATOB € NOHUKEHHOH (oTHOCHTEILHO FP64)
TOYHOCTBIO IPUBEJIEHBI B Tabuie 2 (B 3TON TabJIMIle TPUBEIEHBI TOJBKO
dopMaThl AT YHUCesT ¢ IIABAIOIEH 3amaToil — Ho B UM ObiBaeT n pabora
C UEJILIMA YUCIaMU YMEHbIIEHHOH 710 8 6ur munbl, INTS).

TabuyA 2. @opMaTsl YUCEI C IIJIABAIOIIEH 3aISITOH YMEHbIIEHHON
TOYHOCTH B GPU

®opmat uuces Yucao 6urt
3Hax umcsia | JKcrmoHenTa | Mamrucca | B perucrpe®

FP32 1 S 23 32
TF32 1 3 ) -
TF32-+ 1 3 5 -
FP16 1 5 10 16
FP8-E4M3 1 4 3 8
FP8-E5M2 1 5 3 3

1 popmar TF32+ nomaepxuaercs Toasko 8 BR100 [35], a dopmarsr
FP8— 35 H100 [78]
B 27101 Tabiuie ncnosb30BaHbl gaHHble Tabuuip 11 B [79] ¢ nobasiennem
crpoku dopmara TF32+ niusa BR100 [35].

Hexkoropbie u3 3Tux (OpMaTOB YMEHBIIEHHON TOYHOCTH HE MOJIEPKUBAIOT-
cs crangaprom IEEE-754 [74], HO noagepKuBaioTcss KOHKPETHBIMU MOJEJISIMU
upoussogurensa GPU (TF32, TF32+, BF16, dopmarst FP8). 3uech ciemyer
OTMETHUTD, ITO s TJIyOOKOTO 00ydeHust CIuTaroTCst 3P GEKTUBHBIMEI (HhOPMATHI
TF32 u BF16 (cm., nanpumep, [17,75]). B TF32 qyia ManTHCCH HCIOIB3YIOTCS
Te ke 10 6uT, Kak s FP16, HO u3-3a 60j1ee JAIMHHOI 3KCIIOHEHTHI JIUAIa30H
[IPEJICTABIISIEMBIX drceJl GOJIbINE, 9TO BayKHO JyId 3a7ad MU [76]. B [77]
paccMOTpeHa BO3MOYKHOCTD IIPUMEHEHHUsI M1 TJIyOOKOro o0ydeHust (hopMaToB

FPS.

ITockonbKy ucnonb3oBanue hopMaTOB C YMEHBITIEHHOW TOYHOCTHIO HA GPU
MOKET IIPABOJUTHL K OY€Hb Ba’KHOMY POCTY IIPOU3BOJAUTE/ILHOCTH, IIOHEMHOTY
BO3MOXKHOCTH PabOThI ¢ yMeHbIIeHHON (oTHOCHTeIbHO FP64) TounoCThIO cTaia
He TOJIBKO IIPUMEHATHCH B UM, HO U3y4daThCs U B APYIUX M3BECTHBIX 0OJIACTIX
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HPC, B ToM uncie: FP32 8 CFD (6butn u nonsitkn paborst ¢ FP16) [80], FP32
B KJIACCUYECKOl MOJIeKyIapHOl munamuke (B [81] pocT npousBoguTeIbHOCTH
Ha FP32 usmepsiics we Ha GPU), FP32 B KBAaHTOBOI MOJIEKYJISIPHON JIMHAMUKE
(Takzke 6bln u nonbiTke pabors: ¢ FP16) [82,83], B ksanTosoit xumuu [84, 85].
CoOTBEeTCTBYIOIINIT POCT TPOU3BOIUTEIHLHOCTH MOYXKET ObITh ODYCJIOBJIEH HE
TOJIBKO TIPSIMBIM YBEJIMYIEHNEM COOCTBEHHO IIPOM3BOUTEJLHOCTH sifiep GPU 3a
CYeT yMeHBIEeHNs] TOYHOCTH, HO U BO3MOXKHBIM KapJIMHAJIBHBIM yMEHbIIEHIEM
TpeboBaHMit K eMKOocTH mamaTu GPU.

EcrecTBenno, craau MosBasATHCS U UCCIIEIOBAHNALA O JOCTUYKEHUHU TIPH-
eMJIeMO#l TOYHOCTH Pe3yJIbTaTa Ipu paboTe ¢ YMEHBITEHHOH TOYHOCTHIO
B MaTeMaTHUIECKUX METO/IaX, HAIPUMED, IpU penteHnn ypasuenus llyac-
coHa [86]. B [87] upesioxKeHbl METO/IbI KOPPEKIMN BO3MOXKHBIX OIUOOK
orHocuTensHo FP32 npu Beranciernsx ¢ FP16 u TF32 (npu paGore Ha TeH30p-
ubix sipax A100). [orsarHo, 9o npu pabore ¢ HOHUKEHHONW TOYHOCTHIO
TpeOYIOTCs IOCTATOYHO MOAPOOHBIE CUCTEMATUIECKIE MCCIIEI0BAHMNSI, KOTOPHIE
MOTYT He yCIEBATh MPOBOJUTHCS M3-33 CBEPXOBICTPOrO PA3BUTUSI COBPEMEHHBIX
GPU ¥ TIOSIBJIEHNST HOBBIX (POPMATOB JaHHBIX B HUX.

Haxe B U npumenenune, nanpumep, TF32 ¢ yMeHBIIEHHO# OTHOCUTEIHHO
FP32 manTuccoit nenaer akTyaJIbHBIMEA TOAPOOHBIE UCCIEIOBAHUS M3-3a,
BO3MOXKHBIX TPOOJIEM CO CXOIUMOCTBHIO TJIyOOKOTro 00yveHmst. IlosTomy
HHTEPEeCHBIM MOXKeT ObITh goctymnHblii 11 BR100 dopmar TF32+, umerommuit
6ouiblIee 9nCyI0 OUT Jijist MaHTHCCHI, YeM B TF32. A Hanpumep, B MOJIEKYJ/ISIPHOI
JTMHAMHUKE COBPEMEHHBIE KOMILJIEKCHI ITporpamM, paboraromue Ha GPU, gacTo
UMEIOT OIUH, PA3PENIAONINe PACUETh ¢ IIOHUKEHHON TOYHOCTBIO (HAIIPUMED,
JUIst IByXTOYEIHBIX B3AMMOJIEHCTBUIT aTOM-aTOM) U B GOJIBIIIOM YHCIIE CITy4aeB
JAIOT IIPU 3TOM IIPUEMJIEMbIE Pe3YIbTaThI — OJITHAKO MHOTJIA 3TO IIPUBOIUT
K ommmbOke. [Iybsmkanmu, dopMyaupyrorme, B KAKUX CJIydasiX BOZHUKAIOT
Takue OMuOKU, aBTOPY HEeU3BeCTHBI. [Ijisi KBAHTOBOI XUMUM CUTYAIIAS] MOXKET
OBbITH CJIOJKHEE, HAIpUMep, B UTEPAIMIX C CAMOCOIJIACOBAHMEM ITOJIHOM
sHepruu. ABTOp B HACTOsIIEe BpeMsi BOOOINE ¢ HACTOPOKEHHOCTHIO OTHOCUTCS
K HPC-pacdeTaM ¢ IOHUKEHHOI TOYHOCTBIO.

o cux mop TEH30pHbIE sIpa pacCMaTpUBaIOTCsa Kak ASIC, opueHTH-
POBaHHBIE HA 3329l MAIIUHHOIO 00y4eHus (cM., HanpuMep, [88]), xors
B IIOCJIeTHEE BPEMSs IOSIBJISIIOTCsST pabOThl, OPUEHTUPOBAHHBIE HA PACIIPO-
crpaHeHne 06JIaCTU IIPUMEHEHUs] YMHOXKEHUsT MATPUI] TEH30PHBIMU SITPAME
Ha HPC (cM., Hampumep, [89]). B nesom muist HPC HEoGx0mmMo 6a3supoBaThest
HA [IPOU3BOAUTEILHOCTH, JIOCTUIAEMOIl KOHKPETHBIMU Ipriiozkerusamu. B [90]
OBLIIO OOHAPYKEHO, UTO U3 77 OTOOPAHHBIX TAM M3BECTHBIX TECTOB IIPOU3BO-
anresbaocT j11a HPC GEMM ucnoabsosajiach ToabKo B 10. 11 ¢ Touknu
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3penus sHeproaddekTUBHOCTU IpUMeHeHue smyJsanuu dopmaros FP64 u
FP32 moamxkennoil TOYHOCTHIO Ha TeH30PHBIX gapax V100 cymecTBeHHO
YCTYIIAJIO UCIIOJIb30BAHUIO TaM BEKTODPHBIX sjiep. IlosTomy nyist Gostee mupokoro
HCIIOJIb30BAHNS TEH30PHBIX sAiep Ha HPC ¢ TOUKHU 3peHust aBTopa HeodX0oauMa
armapaTHas nojiep:kka B aux FP64, aro y Nvidia maganocs ma A100.

Bormpocer paboTsl ¢ quciaMu pa3indHOl TOYHOCTH UMEIOT OoJiee 0bIee
3HaYeHne He TOJILKO i GPU. Hampuwmep, B [91] MIPEJIIO?KEH HOBBIN OJIOK
COBMEIICHHBIX ONlepalndil «YMHOXKWUTb-U-CJIO2KUTb», OPUEHTUPOBAHHBIN Ha 3a/1a-
qn HPC u U, juts padoTsl ¢ hopMmaraMu pasiandHoil Tounoctu. Hekoropas
nH@OpMAIUS O TOCTUTAEMON TOYHOCTH IIPU PabOTe HAa TEH30PHBIX sAIpax MpPHU
YMHOKEHU! MaTPHI] C UCIIOJIb30BAHIEM OIlePaluil CMEeIIaHHO! TOYHOCTH OY€Hb
KpaTKO IpuBesieHa jaajee B pasfene 4.1.4, rme paccMaTpuBaeTcs JTOCTUTAEMast
rpousBouTesbHOCTE Ha A100.

2. Hosble kutainickue GPU BR100

B o0630pe paccmorpenne naunuaercs ¢ Biron Technology BR100 mo psimy
[PUYUH. DTOT YCKOPHUTEND JOCTATOYHO CYIIECTBEHHO OTJIMYAETCsl 110 [IOCTPOe-
HUIO OT OoJiee TpaUIMOHHBIX Ipadudeckux mnporeccopos Nvidia u AMD,
Jaxke B hopMme uctosb3yeMoit TepmuHosIorun. [lybmukanum ¢ omeHkaMu mpou3-
BomuresbHOCTH BR100 B TecTax m mpuiioyKeHUSX TPAKTUIECKH OTCYTCTBYIOT, a
[IePCIEKTUBBI TAJbHENINEro UX MPOM3BOJCTBA CTAJINA COMHUTEIbHBIMA U3-3a
Beesenabix CHIA cankumii. [losromy ucnonb3yemast qyist BR100 Tepmunosiorust
B TabuIe 1 He mpuBoamiack. Tem He menee anann3 BR100 mpeacrasisercs
WHTEPECHBIM B TOM YHUCJI€ KAK BO3MOYXKHOU 3(DEKTUBHON aJIbTePHATUBBI
coBpemenubiM GPU Nvidia.

[TostBnienne 3tux GPU 9pKO HMPOSIBUIIOCH TIO JBYM IIPHUYHHAM — BBICOKO
CKOPOCTH pa3paboTKy (C/1esIaHbl ObLIN «IIPAKTUYECKN C HyJIsl» BCEro 3a 3
rojia) U JEKJIAPUPOBAHHBIM IIPEBOCXOJICTBOM B IIPOU3BOAUTE]LHOCTH JAHHOIO
kuTaiickoro GPU mag Nvidia A100 (H100 Torma mpocTo ere He CyImecTBOBAJIO).

Crieyer cpa3dy oTMETHTh O9eHb 4eTKyio opuenTtanuio BR100 va pabory
B obstacTu MY, 9TO MO3BOJIMIIO pa3pabOTINKaM IPOBECTHU sICHYIO IPAJIAIUIO
Ba’KHOCTHU IIPU KOHCTPYUPOBAHUU MUKPOAPXUTEKTYPBI. OCHOBHBIM JOCTYITHBIM
ucrogarkoMm uHdopmaryn o BR100 (ucmonb3yeMbiM U B JJaHHOM 0630De)
sBasiercs aokia Ha koudepennuu Hot Chips 34 2022 roza [35], a yrounsiomast
nHbopMaIus JOCTyIHA Ha caiite paspaborunka [51]. Eme nebGosbime
yTouHeHus ObLIM B MHTEPBBIO pykoBoxuress Biren Technology T:kan Bansa [92].
Omnpejiesiennbie conocrapienus xapakrepuctuk BR100 ¢ apyrumu GPU naJiee
MPOBOJATCS TOABKO oTHOCHTETbHO A100, Tak Kak 3Ta MOJEIb B 0030pe
OTHECeHa, K JIHUCTY 0A30BbIX.
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A ez

BR100 Architecture Diagram

Pucvnok 1. Mukpoapxurekrypa BR100 (pucyHok us [35])

O6mas mukpoapxurekTypa BR100 npescrapiena Ha pucyske 1 [35].

ITox cemeiicteom BR100 umerorcst B Bumy ase pasubie Mojenn— BR100 u
6ostee mipocrast, boJiee gemesast BR104, tak uro renepb BirenTech ucmosbsyer
n HanmenoBanne BR10X [51]. Ofmue xapakTepuCTHKH, JIeMOHCTPUPYIOIITe
yeuexu cemeiicrBa BR100, npusoggres o6brano myig mogesn BR100 (cm. raxxke
rabuuiy 3). 3uech cienyer ykazarb, uro BR100 ucnonb3yer gunerst u
Gasupyercst Ha IPUMEHEHNH J[BYX IJIMTOK (CM. PUCYHOK 1), & M3rOTABIMBAETCS
o TSMC-texuomnoruu 7 um (CoWoS 2.5D [35]) u cogepxur 77 MUILIAADIOB
TPAH3UCTOPOB ¢ obmieil mwiomaabio 1074 mm?. B BR104 mmmuTKa o1Ha, 1 MHOTHE
HOKa3aTe/In TaK>Ke B JiBa pa3a Menblie, deM y BR100 (cMm. Tabmuiy 3).

OcHOBHOII TTpejicTaBIEHHON HA PUCYHKE 1 KOMIIOHEHTOMH, OIPEIEIISIONEei
JgocTuraeMyro npoussoaurenbunocts BR100, sasiaserca SPC (Streaming
Processing Cluster), KOTOPBIfi MOYKHO OTYACTH CUUTATH HEKUM AHAJIOTOM
Nvidia GPC (Graphics Processing Cluster) 8 A100. Kaxast u3 qByx mimTox
BR100 umeer o 16 SPC.

Kaxptit SPC coumepkur 16 ucnonaurensusix 610k08 EU (Execution
Unit), KoTOpbIe U COLEpPKAT COOCTBEHHO BBIYUCJIATEbHBIE KOMIOHEHTHI
GPU— 16 BekTopubIx sifiep (V-siipa), u oxHO TenzopHoe spo TDA (Tensor
Data Accelerator) [35]. IIpu 1esnesoii takrosoii sacrore 1 T (oHa 3ameTHO
HU2Ke YCKOpeHHOI yactorsl giuep B A100, cm. ke Tabuuny 13) u 3Hanun
KoJImuecTBa focTuraeMbix B V-supe FP32-pesyibraros 3a rakr (FP64 8 BR100
HE TIOJJIEPKUBAETCS, YTO CBA3AHO ¢ OpHeHTalueil Ha A1) 910 aeT BO3MOXKHOCTD
paccuuTaTh MUKOBYIO IPOU3BOAUTEIbHOCTD ¢ FP32. B mabsmmie 3 npusemneHbr
JIAaHHBIE O TTMKOBOW MPONU3BOINTEIBHOCTH, JocTUraemoit npu padbore ¢ TDA
(OCKOJIBKY OHU 0COGEHHO aKTyasbHbI il 3aj1a4 UM, Ha KOTODBI B [IEPBYIO
ouepesib opuerrupyercss BR100) [51]. JocrurayTsie (st akTyadbHbIX jist U1
opMaToB JAHHBIX) BEJIMUMHBI [IMKOBOH IIPOM3BOUTENBHOCTH JIKIIb HEMHOTO
HMKe HCXONHBLIX oxkuganuil [35] u B 1,5-2 pasa sbiue, gem y A100.
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Ha camom gmeste B8 mepapxum or ypousi SPC x EU B BR100 ectn
npomexxyrounbiii yposerb— 610k CU (Compute Unit), KaxKapiit 13 KOTOpbIX
MoxkeT cogepkarh 4, 8 unu 16 6sokoB EU (cM. mpasyio yacts pucynka 1). CU
MOKHO cunTaTh aHasorom SM (Streaming Multiprocessor) 8 A100.

CU u3 uerbipex EU umeer kam L1 (LSC) emkocrsio 64 KB. Cremyromum
B MEpapXUM IaMaTu sBjgercs Kam L2 emkoctsio 8 MB #a ogun SPC, uro maer
256 MB na Becs BR100. ITamsars HBM2E emxocrsio 64 I'B (B coBpemenHbIx
mozessix A100 emkocts yBemmuena 1o 80 I'B— cm., Hanpumep, [93]) umeer
mupuny uaTepdeiica 4096 6UT ¢ TPOILYCKHOI CIIOCOOHOCTHIO, KOTOPAs TAKXKe
Hizke, geM y A100 ¢ 80 I'B [93] (cm. Tabmuiy 3).

Tabmuna 3. Conocrassenne nokasareseit BR100 u A100

BR100! BR1042 5 5
ITokazarenn (Walli 100P) ‘ (Walli 104P) ‘ A100-PCle A100-sXM4
TexHosorust, HM 7 (TSMC)

ITonHoOpasmep-
DPopm-daxTop 0AM gggangﬁggg' PCle SXM
PCle
ITukoBas mpous-
BOJIUTEIBHOCT: *
FP32 (TFLOPS) 240 112
TF32+ (TFLOPS) 480 224 156,/312%6 156,/312%6
BF16 (TFLOPS) 960 448 312/6243 312/6243
INT8 (TOPS) 1920 896 624,/12483 624/12483
Tun un 06bem HBM2E HBM2E HBM2E HBM2E
maMsATH 64 I'b 32TB 40 I'B 80 I'b
Mnpura msr 4096 2048 5120 5120
namstu (6ur)
ITukoBas
TIPOTIYCKHAL 1,64 0,819 1,9 2,0
CIIOCOOHOCTH
(T6aiir/c)
Mexkcoenunenue N N
c GPU, ero nukoBas BLin BLin . .
IIPOILYCKHAs (8 mopros x8), | (3 mopra X8), NVLink3, NVLink3,
600 600
CIIOCOOHOCTH 448 192
(T'Gaiit/c)
PCle-5.0, x16 | PCle-5.0, x16
E/IL?IZIK CoeIIHEHNE ¢ mogzepxkoit | ¢ momuepxkkoit | PCle-vd x16 NVLink3
CXL CXL

TDP, Barr 550 300 250 400
Lem. [99);
2 cm. [100];
3 epes CJI3MI MPUBE/IEHbI JAHHbIE TIPH HCIIOTb30BAHNN PAa3PEsKEHHOCTH;
4 IIpUBEAEHBI JaHHbIE C UCIIOJIb30BaAHUEM TEH3OPHBIX AIEP
5 nannbie us [93,94];
6

nns A100 npusenens! ganabie ajs TE32.

st oCTIKEHNs BBICOKOH TPOM3BOAnUTE bHOCTH GPU BasKHA MPOMYCKHAST
CIOCOOHOCTD IaMSTH, U HEKOTOpoe orcraBanue 3aeck BR100 or A100 xomuen-
cupyeTcst orpoMHoii eMkocThio k3ma L2 (B A100 emkocTs kama L2 ropasno
menbiie —40 MB [94,95]). Tns noxnep:kanust 6osee ahdbeKkTuBHON paboThi
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kama L2 B BR100 moxer ucnosnbzoBarbes Near Memory Computing [92].
OueBniHO, 9TO ONpeeeHHbIi anasor mapaaurmbl Near Memory Processing,
6smm3Koil K napaaurme PIM, processing-in-memory, 1ieJib KOTOPBIX — IPOCTPAH-
CTBEHHOE OO'bEIMHEHNE BBIYUCIUTEIHHBIX OJOKOB C MAMATHIO U CHIBHOE
COKpAIIeHHE TIepesiad JIAHHBIX MeXK [y HuMH [96], npuMeHHbI s 3aa9 U1
[97,98].

Yro Kacaercst IPOIYCKHOI CIIOCOOHOCTH, OHA He MEeHee BaXKHa JIJIsl CBS3U
Mmexty jgByMst mnTkamu BR100, u cocrasister 896 I'B/c [35], uro mossossier
pocrpuanMaTh BR100 kak omgua obrmuit GPU.

Hnga ceazu ¢ U npumensierca PCle-5.0 (x16), ¢ mommepxkkoii CXL
(Compute Express Link) — mexcoenunenus ¢ korepenTHbiM KameMm [101,102],
KOTOPOE MMEET ABHYIO TEHJCHINIO K CTAHIAPTH3AIMH.

B oxmom cepsepe moxker 0biTh yeTanoBiaero mo 8 GPU BR100, u mist kom-
MyHUKaIUi MexKay TakuMu GPU UCIOIb3yIOTCA KaHAJBL CBA3U «TOYKA-TOYKA»
(T. e. Mexxay Kaxkioit mapoit GPU) BLink, rie menonbsyeres SerDes (cepnammsa-
top/mecepuanuzarop) [92]. Omua BLink nmeer 1ByHanpaBiIeHHYIO TIPOIYCKHYIO
criocoGrocts 64 I'B/c [35], coorBercrBenHo y 7 kanasnos BLink, cesipiBatorux
omuH GPU co BCceMH JIPyrUMHU, CyMMapHAas IPOIyCKHAS CIIOCOOHOCTH COCTABJISIET
448 T'B/c. Boibop nosHoii OIIEPKKU BCEX COCAMHEHUI TOUKA-TOUKA JIAeT
BR100 mpenmytiiecTBO m3-3a OTCYTCTBUsI BO3MOXKHONW KOHKYPEHITUN IIPU
COBMECTHOM HCHOJIHb30BAHUN HECKOABKUMU GPU MPOMyCKHOM CITOCOOHOCTH
MEKCOeIMHEHNSI, B TO BpeMs Kak 0OMeH JaHHbIME Mex 1y GPU depes LIl qaer
CBOU MUHYCBI B IIPOILYCKHOM criocobHocTH 1 3a1epxkKe [3]. Tloaromy, Kak
OTMEYEHO B [3], TOIOJIOTUS TAKOIO MEXKCOE/IMHEHNsI BEChMa BayKHA.

Hns cesizu mMexxay GPU A100 ¢ dbopm-dakropom SXM4 [103] ucmonssyercs
mexcoegunaenre Nvidia NVLink3 [94], rue qust coemunenus: GPU-GPU
ucnoJib3yercs 12 KaHajaoB ¢ HPOILYCKHOH crocobrnoctnio mo 50 I'B/c—
COOTBETCTBEHHO TIOJIyUIaeTCs ABYHAIIPABIEHHAs IT0JIoca npolirycKanus 600
I'B/c [94], aro ropaso 6oubiie, uem y BR100. VY cBszu BR100 ¢ Ol nporyckuast
crocobuocts (896 I'B/c) cymecrsenno Boie, gem 600 I'B/c y NVLink3.
B Bapuante A100 ¢ PCle-4.0 npomyckHast CliocOOHOCTh CBsizu MexK Ly GPU
Takast ke, kak y BR100, 64 I'B/c [93].

IlousaTHO, UTO ONEHKOMN 3bdeKTUBHOCTH MekcoeanHenus GPU MoxkeT ObITh
TOJIBKO M3MEPEHHAas ITPOU3BOIUTETLHOCTh TECTA UJIU IIPUJIOXKEHUsI, KOTOPast
s BR100 B annbiit MOMEHT NMpaKTHYIECKH OTCYTCTByeT. Habrromaromnasicst
OpUEHTALIUY IIPUJIOKEHUIT Ha MUHUMU3AIUIO BCeX KOMMYHUKanuii Mexx ity LI u
GPU (5TO— OJIHO U3 OCHOBHBIX IIpaBui onTuMusanuu B CUDA Ha A100 [104])
MMO3BOJISIET ITPEJIIIOJIOKUTh, YTO MACIITAONPOBAHUE TTPOU3BOIUTEILHOCTH
¢ pocrom uyucia GPU B cepepe ¢ A100/SXM4 (B ciydae HEMAJIEHbKHUX
norpeGHOCTE B TAKMX KOMMYHHKAIUsX) Oy/IeT Bointe, yeM B cepiepe ¢ BR100.
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ILimrocom BR100 siBnsiercs npumenenune 0AM Spec v1.1 [92] — 6bicTpo
PaCIPOCTPAHSIIOIIEroCsT U (PAKTUIECKHU IIPETEH IYIOIIEr0 HA CTAHIAPTH3AIINIO
dopm-dakropa 0AM (OCP Accelerator Module) [105] (cooTBeTcTByTOmITHiA
Mozyab ¢ BR100 umenyercss Wallil00 [92]); npu srom BR100 pacmnonaraercs
na wiare UBB [92], koTopas Toxke Moxer crarh crangaproM Oyiymiero [105].
st cpaBrenust, B A100 ¢ BbicokockopocTHBIM Mezkcoeaunernem GPU NVLink3
ucnoJib3yercst cobcrBennsbiii popm-pakrop Nvidia SXM, mpu 5TOM MaKCHMAJIBHOE
qucsio GPU B cepsepe (nanpumep, B 3aamenutToM i MM Nvidia DGX) rakske
paszo 8 [106].

Koneuno, BR100 obecrieunBaet 1mebiit psiji APYTrux BO3MOXKHOCTEH, 371eCh
He 00CyKIaeMbIX — B TOM 4uciie 4 6yioka crenuaababix dyuknuit (Special
Function Units— SFU, anasoru panee uzsectubix B GPU Nvidia, ucmosib3ye-
MBI€ B TOM YHCJIE JJIs PACYETa JIEMEHTAPHBIX (DyHKINI); BO3MOXKHOCTHI
paboret ¢ NUMA u UMA; noauepxkky 10 8 Bupryasnbubix GPU (Secure Virtual
Instance, SVI— anasor Nvidia MIG, Multi-Instance GPU), uro mossossier
acdbexTnBHO padorars ¢ GPU OHOBPEMEHHO HECKOJIHKUM ITPUJIOKEHUSAM, HE
IOJIIEP2KUBAOIIMM XOPOIIIee MacIiTabupoBaHue 1o nojHoro GPU [35,99].
Kiaccuueckue meitnepabie 610ku 115t 00paborku m3obparkenuit B8 BR100
BOOOIIE OTCYTCTBYIOT, ITO CBS3aHO C OJHO3HATHON OopueHTaIueil aTroro GPU
Ha VI (Buzmeokonek nojiep:kusaerca [99], Ho 3ro B 0630pe He 006CYKIACTCH).

Eme oganm BaxkKHEHIINM COBpeMEHHBIM napamMeTpoM GPU sBisiercst TDP —
o gaaabiM tabuier 3, BR100 my:xwHo Gosbine suepronorpebienust, dem A100.
Ecau mocunrarh 3HEproaddbeKTUBHOCTD (MPOU3BOIUTENHLHOCTD Ha BarT), To,
HAIIPUMeED T akTyasibHOro st U1 dopmara BF16 8 BR100 ona Beire,
qem y A100 ¢ SXM4 nim PCle. Coznannsrit cepsep Haixuan 0AM [92, 99|
cogepxkut 8 BR100 u umeer mukoByIo npousBoguTesibHOCTD (jist BF16)
okos10 8 PFLOPS npu makcumanbuoiit TDP 7 KBr [92] (em. pucynok 2) [35];
coBMecTHO ¢ Inspur, uzsectabiM npousBogureiem multi-GPU cepeepos mist WY,
[JIAHUPYIOTCS M KJIAcTepHble perenus [92].

B BR104 B gBa pa3a MeHbIlle HE TOJIBKO IIPOU3BOJUTEILHOCTh U €MKOCTh
naMstTu (cM. Tabsmiy 3), HO U yucso nopros Blink paBro 3— coorBercrBeHHO
B OJIHOM cepBepe MOXKHO ycTanoBuTh Menbiie GPU. Ilpo anonc cepsepa Wallen
Technology Wallace 104 ¢ BR104 65110 coobreno B psizie CMU. 3aech Baxken
ere dhopm-daxrop— s BR104 ucrnosb3yercst nosmHopa3MepHast JIByXCIOTOBAs
wiara [100]. 9ro moxuo cpaBHnTb ¢ A100-PCle—na ux ocroe Nvidia menaer
st ceppepo HGX-momynu ¢ PCle- dpopMm-dakTopoM, comepKaliiue B TOM
qucste u 10 jaBa GPU, cBsizanHble depe3 Moct NVLink Bridge [93].

Yro kacaercst apxurekTypbl BR100 (Bi Liren) B 06miem cMmbicie, a He
MHUKPOAPXUTEKTYPBI, TO 3/I€CHh CJIEAyeT OTMETUTDH OOJIBINOH HAOOD MOIIePKUBA-
eMbIx GOPMATOB JAHHBIX (B TabuuIe 3 TPOU3BOIUTEILHOCTh IPUBEIEHA TOJIBKO
Jis Hekoropeix u3 Hux): INT8, INT16, INT32, FP16, BF16, FP32, TF32+.
IIpo mux, B mepByIO OvUepe b PO OPUTrHHAIBHYIO pa3dpaboTKy Biren Technology
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PucyHok 2. Tonosorusa mexcoenuuenus B cepsepe ¢ BR100
(pucyHok u3 [35])

TF32-+, undopmanus gocryina Ha paje cafitos (cu., Hanpumep, [107]). TF32+
MIPEJICTABJISIETCS KAK TOMBITKA YCOBEPIIIEHCTBOBAHUST M3BECTHOIO hopMaTa
TF32 nst rensopubix syep or Nvidia [94] (em. Tabuuniyy 3), ¢ MOMOIIBIO
peamm3amnyu koroporo paszpaborankun BR100 xoTesn yBeanauTh TOYHOCTD U
[IPON3BOUTETHHOCTE [51]).

st paborst ¢ BR100 611 pazpaboran HAOOP CPEICTB IPOrPaMMHOTO 00ec-
neuennsi BIRENSUPA (BIREN Scalable Unified Parallel Architecture) [92]—
npaiisepsl, kommmisTop BRCC ¢ mogmepxkoit pacuupernoro C++-, 6ubsmore-
KU [IPOrPpaMM U JIPDYTHE CPEJICTBA, OPHEHTHPOBAHHBIE B IIEPBYIO OYEPE/IH
Ha riry6okoe obydenne [35,108]. BIRENSUPA umeer noxoxkue Ha NVidia
CUDA mapa/iurMy IporpaMMHUPOBAaHMS U CTUJIb SI3bIKa, U TAKXKE UCIOJIb3yeT
yHuKaabHble i BR100 annaparasie Bosmoxkuoctr [92]. Ho nyGaukarnmii,
JIEMOHCTPUDPYIOIINX NCIOIB30BAHIE ITUX IPOIPAMMHBIX CPEJICTB U PEATILHO
JIOCTUTAEMYIO TIPOM3BO/INTEBHOCTD, HA MOMEHT HAIMCaHUs 0030pa He OBLIO.

Yro Kacaercs npousBoguTesbHOCTH 7151 UW, To mytst BR104 nmerorcs
JIAHHBIE JUJISI JIBYX TECTOB M3 M3BECTHOrO HAOOPa TECTOB IPOU3BOAUTEILHOCTH
CTaJIIM BBIBOJOB MammuHOro obyuenns MLPerf inference datacenter™ sepcun
2.1 [109,110] muist UOA. Pesynbrarer TecroB MLPerf inference datacenter
[TOKA3BbIBAIOT, KAK OBICTPO 00yUeHHas HEHPOHHAST CETh MOXKET BBIIIOJIHATE
3aJ1a9¥ BBIBOJIA HA HOBBIX UCXOJIHBIX JIAHHBIX.

Tlepseriit Tect st Kaaccudpukaruy nzobpaxkenuii u3 cocrasa MLPerf
Inference datacenter 6asupyercst Ha ResNet (residual neural network) ¢ uc-
IIOJIb30BAHUEM 3HAMEHUTONU TEXHOJIOI'MU MCKYCCTBEHHOI HEeipOHHOU ceru;
ResNet MHOTOKpPATHO PACIIUPSIIACH U MOJEPHU3UPOBAJIACH, U UCIOIH30BAJIACD,
HaIpuMep, u it 06paborku n3obpaxkennit s quarsocruku COVID-19 (e,
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manpumep, [111]). B apyrom Tecre jijist paboThl ¢ HATYPAJIbHBIM f3bIKOM, BERT
(Bidirectional Encoder Representations from Transformers) ucnosbsyercs
MOJIEJIb MAIIIUHHOI'O O0yYeHUsI Ha OCHOBE IIpeobpa30oBaTelis JIJisl IpeBapu-
TEJILHOTO O0yUIeHUs TIpu 00pabOTKe eCTECTBEHHOTO SI3bIKa C MPUMEHEHUEM
JIBYHAIIPABJIEHHOIO KOAUPOoBIMKa [112]. DToT MeTos, KpaiiHe MHUpPOKO uc-
oJIb3yeM ¥ HanboJjiee 3HAMEHUT, BEPOSITHO, OJiarogapsi ero IpuMeHEHUO
Google.

PesynbraThl 5TUX 3HAMEHUTBHIX TECTOB, IIpeJcTaBieHHble B [109] s
cepsepoB, nmeomux 4 wm 8 GPU BR104, a Takke JiJIsT CepBEPOB C Y€THIPHMS
nnu 8 GPU A100, mpusesieHnbl B Tadbaure 4, B KOTOPoil oTobpaHbl HAnboJIee
BBICOKHE U3 JOCTUTHYTHIX ITOKA3ATENN TPOU3BOIUTETHHOCTH.

Tapanua 4. Jlanasle TecToB npoudsomureabuoctu MLperf 2.1
inference datacenter (mexabpn 2022) na cepsepax ¢ GPU

Knaccudukanus O6paborka
M3OBpaNermi €CTEeCTBEHHOTO
Uncro (A—99%) (AZ59.9%)
Tun GPU IIpoussonurens u 270
GPU B cep- MOZEJIb CEpBepa server offline server offline
Bepe (3anpo- | (o6pas- | (3ampo- | (o6pas-
co/c) | mos/c) | coe/c) | mom/c)
BR104, 4 Inspur NF5468M66! 150027 | 212391 8993 11106
PCle 8 Inspur NF5468M66-P2 | 200052 | 424660 13952 22134
1;(1}?0’ 4 Lenovo SR670v2% | 150027 | 174180 |  Her gammsix
iy, 4 | Dell PowerEdge XE8545%| 128029 | 131364 | 5207 | 5476
A100,
PCle, 8 ASUS ESC8000A-E11° | 270066 | 283838 11496 13129
80GB
AT100, 6 P
Sxu Inspur N5688M6 313069 | 347202 Her nanabix
oy 8 Inspur N5488A57 | 290066 | 346954 | 13594 | 14977
H100,
SXM, 1 Nvidia Preview® 58995 81292 6195 7921
80GB

1 ¢ Intel Xeon Gold 6354 u sulnfer;

2 ¢ Intel Ice Lake-SP 8368 u sulnfer;

3 ¢ Xeon Platinum 8360Y mpu 2,40 T u ¢ CUDA 11.6;

4 ¢ EPYC 7763 u ¢ MaxQ, TensorRT 8.4.2 u CUDA 11.6;

5 ¢ 64-snepuniv EPYC 7763, TensorRT 8.4.0 u CUDA 11.6;
6 ¢ Xeon Platinum 8358, TensorRT 8.4.2 u CUDA 11.7;

7 ¢ EPYC 7713, TensorRT 8.4.2 u CUDA 11.7;

8 ¢ 8-simepubim EPYC 7252, ¢ TensorRT 8.5.0 u CUDA 11.8.

Ykazanusie jganube s GPU BR104 u A100 oTHOCATCS K KJIACCY JTOCTYTI-
HBIX (T. €. COOTBETCTBYIOIINE CEPBEPLI MOXKHO Iprobpectn). B sTux Tecrax
TpebyeMast TOUHOCTH BBIBOJA (A) cocraisier 99% wmn 99.9% orHOCHTEIBHO
FP32. Ho Hano umMers B BUAY, YTO JOCTUraeMasl IPOU3BOJUTEIBHOCTD MOXKET
CYIIECTBEHHO 3aBHUCETH OT UCIIOJIL3YEMBIX CHCTEM Pa3pabOTKU IIPOrPaMMHOIO
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obecrieuenust. st A100, kpome 6a30BbIX cpescTB CUDA, Jijist JIOCTUXKEHUST
BBICOKOI ITPOU3BOIUTEILHOCTH IIPUMEHSIJINCH CPEJCTBA CIIENAIBHOIO IIPO-
rpammuoro obecnedenns Nvidia TensorRT [113]; zna BR104 ucnonbzoBaucs
cpeactsa sulnfer.

Hamupie o npoussoguteasaoctn MLperf inference datacenter 2.1 ¢ ucrosn-
soBarueM 4 u 8 GPU BR104 B cepsepax Inspur nokazam npeumMyIiecTBo
BR104 to npousBouTe/ibHOCTA B TeCTe 0OPabOTKU €CTECTBEHHOIO sI3BIKa,
(NLP) ¢ mogesibio BERT B moJiTopa-iiBa pas3a IIpU UCIIOJIb30BAHUU B CepBepe
onunakosoro kosmuecTsa BR104 nau A100. B «aBroHOMHOM» ClieHApUHU TECTa,
kJaccudukarmm n3obparkenuii ¢ Mmojesbio ResNet Ha cepBepax ¢ deTbpbMs U
8 GPU cepsepsl ¢ BR104 Takke 6picrpee cepsepos ¢ A100 (cm. Tabuuiy 4), a
B «CEPBEPHOM» CIIEHAPUU ITOT'O TeCTa B cepBepax ¢ derbipbMs GPU A100 He
omrepexkaior cepsepobl ¢ BR104, HO cymmecTBeHHO OBICTPEE UX IIPU UCIOIH30BAHUN
8 GPU. D10 MoxkeT ObITh cBsi3aHO U ¢ upeumyinectBoM NVLink3 orHocuTebHO
BLink mpu Takom kosmmaectse GPU.

B sTux Tecrax MOoxKeT TPeOOBATHCSI MEHbIIIE BBIUUCIUTE/LHBIX PECYPCOB,
gem B MLPerf Training, wacro Bemmosmsemom ua GPU A100: MLPerf Training
n3MepsieT BpeMsl, HeOOXOAMMOe JIJIs 00y deHHs MOJIesIeil MAIIMHHOTO 00y YeHus
JIO 11eJIEBOI'O YPOBHSI TOYHOCTH, TaM OCHOBHBIE 33/Ia4l — COOCTBEHHO O0OyUeHUe.

[IpuBeaennnie Boime garnabe mpo BR100 sBHO CBUAETEMLCTBYIOT O CO3IAHUN
ero st Koukypenrmu ¢ GPU Nvidia, wemMy T0/I2KHBI CITOCOOCTBOBATDH HE
TOJILKO DOJiee BBICOKHME ITOKA3aTe/ I MUKOBOI mTponsBoauTesbaocT BR100
¥ BBICOKAsI JOCTUTAEMAas IPOU3BOIUTEIHHOCTD Ha TecTax i M. Yerkas
OpUeHTalsl Ha CBEPXOBICTPO pa3BUBaeMble I KOMMEDPYECKH aKTyaJIbHbIE
3agauu UM (4T0 Jasio BO3BMOKHOCTD GoJiee y3KOM 1 9KOHOMUYHON OpUEeHTAI[MN
annaparypsl BR100), u mojuepKKa IpeTeHIyoNuX Ha CTaHIapTU3AIIIO
AIMapaTHBIX CPEJICTB JMOJIKHBI CIIOCOOCTBOBATE MOHMKeHNI0 cTonMoctu BR100,
YTO COYETACTCH C UCXOJHO CKOpee TUINUYHON JIJId KUTAUCKUX IPOU3BOJUTENENH
6oJtee HU3KOW CTOMMOCTBIO OTHOCHUTEIBHO MIPOAYKIINU 3/ IHBIX CTPAH.

Opnnako curyamus ¢ BR100 pesko momensuiach m3-3a BBeJIeHHBIX B 2022
rogy CIIA cankmuii, Besregacrsue gero TSMC npekpaTuiia ©3roToBJIeHAE U
mocraBku Mukpocxem BR100. Do mmpoko obcyzxkgantock B pasabix CMU, 31ech
CJIeJIyeT TOJBKO OTMETUTDh, YTO TOT 3alPET HAIPABJIEH ITPOTUB BO3MOXKHON
kouKypenruu ¢ Nvidia u #He crmocoOCTByeT yOBICTPEHUIO PA3BUTHS MHPOBOTO
pbiHKa GPU.

3. Intel Data Center GPU Max (Ponte Vecchio)

Beibop B kadecrse caemytomnero oobekra anaaun3a Intel Ponte Vecchio
(/:Laﬂee HCIIOJIL3yeTCd COKPAallleHUe PVC) KaK HOBOI'O IokoJjieHus GPU cBa3an
C TeM, YTO OHU B BUJIe HECKOJIbKUX pa3HbIx Mojeseit Data Center GPU Max
HA MOMEHT HAITMCAHUsI 0030pa TOJBLKO ITOSIBUJINCH HA PBIHKE, U HAYIHbIE
nyosukanuu 06 uX MpPOU3BOIUTEIHLHOCTU TOYUTH OTCYTCTBYIOT. MHMopMmariums
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Intel o mocTymHBIX MOgensx PVC MeHsIach BO BpeMsl HAIMCAHUS 0030pa, a
apxurekTypa PVC (I/I HCIIOJIb3yeMble IIPOrpaMMHBIE CPEICTBa SDK) JIOCTATOYHO
CUJIBHO OTJIMYAIOTCsI OT OOJiee «TPAIUIMOHHBIX> apxuTekTyp GPU or Nvidia u
AMD.

ITosiBnerne PVC oxkujia/ioch He OJUH 1oj, B ceHTs0pe 2022 rona Intel
00bsiBIJIA O Hadajie mocTaBoK PVC Ha cymepkoMIibiorep Aurora B ApProHackoi
uaronajbHol yaboparopun CIITA. Ho B monsckom crimcke Top500 2023 roxa
3TOT CYIEPKOMITBIOTEP OTCYTCTBOBAJI.

3.1. AnnapartHblie cpeactea PVC

Intel paspaborana apxurexrypy X°¢ («eXascale for everyones) mis ee
[PUMEHEHNsI B CAMBIX Pa3HBIX KJIaccax rpaduuecKux MPOIECCOPoB (He TOIBKO
GPGPU), /u1st pabOTHI ¥ € IEPCOHAIBHBIME KOMIIBIOTEPAMH, U ¢ cepBepamu. B X°
obmast apxurekTypa KoMas (ISA), a MukpoapxuTekTypbl Intel ncnosnssyer 4
Pa3HBIX — JIJIsT KazKJI0r0 KJIacca rpadudecKux IPOoIecCOPOB MUKPOAPXUTEKTYPA
cBosi [69]; B PVC mcnosb3yercst Mukpoapxurekrypa X¢ HPC-GPU [114,115].
st UOI Intel mpenmaraer mpomykTer Data Center GPU, Bkrogarorue JiBe
cepun— Data Center GPU Max [116],— 910 odunuaisHoe Ha3BaHKe, 3aMEHUBIIIEE
ucnoJib3oBaHue Kojosoro cioBa Ponte Vecchio (B 0630pe ucnosb3yercs
cokparnerne PVC), u cepmio Data Center GPU Flex [117] ¢ MmukpoapxuTexTypoit
X¢-HPG.

B 0030pe paccmaTpuBaercs TOIBKO CEMEHCTBO OPHEHTUPOBAHHBIX Ha HPC
GPU ¢ mukpoapxurekTypoii X¢ HPC-GPU — Data Center GPU Max (PVC
OPUEHTHUPOBAH Ha PabOTy U B 9K3aMAaCIHITAOHBIX CyIEPKOMIIBIOTEPAX; IO/
PVC maJiee mogpa3yMeBaeTcCs CTapiiast MoJesb 3Toit cepun, Max 1550 — mjist
dopmupoBanus cynepkomubiorepa Aurora Intel dpakruueckn mocrasisiics
Takoii GPU, u JaHHBbIE IIPAKTUYIECKA O HEM ObLIU IIPEJICTABJIEHBI B Psijie
nybsmKanuii, muTUpyeMbIx 31ech B 0630pe). Intel ykaspiBaer Ha 3 pasindHbIX
MOJIEJT B 9TOM CeMeNCTBe, JIAHHBIE O PEKOMEHIYEMOM CTOMMOCTH KOTOPBIX
Ha caiite ark.intel.com ma MomeHT HamucaHusi 0030pa OXKUIAEMO HE OBLIN
[IPEJICTABJIEHBI — B COOTBETCTBUU C COOTBETCTBYIONIMME OTCYTCTBUSIME aHAJIO-
TMYHBIX PEKOMEHJAIMNA [IeH y APYTruxX npousdsojuTesneil GPU HOBOro IOKOJICHU.
B Tabaure 5 npuBemgennbl 6a30BbIe TapaMeTphbl pa3INnIHBbIX Mojeseit PVC.
B s70i1 Tabnmie npuBeeHbl TOJNBKO TOoKa3aTen GPU, akTyabHbIE B IIEPBYIO
oyepen JJisl Kjaccuieckux 3ajad HPC. A, Hanpumep, duciio 6,i0koB B PVC
JuIst 00pabOTKHU TPACCUPOBKH JIydeil, KOTOPbIe MOI'YT HCIIOJIb30BATHC U JIJIsT
3aja4 U1 (cMm., Hanpumep, [118]), 31ech He npusejieHs! (B PVC UX CTOJIBKO XKe,
CKOJIbKO X°-siziep— 128) — anmaparHble BO3MOXKHOCTH PVC jijis TpacCupoBKU
Jydeil B 0630pe 0 CyTU HEe PACCMATPUBAIOTCS.

s narorosaenusa PVC ¢ caMoro HavaJa IJIAHTPOBAJIACH IPUMEHATH
TPEXMEPHYIO YKIAJIKY ¢ GaszupoBanueM Ha mmTkax (tiles) [114,120]. K sromy
Intel MorsI0 TOATOIKHYTH U OIIpesIeIEHHOE OTCTABAHNE B COOCTBEHHON TIOJTY-
[IPOBOIHUKOBOI TexHosoruu (nHorna dbopMysupyioieecs Kak ciayxu [121]).
Ilo mamubIM [TOK7Ta/1a, TPOBENEHHOTO B PAMKAX 3HAMEHHTOrO 9K3aMACIITAOHOrO
BBIYAC/IUTEILHOTO poekTa ECP [67], PVC mianuposascs K nocraskaM B 2021
rofy.
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TasnunA 5. Ba3zoseie mokasarenu mogeseir Data center GPU Max
cepun (PVC)

Mo, | P | Hieao | dueao| RO | RO | e | Cseobmoors | TP
GPU X XX XVE Ta, I'T'1g I'T'g i, I'B | mamaru, I'B/c Barr
1100 56 448 448 1,0 1,55 48 1228,8 300
1350 112 896 896 0,75 1,55 96 2457,6 450
1450 128 1024 1024 HET JJaHHBIX 128 HET JaHHBIX 600
1550 128 1024 1024 0,9 [ 1,6 128 3276,8 600

XMX — marpuuHnble ycrpoiicTBa, XVE — BeKTOpHBIE ycTpoicTBa. JlaHHbIe TaO/IMIIBI B3ATHI U3 PA3HBIX
o BpeMenu Bepcuii [116] u [119]. Mozgean 1350 n 1450 nmomedeHbl KPacHBIM IIBETOM, TaK KaK OHU

He IIpeJIcTaBJ/IeHbl Ha caliTe ark.intel.com Ha MoMeHT Hamucanusi 0630pa.

B PVC ucnonesyercst tpexmeptast texaosorust Co-EMIB (Co-Embedded
Multi-Die Interconnect Bridge) ¢ mpuMeHeHreM YHIIIIETOB, CIOCOOCTBYOMAS BbI-
COKOM TIPOM3BOIUTENBHOCTH, & ¢ PVC MOXKHO TOBOPUTH O paboTe ¢ apXUTEKTyPOit
PIM (processing-in-memory), HalPaBJIEHHON Ha pelieHue IpobIeMbl 0OMEHOB
GobIIMEI 00 beMaMy JIAaHHBIX ¢ maMaAThio [122]. IlocTpoeHne u3 HECKOTBKHX
kpucrasios (die) TpexmepHbix npormeccopos B [123,124] ykasbiBaercsa Kak
IIPOI'PECCUBHBIH CIIOCO0 Jjist 0OeCIedeH s IPOIOIKEHIST JIeHCTBHUS 3aKOHA
Mypa, a TpexmMepHyIO HaMATb CTAJIH JIeJIATh YK€ JIOCTATOYHO JABHO, UTO
HMeJIO MECTO He TOJIBKO jajst HBM (cM., HampuMep, [125]).

3mech HeJb3st HE YKA3aTh Ha AJBTEPHATUBHBIN BADUAHT WHTEIDAIIUN
B IeJI0€ Pa3HbIX KpUCTa/IoB (mmTok y Intel B PVC) ¢ npuMeHeHreM IuILIeTOB,
ucnosib3yembrit AMD, B Tom unciie npu nocrpoeruu GPU MI200. CoBpemenHsbrit
00630p uniieTos cM. B [126], a coBpemennble GPU AMD pacemarpuparorcst
umxke. HeobxoimMo oTMeTHTh TakKe pa3pabaTbiBaeMblil KOHCOPITLYMOM DsiJia
dupm, B Tom yuciie Intel, AMD, ARM, Google u TSMC, crangapt st
MEYKCOEIMHEHUST MEXK Iy KPUCTAJIJIAMU, BKJIIOYAIONINl He TOJIBKO (bU3nIecKuit
ypoBenb — ceituac umerorcs cueruduraiuu UCle [127].

Mogens PVC comepxxkut 100 MUIIMapI0B TPAH3UCTOPOB, PACIIOJIOKEHHBIX
B 47 GYHKIMOHAIBHBIX NIMTKAX (TEPMOILUIUTKY 3/1€Ch HE YIUTHIBAIOTCS ),
o0beuHeHHBIX B 5 y3710B [116,128-130]. 113 31010 60BIIOro Yncsia miInToK
JIBE [UIUTKHU SIBJIAIOTCS 6a30BbIMHU, 16— BBIYUCIUTEIBHBIME [UIATKAME (compute
tile— cm. pucynok 3 [131]), 8 — niurkamu namatu HBM2E. Buyrpu PVC
YCTPOEH KakK 2 alapaTHbIX creka [129]— Ha KaxkIoii u3 aByx 6a30BbIX
IJIUTOK YKJIAJBIBAECTCS 0 8 BBIYUCIUTENbHBIX IJINTOK U 110 4 IJTUTKY TaMSTH
(JIormYecKue B3AaMMOCBS3U ITHX KOMIIOHEHTOB PVC peCTaB/IeHbl Ha PUCYHKE 3).
Bazosbie mnTku comepxkar B Tom unciae uHrepdeiicsl PCle n kanasbl
k HBM2E.

OTH IINTKYU, KAK U IJINTKA MEXKCOEIMHEHUsT MeXK Ty OoThesbHbiMu GPU PVC,
X¢ Link [129,130] 6yayT BKparie paccMOTpeHbl HuxKe. B PVC mianupo-
BaJuCh erle Mtk Kama Rambo (Random Access Memory, Bandwidth
Optimized) [129], Ho st X©-apxurekTypsl B [114] OHN yKa3aHbI Kak HeoOs-
3aTeIbHBbIe, U B TEXHUIECKOM OIUCAHUN MUKPOApXuTeKTypbl [130] onn
OTCYTCTBYIOT.
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Multi-Tile Architecture

HBM PHY HBM PHY PCIGens HEM PHY HBMPHY | XeLink PHY

Compute Compute Compute Compute = Compute Compute Compute  Compute
Tile Tile Tile Tie & Tile Tile Tile

RAMBO RAMBO RAMBO  RAMBO RAMBO RAMBO  RAMBO

Compute Compute  Compute. Compute 2 Compute Compute o Compute
Tile Tile Tile Tile

Tie. Tile Tile

XSUOkPHY | HBMPHY HeM PHY HBM PHY HBM PHY

PucyHok 3. Apxurekrypa PVC Ha Gase mmrok (pucyHok u3 [129])

Peasnmzanust mponsumyToit MHOrOKpuCTaIbHON 3D-TexHoI0rNN o/IpObHEe
paccMorpena B [128]. PaccMorpeHne TEXHOIOIHMIA HE OTHOCHTCS K TEMATHKe
JIAaHHOTO 0030pa, CJe/lyeT OTMETUTh TOJBKO UCHOJb30Banue B PVC 24-ciolinoit
IO/IJTOYKKH, 00ECIIeInBAIONIeil paboTy ¢ TEXHOJIOTHEH TPEXMEPHOI'O CTEKUPO-
Banus Foveros [132] u ¢ 2.5D-rexnosorueit EMIB (Embedded Multi-die
Interconnect Bridge) [133|, KoTOpbIe IPU COBMECTHOM MCTOJIB30BAHAY MMe-
uytorest Co-EMIB [122]. EMIB ucnosnb3yercst st obecriedenust paboTsi
JIOKaJIbHBIX BHYTPEHHUX MerkcoenHenuit; Foveros ¢ Texnomorueit Intel 7
(6pBmrast Enhanced 10nm SuperFin) ucnosnb3yercst B 6a30BBIX IINTKAX.
[liuTky mamMaATH c/esaHbl 0 TexHoJorun Intel 7, BBIMHCIUTEbHBIE TINTKY —
mo TSMC N5, a mmrkn namarn HBM2E—mo TSMC N7. Usrorasmusaercst PVC
st bopm-akropa 0AM 1.1 [134]), maromero BBICOKYIO TIOTHOCTD YIAKOBKH
obopyioBaHUs U, KaK OBLIIO OTMEYEHO BBIIIE B pas3jieiie 2, IMPEeTeH Iy IONero
Ha IPUMeHeHNe B KadecTBe cTaHjapTa. [lmTKy jajtee paccMaTpuBaioTcs He
B TEXHOJIOPHIECKOM ILTAHE, & MPOCTO KaK HEKHe OJIOKH MUKPOAPXUTEKTYPhI—
COOTBETCTBEHHO HEKOTOPBIE THUIIBI IIJIUTOK 3/I€Ch BOOOIIE HE YIOMUHAIOTCS.

31ech HEOOXOMMO yKa3aTh, 9To Intel ncronp3yer u apyrue TepMuHbI
(He TOJIBKO IUINTKY) B OTHOIIEHUH MePapXuil MUKPOAPXUTEKTYD Kiacca X°
[69,130]. ITognomruku (subslice) ncnop3ytorest He st PVC, 910 aHAIOT
X¢-smep B PVC. B PVC (Data Center GPU Max) Huzke ypoBHst Bcero GPU mmeeTcst
2 yposHst nepapxuu —gomtuk (X¢ HPC Slice) u crek (X HPC stack). JTomruk
umeer 16 X¢-sep u 16 ycrpoiicts Tpaccuposku Jyiygeit. Crek comepkut 4
JoMTHKa (coorBercrBeHHO ¢ 64 X-gnpamu u 64 ycrpoiicTBaMu JJIsi YCKOPEHUs
TpaccupoBKu Jyueil) [69,115]. Kpome Toro, crek nmeer kamr L2, KoHTposzep
namsit, Mexxcoeauaenne PCle-vh u 8 kananos X¢ Link (cm. masee). PVC
MAaCIITabupyeTcst 10 IByX cTekoB— o 128 X°-sanep [116,130]. X©—saapa
siBstioTcs aHajoramMu SM B GPU Nvidia, u comocraBjieHre uX KOJUIECTBA IaCTO
UCIIOJIb3YeTCsl DK CPABHEHMH DA3anvHbiX GPU (& TakKe U ¢ KOJIMYECTBOM sijIep

B 1I).
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Obuiee onncanne MUKpoapxuTeKTypbl PVC umeerca B [130]. Kaxnas
BBIUNCJIATE/IbHAS IJINTKA COMEP:KUT 8 X°-sijiep, KOTOPBIX Ha Bech PVC
coorBeTcTBeHHO 128 mTyK. Kaxkaoe X®-g1po nmeer 110 8 BEKTOPHBIX YCTPOHCTB
XVE (eXtended Vector Engine) ¢ qyunoii Bekropos 512 6ur u 110 8 MaTprYHBIX
ycrpoiicts XMX (X¢ Matrix eXtension), paGoTaionmx ¢ onepasiaMu JJIHHONR
4096 6ur [69,129,130|, u umeer unrepdeiic X¢ Link, 6azupyrouuiics
Ha KOTepeHTHOM Mexkcoenuuennn CXL [135] (Takxke paspaboTaHHOM paHee
Intel).

CoorsercrBerno B PVC Bcero 1024 BekTopHBIX ycTpoiicTBa XVE n 1024
MaTpUYHBIX ycTpoiicTBa XMX, KOTOpBIE ABJIAIOTCA aHAJIOIOM TEH30DHBIX d1ep
Nvidia (3r0 6pL10 yKa3aHo B Tabuuie 1 BO BBEJEHUN ), KOTOPBIE UMEIOTCS
He Tosibko B GPU V100 u A100, HO u B Apyrux rpaduuecKux MmMpoIeccopax
Nvidia [136].

Yerpoitcra XVE paboraior ¢ 512-OUTHBIME OIE€PAHIAMUA U UCIIOIB3YIOT
oreparyy yMHOXKEHe-U-CJIoKeHne. I1o jaer Ha X -saapo 256 FLOPS za Takt
st FP64 (u FP32 roxe) [129).

B Tabsurie 6 mpuBeaeHo KOJIMIECTBO BLIMOJTHIEMbBIX OIEpAInil 38 TaKT
Tasmyua 6. KoangecTBo onmeparnuit 3a TakT, BBIIOJIHAEMBIX

B ofHOM X°-sIJIpe W B MepapXUH BBLITOJHSIONAX PACIeTHl BJOKOB
JUIsT pa3HbIX (POPMATOB JAHHBIX [69]

Ucnonusionme 670k | PopMaT gaHHBIX Yuco onmepanmii 3a TaKT
e
8 x XVE FP16 512
TF32 2048
FP16 4006
8 x XMX BF16 4006
INTS 8102

Jlomrux (slice) — ucrosHsronux 6I0KOB U oleparyii 3a TakT B 16 pa3 Gosblie
Crek — MCIIOJIHAIONMX GJIOKOB U ollepaliii 3a TakT erle B 4 pa3a GoJiblie
JlByxcTekoBblit PVC (MO,ZIE}JIB 1550)7chonﬂmoumx OJIOKOB M Ollepaliii 3a TakT elle B 2
pa3a GouibIie

XMX He nojiiepKuBaeT ucIoJib3oBanune dpopmara FP64.

¢ pasHbIME dopMATAMHA JAHHBIX, JOCTYIHBIMHA Jyid XVE u XMX [129,130]. Dro
MTO3BOJISIET PACCUUTHIBATH MMUKOBBIE IPOU3BOAUTEILHOCTH P ¢ ncmonb3oBanmeM
TaKTOBOI 1acTOoThI V. Tak, anas dopmaros FP64 niu FP32 mpu pabore ¢
XVE P = 128 x 256 x v, uro gaer 52,4 TFLOPS (B Tabyuue 7 npuBeaeHbl
OKDYIJIEHHBIE [0 11eJI0r0 uncsia u3 o63opa Intel [130]). Yuurbisas npuseieHtbie
B TabJsuiie 5 BO3MOXKHbBIE BEJIUYUHBI I/, CTAHOBUTCS $ICHO, YTO 3TO YUCJIO
pacCYUTaHO B IPEINOJOKEHNN PabOTHI Ha MaKCHMaJIbHOM, a He Ha 6a30BOit
qacToTe.

W3 nanubix TabiuIbl 7 MOYKHO MPUATH K BBIBOLY, YTO IPU HCIOIH30BAHUA
BEKTODHBIX (6€3 IpUMEHEeHUsI MaTPUYHBIX OJIOKOB) OIlepaluil IUKOBasi
npousBoauTesbHOCTD Ayt FP64, Tpamunmonnas ayis HPC, MOHOTOHHO pacTer
0 Mepe JIaThl HadaJla BBIILYyCKa HOBBIX Mojesieil GPU.
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TabnunA 7. ConocraBieHne BEKTOPHBIX U MaTpuaHbIX (XMX)
MUKOBBIX npousBoguTenbHocTeil Intel PVC u GPU npyrux dpupm s
pa3HbIX HOPMATOB JAHHBIX

IIpoussomnrenmuocty A | pye | A100 | H100-SXM | H100-PCle | MI250X
pas3HbIX POPMATOB

FP64 (TFLOPS)! 52 9,7 33,5 25,6 47,9
FP32 (TFLOPS)? 52 | 19,5 66,9 51,2 47,9
XMX TF32 (TFLOPS) 419 | 156 4947 378 Her
XMX BF16 (TFLOPS) 832 | 312 989,4 756 383
XMX FP16 (TFLOPS) 832 | 312 989,4 756 383
XMX INT8 (TOPS) 1664 | 624 1978,9 1513 383

1 JTannble 6€3 HCIONB30BAHMS MATPHIHBIX OIEPALIIIA (XMX B PVC He nopjepKuBaer
FP64). C npumenenneM T€H30PHBIX s/€p IUKOBas IpousBoauTeasrnocts H100,
A100 u MI250X B nBa pa3sa Bbimte. Janusie Nvidia H100 B3sTsr u3 78], s
A100—u3 [73|; nanusle no PVC—u3 [130,138].

B samauax UM nopmasen popmar FP32, u moxuo ucnonszosars FP16/BF16
B TOM umcie Ha XMX (eMm. Teker Bbime B obcyxkaernn dopmynst (1) ). Oneparus
U3BJIEUeHNsT KBaIPATHOroO KopHst B (hopmare FP32, cormacuo [69], naer B XVE
YeThIpe Pe3yJsIbTaTa 3a TaKT.

st rpacdumaeckux mporeccopos Intel mabiomaioTest He 0YeHb HUBKHUE
qacrorsl, Hanpumep y Arc Alchemist GeiBator u Gosbine 2 I'T'ry [137]. Panee
B [129] ykasbiBasoch Ha OXKUJ@HUE TIMKOBOI IpoussoguTenbrocTn FP32 He
menee 45 TFLOPS— 310, ckopee ckopee Bcero, 03HadaeT, 4To 0 CPABHEHUIO
€ IpONUIOrofHUM poToTHIIoM B PVC TakToByIo wacrory Intel peanbno ymanzocs
[TOJIHSTh.

Ho mamo numers B Buiy, 9T0 moTpebiseMast Ipu STOM MOITHOCTH PACTET
MIPONIOPIIMOHAJIBHO YACTOTE, & YBEJUIEHUE YACTOTHI JJIsl TO/IEePKAHNsT pAbOTO-
CITOCOOHOCTH MUKPOCXEMbBI 9aCTO TPeOyeT ellle U YBeJINICHUs] HAIPS KEHNUsT,
KBaJIpaTy KOTOPOr'0 NPOIOPIMOHAJBbHA 3Ta MOIMHOCTL. TDP y paccMarpuBaeMoi
momesim PVC cocrasaster 600 BT, m mpeamosraraeT »KUIKOCTHOE OXJIAXKIE-
Hue [129] (cm. Takxke cpaBHenust Mozeseii Data Center GPU Max B rabimre 5).
B [129] yka3biBaercsa u Ha APYTyI0 MOeb PVC ¢ BOBMOXKHBIM BO3JLY IITHBIM
oxaaxkaenneM u TDP 450 Bt —sTo coorBercTByeT Momenu Data Center GPU
Max 1350.

Ouxnako B cepenune 2023 roma Intel 06bsiBuIa 0 IPeKpaIeHNN IIPOU3BOI-
crBa Mozesaun Max 1350 B ¢BsA3H ¢ co3manneM MOAMMUIIMPOBAHHOTO BAPUAHTA
Max 1550 ¢ BO3IymIHBIM OXJIAXK/IEHHEM, U O ILIAHAX IIPOM3BOIACTBA HOBOMN
Mmozesnn Max 1450 [139].

Tabsmna 8 maer comnocrasiienue PVC (no YMOJIYaHUIO UMEeTCd B BUJLY
€JIMHCTBEHHAs [I0CTaBJisdeMasi B MOMEHT Hanucanusi o63opa Mozensb 1550)
C IPYTUME paccMaTpuBaeMbiMu B 0030pe GPU 1o ApyruM BaKHEHIITIM, B TOM
qucJie JJIsl IPOU3BOUTEILHOCTH, ITIOKA3aTeIISIM.
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Tabssmmya 8. ComocraBieHne anmapaTHBIX TokasaTreseir PVC
C ApYTUMH COBpeMeHHbIMU GPU

ITokazarenu PVC H100 A100-sXM4-40GB MI250X
Intel 7 (7 um)

Texuonorus + TSMC N5 T?é\/[HCM;’LN TSMC N7 (7 um) ’(I(;SII;;[/IC)I
+ TSMC N7

TIMKOCTS MAMSTH, 128 80 40 128

aiiT

Tun namsaTu HBM2E HBM3 HBM2 HBM2E

Ilupuna bt 8192 5120 5120 8192

maMsATH, OUT

IIponyckuas

criocobHocTb, TB/c 3.3 3,0 1,6 3,2

Dopm-daxrrop 0AM SXM SXM 0AM

TDP, Bt 600 700 400 560

BenesicrBue BBICOKO BHIMMCIUTEIBHON POM3BOJAUTENHLHOCTH COBPEMEHHBIX
GPU peasbHO JTOCTHTaeMast TPOU3BOAUTENBHOCTD IPH paboTe ¢ HUMHU IaCTO
JIMMUTHPYETCST MPOITYCKHOMN CIIOCOGHOCTHIO TTAMSITH, 9TO OBIBAJIO W PaHbIIe (CM.,
HanpuMmep, [140]), u Teneps uacto GeiBaer (cMm., Hanpumep, [141,142]).

Ob6cyxkienne nepapxuu namsatu PVC ciejyer Hadarh ¢ (aiijia perucTpos,
KoTopbiii nmeer emkocth 64 MB (no 512 KB na kaxzoe X¢-a1po) u obecie-
YMBAeT MPOIMyCKHYTo crocobroets 419 TB /¢ [120]. Kom L1 Tpaaunumonto
pasJiegercs Ha K3II KOMaHJI M K3MI JaHHbIX, KOTOPbIA nmeer emkocTh 512 KB
Ha a1po [129,143|. B PVC ectsb eme SLM (Shared Local Memory), ¢ cymmapsoit
emkocTbio 8 MB Ha Bech PVC [69]—cMm. pucyHOK 4.

Multi-Tile Architecture

3

0 HBM PHY HBM PHY PCIGen5
L3 Cache
Compute Compute Compute Compute
Tile Tile Tile Tile

RAMBO RAMBO RAMBO  RAMBO

(8INZ-00) B1LL 0} B1LL

Compute Compute Compute Compute
Tile Tile Tile Tile

Xe Link PHY HBM PHY HBM PHY

PucvHOK 4. Wepapxust namsitu B PVC (pucyrok u3 [129))

Kazxnast BpraucanTenphas mmrka nveer 4 Moaiir L1 [129], scero 64 MB
Ha PVC, ¢ uponyckuoit ciiocobuocrsio 105 TB /¢ [120]. Ksm L2 emkocTbio
408 MB (mo 204 MB na kaxpiii crek) [143] Ha 6azoBoit wmTke [129] umeer
nporyckayio crocobnocrs 13 TB/c [120]. Hauusie mjis apyrux mogedeit Data
Center GPU Max npuBejeHbl B Tabsuie 9.
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TasnuuA 9. Uepapxus mamsity u MexkcoeuHeHnst Mmomeseir Data
Center GPU Max cepun

Kam L1, EmkocTb
Mogens | MBma' | R0 S | HBM2E | TPORSOIn | e
GPU GPU}/{;é,upo Xe HPC CTeKIZCB HPC, TB/c Xe Link
1110 28/0,5 108 481 1,2 6
1350 48/0,5 216/108 48 2,5 16
1450 64/0,5 408/204 64 Her nanabix
1550 64/0,5 408/204 64 3,3 [ 16

1 B moztesn 1110 Beero 1 crex. Jlannbie Tabuipt B3aTe u3 [69,116] u [119].Monenu

1350 u 1450 moMeveHbl KPACHBIM I[BETOM, TaK KakK OHU HE IIPEJICTABJIEHBI Ha caiiTe
ark.intel.com Ha MomeHT HanucaHusi 0630pa.

Kpowme Toro, B [129] ykazano Ha naiudue B 6a30B0ii IIMTKE TPAIUIUOHHOIO
qtst 06braubIX LI Gydepa GeicTpoit nepeaapecarun TLB (koTopsbrit Toxke
MOXKHO CYMTATh HEKOTOPHIM BUIOM K3mma), u eme SRAM-kama RAMBO — cum.
pucyHok 4. DtoT K31 cocrouT n3 4 6aHKOB eMKocThIO 10 3,75 MB Ha 6GazoBoit
IUTUTKE, COTIEPIKAIeil TaksKe KOMMyTaTop uist kamma [129]. Ho B Texamdeckom
o630pe Intel Data Center GPU Max[130] npo nammuune ksma RAMBO ne
YIIOMUHAETCS.

Cobersenno mamsars HBM2E B PVC o6begumser jgo 128 I'B (8 mamrok)
u paboraer no kanaxy mumpusoit 8192 6ur [120]. Kak ykasano B [69],
npomyckHast ciiocobrocts GTIT (Graphics Technology Interface, coepunsitorero
GPU ¢ OCTaJIbHO 9aCThi0 BBIYHCIUTENBHON CHCTEMBI) y OJHOTO cTeKa PVC
cocrapyser 1024 6aiiT/TakT JIsi YTEHUS WM 3AIUCH, 9TO JJIsI JBYXCTEKOBOTO
PVC ¢ makcumasbHol gacroroit 1,6 TT (s mogenn 1550) maer npomycKHyO
cocobuocts 0k0J10 3,3 TB /¢ (em. Tabmumy 5). Tlokazarenmu 3ol namsTu st
apyrux mozeseit Data Center GPU Max Takyke MpUBEIEHBI B 9TOI TAOIHUIIE.

Xorst KazKIplit U3 JByX CBsi3aHHBIX depe3 naTepdeiic EMIB (co ckopocTbio
110 230 I'B/c B 060MX HAIIpaBJEHUsIX) CTEKOB UMeET «CBOfi» K3l L2 u «CcBOO»
namsite HBM2E emkoctsio 64 I'B [130], 128 I'bB HBM2E sBisitorest obrmeit
HaMsTbio Bcero PVC (KOTOPBIil MOXKET OBbITh BUJIEH IIPOrPAMMUCTAM KaK OMH
GPU), u KaxKplii cTek uMeeT IpsMoit joctyn K namsarn HBM2E npyroro creka.

[Ipex e wem paccMOTpETh MACIITAOUPOBAHNE BBIYUCIATEILHBIX PECYPCOB
¢ omorpio umeroruxes B Data Center GPU Max ammapartubix cpeacers X¢ Link,
006eCTIeunBAaOIIX KOTEPEHTHOE MeyKCoeInHenne Mexkry GPU B cepsepe [130],
HEeOOXOJMMO yKa3aTh Ha OTJINYHUsl pa3HbIX Mopeseit GPU aToii cepuun (CM.
rabsmipt 5, 9). Kpome crapieit mogesun Max 1550, umerorca emie JaHHbe
o mozessx Max 1450, 1350 u 1100 (kaxk ormedueno Bbiiie, Mojesnb 1350 Intel
IPOU3BOAUTE GoJiee He TTAHUPYET).

Ocobo naTepecHa Oymymas momeab Max 1450, mmerommast To »Ke, ITO U
Max 1550 uucno X®-smep. Max 1110 cocrouT He u3 ABYX, & U3 OIHOTO CTEKA.
Yucny X —gep B pa3HBIX MOJEIAX IIPOIOPITUOHAIBLHA 00Iasd eMKOCTDH
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HBMZ2E u xsmreit L1 u L2: B mogerm Max 1100 cooTBeTCTBYyIONIE €MKOCTH
pasubl 28 u 108 MB. Ecrectsenno, ¢ ymenbienneM ducia X-sjaep B MOJIEIAX
yMeHbInaercs u TDP (cM. jqaHHBIE B Tabuuie 5).

3/1ech MOYKHO IIPOBECTHU AHAJIOTHIO C TpeMsi pa3HbiMu Mogjessimu GPU MI200
or AMD: crapmast mozgens MI250X umeer jBa kpucraiia GCD (Graphics
Compute Die), kaxk u MI250 (y KOTOpoif TPOCTO MEHBIIIEE THUCIIO SIIIED), a
miagias Momesb MI210 umeer Tosibko ofun GCD (cM. HuKe B pasjielie [po
GPU or AMD).

Manaamras momens Max 1100 oTingaeTcst e1e yMEeHbIIEHHBIM TUCTIOM
dbusnueckux nopros X¢ Link (cm. Tabmuiy 9), HO B Hell UCHOIB3YETCA U
owmuHblit or 0AM dhopmdakrop — PCle AIC [116] (add-in card). B PVC,
KOTOPBII MOXKHO OTHECTH K paspsiy cucreM Ha quie (SoC) [114] umeercs
nurepdeiic PCle 5.0 x 16 [130] ¢ npomyckHoil crocoGHOCTBIO 0KOJIO 63
I'B/c [69]; Bo Beex mozensax Data Center GPU Max PCle 5.0 ucnonb3syercs st
cBsa3u GPU ¢ xoctom [116].

[Lnmurka X°-Link nomuep:xuaer B PVC 8 kanasos X® Link u kommyTarop,
¢ obecrieueHreM HPSMOI CBA3U KayKJOM0 KaHAJA C KayKIbIM (CM. pHCY-
HOK 5) [143]. B nByx crekax mmeercsi coorBercTBenHO 16 Kananos X© Link [69].

G

8x System Compute Rates

Vector Matrix

.
8x (262144
[F32 Ops/CLK.
Jpoto
8x 524,288
BF16 Ops/CLK
Upto
8x 1,048,57¢
Ops/CLK.

PucvHOK 5. Mezxkcoenunenue mexty PVC (pucyHok u3 [146])

B [130] yka3aHO Ha NPOIYCKHYIO CHOCOOHOCTH Kaxk1oro Kanama X© Link 26,5
I'B/c B xaxuom Hanpasienuu. X¢ Link npennasunaden njs obecnedenust
KOTePEHTHOH ¢Bsi3u Mexk Iy crekamMu X¢ HPC. 9TO COOTBETCTBEHHO BKJIIOYAET
KaK BHYTPEHHIOIO CB#A3b BHYTpHu PVC (0AM), Tak u MexXK/ly HecKojbKumu PVC
(0AM) [130]. D10 ucnoIB3yeMoe JIJIst CBSI3M MeK/ly HeCKOJabKuMU GPU B cepBepe
MEXKCOeMHEHNE T103B0JIseT 3 MEKTUBHO PabOTATh B PEXKUME eIMHON 0bITeit
namaru SYCL (Unified Shared Memory, USM) [69].

BaxkHbIM 1IpejicTaBIISeTCs TO, KaK JIOTHYECKU BBITJIAST JJIsi [T0JIb30BATE]Is
mozesim Max 1550 u Max 1450. Eciu yyecTs yKa3aHHYIO BBIIIE IPOIIYCKHYIO
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criocobnocTs X Link, To mporrycKHas ClIOCOOHOCTD CBA3U MEXKJIY JIBYMsI
CTeKaMU ropa3i0 HUXKE IIPOILYCKHOI CIIOCOOHOCTU IMaMSATH HA OJTHOM CTEKE.
B noxoxkux B 9T7oM miaane AMD MI250X/MI250 nmosromy Kaxkasiit GCD Tam
JIOTMYECKH BBINJIAUT Kak onuH GPU. B [144] ykaszaHo, 9TO MOJIB30BATENN
paccmaTpuBaioT ABe minTKu PVC Kak jiBa mporeccopa. OHAKO B PYKOBOJICTBE
Intel no onrumuzamuu oneAPI na GPU [145] ykasano, 4To 1mepexoy oT
[IPUMEHEHUsT OJTHOTO CTeKa K JBYM TpedyeT MPOCTO U3MEHEHUsI IepeMEeHHO
okpyxennus, T.e. Max 1550 maeT Bo3MOXKHOCTH BbIOOpa MeKIy paboToil ¢ HUM
B dopMe JABYX PA3HBIX WM OIHOTO obmrero GPU.

PVC odunmaabHO CTaJI MOCTABIATHCA Intel yke Bo BpeMst HaMCAHUSA
0030pa, 1 MHOTHE JeTaJu U Ha AllllapaTHOM yPOBHE OBbLIM MTOKA HEJIOCTYITHBI,
HAIPUMED, BEJIUIMHBI 33JI€PKEK, YTO BaXKHO B TOM UHCJIe JIJIsI CBs3eil yepe3 X°©
Link, B Tom umcie mexay crekamu PVC.

B [130] yxasbiBaercs Ha 2 BUia IOJIepKUBaeMbix Intel pemennii mys
MaCIITAOMPOBAHUS BBIYACIUTEIHHBIX CUCTEM 38 CUET POCTa YUCIa CTEKOB X°
HPC: macmrabuposanue sayTpu (scale-up)— suyrpu multi-GPU cepsepos,
n MacmrabupoBaHue BOBHe (scale-out), KOTOpoe OTHOCHUTCSI K KJIacTepy,
cozepzkainemy y3ibl ¢ GPU. Boiie roBopmiocs (hakTHIecKn 0 MaCIITAOMPOBAHUT
scale-up.

B scale-out pemnrernu MoxKHO MacCITITaOUPOBATHCH JI0 KJIACTEPA, COIEP-
Karero MakcuMyM 10 64 0AM, BzammocBsizaHHbIX yepe3 X¢ Link Glueless.
JanbHeiiee MacoTabupoBanue ¢ npuMeHerneM eme u Infiniband nossosisier
HOCTPOUTH CUCTEMY, UMEIONyo 10 512 0AM, cBa3aHHBIX MexkcoeaunenueM [130].
«BeckiieeBble» MeKCOeIMHEHUs (TaM HeT IPOMEKYTOYHBIX MUKPOCXEM )
M3BECTHBI BEChMa JIABHO, OHU JIAIOT OYeHb HU3KHe 3a7epXKKu [147].

CrhavaJra mpeJrosiaraeTcsl NCIoJIb30BaTh Koudurypanuio Tuscany, B KOTO-
poii obmas mraTa ¢ YeTuIpbMsa 0AM MOXKET MOICOeTMHATHCS K CYIIECTBYIOMEMY
cepsepy uepe3 PCle 5.0. Boamoxkusr Bapuantsl ¢ Data Center GPU Max ¢ TDP
450 wim 600 BT, ¢ BO3AYIIHBIM MK YKUJIKOCTHBIM oxJiaxaeHueM [130]. C
YUeTOM JIAHHBIX TAOJIUIBI 5 OYEBHUIHO, paHee NMeNINCh B Buay mojenn GPU Max
1350 u 1550 coOTBETCTBEHHO.

WcnonszoBars PVC MCXOIHO MIPEIIIOIAraIoCh B JIBYXCOKETHBIX CepBepax
¢ noseivu 1T Xeon Sapphire Rapids (reneps nmenyembivu Xeon Max: umerno
OHU TIPUMEHSUINCH B JaHHBIX Intel o npousBomuTensHOCTH cepBepos [116]).
IIpenmaraemsre Intel B macTosiee Bpemst Xeon Max obecreanBaioT padboTy
¢ DDR5 u HBM2E (cwm., nanpumep, [148]). Ucnosnb3osanue HBM B sux L
MOZKET CHJILHO YBEJIMUUTH IPOU3BOJUTENBHOCTD, 9TO BBIIIO MOKa3aHo B [149].

B cynepkomibrorepe Aurora BEIYHC/IUTEIBHBIE Y3JIbI SIBJISIFOTCS JIBYXIIPO-
neccopubiMu cepsepamu (¢ LI Xeon Max 9480), conepzkarumu erie 1o 6
PVC [47]. Kpome cozmaBaeMoro cynepkoMubiorepa Aurora, PVC mianupyercs
MIPUMEHATH M Ha eBPOIEHCKOM 9K3aMacCIITabOHOM CyIIePKOMIIBIOTEDE C IIPOIEC-
copamu SiPearl Rhea [150]|. Be3ycioBHO, 9TO yCHINBAET MOTEHINAIbHBIE
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no3unuu PVC Ha PHIHKeE, HO BaykKHee OyIeT YIUTHIBATH PEAJIBHOCTH JOCTUraeMOit
Ha IPUJIOZKEHUX TPOU3BO/INTEILHOCTH, IIepeHoca Ha PVC mporpaMMHOTO
obecrievenust u croumoctHbie okazaresn. Data Center GPU Max, ecrecTBeHHO,
[IPEIIOJIATaeTCs IPUMEHSITh He TOJIBKO Ha CYyHEePKOMIIbIOTEpax, HO U Ha YPOBHE
MaJIEHBbKHUX KJIACTEPOB U OTJIEJIbHBIX cepBEPOB ¢ GPU— 0 Takmx cepBepax
y2Ke 00bSIBUIN 3HAMEHUThIE Tpou3BoanTein, B ToM [aucie Dell, Lenovo u
Supermicro.

3.2. MNMporpammHbie cpeacTBa U NEpBble CTAPTOBbIE AaHHbIE
o npoussogurtensHoctu PVC

Yro KacaeTcss TPOrpaMMHOrO 0DeCIIe eHus, TO UMEIOasICs IyOImKa-
uus [120] ¢ yuerom u paboT [yist CO3JaBaEMOro CylnepKoMibioTepa Aurora
Apronuckoii HarmorabHOM na6oparopuu CIITA [67,151,152] cBujerenscryer
00 yckopernnowm JjBmxkenun Intel B cropony smann crangapra SYCL or Khronos
Group [153], pactupennbiv Intel B Buyie DPC++ (Data Parallel C++) [154].
AXTyabHOCTH 9TOIO HAIIPABJIEHUsI OYEBHUJIHA, TIOCKOJIBKY DPC++ OpHEHTHPOBAH
Ha PabOTy ¢ Pa3HBIMU AKCEJEPATOPAMHE, YTO JaeT HePEHOCHMOCTb B TOM UHUCJIE
u mMexky pasabivu GPU. Kommmisitop DPC++ ot Intel (on siBiisiercst Kommepye-
ckuM [154]) BxoauT B 0binue nporpamMHble cpejcrsa Intel oneAPT [155],
KOTOpbIe MOTYT paboraTh u Ha mporeccopax, u Ha [IJIMC-yckopurensx Intel,
9TO JIAeT Pa3pabOTINKAM BO3MOYKHOCTD CO3/IaBaTh B OIPE/ICIEHHON CTeleHn
eIMHbIA KoJ mporpaMM. Intel akTusHO paspabarbiBaer HoBble Bepcun oneAPI—
Tak, cefiqac yxe mocrynna oneAPI 2023 [155].

ITaker oneAPI Bkaouaer mmpokuii HaOOP CPEHACTB — KOMIIMJIATOPHI,
OTJIAIINKHY, TIPOMDUINPOBIIUKY, OUOJINOTEKH U CIENUaJIN3UPOBAHHbIE CPEJICTBA
quist paborel ¢ M. Komnuisarop oneAPI DPC++/ C++ naer BO3MOXKHOCTD
pabotet u ¢ GPU or Nvidia mw AMD [156|. st 3a1a9 ONTUMHA3AIAN TIPA
patotre ¢ oneAPT Intel nogrorosuia crenmanbHoe pyKoBocTBo [69]. Bosbimm
IIPEUMYIIECTBOM caMoro DPC++ ciieyeT CIuTaTh HAJIUINE KOMIIHISITODA
€ OTKPBITBIM HCXOHBIM KojoM™ [157].

B [158] myis V100 sa recre STREAM (triad) gocrureyTasi IporycKHast
CIo0COOHOCTD B BapuaHTe ¢ DPC++ Obl1a 6JM3Ka K MOy IeHHON ¢ NCIIOTH30BAHNEM
OpenCL u CUDA, a npumenenne SGEMM u3 6ubmuorekun oneMKL mano 66%
OT TIUKOBOW MPOU3BOAUTENHHOCTH. OUeBH/TIHO, UTO 3TU PE3YJILTATHl MOTYT OBITH
yJIy4IleHbl IpU pabore ¢ HOBbIMU Bepcustmu oneAPT.

TTockosbky oneAPI siBiisieTcst OTKPBITONM OCHOBaHHOM Ha CTAHIapTaX
YHUGDUIMPOBAHHON MOJIEJIBIO TIpOrpaMMupoBatust [159], opueHTHpOBaHHOM
Ha pabOTy U C TPOIECCOPAMHU, U C AKCEJIEPATOPAMHI PA3HOTO TUIA U PA3HBIX
dbupm [156], ¢ yaerom npexpamierns mononoauu GPU ot Nvidia u nepexona
Ha npuMeHerre GPU pa3HbIX (GUPM 3TO OHO3HAYHO mnepcuekTuBHO. Ho sicHO,
9TO B HAIPABJIEHUN YHUMDUKAIINUA MOTYT PA3BUBATHCS MPEJJIOKEHIS PA3HDBIX
dbupwm (manpumep, nporpammisie cpeictsa HIP or AMD yike opHeHTHPOBAHBI
He ToabKO Ha GPU AMD), u B 9T0i1 aKTUBHO pa3BUBaEMOli 06IACTU CIIOXKHO
MIpe/ICKa3aTh, UTO CTAHET HAmbOJIee BOCTPEOOBAHHBIM.
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Intel, ecrecTBenHO, MO3a00THIACH U 00 AKTyaJbHON 3a/1ade BO3MOXKHOTO
nepenoca koja ¢ GPU Nvidia wa PVC, u B oneAPI npeocrasiisier u cpeicrsa
DPC++ Compatibility Tool (4acro ucmosnssyemoe coxpaienue—DPCT), KoTopble
aBroMarudecku nepesoadaT koja CUDA na DPC++. Ilo mamubiM [160], TaKOM
aBTOMATHYCCKUIT IIepeHoC, KaK IpaBmiIo, geaaeT 31o mia 90-95% xoma CUDA, a
TTOJTHOE 3aBEPINeHre TepeHoca BCero Koma Tpedbyer pyuHoit paborsl. Hackoapko
apdekTuBHO BCce 310 Oyjer paborarb Ha GPU ¢ TOUYKM 3peHUs IIPOU3BOIUTE b
HOCTH, JIAHHBIX 1I0Ka, €CTECTBEHHO, NpakTudecku Her. B [154] nposeaeno
[IpeIBAPUTEIHLHOE MCCJIEOBAHNE, HO OHO HE OTHOCHUTCS K PACCMAaTPUBAEMBIM
B 0030pe GPU, u HesICHO, HACKOJIBKO 9TO aKTyaJbHO Jis 3a7a4d HPC. B [161]
u3 onbita nepenoca SGEMM wu3 6ubmoreku MAGMA cyiestan BBIBOJ, 9TO
DPCT MOXKHO yCIEIIHO HCIIOJIb30BaTh JJid HAYaJIbHOI'O IlepeHoca Kojga CUDA
wa DPC++, oqHaKo 371€Ch UCIOJIB30BaHbI PE3YJIBTATHI i TPaUIeCKUX
[IPOIIECCOPOB, HE OTHOCSIIUXCS K YUCIY PACCMaTPUBAEMBIX B 0030pe.

B kagecTBe mpumMepoB paboT 1Mo mepeHoCy UCHoIb3yomux GPU mputoykeHuit
Ha DPC++ cireyer ykazaTh nepenoc Ha DPC++ HeCKOJIbKUX M3BECTHBIX MPUIIO-
JKeHuit MostekysipHoit auaamuki — NAMD [162], GROMACS (nepeneceHHbL
ua SYCL, ¢ ucnonb3osanneM koMmuuiaaropa DPC++ [163,164]); LAMMPS Toxe
MoxeT paborarh Ha PVC—Ho Giaromapst npumenenuto cpejicts Kokkos. /lanubre
00 aHAJIOTUYHBIX [TEPEHOCAX MPUJIOKEHUI U3 JIPyrux obJacTeil mMerTcs
B [154]. B [165] paccmorpens! Bonpocst ucnosb3osanus SYCL Ha anmapaTHbix
cpeacrBax Nvidia u AMD 6usaromapst npumenennio hipSYCL ¢ pasabimu
6ak-sngamu (renepnb hipSYCL u openSYCL umenyiores AdaptiveCpp™).

3ajiaun nepenoca mporpaMMHbBIX Ko7oB ¢ CUDA na oneAPI paccmarpusasuch
yiKe B psijie cTaTel, MOCKOJIbKY cpejictBa oneAPI mpuMeHnnMbl K pa3HbiM
rpaduyueckuM mporneccopam, nosieummmcst 1 1o PVC. Tak, B [166] s 3axau
gucaentoro unrerpuposanus neperoc ¢ CUDA (¢ V100) ua oneAPI norpeGosas
CIIEIMAJIbHON PYYHON ONTUMU3AIINH, IPEXKJEe YeM IIPOU3BOIUTEIHHOCTD
¢ oneAPI crasa HecwibHO HuXKe, 4eM ¢ CUDA. B [167] npu nepenoce koja
st CFD ¢ HecTpykTypupoBanHoii cetkoit Ha SYCL g A100 u V100 66t
ucrtiosib3oBal hipSYCL, HO cliesial BBIBOJI, 9TO JJIst JOCTHXKEHUsST MaKCUMAJIbHOM
onruMu3saluu mno-upexkuemy CUDA syurte. lurst sroit ke obsactu CFD
B [168] ObwL1 1mosiydeH aHAJOIMYHBI pe3ysbrar. B arux paborax orMedeHo,
qro Gosiee xoporue pesyabrarbl Jjisi DPC++/SYCL MoryT mosydaTrbest
B JIAJIbHEHIIEM 110 Mepe POCTa KadecTBa ONTUMU3AINN KOMITUISITOPAMH.
B nokuagzie Ha cynepkommbioTepHoii kKordepenmuu B NASA o nmepenocy
¢ CUDA ua oneAPI nporpammuoro komiuiekca FUN3D (mst CFD, ¢ pentennem
ypasrenuii Habe-Crokca) [169] 110 cyTy Takke yKasaHO Ha 11€JeCO00Pa3HOCTh
PYUHOI ONTUMHU3ANNN KOJA HA KOHKPETHYIO apXUTEKTYPY.

Crenyer yka3aTh u Ha ompejiefeHnblit Herocratok oneAPI,) cBszannbrit
HUCKJIFOUNTEILHO ¢ OasupoBanueM Ha C++, IMOCKOJIBKY 9TO HE IIOMOTaeT
KOJIaM, MCXOHO HUCHOJIB3YIomuM coBpeMennbiit Fortran. [ns CUDA umeercs
anasior— CUDA Fortran [170]. IIpu aToMm K coBpemeHHOMY s3bIKy Fortran
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u 1ipu pabore Ha GPU cTaju OTHOCUTH BEPCHUU CTAHIAPTa C MO/JIEPIKKOMN
00bEKTHO-OPHEHTUPOBAHHBIX cpecTB [171]. B cospemenubix Bepcusx OpenMP,
pealn30BaHHBIX U B KOMIMIsiTopax Fortran [172], nMerorcst momxo/siie
cpencTBa Mt paboThl ¢ GPU. Ho yKa3aHHBIN BBIIE HETOCTATOK CBI3aH
C 3aJIepKKaMU pa3pabOTOK BO3MOXKHBIX HOBBIX PACIITUPEHUN COBPEMEHHBIX
craumapros Fortran co cpemcrBamu 1151 3 deKTUBHOM paboThl ¢ GPU.

Bonee nonpobuniii anamms oneAPI or Intel 3mech menenecoobpasen BBUILY
KpaiiHe MaJioro KOJIMYeCTBa HAYIHBIX IIyOJIUKAIN, JEMOHCTPUPYOIIUX
IPOU3BOAUTENBHOCTh PVC 110 CpaBHEHUIO C JIPYyIuMHU cOBpeMeHHbIMU GPU,
BKJIIOYasl CPABHEHUs C pabOTON ¢ APYTUMU IPOrPAMMHBIMU CPEJICTBAME —
Harpumep, CUDA. Intel jobuirack MHOTOro B mepByio odepesib ¢ oneAPI,
ITOCKOJIBKY 3THU CPEJICTBA, BKIOYast DPC++, CTajan NPUMEHSITHCS U HA JPYTUX
rpadpudeckux mnporeccopax Intel — Hanpumep, B pabore ¢ u3BeCTHON 6UO-
smorekoii Ginkgo [173]. Kpome Toro, yxe peasusyercs u obydenue DPC++
CTYJIEHTOB, U3YJYaONUX TPOrPAMMUPOBAHIE T€TEPOTE€HHBIX BBIUUCTUTEIBHBIX
cucreM [174].

Cpemn eMHMYHBIX TyOJIUKAIUl ¢ TAaHHBIMEU O IIpou3BoguTebHOCTH Data
Center GPU Max ykaxkeMm Ha JBe PabOThI, B KOTOPBIX IIPOU3BOIUTE/ILHOCTD
Mmoztenn Max 1100 6buta conocrasiena ¢ GPU Nvidia u AMD. Crarps [175]
OpUEHTHPOBaHA Ha MOJJIEPXKKY coBpeMeHHBIX Bepcuit OpenMP, mosposstrornux
paborars u Ha GPU. 3uecs na Max 1100 (¢ npumenenuem Intel oneAPI
2023) u Ha A100-40GB (c npumenernem Nvidia NVHPC 23.3) nposeeHs!
pac4eTsl 110 oTHOCcsIEMYycsi K objractu CFD munu-nipuioxkennio LULESH
¢ ucnosibzoBanreM OpenMP-pacrnapasienuBanus, u yrBepxaercs, 4o A100
6bu1 Ha 34% Jsryame, vem Max 1100 (XOTsl BBIMIDBINT B IPOU3BOAUTEIHLHOCTH
y A100 3aBucest oT pazmepa HCIOJIB3yeMOil B pacdeTe 33Ja49i U MEHsJICS OT 15
1o 42%). Oxnako Gosbinast eMmkocThb mamaru Max 1100 mossosmia nposectu
pacuer o LULESH 151 Gosibinieit pasmepHocTtH, rie namsatu Ha A100 He
XBaTAJO.

B [176] uccienosana nepenocumocts SYCL Ha pasHble annapaTrHble
11aThOPMBI U HOJIYYeHbl JAHHBIE O IPOM3BOAUTEIFHOCTH HA PsAle PA3IMIHbIX
UCIIOJIB3YOMuUX pacuapasiennsanue ¢ npuMenenneM SY CL npunoxenuii (B
ocHOBHOM B obustactu CFD), Bmmosussmuxcsa Ha Max 1100 (¢ oneAPI 2023.1),
A100-40GB (c CUDA 11.6) u MI250X (¢ ROCm 5.4.2; 31ech ucmonb3oBa-
JIach TOJIBKO OfHA u3 jByX GCD-uacreil mosiHOro GPU, cM. 06 9TOM HUKe
B pazjeie 5.1.1).

Bee oTobpanHble IPUIOKEHNUS ABJIAIOTCS CBA3AHHBIMU IIAMATHIO (OHA
JIUMUATUPYET UX IPOU3BOAUTEIBHOCTD) U UCIOJIB3YIOT METOJIbI CTPYKTYPH-
POBAHHBIX U HECTPYKTYPHUPOBAaHHBIX ceTOK. Ha Tecte BabelStream triad
nosiyyeHHas B [176] nporyckaas crniocobHOCTh amsTi cocrasuia 1310 I'B/c
mast A100, 1290 I'B/c aga MI250X u 803 I'B/c miia Max 1100.

B sTux npumioykeHusIX MpUMEHsIIINCh BBICOKOYPOBHEBBIE CIENUATN3UPOBAH-
HbIe JJI TAKUX METOJIOB CPEJICTBA PAClapaJlIeINBAHNs, KOTOPbIE T€HEPUPYIOT
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pasuble 6ojiee HU3KME KOJIbI paciapasuiejuBanus, B Tom uucie SYCL. B [176]
Ha KaxKI0M GPU it KarKJI0ro IMPUJIOXKeHUsT ObLIN UCIIOJIb30BAHBI PAa3HbIE
BapUAHTHI PACHAPAJIIEINBAHNA. B ONTUMAIBHBIX [JIsI IPOU3BOAUTEIEHOCTH
A100 BapuanTax 31oT GPU BO BCeX NPUJIOKEHUSX OBLI 3aMETHO OBICTPEe, YeM
Max 1100 Bo Bcex BapmanTax. [Ipyn aHAIOrHIHOM COMOCTABJIEHUH TPOU3BO/IN-
reaprocTr Max 1100 ¢ MI250X B omaux ciryudasx 6eictpee 6611 Max 1100,
B apyrux— MI250X.

Paccmorpennas fasee nadopMaliis 0 Ipou3BoauTebHOCTH PVC OTHOCHTCS
yke K Mogesu Max 1550. B nokmaze [120] npusenenst ganubie 06 yCKOpeHUH
B PVC (¢ upumenenuem cpegcts SYCL B DPC++) ornocuresnsao A100
¢ ucnosb3oBanueM CUDA (xors 6buiu npuseenst u ganubie 1yt A100 ¢ SYCL)—
o 8 TecraM IPOM3BOAUTEILHOCTH, U3 KOTOPHIX K TPaJuInOHHON objiactu HPC
Mmoo orrectr SYCL HP Linpack (ouesumuo, peanusanus HPL ¢ npuMeHeHreM
SYCL). 3aech 6bu10 gocturayro yckopenue B 1,5 pasza. Cpeu Apyrux TeCTOB
caMbIM U3BECTHBIM TpejicTaBisiercss Google-tect jia xsmuposanus, hashtable,
B KOTOPOM OBLIO JOCTUTHYTO MaKCHMaJjbHOE ycKopeHue B 2,5 pa3a. B mpyrux
TecTax JOCTUIHYTOe yCKOopeHue 0bL10 B auanasone oT 1,4 no 1,8. IlonsrHo,
9TO BCE ITHU 4YmcJia TpedyroT 6ojiee JeTajpbHOro yrouneHus. VHTepecHo, 94TO
B HEKOTOPBIX 31X Tectax npumenenue SYCL na A100 jgasno mporenTtos Ha 10
60JIbIIIE TTPOU3BOIUTETLHOCTD, YeM rpu pabore ¢ CUDA.

Jpyrue nanHbIe 0 TPOM3BOAUTEIHLHOCTH PVC npuBesieHsl B [116] — 06
yckopenun B 12,8 pa3 pacdyera 1o 3HAMEHUTOMY TPOTPAMMHOMY KOMILJIEK-
cy moutekyasipuoit nuaamukn LAMMPS ma aByxmporieccopaoM cepsepe
¢ Intel Xeon Max 9480 u ¢ mecrrio Data Center GPU Max- oTHOCHTE/IBHO
JBYXIIPOIECCOPHOTO cepBepa ¢ Xeon 8380. YUuTsiBasi, 4TO 3/1€CH UCIIOJIH30-
BaHo 6 GPU, a comocraBiieane mpoBejeHo ¢ Xeon 8380, KOTOpbIE YCTYHAIOT
10 MAKCUMAaJIbHO JOCTUTHYTOU IIPOMU3BOJIUTEIbHOCTH C IIJIABAIONICH 3a114TON
B IIUPOKO pacnpocTpanenubix Tecrax SPEC CPU2017 nporeccopam AMD
EPYC 7763 B BapumanTax speed u rates [177], unrepectee 6bu10 ObI CpaBHEHUE
IPOM3BOIUTEILHOCTH C APYTUMHU COBpeMeHHbIMu GPU.

AxryasbHOil ybMKalueii, Jaoleil peajabHble JaHHbIE O IPOU3BOIUTE b-
nocru Data Center GPU Max 1550 ¢ comocrasyiernuem ornocurensao A100-80GB
sBystercst [178], rae npuBoAATCS HE TOJNBKO JAHHBIE O OCTUTAEMON POU3BOIIN-
TeJIbHOCTH, HO 1 0 mepenoce kozia ¢ CUDA wa SYCL. 3nmeck ¢ ucrnonb3oBanuemMm
dopmara FP32 npoBe/ieHbl BEIMHUCIEHAS MOJIEKYJISIDHBIM JIOKUHIOM (TIPEJIeJIbHO
VIIPOITICHHAST CIIEIMAIN3UPOBAHHAST METOANKA, [IJIT PACUETa OPUEHTAIINN OJIN3KO
PACIIOJIOKEHHBIX MOJIEKYJI, HAIPUMED, JIUTaH/I0B OTHOCUTEIBHO IPOTENHA),
KOTOPBIE YaCTO UCIOJIB3YIOTCS JJIsi KOHCTPYUPOBAHUS JIEKAPCTB.

Jlst aTOr0 OBLT OcyTIecTBIeH mepenoc CUDA-BapuaHTa U3BECTHOM MpOrpaM-
Mbl AutoDock-GPU ua SYCL ¢ npumenenunem cpejicts DPCT ¢ mocJie tyromiei
pyuHoit mopaborkoii. IIpu nepexone oT BbIYmcaeHUil Ha oxHOM creke Max 1550
K pacderaM Ha JBYX CTeKax (IIPOCTO U3MEHss IIePEMEHHYIO OKDYKEHUs )
IPOU3BOMUTELHOCTD PA3HBIX TECTOBBIX PAcYeToB Bospacraya or 6% mo 58%.



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 175

CrouT OTMETUTH, KCTATH, U HAllIeHHOE COOTHOMIeHNE gocTuraeMoil Ha A100
npousBouTeIbHOCTH pacderoB 1o CUDA u SYCL-sepcusim AutoDock. 13 10
poBezieHHbIX pacderoB CUDA-BapuaHT okasadicsa Obictpee (ot 1,24 no 3,64
pasa) B neBsatu, a SYCL-BapuanT 6bL1 ObICTpEE B OIHOM.

Pacuersr no SYCL-Bepcun AutoDock ucnonb3oBanneMm 0060uX CTEKOB
Max 1550 6b11u ObicTpee, uem Ha A100 ¢ CUDA-Bepcueii B 7 u3 10 pacueros
(makcumasbao— B 1,88 pasa Geicrpee); A100 6bu1 ycueninee B 60Jiee KPYIHBIX
pacuerax (¢ GOJIBIIAM YMCJIOM ATOMOB WJIM YHCJIA BPAINAOIMXCs cBsizedt). Ho
Bce jocTturayThie yckopenust Max 1550 ornocurensao A100 6butn MeHbBITIE,
YeM OTHOIIEHUs IMKOBBIX Tpon3BojuresasHocTeii (st FP32) stux GPU. Kak
oTMedeHo B [178], pacuers 3/ech HOCUIIN TIOKA MIPEBAPUTENBHBIN XapaKkTep, 1
B koze AutoDock npemosararorcst yCOBEpIIIEHCTBOBAHUS.

B [179] mosnyveHbl maHHBIE O TOCTHraeMOi MPOU3BOIUTENBHOCTH PVC Tipm
HCIIOJIb30BAHNU CPEJICTB ITAKETHO JuHeiHOI anrebpel u3 oubianorekn ginkgo
JUUIsl ATEPATUBHOTO pemarens ypasaernii Hasbe-Crokca (B IpuioxkeHnn
pererounoit ruapogunamuku PeleLM). Ilpu nepekmioyenun ¢ pexxuma
HUCIOJIb30BaHUs OHOTO cTeka Max 1550 Ha J1Ba cTeKa IMPOU3BOIUTEIHHOCTH
BozpacraeT B 1,5-2 pasa, u 60JIbIINl POCT MPOU3BOAUTEILHOCTH OTHOCUTCS
K 3a/5a9aM OOJIbIell Pa3MEepHOCTH.

B [179] nosydensl TakzKe aHAJIOTHYHBIE JAHHBIE O [IPOU3BOIUTEIHHOCTH
A100-80GB u H100-PClIe. ComocrapiieHue 3TUX pe3y/ibTaTOB IOKA3BIBAET, UTO
Max 1550 ¢ ucroip3oBanueM ojuoro creka oovicrpee H100 B cpemmem B 1,3
pa3a, a Mpu UCIOJHF30BAHUU JBYX CTEKOB— B 2,4 pa3za.

Hamo ormeTuts, 9To 9Ta pabora Tak?Ke HOCUT BO MHOTOM IIPEIBAPUTEIbHBIN
xapakTep. Tak, B Heil yKa3aHa MUKOBas MPOU3BOAUTEIbHOCTE Max 1550,
pasuas 45,8 TFLOPS — menbIne, uem coBpeMenHoe «OQUIUATBLHOEY 3HAYCHIE
52 TFLOPS (BeposTHO, ObL1a J0CTyNnHA 60JIee HU3KAas TAKTOBAs 4aCTOTA).
B pacuerax na A100 u H100 ucrosib3oBans! cpejcrsa CUDA 11.8.0, B To Bpems
kak Ha H100 o6bruno npumensiercs sepcust 12 (Hanpumep, BO BCEX JAHHBIX
Nvidia o npousBogurensnoctu H100 B Tecrax MLPerf ucnonbsyercst Bepcust
12.2, em. pasmen 4.2.5).

Jlaxke 3T HEMHOTUE IIyOJIMKAIMH [TOKA3bIBAIOT BBICOKYIO JIOCTUTAEMYIO
IpOM3BOAUTEILHOCTD PVC. /TaHHBIX 0 MMKOBOI TPOU3BOIUTETLHOCTH HEJIOCTA-
TOYHO JIjIs KAYECTBEHHBIX OIIEHOK PeaJIbHON IMPOM3BOIUTEILHOCTH. BoJtbIast
MUKOBasi TPOU3BOAUTEIbHOCTE Max 1550 1o cpaBHEHHIO C aHAJIOTUIHBIM
nokazaresieM H100 He 00s3aTEIbHO JIA€T IPEUMYIIECTBA B PEAJIBHO JOCTH-
raeMoii IIpou3BOANTEIbHOCTU HpuiioKeHuit. Hy»KHO Takke OTMETHTH, 9TO
[IPUBE/ICHHBIE BBIMIE B Tab/uile 7 MOKA3ATEN THKOBOW IIPOU3BOIUTEIBHOCTH HE
BKJIFOYAIOT JIAHHBIE O MMMKOBOI 1npousBojuTesibHocTu GPU Nvidia u AMD st
FP64 ¢ ucnosp3oBanueM TeH30PHBIX e (C UX [PUMEHEHUEM [I0Ka3aTen
cTapimx Mojieneit Tux GPU Bbimie, cM. Tabauity 20), nockosnbky XMX B PVC
9TOT (POPMAT HE TOAIEPKUBAIOT. SICHO, UTO /I IpaKTHIecKnx ycrmexoB PVC u
cpegers oneAPT/DPCH+ upeacrount npogesnars eme 60bInoii oobeM paboThl,
TPeOYIOIINi OIIPEIEJIEHHOTO BPEMEHH.
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3.3. Pe3iome no Intel PVC

Ci02kHOE B TEXHOJIOTMIECKOM TIJIaHe TPOU3BOACTBO PVC MOXKeT /1aBaTh
He OYeHb BBICOKHH MPOIEHT BBIXOJIA MOJHBIX MUKpocxeM PVC (4To Morio
JaTh U 3aMejieHne mocTtaBok PVC ayist Aurora, KOTOPBI B HIOHBCKOM CIIMCKE
Top500 2023 roma OTCyTCTBYET) U CHOCOOCTBOBATD IIOBBIMIEHUIO CTOUMOCTH.
Dakruueckn o6 3ToM Ke BbickasaHo panee B [180]. Kak Intel Max 1550, tak
un AMD MI250X MOXKHO CYNTATH COCTOSAIIUMU U3 ABYX JormdecKux GPU.
Bozuukaer Bompoc, Kakue COIOCTABIEHNS ITPOBOIUTD — Ha OIWH JIOTUIECKUt
GPU mun Ha noJinblii (dbusnyecknii). Bonpoc cBg3aH u coO CTOMMOCTHBIME
[TOKA3aTeJsIMA, KOTOPbIE MOI'YT CHJIbHO PA3JIUIATHCS.

Ecnu cpasuuts ¢ nesbim AMD MI250X, PVC 110 IMKOBOI ITPOU3BOATE b-
Hoctu HemuOro omepexkaer MI250X Ha OOBIYHBIX BEKTOPHBIX OLEpanusgx (CM.
rabsmiy 7), HO UMeeT u HeMHOro Gojiee Boicokuit TDP. IIpu sTom onepexenue
110 [IUKOBO# Ipou3BoauTe/IbHOCTH HOBBIX GPU oT Intel 1 AMD orHocuTe/IbHO
Nvidia H100 #e o3Hav7aeT omepexkeHne B peasibHON ITPOU3BOAUTEILHOCTH
Ha [IPUJIOXKEHUSIX.

Hemocrarkom PVC myist ompeesleHHbIX TpUIosKennit B obact HPC MOXKHO
cuuTaTh OTCyTCTBHE TOIep)Ku dopmara FP64 B XMX. [Ipu ucnonszoBanuu
reH30pHbIX siep B H100-SXM4 (unu anasnoros B MI250X) s1u GPU cyuiecTBeHHO
onepexkarorT PVC 10 [MKOBOH IIPOU3BOJUTEIBHOCTU C JABORHON TOYHOCTHIO (CM.
rakke Tabsuiy 20 HIKe).

C yuerom toro, aro Nvidia yxke npemraraer cynepunn GH200 Grace
Hopper ¢ unrerpamueit H100 ¢ ARM-uporneccopamu (cMm. pazaen 4.2.3), a
na soicraBke syekTponuku CES (Consumer Electronics Show) B mHauase
2023 roga AMD anoncuposaia GPU MI300 ¢ uarerpuposanusiv LI (B Bue
3D-uurLiera, NpeoIoKeHre 0 roToBHOCTH — Ha 2023 101), ¢ TOYKU 3pEHUst
aBTOpAa, CYIIeCTBEHHO OoJiee mupokoe npumenenue GPU Intel 8 HPC moxkeT
Peam30BaThCs HECKOJIBKO MO32Ke, TIOC/Ie PeaIM3aliy OXKIIAEMbIX YCIIEITHBIX
TeXHOJIOTHIeCKuX nporieccos Intel (ocoberro 18A), KOTOpPBIE HE 0XKUIAKOTCS
B 2023 roay. Ot mianupyemoro panee Ha 2023 10T «BTOPOrO MTOKOJIEHUST»
PVC ¢ komosbim umenem Rialto Bridge [180], comepzkarero 160 saep X€,
Intel HemaBHO OTKa3a/IaCh, TAK YTO CJIE/IyeT OXKUJIaTh CKOPee BBIIYCK GPU
Falcon Shores miu ero nocsenyromuii Bapuant XPU ¢ unrerparmeit GPU u LI
x86 [181]— BeposiTHO, BCE ONPEJIEIISIONIUM SIBJISIETCSL YCIEeX B TEXHOJIOTUH.

Yyrs u He Gojiee akTyaabHbIM (0 cpaBHEHUIO ¢ KOHKypeHuueil Intel ¢
Nvidia 3a gacTb pbiaka GPU— e yuacrByer Takzke AMD) asropy ceiiuac
[IPEJICTABJISIETCST BHEJIpEHUe npu mojyiep:kke Intel mporpammuoro obecrnedenus
muist GPU B nanpassienun SYCL—> DPC++ (u oneAPI), nockosbKy 210 He
TOJIBKO TI03BOJISIET JIAJIBIIE OTONTH OT Y3KOI OPHEHTAINH Ha KOHKPETHbIE
GPU (Nvidia CUDA u orgactu AMD HIP), HO M MOXKET CTaTh KOTJA-TO
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3 deKTUBHBIM 1151 HOBBIX MHOI'OSIZIEPHBIX CEPBEPHBIX IIPOIECCOPOB, YUCJIO
sIJIEP B KOTOPBIX BCe Ipojio/iKaer pactu. Boamoxkuo, npumenenue SYCL moxer
cpa3y cTaThb HauboJlee IPUBJIEKATEIbHBIM JIJIsI MOJEPHU3AINMH HCIOJIb3YIOINX
C-++ npuiioykeHuit, ere He MOPTUPOBAHHBIX Ha, GPU.

OjtHAKO HE CJIe/lyeT U MpeyBenInBaTh BO3MOKHOCTH HOBOTO CTaHIAPTA
SYCL. Tak, nosiiierue B cpencrsax CUDA myist H100 HOBOrO ypOBHSI B HepapXuu
cucTeMbl HUTEl — Kytacrepa 6J0KOB HUTel (cM. pasjen 4.2.5) — He mMeer
anajsioroB B SYCL. Ciemyer Tak:ke uMersb B By BbicKasbiBanus, 910 SYCL
HE peIraeT Beex MpobiieM MePEeHOCUMOCTH ITPOU3BOIUTETLHOCTH, U MOYKET
BO3HHUKATH HEOOXOINMOCTh HMCIIOJIb30BAHUS PA3HBIX AJTOPUTMOB JIJIsT PA3HBIX
ammapaTHBIX cpencTs [176].

4. GPU ot Nvidia: ot A100 go H100

Kak ormeueno Broime, Kk 6a30BbiM GPU 311ech oTHeceHbl Nvidia V100 u
A100, koropbie HaubOJIEE MUPOKO UCIOJIB3YIOTCS B HACTOSAIIEE BPEMsl JIJIsT
obmacreii HPC u M, B Tom umcie B cynepkommbiorepax. [lockonbky V100 cran
noctyten erie B 2017 roay, B 0030pe Ha yPOBHE MUKPOAPXUTEKTYP PEUIb UJET
ToabKo 06 A100; nokazaremu V100 DpUBOASTCS TOILKO B COMIOCTABJIAIONINX
tabsmmax. Kpome Toro, yrmomunaoTcs Hanboiee BaXKHbIE BBIYUCIATEIHHBIE
GJIOKM M THIIBI JIAHHBIX, BriepBble nosieuBimecs B A100 (KOTOpbIx He GBLIO
B V100). IMoapobuas undopmaus 0 Beex yIydIIeHUIX PA3IMIHBIX KOMIOHEHT
mukpoapxurekTypbl A100 orHocuressao V100 umeercs B [73].

Cawmpbrit coBpeMennblil n3 «6a30Bbix» GPU Nvidia, A100, BbimycKaeTcst
yxke ¢ 2020 roga, u 1moapoOHOIO aHAJIN3A €I0 MUKPOAPXUTEKTYPHI 3/1€Ch
He MIPOBOJIUTCSI, CIUTas COOTBETCTBYIOILYI0 NHMOPMAIINIO yKe JOCTATOTHO
xoporio u3Bectuoit. Ho B Mukpoapxurektype H100, ecrecTBeHHO, OU€HL MHOTOE
cosrragiaer ¢ A100, u coorBercrBenHo nocse anajauza A100 6yaer ymobHO
rOBOPUTH B OCHOBHOM 00 ycopepineHcTBopanusix B H100. B coorBercTBUN
€ 9TUM 3JeCh IPUBOAUTCA TOJLKO pucyHok SM or H100 (A100 3aech jmiin
HEMHOI'O OTJIMYAETCA — M HUXKEe OY/eT IIPOCTO YKA3aHO, B YEM OTJINYUS).
AHajioru4HOE OTHOCUTCS ¥ K IIPOrPAMMHOMY O0OeCIiedeHuIo — B 0630pe 0oJIbIine
BHUMAaHWS YIEJSIETC TOMY, 9TO IeJIECO00PA3HO UCIOIB30BaTh Ha GPU HOBOTO
[TOKOJIEHUSI.

Hanubie o jocturaemoit mpoussoauresbHoctrt A100 B mpuioKeHusIX u
TecTax IIPOU3BO/IUTE/IbHOCTH TaK2Ke pacCMaTPUBAIOTCA OTYACTH OTPAHUYEHO, TaK
KaK OCHOBHOI 11eJ1bt0 0630pa 0bL1i GPU HOBOTO TIOKOJIEHHUST, TPOM3BOUTEILHOCTh
KOTOPBIX U PACCMaTPUBAETCA B TOM YHUCJIE CO CDABHEHUEM €€ OTHOCUTEJIbHO

V100 n A100.
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4.1. GPU A100
4.1.1. Muxpoapxutektypa A100

B cospemennbix nokosieHusix LIl pocT mpousBouTeIbHOCTY it HPC
OCYIIECTBJISIETCS B TIEPBYIO OYEPEh 33 CUET IPOrpecca MUKPOAPXUTEKTYPHI, a
He 3a cuer yayurienusi ISA. B coBpemennbix GPU Nvidia nanuble 0 MUKpOapXu-
TEeKType TaKzKe BasKHeHIne, HO JIJIT MAKCUMU3AIINU ITPOU3BOINTEILHOCTH,
0cobeHHO [Ist 337189 UM, 0COOEHHO BasKHBI U HOBbIE VJIYUIIEHMUS / PACIIUPEHNSI
Bcex yposreit APT CUDA u muskoyposreBoro Bapil. Cpejcrsa CUDA MOXKHO
OTHECTU K HU3KOYPOBHEBBIM IIOTOMY, YTO MOKHO paboTaTh Ha 60Jiee BHICOKOM
YPOBHE — HAIIPUMED, UCIIOJIB30BATH TOJBKO T'OTOBbIE (PYHKIINN OHOINOTEK, MIn
pabortarh ¢ aupekTuBamMu. EcTh Oosee Hu3Kwmit o otHomennio K CUDA ypoBeHb,
IJle MCII0JIb3yeTCsl BUpTyasbHas cucrema koMan (ISA) ays GPU Nvidia—
PTX (Parallel Thread Execution) [182], m coorBeTcTBeHHO accembiuep [183],
HO OH, €CTeCTBEHHO, IIPUMEHSETCS IIPU IIPOTPAMMHIPOBAHUY OYEHD PEJTKO.
Crporo roBopsi, u PTX sBJIsIeTCsl TPOMEKYTOUYHBIM YPOBHEM — OH 3aTE€M
Ipeo0pPa30BBIBAECTCH B JBOMIHBIN KO /IjIs KOHKPETHOIN Mozmesan GPU.

Tlox ysryuamnierneM apXuTeKTYPhI B IEPBYIO OY€PEIh B 0030pe MMEEeTCst
B BuIy MuKpoapxuTekTypa. Ho ectsh Oojiee 0OIast apXuTeKTypa — JJisi PA3HBIX
Mojiesieil rpauIecKux MPOIeCcCOPOB B MUKPOAPXUTEKTYPAX COXPAHSIIOTCS €€
Hekue 6a30BbIe 00Ie 0COOEHHOCTH.

B A100 ucrosnbsyercs: apxurektypa Ampere GA100. A100 6511 nepsbiM GPU,
BBIIYIIEHHBIM € Takoil apxurekTypoil —B 2020 romy. 3aTeM MOSBUJINCH B TOM
qucse MeHee BeIaucanTeabHo Momuble Mogesn GA100. B Hux ucrnoab3oBaHo
MeHbIIlee YuCJIO SM, M OHH CO/iep2KaT MeHblIlee UHUCJI0 TeH30PHBIX sJIep, HO
6oJtee BeICOKOTIpON3BoauTebHbIX. HO B oTitmane ot A100 B X TEH30PHBIX
siapax Her noagepxkkn FP64 [184]. Kpome Toro, nocse Beegennanix CIITA
canknnit B orHomennn Kurtas Nvidia crajga mpon3BoanTh He TOIIAIAIOIIIE
oy, ot orpanundenusi GPU A800 ¢ ymenbiienabiME 110 cpaBaenuio ¢ A100
BBIYUCTUTEILHBIMEA BO3MOKHOCTsIMU. Vi opmariust 06 stux GPU mMmeeTcs,
HAIprUMep, B U3BecTHON 6a3e maHHbIX Techpowerup o mpomsBomuMbIX B Mupe
GPU [185] (mosp3oBarhest ero morpeburensam npemiarann B Nvidia). B o63ope
najee paccmarpuBaercs ToJbko A100.

HawuGostee nonubiM nssoxkenneM apxurekTypbl A100 siBisiercst [73],
Ha KOTOPOM M OCHOBAHO TOCJIEIYIONee PACCMOTPEHNE €r0 MUKPOAPXUTEKTYPhI
B JIaHHOM 0030pe. M3moxkeHne B [73] 0T9acTH HHTErPUPOBAHO C paclapaJLie-
nusanueM Ha 6a3e SIMT (¢ ucmosnbpzoanueM CUDA) m3-3a IIyGOKOM CBSA3H
CUDA c ammaparabiMu cpegicrBamu GPU Nvidia. 9To oTHOCHTCST B TOM YHCIIE
K MepapxXuu pas3jnvyHbIX BUJI0B IamdaTu B GPU u CUDA (Ba)KHeI‘/’ImI/IX KOMIIOHEHT
JJTsl PEAJIN3aIN BBICOKO IIPOM3BOUTENBHOCTH), U K NEPAPXUN PASIUIHBIX
ypOBHell o0pa3oBaHus OOIBIINX I'PYIII TaPAJIJIEIbHO BBIIOJIHAEMBIX HUTEH
B CUDA. B Tabsmiie 1 Bce 3TO Tepevnc/ieHo BKPATIE B TEPMUHOJIOTTIECKOM
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mnane. OmHako He Bee ucnosbdyeMbie B CUDA TUIBI TAMSITH UMEIOT OIHO-
3HAYHBIA almapaTHbIil SKBUBAJIEHT, OLIBACT W MHTEIPAIUS UX PA3HBIX THUIIOB
B 00mux annaparibix cpegcrBax A100 (cM. HUXKE B paCCMOTPEHUU HEPAPXUU
namsitu A100). Kpome Toro, [73] orceuiaer uHOrIA K PACCMOTPEHHOMY
B ormmmcanuu Nvidia apxurekTypsr V100.

Basossie nmokazaresn A100 B COOCTABICHUN ¢ AHAJOIMYHBIMA IIOKA3aTe-
gavu V100 u H100 npuBenensr B Tabure 10. B TexHosornteckoM rmiane 3a
cuer 6osee coppemennoit 7Tam Texuosiorun TSMC B A100 mpu npakTudeckn
TOI 7Ke TJIOMAIN KPUCTAJIIA INCI0 TPAH3UCTOPOB BO3POCIO OOJiee TeM BIBOE
o cpaBueruio ¢ V100, a TDP yBeJIm9uiIcst He TaK CHJIBHO.

Tabssmua 10. CorocraBiieHre BaXKHBIX JIjIsl TPAIUIMOHHBIX HPC
nokaszareseir GPU Nvidia V100, A100 SXM u H100 (mauuble us

[73,78,185])
ITokazarenu GPU V100 A100 sxM | H100 PCle | H100 SXM
ApxurekTypa Volta Ampere Hopper Hopper
Texunosorus or TSMC 12 um FFN 7 um N7 4NT 4N
ITnomanes kpucrasiia, MM 815 826 814 814
Yucsno tpansucropos (Mipx) 21,1 54,2 80 80
TDP (Br) 300 400 350 700
Dopm-dakTop SXM2 SXM4 PCle-vH SXM5
Yucmo SM 80 108 114 132
Bekropubix agep FP64 B SM 32 32 64 64
Bekropusbix sigep FP32 B SM 64 64 128 128
Anep INT32 B SM 64 64 64 64
TenzopubIx saep B SM 8 42 4 4
ITosbimennast yacrora, I'T'g 1,53 1,41 1,764 1,984
Emkocts daiina peructpos B SM 256 KB 256 KB 256KB 256KB
BE“S%;OCTB PasIeNAeMOll IaMATH | 11, 96 KB3 | ITo 164 KB3| Jlo 228 KB3| Ilo 228 KB?
Emkocth kama L2 6144 KB 40960 Kb 50 MB 50 MBb
Tun/emkocTs namsaTu, I'6aiT HBM2/16 HBM2E, 40 HBM2E/80% | HBM3/80°

unu 32 niau 80

ITlupuna MUHBI TAMATH, 6UT 4096 5120 5120 5120
Yacrora mamsru, MIn 876 1215 gam 1593 1313
IIponyckHasi criocobHOCTH 1555 nnn
massrrn, TB /¢ 897 2039 2039 1681

! nacrpoennas mas Nvidia,

2 Yuciio MaTpHYHBIX ONEPaliil yMHOMKHTh-H-CIIOKHUTh 33 TaKT B TEH30PHLIX sapax A100

B 4 pa3sa 6oJibie, yem y V100;

3 EmkocTb paszmensemoii mamsita B V100 1 A100 xordurypupyema;
4 nis FP32 u FP64, nj1st MeHbIIeif TOYHOCTH YaCcTOTa HEMHOTO MEHbIIIE;
5 ecTb MozEnB ¢ HBM3 /96 I'B u npyroit gyacroroii GPU.

B rabsmne 10 npuseeHsl JaHHbIE IS ABYX pasHbIX Mozeseir A100
¢ dopm-dakropom SXM, ormaatoruxcs eMkoceTbio aMsitu (40 wim 80 I'B).
Kpowme toro, umerorcs jgse apyrue mogenan A100 ¢ mexcoequnenuem PCle,
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KOTOpBIe Takxke MoryT uMmerh eMkocTh 40 mmm 80 GB. Takoe neckospko orpa-
HudeHHoe TpejicraByenne Mogeseit A100 B manHo# Tabsuie BHIOPAHO 10 JBYM
npuanHaM. Bo-nepBbIxX, 1 y1o6CcTBa YTEHUS U COIOCTABJIEHUS C APYTUMEI
mogesisimu GPU or Nvidia B dpopmare jmanuoil mybsimkanuu. Bo-BTopsix, 006cyx-
JlaeMble B 9TOM MecTe 0030pa IMUKOBbIE IPOU3BOAUTEIbHOCTH (CM. Tabuiy 12
HUKE) PACCUUTHIBAJIUCD JJIsl HOBBIIIEHHBIX TAKTOBBIX 9aCTOT, KOTOPBIE Y BCEX
gerbipex pasubix Mojeseit A100 coBnagaror. Kpome Toro, mo3jnee B pasjede 5,
onmchiBaronieM GPU HoBoro mokosienust o AMD, ¢ KoTopbIME cOIIOCTaBJIEHIE
BCEX TApPaMeTPOB, BKJIOYAsI ITPOU3BOIUTETHHOCTD, IPEJACTABIASICTCS OTHUM
13 HanbOJIee aKTYAJbHBIX B JJAHHOM 0030p€, COOTBETCTBYIOIINE TOKA3ATEIH
pasubix mozesieit A100 upuBeieHbl B yiuo6HOM GoJiee pa3BepHYTOM Bue (CM.
rabumpt 20 u 21).

st craproBoro nonumanus npoussogureabuoctu A100 (aia magaia
[MKOBOIi) €CTeCTBEeHHO 6A3UPOBATHCS Ha MCIOJHUTEIbHBIX OI0Kax SM: muKoBast
npousBoTebHOCTL Becero A100 mpocTo mponoprimoHa baa auciay SM,
KoTopoe ykazaHo B tabsune 10. B mepapxuu or ogsoro SM g0 mossoro A100
uMeeTcs 2 BUJIa KJIaCTePOB: Kiacrepbl o6paborku tekeryp (TPC, Texture
Processing Clusters ), comepzxaimue 110 2 SM, u kjacrepsr GPC, coneprkaiue
o 8 TPC. B apxurekrype Ampere (B8 GA100) monycrumo umers 8 GPC u
coorsercrBenno 128 SM [73]. Cmbica GPC ¢ Touku 3penus GPGPU (ecim
OTBJIEUBCSI OT TEKCTYD) —3T0 rpymmna SM, ¢husnieckn pacmonoKeHHbIX OJIM3KO0
JIPYT K JIPYTY, 9TO JAET JIOKAJBHOCTD HMapaJljIeIbHO 00pabaThIBAEMBIX JTAHHBIX
C JIOCTYIIOM K HUM C 00Jiee BBICOKOIT IIPOILyCKHOI CIIOCOOHOCTBIO U HoJiee
HU3KMMU 3a/IepKKaMi (TaK CKa3aTh, HEKUIl JIOKAJIbHBIA aHasaor PIM).

Ob1ee mocrpoenne SM, U3 MHOXKECTBa, KOTOPBIX CKJIA IBIBAETCS] BHIYMCIIU-
resbaag MomuocTh A100 (1 V100, u H100) sBuano na pucynke 6. Xors 310
pucynok SM u3z H100 [78]), na makpoyposue pucyska oriauaus or H100 y A100
npocmarpuBaiorcs jerko: B A100 mer Tensor Memory Accelerator; emkocThb
D-xama L1 192 KB nporus 256 KB wa H100; u 8 H100 coorBeTCcTBEHHO
HOBasl BepCUsi TEH30pHOTO sijpa. Ho ryiaBHOE — 310 TO, uro B H100 B KaxKmom
u3 4 paznesno SM (4TO 31€Ch UMeeTCd B BUILY 11011 pa3jesoM SM, mousaTHo
u3 pucynka 6) ectb B 2 pa3a Gosbine BeKTOpHbIX yerpoiicrs FP64, FP32 u
INT32. B A100 B kaxkj0M u3 pasjesoB umeercs 110 8 6sokoB FP64, u mo 16
6moxoB FP32 u INT32.

IlockonbKy B SM BBIMIOJTHAIOTCS BAPIbI, COCTOSAIINE U3 32 HUTEH, B KaXK-
JOM paz/iesie UMeeTCs BapI-IUIAHUPOBIUK, JAOMUi 32 HUTH 3a TaKT, U
JIECIIETYED C TOH YK€ «IIPOU3BOJIUTETBHOCTHIO». 3/1€Ch MTPOSIBJISIETCS] TECHOE
nepenyieTenne anmnapaTHbix cpejcts GPU Nvidia u cpescts CUDA. Biiok HuTeit
CUDA (BKﬂquanmHﬁ BaprI) npunucad K ogaomy SM. Yrounenue neficTBuit
BapI-IUIAHKPOBINUKA paccMarpuBaercd He B [73], a B pykosogcrse o CUDA [16],
re yKa3aHo, 9To SM CTaTWdecKu PaCHpeesisieT CBOU BaPIIbl MEXKTy CBOMME
IJIAHUPOBIUKAMI. 3aTe€M KaKJIbIi [IJIAHUPOBIIUK BBIIAET OJ[HY WHCTPYKIMIO
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Tensor Memory Accelerator
256 KB L1 Data Cache / Shared Memory

Tex Tex

PucvyHok 6. O6mee nocrpoenne SM B H100 (pucynok us [78])

JITSL OJTHOTO W3 HA3HAYEHHBIX €My BapIlOB, KOTOPLIIl TOTOB K BBIIOJTHEHUIO, €CJIN
TaKOBOI mMeeTcs. BapI-njIaHUpOBIUK CIIYKUAT JJIsT 00eCIIeYeHns 3arpy3Ku
BBIUUCJINTEIBHBIX YCTPOMCTB pazzesna SM: ecsin Bapm 0:Kujiaet, HAIIPUMED,
3aBepIIIeHUs] ONEPAIHil C TaMATHIO, TO BBITOJHATHCS MOYKET JPYTroil Bap,
a UCIIeTYeP MEPEHAIIPABIIET OTOOPAHHBIE KOMAH/IbI B BHITUCIUTEHHBIE
ycTpoiictsa (JaHHBIE OHU GEPYT M3 PETUCTPOR).
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HeficTBrs Bapm-IIAHUPOBITUKA MOTYT 3aBUCETH OT BEPCHU BBIUUCIUTEb-
HbIX Bo3MoxkHOCTell (Compute Capability), onncanubix B [16] miist pa3HbIx
Mozeseit GPU; ckazaHHOe Bbilie cupasenuso g V100, A100 u H100. 9tu
BO3MOXKHOCTH JIJIsl TAHHBIX MOjieJie mpuBenensl B Tabmume 11 mo manabiv 78]

Tapauna 11. Texuwdeckne XapaKTePUCTHKN BBIYUCIATEIBLHBIX
BosmoxkHocreil (CC) pasubix Bepcuii B 3aBucumoctr ot GPU Nvidia

[TapameTpnt V100 A100 H100
Bepcuss Compute Capability 7.0 8.0 9.0
Hureit 1a 1 Bapn 32
Maxkcumym BaprioB Ha 1 SM 64
Maxcumym 6iokos HuTeit (CTA) ma 1 SM 32
MaxkcumyM 6JI0KOB HUTEH / KiacTepoB 6JI0KOB HUTEH Her 16
MakcuMaiibHOE 9HCI0 32-pa3psaHbIX PETMCTPOB HA HUTH 255
MakcuMaJibHOE 9HCJI0 perucTpoB Ha 1 SM 65536
MaxkcumaabHOE 9HCIIO PerICTPOB Ha GJIOK 65536
MakcumaJibHOE 9HCJI0 HUTEN B OJI0Ke 1024
Pasznensiemas nmamars na 1 SM, KB o 96 | Ho 164 | o 228
Yucno anep FP32 na 1 SM 64 128
Yucmo saaep FP64 na 1 SM 32 64

Kaxprit uz 4 pazmenos SM umeer daiiji perucTpoB, u 8 yCTPOMCTB
3arpy3Ku/COXpaHeHus JIJIsl JOCTYIA K IaMATH. Y KayKI0ro pasjena SM ecTh
coit I-kamr LO (I-ksmr L1 aBnstercs obmmMm st Bcero SM), HO 0GBIMHO
pou3BoAuTeIbHOCTh B HPC 1 U He TpebyeT crenuabHOi OPUEHTAIINN KO/Ia
Ha uXx npuMmenenue. B anamuse npomssomuresnbroctn GPU Nvidia Boobmie gacro
CTapTYIOT ¢ ypoBHs SM, HOCKOJIBKY OHHU cojiep:kaT u obiime Ha Bce 4 pasjeiia
aIllapaTHble KOMIOHEHTHI, B TOM YHCJIE TEKCTYPHYIO MaMdATh 1 obrmit D-Ka1
L1 (SM MOXKHO cYMTATh HEKOTOPHIM AHAJIOIOM IIPOLECCOPHOrO sijpa B LII).

Kaxkapiit SM B A100 1 B V100 umeer 1o 32 Bekropubix CUDA-siapa,
st FP64, uro mo3BoJisier SM BBIIIOJIHATD 110 32 Ollepaliii «yMHOYKHUTh-H-
cJ10KuTh» 33 TakT, 410 Jgaer 64 FLOPS 3a takr (miua FP32—Bce B aBa pasa
6osibiiie). COOTBETCTBEHHO MUKOBAs IIPOU3BOAUTENILHOCTL GPU 1pu pabore
¢ BEKTOPHBIMU siiipamu nojrydaerca ymuoxenuem 64 FLOPS ua aucsio SM (ux
B A100 Gosbine, yem B V100) 1 Ha TAKTOBYIO 9aCTOTY, 9TO U JaeT HoJIee
BBICOKYIO TIpomn3BouTesbHOCTh y A100 (em. tabsumiy 10). Ho ocHoBHOM
IIPOIr'pPecc B MPOU3BOIUTEILHOCTU TEIIEPh OPUEHTUPOBAH B IIEPBYIO OYEPE/Ib
Ha UVl 1 COOTBETCTBEHHO HA IPUMEHEHUE TE€H30PHBIX siJIeP, KOTOPHIE MOTYT
JaBaTh OOJIBIIE PE3YJIbTATOB 33 TAKT, Y€M OOBIYHBbIE BEKTOPHbBIE OJIOKHU — 1
COOTBETCTBEHHO 00JIee BBICOKUE MUKOBbIE TIPOU3BOJAUTEIBHOCTHI /ISl PA3JIAIHBIX
bopMaTOB JAHHBIX.
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Tenzopubie sipa B A100 paborarorT ¢ MATPUIIAMU PASHBIX BO3MOXKHBIX
pPa3sMepoB B 3aBUCUMOCTH OT HCIIOJIb3YeMbIX (DOPMATOB JIAHHBIX (CIIMCOK
BCex BO3MOXKHOCTel mmeercst B [16]). st Tpagunmonsbix HPC HyzKHA
pabora ¢ FP64, uyTo BiiepBble CTAJIO HO/IEPKUBATHCA B TEH30PHBIX fA/IPax
Ha amnmapataom yposae B A100— 06 FP64 31ech u noiiner pedn. Janabre
O MUKOBOI TTPOU3BOIUTEILHOCTH JIJIsl APYTUX (POPMATOB JIAHHBIX, B TEPBYIO
odepeslb aKTyaJbHBIX JJist UU, puBesieHbl B Tabsuie 12.

Tapiuna 12. Tlukosbie npoussogureabaoctu GPU V100, A100,
H100 (TFLOPS, aus nenounciennsix onepanuii — TOPS)

Dopmar garabix | V100 A100 H100 PCle H100 sxM4
FP16 31,4 78 204.9 267.6
FP16! 125 312/624 756/1513 989,4/1978,9
BF16* — 312/624 756/1513 989,4/1978,9
FP32 15,7 19,5 51,2 66,9
TF32! — 156/312 378/756 494,7/989,4
FP64 7,8 9,7 25,6 33,5
FP64! — 19,5 51,2 66,9
INTS! — 624/1248 | 1513/3026 | 1978,9/3957,8

1 3HAYCHUs IIPU UCIIOJIB30BAHUU TEH3OPHBIX A1eP;

Ianusie u3 [73,78,185]. Yepes cis1m npuBeIeHbI IPOU3BOATEIHHOCTH
C IPUMEHEHNEM Pa3Pe’KEHHOCTH, KOIJa OHa JOCTYIIHA.

B A100 muist 4BORHONM TOYHOCTH HOSABUJIACH AIAPATHAS PeaIM3allis
BbrancaeHuit Juisi popmysibl (1), HoBast MATPUYIHAST KOMAHJIA «yMHOXKHUTh-H-
craoxnthby (Double Precision MMA), koTopast 3aMeHsET 8 aHAIOTMIHBIX
komag DFMA B V100 u maer 128 pesynbraros FP64 3a Takt—B 2 pa3sa
Gourbine, wem V100 [73]. Just FP64 B A100 Ha caMOM HU3KOM Bapl-ypOBHE
npumenuMa orrepaiuss WMMA, ¢ Koropoii MO:KHO paboTaTh ¢ MaTPUIIAMEA
pasmMepuocreil 8 X 4 wim 4 X 8 U aKKaMyJIATOPHBIMU MaTpunamu 8 X 8 (T. e.
M =N =8u K =4 na dopmyist (1)) [16]. Kak yxasano B [89], onepanun
WMMA MoryT ocyImecTBIsATbCs HAJL IyTh 0oJiee KPYITHBIMU MATPUIIAMU,
9eM MOJJIEPKUBACTCS ANMAPATYPOil TEH30PHOTO SIIPa, U IIPU BBIIOJTHEHIN
onepariuu WMMA o1HOBpeMEHHO UCIIOJIb3YeTCsI HECKOJBKO TEH30PHBIX SJIEP.

B nocrasnsemom Nvidia A100 umeercst 108 SM 73], Tak 4ro gocTuraemast
MTIKOBasl TPOU3BOAUTEILHOCT paBHa 108 X 128 X v, rie v — TaKToBas YacTOTa.
Orcroza ciefyer, 4o WHGOPMAIUS O MKOBOU IIPOU3BOIUTEILHOCTH, IPUBO/IU-
mag Nvidia [73]| u ucnosnbzoBannas B Tabsmie 12, OTHOCHTCHA K YCKOPEHHOM
(boost) wacrore. IonbzoBareu A100 UMEIOT BO3MOXKHOCTDL YIIPABJIATh
TAKTOBOHN YACTOTOI, UTO MO3BOJISIET peryaupoBaTh TDP u CcTaOUIN3UPOBATD
U3MEPSIEMYIO IIPOU3BOIUTEILHOCTb — TaK, B [186]) a1 ucciaenosanuii g0~
cruraemoit GEMM npousBoauTe IbHOCTH HCIIOJIB30Bajach dyacrora 1005

MTI'm.
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Cospemennbiii npodunuposiuk Nsight Compute [187] ayist A100 dbukcn-
PYeT O yMOJIAHUIO 0A30BYIO0 TAKTOBYIO YACTOTY, UTO JA€T IMOBTOPSEMOCTH
Pe3yJIbTATOB, HO COOTBETCTBEHHO 0OJIee€ HU3KUE IMTUKOBBIE TPOU3BOIUTEIHHOCTH,
qeM yKazaHHble B Tabsmie 12. Ba3oBble 4acToOTHI 3aBUCSAT OT KOHKPETHOM
ucnosb3yemoii mogesu A100 (ux 4 caMbIx BasKHBIX JJIst JAHHOTO 0030pa— Ha HUX
00BIYHO TIPOU3BOUINCH PACUYETHI U BBIMOJIHSIACH TECThHI TPOU3BOAUTETLHOCTH
st HPC u UN), onu orimmgaiorca emkoctbio HBM2E u dopm-dakropom.
B Ttabumre 13 npuBesieHbl BeJINUMHBL UX 0A30BBIX 9acTOT U3 6a3bl JaHHBIX [185].

Kpowme Toro, B pazabix Mozaessx A100 oTindaioTcss U UCHOIb3yeMble
YACTOTHI MIAMSTH U COOTBETCTBEHHO ee IIPOIYyCKHAasl CIIoCOOHOCTh. ToJIbKO jBE
mogesim A100 ¢ emrocThio tamsitu 40 I'B uMmeror oguHakoBble YaCTOTHI, &
[OCKOJIBKY MUpHUHA MUHBL aMsith (5120 6uT) onuHAKOBa ¥ BCEX MOJesiel
A100, To u Teopernyeckas IpoOIycKHas criocobHocTh y Mojeneir A100 ¢ 40 I'b
[AMSITH COBIQIAET (e€ MOKHO MOCYUTATH, YMHOYKHUB IUPUHY IIHHBI HA IACTOTY
naMsitu). B rabuune 13 Takzke npuBeieHbl YACTOTHI MAMIATH PA3HBIX MOJEJIei
A100 (namnbre u3 [185]).

TABMUIIA 13. Bas3oBble TAKTOBbIE YACTOTHI PA3JIMYHBLIX MOJE/IEH
A100 n ux maMsaTH

Mogenb GPU A100 | Baszosas gacrora | Yacrora mamsarn
A100-PCle-40GB 765 MT'1 1215 MTI'g
A100-sxM4-40GB 1095 MI'n 1215 MTI'n,
A100-PClIe-80GB 1065 MI'n, 1512 MI'n,
A100-sxM4-80GB 1275 MI'n, 1593 MI'n

HO BE€pHEMCdA K OIIpeIe/IAI0IUM MaKCUMAJIbHYIO ITMKOBYIO ITPOU3BO-
murenbHOCTh A100 Ten3opHbIM sijpaM. OHHU JarkKe MIPU TAKUX MAJIEHbKUX
aIapaTHO HOJIEPKUBAEMBIX MATPUIAX MUMEIOT eIl BO3MOXKHOCTD y4eTa B HUX
MEJIKO3EPHUCTON Pa3pPeKEHHOCTH, YTO OTHOCUTCS K (hopMaTaM MOHUKEHHOM
otunocuresbHo FP64 TogHocTr U maeT TaM MOBBIIIEHNE TTHKOBOM IIPOM3BOINU-
TesibHOCTH B 2 pasa [94] (cm. Tabuuiy 10). Dra paspexenHocts B V100 He
HOJJIEPKUBAJIACH U OPUEHTHPOBAHA B OCHOBHOM Ha 3aja4u UM (cM. mojpobree
B [73]).

[Tockombky MHOrEM TpmIoKeHusM HPC yMHOXKEHUSI MATPUI] He TPeOyIOTCs
(11es1€CO06PABHOCTD MOJJIEPXKKU €ro AllllapPaATHBIMU CPEJCTBAMU BOOOIIE
jquckyrupyercst [90]), He MeHee BayKHOI 7151 ipou3BouTestbHocTH A100
C JIBOITHOI TOYHOCTBIO SIBJISIETCsI IIUKOBAasi IIPOU3BOINTEIHHOCTH BEKTOPHBIX
CUDA-siziep FP64, He nMeromux OTHOIIEHNS K TeH30PHBIM A1paM (CM. PUCYHOK 6).

B omaom SM umeercst 32 Bekropubix 6s10ka FP64 (coorBercrByIomue Bek-
topuble 0J10kn FP32, KoTophix B KaxkaoM SM B JBa pasa O0JIbIIe, TPAIUIOHHO
nmenyiorcst CUDA-sirpamu) [73]. Juist Becex 108 SM 9T0O 1aeT COOTBETCTBEHHO
6912 pesysbraTos 3a TakT (GJarogapst IPUMEHEHUI0 KOMAH Bl «YMHOKATh-1-
CJIOZKUTB> ), UTO TIOCJIE YMHOXKEHUsI HA YCKOPEHHYI0 TAKTOBYIO YACTOTY U JIAET
nukoByto npousBoauresbHocTs A100 B 9,7 TFLOPS 1t gBoiiHO#M ToYHOCTH —
6e3 IIpUMeHeHHs] TeH30PHBIX Ajep (cM. Tabmuiy 10).
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Kpowme Toro, B kaxkgom SM umeercst 4 6sioka SU, YCKOPATIOIINX pacdeT
TPAHCIEHIEHTHBIX DYHKIHI. ITO MOXKET OBITh MPAKTUIECKN BAXKHBIM IIJIs
caMbIX Pa3HbBIX IpuiokeHuii, oguako SFU 6bin qoctymabl B GPU Nvidia
nmasHo, eme mo V100, Ho Tonbko musa dbopmara FP32 (monpotuee cm. [188]).

[TockobKy mocTuraemMasi mpou3BoguTebHOCTH GPU Tak 9acTo 3aBUCUT OT
IIPOILYCKHOM CIOCOOHOCTH IaMSTH, TEIEPD CJIEAYeT OOPATUTHCA K NEPAPXUHI
mamsare B A100. TTockobKy TpaIunnoHHO GOJIBITOE KOJTUIECTBO HapalieIbHO
BBITIOJIHsIeMbIX Ha GPU Hureil Tpebyer mHoro peructpos, B A100, kak u B 6ojiee
crapbix GPU, B kaxkgoM u3 4 pazmnenoB SM nmeercs daitin 32-pa3psiTHbIX
perucrpos emkocThio 64 KB (cMm. pucynok 6). Kaxaas BoinosHsgeMasi HUTh
UCIOJIB3YeT COOCTBEHHBIE JIOKAJIbHBIE PEIUCTPHI U3 COOTBETCTBYIONEro daiiia.

Creiyromum 3a perucTpamMu B wepapxuu namartu yposaem B A100
aBigercss D-kamr L1 u pasaensiemasi maM<aTh ¢ o0mieil emkoctbio 192 KB.
On obecrieunBaeT BBICOKYIO MPOIIYCKHYIO CIIOCOOHOCTD U HUBKYIO 3aJEPKKY;
peasibHble aHHble nMetorcs it V100 [189]. Dra namsts sipisieTcst obuelt Jyist
Bcero SM (1 cooTBeTCTBEHHO it OsioKa HuTeil B CUDA). B CUDA BO3MOXKHO
JUHAMAYIECKOE M3MEHEHNEe 00beMa PA3IeJIsieMO TaMSITH.

[Ipenmocieauii ypoBeHb HepapXuy MaMsITH Ha IIYTU K TJIOOAJBHON HaMATH
HBM2E — kam L2 emkocrsio 40 MB — paccmarpusaercs B [73] B obreM
¢ HBM2E nonpasnesne. IlpocTpancTsa 3Tux ypoBHEH NaMSITHU SIBJISIOTCS
obmumu 11 BeceX SM u Becex paboraromux Ha GPU npumoxkenunit. EMKocTh
kamma L2 o cpaBaenuro ¢ V100 BeIpocsa 6osiee ueMm B 6 pa3. DTOT KIIIT
CYNTHIBAET M 3anuchbiBaeT B nmamatb HBM2E ycrpoiicrsa. st 6ostee BbICOKOTO
pacmapasneuBanus B A100 qyis kaxkgoro SM 6bL1a Hy»KHa 60JIee BBICOKAsT
MPOIyCKHast criocobHocTh. [yist aToro kam L2 6bu1 06pa3oBan B BHjE Hepapxun
Pa3JIeIoB, U KaXK bl pa3jies KIMpyeT JTanHble Oyimke K jgoctyiy K SM, ato
CHUKAET 3a7ePKKy [94].

Bospocrme o cpasrenuto ¢ V100 mupuna narepdeiica HBM2 u gactora
HaMATH JaJU POCT MPOILYCKHOi criocobnocTu npumepHo B 1,7 pasa (cm.
tabuiyy 10). Irobel yseauauTb 3bdEKTUBHbIE BEJTUIUHBI IIPOILYCKHON
cnocobnoctn DRAM u emkoctu kama L2, 8 A100 misa 3amad UM umeeTcst
almaparypa C:KaTus Pa3pPeKEeHHbIX JAHHBIX (J0CTUTraeTcs cxkartue 1no 4 pas
B DRAM, 10 2 pas B L2) [190].

B CUDA ucrosis3ytoTcsi CBOM THITBI TAMSITH, HEKOTOPBIE U3 KOTOPBIX PEABHO
pacroJiararoTcsi BMECTe Ha OJHOM THUIIE allllapaTHON maMaTu. B orinydne
OT pa3esIsieMOil TaMATH, JIOKAJIbHAS HAMITh SABJISETCS JTUIHON MaMITHIO
Kaxk ot Hutu. B Trepmuaoorun CUDA obJiacTu TyI00aIbHOM U JIOKAJIBHOM
naMsitu (B oTyimune oT rIobanbHOi oHa K mmpyercs: [16] ) umenyoTces
maMsaThio yerpoiicra u pacnonaraorcs B8 HBM2E. Ilocrosanast maMsaTb
(>KUByIIAZ TOJBKO BO BpeMs PabOThI IIPUJIOKEHUsI, B 9TON ITAMATH Pa3pelIeHo
TOJIKO YTEHHE) PACIIOJIArAeTCs B IIAMITH yCTPOHCTBa (IOCTOSHHAS AMSITh
Kammpyercs). UTo Kacaercs MaMsaTH TEKCTYP, OHA PACIIOIATAETCA B KAXKIOM
SM (cM. pHUCYHOK 6) W K3IIUPYeTCst B CIENUAIbHOM Katie [73].



186 M.B. Ky3bMUHCKUI RUmEN;

B A100 nmosiBusichk cpejcrsa MIG, OprueHTHUPOBAHHBIE Ha PelleHne pobJie-
MBI BO3MOKHOI 17151 LI0]] 1po0sieMbl HEIOCTATOYHOCTH HUCIIOJIb30BAHUS PECYPCOB
A100 ompesesieHHbIMUY TIPUJIOYXKEHUSIMHE, Te npumenerne A100 craso ObI
coorBercTBeHHO HeabdekTuBHbIM. A100 MOXkKeT DyHKITMOHIPOBATH KaK 0
7 M30JIMPOBAHHBIX K3EMILIAPOB I'PadruIecKux Iporeccopos [73], nepena-
CTpanBaeMbIX HA JIETY JJIsd YIOBJIETBOPEHUS JTUHAMUYIECKH U3MEHSIOIIIXCS
norpe6uocreit [94], T.e. moaydYalOTCs BUPTyau3upoBannbie GPU, umeroriye
6oJiee MaJIeHbKIE BBIYUC/IUTE/IbHBIE PECYPCHI.

Hosas dyukims MIG obecrieunBaeT yirydIieHHY0 U30JISAIHMI0 KJINEHTOB (B
TOM YHCJIE BUPTYAJILHBIX MAIIMH U IPOIEccoB) 1 QoS Jjisi MHOrONOJIb30BATE b
CKUX W BUPTYAJIU3UPOBAHHDBIX GPU, 9TO 0COOEHHO IMOJIE3HO JIJIsT TIOCTABIIIUKOB
obsraunbix yeuyr [73]. Hys MIG oueHb BayKHBI HOBBIE TEXHOJIOIUU 00paboT-
Ku cboeB B apxurekType Nvidia Ampere— 1jisi obecriedeHust HajIezKalei
A30JIAINNA U OE30IIACHOCTH MEKY KJANEHTaMU, UCIOAb3yomuMu oana GPU.

Kak ykazano B [94], mojjiepkuBaTcs JBa TUIA 3K3eMIuisspos MIG. Ojun
TUII U30JIUPYET BBIYUCJINTEbHBIE PECYDPCHI, HO HE CHCTEMY ITaMSATH, YTO
[TO3BOJISIET OMEPAIMOHHON CHCTeMe TLIAHUPOBATD MIPOIECCHI C YIIPOIIEHHBIM
aJIMIHUCTPUpOBaHUeM. JIpyroil TUI JOMOJTHUTETBHO 00eCIeInBaeT PyHKIINO-
HAJIbHYIO M30JISAIIAIO U U30JISINIO TPOU3BOIUTEHLHOCTH B CUCTEME ITaMsTH.
B srom ciryuae A100 nasnadaer KaxkjgoMy MIG cBou cobCTBEHHDbIE (DU3MIE-
ckue iyt (B ToM 4ncisie K Koy L2 u unrepdeiicy namsarn), obecreunBasi
JIOLOJTHUTE/IbHY IO GE30IACHOCTD JIJIs O0JIAYHBIX BhIYUC/ICHU [94)].

UcnonbzoBanne MIG MO3BOJISET PACIIUPUTD IEJIECO0OPAZHOCTD IIPUMEHEHUST
A100 ma 6ostee mrpokyIo obacts padbot. [Togpobiyto nrdopMaImo o HacTpoiike
u ucrnosb3opannu MIG cm. B [191].

B pyxosozacrse Nvidia o A100-PCIe-80GB [192] onucanbl BO3ZMOKHOCTH
CPeJICTB TPOrPAMMHOIO YIIPABJICHUS JIEKTPOIIUTAHIEM, TTO3BOJISIONINE Ha-
CTPOUTD TIPEJETbHYIO MOTPEDISIEMYIO MOITHOCTD IpaddUIeCcKO TLIAThl UK
npousBouTeIbHOCTE Ha Bart. B A100 mMmeercst, ecTecTBEHHO, €Ille MHOTO
BaXKHBIX JIJIsl JIOCTUYKEHUST BBICOKON MTPOU3BOIUTELHOCTH BO3MOXKHOCTEHN, Cpein
KOTOPBIX CJIEJyeT B IMEPBYIO OYEPeIh YKA3ATh HA MOIEPKKY ACHHXPOHHOTO
KonupoBanus (Ha ypoBHEe ISA)— OHO 3arpy?KaeT JAHHbIE HEIIOCPEICTBEHHO
73 TI00aBLHON TAMSITH B pa3je/geMyo MaMsaTh B SM, munys daila perucrpos,
¥ MOKET BBIMIOJIHATHCSI B (DOHOBOM PEXKHUMe, MOKa SM BBIIIOJIHAET IPYyTHe
BBIUHCJIEHNs (ITO 320/[HO CHUKaeT sHepronorpebierne). Iloapobree 06 sT0M 1
npyrux BoamokHOCTsX A100 M. [73]; kpaTkoe paccMOTpeHne aCMHXPOHHOTO
BBITIOJTHEHUST TIEPEJIad JTAHHBIX M BBIYUCJIEHUIl MPOBOAUTCS Jajiee B pasjese 4.2
mpo H100, B KOTOpOM COOTBETCTBYIOININE BO3MOXKHOCTHU OBLIU CYIIIECTBEHHO
pAaCIINPEHBI.

Omucanne mexkcoeanuenuii A100 ¢ ncnonbp3osanneM kanasos NVLink
IIPOBEJIEHO HUXKe B pazjiesie 4.1.2, MMOCKOJIbKY OHO OTYACTH OTHOCHUTCH YIKe
K JIOTIOJTHUTETbHBIM K GPU anmmapaTHBIM CPEJICTBAM — TaK, 3TO B3AMMOCBI3AHO
yke u ¢ coepunenusimu ¢ LI gepes PCle.
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4.1.2. Mexcoegurenus ans A100 n BbrdncantenbHbie cuctembl ¢ A100: ot
CEPBEPOB [O CYNEPKOMMLIOTEPOB

Mexcoemumenus NVLink mms cBsa3u mexkay Heckoabkumu GPU Nvidia
B cepBepe Bo3HUKJN errie j10 nosisiernst V100. VcxonHo Bo3HuKama nmpobiema
HEJI0OCTATOYHO BBICOKOI mpoiyckHoi criocobnoctu PCle myist ¢cBsizu GPU ¢ LI
OO6muit 0630p UCIOJIB3yeMbIX it GPU MeKCOeIMHEHNIT Pa3InIHbIX (DUPM
umeercst B [193]. NVLink—sr1o KaHas, a ycTpoiicTBa MOI'YT UMETh [0 HECKOJIBKO
KAHAJIOB, U CBI3BIBAIOTCH YePe3 SYEHCTYIO CETh.

EcrecrBenno, ogenns muoro obrmiero ¢ NVLink3 B A100 umeer Bropast
gepeust (NVLink2), ncnosnbsyemas B V100. B [194] nospo6HO paccMoTpeHb!
pasymYHbIe ITOKa3aTesn npousBoauTesbaoctu paborsr NVLink2 ¢ V100.
NVLink2 (Bmecro 6onee meqrennoro PCle 3.0) ucnosbdyercs u Jyisi CBsA3H
¢ IBM Power9, u obecrieanBaeT KOrepeHTHOCTD KIIIIA.

Kak u PCle, NVLink2 siBisiercst nakerHoit musoit, Ho NVLink2 addexTus-
Hee IIpu 1iepejiade HeOOIbINMNX MAKeTOB — ¢ 16 HaliT 3arojioBKa MOYXKHO IE€pEIaTh
256 mose3ubIx OaifiT. B 9TOM MeXKCOeINHEHNHN HCIOJIB3YEeTCsI TOIOJIOI U
SIYENCTON CTPYKTYPBI JJIsd COEIUHEHNI TOYKa-TOYKa, YTO JaeT OoJiee BHICOKYIO
00y 10 TPOIYCKHYIO CIIOCOOHOCTD TI0 cpaBHeHuIo ¢ Tomosorueil nepesa B PCle.
CoeluHEHUST COCTOSIT U3 HECKOJIBKUX IMOJIHOIYILIEKCHBIX KAHAJIOB, KOTOPhIE
06MeHUBAIOTCs JaHHBIMU €O ckopocThio 25 I'B /¢ B KaxkioM HanpasieHuu.
YerpoiicTBO mMeeT 10 MeCTH KAHAJIOB, U UX MOXKHO OObEINHUTH B 3 KaHAJA
¢ obmeit ckopoctbio 10 75 I'B/c. I PCle, u NVLink o6ecrieunBaior qByHAIpas-
sennbie repegayan, Ho NVLink nmeer ere npamMoit 10CTyn K CTPAHUIHON
namsite LTI [194]. B [194] npuBossiTcst JAHHBIE O JTOCTUIAE€MON IIPOILYCKHOM
criocobuocTu u 3aepxkkax NVLink2.

IIpumenenne KommyTaTopa Jijist ¢Bsa3u Mexk 1y GPU Nvidia me Tonbko
CIIOCOOCTBYET POCTY MACIITAOMPYEMOCTH TPOU3BOIUTEIHHOCTH — HO JTA€T
KpaiiHe BaskHOe (0COOEHHO JIs COBPEMEHHBIX 3a1a4 UH) yBesnuenne obbema
nmocrymHoit maMstu GPU. NVSwitch siBistercss HeOIOKUPYIOMUMCS KOMMYTATO-
pom, koropsriit mmeer 18 moproB NVLink, u maer BO3MOXKHOCTH TOJICOEMHEHNSI
4gepe3 NVLink o 16 GPU, obecrieunBasi KayKJI0My KaHAJIy JBYHAIPABJIEHHYIO
upoiryckuyio crocobuocts 50 I'B/c—u cooTBeTCTBEHHO CyMMAapHYIO MPOIYCK-
Hy!o criocobHocTh KomMyTaTopa 900 I'B/c [195]. Hanpumep, B peanusanun
Ha MATEPUHCKUX IJIaTax, cojepKamux 1o 8 GPU, KaXK/IbIil U3 HUX MOJIKIIOYEH
K 6 KOMMyTaTOpaM ILIATHI, IMEIOIINM CBA3U U ¢ KOMMYTATOPAMH APYyToOit
miaTbl. KomMmyHrukarumn GPU BHYTpHY ILIATHI TPEOYIOT OJIMH IIPOXO, Yepes3
NVSwitch, ¢ GPU Bropoit trarsi— 2 mpoxoga depe3 NWSwitch. st obecrieqe-
HUS HAJIE2KHOCTA KOMMYHUKAIUI B KAHAJIAX IIPU [Iepeatie UCIOJIb3yeTCs
uKInIeckoe n3bsrrounoe koauposanne (CRC), a BHyTpH KOMMYTATOPOB
(manpumep, sl MapIIpyTU3aluu) npuMensercs ko ECC (moapobuee cM.
B [195]). Orpannuenus mo MPOIyCKHON CIOCcOOHOCTH Ha cepsepax ¢ V100
MOT'YT CKOpee BO3HUKATh IpH Iepejade jaHHbix 1o PCle mexay GPU u CPU.
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B cospemenubix multi-GPU cepsepax ¢ A100 ucrosb3yiorest yzke NVLink3.
HuskoyposHeBbie feTanu, 00bsICHSIIONINE, 338 CIET Yero YAAJI0Ch JOCTUTHY Th
[TOBBIIIEHNUs] IPOIIYCKHON CIIOCOOHOCTU M CHUYKEHUE 33JePKeK OTHOCUTETBHO
V100 ¢ NVLink2, paccmorpenst B [94]. C Toukn 3peHuUst mMOIb30BATENS
[VIABHBIM SABJISIETCHA TO, YTO MPHU MPAKTUIECKHU HE M3MEHUBIIENCSH IIPOILYCKHOI
CTIOCOOHOCTH KAHAJIOB UX 9HCJI0 Bozpocyo ¢ 6 Ha V100 mo 12 ma A100.

B multi-GPU cepepax, ucnosbsytonmx NVLink, cooTBETCTBEHHO BO3MOXK-
HBI Pa3JInIHble KOHKpeTHbIe Tonojorun [190]. Hanpumep, B opneHTHPOBAHHOM
ua 3amaan U cepepe DGX A100 umeercst 8 GPU u 6 mukpocxem NVSwitch, u
KaxkIpIil GPU mojkirouaercst K Kaxk oMy NVSwitch ¢ momorpio 1Byx KaHaIOB
NVLink3 [196]. 910 nmmoctpupyercst pucyakom 7 (mst cesisu ¢ EPYC Rome
ucnonssyercst PCle-kommyrarop PEX) [73].

AMD Rome AMD Rome
64C 64C

I gmda geIInn =]
PEX PEX PEX PEX
Switch Switch Switch Switch
=] ] =] ]

Pucynok 7. Mexcoequuenne GPU B cepepe DGX A100 (pucynok
u3 [73])

NVLink3 obecrietinBaeT TakKe yaydileHHbIe PYHKITUN OOHADY 2KEHUST
ommbok n Boccranosenus [190]. XoTs, Kak yKasaHO BBIMIE, OJUH KAHAJ
NVLink 8 A100 umeer npornyckayio ciocobnocts, kak u 8 V100,—25 I'B/c
B KaXXKJIOM HAIIPABJIEHUH, HO OH HCIIOJIb3YeT BJIBOE MEHBIIE [Tap CUTHAJIOB
Ha kanaJ o cpasaerunio ¢ V100. Yapoenne uncsa kanaiaos B A100 1o cpaBHeHno
¢ V100 gaso oburyro npomyckayio cnocobuocts 600 I'B/c ays secero A100
no cpasrernto ¢ 300 I'B/c mus V100.

B [3] ma pasubix cepsepax ¢ wersipbMs GPU V100 u Ha cepepe DGX A100
¢ 8 A100 u nByms 64-snepubivu iporieccopamu AMD EPYC 7742 nposesennt
U3MEpEeHHUsl IPOITYCKHOM CIIOCOOHOCTH Iepejiad JAaHHBIX OT XOCTa K YCTPOWCTBY
i naobopor. st A100 ¢ PCle-v4 ona cocrasuia okoso 25 I'B/c (rme-to
Tpu derBepTu OT Teoperndeckoii Beanmunnnl 32 I'B/c qna PClex16), aro
COOTBETCTBYET OXKujaHusiM aBropos [3]. B aroit pabore 6b110 06HAPYKEHO
TaK>Ke HEKOTOPOe YMEHBIIIEHNE MTPOIYCKHOM CIIOCOOHOCTHU JIBYHAIIPABICHHDBIX
0bMmeHoB gaHubiX UM ¢ «ynasennbivuy A100 110 CpaBHEHUIO ¢ «JIOKAJIbLHBIMUY»
(umeromumu npamyio csasb 110 PCle ¢ coorBercryommum LIT), 910 66110
CBsI3aHO C KOHKypeHImeii 3a pabory ¢ PCle.
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[oustitHO, yTo pacyersl ¢ multi-GPU cepsepaMu jijist JIOCTUKEHUST OXKUJIAL-
MO BBICOKOH IPOM3BOAUTEIHHOCTH BEPOSITHO MOTYT TPEOOBATH CYNIECTBEHHOM
MOJICPHU3AIUE IIPOrPAMM HJIU MIPUJIOZKEHUH, paboTaiomux ¢ oquuM GPU (1 maxe
BO3MOXKHO 00Jiee TOHKO} OINTUMUBAINH C YIETOM HEKOTOPOH «aCUMMETPUU»
pasubix GPU B cepsepe). [Ipumepamu moryt 6b1Th pabors! [197,198]. Ilpuuem
TaKas MOJIEPHU3AIINs BKJIIOYAET TAK2XKe aJrOPUTMbI, X MOXKET OXBATHIBATH U
camble 6azoBble Bery — Hapumep, GEMM (cm. [199] u [200]).

fAcHo, 9TO CepBephI, comepKale OIWH MM HeckoJabko GPU A100,
IMOCTABJIAIOTCST BCEMU BEJIYIIUMHU TPOU3BOAUTEAMEU cepBepoB. CepBephl
multi-GPU opuenTupoBaibl B OCHOBHOM Ha 3aJa9u U, XOTS MOSIBIAIOTCS
mporpaMMHbIe cpeJicTBa Jijist HPC B obstacTsax, rae GPU BooOIIEe HE OUeHDb
qacto npuMeHssinch. Hanpumep, B npmioxkennu QUICK peanmsoBamo
pacrapajuieuBanue Ha ypoHe multi-GPU B Tom guciie u st Haubosiee
MaCCOBO PaCIPOCTPAHEHHOIO KBAHTOBOXMMHUYECKOro MeTona DFT B rayCccOBCKOM
6azuce [198].

DGX A100 ssBiastercst OpueHTUPOBAHHBIM Ha WY 3HAMEHUTBHIM «KJIac-
cuaeckuM» cepBepoM Nvidia, comepzkamum 8 GPU A100 u 6 Mukpocxem
NVSwitch [201]. On ucnonbsyer just sroro moaysab HGX A100, u gaer
KOHKDPETHYIO (DUKCHPOBAHHYIO TOIIOJOTHIO MEXKCOEIMHEHNS C IIPUMEHEHIEM
SXM4. A100 umeer aBa BapuanTa ¢ eMKocThIo namsatu 40 uin 80 I'B, coor-
BETCTBEHHO mMeeTcs JiBa BapuanTa cepsepa— DGX A100 320GB System u
DGX A100 640GB System, ¢ mamsTbhio Ha cucremy emkocrbio 1 u 2 Th
coorBercrBeHHO. B DGX A100 umeercst gBa 64-simepabix mporeccopa EPYC
7742 Roma, xoropsie cBazanbl ¢ A100 yepe3 kommyraropsl PCI (¢ munamun
PCle-4.0x16). st cBsi3u MexKly cepBepaMy MCIOJIb3yIoTes ajganrepsl Nvidia
ConnectX-6 wmm ConnectX-7 (Infiniband HDR /200 I'6/c Ethernet) [202].

DGX A100 siBasiercst roTOBOI K paboTe CHCTEMOIl, OCTaBIsAeMOil BMecTe
¢ onepanuoHHol cucremoit (Ha 6aze Ubuntu Linux), comepzKaimeit crenuanbHble
cpescTBa Ui yupasjeHus u MoHuropunra. IlompoGHoctu (BRJIOUYas U
peaIn30BaHHyI0 TOLOJIOTHIO HCIOIb3YEeMbIX MEXKCOeqUHeHNiT) cM. B [202].

Kpowme Toro, Nvidia Bo3zpoxkgaeT 1aBHO HE MCIIOJTB30BABIIANACST KIACC
pabounx cramnuii — npemarag DGX Station A100 (upo pasHble TUIIBI CHCTEM
DGX cm. [203]).

Nvidia momia ere JaJibine HA MyTH TOCTABOK OBICTPO PA3BOPAYNBAEMBIX
BBIYUC/INTE/IbHBIX cUCTeM, U co3maja miatrdopmy DGX SuperPOD, 6asupyto-
I IOCST HA CTPOUTEBHBIX HJIOKAX CO cToiikamu, cojepxKarumu mo 5 DGX
A100, ¢ mocTaBKOil KJIACTEPHBIX CUCTEM, UMeIomux ot 4 10 28 croex (cMm.,
Hanpumep, [196]). Takoe ocTpoeHne CTPOUTENBHBIX GJIOKOB 3aTeM ObLIO
Mogepuu3upoBano [204]. Takue opuenTrpoBannbie Ha U cucTeMbl MOTYT GbITH
Pa3BepHYTHI BCErO 3a HECKOJIBKO Henelb [196,204]. Hanpuwmep, 8 Top500
takoit cynepkommbiorep Nvidia Selene na 6aze DGX A100, nrcramupoBaHHbIMA
B 2020 roxy, 3anumaer 9 mecro. Odesuano, DGX A100 u 60see KpyIHbIe
CHCTEMbI OPHEHTUPOBAHBI Ha YIIPOIEHNE PAOOTHI B COOTBETCTBYIOMMIX LIO].



190 M.B. Ky3bMUHCKUI RUmEN;

YraxkeMm Ha erre 60Jiee MoIIHbIE U3 ucnosb3yomux A100 cyrnepkoMIbIoTepHI,
BXOJIiMIHE B 1epByIo JiecaTKy TopbH00. BeraucaureabHble Y3JIbI UTAIBSIHCKOTO
cynepkomibiorepa Leonardo (uncrasumuposan B 2022 rojy), 3aHIMAIONIErO
gerBepToe Mecto B Top500 [205] comepxkar oxun 32-s71epHslil poreccop Intel
Xeon Platinum 8358/2.6 I'T'; (Ice Lake) u 4 GPU A100-SXM4-40GB, a mis
CBSI3U MeXKJTy yasamu ucnosssyercs Infiniband HDR200 (mpoxykrnus Nvidia
¢ ronosiorueit Dragonfly+).

Bocemyro crpouky B Topb00 3anmmaer mHCTaaupoBaHHbl B 2021
roay cymepkomibiorep Perlmutter HanmonambHOro 1meHTpa SHEpreTuaecKux
uccienosannit CIIA (NERSC, a oneparop—3HaMeHUTas B CYIIEPKOMIBIOTEDHOM
Mupe amepukaHckas Jloypercosekast maboparopusi, LBNL) [206]. B ocHOBHBIX
€ro BBIYUC/IATEbHBIX y3JIaX UCIoJib3yercs 64-saepubiit mporeccop EPYC
7763/2,45 I'Tu 4 GPU A100 (B 6osbmmmcTse y3108— ¢ 40 GB HBM, u erme B 256 —
¢ 80 GB HBM). B Perlmutter ncnosnb3yioTcsi n3BecTHBIE allllapATHBIE CPEJICTBA
noctrpoenusi cynepkomnbiorepoB HPE Cray EX235N u coorBeTcrBytoiiee
mexkcoeguaenne HPE Slingshot 11. lHTepecHo, 9TO B 3TUX JIBYX [TOCJIEIHUX
U3 BBIMIEYITOMSTHY ThIX CYyIIEPKOMIIBIOTEPAX, OPUEHTUPOBAHHBIX HE TOJILKO
Ha pererue 3ajad U, B y3iax npumensercs o 4 A100.

4.1.3. Cpegcrea SDK ot Nvidia gna A100

O6uuii coctas cpeacts SDK. Kak u paccMOTpeHHBIE BBIIIE alllapaTHbIE
cpeacrea A100, Tak u cpescrBa SDK SIBIISIIOTCS TTPEJIIIIECTBEHHUKAMU COOTBET-
crBytormux cpegctB H100. Ho SDK sBJISIIOTCS HENPEPBIBHO PAa3BUBAIOIIUMUCH, T
UX PA3JMYHbIE BEPCUH OOBIYHO MOTYT paborarh u s 6a3oBbix GPU Nvidia, u
st GPU HoBoro nokosienust. ITocire anammsa SDK juist A100 B orHomennn SDK
g H100 mocraTowHO yKasaTh Ha yCOBEPIIECHCTBOBAHMUS.

SDK ot Nvidia n3-3a MHOroJIeTHEro OJHO3Ha4YHOro rocuojacrsa Nvidia
Ha pbiHKe GPU crajm xoporno m3BecTHbl. OcHOBY st HPC COCTABJISIIOT,
ecrecTBeHHO, cpeiuctBa NVHPC—cM. Ha caiite npoussomurens, [207]. Tam
[IPUBE/IEH U TIOJIHBIN CIICOK BXOMSIIUX B 9TH IIPOrPAMMHBIE CDEJICTBA KOMIIOHEHT,
GOJIBIIMHCTBO HA3BAHUI KOTOPBIX (B LIEPBYIO OYEPE/lb MATEMATUICCKUX
6ubIoTeK) yKe 00bSCHHIOT, 3a4eM OHU HY2KHbI. BO3MOKHOCTBH CBOGOIHOIO
nocrymna K NVHPC gasiisiercs matocoMm st Nvidia. Ha momenT manmucanust
063opa 6bLta ocrynHa HPC SDK Version 23 [208].

B NVHPC BXOJAT cpescTBa ¢ NojepKKoii miardgopm x86-64 (AMD u
Intel), OpenPower 1 ARM. Onu BKIII0O9aI0T KOMIMISTOPBI COOTBETCTBYIOIIETO
si3bika (¢ mogepkkoii cpegcts OpenMP u OpenACC s IT), accembiep u
PEIaKTOp CBsi3eil JJIsi TIeJIEBBIX IIPOIECCOPOB C TapaMeTpPaMy U3 KOMAaHIHOM
crpokn. dtu kommmsropsl— nve (ISO C11), nvet+ (ISO C++-17) u nvfortran.
Tocnenanii (mopgepxkusaer Fortran 2003 u ps dyrkimit Fortran 2008) st
paboTel ¢ GPU MOXKeT MCII0/Ib30BaTh (MYHKINY pacnapaJuiesnBanus Fortran,

OpenMP u OpenACC.
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Hakomer, nvee— apaiisep kommuaropa CUDA C/C++ st GPU Nvidia
C IPUMEHEHUEM CIENAAIM3NPOBAHHBIX [Uisi GPU ommuii co3/1aeT ONTUMU3UPO-
BaHHBIN KO 11t GPU Nvidia u ynpasisier xocT-KoMIuasgTopoM. 1locitesist
Ha MOMEHT HamucaHusi 063opa Bepcusi CUDA 6bLa 12.2. nvee CKpbIBAeT OT
pa3paboTunKa CJIOKHBIE JeTaan KoMmusaiun CUDA, 1 Bce He OTHOCSIIITIECS
K CUDA mrarun KOMITWJISIIIAA TIEPEHAIPABJISET K XOCT-KOMITUIATOPY CO CIIEIAAIb-
HBIMU OINUSAME KOMaHTHOH cTpoku [208]. DddexrruBHOMY passuTHIO NvCe
crrocoOCTBYET ero 0a3mpoBaHUe HA CPEJACTBAX 3HAMEHHTOI'O KOMIIUIATOPA
LLVM [209]. danee B pasuene 4.2.5 upo cpencrsa CUDA myst H100 onucana
o0Irasi cxeMa MOCTPOEHUs Pa3HbIX KOMIUIATOpoB Nvidia BIJIOTH 0 yPOBHS
BBIMIOJIHEHN S, BKJIFOUAIOIIAs U HOBbIE paHee He MCIOJIb30BABIINECS sI3BIKH
IPOTPAMMUPOBAHUS.

Maremaruueckue 6ubmoreku HPC SDK BKJIIOYAIOT, B 9aCTHOCTH, CUBLAS,
cuSPARSE, cuRAND u cuSOLVER (a5 pernenns 3as1a4 auHeHHON anrebpsr,
B TOM 9HCJIe 33Ja4u Ha cobcTBennble 3uadennst). cuSOLVERmp obecnieunsaer
otu QyHKIU npu pabore ¢ PaCIpeIeIEHHON TaMATHIO B MHOTOY3JIOBBIX U
multi-GPU cucremax. Bubmmoreka cuFFT gonosmsiercs obudmorekoit cuFFTmp
JIs BbITTOJTHeHus: aHajaorugubix cuSOLVERmp pacmupensbix GyHKIMIA.

Huskoyposuesas 6ubanoreka cuTENSOR npennasuadena s 3a1a4
JIMHEWHO# aJireOphl HA TEH30PHBIX SJIPaX, U MOYKET HCIOJIb30BATHCS HE
TOJIBKO It 3a7a4 U, HO u B obusracTsix HPC. /IBe odyeHb BaskKHBbIE OHMOJIHMOTEKT
obecrednBaioT KoMMyHuKarun. 1o — NCCL (Nvidia Collective Communications
Library), maorasi IpUMATUBBI KOMMYHUKAIUI JJisi MHOIOY3JI0BbIX U multi-
GPU cucrem ¢ GPU Nvidia, u NVSHMEM 11 PGAS-pacniapaJjuie/imBaHust
o crargapry OpenSHMEM. 3neck mamsiTh MOXKeT B ONPEJIEJIEHHOM CMBIC/IE
HHTErpupoBaThcsd B Kiacrepe ¢ GPU Nvidia B y3s1ax, uCIosb3yst KOMMYHUKAIIUT
¢ NVLink, PCIe u Infiniband.

NVHPC BKJIIOYAET €eI1e Psiji CPEJICTB, B ToM 4ucie oriaaauk CUDA-GDB u
upodmiuposimuk Nsight Compute (st paboThl ¢ HUM MOXKHO HCIIOJIB30BATH
6ubamnoreky npoduimposanus NVTX) [208].

Cuteiyer TakyKe OTMETHTh, YTO TPAIUIMOHHbBIE CPEJICTBA paclapaJslie/nBa-
nust MPI B kracTepax n3 HECKOJLKUX Y3JI0B, comepKarmux GPU, Tak»Ke MOTYT,
€CTeCTBEHHO, TPUMEHThCsI. Ho 37eCh BayKHBIM MOXKET OBITh MCIIOJIH30BAHUE
takumu MPI, KoTopbie MOTYT MCHOJIB30BATH JABHUE AllAPATHO-IIPOrPAMMHbBIE
Bo3mozkHOocTH GPU Nvidia u cpeicrs CUDA— GPUDirect, obecieunBatoriie
nepegady panubix (RDMA) uepes PCle munys obpaienue B LI — HAIPSIMYIO
qepe3 CeTeByIO maTy. lakre BO3MOXKHOCTH JaBHO MMEIOTCS, HAIIPUMED,
B MVAPICH2 [210].

ITporpammusie cpeacrea CUDA. CUDA gBysgeTCd CaMbIM 3HAMEHUTBIM U
pacmpoctpaneHtbiM APT st paboThl ¢ GPU, 06CY?KIaBITUMCS BO MHOTI'UX
nyoaukanusx. AMD st ceoux GPU paspaboraJjia aHaJOTUYHbBIE CPEICTBA
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HIP [58]. Intel B OneAPI ucnosb3yer DPC++, HO 0bllee HOCTPOEHUE pacapasLie-
JIMBAHUS TaM TaKzKe UCHOIb3yeT Mojeab SIMT, mepBoHAYaAIbHO IPEJIO?KEHHYIO
Nvidia, u B oneAPI npumeHsaoTcsi TEPMUHBI, AHAJIOTUIHBIE UCIIOIH3YEMbIM
B CUDA (cMm. Tabsmumy 1 Bbime). Anmaparhble CpeJCcTBa COBPEMEHHBIX GPU TeCHO
B3aMMOCBA3aHbI ¢ SIMT, O9TOMY 3/1eCh TaKKe HEOOXOIUMO YIbTPAKPATKOE
nosicieHue ocHOBBI CUDA (mostHOe onmcanue cu. [16]).

I'py60o rosopsi, B Mmomesin iporpamvupoBadusi CUDA HUIIIETCsT TIOCJIET0-
BaTeJbHBIA KOJI, KOTODPBIil ITapaJijieJIbHO HUCIIOJIHSAETCS MHOTUMU HUTIMH
Ha GPU, a KaxKjast HUTb paboOTaeT CO CBOE YacThIO OOIIMX JIAHHBIX, JJIS 9ero
ToJIy9JaeT cBoil uaeHTUdUKaTOp. XOTs paboraiomias Ha xocte CUDA-iporpamMma,
MOYKET HUCI0JIb30BaTh He TOIHKO C, HO u C+-, BBINOIHSIEMOE HA YCTPOCTBE
IPOTPAMMHOE SIJIPO UCIOJIB3YeT pacuupenusi oTHocuTeabHo C.

B CUDA ucxonnast 3ajiadua pa3buBaercss Ha HAOOp HE3aBUCUMBIX MOJ33ad,
KOTOPbIE€ CUUTAIOTCSA HA COOCTBEHHBIX OJIOKAX HUTEH. Y KaXKIOW 033/ 1a9u
CcBOIl OJIOK HUTEH, W OHA PEINaeTcss BCEMU HUTAMHU 3TOoro OJsioka. Hutu
MOI'YT B3aUMOJEHCTBOBATh MeXK/Iy CODOIl TOJIBKO B IIPeesax OJHOro 6JIoKa.
Biiox HuTeit —3T0 MaccuB HUATEH, KOTOPBIM MOXKET OBITH OAHO-, IBYX- WJIN
TPEXMEPHBIM.

Huru BHyTpH 6/10Ka HUTEH UCIOJIB3YIOT PA3JEISIEMYIO IaMATh (CBEPXOBICT-
Pyt —rpy6o roBopsi, Ha ypOBHe K3IIIa) U B3aUMOJIEHCTBYIOT depe3 OapbepHYIO
CUHXPOHU3AINIO (IIpU 0OpaIleHnn K 3Tol byHKIMN nasbHeimas paboTa
HEBO3MOXKHA, [I0Ka BCe HUTH He BOHAyT B Hee). s oOMeHa JaHHBIMU MEXK Ly
pa3HbIME O6JIOKAMU HUTEH TPUMEHSETCS [VI00AIbHAS MAMSITh.

Biiok HuTell sBIISIETCs EHTPAJIBHBIM O0BEKTOM JIjIsi [IPOTPAMMUIPOBAHMUST
pacnapaJsuienuBaaust B CUDA (xoTk ¢ nosiBieruem H100 Beiie 6j0ka HuTe
B CUDA mosiBUJICS HOBBIfl ypPOBEHB, KJacTep OJI0Ka HUTEH, 3TO SIBJIAETCSI
yuukaiababM st H100). Bepxuuit ypoBenb nepapxuu Hureii — HaJi Giokamu
HHATEHA — 3TO CeTKa HUTel, — OJHOMEPHBIN, ABYXMEPHBIN NN TPEeXMEPHBINA
MaccuB OJIOKOB HUTEIH.

VY Beex GJIOKOB HUTEH COBIAJAIT PA3MEPHOCTU U pa3Mep (Unciao HuTe
B Gsioke). Pasmep ceTkn HuTell (qmcsio GJIOKOB HUTEl) 1 pasmep 610Ka— 3TO
BCTpPOeHHbIE lepeMeHHble. JI1060#1 610K HUTell B ceTKe NMeeT MHIEKC OJI0Ka
B cerke. Kakmast HUTh MMeeT MHJIEKC, 3aaBAEMBbIil OJTHIM, JBYMS WUJIH TPEMS
HEOTPUIATEJIbHBIMU I€JIBIMHA YUCJIaMH.

s nanekcaruit HuTei u 6JI0KOB IMIPOTPAMMHOE SIJIPO UCIIOIb3YeT st
«HauboJIee MaCIITAONPYEMOro» CJIydasl TPEXMEPHBIE IIeJI0YNCIAEHHbIE BEKTOPA —
BcTpoennbie iepeMennbie threadldx m blockIdx

Kaxknprit 610k HUTEl pa3zbuBaeTcss Ha Bapiibl, U BCe HUTHU BapIla IIPUHAJI-
Jiexkar oHOMY OJioKy. Pu3ndIecku OJHOBPEMEHHO BBIMIOJIHSIIOTCS TOJIBKO
HUATH B IIpeJiejiaX OJIHOTO Bapria. HuTu Ha pasHBIX Bapliax MOTYT HAXOJAUTHCS
Ha Pa3HBIX CTAAUAX BBITTOJIHEeHUs TporpaMMmbl. B CUDA-mporpamMme HET
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HEeoOXOMMOCTH $IBHO pab0OTaTh Ha YPOBHe Bapros. Bo Bcex paccMarpruBaeMbIxX
B 0030pe GPU Nvidia Bapusr nmeror 32 nutu. Pabora Ha ypoBHE BapiioB MOXKeT
HOHAJI00UTHCS TOJILKO JIJISI MAKCHMU3AIMN JIOCTUTAEMOIl IPOU3BOAUTEIHLHOCTH
B CUDA.

Y Nvidia CUDA meT OrpaHWYeHHOrO Oa3UPOBAHUS UCKIIOUUTEHHO
na C/C++. Mbr npowunocrpupyeMm pabory ¢ CUDA ma npumepe CUDA
Fortran, npusiekarenbHOro fjist ocTatornerocs oy asapabiM B HPC Fortran
(Bo3MozkHOCTD HpuMerHenus Fortran st paGoTsl ¢ rpadbuuecKUME IPOIEccopa-
mu Nvidia gsisgercs cymecrsernbiM 1wirocoM Gupmer). Hosefimag (k. MoMenTy
nosiBJIeHust nroHbCKoro crmcka Top500 2023 roma) Bepeust nvfortran Geuta 23.3.

Pacmmupenns CUDA Fortran mo3Bosisiior BuInoHATE B Fortran-mporpame
HAIMCAHUE TOIIIPOrpaMM U (PYHKIINHA JjIsi BBIMOJHEHUsT HA, IPa(UIECKOM
IIporieccope, BKJI0Yast 00bsIBIEHNE IIEPDEMEHHBIX, BbIIEJIEHHBIX B ITaMATH
ycrpoiictBa GPU 1 BbLIe/ICHIE TUHAMWYIECKON ITaMATH B TaMATH ycTpoiicTsa GPU.
EcrecTsenno, CUDA Fortran nMeer moJiJiepKKy Oneparyu KOIMMPOBAHUS JAHHBIX
73 MaMATH X0cTa B maMsaTh GPU u obpaTHO, U BBI30B mojmporpamm GPU ¢ xocTa.
CUDA Fortran obecrnevumBaeT MpOrpaMMHBII TOCTYII K TEH30PHBIM SIIPaM,
B3anmoyieiictBue ¢ CUDA C, ucrnoyib30BaHNe aCHHXPOHHBIX IIEPEIaT MEXK Y
XOCTOM U rpadUIecKUM MPOIeccopoM (ACHHXPOHHAS TI€peIaua TI03BOJISIET
UPOBOJUTH BHIYUC/IEHUs HA YCTPOICTBE OJHOBPEMEHHO C Lepejiadeil JaHHbIX) U
MHOT'O JIDYIUX Hy2KHBIX J[JIsi COBpeMeHHbIX GPU Bo3MoxKHOCTel [211].

IIpocreiimuii mpumep TOro, Kak ycrpoena mporpaMma na CUDA Fortran
u3 pykosojcrsa Nvidia, [211] nurupyercs Huxe.
Kom na xocre Kom va ycrpoiicTse

1 program t1
2 use cudafor

2
3 use mytests
. y I module mytests

integer, parameter:: n = 100 5 X
5 integer, allocatable, device:: iarr(:) 2 contains
()_ int ’h( ) ’ o ' 3 attributes(global) &
> tnteger n . | subroutine testl( a )
7 istat = cudaSetDevice (0) - N
8 allocate (iarr(n)) 5 integer, device:: a(x)
‘)' h = 0: iarr = h 6 i = threadIdx’%x
¢ H 7 a(i) = i

10 call testl<<<l,n>>> (iarr) % return

11 = i

15 hrinéair& 9 end subroutine testl
N {) T s 10 end module mytests
13 "Errors: ", count(h.ne.(/ (i,i=1,n) /))

14 deallocate (iarr)
15 end program t1

B kojie X0CTa UCHIOIL30BAaHNE MOJLYJIA cudafor (CTPOKa 2) obecriednBaer
unrepdeiicel kK 6ubanoreke ppemern poinosHenus: xocra CUDA (B mauHOM
mporpaMMe — K cudaSetDevice(), I/l BBIOUPAETCST HOMED yCTPONCTBa 0— 3TO
BbI30B API B crpoke 7). B cTpoke 3 yKa3bIBaeTCs HA UCIOJIL30BAHUE MOJLY-
JIsl HA yCTPOUCTBE (STOT MOJYJIb COMEPYKUT BBIZBIBAEMYIO TIOAIIPOIPAMMY
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test1). B 8-if cTpoKe IporpaMMbl pacupeiesiseTcs MaCCUB iarr HA YCTPOIi-
CTBe, a B CJIeIyIoNieil CTpOKe MHUAINAJIN3UPYIOTCH JIaHHbIe U Ha XOCTe, U
Ha ycrpoiicrse [211].

BrImoageMoe Ha yCTpOHCTBE IPOrpaMMHOE sIIPO BhI3bIBaeTCA B cTpoke 10;
<<<1,n>>> 3JIeCh O3HAYAET, YTO IIPOIPAMMHOE SIPO BBINOJIHAETCS 1 HUTAMU GPU
(B Gostee 00IIEM CIIy9ae n B TAKOM CHHTAKCUCE YKa3bIBAET INCJIO HATEH B GJI0Ke,
a Iepe/] 3aIaTol yKa3bIBAeTCA YUC/I0 OJI0KOB HUTEH, KOTOPOE 371eCh paBHo 1).
B crpoke 11 pe3ysibTaThl BBIIOJIHEHUS TPOIPAMMHOIO S1pa IEPEIAI0TC
B MACCHUB XOCTa, a B 14-if cTpoke MaccuB iarr Ha LIl 0cBOOOXK Ta€TCsI.

Yro KacaeTcst mpaBoit JacTu (POPTPAHHOIO TEKCTA, BLITOJTHIEMOTO
HA yCTPOICTBE, TAM HCIIOJIb3yeTCs MPedUKC attributes(global), ITO SABJISETCS
pacimpenueM B s3bike CUDA Fortran. ATpubyT global 0O3HAYAET, YTO COOTBET-
CTBYIOIHI KOJI BBINOJIHSIETCS HA YCTPOHCTBE, HO BBI3BIBAETCS U3 XocTa [211].

Tecras n cempMast CTPOKM KOJA JJI yCTPONUCTBA IIPEJCTABISIOT COOO
3ameny 1ukja do B obbikHOBeHHOM Fortran:

1 do i=1,n
2 a(i)=i
3 enddo

ITockosibKy mojIporpaMma testi BBIIOJHsIETCsT HAa GPU, TO OHa mapaJi-
JIEJIBHO BBIIIOJIHSIETCsI HECKOJIbKUMU HUTSIMU Ha GPU, KaxKiast n3 KOTOPBIX
unentudunupyercs Berpoennoit nepementofi Threadldx(ona ucnomnesyercs: Kak
HHJIEKC 9JIeMEHTa MaCCHBA,).

XOoTsI BHEIIHE TPUBEIEHHBIN BbIIIE TPUMATHBHLIN TekcT Ha CUDA Fortran
CO3/IAeT OIILyIIEeHNe TPOCTOTHI, PEATHHO HE IIPOCTO MMEETCS MHOXKECTBO JPYTHX
SI3BIKOBBIX KOHCTPYKIIHI, 8 MPOUCXOIUT CMEHA MAPATUTMBI — B MOILYJISAX
YCTPOHCTB MCU€3aI0T OOBIYHBIE IIUKJIBI, BMECTO HUX BCE OA3MPYyeTCs HA BBIIIIE-
onucanubix SIMT-ocHOBaxX (IpUMEHEHNE JUPEKTUB TEHEPAIMH [IPOrPAMMHOIO
CUF-siipa u3 nukja siBJIsieTcs CIIOCOOOM YIIPOIIEHUsI ITPOrPaMMUPOBAHUS,
KOTJIa. KOMITHJISITOP CaM I'€HEePHPYET [POrPaMMHOE SIJIPO ISl 9aCcTh KOJIA XOCTa
CO BJIOYKEHHBIMU I[UKJIAMH).

CUDA Fortran mo3Bosisier paboTaTh COBMECTHO C JPYTUMU ITPOTPAMMHBIMEI
cpeacrBamu. Hampumep, Bo3MokHO coBMecTHOe uctosib3oBanne OpenACC
u CUDA Fortran B ommoii mporpamme; B mporpamme ¢ OpenMP moxknO
UCIIOJIB30BaTh aMATh, yipasisemyo CUDA [211].

ITo URL Buza https://docs.nvidia.com/hpc-sdk/pdf/hpcVv.pdf, rae Vo —
Bce nudpnt Bepeun SDK (Hanpumep, Vo=233 njs Bepcun 23.3 HA MOMEHT
Hanucanusi 0630pa), JOCTYNHBI onucanus uaTepdeiicos 6ubamorex (310 API)
K CUDA Fortran.

B 3aBepmenne kpatkoit uagopmarmu o CUDA Fortran ciemxyer oTMeTuTh
TOYKY 3peHusi corpyaankoB Nvidia, ykasaHHYIO B WX M3BECTHON KHure [212],
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qrto npumenenne CUDA Fortran Gyser Hare/ieHHO B MEPBYIO OYepeb Ha TEX
IIPOrPAMMECTOB, KOTOPBIM BakKHO OOecIedeHIe IIePEHOCUMOCTH IIPOrPAMMHBIX
CPEJICTB, SICHOCTH M yI00CTBO COIPOBOXKICHUST KOJA IIPU JOCTUKEHUH TTPUEM.JIC-
Moit ipou3BouTeIbHOCTU. HO JIerKOCTh HaIlMCcaHus KO/ JAeT U JIPYToi
BaxKHBIN 3D deKT, yBeanueHne IPOn3BOIUTEBHOCTU TPY/Ia (yMeHBIIIeHe
CPOKOB pa3pabOTKU IIPOTPAMM).

EcrecTBento, nmporpammiibie cpefcTBa Kiacca SDK, KOTOpbIE MOTYT
npuMeHaThest mpu pabore ¢ GPU Nvidia, umeiorcss u y apyrux pa3pabOTIMKOB.
Hampumep, HPE Cray MPI [213] ¢ noggepskkoit CUDA (stor MPI koppekTrO
KOILIUpyeT JAHHBbIE U3 HaMsTH YCTPONCTBA B IAMATH CETEBOIl IIaThl (U
00paTHO) IIyTeM HesIBHOIO KOIIMPOBAaHUs JAHHBIX CHAYAJA B IAMSITH XOCTA,
a OTTYyJa B CETEeBYIO ILIATY, WJIM HAIPAMYIO (MUHYs IaMsTh XOCTa) IIPH
nopnepxkke GPUDirect RDMA [214], xoropas nmeerca 8 A100. MVAPICH2-
GDR [215] rak:ke moxer B3anmozeiictBoBath ¢ CUDA. ITpo cpencrea AMD
HIP, xoTophie MOTyT paboTarh u Ha GPU Nvidia, ymomunasoch Beire. Takue
He cozmasasiuecs Nvidia cpescrsa SDK 371ech 00CyX)K1aThCsT HE OYIyT — HO
BO3MOXKHO X PACCMOTpEHMEe B pasjenax 063opa mpo GPU HOBOTO TOKOJIEHHUSI.

4.1.4. [anubie o npoussogutenstoctu A100

Xorst 0030p HareseH Ha GPU HOBOrO IOKOJIEHUSI, TIPEJICTABIISIETCST HYKHBIM
[IPUBECTHU JIAHHBIE O JocTUraeMoit nmpoussoauresbuoctd A100 u ero yckopenus
ornocuresbHo V100, Mudopmannsa o npoussoaureasnoct A100, garomast
emie u corocrapjenre ¢ GPU HOBOrO MOKOJIEHUsI, PACCMATPUBAETCS JTaJIee
B COOTBETCTBYIONIUX pa3feax mpo 3tu GPU, u 3/1eCh MOXKET He IIPUBOIUTHCS.

IIpo nmuKoBBIE TPOU3BOIUTETHLHOCTA TOBOPUJIOCH paHee, TYT PAaCCMATPUBA-
I0TCSI JTAHHBIE TECTOB MTPOU3BOIUTENILHOCTH U Tpujioxkennit. Hajio uvers B BUY,
qyro nocraBku GPU A100 or Nvidia, mauasimmecst B 2020 rojy, corpoBOXKIaJIuCh
TaKUM aKTUBHBIM IIOsIBJIeHHeM HOBBIX Mojeseil A100, B ToM 4ucje B CBS3U
C OJIHOBPEMEHHO MPOOYKIABITEHCS KOHKYPEHITUE C MOSIBIAIONIIMUCI B 3TO
BpeMmsi GPU HOBOro mokosienust or AMD, 4T0 aBTOpbI HEKOTOPBIX ITyOJIMKAIIHIA,
rjie ucroJib3oBasuch Hoseiimue A100, He Beera OIHO3HAYHO TOYHO YKA3BIBAJIN
mapaMeTphl UCIIOJIH30BABIIECS MOIEIN.

31ech 10JIE3HO cresiaTh HeOOJIbInoe BBeJeHne 00 3P PHEKTUBHOM HCIIOJIb30-
BAHUU TEH30PHBIX SIJIEP /I YMHOXKEHUS IIJIOTHBIX MATPHUI[ U O IPUMEHEHUH
cMermannaoit Tounoctu. Jist paboTsr ¢ U 3TO TOCTATOTHO €CTECTBEHHO, JIJIs
00branbIX padoraonux ¢ FP64 HPC-ipusoxenuit, 3¢bdeKTHBHO PabOTAIOIIIX
Ha GPU, takxke dacrto npejnoJaraercs npumenenne DGEMM. O6cyxaenne
BOIIPOCOB, HACKOJIBKO aKTyaJibHa ammaparHas nojepkka DGEMM s
MaccoBbIX HPC, M MOYKHO JiT 0OXOJINTHCS 0OJIee HIU3KOI CMENaHHON# TOYHOCTHIO
cM. B [90].
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st HPC vate Tpebyercst pabora DGEMM ¢ GoJibimmu KBaipaTHBIMA
MaTpuiamMu, a Tea3opHoe sapo A100 BhIIOJIHSET anlapaTHble OepPaIlui
HaJl MaTpUliaMu (PUKCUPOBAHHBIX MAJEHbKUX PAa3MepOB (CM. BBIIIE B pas-
nese 4.1.1). Ho rensopubix siiep B A100 MHOrO, 8 yMHOXKEHUE GOJILITIX
MAaTPHUIL, CBOJIUTCHA K YMHOXKEHUIO MaJEeHbKUX moaMarpuil. [IporpaMmucTst
MOI'YT IPOCTO MUCHOJIB30BaTh cublasDgemm, n njist GOJABIIOrO O CPABHEHIIO
C almapaTHo IIOJJIEP?KUBAEMBIMI TE€H30PHBIMU S/IPAMHU Pa3MepPa MaTPHUI]
(16384 x 16384) B [216] yxa3piBaeTcs Ha JOCTHKEHUE OJIU3KON K [MKOBOMH
Jtst TeH30pHBIX siaep A100 npoussoguresnsroctu 19,4 TFLOPS. B [216]
UCCJIEIOBAHO U SHEPTOINOoTpebIeHne, U HANIEHO, ITO HE BCET/Ia MOBLIIEHIE
MOIITHOCTY KOPPEJIUPYET C MOBBIIIEHNEM [IPOU3BOIATEIHHOCTH.

Hapo ormerurs, uro B [216] ucnosb3oBasics pa3Mep MATPHIILI, KPAT-
me1it 2F. D10 coorBeTcTBYeT yKazammio B pykoBojacTse Nvidia mo paGore
¢ Marpunamn [217] Ha TeH30pHBIX s/Ipax (OPUEHTUPOBAHHOM Ha 3a/a4uu
U1) — TaM OTMEUYEHO, YTO IIPOU3BOUTEHHOCTD BHIIIE DU PA3MEPHOCTSIX
Marpuil, KpaTabix 128 Gair (nus FP64). B [217] onucano, kak GEMM
B CuBLAS peasin3yeTcsi myTeM pa30MeHus BBIXOIHONU MATPHUILI HA (DpArMEeHTHI,
KOTOPBIE IIPUITUCHIBAIOTCS OJIOKAM HUTEH, 1 00CYKIAeTCs BBIOOP ONMTHMAJIBLHOIO
KOMITPOMHUCCA MEXKJy Pa3MepoOM yMHOXKAEMBIX HOJIMATPHUIL U TPeOOBaAHNEM
3a/1efiCTBOBaHUs BCEX allapaTHBbIX pecypcoB GPU myTeM MaKCUMAaJIbLHOI'O
pacnapaJuienuBanus. Ho stu pasubie npejyraraembie Bapuantsl GEMM
BaykHee JJIs1 He OYeHb OOJIBIINX UCXOMHBIX MATPHUIL, U PE3yJIbTaThl B [217]
JEMOHCTPUPYIOTCA JJIsl XapaKTepHou jyig VM HU3KO TOYHOCTH.

Hns rpaduaeckoro mporeccopa Nvidia Titan RTX, rme DGEMM
SMYJIHPOBAJICS C OMOIIBIO TEH30PHBIX AP U3-38 OTCYTCTBHUS B HIX AIIAPATHON
nopgepxkkn dhopmara FP64 [218], rpaduk 3aBHCAMOCTH TPOU3BOIUTETHHOCTH
DGEMM wu3 cuBLAS or pasMepHOCTel KBapPaTHBIX MATPHIL IIOKA3bIBAET
OIIpejie/IEHHbIE CKAYKN JOCTUraeMoii ipousBoguresbaoctu. st A100 Takue
ckaury npoussogauresbHocT GEMM npu msMmeHeHnu pasMepHOCTEl MaTpHIL
npu pabore ¢ FP16 nponemoncrpuposansl B [217]. OdeBuHO, aHATOrNMYHAS
3aBUCUMOCTH npousBoguTesHocTn A100 B DGEMM jist HauGoJsiee akTya bHbIX
qutst HPC 10cTaTo9HO OOJIBIMNX KBAIPATHBIX MATPHIL TAKIKE UMEET ITO CBOICTBO,
HO aBTOPY JIEMOHCTPHUPYIOIIIE 9TO CTATHU HE M3BECTHBHI.

Tax 4aro pnsa adpderkTuBHol paboThl ¢ HPC nHa GPU HeobxoauMo He
TOJILKO YCJIO?)KHEHHOE ITPOrPAMMUPOBAHNE BO3MOXKHO MCXOJTHO €CTECTBEHHO
MOCJIETOBATEIBHBIX KOJIOB, HO MOJIE3HO M 3HAHUE BEPOATHOTO TTOBEJICHUS
IPOU3BOAUTEIFHOCTH Ha ypoBHe BLAS. B 1esiom dopmupyercs ormryrenue, 9ro
BOIIPOCHI IPUMEHEHUsI TeH30PHBIX sifiep 3tux GPU Nvidia mis Tpa uimoHHbIx
zanad HPC B dopmare FP64 ¢ 00bMHBIMU IJIOTHBIMU MATPHUIIAME [IPECTOUT
ele nU3ydvaTh— anmapaTHbie cpeacTBa GPU pa3BUBAJIUCH CAUIKOM OBICTPO,
C UCXOJHOI opueHTanuel sosce ne Ha HPC.
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Psin uccemoBanmii TOCBSIEH UCIOIB30BAHNAI0 TEH30PHBIX SJIEDP U ITPOCTO
C TOYKHU 3PEHUs IPUMEHMMOCTHU cMelannoil Tounocru. Tak, B [219] na V100
u A100 ucciiefoBaHbl pa3/IMIHbIE BOIPOCHI TAKONH apudMETHKH, B TOM
qHCJIe C TOYKHU 3PEHUs] PEXKUMOB OKPyIJieHus. PaboThl 110 IporpaMMHOMY
00eCIeYeHnIO0 YMHOXKEHNS MATPUIL C UCIOJIb30BAHUEM TE€H30PHBIX sJIEP U
ux 3bdEeKTUBHOMY TPUMEHEHNO mpojoKaTesa. B [220] uccnenosana
BO3MOXKHOCTDb IIpUMEHEHUA MHOI'OCJIOBHOII apI/Id)l\/IeTI/IKI/If KOI'Jla MaTpPUILbI
[IPEJICTABJISIIOTCS B BUJIE HEBBIYUCJIEHHOM CyMMBI JIBYX HJIH O0ojiee MaTpuIi 6oJsee
HU3KOI TOYHOCTH, & IPOM3BEJIEHIE MATPHUIL BEIYUC/ISIETCS Yepe3 YMHOKEHHE MX
COCTABJISIONIMX HOHUKEHHON TOIHOCTU. DTO OBLIO IPOJIETIAHO, HAIIPUMED,
Ha TeH30pHbIX sapax A100 u V100 mrst ucxomgaeix marpun, A u B B dopmyite
(1) ¢ FP16-unciramu, a HAKOIUTEIBHBIX MaTpull— ¢ ynciamu FP32. Beun
M3y9eHbl OMMUOKN OKPYTJIEHUsT U IPEIJIOKEHO TPUMEHEHNE YMEHBITAIOITIX
ommmbOKYU OKPYyTJIeHUsT ajJropuTMoB. Llesb 3T0T0 — yirydinernune cOOTHOIIEHS
[IPOM3BOIUTENLHOCTH U TOYHOCTH [220)].

st 3amaa UM akTyaabHa paboTa ¢ MATPUIAMHU, UMEIOIUME crienududec-
KyI0 paspeskeHHOCTh. JlaHHble 0 Takoii paboTe ¢ TeH30PHBIMU s paMu JIJIst
V100, A100 u H100 umerorcst B [221].

Hasee mpuBouTes acTh uHdOpMaImn o npoussogureabaoctun A100,
KOTOPYIO aBTOp CUMTAET Hambojee aKTyaJbHOM, ocobenHo st 3aaad HPC.
Boutee BbicOKast npousBoguTesibHOCTh A100 orHOCHTEIbHO V100 OueBHIHA
U HOJITBEPZKJ/EHA BO MHOTHX CTAThAX. B IEPBYIO O4Yepesb 3TO CBA3AHO
¢ nogyiepkkoit FP64 B TeH30pHBIX g7pax, 0ojiee BBICOKMMH HNUKOBBIMH
[IPOU3BOAUTEIBHOCTIMHE, OOJIBIIENl eMKOCTBIO K3mia L2 1 0oJibieii mpoIrycKHO
criocobnocThio maMsaTu B A100. Ho 310 He o3HadaeT, 9TO BBIUTDHIII OyIeT
HOJIyYeH B JII000M Kojie (0COBEHHO He ONTUMUZUPOBAHHOM), IIPU MCIOIL30BAHIN
Jioboit Bepcun CUDA, mIpu JIIOOBIX pa3MEpPHOCTAX 33/1a49 U TakK gajee. Tax,
B [222] Ha HeKOTOPBIX KOJaX, NpuBoauMbix Nvidia B KayecTBe IPUMEPOB
ucnosb3oBanus CUDA [223], V100 onepeua A100.

Hy, a B KayecTBe HEKOIl CTapTOBOI MHTErpasbHOl olleHKH yckoperust A100
orHocuTesbHO V100 Bocmosnb3yemcs jganabivu Tecta SPEC ACCEL v1.2
(ucnosp3ytoniero 19 pasubix npusoxkenuii)[226], rue noayuennsie Lenovo
makcumasbhble pe3yabrarhl st A100-PCle-40GB orHocutensro V100S-
PCle-32GB syume npumepno B 1,7 paza. Ipyryio mHTErpajibHYO OIEHKY
npoussoguresibaocta A100 mator gannsie TectoB SPEChpe 2021, st mosryde-
HUsl KOTOPBIX [IPUMEHSIOTCS U COBPEMEHHDBIE CYIIePKOMIIbIoTephl ¢ GPU [225].
OsHako B obUIMATBHBIX pe3y/bTaTax 9TuX TecToB [226] (Ha 14.06.2023) Her
JIAHHBIX JIJIsI BBIYUCIATEIBHBIX CHCTEM ¢ OJIMHAKOBBIM KosimaecTBoM GPU A100 u
V100. ComocraBuresibible faHHbIe 0 Mpou3BoauTeabHocTH multi-GPU cepsepos
¢ Heckosbkumu A100 mpe/icTaBiaeHbl HUXKE B pa3jielie PO MPOU3BOJANTEIHLHOCTD

H100.
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MHKpOTeCTbI 1 HU3KOYPOBHEBbIE€ T€CTbl, MaKCUMaJIbHO l'IpI/I6J'II/I)KeHHI)Ie
k annaparype A100. K sr10if rpymme TecTOB yCJIOBHO MOXKHO OTHECTH
HECKOJIbKO IyOsukanuii. B [227] uccienoBano BiusiHue Ha IPOU3BOUTEIb-
HOCTDH IIPUMEHEHNsI aCHHXPOHHOT'O KOIIMPOBAHUS HA YPOBHE MHUKPOTECTOB U
B MOJIEPHIU3MPOBAHHOM MHTErpajbHOM Habope TecToB Rodinia 6osiee BbICOKOrO
YPOBHsI (ISl OTJIMYHBIX OT 337184 UM mpuitozkeHuii yHuBepcuTeTa Bupkuanm).

B [79] ucuob30Baiuch MUKPOTECTHI i U3MEPEHUsI 33/1€PKEK U [POILYCK-
HBIX CIIOCOBHOCTEH (IIPOM3BOUTENLHOCTH) BHIIOJIHEHNST KOMAH,| HA TeH30PHBIX
sipax (PTX-yposenb). B [228] upousBoauTebHOCTD IPOrPAMMHBIX sIIEp JIJIst
CBA3AHHBIX [AMATBIO (T.e. rye paboTa ¢ HaMIThIO OrPAHUYUBAET IPOU3BOIU-
TEJIbHOCTH) UTEPAIMOHHBIX METOJOB PEIeHHs] CUCTEM JINHEHHBIX ypPaBHEHUI
nceaenosana Ha V100 m A100.

B [229] 6b11 co3maH HU3KOYPOBHEBbIN CHHTETHIECKUH TECT, IPUMEHEHHBIH
JIJTs OTIpeIeJIEHUsT TPOU3BOINTEIBHOCTH U dHEpromorpedbienus cepepa DGX
A100 ¢ Bocembio GPU A100 u cepsepa DGX-2 ¢ 16 GPU V100 ¢ ucnoanb3oBaHreM
JIMHAMWYECKOTO MAaCIITabUPOBAHNST YACTOTHI U HAIpsiKeHus. st m3amepennst
[IPOM3BOIUTEILHOCTH IIPUMEHSIJICS TECT ITPOU3BOAUTETLHOCTH C IIIABAOIIEH
sanstoit Mandelbrot [230], peaiusosannbiii Ha CUDA PTX, maromuii Mak-
CHUMAJIbHYIO TPUOJINKEHHOCTh K IMMKOBBIM ITOKA3ATEJSAM U3-3a BBICOKOIO
pacrapaJijie/IlMBaHus 10 JAHHBIM, IPAKTHIECKN OTCYTCTBUS 33JI€PXKEK BBIIIOJI-
HEHWs M3-3a JIOCTYIa B IIaMsTh ¥ BeTBJIeHUIl. B 3TUX cepBepax IPUMEHSIFOTCSI
64-sanepavie EPYC 7742 usz-3a nognep:kku B Hux PCle-4.0, memocTyHoit
y Intel Xeon. IIpu ontumaabHOi 110 3HEPro3dHEKTUBHOCTH KOHMUTYpAITUT
A100 mocrur juis popmara FP64 sneproaddpekTuBHOCTE Ha ypoBHE 51
GFLOPS/Br u 91 GFLOPS/Br npu pabore 6€3 1 ¢ IpUMEHEHUEM TEH30PHBIX
sIeP COOTBETCTBEHHO [229)].

s obecrieuennst BBICOKON MaCIITaOMPyEeMOCTH TTPUJTOXKEHU BasKHBI
koMMyHuKaruu Mexk 1y GPU B multi-GPU cepeepe u Mex 1y y3iamu Kjacrepa
U3 TAKUX cepBepoB. B uccnenosannu [231], opueHTHPOBAHHOM Ha DEKOMEH/Ia-
TeJibHBIE Mol Irybokoro obydenus (Deep Learning Recommendation
Models, DLRM — mupOKO IPUMEHSIEMbIMU UHTEPHET-KOMIIAHUSIMU JIJTsT TIPE]I-
CKa3aHUIl TOr0, YTO MOYKET [MOHPABUTHCS IMOTPEOUTEIISIM, KOTIa JTOCTYIIHO
MHOKECTBO BAPHAHTOB), HOJIYY€HbI JAHHBIE O IPOILYCKHON CIIOCOGHOCTH TAKUX
KoMMyHuKarwii ¢ npuMenenreM NCCL u MPI st cucrem, comepxarmumx A100 u

V100.

TecTbl NPOILYCKHO# criocoGHOCTH maMsTu. JIaHHBIE O TPATUITNOHHBIX
TeCTax MPOU3BOIUTEIHLHOCTH MOYKHO HAYATH C TECTOB MIPOITYCKHOMN CIIOCOOHOCTH —
OHA OY€HDb YaCTO JIUMUTHUPYET IPOU3BOIUTEILHOCTD U BaXKHA JIJIS APYTUX
paccMaTpuBaeMbIX Jlajlee TeCTOB. 31eCh HaJl0 UMETh B BUIY, 9TO U3-3a
Pa3JINYHBIX UCIOJIB3yEMBIX IIPOrPAMMHBIX MOJIEJIel JIJIs OJJHOIO U TOI'O YKe
TeCcTa MOTYT IOJIYYaThbCsS PA3HbIE YUCJIEHHBIE PE3yJIbTAThl. SIPKUM IPUMEPOM
sTorO sBNsiercss BabelStream™ [232], KOTOpBIil sABJIAETCA «IIEPEHOCOM»
mupoKo ucnobyemoro yist UM recra STREAM (cMm., HanpuMmep, JaHHbIE [T
ARM-nporeccopos [5]).


https://github.com/UoB-HPC/BabelStream
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B BabelStream e yunTbiBaeTcs BpeMsi Iepeiadn JaHHBIX MEXKJLy XOCTOM
U YyCTPOMCTBOM, U OH MMEET PeATM3AlNN MPAKTUIECKH HA BCEX MCIIOJIb3YEMBIX
Jutst GPU Mojiesisix TIporpaMMupoBanus. 11o cpaBHEHUIO C KJIACCUIECKUM
crangaprabiM Tectom STREAM [233] B BabelStream no6asiien eme Tecr
HA CKAJIIPHOE IMIPOU3BEJEHNEe BEKTOPOB, U CIEJAHBI HEKOTOPbBIE IPyTHe
momudukanuu [232].

B [234,235] nosyuennble JaHHBIE O IPOILYCKHON CIIOCOGHOCTH JJIsi BCEX
TecroB BabelStream jijist pasHbIX pasMepoB MacCUBOB ITOKa3bIBAIOT OOBIYHO
cymecrBernoe yeckopenue A100 ornocurensao V100. [Iyis MmaccuBa pazmepoM
8,2 I'b V100 mocruraer B srux recrax or 800 mo 840 I'B/c, a A100—or 1,33
10 1,4 TB/c. Xorst jyist maccuBoB HebGourbmioro pasmepa A100 uMeer MeHBIILYIO
MIPOIYCKHYIO CIIOCOOHOCTH, deM V100, 1j1si MaccuBOB OOIBIINX PA3MEPOB
A100 mus 6onpmuHCTBA TecToB BabelStream 6sictpee V100 npumepno B 1,7
pasa [234]. Hajio nuMeTh B BH/LY, 9TO 9TH JAHHbBIE ObLIN [OJYUEHBI BCKOPE M0CJIe
nosiBiieanst A100 u oTHOCsATCs, 0OUeBHIHO, K niepBoit mojean A100-40GB, a
ucnoJib3oBajiack Toryaa Bepcusi CUDA 11. AHajioruyHbie JaHHbIE JJIsT TPOILYCKHOM
criocobrocTH BO Beex Tectax BabelStream ¢ mcmosib3oBanneM pasHbIX pasMepoB
maccnsos s A100 u V100 upencrasienst B [173].

B [42] mostyueHs! JaHHBIE JJIsi IPOILYCKHO CocOGHOCTH (¢ OOBIIHBIM
dbopmarom FP64) Beex 5 nporpammusix saep BabelStream: copy (ali] = bli]),
mul (a[i] = b * c[i]), add (a[i] = b[i] + c[i]), triad (a[i] = b[i] + d * c][i]), dot
sum (= sum + ali] * b[i]) —u mra KaxKOro U3 HUX Ha 5 PA3HBIX MOJIEJISAX
nporpamyuposanust, st A100 (Ha cepsepe ¢ nByms 64-suepabivn EPYC 7TH12
+ 4 A100-40GB) u mya V100 (ua cepsepe ¢ aByms 20-snepubivu Xeon Gold
6230 + 4 V100-32GB). B recrax npumensuiocs no oguomy GPU. B kadecrse
€JINHUIIBI OTCUETA, JAIOIIENH MAKCUMAIBHYIO MPOMYCKHYI0 crocobrocTh A100 u
V100, 6buta B3siTa nosydennast mpu CUDA-BapuanTe BabelStream.

Hamr ananus ganuerx [42] nokassiBaer, 4To BO Beex Tecrax u3 BabelStream
¢ ucnosibzoBanneM OpenMP u Kokkos na A100 npubsmzkenne k CUDA-3HAYEHUIO
B npornieHTax Gimke, uem Ha V100 (3a nckimouennem add u triad B8 Kokkos), a
JocturaeMoe mpubsmkenne K CUDA-TOKa3aTeIsIM BBITJISIIAT TTPUEMIIEMBIM.

Bo muorom rectbr BabelStream maror yimobHYH0 BO3MOXKHOCTB COIIO-
crapjieHnst 3(OHEKTUBHOCTH PeAJIM3AINY PA3HBIX IIPOrPAMMHBIX MOJIEJIeH
pasubx GPU. Hampuwmep, B [236] cnenana Fortran-peammsanus BabelStream
¢ ucroab3oBanueMm npumeHnMbIx 11 GPU cpeacts DO CONCURRENT
n3 Fortran-2008, 4aTo sgBsIeTCA TOMOJTHEHUEM K JPYTUM BO3MOXKHOCTIM
paborbl ¢ GPU Ha Fortran— ¢ nupumenennem cpegcrs OpenMP, OpenACC wiun
CUDA Fortran. ComocraBuresibHbIE JaHHBIE IPOU3BOINTETHBHOCTH PASHBIX
peasm3zaruii BabelStream 6butn mosydenst g A100-40GB u A100-80GB.
C ucnoas3osanuem NVHPC 22.7 qa A100-80GB na C+-+ u Fortran Bo Bcex 5
tectax u3 BabelStream Obura mosyuena mpomyckHasi CIloCOOHOCTb HA YPOBHE

1,7-1,8 TB/c.
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[Ipu 9TOM JOCTUTHYTBIE BEJIMIUHBI POIyCKHOMN criocobroctn Ha OpenMP
u CUDA-Bapmanrtax C-++ u Fortran npakrudecku coBragainu (MaKCHMAJIbHAs
Pa3HUIA OKOJIO OJHOIO IIPOIEHTA), 38 UCKJIIOYEHUEM IIPOrPaMMHOro aipa dot,
rae CUDA C++ 6611 Ha 13% memyiennee CUDA Fortran (mocste nsmeneHust
mapamerpa HacTpoiiku BabelStream orcraBanme C++ yMeHBITIIOCH 10
OJTHOTO IIPOIIEHTA).

B nanmom 0630pe cucreMaTndeckoe paccMoTpenne 3pOEeKTUBHOCTH
PA3IUYIHBIX MOjesIell mporpaMmupoBanus Ha GPU He POBOJUTCS, U 9TU JAHHBIE
OBbLI TIPUBEEHbBI JIjIsl WITIOCTPAIAY TTOAJEPKUBAEMOI0 aBTOPOM JAHHOT'O
0630pa MHEHHUsT aBTOPOB [236] 0 HeZOCTATOUHOIT AKTUBHOCTH PA3BUTHST MOJIeJIed
IPOrPAMMHUPOBAHUS C IPpUMeHeHneM cpeiicTB Fortran siis reTeporeHHbIX
apxuterTyp. CylecTBeHHO 60J1ee BBICOKHE MOy YeHHbIe B [236] mokasaresnn st
A100 B BabelStream no cpasaenuto ¢ [234,235| B mepByio ouepenh CBI3aHBI
¢ npuMeHeHueM B [236] Gostee coBpemenHoit mogesn A100 (B A100-80GB
[POIYCKHAsI CLIOCOOHOCTD MaMsATH Bbie); B [237] rect BabelStream triad man
1732 I'B/c moa A100-80GB uporus 1399 I'B/c mia A100-40GB.

JlaHHBIE O JOCTUTAEMON TPOIIYCKHON CIIOCOOHOCTH TaMSITH st 3a7ad U1
He MeHee BaxKHbI, ueM Jyist HPC. B [231] npeioxken HaGOp TeCTOB JIs 3a/1a4
DLRM, KOTOPBII BKJIIOYAET CIIEIHUAJIU3UPOBAHHBIA Ha DLRM TecT IIpOoIryCKHOI
CIIOCODHOCTH TTAMSITH, TIIe OHa OIEeHUBaeTcs mpu pabore ¢ popmaramu FP32 u
FP16. Hust A100-40GB 6bL1a J1IoCTUTHYTa IPOILYCKHAsT CIIOCOOHOCTH 0KOJ10 1,4
TB/c pna FP32, mua FP16— nemuoro auxke. dia V100 ¢ FP32 nocruraercs
6omee 800 MB/c, a ¢ FP16—menee 800 MB/c [231].

YuurbiBas pabOThl CO CMEIIAHHON TOYHOCTBHIO B TEH30PHBIX sIJIpax,
COOTBETCTBYIOIINE TOKA3ATEJN IIPOIIYCKHON CIIOCOOHOCTH HAMSITH UCIIOIB3YIOTCS
JJIsSE OIITUME3AIK PabOThl AKTUBHO PAa3BUBAEMOIl TiepeHoCcHMOit Ha, GPU pasHbIX
NpPOM3BOAUTENEH GUOIMOTEKN pa3perKeHHON smHelHoi anrebper Ginkgo [173].
B [238] umerorcs nannbie o npounssogurensHoctn A100 Ha Tecte mixbench,
B KOTOPOM MPUMEHSIIOTCS IIPOTPAMMHEBIE sI/[pa CO CMEITAHHON BBIYUCIUTETEHON
UHTEHCUBHOCTHIO (OTHOIIEHWEM UHCJIA BBIOJHEHHBIX OMEpaIuii ¢ miasaomed
3alATON K YMCILy II€PEeJIaHHbIX OAWTOB) 1Jisd PasHbIX (GOPMATOB JAHHBIX U
C PA3HBIMH IIPOIPAMMHBIMU MOJIeNIsiME [239)], UTO JaeT U OIEHKHU HPOIYCKHOM
CIIOCOOHOCTH. DTO AKTyasbHO B OCHOBHOM Jiist U/ U 371€Ch HE PacCMaTPUBACTCH.

IIpousBonuTenbHOCTh B auHelHo# anre6pe (BLAS). Kak u B gpyrux
TecTax MPOU3BOIUTENBHOCTH MjIst GPU, mJis 3a/a1 JTUHEHHON airedphl MOSTBUICS
ps uctob3yemMbix B GPU 0cOOeHHOCTEl, OTJIMYHBIX OT TPAIAITUOHHOIO
UCI0Jib30BaHus Ha LIl. 9TO CBA3aHO B OCHOBHOM C YACTBIM HCIIOJIb30BaHUEM
6ostee HU3KUX (POPMATOB TOYHOCTH U IOJJIEPYKKU OIEPAIUIl ¢ MAJEHbKIMEI
MaTpPUIIAMU B TEH30PHBIX dAJpaxX, 9TO B IEePBYIO OYepeab aKTyaJbHO JJId
3as1a4 WM. 1o npusesio K BLAS IOHUXKEHHON TOYHOCTHU, & TAKXKe K CO3IAHUIO
[AKEeTHON JINHEHHO! ayireOpbl (penieHue MHOIUX 3a/1a9 JIMHEHHON ajirebpbl
C MaJICHbKUMHM HE3aBUCHMBIMHU MaTPHUIIAMU; Pa3Mep MakKeTa 371eCh— YUCJIO
matpur; B HeM) [240].
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Co0TBETCTBEHHO TOSIBIJINCH CIIEIMAIN3UPOBanHbIe Jjist GPU 6ubinoreku
JuHeitHOH asrebpol (31ech B IEPBYIO OYepellb UMEIOTCS BBULY He GUOIHOTEeKN
dbupm-pazpaborankos GPU, a 6ub/imoTekn, OpUEeHTUPOBAHHDBIE HA PaboTy
¢ GPU pasHbIX [IPOU3BOJUTEIEl) — U HOABJIAIOTCA CTAThHU, [I€ UCCIELYyeTCs
[IPOM3BO/IUTEBHOCTh PabOTHI CO CPEJCTBAMU ITUX OUOJIMOTEK.

31ech ciaeayer OTMETUTD YIIOMSIHYTYIO Bbilie Oubsmoreky Ginkgo st
Pa3PEKEHHON JIMHEIHOI aJireOphl; JaHHBIE O TOCTUTAEMOIl TPON3BOIUTEILHOCTH
Ha A100 ¢ ee npumeneHnem umerorcs B [173,234,235,237,238]. Tna
MAKeTHO! JIMHEHHON ajrebpbl mpuMeHnMa n3BectHasi obubamoreka MAGMA
MOJLYJIH KOTOPOIii MOKA3BIBAJIU IIPOM3BOAUTEHHOCTD BhIIIE COOTBETCTBYIOIIAX
MoysIel 6ubnoTeK nmpousBoauTesieit GPU; JaHHbIE O ee TTPOU3BOAUTETHHOCTH
npu pabore Ha A100 npejcrasiensl, HaupuMep, B [234] u [241]. dnsa
9K3aMacTabHbIX Bblancienuii nossusiack oubamoreka libCEED mnenrpa CEED
(Center for Efficient Exascale Discretizations) MuHHCTEPCTBa SHEPIeTUKY
CIIIA, rue Ha TeH30pHBIX giapax GPU Nvidia mocTuraercst mpou3BOIUTEBHOCTS,
G/M3Kasi K IIUKOBBIM 3HAYEHUAM [242], HO COOTBETCTBYIOIMINE KOJMIECTBEHHbIE
rokKasareJin B 310l pabore orHocsiTest He K A100, a k V100.

AHaJIM3 IPOU3BOIUTEILHOCTH I 3324 IJIOTHON JIMHEHHON aJirebpbl
ecrectBeHHO HavaTh ¢ GEMM, 1OCKOJIBKY TOJIBKO 9TO JaeT BO3MOXKHOCTH
JJOCTUZKEHU A MaKCHMaJIbLHO IPOU3BOUTE/IBHOCTU TIPpU pa60Te C TEH30PpHbIMU
sapavu A100. Ho BenepcrBue npuniunuaibaoi Bakaoct GEMM u paboTs
C TEH30PHBIMU sapaMu 0b1me ocobeHHocTr 31oro it A100 ObLIn y2Ke
MIPOAHAJIM3UPOBAHBI BhINE B Havase pazzeia 4.1.4. 3aech paccMaTpuBalOTCst
yOJIMKAIUY, JTAFOIe YUCIeHHbIE OlleHKH mpou3BoauTeabHocty GEMM
¢ pa3HbIMU (HOPMATAMH JTAHHBIX.

B [222] upuBesieHbl JaHHbIE O [IOJIyYEHHON IPOU3BOIUTEILHOCTH JIJIs
YMHOYKEHUsI MaTPHIL, pa3Hbix popMaros gaHHbix Ha A100 u V100 mjist mpumepos
nporpaMMHbIX siep CUDA ot Nvidia. 37ech He crosiyia 3ajiava ONTHMUABAIIH,
HCIIOJIb30BAJINCh HETUIIMYHBIE I TPAJUIMOHHBIX 3a1a4 HPC HeboIbIme
Pa3MEPHOCTHA MATPHUIL, U ITO TOJIHKO MILIIOCTPUPYET TOT (PAKT, YTO MOKHO
HCIIOJIb30BATh KOJI YMHOXKEHUsI MAaTpuIl, KOTophbiit Oymer #a V100 BBIIOJHSTHCS
obicTpee, vem Ha A100.

B pyxosoacrse Nvidia 1mo yMHOXKEHUIO MATPHIL I 38039 TJIyOOKOTO
o0yuenusi [217] nmokasaHo, KaK CHJIBHO BO3PAC/a HPOM3BOJUTEIHLHOCTh
GEMM c FP16 na V100 upu nepexojie or cuBLAS v10 k cuBLAS v11, uro
UJLTIOCTPUPYET OBICTPBIA IMIPOTPECC JIaXKe B CTAOMJIBHBIX ITPOrPAMMHBIX
cpencrBax Nvidia. B aToM pyKoBO/ICTBe TPUBEIEHBI U THIIMYHbBIE 3aBUCUMOCTH
npoussogurebaocta A100-SXM4-80GB mia takux GEMM ot pasmeprocTeit
MAaTPHII.

B [231] B nabop Tecros nus DLRM Bkiouen tect it GEMM, u unc-
noJtb3yrorcst Bbr3oBbl GemmEx u3 cuBLAS. g V100 ¢ FP32 stor Tect
OTHOCHUTCS K paboTe ¢ BeKTOpHBIME siapamu FP32, a 1 cMenanHoit TOYHOCTH
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¢ FP16 — ¢ renzopubivu siapamvu. JIiast A100-40GB Tect ¢ TeH3opHBIMEI
sITPaAMU JIOTIOJTHUTENIBHO BKodaer paborsl ¢ TF32 u BF16. Ho npusoaumbie
B [231] JOCTUTHYTBIE BEJIMYMHBI TPOM3BOJUTEIBHOCTH OTHOCATCS K TIAKETHOMY
apuanTy GEMM (cm. pucynok 8; BS Ha manHOM pHCyHKE — pa3sMep I1akeTa),
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PucyHok 8. Ilpom3BoauTenbHOCTHL TTAKETHOU peaTM3AINN
GEMM — ¢ BozoBamu GemmEx u3 cuBLAS (pucyHok u3 [231])

9TO CBSI3aHO ¢ HEOOJIBIMMMHU (YKA3AHHBIMA HA PUCYHKE) Pa3MEpPaMH OTJIEJIbHBIX
marpui. Ha srom pucynke Buno, uro npoussomureabuocts A100 ¢ FP16/BF16
B pa3bl bousbiie, gem y V100 ¢ FP16, uro cooTBeTCTBYeT OCHOBHOI OpHEHTAIINT
coBpeMeHHBIX GPU B nepByIo odepeZib Ha 3aja4u UU.

Ho npouszsomurenbrocTs makernbix BapuantoB GEMM ucciaenoBamacs u
st bopmara FP64. Jlamuble, MOKA3bIBAIOIIME CYIIECTBEHHBIN POCT ITPOM3BO/IN-
tesbHOCTH Tipu BhinojiHeHnn DGEMM B nakerHoM pekume Ha GPU, umeroTcst
B [242]. ITakernbie BapuanTsl DGEMM nist tunosbix 3aaa4 HPC, MOXKHO
CKa3aTh, paHee He MCIOIb30BAJIICh— B TOM CMBICJIE, 9YTO COOTBETCTBYIOIINE
HCCJIETOBAHUS TOJIBKO HAYAJM MOSBJISTHCS B MOCIETHAE JIET ECITh. 3/€Ch Ce-
JlyeT OTMETUTDH PeIlleHIe YPaBHEeHUs IHIPOJIUHAMUKN CXKUMAEMBIX KUIKOCTeN
C KOHEYHBIMH JIEMEHTAMH BBICOKOTO Hopsijika [243] (cM. Takxke [244,245]).

B sagadax BerancauresnbHoi xumnn nakersoe DGEMM ucnonb3o0BaHo
B U3BecTHOM KoMILTekce nporpamym CP2K s pacdeToB KBAHTOBOXMMUYECKIM
MeTonoM DFT ¢ IIeproIMIecKIMI TPAHIIHBIMEA YCIOBHAME B GA3UCE TIOCKUX
BosH [246]. B [247] ormedena 3¢ beKTHBHOCTD MAKETHOrO yMHOYKEHUST MATPUIL
JIJIS PACYeTa MATPUIIBI TIOIIAPHBIX PACCTOSHUIL, UCIIOJIBL3YEMOH B 3a/1a9axX
MOJIEKYJISIPHO TUHAMUKHY.

TTosiBnenne B A100 mommepkku FP64 TeH30pHBIMEU siApamMu MOXKET
CYIIECTBEHHO YCHJINTH akTyabHOCTh nakernoro DGEMM. Ho npumenenune
9TUX CPEACTB ceifuac B OOJIbINNEN CTEIeHN OTHOCUTCH K CTauu Pa3paboTKu,
BBISICHEHUSIM, [JIe 9TO MOXKHO KCIIOJIb30BATh, YTO 0TOOPAYKaeTcss U B COBPEMEH-
ubix paborax. Tax, B [248| cuenan BbIBOZ, O 11€/1€COOOPA3HOCTH IIPUMEHEHMSI
makersoro DGEMM B CFD-npuioxkenun Nektar+-+.
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B [249] B y3nax cyuepkomubiorepa Vega (B Uucruryre undopmaruku,
Caosenust ), cogepkammx 1o asa UM (64-aaepusix EPYC 7TH12) u no yersipe
A100, mpoBeseHbl pacueTsl ¢ IpUMEHEHeM KBaHTOBOro Metojga Monre-Kapiio.
Xors Bpemst oneparun B makerHoM GEMM 6b110 HuzKe, B IPEIJI0sKEHHOM
B [249] noxxone x pacuery merogom Monre-Kapso ¢ npumenernem MPI-
pacnapaJsenuBannsa 3amad GEMM obimast Tpou3BOUTEILHOCTh BCETO
MOJIEJTAPOBAHUST OKA3AJI0Ch HAMHOTO BBIIIE, YeM ¢ IIPUMEHEHUEM aKeTHOrO
DGEMM. Ho B 3r10it paboTe T€H30pHBIE s/Ipa HE UCIOJIb30BAJINCH.

[Tonep:xka nakernoro Bapuanta DGEMM umeercst B pa3HbIx 6ub/imorekax
mast A100. B [234] mocturaemas na A100 Ipon3BOUTEIBHOCTE MTAKETHOTO
DGEMM wucciieioBana ¢ ucnosb3oBannem cpeacts MAGMA u cuBLAS
(CUDA 11.0). Idna 3amau zebosbiioro pazmepa nakerusiii DGEMM MAGMA
nmocruraer 2,4/1,6 TFLOPS st A100/V100. 910 na 33/60% Goicrpee, yem
B CUBLAS, 9TO CBSI3aHO CO CIIENUAILHON ONTUMU3AIMEH JJIT MAJEHBKUAX MATPUIL
B MAGMA. Ilpu srom nakernas peaymsanus DGEMM 8 MAGMA rensophbie
sJIpa He UCHOJb30BaJa (B orimune or cuBLAS). Ho Ha Gosiee KpyIHBIX 3ajadax
cuBLAS gocrurana 18/6 TFLOPS aya A100/V100 (noapoGuee cMm. pucyHok 9,
rJIe MpeJICTaB/IeHa TAKIKe MPOU3BOUTEILHOCTD JIPYIOii MOAIporpaMMel u3 BLAS,
DTRSV); B nesom na nmakernom DGEMM A100 6sictpee V100 mo 1,5 pa3
B MAGMA u 50 3 pa3 B cuBLAS [234].
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Busmo, uro B cuBLAS-BapuaHTe P 3TOM JOCTUTAETCS XOPOoIiee MpuoJIn-
JKeHre K TUKOBOH TeH30pHoit mpoussoguressbHoctn A100 nyia FP64.

B [234] npencrasnens Takzke JaHHbIE 0 Ipou3BoauTeasHOCTH A100 1
V100 B peanuzannsx MAGMA u cuBLAS mug nmakerubix BLAS DTRSV u
daxropmzanmu LU 1 QR (B LU u QR na A100 MAGMA onepexkana cuBLAS
upu Beex pasmeprocTsx, a B DTRSV —ronbko Ha cpenHux).

s 3aBepiiennst 0O6CYKIeHUs 37eCh IPON3BOIUTEIHHOCTH B 3a0a49axX
nakeTHo! JsimHeiHoi asreOpbl Ha A100 cirefyer yka3aTh JAHHbBIE O TPOU3BO/IH-
TesibHOCTH TIpuMeHsieMoit QR~dakTopuzaruu mI0THBIX MATpUIl ¢ opMaTaMu
FP64 u FP32 [241|. Hausbiciiue qaHHBE IO TPOU3BOIUTENBHOCTH € CHIIBHBIM
OIIEPEKEHNEM BCEX AJbTEPHATUB 3/IECh JOCTUTHYTHI C IPUMeHeHneM OnbInoTeKn
MAGMA. JlocTurayTbie acCUMITOTHIECKHE IPOU3BOIUTEILHOCTH (Gosbie 2,6
TFLOPS s xBagapatabix Marpur, FP64) nasekn or TeopeTnvecKux MUKOBBIX
3HAYEHU TIOTOMY, 9TO pa3Mepbl MaTpurl jist naketHoit GEMM HeocTaToumno
BEJIMKH.

U3 apyrux mybsmkarmii orHocuTeabH0 BLAS Ha A100 HEOOXOMINMO OTMETHUTE
naHHble [238] 1u1st MoXKeT Jaxke Gostee pacipocrpanensoro (vem GEMM)
B HPC yMHOXKeHHUsI MaTpUIpl Ha BeKTOp (mporpammuoe sapo GEMV) n
LISl CKAJISIPHOTO IIPOM3BeeHus BeKTOPOB (nporpammuoe aiapo DOT)—cwm.
pucyuku 10,11. 3aech mocruraemasi Ipou3BOAUTENIBHOCTD it FP64 u
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Pucvynoxk 10. IIpoussogurensuocts A100 npu yMHOMKEHUU
MaTpulpl Ha BeKTop (pucyHok —u3 [238])
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PucyHok 11. Ilpomseomurensrocts A100 mpu CKaJasgpHOM IPOU3-
BEJIEHUH BEKTOPOB (pUCYHOK u3 [238))

FP32 ¢ npumenenneM crenuaabHBIX CPEACTB JOCTYIIA K MaMSITH JIJIsT PA3HBIX
dbopmaros nanubIx 6ubnnorekn Ginkgo (Ha PUCYHKAX MOMETEHO KAK accessor)
nist A100 m V100 comocrasiieHa ¢ jgaHHbIMU CUBLAS. 31ech BUIHO, KAk
cymecrenno A100 omepexkaer V100 1m0 mpou3BOAUTETHHOCTA B PA3HBIX
peasmszaiusix BLAS. AHajornuHble pe3ysIbTaThl 1oJydeHs! B [238] muis xpyroro
MOJLYJIsSI YMHOYKEHMsI MaTpuUllbl Ha BekTop n3 BLAS, TRSV.
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Yro Kacaercst paboThI ¢ pa3peKeHHbIMI MaTpuiiamu, To st A100 ectsb
P myOIMKanyil ¢ JaHHBIMU O IIPOM3BOAMTEILHOCTA YMHOXKEHUST Pa3peXKeHHON
Marpuipl Ha BeKTop (SpMV B BLAS), 4TO aKTYAJIbHO JUIsl PASHBIX IPHUIIOXKEHHI].
B [173,234,235] u [238] npecrasiensl JaHHble 0 nponssoguTesroctn A100
u V100 gz SpMV B dopmare FP64. Ho pesynbrar 31ech 3aBucuT u ot
BBIOpaHHOro hbopMaTa IPEJCTABICHUS PA3PEXKEHHOCTH, U OT KOHKPETHBIX
OTOOpAHHBIX B TECTE MATPHIL, M, €CTECTBEHHO, OT MUCIIOJIH3yeMOil ONOITMOTEKHN
(3zecy npumensiinck cuSPARSE u Ginkgo), u Ha «MakpoypoBHe» He Tak
nadopmaruer. OTMETHM JIUITh MAKCUMAJBHO JOCTUTHYThIE TPOM3BOIUTEIHHO-
cru 220 GFLOPS u 135 GFLOPS na A100 u V100 coorsercrsenso [173], aro
6JIM3KO0 K 0XKHJIaeMbIM (BEpOsITHO, B roofline-monesmposannn) aBropaMu 1o
crarbu BepxauM rpasunam 230 GFLOPS u 140 GFLOPS coorBercrBerHO.

TTockobKy BBIOOP ONTUMAJILHOTO (bopMaTa XpaHEHUs! PA3PErKEHHBIX
MATPHUIL TAKXKE SIBJISIETCS HETPUBUAJIBHON 3ajadeii, B [250] mis ee pererus
ra A100 u V100 66110 TIPEIJIO’KEHO TPUMEHATH MaIlnHHOE 00y JeHue.

Bricrpoe npeobpasoBanue @ypoe (ElI®). Barknble qaHHbIE O IPOU3BOII-
tesbHOCTH A100 Jaer JocTuraemasi IIPOU3BOAUTENBLHOCTD BII®, akTyabHOTrO
JUTst pasHbIX 3a7a9 1 HPC, u M. B [251| neMOHCTPUPYIOTCsI JaHHBIE O TPOU3-
pogureabHOCcTH A100 ¢ npumenerueM cosznanHoi 6udauoreku SYCL FFT
o cpaBuennio ¢ cuFFT. Xora SYCL FFT omguosnauno ycrynaer cuFFT
10 TPOU3BOAUTENLHOCTH, 1eab paspadbordaukos SYCL FFT — nepernocumocTs
Ha GPU pasubix npouspomureseii. [Ipu arom orcraanme SYCL FFT Bo
MHOIOM CB#I32HO € GOJIBIIUMY 33ePKKAMU Ha 3aIyCK (JUCIEeTYEPU3AIUIO) UX
[IPOTPAMMHBIX SJI€D, UTO JJIs 3371249 OOJIBINON PA3MEPHOCTH MEHEe BaXKHO.

Hpyroit opueHTHpOBaHHOI Ha paboTy ¢ GPU pa3HbIX pa3pabOTINKOB
6ubsimorekoii BII® siByisieTcs 6ubIMOTEKA C OTKPBITHIM HCXOAHBIM KOjtoM VKFET,
JIQHHBIE O Ipou3BoauTenbHocTH KoTopoit Ha A100-40GB umerorca B [252].
B VKFFT nonnep:xuBatorcs JIaHHbIE JTBONHON, OJUMHOTHON U TTOJIOBUHHOMN
TOYHOCTH, & JIOCTUraeMasi mpou3BoauTeabHocTh Ha A100 00BIYHO OOJIBINE, YeM
c cuFFT [252].

B [253] paspaborana 6ubianoreka tcFFT Jyist OfHO- U JByXMepHOro BII®
¢ UCIOJIb30BaHmeM TeH30pHBIX saep. [Ipu padore ¢ FP16 tcFFT npesocxomur
uo npoussoguresbaocTu cuFFT (¢ CUDA 11.0) B oxrOMepHOM U J(ByMepHOM BII®
kak Ha A100, rak u na V100 (uckirogerue — ogHoMepHblii BII® ¢ HeGosbIInMU
pasMepHocTsivu). B [253] mokazaHo u cyImecTBEHHOE MPEBOCXOCTBO MO MPOH3-
BoguresibHOCTH B A100 oTHOCHTEIbHO V100 j1y1s1 0JTHO- U AByXMepHOro BII®;
9TW JAHHBIE WITIOCTPUPYIOTCS HA PUCYHKe 12 1uist aByxmepHoro BII® [253].

BeraucaunrenbHass XUMMUSI:

(A) Mosnexyaapras dunamura. 3a7a9u MOJIEKYJIAPHON TUHAMUAKHU CTAJIT
BBICTYIIaTh B KadecTBe KJIACCUYECKUX, OJHUMHU U3 NIEPBBIX JEMOHCTPUDYeE-
MBIX TIPUMEPOB POCTA, ITPOU3BOAUTENLHOCTH GPU X paspabOTIMKaAMUT.
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Pucynok 12. Ilpoussomurenbuocts cCUFFT u tcFFT ma V100 u
A100 (pucynok u3 [253])

Tak, B [190] ykasbiBaercst Ha POCT IIPOU3BOIUTEILHOCTU B U3BECTHBIX
npuioxkerusix MoJiekysspraoit quaamukua AMBER, GROMACS, NAMD
u LAMMPS B 1,5-1,9 pasa na A100 o cpasuenuo ¢ V100 (1,9 pasa
orrocurcss Kk LAMMPS).

[HonpobHBIM U TIyOOKUM HCCJIEIOBAHUEM, ITOCBSIIEHHBIM TPOU3BOII-

resibHocT LAMMPS B pacdyerax pa3jiudHbIX MOJIEKYJISPHBIX CUCTEM
¢ IPUMEHEHNEM Pa3HBIX MMOTEHIUAJIOB U pasHbix GPU, B ToMm uucye A100,
siBsisiercst [254]. 3mech ucnonbsosadcst Kiaacrep u3 multi-GPU cepsepos
(HPE/Cray EX B Boruuciuresnbuoii cucreme Airforce Weather, AFW
HPC11). B 6asuposasmuxcs Ha A100 y3/1aX UCIIOIB30BAHO 110 OIHOMY
64-snepuomy EPYC 7713 u no wersipe A100-40GB. LAMMPS jyis
TOJIJIEPYKKU TIEPEHOCUMOCTH KOJA UCIOJIb3yeT MPOrPAMMHbBIE CPEJICTBA
Kokkos, a crarbst HamrpaB/ieHa Ha JOCTUXKEHUE ONTUMAJIBHOIO BBIOOPA
X [IapaMeTpOB, U IPUBOISTCH TOJBKO JIAHHBIE O COOTBETCTBYIOIIEH
OTHOCHTEJILHOW ITPOU3BOIUTEILHOCTH.
Monexyanpnodi dokune. B [42] oy aeHsl TaHHBIE O TPOU3BOIUTEIHHOCTI
MuHU-TIpUoxkenus miniBUDE™ [255] na 6a3e opueHTHPOBAHHOTO
Ha MOJIEKYJISIPHBIN JOKUHT [T 38729 OOHAPY KEHUS TOTEHITHATBHBIX
JIeKapceTB (pacueTsbl KOMILIEKCOB JIMPAHIOB C IIPOTEUHOM ) IIPUJIOKEHUST
BUDE (Bristol University Docking Engine), B koropom n3menenue
CcBOOOIHOM sHeprun ['mbOCa /It CBA3U JIUTAHI-TIPOTENH CUNTACTCS
[PEJIEJILHO IIPOCTO, SMIUPUYECKH (TO €CTh METOJI IIPOIME, YeM MOJIe-
kyJjsipaas mexanuka). BUDE ucxonuo opuenruposasocs ua GPU, a
miniBUDE sddexTusmo nepenocurcs uHa camble pasnble BapuaHThl SDK
ayst GPU. B pacdaerax 3aechk ucnonb3yercsa FP32, u A100 npumepro
na 30% 6nicTpee, yem V100.

Hpyras mporpamma Jyist MosieKyJisipaoro jgokuara, AutoDock, B [256]
6b11a MoziepHI3upoBana J10 AutoDock-GPU ¢ obecrieuerreM BO3MOXKHOCTH
pabors! Ha GPU Nvidia. Tam jyist A100 6b110 HaiieHO JoCTHXKEHNE DojIee
BBICOKO! IIPOU3BOJIUTEIBHOCTH IIpU ucnoab3oBanun CUDA, yem 11pu

pabore ¢ SYCL.


https://github.com/UoB-HPC/miniBUDE/
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Keanmosas rumus. B [198] onncana kapiauHabHas MOJIEPHI3AIINS
aBTOPaMHU [AKeTa IPOrPAMM C OTKPBITHIM MCXOIHBIM KOIOM JIjisi BEIYUCIIU-
reapuoi xumun QUICKY™, naromas BO3MOMKHOCTD IIPOBEICHIS PAacIeTOB
kBanToBoxuMudeckumu Merogamu HF u DFT (maubosiee pacupocTpaneH-
HBIM Ha CETOJIHsI B MHUpE) B rayccoBckoM basmnce Ha multi-GPU cepepax,
B ToMm unciie ¢ A100. OcoBEHHOCTHIO PACYETOB BCEX COBPEMEHHBIX
KBAHTOBOXUMHUYECKUX METOIOB B TAKOM 0a3uCe sBJISETCH HEOOXOIMMOCTH
seranciaenus O(N?) unrerpanos (N-pasmeprnocTh 6a3nca), 4To He
CBOJMTCS K IMUPOKO PACHPOCTPAHEHHBIM MATEMATHIECKAM METOIAM.

OrTu BHIYUCIEHNs (8 TAKIKE COOTBETCTBYIOMIUX IPAJIUEHTOB) TPEOYIOT
OCHOBHOTO Bpemenu pacdera metojoM HF umu DFT. s pacmapasiiennBa-
HHUs 371eCh ObLIN Kcmoib3oBanbl cpeactea CUDA C u OpenMPI. Kaxkaprit
U3 BbIIIEyKA3aHHBIX UHTErPAJIOB OT CIPYIIMPOBaHHbIX (contracted)
6a3uCHBIX (DYHKIMNA PACCUATHIBAETCS OJIHOM HUTHIO Ha PTX-ypoBHE, 4TO
[TO3BOJIMJIO JOCTUTHYTH BBICOKOH MPOU3BOIUTEHHOCTH JJIS TAKON CJIOZK-
Hoil 3amaun. PacnapasuiesmBanne B8 QUICK Bo3MOXKHO OT ypOBHSI OJIHOTO
GPU mo kmacrepa 3 multi-GPU cepsepos. Bee pacderst BoImostHSIOTCS
¢ HeOOXOIMMBIM JJTsT KBaHTOBOM xumun dhopmarom FP64; Terzopubie
SJIpa, He UCIOJIb3YIOTCs M3-38 OTCYTCTBUSI HEOOXOIMMOCTH YMHOXKEHUSI
MAaTPUIL B 9TUX METOJIAX.

[IpuBeierHbIE PE3YJIBTATHI BPEMEH BBIIOJHEHUS PACIETOB JJisi PA3JIAU-
HBIX MOJIEKYJI, COIEPKAIIUX OT HECKOJBKUX JIECATKOB 10 HECKOJIBKUX
coren aromos B Infiniband HDR-knacrepe ¢ yanamu DGX (mo 4 V100
SXM2 ¢ mBymsa Xeon Gold 6248 na y3es) m0Ka3aju BBICOKYIO IIapaJlIesib-
HY0 5 (PEKTUBHOCTD U TPAKTUYECKH JIMHEHHYIO MacCIITaOuPyEMOCTh
npoussoguTesbHocT o1 1 710 16 GPU. Ha cepsepe DGX A100 ¢ Bocembio
A100 napasnensHast 3bdEKTUBHOCTE HEMHOTO HUXKeE, YeM ¢ V100 (y
V100 menbmie SM), HO 3aT0 BpeMst pacdera Hamuoro nmke [198]. QUICK
GpicTpo pasBuBaerca [257-259], a mocTuraeMoe 0UeHb BBICOKOE YCKOPEHHe
B pacuerax 10 DT oTHOCHTEIBHO OOBIYHBIX JBYXIIPOIIECCOPHBIX CEPBEPOB
c x86-64 stenaer ero NMpUBJIEKATETBHBIM U JIJIsI JIOCTATOYHO MACCOBBIX
pacueTosB.

AJbTepHATUBHBIN OIX0 K 06€CIEYEHUIO0 BHICOKO3(D(MEKTUBHBIX
pacdeToB B rayccoBCcKoM Oazuce merosiom DFT ¢ mpumenennem GPU
upeiozkeH B [260] u 611 peanmmsosan Ha A100. B [260] paspaGorans
HOBBIE JITOPUTMBI JIJIsl PACYETOB KYJIOHOBCKUX U OOMEHHBIX BKJIAIOB
B MaTPUILy OJHO3JIEKTPOHHOIO raMuiabTonnana DFT, u co3zana mporpaMma,
reaepupytomasa CUDA-KOIBI (HpOFpaMMHbIe gpa pasHble I PasHbIX
YIJIOBBIX MOMEHTOB). Ha MOJIEKYJISAPHBIX cHCTEMaX PA3MEPOM OT HECKOJIb-
KHX COTeH JI0 00Jiee THICAYN aTOMOB TaM OBLIO IIOJIYyYeHO JJOCTATOYHO
XOpoliee MacHITAOMPOBAHUE IIPOU3BOAUTEIHHOCTH C HCHOIH30BAHIEM [0
128 GPU A100 na cynepkommbiorepe Perlmutter.

Jlpyroii meMoHCTpaIueil JOCTUTaeMOCTH BBICOKOTO YPOBHSI MACIITAOM-
poBaHus pacuapaJueimBanus B Kiaacrepe u3 multi-GPU cepsepos ¢ A100


https://github.com/merzlab/QUICK
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Ha 3a/laUaX KBAHTOBOI XumuM siBjigercsa pabora [261], riae pacderst
OBLIN MIPOBEJEHBI B CYIEPKOMITBLIOTEPHOM IeHTpe Samsung Electronics
(ua cynepkomubiorepe SSC-21, 3anumaromem 20-e mecto B Top500),
B y3J1aX KOTOPOro mpuMeHsIuch cepsepbl HPE ¢ aBymst 32-saeprbivu
EPYC 7543/2,8 I'T'u, namarsio 1 T6aiir u 8 A100-80GB (y3ub! cBsi3anb
no Infiniband HDR200).

31xech 110 pacmmpeHHoMy 110 cpaHennto ¢ DFT meroxy TDDFT
(¢ 3aBUCUMOCTDBIO OT BpEMEHHU, JJIs PAcIeTa BO3OYKIEHHBIX COCTOsI-
HUIT) C MCIIOJIb30BAHUEM T'ayCCOBCKUX OGA3UCHBIX (DYHKIMIA IPOBEIEHbI
pacdeThl MOJIEKYJIbI IPOTENHA, cojiepKaireil coirte 40 ThICSI aTOMOB
¢ ucnojibzoBarreM 70 256 A100. B mporpamme jisi pacnapaJsiieTuBaHust
ucnosbzoaauchk OpenMPI, OpenMP u cpencrsa CUDA Fortran (us
NVHPC SDK 22.3). Ucnonbsoascs omun paur MPI na kaxzpiit yzes, tam
nporneccopsl (onn ceazanbl ¢ A100 gepes PCle) mopoxkaaior d9ucio
uureit OpenMP, pasraoe ancity GPU B y3ie, a jyist obmenus mexry A100
ucnojib3dyercst NVLink. [TosyuenHoe yckopeHre HECUTIBHO OTKJIOHSIETCSI
oT JimHeitHoro MacirabupoBanus BILUIOTh 10 256 A100; maxke mpu 256
GPU adderTuBHOCTD pacuapaJiiennsanus npesbimaer 80% [261].

B eme onHoit paboTe, mpoBejieHHON B pamMkax ECP-ipoekTa [262],
[IpeICTaBICHBI BPEMEHa pacueTa OOMEHHO-KOPPEJISITUOHHON COCTABJISIIO-
ITeil O/THOIJIEKTPOHHOI'O TaMIJIbTOHUAHA KBAHTOBOXUMUYECKOIO METO/IA
DFT ¢ HCIOJIb30BaHUEM I'ayCCOBCKUX OA3MCHBIX (DYHKIHI 110 HOBOMY
nporpamvuomy Komiuiekcy NWChemEx (paspabarbiBaeMoMy Ha OCHOBe
uzBectHOro nporpammuoro komiviekca NWChem). Coorsercrsyromias
JacTh KoJ@a Oblia cuesana na CUDA. B pacuere nporenna (youksurug,
foJ1ee THICAYN ATOMOB) HCCJIEIOBAHA 3aBUCUMOCTD BPEMEHU BBHIYUC/ICHUS
OT 4YHUCJIa UCIOJIb30BABIINXCH IIPpU paclapaJsiesnBanuu GPU Ha cynep-
komnbiorepax Perlmutter (¢ 4 A100 B kax oM y3Je) u Summit (¢ 6
V100 B kazk oM y3ie). s onruMusanuy pacdera pa3paboTaH Kol
Ha yposae PTX, a [yigd ONTUMAaJBLHOIO UCIIOJIbL30BAHUS PACIIPEIC/ICHHON
namMsTu npuMeHsiuch cpejcrsa NCCL/NVSHMEM. Bpems pacuera
BCEX KOMIIOHEHT ITPOTPaMMBI YMEHbIIAETCsI ¢ PocToM ducia GPU 1o 32
[IOYTH JIMHEHHO, IIPUYEM yXY/IIIAIOIe OTKJIOHEHNs OT JIMHEITHOCTH IPH
ncnosb3oBannn V100 memuoro 6ombine. CaMu 3TH BpeMeHa Ha OTHOM
A100 menbie pasa B oaTopa-asa, yem na V100.

BoraucnurenbHast aspo- u ruapogunamuka (CFD). Jlamabie o mpo-

n3BogureabHocTr CEFD-npuioKeHnii IBISTIOTCST TAKUMUT YK€ « TUITTTHBIMEA >
B JOKJaJax Ipoussoguresneil GPU, Kak U JaHHBIE 110 MOJIEKYJISIPHOU HUHAMUKE,
U COOTBETCTBEHHO IybuKanuii ¢ Takumu JanabiMu it A100 mosiBrIoch yxke
MHOTO.

Tak, B [263] Bbruncaenne o nporpamme OpenCFD-SCU nma A100

norpeboBasio 3,036 ceKyHIbI Ha OJUH INAr pacyera 1o cpaBHeHuo ¢ 4,702
cekyumamu Ha V100.
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B [264| upuBoasTcs JaHHbIE O IPOU3BOJAUTEILHOCTH B U3BECTHOM KOJIE
Nek5000/RS, upumensioniem cnenuaan3upoBannyio oubauoreky OCCA
(Open Library Concurrent Compute Abstraction) jgist pasabix Tunos GPU.
Iporpammuste siipa Ha A100 Tam nomnepxkusaor 2,1-2,2 TEFLOPS (FP64)
quist oneparopa [lyaccona u 3,1-3,8 TFLOPS (FP64) g oneparopa ajapexiuu
(GonbIme YucIa B JUAIA30HAX OTHOCATCH K GOJIBIIUM pa3MepHoCcTsM). B mpe-
Jio0ycnaBmBaTesie gaBieHus mpsimoii oneparop llyaccona ma 6osee rpy0ObIX
MHOIOCETOUHBIX ypOoBHAX peasmsyer 2,5-3,9 TFLOPS (FP32), a crmaxusa-
resb IBapua nognepxxusaer 2,5-5,1 TFLOPS (FP32). Coorsercrayoiue
nokazaTresn Ha V100 mpu 3TOM pa3a B MOJTOpa HUKE.

Amnajsiornuanbie ganabie 0 60J1ee BHICOKOM mpousBoauTeabaoctu A100
orHocurenabHo V100 B 1,55 pasa npu pacore NekRS nmerorcst B [265].

B [190] yxazano Ha yBesuuenue npoussoaureabaoctu B 1,7 pasa na A100 or-
HocuresbHO V100 3HaMernToro nporpammuoro kommiekca NASA, FUN3D [266].
ITonsiTHO, YTO 3TO TpEOyeT JOMOJHUTETHLHON MH(MOPMAINK ¢ KOHKPeTH3amuei
pacuera.

FUN3D —sr10 komIekc mporpamm Jisi perenust 3agad CFD ¢ mecTykTy-
PUPOBAHHON CETKOI, MCXOAHO HAMMCAHHBIN Ha Fortran, wacTh TekcTa KOTOPOTO
6bL1a nmeperecena Ha C+-+ CUDA B BHE IPOrPAMMHBIX sIep OMOIMOTEKN
FLUDA, npudem 661710 CO3/IaHO Jarke MIUHU-TIPUJIOXKEHNE. PacdeTsl 371ech
npoBosgTes B opmare FP64 jy1s 601bIMHCTBA IEPEMEHHBIX, U CO CMEITaHHOT
rounocTsio FP32/FP64 nia 3amaa suneiinoii agrebpot [267).

Ha koudepenrun nmo aspoxocmudeckuMm ucciepopanusam 2023 roga 6n11
EJIBI PsiJl MOKJIAJIOB, Iie MPUBEJIEHBI JJaHHbIe 110 Tpou3BoauTeabaocTn A100
B pa3HbIX 3ajadax CFD, B ToM uncse 1o cpasrenuto ¢ V100. B [268] naiizero,
9TO TpU YeTBepTHu obiero BpeMennu Boinosnerus: FUN3D ¢ mpumenenunem
A100-SXM-40GB na cerke ¢ 3,7 MAJIITHOHAME TOYEK 3aHUMAJH [TPOrPAMMHBIE
sipa, CBA3aHHBIE TAaMSATHI0. JlocTuraemast mpon3BOIUTEIBHOCTD KOPPEIUPYET
¢ MPOIIYCKHOM criocobHocThIo, n pacdeT Ha A100 B pamkax obuieii uccseroBa-
TebeKoi Mogesu (common research model, CRM) NASA B 0K0JI03BYKOBBIX
YCJIOBUSX C IIPUMEHEHUEM ycpeHeHHbIX 110 Peitnosbacy ypasnenunit Hasbe —
Croxkca 6bu1 B 1,67 paza 6sictpee, 1em pacder Ha V100-SXM-16GB.

B [269] B a3poMHAMIYECKOM aHAIM3E JJIA SJIEKTPUIECKAX CAMOJIETOB
C BEPTHUKAJHHBIM B3JIETOM W TIOCAIKOI C MOMOIIBIO IIPOIPAMMBI MOZETNPOBAHUS
GoJbInux BUXpedi Ha cucTeMe ¢ BoceMbio A100 BpeMs pacdera ¢ UCIIOJIb30BAHUEM
FP32 6put0 1,4 gaca nmpotus 2,9 1aca Ha cucreme ¢ Bocembio V100.

B [270] BBIIOIHAIOCH MOJIEIMPOBAHKE OOJIBIINX BUXPEH HEYCTORINBOCTH
nmoroka Ha multi-GPU cucremax ¢ yersippms V100 u ¢ Bocembro A100. Janubie
3aBUCHMOCTH IIPOM3BOIUTEHHOCTH OT uncia GPU mist cucrem za A100 u V100
[IOKA3BIBAIOT, YTO IIPU OJUHAKOBOM dncje GPU (10 4) nIpou3BoAUTE IbHOCTD
A100 B pa3ssl BeIle Ipu pabore Kak ¢ FP64, tak u ¢ FP32, u mocruraercs
XOpolllee MacIITabupoBaHue pousBoauTebHocTn 10 8 A100.
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Eme nannsie o CFD-npoussoguresbaoctu cepsepoB ¢ A100 u V100 ua 3roit
KOH(DEPEHIMH TIpeJICTaBIeHsl B [271], a B [272] naHHbBIE 0 MPOM3BOIUTEILHOCTH
moJtyYeHsl Jiyisi cucreM ¢ 4erbipbMsa GPU A100 wim V100.

B [273] upezcraBiiensl jaHHble O IPOU3BOAUTEIBHOCTH pertenus CFD-3a1a4
penteTounbiM MeTooM Bosbimana sa A100 u V100. Pabora [274] nocesimiena
COOCTBEHHBIM YCOBEPIIIEHCTBOBAHHBIM PEATA3AIINSAM PEITETOTHBIX METOIOB
Bousibiimana ¢ conocrasienuem npoussogureibaoctu Ha A100-40GB u V100
¢ ucnonb3oBanneMm FP32 u FP64 u, ecTecTBeHHO, TTOKA3BIBAECT CYIECTBEHHBII
poct npoussonurebHocT A100 o cpaBrenuio ¢ V100.

B [275] upuseienb! jaHHbIe 0 JocTHraeMOl B pamKax nporpamybsl URANOS
npousBouTesbHOCTH TIpu ucnoab3oBannn A100 wimm V100. URANOS pea-
Jsm3oBana Ha Fortran 90 u pacnapasiesnena ¢ npumenenrnem OpenACC u
MPI, npennaznatena Jjiss TOYHOTO MOJEIUPOBAHNS CXKUMAEMBIX TPUCTEH-
HbIX Tevenuii (perrenusi cucrembl ypasaenuit Hasbe-CTokca B TpexmMepHOit
JIEKAPTOBO# CUCTEME OT HU3KUX JI0 BBICOKMX wmces Maxa u Pelinombca).
Pacuersr npoBogminch Ha ABYX Pa3HBIX UTAJIbAHCKUX CYIEPKOMIIBIOTEPAX
¢ V100 B y3nax, u na DGX-A100, rye u 6bl1a 10y IeHa MAKCHMAJIbHAS
MIPOM3BOIUTENHLHOCTh. BO BCEX BBIUUCIUTE/BHBIX CHCTEMAX MAKCHMAJbHAS IIPO-
MU3BOJIUTEIHHOCTD MOJIYUIeHA TIPYU UCIOJb30BAHNN He CTAHIAPTHON pean3aIiun
MPI, a momumepxusarorreit GPU or Nvidia, B KOTOpO#l HCIIO/IB3yeTCs MPsiMOit
0oOMeH JTAHHBIMHU MEXKJIy YCTPOMCTBaMM, He 0OpaIasch K XOCTY.

B [276] st 33181 TOYHOTO MOJIEMPOBAHUS BBICOKOCKOPOCTHBIX MTOTOKOB
B Pa3JIMYHBIX CXEMAaX PEIIeHUs IIPOBEIEHO CorocTaBiieHne 3MMEeKTUBHO-
ctu pasubix GPU Nvidia, B Tom guciie A100 u V100, ¢ npuMmeHeHreM He
Tosibko popmarta FP64 xak ocroHoro, o u FP32. Monenuposanue nryma
cBepx3ByKOBOii crpyn (13 mummnonos siueek, 400000 urepanuii) Ha oHOM
A100 ¢ ucnonbzoBannem CUDA najio pacderHoe Bpems 34,5 daca. [locauras
OTHOIIIEHUST pa3InIHbIX BpeMeH pacderoB Ha A100 u V100, mpuBeneHHBIX
B [276], Mbl nostyunin auanazon yckoperuit A100 ornocuresnsro V100 or 1,4
1o 1,9 pas.

3a,qaqn NCKYCCTBEHHOI'O MHTeJIJIeKTa. qTO KaCaeTCd ITPOU3BOAUTEIIHLHO-
ctu A100 mtst 3aa9 WY, 37€Ch PACCMOTPEHBI TOJIBKO JIBa, C TOYKU 3PEHUS
aBTOpa 0oJiee Ba’KHBIX MCTOYHUKA MAHHBIX. BO-IIEPBBIX 9TO, KOHEYHO, TAHHbIE
0 IPOM3BOJUTENILHOCTH MAIIMHHOTO 06yuenus —TecroB MLPerf training [277];
B MOMEHT HAIMCAHWsT 0030pa aKTyaJbHBIME OBUTH JaHHbIE i Bepenu 2.1 [278].
Huxe paccmarpuBaercss 6ojiee COMMOCTABUMBIIN «3aKPBITHINY pa3esl STUX
TecToB. B paMKax HEro BO3MOKHbBIE JIAHHBIE JIEJIATCS Ha JOCTYIIHBbIE B ODJIaKe,
JIOCTYIIHBIE TOJIBKO JIOKAJIBHO U TIpeiBapuTesibabie. B Tabume 14 npuseaeHb
JIOKAJIBHO JIOCTYIHBIE JaHHBIE O Tpon3BoauTesbHocTa cepsepos ¢ A100. ITo mpa-
BUJIAM PE3YJIBTATHI MOTYT MPEIOCTABIISTHCS JIJIsi OT/IEBHBIX T€CTOB M3 OOIIEro
crucka. Ho 371ech 11e1610 66110 MAKCUMAJIBHOE COIIOCTABJIEHIE, U OT/IEIbHbIE
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JOCTUTHYTble MaKCUMaJIbHbIe BEJIUYUHbI IIPOU3BOJUTE/ILHOCTH 110 KazKJIOMY

73 TECTOB, MOJIYUIEHHbIE PA3HBIMU (hUPMaMU, HE COIMPOBOXK TABIITNECS MHOTTMEI

COOTBETCTBYONIUMU JIAHHBIMU JIJIsI JIPYTUX TECTOB, B TaDJINIE HE IPUBEIEHBI.
TapyiuA 14. IlponsBoguTeIbHOCTH MAIMMHHOTO OOYYIEHUS B Te-

crax MLPerf Training v2.1 [278]. [laHHbIe JOCTYIHBI JIOKAJILHO
(Available on-premise)

Bpems
Samaua Twun GPU, ux 9ucio | pacuera, OrnpaBuresb
MUHYT
Knacenduxams: 1306pa- A100-sxm-80gb, 4 54,956 | Asustek!
N A100-pcie-80gb, 8 30,756 | Asustek?
FREHUL AT100-sxm-80gb, 4 54,231 | Dell®
~ A100-sxm-80gb, 4 49,446 | Asustek!
fgfzzgsziesznunﬂ A100-pcie-80gh, 8 25,855 | Asustek?
A100-sxm-80gb, 4 47,253 | Dell®
Orapyserie oGbeKTon A100-sxm-80gb, 4 161,699 | ASUSTek!
* [ A100-PCIe-80GB, 8 89,137 | ASUSTek?
JICTKOBECHOC A100-SXM-80GB, 4 222,199 | Dell3
R A100-SXM-80GB, 4 78,535 | ASUSTek!
’ [ A100-PClIe-80GB, 8 43,081 | ASUSTek?
THZKEJIOBECHOC A100-SXM-80GB, 4 83,712 | Dell®
A100-SXM-80GB, 4 59,989 | ASUSTek!
Pacnosnasanue peun A100-PClIe-80GB, 8 32,534 | ASUSTek?
A100-SXM-80GB, 4 55,086 | Dell3
A100-SXM-80GB, 4 33,431 | ASUSTek!
NLP A100-PCIe-80GB, 8 24,186 | ASUSTek?
A100-SXM-80GB, 4 32,792 | Dell®
A100-3XM-80GB, 4 3,147 | ASUSTek!
Pexomenanus (DLRM) A100-SXM-80GB, 4 4,309 | Dell®
O6yuenme A100-PCIe-80CB, 8 161,647 | ASUSTek?
C HO,E[erHJ'IeHI/Iel\/I

L¢ EPYC 7773X, GPU TDP 400 Br;
2 ¢ 2xEPYC 7763, GPU TDP 300 Br;
3¢ 2xEPYC 7763, GPU TDP 500 Br;

B tabsuie oToOpaHbl TOIBKO JaHHBIE, OTIIPABATEIH KOTOPBIX MTPEIOCTABILI
pesyibTaThl Mo 7 TectaM u3 8 nmeromuxcst B MLPerf training 2.1. s Bepcun
2.1 mamnable 0 mpou3BouTeabHOCTH V100 OTCYTCTBYIOT, HO KapAWHAJIHHOE
yckopenne A100 oraocurebro V100 MOYXKHO KOCBEHHO OIEHUTDH U3 JAHHBIX
MLPerf training HPC 2.0 [279]. [lonyuennas npou3BoUTeIbHOCTH TECTOB
MO2KET 3aBHUCETH He TOJBKO OT COOCTBEHHO xapakrepuctuk GPU, HO 1 OT
KOHKPETHON HMCHOJb3YEMOI BBIYUCIUTEIBHOU CUCTEMBI U IIPOTPAMMHOIO
obecriedeHns.

3/tech 910 GosbIe He 06CYIKIAeTCsl, HO HUXKe, B pasjene 4.2.6, npeacras-
JieHbl fanuble 0 npoussoguTesbHoctd A100 B HOBBIX Bepcusix TectoB MLPerf—
training 3.0 u apyroro Habopa TECTOB /I BHIBOJA MAIUHHOTO O0yYeHus,
inference datacenter 3.1. Tam npoussourensHocTs A100 comocraBiisiercst
¢ H100 (3Tm maHHBIE CTAIM JOCTYIHBI y2Ke TOCJIE MPAKTHIECKOrO 3aBEPIIeHUsT
paboThl HasL 0630pOM).
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Hpyras nmerorast BaXKHyI0 HHOOPMAIIAIO O TTI0KA3aTesIX TPOU3BO/IH-
resaprOCcTH A100 1151 pasamaabx obacredt UU mybimkanums [231] B y3kom
CMBICTe opueHTHpoBaHa Ha DLRM. Bbuto oTMeweHo, 9T0 9T MOAEIN NMEIOT
HETUITNIHbIE TPEOOBAHUS 110 CPABHEHUIO C [IPYTUMHA TUIAME MOJeIeil TiIybOKOro
obyuenus. B [231] ¢ upumenennem A100 u V100 nosiydeHbl JaHHbBIE JJIs0
Pa3HBIX TECTOB MPOU3BOAUTEIHFHOCTH, B TOM YHUCJIE B KJIACTEPE U3 CEPBEPOB
GPU, 9T0 aKTyaJIbHO Jjis OOJIBINNX BhICOKOMAcIITabupyembix L0, U ciaeraHbl
PEKOMEHTAITNN TI0 BO3MOYKHBIM YCOBEPITICHCTBOBAHUSAM TAKUX MOJIEJIEH.

Bce npuBenennbie JaHHbIE TPOM3BOIUTEIBHOCTH €CTECTBEHHO U OJHO3HATHO
cBUETEILCTBYIOT 0 penmytinecTse A100 orrocuTenbro V100, B TOM 1ncite
B [IPOU3BOUTEILHOCTH, YTO HanboJiee CUJIBHO JOJI?KHO MPOSIBJISTHCsT B HPC-
NPUJIOYKEHUSIX, TPEOYIOMMUX yMHOKeHust Marpull, FP64 u/umu Gobiioi
emroctu nmamsaTu. Orcraanne V100 menbine B HPC-ipuioxkenusx ¢ FP64, me
HCIIOJIB3YIONINX YMHOXKEHUS MaTPUIL B TEH30PHBIX /IpaX: BEKTOPHBIX SIeP
FP64 B onrom SM y oboux GPU oguHAKOBOE YHUCJIO.

4.2. Hoebie GPU Nvidia H100
4.2.1. H100— mukpoapxutekTypHbie peanusayuu Hopper

Ocuoenble nokasaresn, xapakrepusytomnme H100 B conocrasiennn ¢ A100,
npuBejieHbl B Tabsure 10, a pucyHoxk 6 mimocTpupyeT obiee cTrpoeHue SM
B H100, matoree ocHOBBI J1s1 oHMMaHus apxuTeKTypbl H100 u macmrabuposa-
HUS TIpousBoauTebHOCTH ¢ uncyiom SM. Kpome paccMarpuBaeMbix B JaHHOM
o630pe mozesneit H100, Nvidia crama npomssoauts GPU H800, Takke mmeroriue
apxurekTypy Hopper, u ue nogmamarorue nosy caakinuu CIITA B orHOMmMennn
Kuras B cBsI31 ¢ MOHMKEHHBIM 10 IIPUEMJIEMOTO YPOBHEM IIPOU3BOIUTEILHOCTH
B H800. 91u GPU B 0030pe He paccMaTpUBarOTCs; HHMOPMAIHS O HUX JOCTYIIHA,
HanpuMmep, B [185].

Bce npuBoammMble qasee B HACTOSIIEM Pa3Iesie JAHHBIE O MUKPOAPXUTEKTYPE
Hopper u ee peanusamuu 8 H100 ocnosanbt na obiem onucanuu Nvidia [78], a
IpU HEOOXOAMMOCTH OoJjtee MOAPOOHON MHMOPMAIINT TPUBOIATCS CCHLIKH
Ha COOTBETCTBYIOIINE UCTOYHUKH.

Baaronaps nposesennomy Boitie paccmorpernio A100 u apXuTekTypbl
Ampere, nipu anajuze H100 MOKHO COCPEIOTOIUTHCST TOJIBKO HA YCOBEPIIEH-
creoBanugax B H100 ornocuresnsao A100, tak kak obiiee nocrpoenue H100 u
A100, xak u ux SM, npumepHo ofuHakoBoe. ObIIas uepapxust HOCTpoeHust GPU
or ypoBHs SM j10 yposHst nojiHoro GPU y H100 u A100 He oTyimuaercsi, u
HCIIOJIb3yeMasi TEPMUHOJIOTHsI He MEHsIeTCsI: U3 JBYX SM oOpasyercsi Kjacrep
TPC, a u3 nabopa TPC obpasyiorcs KiaacTepbl GPC, koTopsix Ha GPU Bcero 8. Ho
y pa3abiX GPU B 3TOI mepapxuu OTINYAIOTCA KOJNYECTBEHHBIE ITOKA3ATEIIN.

Kak u msg A100, y H100 umerorcsi MaKCUMAJIBHO JIOCTYIIHBIE KOJIU-
YeCTBEHHbIE TI0Ka3aTelH, MojiepKuBaeMble apxurekTypoit Hopper (onn
ykaspisatorest juist GH100). Peassro Nvidia npesraraer jse Mojiesn ¢ pasHbIME
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TapnunA 15. Nurerpansuasie nokazareau GH100 u momeseit

H100

TTokazarenn GH100 H100-sxM5 | H100-PCle
Yucao SM 144 132 114
Yucsio TPC 72 66 57
Yucao GPC 8 8 8
Ko 1.2 60 Mb 50 Mb 50 Mb
Yucso crekos HBM | 6 (HBM2E nsn HBM3) 5 HBM3 5 HBM2E

dopm-dakTopamMu, peasusyronine apxuTeKTypy Hopper, n ux KoJIudecTBEHHbIE
[IOKa3aTe/Id B 9TOM MepapxXuu MpuBeeHbl B Tabure 15.

B GH100 B kax oM GPC umeercst o 9 TPC, HO B peajIbHBIX MOJIEJISAX
H100 s1o me 06s13an0 BHIMOMTHATHECI. B GH100, H100-SXM5 u H100-PCle
ucnonb3yercs 1o 10 KoHTpoJuiepoB namaru (1o 512 6ur KaxKplii), 910 u
Jaer obirgyo mupuHy naMsta 5120 6ur (cm. Tabaumy 10). Camoe BazkHOE —
aro monean H100 ¢ pasabiM dopM-PaKTOPOM CYIECTBEHHO OTIMIAIOTCS
10 IIPOU3BOAUTEILHOCTH IPOCTO U3-3a PA3HOr0 4ucia SM, a TakKe n3-3a
pasHoii mamsaTu. Bojlee neTajbHO 3TO BHAHO He B Tabsmie 15, a B Tabanmax
10 u coorBercrBerno 12. [IukoByio npousBoguresprocTh B H100 MOKHO
[IOCYUTATh TaK K€, KaK 3TO Jiesaaock Boimre st A100 — apocro y H100
yBeqmauiaoch ancyio SM, u 8 H100 B kaxqom u3 4 pasgenos SM ecTh B 1Ba
pa3a Oouibiite BeKTOpHBIX ycrpoticts FP64, FP32 u INT32.

ITo cpasrenuio ¢ A100, kpome KomuecTBeHHOrO pocta B H100 dnciia
JOCTYIIHBIX SM 1 4muciia cojiepKalxcd B KaxKJI0M SM BeKTOPHBIX d1ep, a
Ha obmeMm yposHe H100— emrocTu K3mra L2 u apyrux mokasaresieil, mesblit
P/ IPUHITUIINAIBHO BAXKHBIX yCOBEPIIIEHCTBOBaHU B anmaparype H100
KapInHAJIBHO TeCHO cBsi3aHo ¢ CUDA u Oy/eT pacCMOTPEH Jiajiee B aHAJIM3e
CUDA-pacmupenwuii jyist H100. 9To oTHOCUTCS U K CHHXPOHHOMY BBITIOJTHEHHUIO,
U K HOBOMY MOJLYJIIO— TeH30pHOMY yckopuresto naMstu (Tensor Memory
Accelerator, TMA) st acdbdexTruBHO# epenatn GoIbIINUX GIO0KOB JAHHBIX
MeXKJy IODaJIbHON U pa3eiseMoil TaMsIThio (CM. pUCYHOK 6).

Haxkonern, 8 H100 6b110 CO3/1aHO WU YCOBEPIIEHCTBOBAHO TI0 CPABHEHUIO
¢ A100 ouenb GOJIBIIOE KOJUIECTBO HOBBIX AIAPATHBIX CPEJICTB, KOTOPbLIE He
OTHOCATCS K TEeMaTHKe JTAHHOTO 0030pa B Y3KOM CMBICJIE €r0 OPUEHTAIIUN
Ha HPC 1 orpaHmveHHOCTU paccMoTpeHus 3anad UA. laxke nmepeducienue
HOBBIX TAKUX CPEJCTB MOXKET 3aHATH HE OJIUH abd3aIl— 9TO MHOTOYHUCIEHHDBIE
ycoBepluIeHCTBoBaHuA MIG-TexHosorumn (oco6eHH0 aKTYyaJIbHO JIJIs PAOOTHI
¢ 0bJsiauHoi TexHosorueit), cpencTs Ge3onacHocT U Tak jgajee. B ISA Gbuin
J100aBJIEHBI HOBbIE KOMAH/IbI, HAIIPUMED, Ui aKTYaJIbHBIX 338729 T€HOMUKHI —
9TO MMeeT BeChbMa BaKHOe, HO y3Koe 3HadeHue. Kyda 100aBICHHOTO OTHOCUTCS
K 00paboTKe BUIeO 1 n3obparkeHunit, 3agadam UA. I3 nmocaeaux orMeTnM
TOJIBKO IIOSIBJIEHUE AIIAPATHBIX CPEICTB I MOJieseli-TpancdopMepoB,
npumensieMmbix quist NLP. Kax u mpu paccmorpenun A100 Bbiie, amnmapaTHbie
CPelICTBa MEXKCOEIMHEHUIT PACCMOTPEHBI B OT/IEIBHOM Pa3Jiesie, MOCBIIIEHHOM
cepBepaM ¥ BBIYUCIUTEIbHBIM cucTemam ¢ H100.
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4.2.2. BbryncantenbHbie cuctemsl ¢ H100

B nmannom pazzenre paccMaTpUBAIOTCH UCIIOIB3YIOMIAE CEPBEPHBIE MTPOIEC-
copbl x86-64 Braucsmrenpubie cucrembl Nvidia (0T cepBepoB 10 CylEPKOMIIBIO-
repoB) Ha 6aze H100, a Takxke mexxcoequuenust H100 u ARM-niporieccopbt
Grace or Nvidia, koropsie OymyT ucmosbp3oBaThest B cepBepax ¢ H100.

Cerbp NVLink ana H100. na macmTabupoBaHus MPOM3BOIUTETHHOCTH
€ POCTOM YHCJIa UCHOJIb3yeMbIX GPU B cepBepax (KOTOPBIl CTajl COBpeMEeHHOM
XapaKTepHOil TeHieHnuedt) u 6picTporo obMena nanubivu GPU ¢ LI (u ¢ gpyrumu
GPU) MexKkcoelMHeHts KapAUHAIbHO BaxKHbl. C TOYKU 3pPEHHs ABTOPA, 311€Ch
Nvidia yzaioch 106UThCsI OU€Hb SIPKOTO IIPOPBIBa Bliepe, (cM. Tabuuiy 16).

Tabmna 16. Texumueckne XapaKTEPUCTUKH MexKcoenuHeHuil GPU
Nvidia cormacuo [78,280]

TexHu4Yeckne XxapaKTepPUCTUKHI V100 | A100 | H100
Yucno muauit (auddepennnaabHbIx  map) 8 4 9
ra nopt NVLink

TIponyckuast criocobrocTs Kanaina NVLink oxao
nByHanpasJsenHas, I'B/c

25/50 | 25/50 | 25/50

Yucsio kanajaos NVLink B GPU 6 12 18
OO6I1asi MPOIYyCKHAsl CIIOCOOHOCTH KaHAJIOB

NVLink, I'B/c 300 600 900
ggnzaﬂ MIPOITYCKHAsl CIIOCOOHOCTH KOMMYTATOPA, 2.4 48 72

NVLink4 8 H100 kax BBICOKOCKOPDOCTHOE MEXKCOEIMHEHNE C HU3KOM
38IePKKOM M HOIIEPKKON PYHKITNI OTKA30yCTONINBOCTA OOECIIEINBACT
uporyckuyto crnocobuocts 900 I'B/c—B 1,5 pasza Goubine, uem NVLink3 [78].
Baxno, uTo Takas mpoIycKHas CIIOCOOHOCTD MIEAJIBHO COUETAECTCS C IPYTUMHI
MIPOITYCKHBIMA CIIOCODHOCTSAMHU HOBBIX cynepuuiioB Nvidia, HCIOIB3YIONIX
ARM-apxutekTypy, KOTOpbIe OYIyT PACCMOTPEHBI JIAJIEe.

NVLink4 ucnonn3yer ase auddepeHnnaabable Mapbl B KaXKI0M HaIllpaBJIe-
uuu (ux B 2 pasa Menblne, yeM 6buto B kKanase NVLink3 ¢ Toii ke nporyckHoit
CrIocoBHOCTBIO) [yIst (POPMUPOBAHUSL €IUHOIO KaHaja ¢ 3bQEKTUBHOl MPOIyCK-
Hoii crocobuocThio 25 I'B/c B Kaxx oM Hanpasiaenuu. [Tosromy H100 Tenepn
nmeer 18 kananos NVLink4 nporus 12 kananos B A100 [78].

Ho emte Baxkuee To, uro NVLink4 teneps mognepxkubaer cetb NVLink,
00eCIIeInBAIOIILY 0 BO3MOYXKHOCTDH OE30ITaCHO# CBA3UM MEXKIy co0oit 10 256
H100 B pasubIx y3/1ax (cepBepax) ¢ MCIOJIb30BAHIEM TOIOJIOTUU TOJICTOTO
nepesa. CoorBercTBylomuii Kjiacrep umeer 32 y3ja mo 8 H100 B KaxK oM.
B ceru NVLink nmeercst ceTeBoe aIpecHOe TPOCTPAHCTBO U aIlllapaTHbIE
cpejicTBa mpeobpaszosanus agapecos B H100 ¢ obecrietienremM M30JIsII CETEBOTO
aJIPeCHOr0 MTPOCTPAHCTBA M OTIEJbHBIX 3JIPECHBIX MpocTpaHcTB pasubix H100.
Panee B NVLink Bce GPU ucmosnb3oasu obiee ajipecHoe IpoCcTpaHcTBo [78].
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Kommyrarop NVSwitch ucxonto j1aBajs BO3MOKHOCTE 00be[MHEHUSI
rmamsaTu HeckosibKux GPU. Mcnosb3yewmsriit s paborsr ¢ H100 kommyTaTop
NVSwitch3 obecnieunBaer anmapaTHoe yCKOpEHHE KOJUIEKTUBHBIX OIEPAITUi
C MHOTOJIPECHOI mepeadeil, IYTo i KOJJIEKTUBOB C HEOOJIBIIUM Pa3MepOM
GJIOKOB JI0 JIBYX Pa3 yBEJMIUBAET IPOILYCKHYIO CIIOCOOHOCTHh M YMEHBIIAET
3a/iepkKy mo cpaBrenuto ¢ NCCL Ha A100. D10 CymecTBeHHO CHUKAET HATPY3KY
Ha SM 1P KOJUIEKTHBHBIX KOMMYHUKaIusx [78].

UcnonbzoBanue cern NVLink u NVSwitch3 mosBosister co3maBarh KpyIi-
nomacmrabubie cetun NVLink Switch System ¢ odenb BbICOKUM ypOBHEM
MIPOIYCKHON CIOCOOHOCTH. ¥Y3JIBI B TAKON CETU COEIUHSIOTCA I€Pe3 BTOPOit
(«BHENIHUIT» 10 OTHONIEHUIO K y3JilaM) YPOBeHb KomMmyTaropoB NVSwitch,
KOTODbIE HAXOJISITCA B MOJIYJISIX KOMMYTATOpA 33 IPEJIEIaMU Y3JI0B U COETHHSIIOT
HECKOJIBKO y3JI0B BMecTe. 11o/IKIotuenHbIe y3JIbl CIIOCOOHBI IIPEJ0CTaBUTh 57,6
TH/c nponyckHoii criocobHocTn Beex-co-secemnu (all-to-all) [78].

Pesynbrarom sToro cranoBurcs nocrpoenne comeprkarnnx H100 NUMA-
CHCTEM C OY€HBb BBLICOKUM JIOCTUTAEMBIM yPOBHEM MAacCIITabupoBaHus 00beMa
MAMSITH, YTO OTBEYAET TEHIEHIIUSIM COBPEMEHHBIX OOJIBIIUX 00y IAIONIIX
mogesneit UN.

Cepsepnl u kiaacrepsl ¢ H100. GPU H100 moryT pasmemarscst B cepBepe
¢ mpuMereHneM coorBercTByomux Momyseit Nvidia. Nvidia mocrasmisier momysin
HGX (rpy6o rosopsi —aHajior miarhl rpadpuaecKoro mporeccopa), KOTopble
conepxkat B cebe H100 1 MOryT MCIIOIB30BATHCS JAPYTUME (DUPMAMUA JIJIsT
co3manus cepsepa, comepzkariero H100. HGX H100— sro 610K, comepskarmumii 4
unu 8 H100. Korudurypanus HGX ¢ gyerbippmss H100 umeer moHOCTBIO
B3aMMOCBA3AHHbIE JIBYXTOUYEYHbIE COE/IMHEHNs, & B KOH(MDUI'YPAIIUU C BOCEMbBIO
H100 monnas nponyckuas crocobnocts Mexy H100 obecnieunBaercs depe3
koMmMmyTarop NVSwitch.

Eme omun Tun momysst ¢ H100 or Nvidia—3sro H100 CNX, rme kpome H100
UMeroTcst Bo3MoxkHoCTH cereBoit miarhl Nvidia ConnectX-7 SmartNIC, koropast
obecriedanBaeT PoIycKHyO criocobrocTh 400 I'6/c B BapuanTe Infiniband
NDR400 nnu Ethernet 400 [78]. Iousitro, uTo Momysin HGX B nepsyro
odepesb OpueHTHpOBaHbl Ha 3aadu U, a CNX —nua HPC.

Kondurypanus cepsepa B gactu, orHocsreiics Kk H100, onpemensiercs
sruMu MOayJsisiMu. [109TOMY 371€Ch MBI OTMETHM TOJIBKO YK€ ITOCTABJISBIIAECS
JIJIsl MPUMEHEHnsI B cocTaBe cyrepkoMmiibiorepos cepsepsl DGX H100, opu-
€HTUPOBAHHBIE B IIEPBYIO OYepeb Ha 3a1a4u WU (X0Ta 0 cBOMX cepBepax
¢ H100-PCle n HGX y:ke 00bsiBum pa3ubie bUpMbI, HAIIPHIMED, Supermicro u
Gigabyte).

Cucrema DGX H100 ¢ 8 H100 comep:KuT aBa HE3aBUCUMBIX OJIOKA
obpatorku manabix (DPU, data processing unit) Nvidia Bluefild-3 u 8
ananrepos ConnectX-7 [78]. DGX H100, kpome OpakTHYIECKH OJHOM
TOTOBHOCTH K PEINEHUIO 3a1a4 U, uaeaabHO IMOAXOANUT JIjist paboThl ¢ UA
B 00JIAYHOI TEXHOJIOIMH, IIOIJIEPXKKa KOTOPOIl HAYMHAETCsI C YPOBHSI OJIHOTO

H100.
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B xuacrepe DGX H100 SuperPOD (Munumanbaas KoHMUrYparus — 32
yana DGX H100) no cpasrenuio ¢ SuperPOD A100 BmecTo ABYX ypOBHEH KOM-
myrtaropos Infiniband ucnons3yercst onua yposerb kommyraropoB NVSwitch3,
a MaKCHMAaJIbHasI JIJIMHA Kabessi 0T KOMMYTaToOpa K KOMMYTATOPY yBeJIMIeHa

¢ 5 merpos mist DGX A100 mo 8 merpos st DGX H100.

B wuronbckoit Bepcun Topb00 2023 roga mpemcTaBieHo 5 CyIePKOMIIbIOTe-
pos, ucnonb3yonmux H100-PCle B cepBepax Ha 6a3e x86-64. Haupbicias
IPOU3BOUTEIBHOCTD CPEJIU ITUX CyIePKOMIIbIoTepoB (14-e mecto B Top500)
JIOCTUTHYTa B IIPEJIIIeCTBEHHIKE aHOHCHpoBaHHOrO Nvidia cynepkoMibioTepa
EOS [281]. B sTom kaacrepe ucnosb3yerca 128 yzimos DGX SuperPOD.
Cepsepsr DGX H100 pa6orator ¢ Ubuntu 22.04 u comepxkaT 56-s1aepHBIi
Xeon Platinum 8480/2 I'T'y, (Intel Sapphire Rapids, yersepToe nokosenue
macirrabupyembix I Xeon) u NVidia ConnectX-7 jgist Infiniband NDR.

Hpyrue nomasiue B Top500 cynepkomtmibiorepsr ¢ H100 HaxomsTces
BO BTOpOU corHe crmcka Topbh00 u gasee. Tam MCHoOAbL3yIOTCA U CEPBEPHI
apyrux dbupm, u apyrue cepsepubie LIl 8 Tom unciae AMD EPYC. U3 stux
CYTIEPKOMITHIOTEPOB CJIEAyeT OTMETUTh 3anumaromuit 255-e mecto Henri,
KOTOPBIIl OJIHOBPEMEHHO BO3IJIABJISIET AHAJOTHUYHBIA MIOHBCKHUI CIIMCOK
Greenb00. B Henri ucnospsyercsa Infiniband HDR, a B y3nax — 32-saaepabie
nporeccopsl Xeon Platinum 8362/2,8 I'T'wy (Intel Ice Lake). Heob6xomumo
OTMETHUTh TaKxKe OXKHjaeMblii cynepkomibiorep Kestrel [282].

VYxke cam dart npumenenns DGX H100 B cynmepkoMmbrOTEepe O3B0~
JISTET TIPEJITOJIOYKUTH BEPOSITHYIO €r0 OPUEHTAINIO Ha 3aa9u U u pabory
¢ O0JIAYHBIMU TEXHOJIOTUSIMHU.

4.2.3. Annapathsie cpegetea Nvidia ARM gns pabotsi ¢ H100

[Ipumenenne ARM-11porieccopoB B BBICOKOITPOU3BOIUTEBHBIX CEpBEPaX
¢ GPU H100 s10/12kHO cTaTh SIPpKOii peajibHOI miutocTparueii ycexos ARM
B KOHKYPEHITIH C TPAJIUITIOHHBIMI CEPBEPHBIMHI ITpolieccopaMu x86-64, KoTopbie
HCIOJIb30BAJINCH B IIOCTABJIsIEMBIX BO BpeMsl HAIMCaHUsi 0030pa cepBepax
Nvidia ¢ H100. Ho npumenenne ARM B cepsepax ¢ GPU Nvidia nagasioch
patee: mHOTOs1tepHble ARM-1porieccophl y2Ke UCIOIB3YIOTCsI B cepBEpax
¢ A100 (mampumep, ot Gigabyte [283]; Temeps 3TH cepBePbHI OCTABISIOTCS
B Poccuio u ¥Ypyrsaii, a Gigabyte yxe upemiaraer cepsepnt ¢ H100).

B 2023 roxy mavasmch mpobubie moctaBku Nvidia Momyseit, coepKammx
ARM-nporeccopst st paborsr ¢ H100. Mudopmartius mo apXxuTekType u
npoussoaureasHoct T ARM or Nvidia (Grace) mis padorer ¢ H100 noka
BeChbMa OTPaHWYEHA; UMEBIIHeCs OoneHKn rnpoussoauTenbaoctu Grace or Nvidia
Ha YPOBHE TECTOB U IPHUJIOKEHUII OTHOCUJINCH CKOPEE K OXKUJIAHMSIM.

ITosTomy paccmorpenue ammaparabix cpegcts ARM or Nvidia (momyiis
cynepunna Grace, IpOOHBIE TIOCTABKKA KOTOPOT'O HAYAJNCh, n cynepuuma Grace
Hopper, rae cynepunn Grace uarerpuposan ¢ H100) 37ech 0ueHb KpaTKoe.
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Cynepuunbt ARM Grace. Cynepunn Grace siBJISTCS 110 CyTH peasn3arueii
SoC, comepxkaieit jgea ARM-mporeccopa u namsith, ¢ nomuep:kkoit PCle. Kak
orMedeHo B [13], oH co3aH CrenuanbHO i CyIepKOMIbIoTepoB u HPC.

Ananusupyemble nasee nanubie o Grace 6asupyrorcs Ha [284], a ronosHu-
TeJIbHBIE CCBUIKU MTPUBOJSATCS TOJBKO JJIsT HHGMOPMAIINE U3 JPYTUX UCTOIYHUKOB.
OcHoBHbIe TexHUUYecKue xapakrepuctuku Grace cobpasbl B Tabsmie 17.

Tasmuna 17. OcHOBHbBIE TEXHUYECKHE XAPAKTEPUCTUKY CYTIEPUUIIA,

Grace
ApxuTekTypa saep Neoverse V2 (ARM 9.0-A) ¢ 4xSVE2(128 6ur)
Yucno ARM-szep 144 (2 nponeccopa Grace)
TIukoBast HIPOU3BOAUTEIBLHOCTD 7.1 TFLOPS (FP64)
Kom L1 64 KB I-xsm + 64 KB D-ksm (na s1po)
Kom L2 1 MB (na s11po)
Kam L3 2x117 Mb
Texnonorusa maMsaTu LPDDRS5X (c ECC)
IIponyckHasi CriocOGHOCTD ITAMSITH o1 TBE/c
EmKkocTh mamsaTH 240/480/960 I'b
ITpomyckuas cmoco6HOCTH
N{)/Lii]lk-(ﬂc (aByHanpaBieHHASs) 900 I'B/e
Kanansr PCle 8XPCle-v5 X16 ¢ BO3MOXKHOCTBIO Pa3/IeJICHUs
x cymMapHasi IpOILyCKHAsI 1 TB/c
CIIOCOOHOCTDb
TDP 500 Bt (c namsThIo)

Ucrounuku: [284,285]

ITepBoe, uro Hamo orMeruTh— OaszupoBanue Grace na uHopeimux ARM-
sapax juist HPC, Neoverse V2 [286], koropble 6bLIM aHOHCUPOBAHBI 0CEHBIO 2022
roza. dro 64-paszpsaasie ARM-spa ¢ 000-BbImoSHEHEEM KOMAH/T, TIO/IEPXKIUBa~
forue SVE2-koMmaH bl ¢ BekTopamu jymHOi 128 6ut. Cynepunn Grace cocrout
"3 ABYX 72-si/IepHBIX TIporieccopoB Grace, CBI3aHHBIX T0/1IEP>KUBAIOTITIM
KorepeHTHOCTH mamsiTu KarajasoMm NVLink-C2C ¢ mpomyckHO# criocoOHOCTBIO
900 I'B/c, uro ycrpanser B3auMOJeiicTBUe MEXKIY COKeTaMHU OOBIYHBIX CEPBEPOB
Kak y3koe Mecto [13]. IIpu sToM nukosast npoussoguTesbHocTh (FP64)
cynepunra, 7,1 TFLOPS, ne cunbro nmxke, yem y A100 6e3 npumeHeHust
TEH30PHBIX sIIEP.

Hato ormeruTh, 94TO B COBpeMeHHBIX sijipax Neoverse V2, OpueHTHPOBAHHBIX
ua LIl ¢ 6osbrmuM quciaom saep, I-xksmr L1 KoHTposupyercs 9eTHOCTBIO, a
D-xoamr L1 zamumen komamu ECC. D-kamr L2 apep ARM Neoverse V2 Toxke
zamuiner kogamu ECC u moxker uMersb emkoctTsb 1 mwin 2 MB [286]; B Grace
Nvidia Beibpasa Bapuant ¢ 1 MB. Kamr L3, ecrecTtBenHo, TakKe 3aIUAIEH
konamu ECC; apyrue mogpobHOCTH MUKPOapXuTeKTypbl Neoverse V2 cM.
B [286].

WNuTtepecHoit u oyensb BaxkHOI paszpadoTannoit Nvidia ocobeHHOCTHIO
cymepunta Grace siByisieTcs macinrabupyemasi Korepeataasi padbpuka SCF
(Scalable Coherency Fabric), nmeromasi ceTOUHYO CTPYKTYPY, IO KOTOPOii
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pacupezesiennsl sapa u padzesst kama L3 (SCC ua pucynke 13), u obecreunsa-
OIast OTOK JAHHBIX Mex Iy sapamu, NVLink-C2C, naMsThio 1 CHCTEMHBIM
BBO/IOM-BBIBOJIOM C CyMMAapHOU TOJOBUHHOI IIPOIIYCKHON CIIOCOOHOCTHIO
6outee 3,2 TH/c. SCF cozuan st MacirabupoBanus 3a Ipeesbl oqHoro LI

NVLINK — C2C

2 EE e

NVIDIA GRACE LPDDR cst SN LPDDR

NVIDIA Scalable Coherency Fabric
= NVIDIA fabric and distributed cache design H H

= 3,225.6 GB/s Bi-section BW
CSN LPDDR

= Scalable to 72+ cores ﬂ
= 117MB of L3 cache

= Arm Memory Partitioning and Monitoring (MPAM) LPDDR CSN

H BA
H HEB

= Supports up to 4-socket coherency over Coherent NVLINK H

Snvioia

PucyHok 13. O6was mukpoapxurekrypa Grace (pucyHok u3 [13])

Grace, 06pa3ys cynepuun co 144 sippamu. fdnpa u pasmenst kama L3 (SCC
Ha pucyHke 13) pacupesiesieHbl [0 CeTKe, a y3Jbl KoMMyTanuu kama CSN
(Cache Switch Nodes) Boinosasiior dyuxuuu uarepdeiica mex ity sapamu LI,
K9IIIEM ¥ OCTAJBHOI 9acThIo cucreMsl [13].

Cynepunn Grace nmeer TakzKe CIIEIMaJIbHBIE CPEICTBA, MTOJIEPXKUBAIOIINE
MaPIIMOHIPOBAHTE AIMIAPATHBIX PECYPCOB, ITO MOXKET OBITH (P HEKTUBHO
UCIONTB30BAaHO IIpU paboTe B objiavHOl cpese [284].

Paszpaboruuku Nvidia 00bsCHSIOT CBOIT BBIOOD 32-KaHAJIBHON TEXHO-
goruu ntamsatu LPDDRSX kak «3o0moToit cepequnbi» Mexxay HBM2E un
DDR5 mo mapamerpaM eMKOCTH, IIPOIYCKHON CIIOCOOHOCTH, CTOMMOCTU ¥
sHepromnorpedienuto [13]. MakcumasbHast TeopeTHdecKasi IPOMYCKHAs CIOCO0-
wocrb LPDDR5X B cynepuune Grace (1 Th/c) neMHOro Bbilie 1poIyCcKHO
criocobroctu NVLink-C2C (em. tabuuiy 17).

Hy»xno ormernTs Takzxke nomuep:kky B Grace dersipex kanajos PCle-v5
x 16, (KkpoMe TOro, JIJIst 3a/1a4 yIPABJIEHNS UMEETCs erle 2 HU3KOCKOPOCTHBIX
kanasa PCle-v5x2) [13]. 910 cpasdy BbIABHIaeT 3TOT CyIEePUNN B JINIAEPHI
cpeau LIl 10 OpOU3BOJUTETBHOCTH BBOAA-BBIBO/IA.

Ho TDP y cynepunna Grace (310 aByXIporeccopHas SoC) comocraBuMa
¢ TDP cospemennbix GPU; 910 Gosbiie, uem y A100 u H100 PCle (uo nuxke,
gem y H100 SXM). [lyst paborsl ¢ cynepunnom Grace MOXKeT IPUMEHATHCS
BOBJIYIIIHOE MM YKUJKOCTHOE OXJIazKeHue [284].

B [284] upuBojgTcs TakzKe OUEHKH HEKOTOPBIX TECTOB IPOU3BOAUTELHOCTH
Grace, oxugaemble Nvidia. Oau orHocsaTcst K jgaHubiM Tecta STREAM
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(mo 400 I'B/c nyist ommoro LT Grace u 1o 800 I'B /¢ miia Beero cynepyuna),
SPECrate2017 int base (370 u 740 gz omuoro UM Grace u cynepdaunma
COOTBETCTBEHHO) U CYINECTBEHHBIM BEJIMYMHAM YCKODEHUN B HEKOTOPBIX
npusIoXkKeHustx (BKrovast obmactu CFD U IIPeICKa3aHusl TIOTO/IBI) OTHOCHTETHLHO
asyxuporeccopaoro cepsepa ¢ AMD EPYC 7763 (Milan). Ilogsumiucs u
Jpyrue mepBOHAYAIbHBIE TaHHbIE, HO UX IIOKA COBEPIIEHHO HEIOCTATOYHO.

Nvidia roBopuT mpu 3TOM O ABYKPATHOM IMOBBIMIEHUN SHEPToIhHEKTHBHO-
CTH OTHOCHTEJIBHO TPA/UIMOHHBIX UCIOAb3yeMbIX B L0 I [284] — 210 Moxer
craTh ryiaBHbIM 1rocoM Grace. O 1iaHax CO3[aHUsT CyIIEPKOMIIBIOTEPOB
Ha 6a3e Grace oObstBum Jloc-Ajtamocckast HanuoHabHas jaboparopust CIITA
u [IBeftrapckuit HAITMOHAJILHDBINH BBITUCIUTETHHDBIN TTEHTP [14].

4.2 4. Cynepunner Grace Hopper.

Kpowme Grace, Nvidia anoucuposasa u Grace Hopper, B koropeix Grace (zxsa
T2-simepHbIX nporeccopa) unrerpuposan Bmecre ¢ H100. OcHoBHble 6a30BbIe
[IOKA3aTeJIN STOIO CYIEePUHUIa IPUMEPHO SIBJISTIOTCSI CYMMOM ITOKa3aTeseit
paccmorpensbix Boime H100 1 Grace, n 3aBUCAT OT TOro, Kakoil U3 BAPUAHTOB
KaXKJI0# 9TUX JBYX MHTEIPUPOBAHHBIX KOMIOHEHT pumMensiercs B Grace
Hopper.

B Bepcuu 1.01 mokymenta [287], na koropoit 6asupyercs gajee aHau3
cynepunnoB Grace Hopper, ykazano sa emrocrs LPDDRSX nst Grace
B cynepuunite Grace Hopper ji0 512 I'B, nHa npumenenune 8 H100-koMoneHTE
cynepynma namsata HBM3 emkoctsio 1o 96 I'B, u Ha Hamuvme AByX BapHaHTOB
cynepunna Grace Hopper — ¢ nomuepzxkkoit paborst ¢ NVLink4 (cum. pucynok 14)
u 6e3 Hee (TOrJa CHCTEMBI C TAKUMU CYIEPUUNAME COEJUHSIIOTCI depe3
Infiniband NDR). ITonsitHO, uro unTerpanus asyx LI, H100 u namsitu jgaer
soicokuil TDP, B [287] ykaszano 1000 Br.

NVIDIA Grace Hopper Superchip

Hardware Consistency

CPU LPDDR5X GPU HBM3
<512 GB < 96 GB HBM3

<3000 GB/s

HOPPER 18x NVLINK 4
1 900 GB/s E

< 256 GPUs

HIGH-SPEED
1/0

NVLINK NETWORK

GPU HBM3
<96 GB HBM3

PucyHok 14. Grace Hopper ¢ nomuepxkkoit paborsr ¢ NVLink4
(pucynok u3 [287])



220 M. B. Ky3bMUHCKHIT \RUmEN;

V:ke nocsie 3aBepieHns pPabOThI HAJT JAHHBIM Pa3/esIoM 0030pa Ha 3TOM 2Ke
URL [287] Nvidia pa3smecTuiia HECKOIBKO HOBBIX BEPCHil JAHHOIO JIOKYMEHTa,
(mocseHstst M3BeCTHast aBTOPY Bepcusi— 1.11), rie paceMaTpuBaeMble CyIEPIHUITbE
nasbiBatoTcs Terepb GH200 Grace Hopper. Camble riiaBHBIE M3MEHEHUST TaM
cBsI3aHbI ¢ nosiBiIeHneM HOBBIX Mogmeseir GH200, B koTopbix BMecto HBM3 Gyzer
ucnonb3oBaThest HBM3E emkoctbio 141 I'B ¢ nporyckHoit criocobroctsio 4,8 TB /¢
(uporus 4 TB/c upu pabore ¢ HBM3). OcHOBHbIE XaPaKTEPUCTUKU APXUTEKTYDbI
GH200 Grace Hopper, ecrectBenHo, He toMeHsHCh. HO TIOCKOJIbKY n3-3a
6nicTporo pazsutust GH200 u coOTBETCTBYIOMUX BBIYUCIUTEIBHBIX CUCTEM
B 2023 roxy B OoJiee IMO3IHUX BEPCUAX ITOT'O JOKYMEHTA MOSIBJISINCH HOBBIE
MOIUMDUKAINT, ¥ MOJEPHU3UPOBAJIICH HHOTIA JayKe MCIIOJb3yeMble HA3BAHUS,
anayun3 GH200 B janHOM 0030pe MPOBEJICH B OTPAHUYEHHOM OObeMe U Jiajiee
ocHoBaH Ha Bepcuu 1.01 JoKyMeHTA.

B kauectBe Mexkcoemmnenust nporeccopa Grace nu H100 ucnosipzyer-
cst NVLink-C2C, obecnieqnBaromiuii BHICOKYIO IPOILYCKHYIO CIIOCOOHOCTH U
HU3KYIO 3371epKKy (cm. Pucynok 15) [287]. NVLink-C2C o6ecneunsaer

Local CPU ¢« GPU

e GPU -> Peer GPU R

HOPPER
GPU

HOPPER

GPU

GPU - Peer CPU

Pucynok 15. O6mas mukpoapxurekrypa Grace Hopper (pucynok
u3 [287])

KOT'€PEHTHOCTD ITaMsITU U allllapaTHYO MMOJIEPKKY ATOMAPHBIX Ollepariuii
Ha OOIECHCTEMHOM YPOBHE, UTO IMO3BOJIAET YJIyUIIATEH TPOU3BOIUTEIHHOCTD
IPUMHUTHBOB CHHXPOHM3aIK. KorepeHTHOCTh aMATH 103BoJIseT pa3paboryu-
kaMm neperocuthb u3 Grace B H100 u 06paTHO TOJIBKO Hy2KHBIE JaHHBIE (& HE
LeJIble CTPAHUIBI IAMSITH) U, €CTeCTBEHHO, YIIPOIAeT [IPOrPAMMUPOBAHUE
reTeporeHHbIX npuIoykenuil. [oBbImaeTcss TakzKe MPOM3BOIUTENLHOCTD JOCTYIIA,
K HEJIOKaJIbHOM namMsTu (Hanpumep, korga nuru LT u H100 obpamatorcs
K TIaMsITH, PACIOJIOXKEHHO! Ha JPYroM ycrpoiicTee) [287].

Kimoaesoit ocobennocrrio cynepunita GH200 siBiisteTcst mpuMeHeHme
pacmupennoit namaru rpadudeckoro nporneccopa (Extended GPU Memory,
EGM). Kaxzprit GPU Hopper u3 Borauciuresbhoii cucremst ¢ cerbio NVLink
Ha 6asze GH200 umeer mocryn u k LPDDR5X-namsitu Beex nporieccopos Grace,
n K HBM-ttamsitu Bcex GPU, T.e. obmuit o0beM maMaTtu st GPU KapaIuHAJIBLHO
pacmupsiercst. Obpadyercst yHUPUIIPOBAHHAS TAMSITH ¢ OOIIME TabIUIIAMA
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cTpaHuIl, 00Iee BUPTyaJbHOe ajipecHoe mpocTpaHcTBo. CKOPOCTh JIOCTyIa
H100 k nokansuoit mamaru LPDDR5X 3amaerca NVLink-C2C, a x Jiroboit
yaasenson namsiti — NVIink4 [287] (em. pucynku 14 u 15).

Cepsepst ¢ GH200 yaxe npemiaratorcst, Hanpumep, Gigabyte [288]. Nvidia
peIoKImIa Beraucaureabube cucreMbl ¢ GH200— mrardopmer MGX GH200
u DGX GH200. Moaysneras miardopma MGX GH200 (ectb BapuanTsl ¢ HBM3
i ¢ HBM3e) MakcuMaJIbHO HOXO0XKa Ha cepsep ¢ oguuM cynepuuiiom GH200,
6e3 nojiiepkku cucrembl KommyTanuu NVLink. U3 yzmos ¢ MGX GH200
MOKHO 00pa30BBIBATH TPAUITUNOHHBIE KJIACTEPHI, TJIe JIJIs CBA3U MOYKHO
ucroib3oBaTh Infiniband wim Ethernet, patoras wepez DPU.

DGX GH200 siBisiercst cynepKOMITbIOTEPOM st AU, TIOCKOJIBKY Tam
obbeuHAIOTCH 256 cynepuunnos ¢ npuMenenneMm mexkcoenuuenns NVLink,
JaBasi IPU 9TOM ajpecHoe mpocTpancTBo mamsaTtu 10 144 TH. Kparkas
nudopMaryst 00 3TUX IpeJHAZHAMEHHBIX B IEPBYIO O4YepeIb Jis 3aad U1
mrardopmax Nvidia mpencrasiena B Bepenn 1.11 moxymenTa [287].

C TOYKHN 3PEHNSI BO3MOZKHOCTHU IMOCTPOCHUA CAMBIX MOMNIHBIX CYNIEPKOMIIBIO-
TEPOB OCHOBY /[IJIsI CBEPXBBICOKOTO YPOBHSI MACIITAOUPOBAHUS IIPOU3BOJIUTE b=
nocru jaer npumenerne GH200 ¢ kamamamu NVLink4 comecrro ¢ NVSwitch3;
9TO 0becreunBaeT OPUrHHAJIBLHOE JBYXYPOBHEBOE MaciiTabuposanue Nvidia.
Ero BoamokHOCTH MILTIOCTPUPYET pUCYHOK 16, KOTOPHBI OTHOCHTCH K paboTe

¢ BapuanToM GH200 ¢ monnepxxkoit NVLink [287].
.|=
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Pucynok 16. O6iee mocrpoenne mexxcoeauaennii GH200 ¢ mog-
nepxkkoit NVLink (pucyrok us [287])

Ha nepsom yposre MOxKHO 00beaumHUTL HabOp cynepuntoB GH200
B €IWHBII JOMEH, CBsI3aHHBIN Yepe3 KOMMyTaTopHyk cucremy NVSwitch3
(¢ obreit mporycKHoit criocobHOCTHIO Beex HuTel GPU B momene 1o 900 I'B/c
Ha cynepuni). [Ipumenenne 3TuX MEXKCOEIUHEHNH T03BOJIAET 00PA30BaATh
0011y I0 ITaMsATh BCero JoMena, Briodas Kak LPDDRSX-namsars nponeccopon
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Grace, tak n HBM3-mamsars H100 [287]. B komne 2023 rona Nvidia ofbssmia
o apyroii Beraucsuresabuoi cucreme (GH200 NLV32), pasmematomeiics
B OJIHOII CTOIKE — C Topa3fg0 MEHBIINM JOMEHOM, 9YeM B MaKCHUMAaJIbHO
rouduryparmn DGX GH200. Yxke Ha 5TOM ypOoBHE 00€CIIEINBAETCSI OU€HD
BBLICOKHII ypOBEHb MPOM3BOIUTEIbHOCTH; Nvidia TakKe HA3BIBAET 3Ty CHCTEMY
CyIepKOMIIbIoTepOM (cM., Harpumep, [289]).

Ha BTOpOM ypoBHE BO3MOXKHO 00beIUHEHUE B KJIACTEP U3 JTOMEHOB
C IpPUMEHEHNEM CaMbIX COBPEMEHHbLIX IINPOKO PaCIIPOCTPaHEHHbIX ME2KCO-
enuHeHUit. {1t 9TOr0 MCnosb3yioTes nojiepKkuBaeMbie B Grace KaHasbl
PCle-v5. Ha pucynke 16 mpejictaBiieH BO3MOXKHBIN BAPDHAHT TAKOrO 06pa3o-
BaHus Kjacrepa 3 gomenos ¢ npuMenenneMm DPU Bluefild-3. s cBsazu
¢ Grace B aTrom DPU umerorcsa 32 jguauun PCle-v5, aro nmeer cymMMapHyIo
JIBYHAIPABJIEHHYIO HPOIYCKHYIO crocobrocts 256 I'B/c (sror DPU umeer ere
32 I'B cobersennoit namsaru). g obpasosanus kiacrepa u3 gomenos DPU
umeer emie 1 wim 2 mopra ¢ OpoIycKHOil criocobuocTwio 10 400 I'6ut/c (onn
MmoryT paborars ¢ Infiniband NDR400 win ¢ Ethernet 400) [290], uro n
mokazano Ha pucynke 16. [Ipumernenne DPU caumaer ¢ Grace HeoOXoauMoCTh
VIPAaBJISTH Iepefadeil JaHHBIX [0 MEXKCOEIUHEHHNIO KJIacTePa.

ITousiTHO, 9TO MacIITAOMpPOBAHNE Ha TAKOHW cucTeMe OyIeT CJI0XKHOMN
3a/1ateit gaxke st UM, I aBTOpYy HEM3BECTHO, Jarke TMOCPEICTBOM aHOHCA,
0 BO3MO2KHOCTU TaKOT'O «BAPHAHTA» U yPOBHS MACIITAOMPOBAHUS CHCTEM
¢ GPU ot apyrux dupm. B nenom sicao, aro Nvidia ¢ GH200 opuentupyercst
Ha TOCTaBKHU I'OTOBBIX BBIYUCIUTEIHHBIX CHCTEM.

4.2.5. Pacwupenunsi CUDA gns H100

Bcee uznoxkenHoe HIKe B JIAHHOM pazJiesie 6a3upyercs Ha OIMUCAHUN
armmaparyper H100 [78]. Ho crauama 31ech mesmecoobpasHo yKasaTh Ha o0Iee
noctpoenue maaTdopmbl CUDA B ee YaCTH, OTHOCSIIEHCS K KOMITHIATOPAaM, 0~
CKOJIBKY C T€YeHUEM BPEMEHH IOABJISIOTCS U HOBbIE A3BIKH IIPOIDAMMUPOBAHUSI,
KOTOPBIE TaKKe MOTYT UCIIOJIB30BATHCS JJIsl TOJIYyUeHUs IIPOTPAMMHBIX S/Iep,
peimostasgeMbix Ha GPU Nvidia. ITpu sTrom mnardgopma CUDA mpemocTaBsieT
PA3HBIM KOMIMJISATOPAM YHUMUIIMPOBAHHDIN MPOrPAMMHBIN CTEK, U CO3AHNE
KOMITMJIATOPA [IJIsi HOBOT'O S3bIKA ITPOTPAMMUPOBAHUS B OCHOBHOM CBOJUTCS
K HAIMCAHWIO TOJBKO (DPOHT-HI YACTA KOMITAISTOPA.

O1u KoMImIIsITOpB! 6asupyrorcs Ha LLVM (B [78] ykasaHO Ha HCHIONIB30BaHME
ero 7-i BepCI/IH). Kpome ucnomb3yembix st paboTsl Ha GPU BO3MOXKHOCTEH
ISO-cranmapros C++ u Fortran, a rakxke ux CUDA-pacuiupennii, eme B 2021
roxy B CUDA 11.4 y Nvidia nosteusnicst CUDA-Python [291], a numetorcst Takxke
pazpaborku i Julia u Ipyrux I3bIKOB MPOrPAMMIPOBAHIUSI.
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COOTBeTCTByIOIIH/Ie (l)pOHT—SHJI KOMIIOHEHTBI 9TUX KOMIIUJIATOPOB I'€HEpU-
pytor upomexxyrounoe npezcrasienue (IR), umenyemoe NVVM IR [292],
KoTopoe ba3upyercsa Ha 3uHaMenuTom LLVM IR. Jlajee ¢ ucrmosib3oBaHuEM
cpeacts 6ubmmoreku libNVVM renepupyercss PTX-koz, u3 BUpPTyaabHO# ISA
KOTOPOI'O M MOJIyYaeTCsl IPOrPAMMHOE sIJIPO, BBINOJIHsieMoe Ha GPU [78].

Baxkneiimmm 11t JOCTUXKEHUsT BBICOKOI MPOU3BOIUTETBHOCTA PAbOThI
GPGPU sBisieTcs obecrievenne JJOKaIbHOCTH JAHHBIX, JAIOIIeil BHICOKOCKOPOCT-
HOM JIOCTYII K OJIM3/IE2KAIINM YPOBHSM MAMSITH, U aCHHXPOHHOCTD BBIIIOJIHEHUSI,
KOTJ[a COBCTBEHHO BBLIUUCJIEHUsI IPOU3BOJIATCS HE3ABUCUMO (OIHOBPEMEHHO )
¢ nepemaveit gannbix. Panee (1 mua A100) momesns nporpamMuposanust CUDA
BKJTIOYaJIa OJIOKM HUTEH, U3 KOTOPBIX 1 00pa30BbIBaJIach ceTka Huteil. Ilpu
9TOM JIOKAJIBHOCTH OOECIIEUNBAJIACH TEM, UTO OJIOK HUTEH BBIOJIHSJICS HA OTHOM
SM. B H100 wucsio SM cyIecTBEHHO BO3POC/IO, U B ODIIYIO UEPAPXUI0 HUTEH
00aBJIEH eIlle OJNH YPOBEHb, KJIacTep OJIOKOB HUTEH, KOTOPBIN BKIIFOYAET
Habop 6JIOKOB HHTEl, OXBATHIBAIOMINX HECKOIbKO SM. Bee 3To orobpakaercs
B H100 ammaparHoit peasm3aiiueil ¢ HOBBIM YPOBHEM JIOKAJIU3AIMH ITAMSITH
6oJiee KPYIIHOTO THUIIA, ITOCKOJIbKY KJacTepbl 6siokoB Hureit B H100 paborator
onnoBpeMmento Ha SM BHyTpu GPC ¢ obecredenneM OBICTPOTO OOMEHa JAHHBIMHI
MEeXK/Iy HUTSIMU B KJIACTepe.

Hutu knacrepa MoryT HampsiMyto oOpalmaTbcsi K pasesiseMoil IaMsaTh
apyrux SM C HOMOIIBIO OMEPAINil 3arpy3KH, COXPAHEHUS U ATOMAPHBIX
orepanuii (KOTOpble HE MOI'YT OBbITh YACTMYHO BBINOJHEHBI). Jj1s1 9T0Or0
obpasyercs pacipejesentas pasjeisgeMas namarsb (DSMEM, Distributed
Shared Memory). Ha pucynke 17 nokasano, Kak IpOUCXOJUT OOMEH JAHHBIMU
mexk ity 6sokamu mHureit B A100 u 8 H100 ¢ DSMEM. Kitacrep 6s10k0B HUTEIH
HMeeT MOCTYI K OOJIbINel, 4eM y OJHOTO OJIOKa HUTEH, eMKOCTH pasielisieMOoit
IaMsaTHA — K BUPTYaJIbHOMY aJPECHOMY IIPOCTPAHCTBY Pa3/esiseMOil IaMsTH.
ITo cpaBuenuto ¢ npumenenuem riobanpaoit namstTa DSMEM yckopsier obmen
JIAHHBIME MEXKJIy GJIOKaMu HUTE IpuMepHo B 7 pa3 [78].

A100 H100

Thread Block Thread Block Thread Block Thread Block

SM to SM
Network

Pucynok 17. Pa6ora ¢ DSMEM B A100 u H100 (pucynok
us [78])

C Jpyroit CTOPOHBI, ¢ TOYKU 3PEHUsT ABTOPA MOSIBJIEHIE KJIAcTepa OJIOKOB
HUTEN Ha HOBOU Moaesm GPU gBadgeTcs ApKOil AeMOHCTpalueit Toro, 4Tro
MITPOKO UCIIOJIb3yeMble MOJIEIN TTporpaMMupoBanus i GPU, Tpebyiomime
MaKCHUMAaJIbHO BO3MOXKHOT'O JTOCTUZKEHUS NIPOU3BOJUTEILHOCTH, aBTOMATHIECKHI
CTAHOBATCH I1IJIOXO IIEPEHOCUMBIMU Ha Apyrue Mmoaeaun GPU.
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Hpyrue gpkue pacmupenns B CUDA mra H100 oTHOCATCS K aCHHXPOHHOMY
BBITIOJIHEHUIO, 00ECIIeTNBAIOIIEMY NEePEKPHITHE (OJHOBPEMEHHOE BBINIOJIHEHNE)
MepEeMEIEHNsT TAHABIX, BBIYUCICHNsT 1 cuaxpornsamun [78]. st storo 8 H100
MOSIBUJICSI HOBBIH MOJLY/Tb aCHHXPOHHOIO KonupoBanust namsaru TMA u HOBbIi
Gapbep acnHXpOHHBIX Tpaxsakuuil. TMA Moxer mepenasarh Gosbmime (BILIOTH
JI0 eMKOCTH Da3JIesIsieMoil naMsaTh) 6JI0KU JAHHBIX U MHOTOMEPHbIE TeH30DbI
u3 TJI00AJIFHON AMSTH B Pa3e/iseMyo IaMsaTh U 0OpaTHO.

Omnepanust TMA gBjisiercss acCHHXPOHHON W UCIIOJB3YET aCUHXPOHHBIE
Gapbepbl Ha OCHOBe pasmessemoit mamaru, Kak B A100. Kpome Toro, oaua HATH
B BapIie MOYKeT BBIOMPATHCS [T BHITOJHEHNST aCUHXPOHHOM OlepaIiuu, a MOTOM
HECKOJIbKO HHUTEH ¢ TOMOIILI0 6aphepa MOTYT OXKUIATH 3aBEPIIEHUsT TIePeIadn
naaabiX. TMA ocBOOOXK1aeT HUTH JIJIsI BBIIIOJIHEHUS JIPYTOil HE3aBUCUMOIL
paboThl, TaK KaK II0CJe CO3JaHUs HUTHIO TaK HA3BIBAEMOT'O JECKPUIITOPA
kormu niepe 3armryckoM TMA Bce ocranbubie dynkiun TMA cam BoimosiHsieT
aTmapaTHo.

Acunxponnbie 6apbeps! Brepsble nossuinch B A100, a 8 H100 nosiBuiicst
HOBBIIl IPUMUTUB JIJIs ACUHXPOHHBIX KOIWI TaMsTH, 6apbep aCHHXPOHHBIX
Tpam3aknunii. Komanna 3amnucu B pa3mensaeMyio IaMsTh IIePEAeT He TOJIHKO
JIAHHBIE, HO U YUCJIO TpaH3aKnuil. bapbep acHHXPOHHBIX TPAH3aKIMii OJIOKUPYeT
HUTHU TI0 KOMAHJIE OXKUJIAHUs JI0 TeX IMOP, MOKa BCEe HUTHU-TIPOU3BOIUTEN HE
BBITTOJTHAT oreparuio «IIpubbiTues, n cymMMa BCEX CIETIMKOB TPAH3IAKIII He
JIOCTUTHET OXKHJIaeMoro 3HadeHus. [logpoGHee cM. B [78]. DT BO3MOXKHOCTH
HCIIOJIB3YIOTCS, ECTECTBEHHO, JIJIs PA0OTHI ¢ KJIacTepaMy OJIOKOB HUTEN.

4.2.6. [lepBoHadanbHbie gaHHble 0 npousBognTesbHocTn H100

Hamupie o npoussoauresbroctn H100 B Tecrax u Ha mpusoxkenusx HPC
Ha MOMEHT BO3HUKHOBEHHUsI HIOHBCKOro crucka Topbh00 2023 roga mpakTuiecku
OTCYTCTBOBAJIM, €CJIA HE CIMTATH CTAPTOBBIE JaHHble B jokjaaje Ha Hot Chips
34 [293]. Crenyer Tak:ke ykasarb Ha gocrynsbie (Ha 14.06.2023) gannble
KpOXOTHOro BapuaHTa (tiny suite) Tecra SPEChpc 2021 [226], rue mist cepsepa
Lenovo ThinkSystem SR655 V3 npejicraBiieHbl pe3yabTaThl ¢ OJHUAM U JIBYMsI
H100-PCIe-80GB (c EPYC 9654P). MbI cpaBHUIN 9TH JIAHHBIE C PE3YJIBTATAME
SPEChpc 2021 or Lenovo st oguoro u aByx A100-PCle-80GB na apyrom
cepsepe ThinkSystem SR670 V2 (¢ Xeon Platinum 8380). s 6azoBoro
BapuaHTa Tecta (MuKoBbIl BapuadT jyig A100 He IPOBOAMICS) IOy YeHHAS
npousBouTeIbHOCTD Ha ojHoM H100 60Jsibmie, yem y A100 B 1,33 pasa, a
na asyx H100 amamorumumoe yckopernue 0b110 B 1,51 pasa. Ho namgo nmern
B BHJy, 9TO JjIs pacliapaJuie/InBanus 37ech npuMeHsmch cpencta OpenACC
(mmroc MPT).
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pyrue uaTepecHble ganuble o mpousBoauteabnoctu H100 oTHOCATCS
K W3BECTHOMY TIPUJIO’KEHHIO MOJIEKYJISIPHON auHaMukn Amber Bepcrn 22 [294].
Tam JjIsi THIIOBBIX JIJIsi 9TOIO IIPUJIOYKEHUS TECTOBBIX MOJIEKYJISIPHBIX CACTEM
[POBEJIEHBI PACYETHI, JAIOIIME ONEHKU IIPOU3BOIUTEIBHOCTH (YUCIIO IPOMOJIEIIH-
POBAHHBIX HAHOCEKYH/ 3a JIeHb pacyiera) Ha Pa3HbIX IpadUyecKuX IPOLECCcopax.
PaCC‘II/ITaHHbIe HaMWU U3 3TUX BEJIMIUH OTHOCHUTEJIbHBIE ITPOU3BOAUTEILHOCTU
nokasbiBaioT yckopenne H100 ornocuresibao A100 B 1,11-1,28 pasa s
nuruapodosarperykrassl (23558 aromon), B 1,27 pas— jjist HyKJI€0COMBI
(25095 aromos), B 1,42-1,43 pasa sy nporenna u3 90906 aromos, B 1,40 pasa
JUIS TEJUTIOJNIO3bI ¢ BOJILIIUM YUCI0M MakpomMoJiekyst (408609 aromos), B 1,35
pasa Jyisd CIlyTHUKa BUpyca tabagnoi mozauku (1067095 aromos).

B pacuerax 6osiee MaJIeHbKUX MOJIEKYJISIPHBIX CUCTEM YCKOPEHHUs, IT0JIydeH-
woie Ha H100, 6b1Basin 1 60JIbINe, YeM YKAa3aHHBIE BBIIIE, HO MbI 9T JAHHBIE
37ech He npuBoauM. Ho 10/1e3HO OTMETHTH, 9TO I BCEX PACCINTHIBABIIIIIXCS
B [294] MoseKyIApHBIX cucTeM GJIM3KYI0 MPOU3BOAUTENHLHOCTD K A100 nmeer

Nvidia RTX 3090, a k H100— Nvidia RTX 4090.

Ectb eme apyrue gannabie o npousBogaureabaoctn Amber22 wa H100
B CPaBHEHHUH C HPOU3BOAUTEIbHOCTHI0 Ha A100, HO OHM PACCMOTPEHBI HUXKE
B paszjeiie 5.3.2 B COIOCTABJIEHUN ¢ TIPOU3BOIUTEeIbHOCTHI0 Ha MI250.

Ho B mepByto ouepens GPU HOBOTO MOKOJIEHNUST OOBITHO OOPAIIEHBI Ha, perire-
HUA 3a/1a4 V[M, IIO3TOMY II€pBOHaYaJIbHbIE /TaHHbIE O IIPOU3BOJIUTEIBHOCTU
MOSBJIAIOTCA MMeHHO 37ech. g H100 cnadasna craau JIOCTYIIHBI IpeIBAPU-
TesbHbIE pe3ysbTaThl Nvidia o ofHOMY U3 CTABIMUX KJIACCHIECKUM st U1
(mst mammuaHOTO 06y4enust) Habopy TectoB MLCommon — MLPerf Training
B Bepcun 2.1 [278].

IIpeacrasnennsie B [278] Bpemena pacuera ajsa H100 (B «3akpbl-
ToM» /ipesBapuTensHOM paszene MLPerf Training) 6bin mostyueHs! Ha cucTeMe
DGX H100, comepkameii kpome 8 H100 apa npoueccopa Xeon (56 sgep) u
paboraroreii ¢ quctpudyrusom Ubuntu 20. Anamus ganaeix mjsa cucrembl DGX
A100 ¢ 8 x A100-SXM-80GB na matomux conocrasumblie ¢ H100 pesynbrarh
TecTax IOKa3bIBaeT, uTo BpeMs pacdera Ha H100 pa3a B JiBa MeHbIle, 4eM
na A100, 3a uck/oYeHneM TecTa 0OPAbOTKH eCTECTBEHHOrO d3biKa, Tae H100
6bicTpee B 3,8 pasa.

B konrte utonst 2023 rojia nmosiBUIIMCH JTaHHBIE 0 Tpou3BoguTeabHocTH H100
u A100 ua nosoit Bepcuu MLPerf Training v3.0 [295], a B cenrsibpe — Ha HOBOI
sepcun MLPerf inference datacenter v.3.1 [298], koTopble HLTIOCTPUPYIOTCS
B Tabsmnax 18 u 19.

Hanmbple 110 9TUX TaOJUIL OB OTOOPAHBI B METAX MaKCUMAJJILHOTO
BO3MOXKHOI'O COIIOCTaBJIEHNS] [TPOU3BOUTEIbHOCTH, HO, IIOCKOJIBKY OBLIN
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Tapauua 18. Jlanusle no npoussoautesbaoctu H100 u GH200
B Tectax MLPerf inference datacenter v. 3.1 (Bce nanHbIe KaTeropun
available); nanable 0TOOPAHbI (M OKPYIVIEHBI JI0 IBYX 3HAMAIIAX
udp) I MAKCUMAJIBHO COIOCTaBUMOCTH JyIst TouHOCTH B 99%

Komugecrso GPU [ 1 [ 2 [ 4 [ 8
Kiaccudukanusa nzobpazkennii/ResNet

H100-PCIe-80GB | 47(55)! | 106(115)2| 206(200)2 368(443)"

H100-SXM-80GB 73(89)3 312(354)3 584(704)*

GH200-96GB 77(93)

A100-PCle-80GB 147(158)°

A100-SXM-80GB 305(340)9290(326)7

NLP/BERT

H100-PCIe-80GB | 4,6(5,7)!| 9,1(12)% | 18(23)2 35(46)!

H100-sxM-80GB | 7.3(8.8)3 29(36)3 56(70)%

GH200-96GB 7,7(10)

A100-PCle-80GB 12(13)%

A100-sXM-80GB 25(28)%25(28)7

JlanHble O IPON3BOJUTEILHOCTH (YHUCIIO 3alIPOCOB B CLIEHAPHHU SEIVer U YhCIIO
npob, B ckobOKax - B cueHapum offline) mpuBeieHbI He 3a CeKyH/y, a 3a
MUJIIINCEKYHY .
Bce pacuersr nposegens! ¢ ucnonb3zosarueMm TensorRT 9.0.0 u CUDA 12.2.

1 Namnsre Nvidia ma Gigabyte G482-7Z54, ¢ 2xEPYC 7742;

2 Naunsie Dell na Dell PowerEdge R760x ¢ 2xXeon Platinum 8480+

3 Mammsie Dell na Dell PowerEdge XE9640 ¢ 2x Xeon Platinum 8468

4 TTanusie Nvidia sa DGX H100 ¢ 2xXeon Platinum 8480C

5 ITanuste Dell za Dell PowerEdge R750x ¢ 2xXeon Gold 6338

6 ITanusie HPE na HPE ProLiant XL675d Genl0 Plus ¢ 2xEPYC 7763

7 Ilanusie Oracle ma Oracle BM.GPU.A100-v2.8 ¢ 2xEPYC 7J13

baKTHIECKN MOy IEHBI Y2KE MOC/Ie 3aBEPIIeHnsi 0TOOpa JAHHBIX Jjis 0030pa,
IOJIPOOHO 3/1eCh HE AHAJM3UPYIOTCS.

B rabmume 18 npusenensr orobpanubie mannbe u3 Habopa tecroB MLPerf

inference datacenter Bepcun 3.1. JlanubIe 9TO! TabIHUIBI TOKA3BIBAIOT OYe-
BUIHBINA pocT npousBoauTesbHocTd H100 nmo cpapuenuto ¢ A100, 6osiee
ToHKHU poct npoussoaureabHoctu H100-SXM ornocuressao H100-PCle u
yBesqumaennyio npousogurensaocts GH200 emkoctrio 96 I'B o cpasuenuio
¢ H100-SXM (o cpasuenuto ¢ H100-PCle— rem 6osiee). Dro memoHCcTpUpYyET
yBeJIMYeHIEe IPOU3BOIUTENLHOCTH [JIst 3aa4 WU mpu pabore ¢ oguum GPU H100
B uHTerpuposannoMm ¢ Grace Bapuante GH200 ¢ HBM-maMsIThi0 eMKOCTBIO 96
GB. Kpowme Toro, 3Tn gaHHbIE TOKA3BIBAIOT XOPOIILYI0 MACHITAOUPYEMOCTH
¢ pocTOM umcJa IpuMeHsieMbix GPU B cepsepe ot 1 j10 8.
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TABMUUA 19. Bpemst Bblunciienust (B MUHYTaX) B TECTAX MAalllUH-

Horo o6yuenust MLPerf Training v3.0 [295]

Komnmuecrso GPU [ 2 [ 4 [ 8
Knaccudukanus nzobparkeHuii
A100-PCle 581 612 323
A100-SXM 547 27°
H100-PCle 820 | 45?2 397 208 21°
H100-SXM 2710 2611 | 1312 1313
CerMeHTanus MEJUIMHCKUX H300parKeHnit
A100-PCle 47! 482
A100-SXM 474 23°
H100-PCle 67° 322 317 193 18°
H100-SXM 2210 921l ] 212 1913
ObnapyrkeHne 06'beKTOB, JIEPTKOBECHOE
A100-PCle 171} 1762
A100-SXM 2221 79°
H100-PCle 1142 1077 | 54% 56"
H100-SXM 7210 7ol | 3712 3713
Ob6HapyrkeHne 06'bEKTOB, TSIXKEJIOBECHOE
A100-PCle 861 812 473
A100-SXM 834 38°
H100-PCle 622 557 | 28% 28"
H100-SXM 40'° 1912 20'3
Pacno3nal3a1me pevaun
A100-PCle 63! 642
A100-SXM 554 29°
H100-PCle 77%| 512 457 | 23% 28°
H100-SXM 2710 o711 | 1912 1913
O6paboTKa €eCTECTBEHHOI'O sI3bIKA
A100-PCle 451 512
A100-SXM 321 15
H100-PCle 43° 103 10°
H100-SXM 1110 1111 ] 5412 5413
Pekomengarust (DLRM)
A100-SXM 8,4°
H100-SXM 8,810 4,31% 4,312

1 Hannbsie or ASUSTeK na ESC4000-E11 ¢ 2XxXeon Platinum 8462Y+

2 Hannbie ot Dell na R750x ¢ 2X Xeon Gold 6338

3 Hanubie or Lenovo Ha ThinkSystem SR670 V2 Server ¢ 2xXeon Platinum 8360Y

4 Naunele or Dell na XE8545 ¢ 2XxEPYC 7763 ornpasuresns

5 Hanusre or Dell ma XE9680 ¢ 2xXXeon Platinum 8480+

6 Hannbie or Quanta Cloud Technology na D54Q-2U ¢ 2xXeon Gold 6430

7 Hannbie ot Dell na R760x ¢ 2X Xeon Platinum 8480+

8 Hannble or ASUSTeK na ESC8000A-E12 ¢ 2XEPYC 9654

9 Hanuble or Supermicro na AS-4125GS-TNRT ¢ 2XEPYC 9554

10 Janubsie or Supermicro na SYS-421GU-TNX ¢ 2XXeon Platinum 8460H

11 Hannsie ot Dell na XE8640 c 2xXeon Platinum 8468

12 Hannsie ot Dell na XE9680 ¢ 2xXeon Platinum 8470

13 NMammeie or Supermicro ma AS-8125GS-TNHR ¢ 2xXEPYC 9634

14 Mannee or GIGABYTE na G593-SD0 ¢ 2X Xeon Platinum 8480+
Bce gannble B Tabiuie OTHOCSATCS K JOCTYIIHBIM JoKaJabHO (available on-premise), nmosydenst
Ha GPU ¢ emkocThio namsatu 80 GB u okpyriens: o aAByx s3Hadamux uudp. Muadbopmanuo

06 MCHOJIb3YeMBIX B TeCTaX MogessaX U U NPUMEeHSOIMMUXCA HabopaX MCXOJHBIX JAHHBIX CM.
B [295].
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B rabsume 19 npuBenena BbIOOpKaA M3 JTAHHBIX IIPUMEPHO OIHOM IIECTOM
YACTH BCEX MPEJCTABICHHBIX B [295] HAGOPOB JAHHBIX O TECTAX POU3BOJIU-
reaprocTr MLPerf Training v3.0. Tam umerorcs, HampuMep, pe3yIbTaThl U it
6ostbIiero umciia ucnosb3oBasiuxcs GPU. Takoit 60JbInoit 06beM TpeIcTaB/IeH-
HBIX B 9TOI TaOJIUIE JAHHBIX MO3BOJISET COMOCTABUATH ITPOU3BOIUTETHHOCTH
H100-sxM, H100-PCIe u A100-SXM/PCle 1pu pasuom 9uc/ie UCHoab3yeMbix GPU
B cepBepe, ¢ IPUMEHEHUEM PA3HOI0 MPOIPAMMHOTO 0DECIIEUeHUsT U PA3HBIX
XOCTOB.

JlanHbIe 3TOI TAOJIUIBI TIOKA3BIBAIOT, YTO BO3MOXKHBIE PA3YMHBIE BapUAIIIH
AIIAPATHBIX CPEJICTB XOCTOB (IOHSATHO, ITO 3/I€Ch MCIOJIb30BaUCh LIl comep-
JKallye JeCATKY si/Iep) U IPOrPAMMHBIX CPEJICTB, BEIGDAHHBIE IIPOU3BOIUTEIIAMI
CEpBEPOB IJISt STUX TECTOB, HE OKA3LIBAIOT CHUJIHLHOTO BJIMAHUS HA [OCTUTAEMYIO
[IPOM3BO/IUTENHLHOCTD, U [TO3TOMY B JAHHOM 0030pe He aHAJIU3UPYIOTCS.

Jlanmbie 9T0I TAOIUIBI TPAKTHIECKN BO BCEX TECTAX MOKA3BIBAIOT XOPOIIEe
macrirTabupoBanue ¢ ducyom GPU B cepsepe 10 8. B kadecTtBe HYyJI€BOrO
MIPUOINKEHUS JIJIs COITOCTABJICHUST ITPOU3BOINTEILHOCTH MOXKHO CUUTATH
JIMHEWHO! 3aBUCUMOCTD ITPOU3BOIAUTEbHOCTH OT uncya GPU, XoTs Tak ObIBaeT
He Bceryia— Hanpumep, npu nepexone or 4 k 8 H100-PCle B recre cermenranun
MEIUIIMHCKUX M300parKeHU! yCKOpeHUe OBbLIO TOJIBLKO IPOIeHTOB Ha 70.

W3 naHHBIX TaOJIMIBI BUIHO, KaKasi 3aMETHO 00Jiee BBICOKAsI IIPOU3BO/IUTEIb-
HOCTh jrocturaercst npu padore ¢ H100-SXM orHocureisHo paborsl ¢ H100-PCle
(manpumep, pasa B nosropa 6osibiie Ha 4 GPU B TecTax KiaccuUKainm
n300parkeHuil ¥ CerMeHTaIMN N300PaKeHNUil ); WM 9TO IPOU3BOJUTEIHLHOCTD
pasa B jBa Oouibiiie y H100-SXM, yem y A100 Ha 3TUX Ke TecTax C TEM Ke
qucsiom GPU; mwim aro H100-PCle paza B mosnrropa 6eicrpee A100 mpu Takux
2Ke YCJIOBHUSIX, U TaK Jiajiee. BbIBaeT u cKopee He0CTATOYHO BBICOKOE JIJIst
VU macmrabupoBanue ¢ duciaoM GPU (manpumep, npu nepexoje or 4 kK 8
H100-PCle B Tecre cermenranuy MeaunuHCKux u3obpazkenuii). Ho nomo6ubrit
aHaJn3, 10 MOHATHBIM IPUYIUHAM, 371€Ch HE ITPOBOIUTCS.

4.3. Pe3iome no GPU Nuvidia

Hecmorpst na nmosiByienne aynbrepuatuBabix Nvidia GPU or AMD wu Intel,
HeT HUKAKWX IMPU3HAKOB ocyabsenust nmosurnuii GPU ot Nvidia B ammapaTHOM
¥ IPOrPaAMMHOM ILIAHE — UX IPUMEHEHNE B KOJIMIECTBEHHOM ILIaHe OyIer
MIPOJ0JIXKATE OBICTPO pasBuBarhes. CpencTBa TPOrpaMMHOTO 0DeCIiedeHust
nns GPU Nvidia npejcrapienbl HanboJjiee MUPOKO, U HOBBIE IIPOTPAMMHBIE
CpeJICTBA OOBIYHO TOSBJIAIOTCS JIJIT HUX PaHbIle, YeM Jiid GPU KOHKYDPEHTOB.
ApxurekTypbl HOBbIX 1OKOJeHuit GPU or Nvidia JaroT BBICOKHI yPOBEHb COBME-
crumocTH ¢ Gosiee parHuME MojessMu GPU. CooTBETCTBEHHO IIEPEHOCUMOCTH
IporpaMMHOI'O o6ecnequI/I${ Ha 60.}'[66 HOBbIEC MOJIe/IN CYHIECTBEHHO BbINIE, 9eM
JIoCTUTaeMasl P Tepexojie Ha paboTy ¢ GPU KOHKYPEHTOB.



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 229

Xotsa Teoperndecku 101 npuMensieMbix GPU ot Nvidia Ha MupoBom
PBIHKE MOXKET yIacTh u3-3a mnosiejeHust Tam GPU or AMD u Intel, obrmemu-
poBoe ycuienue pabor B obsactu U Oymer criocoOCTBOBATH AKTHUBU3AIIAN
npumenenust GPU or Nvidia. Bosmozkubre npenmymecrsa GPU Intel u AMD
10 TTPOM3BOINTETLHOCTH HYZKHO JOKA3bIBATH HA PeaJbHbIX npmiokeHusx. C
TOYKHM 3peHus obmactu HPC cTouT ckopee 0OpaTUTh BHUMAHNE HA BCE OOJBIITYIO
opuenTanuio Nvidia na 3agadn UN.

5. GPU Hosoro nokoneuns or AMD

K GPU noBoro noxkosienusi B 0630pe oTHOCATCH GPU, TIOSBUBIIAECS TOCJIE
6a30Bbix GPU Nvidia V100 u A100. AMD 3a mocjieaaure roapl Ipolia 60IbIIoi
IyTh HE TOJILKO B OOJIACTH YCIIEITHON KOHKypeHImn ¢ X86-mporieccopamu Intel
(AMD EPYC orrecusitor Intel Xeon He TONBKO HA PbIHKE TPaJIUIMOHHBIX
cepBepoB, HO U Ha pbiHKe cepBepoB ¢ GPU). IMosgsienue B xouue 2020 rozga
MI100 [296], a B caeayromem roxy u cemeiicrsa MI200 [297,299] nokazaso,
uro ¢ GPU Nvidia naunnaercs xoukypeniusa. Umenno GPU MI100 u MI200 cranun
IIEPBBIMU BBIITYCKABIIUMUCH IpeicTaBuTesMu GPU, OTHECEHHBIX B JIAHHOM
0030pe K HOBOMY ITOKOJIEHHIO.

MI100 uHOrmAa paccMarpuBasics Kak mnpe/mectBenank GPU AMD B oxkujiae-
MBIX CylepKoMIbioTepax (Kiacrep Spock ¢ MI100 B y3max — Kak HIpeJecTBeH-
nuk Frontier [254]; MI100 nagan npumensarbes B y3iax LUMI, koropsbrit
3aHsJT TPEThe MeCTO B MIOHbCKOM crmcke Topb00, Korja B ero ysaax yxKe
craym menosb3osarbes MI1250X [42]). Apxurextypa MI100 yke obcyxmanach
B IIyOJIMKAIUSIX — CM., HapuMmep, 00630p [21]. TTo anamorun ¢ V100 3mech
MBI OFPAHUYUMCSI TOJIBKO CBOJIHBIMU TEXHUYECKUMU XapPaKTEPUCTUKAMU
MI100 (cm. Tabaunst 20, 21), HO TPOBEIEM AHAJIU3 JAHHBIX O JOCTUTAEMOI
[IPOU3BOIUTEHLHOCTH 3TOr0 GPU, B TOM 4HCJIe B COIMOCTABJIEHUN C IPYTAMEI
paccMaTpuBaeMbIMu B 0630pe GPU.

AxryanprocTs anamusa GPU uz cemeiicrBa MI200 moBbimiaercst TeM, 910
€ UX IPUMEHEHWEM ceffdac mocTpoeH He ToJbKo cyneprommbiotrep Nel B Top500,
BriepBble B Mupe nepemarnysmuii 6apeep 1 EFLOPS (Frontier), u Tperuit
B criucke Top500 (LUMI), orrocsimuiicst Kk Espocorosy (mockosnbky LUMI
ycTraHoBJieH B OUHIIAHINN — 3TO JEMOHCTPUPYET U CYIIECTBEHHDIN eBporeii-
CKUil ycrex B cylepKoMIibioTepHoil obiacru): GPU MI250X upumensiorcs
B 2% cynepkommbiorepos n3 Top500, 9T0 OTparkaeT U OUepeIHON yerex
npoussoguress, HPE/Cray, B annaparubsix cpepcrsax koroporo MI250X
pa3MeIaJnch.



Tabmuna 20. Cunenuduranuu coBpemenubix GPU AMD u Nvidia

A100 ¢ A100 H100 H100

Crernudurarm GPU MI100 MI210 | MI250 | MI250X PCle ¢ SXMA ¢ PCle ¢ SXM5
Texuosorus TSMC, um 7 6 4
Hlucno axrupHpX A1ep 7680 6656 | 13312 | 14080 6912 6912 14592 16896
(IIOTOKOBBIX IIPOLECCOPOB)
Ypcro akTUBHBIX CU2 120 104 2x104 | 2 x 110 108 108 114 132
Jacrora GPU 765/1410 | 1095/1410
6 MTD 1000/1502 1000,/1700 U Hn 1095/17554 | 1590,/19804

azopast/yckoperras (MI'n) 1065/1410 | 1275/1410
ITukoBas
npousBoguTeIbHOCTE: FP64 11,5 22,6 45,3 47,9 9,7 9,7 25,6 33,5
(TFLOPS)
FP64 ¢ TenzopubiMu
sapanu (TFLOPS) HET 45,3 90,5 95,7 19,5 19,5 51,2 66,9
FP32 (TFLOPS) 23,1 22,6 45,3 47,9 19,5 19,5 51,2 66,9
FP32 ¢ TenzopubimMun Her nopmep:kku: BXomHble JJaHHbIE MEHbIIEH
anpamu (TFLOPS) 46,1 45,3 90,5 95,7 TOYHOCTH

FP16/BF16 (TFLOPS) 184,6/92,3 | 181 362,1 383 78/3123 2053 2683
INTS8 (TOPS) 184,6 181 362,1 383 624 1513 1978,9

1 Huskoyposuessie SIMD-sipa ¢ TOAIEPKKOH KOMAH, «YMHOKHTh-H-CIOKUTB», y Nvidia nmenyrorcs erme kax CUDA-TIpoIieccopsr

(MaTpHUUHBIE/TEH30PHBIE SAPA 3/1€Ch HE YyUUTBHIBAIOTCH);
2 st Nvidia— MOTOKOBBIE MYJIBTHITPOIIECCOPDI (SM);

3 Ipu HCIIONIB30BAHMY PA3PEKEHHOCTH — B ABa pasa Belme; Ilpoussogurensrocts ¢ FP16, BF16 u INTS orHOCHTCS K TEH30DHBIM

AIpaM.

(0544

M 9N

WUMOHUNGER



Tapauna 21. Cnemudukanun coppemennbix GPU AMD u Nvidia (npodoasicerue)

A100 ¢ A100 H100 H100
Crenudukanyuu GPU MI100 MI210 MI250 MI250X PCle ¢ SXMA ¢ PCle ¢ SXM5
Tun nmamaru B GPU HBM2 HBM2E HBM3
[Iuna namsitu, 6uT 4096 8192 5120
Emkocts mamsaru, I'B 32 64 2 X 64 40 nan 80 80°
YHacrora namsitu, MI 1200 1600° 1215 wma | 1215 viu 1593 1313
) 1 1512 1593
IIponycknasi criocOGHOCTD, 1555 uu | 1555 uin p .
T6atir/c 1229 1638 3277 (2 x 1638,4) 1935 2039 2039 1681
. Infinity . .

HNurepdeiic GPU ¢ GPU uimn . . . c L NVLink- c I NVLink-
C IIPOIECCOPOM Faébéw Infinity Fabric 3.0 PCle v4 3.0 PCle vb 4.0
Ero nponycxnaz 3x92 | 3x100 6 x 100 ¢ IIT: 64 600 ¢ IMT: 128 900
cniocobHoCTD, I'GaiiT/c
Ksm L1, KB 16 na CU 192 na SM 256 na SM
Kom L2, MB 8 16 40 e 40 50
Srenronormeb e, Brd - 300 £300 | 500; 560 | 500; 560 | o) MM | 400 350 PSU: | 700 PSU:

P P ' PSU: 700 | PSU: 700 | PSU: 900 | PSU: 900 700 | PSU:800 750 1100

4

ecTb Mojesib ¢ HBM3/96 I'B u apyroii wacroroii GPU.

5 e TEH3OPHBIX Olepanuil ¢ ToHMKeHHoi (Menbine FP32) TOYHOCTBIO yCKOPEHHAs 4acTOTa MEHbIIE;
6 TDP: wmcsto mocste Touxu ¢ 3amaToit y AMD — mukosoe, PSU: mpemaraemas mormsocts fyisi Power Supply Unit;

Jlauuble Tabaunbl B3ATHL U3 6a3bl JaHHBIX [185] u ¢ caiitoB npousBoxuTeseii.

g

BUHVEOTAIOGO OJHAIMOIRALOLAIIOO U (| JD D HUHALOMOI HOFOF] bE)

1€C
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5.1. GPU AMD MI200

5.1.1. MukpoapxnTekTypa n TEXHUHECKNE XapPaKTEPUCTUKN PA3HbIX MOZESEN
MI200

CewmeiictBo MI200 BKIITOUaeT B ceba Tpu pasuble Mozxean— MI210 [300],
MI250 [301] u MI250X [302],— u3 KoTOpBIX crapras Mogeas MI250X
MOSIBIJIACH U CTAJIA MOCTABJISITHCS MEPBOil B cynepkommbioTep Frontier [303],
sunep ciucka Topb00.

IIpu nepexome AMD or npou3sBojCTBa CBOUX TPaJUIIMOHHBIX IPpadUIecKux
mporieccopoB Radeon Instinct ma GPU HOBOrO MOKOJIEHUsT CMEHUJIAChH U
apxuTekTypa. Ecim panee B rpadudeckux mnporeccopax AMD npumeHsiiach
apxurekrypa GCN (Graphics Core Next), To amus MI100 6eiia paspaborana
CDNA (Compute DNA) [304], a 8 MI200 oxa MOREpPHU3HPOBAJIOCH yIKE
Bo Bropyio Bepcuto CDNA 2 [305]. IIpu usMeHeHHsIX 9TUX apXUTEKTYD,
€CTECTBEHHO, COXPAHSIETCs OIPE/Ie/IeHHAs! IPEEMCTBEHHOCTD, B IIEPBYIO OYepe b
Yy BBIUHUCJIUTEIBHBIX OJIOKOB, YCOBEPIIIEHCTBOBAHUE KOTOPBIX BO MHOT'OM
[IPOUCXO/UT 110 TEXHOJOTUIECKUM M KOJTHMIECTBEHHBIM [TOKA3ATEJISIM.

Jls anasiora 6a30BOro BeIYMCIUTEIHLHOrO 6510Ka SM B GPU Nvidia ajs GPU
AMD wucnonbsyerca repmun CU (cm. Tabuuity 1), KOTOPBIil NpuMeHseTcs
takke 1 B BR100. Jocrarouno mogapobuast nadopMarmst o moctpoernn CU u
ero ocHoBHbIX 6itokax Jyiss CDNA umeercs B [304]. CU B CDNA 2 conepkur,
B 9aCTHOCTH, JUCIIETYED MJist PAOOTHI C HUTSIMU, (PAllIbl OOBIYHBIX 1 BEKTOPHBIX
perucTpos, gapa (B TOM ducje MaTpUdHbe, ¢M. HEKe), Ko L1 u namars LDS
(Local Data Share) [305]. Pasnensiemas: mamsite LDS (qacro mmeHyemast Takxe
LSM, Local Share Memory) ucnonb3yercs nutsmMu BHyTpr Bapua (wavefront
B tepmunosiorn AMD, eum. Tabmiy 1) [305]. Emxocrn xarma L1 aas MI100 u
pazmnaabix Momeseit MI200, kak u npyrue BakHeiine mokas3arean Stux GPU
AMD, B cpasuennu ¢ A100 u H100 mpusezenst B tabmuiax 20 u 21. C yuerom
3a/iepkeK B moctaBkax PVC m BO3MOXKHOI 3aMOpo3Ku mpou3BoacTea BR100
HaMOOJIBIIII WHTEpPEC B JAHHOM 0030pe W B TeNaxX cormocTaBiaenus GPU BoobOme
B HACTOSIIEE BpeMs MPEICTABISIIOT MeHHO GPU u3 9Toit TabInIb.

Ho npezx e Bcero ciemyer yka3aTb Ha TEXHOJIOTHYECKHUE ITOKA3aTEIN.
MI100 cranu Beiryckarbes mo Texnosorun TSMC 7 um (kak u'y A100), a
MI200— o Texuoornu 6 HM (TOJIBKO B HOCJIEJHUX TOJBKO YTO HOSBUBIINXCS
H100 y Nvidia crano 4 um). B MI100 comepxxkurcs 25,6 MIIp, TPaH3UCTOPOB
npu mromazam 750 mv? —a B MI250X ux yxe 58,2 Mup/ (Ipu MeHbIeit
mroman 724 mm?) [185]. DTu moKazaTe M BaXKHbI B TOM HHCJIE TIOTOMY, UTO
CBSA3aHbI ¢ BO3MOYKHBIMHI CTOMMOCTHBIMH IIOKa3aTeJIaMHI U BearmauHamu TDP.
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OTu JaHHBbIE OKA3BIBAIOT Ha OJIM30CTH TaKUX Iokasareseii y MI100
u V100 (ceMm. emme Tabuuiy 10). IIpu stom B MI250X 4mciio Tpan3ucTopos
HECKOJIbKO Goutblie, veM y A100 (tam ux 54,2 Mipi), a WIIoma b KpUCTalia
MI250X mpu sTom 3amerno nuzke (B A100— 826 mm?). CoorTBeTcTBEHHO
BO3HUKAIOT HJen 0 Bo3MOKHOIT conmocraBumoctr MI100 1 V100, a Takke
MI250X u A100— uTo 6BLIO OIPOOOBAHO B psijie TyOJIUKAIUA ¢ JTAHHBIMEI
O MMPOU3BOJIUTEIHLHOCTH. ITO KAcaeTCsi COMMOCTABIEHUS TEXHOJIOTTIECKUX
nokazaresieit MI250X u A100, oHO TpeOyeT HPUHIUITNAIBLHOTO YTOIHEHUSI,
0 9YeM pedb TOHeT IyTh HUXKeE.

K cpasuenuio MI250X ¢ A100 cieayer 106aBUTH COMOCTABJICHUE C TIOSIBUB-
mmmucs B 2023 roxy H100. 3mech HOBBII TeXHOJIOrHYIECKUH YPOBEHDb 4 HM
nozsosui Nvidia pazmecturs 80 MIP TPAH3UCTOPOB C YMEHBINEHHOM (110
cpasrennto ¢ A100) miomapio 814 Mm2.

Ocuosnble ntokazareau GPU MI100, MI200, A100 u H100 upuseiernt
IJisi corioctaBiienns: B rabsurax 20 u 21, a wa pucynke 18 mpemacraBieH
6ostee BoICOKHUH (1eM CU) ypOBEHb MACIITAOMPOBAHUS BBIMACIUTEIbHBIX
morHocreit B CDNA 2— GCD, KoTopblii nMeeT B TOM Yucjie 4 BBIYUCTUTETHHBIX
6si0ka CE (Compute Engine), conepxxkamux no 28 CU (uBa crosbia o 14
CU Ha pucytke) [305]. 13 112 dusuueckux CU asa CU orkirodeHsl [41]—
coorBeTcTBeHHO B Tabsmie 20 ykazano na 110 CU.

Kpucraman GCD mMeeT MpUHNATHAAIBHO BaXKHOE 3HAYMEHHUE /TSI TEXHOJIOTHH
AMD: B craprmux momessix MI250 u MI250X cozmepskarcest o 2 GCD [305],
COEJIMHEHHBIX KaK uuiuer [299].

B kauectBe mMexcoenunenus GCD npumensiercs Infinity Fabric 3.0 (o nem
peub HONJET B CIeyIONeM pasjene 0030pa), HO ero MPOIYCKHasl CLIOCOOHOCTh
CHJIbHO HUZKE, Y€M IIPOILYCKHAsl CIOCOBHOCTD maMsaTu GPU (cm. Tabsmiy 21).
IIpu nporpammuposannn MI250 u MI250X Oy/ryT BoCIpHHUMATHCS KaK J[Ba
passmunbix GPU [305]. CooTBeTCTBEHHO, BO3BPAIIALCH K TEXHOJIOTUIECKOMY
comocrasyiernto ¢ GPU A100 u H100, MI250/MI250X M0KHO BOCHIpUHUMATH U
kak mapel GPU. U B pacuere Ha omgua GCD MI250X gucio TpaH3UCTOPOB B HEM,
rpy6o roBopsi, B 2 pa3a menbine, yem B A100.

Ecin nepeiiru ot apxurekrypst CDNA 2 x mocrasisiembim mMogessim MI1200,
TO OHU OTJIMYAIOTCA IUCIOM aKTHBHBIX CU (cm. tabuuiy 20). ITo manusm [305],
KaxkIplit CU cozepkut 110 64 siapa (64 mefijepHbix s/1pa Uik IOTOKOBBIX
nporneccopos B Tepmunosorun AMD, sksupasenTuble yerbipem SIMD-
6Jsi0KaM ¢ BekTopamu 110 16 duces) —a1o Hekue anasoru CUDA-szep B GPU
Nvidia. Kazkioe Takoe siipo MOXKET BBIIIOJHATH KOMAHIbI «yMHOYKUTH-H-
caokuThy ¢ FP64-uncnamu. Torga nukosas npoussogurebuocts GPU (FLOPS)
B JIBa pa3a OOoJIbIlle MIPOU3BEAEHUs YncIa TaknuX dgep GPU Ha TaKTOBYIO
gacrory. [lo ciaoxusIneiicss TpaguImy TPOU3BOIUTENN UCIOIB3YIOT B PACIETAX
YCKOPEHHYIO YaCTOTY — TaKUe YUCJIA U IPUBEJEHBI B JIAHHON TaOJIuIE.
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INFINITY & FABRIC

Pucvynaok 18. O6mas nocrpoenne kpucraiia GCD (pucyHok
s [305])

B CDNA2 pacnonararonmecs 8 CU AJlY craiu 64-pa3psaHbIMy, U MOSBIIACE
BO3MOYXKHOCTh YIAKOBaTh JBa yucia FP32 ma mecro ommoro FP64, u padorars
C HUMH, HAIIPUMED, B KOMaHJaX «yMHOXKHUTb-U-CJIOXKUTH> [305]. [TukoBas
npousBoauresbHOCT, MI250X mpu pabore ¢ ynakoBanabivu FP32 yasansaercs
710 95,7 TFLOPS 6e3 ucnonb3oBanusi MATPUIHBIX sIIIEP.

B CDNA nosiBwinch MaTpudHblie sjpa (aHAJOIM TEH30PHBIX siep
B GPU Nvidia), kotopsie moryT BbimosaaTh KoMasasl MFMA (Matrix-Fused-
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BUmEN;

Multiply-Add) — «yMHOXKUTB-U-CIIOKHUTE> HaJ| MATPUI[AMEI MAJIEHHKOIO pa3Mepa
C WCITOJIb30BAHUEM CMEINIAHHOW TOYHOCTHU, HO TaM MaKCHMaJIbHAasl TOYHOCTH —
sto FP32 [304], xak u B V100. Toieko 8 CDNA 2—wu coorsercrenro 8 MI1200
(amagoruano A100) MFMA moxker paborars u ¢ hbopmarom FP64. Tomycrumbie
pasmepsl Matpur, ¢ FP64 (M x N x K B dopmyie (1)): 16 x 16 x 4 wim
4 x4 x41[299].

3uech 1oJ1e3H0 OTMETUTh 0cobeHHOCTh Habopa komani MFMA (sto naGop,
TaK Kak JJIsi KaXKJI0r0 coYeTanusi (pOPMATOB UHUCEI, UCIOJb3yEMbIX B PA3HBIX
MATPHIAX, €CTh COOCTBEeHHBIH BapuaHT KoMaHIsl MFMA) n aHamornaabx
komars WMMA B GPU Nvidia. OHE BBITOJHAIOT OMEPAINIO, BHIPAXKAIOILYIOCT
dopmysoit (1)) mpu @ = 8 = 1, HO pe3ysbTaT [IOMEIIAETCSI B APYIYIO
matpuity D Bmecto C B jeBoit gactu 31oit popmynst. [lommepxkka paboThl co
crenuUIeCKUMY Pa3PeKEeHHBIMU MaTpuliamMu Jyist 3aia4 U1 (kax B A100)
B CDNA 2 orcyrcrsyer. Jokymenranust o ISA qsg CDNA 2 nmeercs B [306].

M pacyera nukoBbIX nmpousBomuTessHocTeir MI100 m MI200 nyxHO
3HATDH YHUCJIO MOJy9aeMbIX PE3yJIbTATOB 3a TAKT B ogHOM CU; 9TH JIaHHBIE
npejicrasienbl B Tabsmie 22. Hanpumep, B kaxkjiom CU B CDNA 2 umeercst
Mo 4 MAaTPUYHBIX A7pa, KOTOpBIe naroT no 64 pesyasrata FP64 3a Takt [305],
9TO MOC/Ie YMHOXKEHHsT OOIIEero Jncjia MAaTpUIHBIX sjep Ha 64 U Ha TaKTOBYIO
YACTOTY JlaeT HpUBeeHHy0 B Tabsmie 20 MUKOBYIO TPOU3BOIUTEIHHOCTD IPU
pabore ¢ MATPUIHBIME SITPAMHU.

TaBmunA 22. Ywucsio nosygaeMbIX pe3ysIbTaTOB 3a TaKT HA OJHOM
CU B CDNA (MI100) u CDNA 2 (MI200)

Dopmar BekropHbiMu ycTpoiicTBaMu MaTpu4YHbIMU YCTPORCTBAMEI
CDNA/MI100 | CDNA 2/MI200 | CDNA/MI100 | CDNA 2/MI200

FP64 64 FLOPS 128 FLOPS — 256 FLOPS

FP32 128 FLOPS 128 FLOPS 256 FLOPS 256 FLOPS

FP16 — — 1024 FLOPS 1024 FLOPS

BF16 — — 512 FLOPS 1024 FLOPS

INTS8 — — 1024 gucsa 1024 uuciia

Hannble u3 [307]. Tam npuBoANTCS TaKKe YHUCIO TAKTOB, TPEOYEMBIX [Jisl BBIIOJHEHHS
kazxkgoro Tuna onepanun MFMA. Ilpu Boinonnernn MFMA cmemansoro dopmara
¢ pesysabratamu FP32 3a TakT momyyaercs 1024 FLOPS.

Boobriiie, ecsin corocraBuTh IpejicraBiieHHble B Tabsuie 20 JIaHHbIE
O MIMKOBOI ITPOU3BOUTEHLHOCTH, TO BAJIHO, YTO IIPU PAOOTE C BEKTOPHBIMEI
sapavmu MI100 onepexkaer 1o sTomy nokazaresaio A100 (u ecrecrBeHHO
V100, cMm. rabuuny 12) musa FP64 u FP32, naBas stuMm norennuaibHoe
[PEUMYIIECTBO JIJIsl BCeX pabOTAIOuX ¢ BeKTopaMu npuiioxkenuit HPC (eciu Tam
IPOU3BOJIUTENBHOCTD HE JIMMUTUPYETCsl yMHOXKeHneM Marpui). [lomaep:kka
FP64 B marpuunsix sapax MI100 orcyTcTByeT, a mpu TouHoctu Huke FP32
10 3TOMY MOKazaTreto mpouspogurenbaocTu MI100 KoHKypeHTOCTIOCOOEH ¢
V100, cusbaO yerynas A100.
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Ha BekTopHBIX sdnpax comepxxkariue 10 jBa GCD mozenn MI250 u MI250X
TIPEBOCXO/ISAT TI0 TIMKOBOH TPOM3BOIUTEHLHOCTH C TIJIABAONIEH 3aIISITON MOIETH
A100. D10 ke uMeeT MeCcTO U IpH pabore ¢ MATPUIHBIME,/ TEH30DHBIME sIJIPAME
(3a uckimouennem FP32). Onnako A100 st 3a0a49 WU py MCIIOJIBL30BAHUY
CITEITIAJTHHON PAa3pPerKEHHOCTH MATPHI] TEH30PHBIME sITIPAME TIPpU paboTe ¢ To-
HIKEHHOU OTHOCUTENbHO FP64 TOYHOCTBIO 110 TMKOBOI TTPOU3BOIUTEIHHOCTH
BIIEPEIN.

Peanbpro mocturaemasi mpou3BOAUTEIFHOCTD TPUHITUIIAAIBHO 3aBUCUT U OT
Jpyrux (hakToOpOB, B MEPBYIO OUYepe b NEPAPXUU ITaMITH — HO CHAYaJa HAJI0
OIIPEJIETTUTHCS, KAK IIPOM3BOIUTCH CONOCTaBJIeHue: orndecku momean MI1250
u MI250X mpeacraBienbl Kak JjiBa GPU. Eciu mioesiuth 1ipejicraBjieHHbIE
B Tabsmmie 20 TUKOBBIE IPOU3BOAUTEIHLHOCTH TUX JIBYX MOJEJeNl Ha 1Ba,
To st FP64 Bce momenn MI200 no-nipesknemy cuiibaO onepeskaior A100,
a Ha FP32 ux npenmyrmectso HeGombIIOe (17151 TeH30pHBIX syep y A100
MIPUBOAATCS U O0Jiee BBICOKHE TIOKA3ATEJN, HO IIPU STOM HCXOHBbIE JTAHHBIE HE
HOJIEPKUBAIOTCS B cTaHapTHOM dhopmare FP32).

IIpu comocrasnenuu ¢ ommum GCD TobKO uTO mosiBuBinuecs H100
10 TIMKOBO# npou3eoauTesibroctu ¢ FP64 yxe mpesocxogsar MI200, a Ha Gostee
HU3KHUX TOYHOCTAX ITO IPEBOCXOICTBO Oosibmioe. IIpu 9TOM HYKHO OTMETHTB,
9TO TMUKOBas MPOU3BOAUTEILHOCTE ofgHOro GCD MI250X mst hopmara FP64
ouens 6imska K H100-PCle (cM. tabumy 20). CucreMaTudecKoe COLOCTABICHIE
9Tux GPU Ha peasibHO JOCTUIaeMbIX IIPOU3BOINTEIHLHOCTSIX BO BPEMS IIOITOTOBKI
0030pa ObIII0 HEBO3BMOXKHO M3-332 OTCYTCTBHS COOTBETCTBYIONIUX ITyOIHKAINII,
a B IPAKTUYECKOM ILJIAHE aKTyaJIbHOCTH B OJiMKaliliiee BpeMsi MOXKET y2Ke
nostyanTh u conocrasierne H100/GH200 ¢ oxxumaembivu K mosieierno MI300.

B CDNA 2 ecrb u apyrue UCHOJHUTEBHBIE OJIOKH, KOTOPbIE UMEIOT
OTHOIIIEHUE K paboTe ¢ PUCYHKAMY ¥ BUJIC0, HO OHU 37I€Ch HE PACCMATPUBAIOTCS —
Hanpumep, B GCD umeercst jaBa 6jioka VCN jy1st 38,189 MaIInHHOTO 00y YeHUst
upu pabore ¢ u300pakeHuAME U BUIEO (CM. pucyHOK 18).

Tenepsb cienyer 06paTUTHCS K MEPAPXUU HAMSITA — BTOPOIl OCHOBHOI
COCTaBJIAIONIEH, OIpeIe/IAonieil MPON3BOANTEIHLHOCTEL padboThl GPU. Hanbostee
JleTaabHbIe JaHHble 110 Beeli nepapxun namsatu MI200 upecrasiens: B [299].
Ksm L1 ucnionb3yercst nyia paboTs! ¢ daityioM BeKTOpHBIX peructpos. Ho
OIPAHMIUTHLCA MPIMBIM comiocTaByiearneM emkoctu D-kamra L1 8 CDNA 2
¢ eMKOCTBbIO Takoro kama B A100 Hesib3st uz-3a Toro, uro B CDNA 2 umeercs
erme oT/ebHAs paszensemas namats LDS emkocrsio 64 KB ma omun CU [41].
B V100 u A100 coorsercrBytomuii kamr (pasMep KOTOPOTO MPUBOAUTCS BbIIIE
B Tabuune 21) yanduimposaH, u BKiouaer B cebsa L1 u pasiaenseMyro naMsTh.
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Pacnomoxkennnrit 8 GCD k3mr L2 nmeer emkocts 8 MbB u aBngerca 16-
KaHaJIbHbIM HabopHo-accormaruBHbM. Kam L2 B GCD umeer o061y cKOpoCcTh
mepesiavy JAHHBIX ¢ Kamamu HukHero yposHst 4096 KB 3a TakT [299].
Tounee rosops, k3m L2 B GCD cocrout uz 32 gacreit (slices), kaxias
13 KOTOPBIX mepenaer 1o 128 Gafit/rakt, min cymmapso 6,96 TH/c [41].
Yepes 3-e nokosienne mexkcoeauuenns Infinity Fabric qannbie xama L2 moryT
obmenuBaTbest ¢ namsitbio HBM2E namubsivu uHa ckopoctu 2 KB 3a TakT.
IToncoenunennas k omgnomy GCD nmamsats HBM2E umeer emrxocts 64 I'b
¢ nporyckHoii crioco6HocThIo 1,6 TH/c [299].

Mogenn MI250 u MI250X umeror 1o jpa GCD. CoOTBETCTBEHHO Ha yPOBHE
BCell MOJIEJIN TIEPEYNCIIeHHbIE B MIPENbIIYIeM ad3ale MOKA3aTe N YIBANBAIOTCS,
Kak u npuseneno B tabsmie 21. Infinity Fabric B CDNA 2 crasio obecrieunBarh
KOT'€peHTHOCTh Ka1ma Mexk 1y GCD, n mamars HBM2E, kak u kst L2 oboux
GCD siBnstorcst obmumu [299]. Ecim conocrasienne ¢ A100 mpoBoguTcst
OTHOCHTEJILHO 0oy1HOro GCD, TO €MKOCTB U IpOoIyckKHas crocoonocts HBM2E
B CDNA 2 Boimie, gem mist A100—40GB. Ho Nvidia crasa 3aremM Ipou3BOIUTH
mozenu A100 ¢ yasoenroit emrocteio HBM2E (80 I'B), B KOTOPBIX €MKOCTH 1
IPOIIYCKHAs CIIOCOOHOCTD cTal GoJibiie, deM y oguoro GCD B MI250/MI250X.

CpasHuBas nepevuc/sBIecs B Tabsmie 21 moKa3aren IaMsATH, MOKHO
CKa3aTh 00 WX COMOCTABUMOCTH B pasHbX Mozeisx GPU AMD u Nvidia (MI100
u V100, MI200 u A100; H100 31ech He yuurbiBaercs). OmHAKO APKOE OTIAYHE
umeer Mecto B emkocTu Kameit L1 u L2: 8 A100 oru cuibHO Gostbirie, gem B GCD,
YTO MOYKET UMeTh BaXKHOe 3Ha4eHUe JIJIsl JJOCTUIAeMON IIPOU3BOUTEIbHOCTH.
B MI250/MI250X emkocts kamma L2 B pacuere Ha oxus GCD ocraiach Takoii
ke, Kak B MI100 (8 MB), uyrs Gosbine, uem B V100 (6 MB) [185]. Ho 8 A100
9Ta eMKOCTb ObliIa PE3KO yBeJIndeHa U cTaja B pa3bl bosbine, gvem y MI200.
Yro kacaercsa kama L1, o B MI100 ero emrocts 6buta Beero 16 KB (tutoc
LDS emkocrbio 64 KB) Ha CU [262] nporus 128 KB Ha SM B V100 (x0Th 5Ta
MaMSITh JaCTUIHO UCTIONB3YETCs B KadecTBe passensemoil mamsarn) [185]. B CU
MI200 emkoctb Kamma L1 takke ocranack kak y MI100 (u takxke uMeercs
orzenbHas namats LDS).

IIpu sTom emrocts K3mia L1 B 8 pa3 MeHbIte, 9eM y yHUGDUIINPOBAHHOTO
kama V100, u gonosauTe bHas LDS 3T0 MoXKeT He KOMIIEHCUPOBATH —
JaXke IOCJIe BBIAEJIEHUsI YaCTH eMKOCTU yHuMUIMpoBaHuoro kamra V100
IIOJT Pa3Jie/IgeMyIO TaMATh, OCTAIOMAasIC o, K31 L1 eMKOCTh TaM MOYKeT
okazaTbcs ropasgio oosbiie, yem B MI100 u MI200. D10 yKe BBI3BIBAJIO
po6GJIEMBI C IIPOM3BOAUTEIBLHOCTHIO (CM. 06 9TOM Jajiee B pazzeie 5.3.2.2
upo npousBoguTeabaocTs MI250/MI1250X), Tak uro no cpasaenuto ¢ A100
Kamr-mamsaTh MI200 saBsieTcst TOTEHITNAIBHBIM Y3KIUM MECTOM.
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Bo BesikoMm citytae, B pacCMOTPEHHBIX Jlajiee MyOJTHKAIUIX O TTPOU3BOIHI-
TEJILHOCTHU y2Ke€ OTMEYAJINCh HeJOoCTaTKN Kam-ttamsatu B MI100 u MI200.
Bosmoxkno, aro msa onruvusarmm npuaoxkennit gy MI200 tam meszecoobpasno
IpUMEHeHne He [IPOCTOi MoJesu JuHuK Kpbimu (roofline), a smnupudeckoit
C Y4eTOM K3III-IIAMSITH.

Eciu cpasausars TDP (cm. Tabuuiy 21), To y comocrasisembix (¢ A100)
GPU MI200 stu mmoka3aTesn Tak»Ke JOCTATOIHO Osm3ku, xoTs TDP Mmosesteit
A100-SXM nossirre. TakzKe HaJI0 OTMETUTh, YTO yKa3aHHbBIE B 3TOi TabJ/ulie
B ctpoke TDP uucia syt GPU AMD orHocsTCs, Kak yKa3aHO B JIOKYMEHTaX
[300-302], k TBP (Total Board Power).

B mesiom Bee yrke paccMOTPEHHOE BBIIE TOBOPUT O TOM, UTO HA AIMAPATHOM
yPOBHE BarKHbIE JJIsI MPOon3BoauTebHoCTH ToKaszareaun MI100 comocTtaBuMbI
¢ V100, a y MI200 (8 pacuere ua ogun GCD) B ocHoBHOM conocrasumbl ¢ A100,
9TO JIeJIA€T MHTEPECHBIM U AKTYAJbHBIM COIOCTABJIEHNE COOTBETCTBYIOIINX
peaJIbHO JOCTUIAEMbIX IIOKa3aTesell nX IPON3BOIUTETHHOCTH.

ITocnennee, uto caeayeT oO6CYyIUTH B JAHHOM Pa3jiesie — O MOJJIEPIKKE
PCle B GPU MI100 u MI200. Paunee sTa mmuHa UCIOJIL30BAJACD JJISI CBA3H
MEXKJy YCTPOUCTBOM M XOCTOM, U €€ OUDAHHYEHHAs IIPOIMYCKHAS CIOCODHOCTH
MOTJI& CTAHOBUTBCS Y3KHUM MECTOM Jiisl Tpou3BoauTebHocTu GPU. Korma
crajm npeaararbes cepsepbl multi-GPU, sTa mmHa Moriia ObI MIPUMEHATHCSI
" Jij1si CBsA3U MexK 7ty GPU, 9TO TakzKe CTayio ObI Y3KUM MECTOM B cepBepe.
B paccmarpuBaeMbix B JaHHOM pasjiese 0030pa GPU OHEM BCe NMEIOT CITeIHaThHOEe
BBICOKOCKOPOCTHOE MexKcoequHenue g cBasu mexkay GPU (Infinity Fabric
y AMD, NVLink y NVidia). Ho mig cBs3u xocTa ¢ yCTPORCTBOM IpUMEHEHUE
TAKOI'0 CIEIUATN3NPOBAHHOIO MEXKCOEINHEHNUS [IPE/IIOIATaeT ero allapaTHyo
TIOJJIEPKKY ITPOIIECCOPOM XOCTA.

9o Beerja BoimoHsI0ch B GPU AMD), nockosbky Infinity Fabric mepsomna-
YAJBbHO OBLJIO OPUEHTUPOBAHO Ha cBsi3b Mexkay U AMD. JTns NVLink sro we
Tak —u TpeboBasio npumenenust PCle st ¢BsI3u ¢ 0OOBIMHBIMU CEPBEPHBIMU
nporieccopamu x86-64. ITosromy npenmytnectsom IBM Power9 crasa momep:x-
ka B Hem mHTepdeiica ¢ NVLink mus cessu ¢ V100, 6iaromaps gemy Power9
MIPUMEHSIETCS U B TAKUX 3HAMEHUTBHIX CYIIEPKOMIIBIOTEpax, Kak Summit u
Sierra. Bo Bcex cpasauBaeMmbix B Tabuuue 21 GPU (kpome H100) mmeercsa
nompgepxkka PCle-v4 x16 ¢ npomycknoii ciocobuocrsio 64 I'B/c.

Ho 3nmech ects npunnunmaibaoe pasianane 3tux GPU or AMD u or Nvidia:
PCle 8 GPU AMD st cBsizu ¢ Il EPYC He npumensieTcs, a sBIgeTcst 00bIYHO
ncnosibdyembiM PCle-unrepdeiicom, K KOTOPOMY ITOJICOEIUHSIIOTCST CETEBBIE
IJIATHI, HATIPUMED, JIJIs CBI3W MEXKJly y3jaamu kjacrepa. [Ipumenenune Infinity
Fabric 8 GPU AMD pgaer uM IpeuMyIIecTBO 10 IPOILyCKHON CIIOCOOHOCTH
coequnaenus ¢ LI, B Tom auciie u 1o cpasaennio ¢ A100-PCle. meromuiicst
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B MI100/MI200 unrepdeiic PCle oprenTupoBaH Ha IpUMEHEHHE €10 COBMECTHO
¢ nomepxkuBaromuMu 3t GPU Bepcuamu MPI m1s obmena coobrmennssMm
MEXKJIy cepBepaMu, He BOBJIeKas B 910 LIl—3T0 UCHONIB3yeTcst, HAIIpUMep,
B OubmoTeke mIoTHON Juneiinoro aaredbpsr SLATE, opuentupoBanuoit
Ha I0JIO0HbIE CHCTEMBI C PACIPE/IeJIeHHON naMaThio [309].

Paccmorpernne mexcoenunenuit GPU B taHHOM 0030pe TPOBOIUTCS B Pa3jie-
JiaX, TOCBSAIIEHHBIM BBIYUCJIUTEILHBIM cUCcTeMaM Ha 0ase GPU u cumraercs
KaK JIOTIOJTHATEJIbHAA CHelnabHad annaparypa Jijig GPU, Kak 1 BO3MOXKHO
CIeIMAJIbHBIE TTO/[JIEPXKUBAIOIINE COOTBETCTBYIONMI nHTEPdENC MPOIECCOPHI.
Infinity Fabric mosTomy paccmarpuBaercss B CJIEIYIONIEM pa3esie.

5.1.2. BeiyucantensHbie cuctemsl Ha 6ase MI200

[Ipex e Bcero 3ech HeOOXOMMM aHaIN3 Mexkcoeauaenust Infinity Fabric.
Ono ncxonuo 6bL10 6sin3ko K PCle u B Hacrosiimee BpeMst UCHOJIb3yeTCsl 718
cBs3u Mexky nporeccopamu EPYC B cepepax. Kak u NVLink, y Infinity
Fabric o mepe passurus nosiByisinchk Hosble Bepcuu, B CDNA 2 sro yxe
TpeTbe mokoJsieHue [299].

B MI200 umerorca pasubie BapuanTsl coequuennii Infinity Fabric, mo-
noOpaHHbIE IS ONTUMAJIBHON PabOThl B PA3HBIX (DU3UIECKUX YCIOBUIX
(manpumep, Jyist KOPOTKHUX CBa3eil Mexk 1y GCD BHyTpu ofuOro GPU mexkcoeu-
menue cruenuasibaoe). Omaun kKanasa Infinity Fabric umeer mmpuny 16 6ur
B ogHoM Hanpasjeraun (Tak 6p10 u B MI100). IIpomnyckuas crocobHOCTH
ojHoro rakoro Kanasa B CDNA 2 pasna 50 nnu 100 I'B/c B oxsoM wmin
JBYX HAIIPABJIEHUAX, & MEXKIy JByMs GCD B omaoMm GPU mcnosb3yiorcs 4
KaHaja ¢ obieit nporyckuoii cocobrocTsio 400 I'B/c [299] (em. pucynoxk 19
C TOIIOJIOTHEN CBsI3U B y3iax cynepkomibiorepa LUMI [41]).

st cBsi3m mex ity GCD u3 passbix GPU B multi-GPU cepsepe ucnosb3yercs
onuH wan JiBa KanaJa Infinity Fabric ¢ aByHamnpap/ieHHO#N TIPOITYyCKHOM
criocobHOCTRIO coorBeTcTBerHO 100 mwin 200 I'B/c. Hakonern, ms csizn MI1250X
¢ Il EPYC ucnonbayer apyroit Bapuant Infinity Fabric ¢ nBynanpasiennoit
IPOIyCKHYIO criocobuocTh 72 I'B /¢ mia cBasu ¢ kaxkapim GCD; Kpome TOro,
gepes PCle-kanaJ mojicoeinHsieTcst MeKCoeIuHeHne y3/10B, Hanpumep, Cray
Slingshot-11 [41,305] (cMm. pucynok 19).

Camu cepeepbr ¢ MI200 MoryT MCIIOJIB30BaTh BAPUAHT C OJHUM WJIK
meymst T EPYC, u TaM BO3MOXKHBI pa3Hble TONOJIOIUH MexKcoequaenust [305].
Ha pucysrke 19 [41] npescrapiena Tomonorust Jist cepsepa ¢ derbipbMst MI250X
u onanM EPYC —5T0 cooTBETCTBYET MCHOJIB3YEMBIM y3JI1aM CYIEPKOMIIbIOTEPOB

LUMI [41] u Frontier [303].
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Infinity fabric CPU-GPU
36+36 GB/s
Cray Slingshot-11 interconnect
25+25 GB/s

Pucynok 19. Hcnonwszosanue Infinity Fabric B y3e cynepkom-
nbiorepa LUMI ¢ gersipemst MI250X (pucynok us [41])

Pucynok 19 coorercTByer dbirarmanckoit Tonosoruu y3ia gy HPC; mirst
Hero B [299] ykazaHo Ha OOIINYIO IPOIYCKHYIO criocobHocTh Infinity Fabric
1,54 TB/c. B [305] B KavecTBe «OCHOBHOTO HaNpaBjeHusT» miist HPC u U1
IPEJICTaBIIEHA JIpyTas TOMOJOTHs cepBepa ¢ deTbIpbMs MI250, cBa3aHHBIX
¢ asymst U1 EPYC uepes kommyrtaTop PCle, a Takke ujocTpupyercs emie
OJTHA, TOTIOJIOTHS JJIsi (DJIATMAHCKOTO cepBepa [jist 3a7a4d U/ y2Ke ¢ BOCEMbIO
MI250 u asyms EPYC.

Csou momundukanuu padbots! ¢ Infinity Fabric umeer MI210, nmerormuit
oxuu GCD. MI210 obecnieauBaer npoiycknyio criocobnocts 64 I'B/c ausa
cBsizu ¢ LI 6e3 HeobxomuMocTu npuMeHennst KommyTtaropos PCle, a jyis
mexcoenumaenns MI210-MI210 moxuo ncnonp3oBars 3 kanasa Infinity Fabric
¢ ob6eit mpomnyckuoii ciocobnocrsio 300 I'B /c. Hakonen, s multi-GPU
cepBepa ¢ MI210 Toxke mpeiiaraiorcss BapuaHThl (hJIATMAHCKUI U «OCHOBHOI'O
HanpasiieHusi» [305].

Pasnbie Tonosiorun moryt umerb Mecto u B multi-GPU cepsepax Nvidia.
Oaako Hasmaue pasHoro tuma cBa3u Infinity Fabric moxer ycaoxxuasaTn
ONTUMU3AIUIO0 BEICOKOMACIITaAONpyeMoro nporpamMmmuposanust B multi-GPU
cepeepax ¢ MI200. Oxrako B [308], T pacCMOTPEHBI PA3IMTHBIE BAPUAHTHI
mexkcoeauuennii Infinity Fabric na cepsepe ¢ gerbippmst GPU MI250X, mist
nporryckuoit criocobrHoctn ¢Bsi3u UII-GPU He 6b170 BBISIBIECHO 3HAYUMBIX
NUMA-3dbdekToB Ha ypoBHe APT HIP.

B yznax cynepkommnbiorepa Frontier ncnomsayercest mo ogaomy 64-sjepaomy
uporeccopy EPYC 7A53 (paGoratomemy na gacrore 2 I'T') ¢ 4 MI250X. Dror
1M1 ¢ KoJOBBIM Ha3BaHueM Trento OBLT CO3MaH CIenuaIbHO A7 paboTsl ¢ MI250X
B y3nax Frontier. EmMkocTh kama L3 B aTom LIl pasaa 32 MB y kaxk1oit
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u3 BocbMHU 8-siziepHbIX rpyi (Becero 256 MB ma 1M). UM ckondurypupoBan Kax
4 NUMA-y3J1a, K KaXKJI0OMy U3 KOTOPBIX Mojcoeannsiercs: o 128 GB nmamsiTu,
TaK 4TO ee eMKOCTh B cepsepe cocrasiser 512 I'B (8 kanamos DDR4-3200)
[41,299,303]. Berme 6bu1a paccMOTPEHA BO3MOXKHAST TOTIOJIOTHSI TIPUMEHEHHST
Infinity Fabric 8 multi-GPU cepsepax ¢ MI250X (cm. pucyHok 19); B [41]
YKa3aHO Ha Ba’KHOCTb IPaBUJILHON NIpUBA3KU y3Jsa NUMA Kk GPU, koTopasa
MOKET UMETh PeIlaloliee 3HavUeHne JJIsl ONTUMUAZAIUN ITPOU3BOIUTETHHOCTH
npuioxenus. Frontier cosnasasncs Cray/HPE, u mist ¢Bsi3au cepBepHBIX y37I0B
MCHONIB30BaHO MexkcoeuHenue Slingshot-11 [299].

B zammmaromem tperbe Mecto B Topb00 cymeprommbiorepe LUMI
HCTIONIB3YROTCS TAKUE 2Ke allllapaTHBIe CPeJCTBa, Kak Bo Frontier [41,42]. 3xech
HaJO elle yKa3aTh Ha aKTUBHO HCIOJIB3YIONIYIOCS B UCCIIETOBAHUAX CHCTEMY
Crusher, cogepxkantyio 192 rakux ke y3ia, aro u Frontier (9408 y3i0B) u
LUMI (2560 y3J10B), 1 IPUMEHSIFOILYFOCS JJIsl TECTUPOBAHUS U Pa3spabOTKH.
Emie panbmie mpemmecrBenrukom Frontier cunrascs kmacrep Spock, nmerornui
36 y3u0B, comepxkamux 1o 4 MI100 [310] (cum. Tabmuiyy 23 HuxKe).

EcrecTBenHo, MpakTHYIeCKH BCe BEJIyIIUE TPOM3BOIUTENIA CEPBEPOB MUPa
MOCTABJAIOT Mojienu, coyepxkarue GPU MI200. IIpumenenune nx B MOy aax
crangapruoro dopm-daxropa 0AM (OCP Accelerator Module) [305] cioco6-
CTBYeT OLICTPOMY ¥ IIHPOKOMY PACIPOCTPAHEHHIO TAKUX cepBepoB. JocTyIHbI
camble pasubie cepBepbl—oT 1U 10 4U, a takxke 6U u 10U, comepxkarue ot 1
10 8 GPU (a rakzke 10 u 20) MI100, MI210 u MI250. 911 cepBepbl MOIyT UMeTh
1-2 11 AMD EPYC apxurektyp Zen 2 u Zen 3, a TakyKe MacIITabupyeMmbie
mporeccopsl Intel Xeon 2-ro u 3-ro nokostenuit. Crimcok Takux cepBEPOB
moctymer B [311].

JIns mocTmKeHnsT MaKCUMAaIbHOM MTPOU3BOAUTEIHLHOCTH TIpu pabote ¢ GPU
MI250/MI250X rpeGyercst KUAKOCTHOE OXJiaxkeHue (6e3 Hero uMerh GOoJIbIIe
500 Bt 06b14n0 HEBO3MOXKHO). KiaccuueckKuM IpuMepoM 9TOro sBJISeTCs
6ueitn-cepsep HPE Cray EX235a [46], ucronb3yeMblii B COOTBETCTBYIOIIUX
CYyHEPKOMITBIOTEPAX.

5.2. SDK gns MI100 v MI200

Paccmorpenne SDK B 9TOM pasjelie 0630pa CHJILHO OMPAHUYEHO, TOCKOJIbKY
OOJIBIIMHCTBO COOTBETCTBYIOMUX KOoMIIOHEHT oT AMD siBjisieTcst mpstMbIM
aHajiorom onmcanHbiX Bbime SDK or Nvidia, Ha3BaHUsT KOTOPBIX TOXKE YaCTO
ouenb moxoxku. SDK or AMD s pacemarpuBaembix GPU mmenyercs ROCm
(Radeon Open Compute, a m—or "multi-GPU computing"s ocrose sTux
cpejcrs [312]). B kauecrBe onpejiesieHHOro npenmyiiectsa SDK or AMD
MOKHO yKa3aTh Ha& €ro JIOCTYIIHOCTh B BUJE MCXOJHOIO TekcTa [312], B To
Bpems kak SDK ot Nvidia mpocTo ¢BOOOIHO JTOCTYIIEH.
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Eciu B 2020 romy, xorpa nosisuiics MI100, 6su1a gocrynsa Bepcust ROCm
4.0 [312], To K cepenune 2023 rosa mepe;| NOsIBJIEHHEM UIOHBCKOTO CIIHCKA
Top500 Gbuta gocrynna yxke Bepcus ROCm 5.5.1 [313]. Ecan ocrosoit SDK
or NVidia caemyer caurars APT CUDA, To ocuoBoit or AMD siBistercst APT
HIP [58]. HIP Kak MOiesb MpOrpaMMHUpOBaHus Kpaitne 6inska Kk CUDA, u Tam
UCHOJIb3YIOTCS aHAJIOrMYHble TepMuHbL (cM. Tabuauny 1). B HIP npu pa6ore
¢ GPU AMD wucnosnb3yerca Bapu (wavefront B repmunosiorun AMD) pazmepom
64 muru [313], a we 32, kak maa SM B Nvidia, 4ro cBsa3ano ¢ apxurekrypoii CU.

Ho mporpammbr ¢ GPU Nvidia cTasu rnmepeHOCUTHCS Ha Trpadutieckue
nporeccopbl AMD 6e3ornocuresbao K nogsieruio MI100. Tax, undopmarus
0 JIOCTUTAEMON ITPOU3BOAUTEIBHOCTH [IPU MEPEHOCE PASJIMIHBIX TPOIPAMM-
HBIX KOMILJIEKCOB M3 TOIYJISIPHON 00JIACTH MPUMEHEHMsI COBpeMEHHBIX GPU,
KJIACCHIECKON MOJIEKYJISIDHOM JIMHAMUKH, TIpeJcTaBieHa B [314].

B kauectBe mpenmymectBa HIP may CUDA MOXKHO yKa3aTh BO3MOXKHOCTH
npuMenenust HIP ipu pabore Ha GPU ot Nvidia, Jaromryio BO3MOKHOCTH
[IEPEHOCUMOCTH IIPOrPpaMMHOro obecriedenus iyt GPU AMD na anmaparypy
Nvidia. Ho 3/1ech BOBHUKAIOT /iBa BayKHBIX YTOYHSIONIAX MOMEHTa. BO-IIepBbIX,
HY2KHBI JIJAHHBIE O COIOCTABJIEHUU JIOCTUTAEMON TTPOU3BOIUTEIHHOCTHU TP
pabore HIP oTHOCUTEIBHO HocTUraeMoil ¢ npumeneduemM CUDA (06 9ToM pedb
noiiger ayth Huzxke). [Tockosnbky HIP ucnosb3yer upu pabore ¢ GPU Nvidia
ompejiesieHHble 03K-3H16I OT CUDA, 3TO CHUMAaeT BO3MOXKHBIE ITPOOIEMBbI.

O6br4HO cumrTaercsi, 9To npuMeHeHne HIP [OYTH HE BBI3BIBAET YXYIICHUSI
IPOU3BOUTEIHHOCTH 110 CDABHEHUIO C IIPFMBIM KonuposanueMm Ha CUDA [42].
Peasibro nemoncrpupyrorue 3To faHHbIE s OJHOIO U3 AJITOPUTMOB /I
pemennst 3ajgauu CFD ¢ HECTPYKTYPUPOBAHHON ceTKo# nmerorcst B [168].
Ho B noBoit Bepcun CUDA nyist H100 umeroTcss pacimupenusi, u3 KOTOPBIX
HanboJiee SIPKUM MOXKHO CYUTATH M3MEHEHNE MEPAPXUU MPUMEHSIEMbIX HADOPOB
uureil (nosBuiicd Kiacrep 6s10koB HuUTEil ). COOTBETCTBEHHO OTEHIIUABHBIE
pobsiembl addexkTuBnocTr HIP mrsa GPU Nvidia MOTyT cOXpaHATHC.

Crek nporpammuoro obecnedernus ROCm Ha HUMXKHEM YPOBHE BKJIIOYAECT
npaitBepel. B Hacrosimee Bpems nogmep:kka ROCm obecnieanBaercs B Linux
(xpaiiBepbl BXOIAT B COCTAB MOJYJIS S1Pa, KOTOPBIA MOXKHO MHCTAJJINPOBATH
B muctpubyTusax Ubuntu, RHEL u SLES). ITorsarHo, uro ROCm Bkitouaer
BCE TUNUYHBIE KOMIOHEHTHI jyist SDK. VIMeeTcst KOMIUIATODP, UMEHYEMbIil HbIHE
ROCmCC (c nomuepxkoit HIP, OpenMP u OpenCL), koTopsiii ocHOBaH
ua Clang/LLVM [313]. EcrecrBenno, umeercs: npodbuIMPOBIIUK, OTIATINK U
Oub/IMOTEKA JI/IsT TPACCUPOBKH MTPOU3BOIATETLHOCTH.
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Maremarndeckne 6ubanoTekn ObIBAIOT ¢ IpedukcaMu roc uiau hip.
IIpedukc roc ucrmonp3yercss B HA3BAHUAX OMOIMOTEK, ONMTUMU3UPOBAHHBIX
st GPU AMD, a npedukc hip — mjist 6ubanoTeK, riae B Ka4ecTBe 03K-9H
npuMeHnMBI cpescTia s GPU Nvidia [313]. C yuerom npedukca mosHbe
HA3BaHMs ITUX OUOJMOTEK E/IAI0T OUYEBUIHBIMU UX [TPEIHA3HAYEHUS U 3/1ECh
He mpuBoagaTcda. VImeroTcss n 6ub/IMOTeKn KOMMYHUKAITHH, aHAJIOTUIHbIE
coorBercTByomuM cpeacrBam or Nvidia. Hampumep, anamorom NCCL or Nvidia
B ROCm sBisierca RCCL.

Braromaps maxe cunraxcumaeckoit moxoxkectu HIP u CUDA mpescTaBisieTcst
ecrectBernbiM Haymare B ROCm cpescrBa nmpeobpasosanust u3 CUDA B HIP,
HIPIFY [313]. Ho B 0fmmem ciydae 3To CJIe[lyeT pacCMaTPUBATh KAK IepBbIi
MOJTyaBTOMATHYECKUI TIar Ha MyTH TaKOro mpeobpa3oBaHusi, KOTOPBIA MOKET
moTpeboBaTh U JlajbHeIeil pyYHoil 1opaboTKU XOTs ObI MOTOMY, 4TO He BCE
CUDA API nopuepxkuBatorcsa B HIP (cm., nanpumep, [42]). 3aech ciemyer
ykazarh u Ha Hekyro aHnajoruio HIPIFY co cpeacrsavu Intel DPCT.

BazkubiM mipesicTaBisieTcsi yka3aTh 37[eCh Ha MPOBOJsitmiicst B Leiiienn-
Geprckom ynusepcurere (Fepmanusi) npoext hipSYCL ¢ OTKPBITHIM HCXOIHBIM
kozoM (renepnb numenyembiit AdaptiveCpp™) — peanusanus SYCL, upeana-
sHaveHHas s LIl 1 rpaprudaecknX mIporeccopoB Pa3HbIX TPOU3BOINTETEH.
B [165] y»ke Gbl1a npeInprHsTa IONLITKA HEKoi peasusanuu oneAPI 6e3
komrmsitopa DPC++, ¢ momorpio hipSYCL. CpaBuenne npou3BoguTeIbHOCTH
MI250X mpwu ucmosib30BaHnu pa3HbIX BapuaHToB peasm3anun SY CL, DPC++, a
rakyke HIP nu OpenMP Ha pasHBIX IPHIOKEHUsIX OPOBEeHO B [176].

Eme ogaum Baxkubim myist pabotst ¢ GPU AMD ssiisiercst mpoekt GPUFORT
[315]. DTu cpeacTBa OCYIIECTBISIOT IPE0GPA30BAHKE OJJHOIO UCXOJHOIO KO
B JIpyroit UcXoJHbIi Kox. Bo3MOXKHO /1Ba BapuaHTa TaKOIro Ipeodpa3oBaHus
UCXOZHOrO TeKcTa. Bo-nepsbix, n3 CUDA Fortran (umm Bozmoxuo OpenACC)
B BapuanT Fortran c mupexkruBamu OpenMP Bepcunm 4.5. Jlasee nosryaen-
HBIH TEKCT MOXKET KOMIUIMPOoBaThcs ¢ nomorbio AOMP (6asupyromerocs
ma Clang/LLVM koMmumiaropa, umerorero dbpout-su g Fortran). Bo-Bropbix,
BO3MOKHO 3ajeiictBoBanne cpegacts HIPFORT, koropbie obecrieanBatoT
unrepdeiic Fortran u HIP BpeMeHN BBIIOJIHEHNST M JOCTYIT K MATEMATHIECKUIM
6ubsmorekaM. Ecin KOMIUISINA UAET JIJIs BBIIIOJHEHUs IPOrpaMMbl HAa GPU
Nvidia, HIPFORT naer unrepdeiic co cpeacrBavu CUDA BpeMeHU BBIIOJHEHUS
U COOTBETCTBYIOIIMMHI MaTeMaTuIecKuMu Gubanorekamu [316].

Yro kacaercst Fortran, ciiemayer orMeTuTh HAJIMYUE MOJJIEPKKE PACCMATPH-
Baembix GPU AMD Bre ROCm B 3namenurom HPE Cray Fortran, rioe umeerca
u orcyrcrBytomas 8 ROCm nomuepxkka OpenACC.


https://github.com/AdaptiveCpp/AdaptiveCpp

244 M.B. Ky3bMUHCKUI RUmEN;

AcHo, uTO 0obecrieunBaeTcss U pPadOTa CPEeICTB OOIee TPATUTTTOHHOTO
pacunapasuiesusanus MPI u SHMEM. B [317] uccienoBana Ipou3BOAUTE b
HOCTH psijia mojepxkuBaionux padory ¢ CDNA u CDNA 2 sapuanro MPI—
OpenMPI, Cray MPICH, MVAPICH2-GDR (a taxxe cpegacrs RCCL), B Tom
qHCsIe TIPU UCHoJb3oBannu Mexcoeanaennst Cray Slingshot-10 B 3HaMeHHTOM
kiacrepe Spock (oH nmeer B y3nax 64-sueprbiii EPYC 7662 u uersipe MI100).

MbI He TOBOPUM 3J1€Ch O MIPOrPAMMHBIX cpejicTBax (dpeitMBopKax) s
zajiad UM, umeronuxcst B cocraBe ROCm, IOCKOIbKY OHM CIIEIUAIU3UPOBAHBI
TONBKO Ha WU, a 0630p B mepByio odepeisib obpairned Ha HPC—rO ROCm,
€CTEeCTBEHHO, NHTEIPUPOBaH ¢ OCHOBHBIME (peiiMBopKamu [313].

B 3aksmiouenue JaHHOTO pa3jiesia MOXKHO OTMETHUTh, UTO U B allaparype, u
B mporpaMmMubix cpegcrBax GPU MI100 u MI200 me mposiBiisieTcst Takoii sipkoit
ODHEHTAIN B IIEPBYIO 0vepeb Ha 3ajaun W (a ma HPC— cKopee BTOPHYHO),
kak B GPU H100 (u orgactu B A100). YV Nvidia 970 nposiBisiercst He TOJIBKO
B JIOKYMEHTAIIUM, HO U B MOSIBJISTIOIINXCS HOBBIX CYIIEPKOMITBIOTEPAX: B OTJIMYNE
or boJiee «TPaAMIIMOHHO OpUEHTHpOoBaHHOro» Frontier ¢ AMD MI250X,
H100 ucnomb3syercs B cynepkomubiorepax n3 Top500, opueHTHPOBAHHBIX
na 3agaan UU. Nvidia BbITyCKaeT yiKe MOJANOTOBJIEHHbIE U OPUEHTUPOBAHHBIE
Ha U BBICOKOIIPOU3BOIUTEILHBIE BHITUCIUTEIbHBIE CUCTEMbBI BILIOTH JI0
CYTIEPKOMITBIOTEPHOIO YPOBHSI.

5.3. OdaxHble o npoussogutensHoctn MI100 n MI200 8 Tectax u
Ha NPUNOXKEHUSX

K momenty mostBiiennst nronbckoro crucka Top500 crajao m1ocTymHO
HEMAJIO CTaTell, B KOTOPBIX PACCMATPUBAJIACH IIPOM3BOAUTEHHOCTD 3TUX GPU
B PA3HDBIX TECTAaX W HA PA3HBIX IMPUJIOKEHUSIX M, B TOM YHCJIe, CO CPABHEHUAMHI
npousBoguTebHocT ornocureabao V100 u A100. B GonbmmaceTBe cirydaes,
KOT/Ia UMEJIOCh JIOCTATOYHO IIyOJIMKAIUI /11T KOHKPETHBIX PACCMATPUBAEMBIX
mogesieit GPU AMD, B manHOM 00630pe JIjIsi aHAJN3a TPUOPUTETHBIMY OBLIN
paborbl, orHOCsimuecs K HPC (HO MHOrUe JaHHble PO UM TakKe IPUBOJISTCH).
Cpenn sTux myOauKanmuii Takke ObLIN OTOOPAHBI CTATHU, OTHOCSIIIHECS
K TeCTaM IIPOU3BOIUTEHHOCTH MAPOKO PACIPOCTPAHEHHBIX U AKTYAJIbHBIX
MaTeMaTUIecKux 3a7ad. V3 mybaukarumit o IpuaIoKeHUuIM B JAHHOM 0030pe
TaKKe OTOMPAJINCH TPAIUIINOHHBIE N3BeCTHBIE B HPC 0obacTu, HAIIpUMED,
3a/1a91 BBIYUCJAATEIbHONU xumun uian CFD, ¢ npuopuTeTOM Ha U3BECTHBIC
B MHD€ [IPUJIOKEHUS.

Ho 31ech neobxoanmo 0co60 0TMETUTDH pabOThI M0 TPoeKTy ECP u cBOIHBIE
JIaHHBIE 0030PHOTO Xapakrepa 1o Gosee ueM 20 IPUIIOKEHUsAM (TOUHEe rOBODS,
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[POEKTaM), CIENUAIbHO OPHEeHTHPOBAHHBIM Ha 9K3aMaciitab— Hanpumep, [262].
Tam npuBeseHO OOJIBIIOE YHCIO TAIONINX COIOCTABJIEHIE IIPOU3BOIUTEIBHOCTI
gansbix st MI100, MI250X, V100 u A100. ITockoJibKY OIEHKHU IIPOU3BOIU-
TEJIbHOCTHU B IIPEJIEJILHOM CJIydae WHTEPECHBI JjIs KOHKPETHOI'O IPUJIOXKEHUSI
WU XOTs ObI IPUJIOZKEHUSI U3 COOTBETCTBYIOMIEH 00IaCTH, BO MHOTHX CJIydasix
[OJIE3HO CMOTPETh Ha JaHHble B [262], rie Npou3BOAUTEILHOCTD IIPEJICTABIICHA,
1 Ha ypoBHE ogHoro GPU.

OHaKo HAJ0 UMETh B BUy, 9TO0 B ECP NPUMEHSIIOTCS B OCHOBHOM
He BCEMHUPHO UCIIOJIb3yeMble MPUJIOKEHUS], & UX CIEIUAJIbHbIE BADUAHTHI
(BOBMOXKHO, 4aCTH), CIeJaHHbIe Jyls ODUEHTAIME Ha YK3aMacIiTad, Hiu HOBble
paspaborku. 11 370 MoxkeT ObITh BoBCe HEI(DMEKTUBHBIM U HE JAIONIUM TOIHbIE
OIEHKH JIJIsI IIPOU3BOIUTEILHOCTH B 00JIee TUINIMIHBIX PUJIOXKEHUSIX, JIJIst
MaJIeHbKUX BBIYUCIUTEIbHBIX CUCTEM WJIU IIPU PACIETAX He CTOJIb CJIOXKHBIX
00bekToB. Kpome Toro, 3T0 TOIBKO YTO MOJIyYeHHbIE IEPBOHAYAIBHBIE JTAHHBIE
ITPOIO/IZKAIONINXCST padOT IO PA3HBIM MPOEKTAM, C UCIIOJIb30BaHueM B GPU
AMD pannux Bepcuit ROCm, u pe3ysbrarsl siBHO Oy/LyT yCOBEPIIEHCTBOBAHBI
(HEKOTODBIE YTOYHSAIONINE CTATHY, OTHOCAIIMECH K KOHKPETHBIM IIPOEKTAM y2Ke
nosiBIIIUCH). COOTBETCTBEHHO 3/1€CH MOABJIAJIOCH BECHMa GOJIBIIOE IUCIIO
KPUTHIECKIX 3aMEUaHUI OTHOCUTEIbHO MHOTUX KoMmoneHToB ROCm pasubix
Bepcuit ot 4.2.0 1o 4.5.0, koropsie AMD mbiTanacs 6bICTPO UCIPABUATH.

[TockosibKy OUeHb MHOTO U3 IPUBOJUMBIX JAJI€e JAHHBIX O IIPOU3BOIUTEb-
woctu GPU MI100 u MI200 6b110 IOJIy9EHO C UCIIOIB30BAHUEM HU3BECTHBIX
CYTIEPKOMITBIOTEPOB (B TOM [ncse u3 uncia juaepos B Top500), KpaTkas us-
opmManyst 0 TAKUX BBIYMCIUTENBHBIX CUCTEMAX (B TOM YHCIIE TIPUMEHSIBIIIXCS
u jia conocrasienus ¢ GPU or Nvidia) csenena B Tabsune 23.

5.3.1. [lpoussogutensHocts MI100

31ech OYIAyT pacCMOTPEHBI COIIOCTABUTEIBHBIE TAHHBIE O IIPOU3BOU-
resprocTr MI100 mo cpasuennio ¢ V100 u A100 (Bce ornocurensro MI200
paccMaTpHBAECTCs JAJIee).

Yro xacaercst comocTasyienus npoussoguresbuocru GPU MI100 u A100, To,
XOTs1 JaHable Tabuibl 20 MOKa3bIBAIOT HEeOOAbIIe TpenmytnecTsa MI100
[0 MUKOBOIT ponsBoauTebHOoCTU (Hanpumep, ¢ FP64), na stu nokasaresu st
GPU Ha/10 0OpAIATh OrPAHNICHHOE BHUMAHNE — HE PeXKe TTPOU3BOINTETHHOCTD
KOPPEJUPYIOT 3/IeCh C IMPOILYCKHON CIIOCOOHOCTBIO MAMSITH, & TOYHEe HaJ0
CMOTPEeTD Ha JIAHHBIE MOJIeJIN JIMHUHU KpbIIL. VMeromuecs: 1annble cTaTeil B IIeJ10M
OJTHOZHAYHO yKA3bIBAIOT Ha Gosibinue (4acTo B pa3bl) npeumyinectsa A100
ornocuTeibHO MI100 110 TPOM3BOIUTENIHLHOCTH, XOTSI OBIBAIOT U MCK/IIOUEHUSI.
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TabuUA 23. BoraucianresnbHble CUCTEMBI, Y3JIbI KOTOPBIX AKTHB-
HO MIPUMEHSIIUCH B IIyOJUKAIASX O TPOU3BOAUTETbHOCTH GPU,
IUTUPYEMBIX B JJAHHOM 0030pe; JJIsl cynepKoMiibioTepos u3 Top500
B CKOOKaX IPHUBEJIEH UX HOMED B CITUCKE

Berauciurenbuast YHucao u Trn YHucao u Tun LI MexkcoenuHuenne
cucrema GPU B y3ise B y3/1€e (mexmy y3JIaMI/I)1
. 1XEPYC .
Frontier (1) [303] 4xMI250X 7A53(Trento) 4xHPE Slingshot-11
1xEPYC .
LUMI (3) [318] 4xMI250X 7A53(Trento) 4xHPE Slingshot-11
1xEPYC .
Crusher [319] 4xMI250X 7A53(Trento) 4xHPE Slingshot-11
1xEPYC .
Spock [320] 4xMI100 7662(Rome) 1xHPE Slingshot-10
1xXeon Platinum | 4xNvidia Infiniband
Leonardo (4) [205] 4xA100-40GB 8358 HDR
Perlmutter (8) [206] | 4xA100-40GB 1xEPYC 7763 4xHPE Slingshot-11
ThetaGPU [321] 8xA100-40GB | 2XEPYC (Rome) 8xInfiniband HDR
. 1xEPYC 7543P .
Polaris (19) [322] 4xA100-40GB (Milan) Slingshot-10
Summit (5) [323] 6xV100-16GB 2xPower9 2x Mellanox
Infiniband EDR

1 Vka3anbl MeKCOEIMHEHNUS, UCIOIB30BAHHBIC B IUTHPYEMbIX B 0630pe MyO/IMKAIIsIX

IlosToMy mpuBeneM 371eCh TOJIHLKO HECKOJIBKO ITOATBEPKIEHUIT STOMY,
B OCHOBHOM B MHTEI'DAJIBHOM ILIaHe (C IMIMPOKUM OXBATOM IIPUJIOYKEHMIT) —
a He 6a3upysiCh HA OTJEJBHBIX KOHKPETHBIX NpuMepax. Hampumep, B [45]
IIpUBEJIEHBI COOTBETCTBYIOIINE CKa3aHHOMY BBIIIE JIaHHbIE HA 6 Pa3HBIX
[PUIIOKEHUSIX 1 MUHU-TIPUJIOKEHNSX (M3 PA3HbIX 00JacTell HAyKH ), BXOJSIINX
B npoeKT ECP miin CBsI3aHHBIX ¢ HUMM MUHU-TIpHIOKeHUsX. 1o manHbM [45]
HaMu OBLJIO PACCYUTAHO, BO CKOJIBKO pa3 IOCTUTraeMasl IIPOU3BOINTEHBHOCTh
A100 6bura Boime MI100: gius AMR-Wind (CFD-uacTh B IIPOEKTE IIPOTHO3HOTO
MO/JIe/IUPOBaHUS IOTOKA BETPAHBIX d1eKTpocraniuii ExaWind) —na Tpex pasubix
IPOrpaMMHBIX siyipax B 1,7-5,3 pa3a; B KBAHTOBOXUMUIECKOM MUHU-TPUIOKEHUN
GAMESS RI-MP2—8 5,8 pa3za; 8 munu-npusiokerunn TestSNAP njia kBanToBoro
norennuaia SNAP, ucrmomb3yemMoro 3areM B IPUJTOXKEHUN MOJIEKYJTSIPHOMN
munamuku LAMMPS (u3 upoexkra EXAALT g 3aa4 TepMOsiIEPHOTO
CHHTE3a) HA TPeX PA3HBIX POIPAMMHBIX gapax—B 2,2—-7,9 pa3a u Tak jaJee.

B kauecTBe Jpyroro npuMepa JaHHBIX O HPOU3BOIUTEIHHOCTH HHTE-
IPAJIbHOTO XapakTepa 110 erne GOJIbIIEMY YUC/ILYy HPOEKTOB U IPHJIOYKEHMUIT
n3 ECP ykakeM 4IyTh GoJsiee TIO3IHIOK pabory [262] (em. takwke [324]);
KOMMeHTapuu o [262] npuse/ensl Bbime. Halm BbIYUC/IEHNsT OTHOCHTEIBHOI



\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 247

IPOU3BOJUTEJLHOCTH 110 JaHHbIM [262] mator, yro A100 6611 GpICTpEE THIEe-TO
B JBa pa3a Ha 3ajadax CFD (NekRS), u B Tpu pasa— Ha 3a/1a9ax KBaHTOBO
xuvun (Gamess, cbopka dbokuana) u MosekyssipHoii muaamukn (LAMMPS).
s TestSNAP A100 6but 66ictpee MI100 B 2,8 pasa.

Bouiee nosas Bepcust ROCm 4.5.2 na apyrom npuioxkenuu CFD, STREAmS-
2 [325], Takxke masa moxoxkwue BesmuuHbl orcragarus MI100 (cm. pucy-
uok 20) [325]. IToapobuee 9T JaHHbIe PACCMOTPEHBI HIZKE B pasueie 5.3.2.2.
MauJio BeposiTHO, 9TO IIporpecc B HOBBIX Bepcusax ROCm MoxkKeT MOJHOCTBIO
HUBEJIMPOBATH TAKOE OTCTABAHUE.

2.5

B Central scheme
0 WENO scheme

2.0

1.5

5ﬂﬂddﬁ

GPU GPU GPU GPU 2-CPUs

NVIDIA NVIDIA AMD AMD EPYC

V100 A100 MI250x MI100 7763
PucyHok 20. Bpewmst na nrepanmo (c) aiust STREAmS-2 ¢ cerkoii
420 x 250 x 320 mrsa IByX pacYeTHBIX CXEM: IEHTPAJIbHON CXEMbI

onenku noroka u cxembl WENO (pucynok u3s [325])

Iteration elapsed time [s]

o

o

B [225] npoussogurensrocTh ¢ mpumeneanem MI1100, A100 u V100
nccaenosasiach Ha SPEChpc 2021, comeprkarieM KOMIOHEHTHI U3 TPUIOXKEHIIT
pasubix obsracteit HPC, no mamube g MI100 O6b11u moTydeHbl B OTIMIHOM OT
ncIoib30BaBIIerocs B apyrux GPU mastenbkom Bapuante SPEChpe.

IIpouszBoauTEILHOCTD IPUJIOXKEHUI STBJISETCS HANOOIEE MPAKTUIECKT
aKTyaJbHOIT, HO COOTBETCTBYIOIINE JIaHHbIe O TTpon3BoauTeabHocT MI1100
oraocuTeabHO A100, MOKA3BIBAIONINE AHAJIOIUIHOE TPUBEJIECHHBIM BbITIIE
JIAHHBIM, UMEIOTCS U IJIsi KOHKPETHBIX MaTeMaTHIeCKUX METOJOB — HAIIPUMED,
qust BII® [251], nust QR-pasimorkennst KBAJAPATHBIX MATPHIL IO OUOIHOTEKE
MAGMA jyist omunapHoil u aBoitnoii Tounocru [241], ayis TeCTOB MPOIYCKHOM
criocobrocTu BabelStream [42]. O recrax BabelStream ects u npyrue naHHbIE
Iyist MX peasiusanun ¢ npuMenenneM Fortran-cpeacrs DO CONCURRENT [236],
rJe mporryckHast crnocobnocts namstu MI100 cirabo ormuanacs ot CH+
-BapuanTta BabelStream (unorna Fortran gasas 6osiee BbICOKHE PE3YJIBTATHI).
ITpomyckuas cnocobHocTs Kak jyuist A100-80GB, rak n mist A100-40GB s [236],
€CTeCTBEHHO, HaiiJleHa ropasio Oosibine, yem y MI100.
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Cospewmennbie GPU, ux SDK U HCIOJIB3YIONINE WX ITPUJIOKEHUS SIBJISTIOTCS
CJIOKHBIMU; TTPUIOXKEHUsT TPEOYIOT i pa3ubix GPU pa3Hble mapaMeTpbl
JULsL ONTUMU3AIHH, 8 U3 BCeX NPABUJI ObIBAIOT UCKJIOUeHUs. Tak, B [241]
nauabie Ha ToM ke QR-pazsoxkennn ¢ rocBLAS MOKa3bIBAIOT IPEUMYIIECTBO
MI100 orrocuTenbHO cuBLAS ¢ A100. B [326] B paMkax mporpaMMHOIO
kona AnySeq/GPU s 3aza4 6uonadOpMaTUKK ¢ UCIOJIL30BAHUEM SIJIED
FP32 8 MI100, V100 u A100 npou3BoauTe/ IbHOCTD (B TPUILIMOHAX OGHOBIIE-
Huil stueek B cexkyHuy, TCUPS) cocrasuia coorsercrsenso 3,8, 1,7 u 3,3
TCUPS. Ho B ocHOBHOM B mybsmmkarusix cuibHoe orcrasanue MI100 ot A100
II0 IIPOM3BO/IUTEJILHOCTH IIPOSIBJIAETCS JIOCTATOYHO YETKO.

Comocrasnenune npoussoautesbaoctn MI100 ¢ V100 npeacrasisiercs 6osee
AKTYaJIbHBIM, B TOM UHCJIe KAK BO3MOYKHOE JIONIOJTHEHNe W 06a3a, Jjisi COIOCTAB-
sernst A100 u MI200. 31ech mocTuraeMble TPOU3BOAUTEILHOCTH JEHCTBUTEIHHO
OBIBAIOT JIOCTATOYHO COIIOCTABUAMBI, W MUKOBAas IMPOU3BOANTEIHHOCTE FP64
y MI100 Bce-Ttaku 3amerHO OoJiblie, yeM y V100. dto maer mancer MI1100
OJTyIUTh 60JIee BBICOKYIO MPOM3BOIUTEIBHOCTD JIJTsl TIPUJIOYKEHUN C BBICOKOM
BBIYHMCJINTEIBHOI MHTEHCUBHOCTBIO (B T€DMUHOJIOIMH MOJEJIH JIMHUU KDPDIIIHN).
Cpasy npusesieM sipkuii mpumep 1oro B [262], 171 Ha KBAHTOBOXMMHUIECKOM
mpmtoxkernu NWChemEX B pacuere ¢ BBIYHCIUTEIFHO HHTEHCUBHBIM METOJOM
cesi3aHHBbIX KjaacTtepoB CCSD comocrasiieHne IPOU3BOAUTEILHOCTH Y3JI0B
Spock (o 4 MI100) u Summit (mo 6 V100) nokasaJo npeumyinectso Spock.
Tam NWChemEX ncnonbpsoBana cpegcrsa CUDA ma Summit u HIP (ROCm
4.3.0) na Spock.

Paccanrannbie HaMu BEJTMYUHBI YCKOPEHUsT SPock oTHOCHTENBLHO Summit
(o manmbiM Table 11 B [262]) mator, uTo Ha omHOM y3Jse Spock momHOe
Bpems CCSD-pacuera B 1,5 pasa mMeHbIle, 9eM Ha y3Je Sumimit, a BpeMms
JIOTIOJTHUTEJILHOTO O0Jiee CJIOYKHOTO pacdeTra MOMPAaBKHU 1 JIsi TPOWHBIX
BO30OYyKIeHuil Ha y3je Spock menbie B 1,9 pasa.

C pocroMm uncia y3708B J10 4 TPEnMyIIECTBO MPOU3BOUTEbHOCTH Spock
IIPU PABHOM YHUCJIE Y3JI0B OBICTPO yMeHbIIaeTcsi, u Ha 4 y31ax Spock 6bicTpee
TobKO 110 Bpemenu pacdera T [262]. Hyxuo ckasarb, 4To, HaBepHoe,
OOJIHIIIMHCTBO COBPEMEHHBIX MPUIOKeHUH Ha GPU AB/ISIOTCS YAIlle CBI3aHHBIMU
mamsaTbio, a V100 mo ee mpomyckHoil criocobrocTn meree orcraet or MI100.

B [262] npuBeieHBI CONOCTABATEIBHBIE JAHHBIE O TIPOU3BOJAUTETHHOCTH
rirybokoro oby4enust jyiss MI100 u V100 B pamkax aByX mpoekToB ECP—
CANDLE (upenusuonnas meauiuba jyisi onkosiorun) u Exalearn (uesb
npoekTa MoHATHA u3 ero Haszpauus). B CANDLE npoussogureasrocts BERT
ymeperno 6osipire Ha MI100, wem wa V100, HO He B TOIi CTemeHu, HA KOTOPYIO
YKa3bIBAIOT OTHOCUTEbHBIE XapaKTepucTuky 3tux GPU (oueBmmwo, B [262]
UMEIOTCS B BUJLY IIMKOBbIE IPOU3BOIUTE/THHOCTH AINAPATHLIX CPEACTB). st
ExaLearn B [262] ykazano Ha CuiibHO 60Jiee HU3KYIO IPOU3BOJAUTEIHLHOCTD

MI100.
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Bazxmo, 1T0o Kpome 6ostee BBICOKOI MTHKOBOI mpousoauTeabuoctTu, MI100
rokasaJja 6ojiee BbICOKYIO, ueM y V100, IpOImyCKHYIO CIIOCOOHOCTD MaMSITH
Ha BCeX KOMITOHeHTaX Tecta BabelStream ¢ mpumenenmem mmpokoro mabopa
Pa3HBIX IPOrPaMMHBIX Mojiesieit [42]. B 310it e pabore MpON3BOAUTEILHOCTD
npuiozkenuss miniBUDE (mostexynsipubiit gokunr) xa MI100 okazasocs Bbiiie,
geM Ha V100-32GB u nouru cosnaJa ¢ npoussoauresibHocThi0 A100-40GB.

OvueHb aKTyaJbHBIM SIBJISIETCsI COIIOCTABJIEHUE TPOU3BOIUTEILHOCTH
MI100 u V100 za DGEMM, koropoe 6b110 npoBeneno B [242] mis nakeTHoi
7 OOBIYHOM peasn3anuu yMHOXKeHUst MaTpuil. COOTBETCTBYIOIINE JTAHHBIE
upejcrasiennl Ha pucyake 21 ¢ npumenernnem ROCm 4.2 (hipBLAS) gy MI100
u CUDA 11.2 (cuBLAS) juis V100. ITapamerpst m, n, k na ocu abeuucce 371ech

~~—

o = V100: DGEMM

3500 || 7 V100: Batch DGEMM 1;
m MI100: DGEMM

- 3000 |1 5 M|188: B:tch DGEMM %
§ 2500 /
: .
8 2000 1/.59,)( %
& %//f 1;7x %
E 1500 Z % %
¢ ' /
1000 Z % /
500 f;/j % %

(36,33) (84, 126) (165, 330)
Problem size (m, k) = (P,Q) -- n is fixed at 10,240

Pucynok 21. Ilpoussomurensrocts MI100 u V100 na DGEMM
(pucynok us [242])

coorBercTByIOT pasmeproctam marpur M, N, K 8 dopmyse (1). Bugno, aro
MI100 mozxer u onepexkars V100. B [242] mpuBoasres Takxke JaHHbIE s
tectoB npousBoaureabaoct CEED n3 ECP, moka3bIBatoNne COMMOCTABUMY O
npoussoaurenbrHocTs MI100 1 V100, u o npoussoguresnbrocTu Ha NekRS, rioe
MI100 orcrasan ma 15% ot V100. Ha Te xe 15% orcraBanust ykasniBaeTcss n
B [265].

B [327] npoBo/msnch pacuersl 110 KBAHTOBOXUMUIECKOMY TIPHUIIOKEHUIO
QUICK B coueranuu ¢ npusioxkenueM MoJeky/apuoii gunamukun AMBER, (1o
cxeme QM /MM). B craprosix Tecrax MI100 maBas mponsBoAUTEIBHOCT Pa3a
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B aBa MenbIre, yeM V100, n3-3a CIUIKOM aKTHBHOTO UCIIOJIb30BAHIS PETHCTPOB
B uporpammubix sapax AMD. Iocie nqopaboTok B pacuerax cHCTeM OOJIBIIIX
pasmepos npoussoguTenrsroctn MI100 n V100 okasamck conocraBuMbivu (Ha
MaJjienbKux cucreMax V100 6bu1 ropasno 6eicrpee). [Iporpammuoe siipo,
CUHUTAIONEe TPATUEHT 0OMEHHO-KOPPEISAIINOHHOr0 roreHnuaina, za MI100
CUATAJIO ropaso ObicTpee, ueM Ha V100 [327].

B orrocsmeticst k ECP pabore [328] comocrapisiiack NPOU3BOIUTETBHOCTD
MI100 (B Spock) u V100 (B Summit) B paMKax M3BECTHOIO B OBJACTH
CFD recra upoussoaureabunoctu HipBone (on opuenTupoBan Ha pabory
¢ GPU, Gasupyercsa Ha u3BecTHOM ucnosib3yomem C++ recre NekBone,
HO He NOKPBIBAET HOJHOCTHIO ero GyHKIMOHAJIBHOCTD [142]), u cpaBHeHa
IPOU3BOAUTEHHOCTD IIPU PA3HBIX CTEIEHHAX MTOJUHOMA Y MPOrPAMMHOTO sipa
oneparopa Ilyaccona, dpakTutueckn onpesessiionero Mpon3BOIUTEIHLHOCTD
HipBone. B HipBone ucrnonssyercss FP64, Ho B HEKOTOPBIX MOA3a/adax
peaBapuTeIbHOI 00paboTkn mpumensiercst FP32.

Ha oanom GPU nosyuennast B [328] npoussogurensrocts MI100 (¢ ROCm
v4.5.0) mpuMepHO OJIMHAKOBA C IPOU3BOUTebHOCTHI0 V100 (¢ CUDA v11.0.3)
Ha BCEX CTeIeHdAX rmojimHoMa— u uHorma ooictpee MI100, a unorma— V100. Han-
BBICIIAs! IPOU3BO/IUTEILHOCTD JOCTUIAETCSl [IPH HAUBBICIIEH NCIIOIL30BAHHON
crenenn nosuHoMa (N=15): as V100—2101,4 GFLOPS, ams MI100—2135,2
GFLOPS; 6bu1a 110Ka3aHa Tak»Ke XOpolliasi MacIITabupyeMOCTh Ha y3J1ax
Spock n Summit upu uncae parros MPI 10 32 u 48 coorBercrenHo [328].

B [262] Ha ocHOBaHMH JAHHBIX JIJIsi HEKOTOPBIX MPOEKTOB ECP oTMeuaeTcs
comoctaBuMocTh mponsBoguTesbroctr MI100 u V100 — 910 roBopuTcsi, Hanpu-
Mmep, st panabix AMR-Wind (mama onenka yckopenus V100 oTHOCHTEILHO
MI100 no pucysky 20 B [262]— 1,4 paza).

B npoekre ExaSMR, (Mome/mpoBanue akTUBHOI 30HbI MAJIOrO MOJLYJILHOIO
peaxTopa IIyTeM COYeTaHWs JIBYX dacTeil, Heifirpouuoit pusuku u CFD— s
nocsenreit npumensiercs NekRS) kox Shift ¢ HIP (ROCm 4.2) muisa nepBoit
qacTu cHadasia ycrynaja V100 ¢ CUDA pa3a B JiBa, HO IOCJIE ONMTHMHU3AIIAN
orcrapanme coctasuio seero 20%. B NekRS-wactu ExaSMR B HekoTOpBIX
nporpaMmHBIX sipax orcraBanne MI100 or V100 ma Summit coctaBisiio
BCEro HECKOJIBKO TIPOIEHTOB [262]; Hamm pacuer 110 jgaHHbIM Tabuaui 42 u 43
u3 [262] naer yckopenue V100 oraocurensao MI100 ma 10-20%.

B apyrux mporpaMMHBIX KOMIIOHEHTaX JpyTrux npoekTos ECP B [262]
YKa3bIBAJIOCH Ha O0Jiee cepbe3Hoe oTcraBanue nponssomuresbHocru MI100.
Ha npuitoxkennn QMCPACK (st KBaHTOBBIX pacdeToB MeTo oM MonTe-
KapJio) B pacdyerax cynepsadyeiiku OKCHIa HUKEJIS B PA3HBIX CJIydYasdx JIOCTUaA-
JINCh CUJIBHO pa3Hble oTcraBanus, HO B mesiom MI100 naBas 3HAYUTEIHHO
00oJ1ee HU3KYIO IIPOU3BOJIUTEBHOCTD, U KPUTUKOBAJIMCH KOMITUIsATopbl AMD.
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B TestSNAP MI100 B Spock orcraer or V100 B Summit npumepro B 2
pasa (mam pacder o Tabmune 19 B [262]). B npoekre ECP ¢ KBAHTOBOXHMH-
geckuM npuiiokennem Gamess coopka poKHaHa B pa3HBIX TUITAX Oa3uca
¢ mummHoit oT 4 10 12 TeIicsad opbutasteit MI100 memennee B 1,4-2,6 pasa
(mam pacuer no tabauue 15 B [262]). Ecrecrsenno, B [262| nmeercs MHOrO
JIPYIUX JAHHBIX C COIOCTABJIEHUeM mpoussoauTesbroct V100 u MI100. /
B [329] npoussogureasrocts MI100 n V100 comocrabiieHa ¢ IpUMEHEHUEM
vuaz-tipuioxkenuns MiniMDock mist mosiekynsipaoro jokunra. B onrumMaibHBIX
JUTsl npou3BojuTesbHocTu Ha GPU Bapuanrtax (¢ HIP u CUDA) MiniMDock npu
HCHOJIb30BAHUU JIMTAHJIOB cpefHux u 6osbinux pazmepos MI100 (Spock,
ROCm 4.5) ycrynan no upoussoguresasrocta V100 (Summit, NVHPC 21.11)
Ha 32 u 39% COOTBETCTBEHHO, HO HA MAJICHBKUX JINTAHJAX ObLI HEMHOTO
6nicTpee, dem V100.

B [330] npoBo/uiiach ONTUMHU3AIS HEKOTOPBIX KPUTHUIECKH BAYKHBIX
nporpaMMHBIX sijiep g CFD-nipuioxkennss FUN3D, npou3BoauTeIbHOCTD
koroporo ua A100 obcyxnanack Beie. JIjis Bcex U3 HUX, KpOMe MTPOrPaMMHOTO
sapa Bsaskoro noroka, MI100 (¢ ROCm 4.2.0) 6bu1 na 18-53% memrennee, dem
V100 (c CUDA 11.2).

Ecrecrsenno, MI100 npumMensiercst B cCaMbIX PAa3HBIX 0DJIACTSIX, HE TOJBKO
B HPC, HO u jj1s 3a/a4 WU, HanipuMep, Ui TJIyOOKOTO OOyUIeHnsT B MOJE/IHN
DLRM [331].

Mozkuo roBoputh 0 conocrapumoctu MI100 10 TpON3BOAUTEILHOCTH
¢ V100, xors MI100 wamie orcraaj. MHorne npuBouMbIe BbIIE JTIaHHBIE
o npouzBoguTeabrocT MI100 oTHOCATCS K TpeIBAPUTEILHBIM PE3YJIbTATaM,
MOJIyYeHHBIM cpady mocie nossienus MI100 B mocTynHOCTH, U 9TH Pe3yIbTAThI
MOTYT OBITH €Ille JJOCTATOYHO CYIIECTBEHHO YJIyYIIEeHbI HA HOBBIX BEPCHUIX
ROCm (Bepcun CUDA BBINISIIAT Topasno 6osee crabuiabHbiMA). Ho B cBsI3H
C OJIHO3HAYHBIMHU IIPEUMYINECTBAMU Beex mokazareseit MI210 orHocHuTEIHHO
MI100, me TosbKO yKazaHHBIX B Tabsmnax 20 u 21 HO U BCeX JAPYTUX M3BECTHBIX
aBTOPY HA MOMEHT Hammcanus 0b63opa, uarepec Kk MI100, mo MHeHUIO aBTOpA,
orHocuTca K npumenennio MI100 kak y»ke mpuobpeTeHHOT0, a npuobperenne
rosoro MI100 neresecoobpazuo o cpasuenuo ¢ MI210. Ilostomy 6ostee
IMOJTHOE PaCCMOTPEHUE UMEIOIINXCsT JIAHHBIX O Ipou3BouTesibHocTr MI100
3/1eCh HE IIPOBOJIUTCS.

5.3.2. [lpoussogutensHocts MI200

Ecan nocmorpers na ganabie Tabaur 20 u 21, TO SCHO, YTO B pacdere
Ha oauH GCD momesn MI210 u MI250 moutu He ornuuatorcs, Ho GCD B MI250X
uMeer HEOOJIbITIOE yBemueHne dncja CU, KOTOpoe JIOJIZKHO JaBaTh HEOOJIBIIOE
yBeJIndenne pou3BoauTe ibHOCTH. [loaTOMY, XOTST MBI HAYHEM AHAJIA3 J10-
CTUTABIIEHCs IPOU3BOAUTEILHOCTH C Pl U3BECTHBIX aBTOPY (HA MOMEHT
HOArOTOBKU 0630pa) aKTyaldbHbIX crareil ¢ ganubivu 1po MI210, sro mozker
MIPEJICTaB/SITh UHTEPEC U JIJIsA OIEHOK JIBYX JApYyrux Mojeseit cemeitctsa MI200.
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5.3.2.1. IlpousBoaurenbHocth MI210. B kadecrBe 6a30BBIX IOKa3aTeei
nocturaemoit mpoussBoguTeabuoctn MI210 ykaxkem cnadasa na pamase Dell,
IpeJICTaBIeHHBIE 3TOM hupmoit mjist cBoux cepBepoB PowerEdge R750x—
JIJIsT YMHOXKEHHSI MATPHUIL ¢ ABOWHOIN u oauHapHoil Tounoctbio (DGEMM
u SGEMM) [332], B ToM 4mcie B conocTasieHnu ¢ gaHabmvm st MI100.
B pacuerax Dell na MI210 ucnosib3oBaiuch TeH30pHbIe (MATPUYHbBIE) sIpa U
ROCm 5.1.3. Ina DGEMM 6bu1a goCcTUrHYTA IPOU3BOIUTEILHOCTD 28,3
TFLOPS, na SGEMM — 32,2 TFLOPS. 91u nanusie [332] cBuieTeabCTBYIOT
o 6outbriom yckoperun B MI1210 ornocurensao MI100 gma DGEMM — 8 3,6
pasa (mo B MI100 B Ten3opHbIX sijpax HeT nomnep:kku FP64), u HeBbICOKOM
JIOCTUTHYTOM TIPOIEHTE OT MUKOBO# npomssoauresnbHoctn B MI1210 (62,5%).

Jss SGEMM na MI210 B 6bL1a oJIy9eHa IPOU3BOAUTEILHOCTD Ha 9% Gotb-
me, wem B MI100 [332]. Ho FP32 momepxuBaercss B TeH3opHbIX aapax MI100,
qgro naer MI100 naxke 4yTh OoJiee BBICOKYIO ITMKOBYIO IIPOM3BO/IUTEILHOCTD
opmHapHO# TouHocTH, YeM y MI210 (cm. Tabmauner 20 u 21).

B Tecre HPL npoussogurenbrocts MI210 mocturaer 18,2 TFLOPS na 1 GPU
u mouTH JmHeHo pacrer 10 4 GPU (mo 72,6 TFLOPS), a nponssoauTeabHOCT
MI100 ma 1 GPU B pa3bl MeHbIlE, U MeJJIEHHee pacTeT ¢ uncjaom GPU
B cepeepe [332].

st HPL ectb u janubie camoit AMD, mo3Boistiorue mpojieMOHCTPUPOBATD
u Bo3MoxkHOe BimsiHue Bepcun ROCm [333]. Sxech ¢ ucnosb3oBaHueM
6oJstee HoBoit ROCm 5.2.0 u rocHPL 6.0.0 Ha omgaom GPU Tect HPL mas 21,07
TFLOPS (B 1,16 pa3 6bicTpee, gem y Dell), na 4 GPU— 81,097 TFLOPS (B
1,12 pas 6bicTpee), Ha 8 GPU— 159,73 TFLOPS. Kak ormeuaercs B [333],
IIPOU3BOUTENHHOCTh MOXKET MEHSATHCA M B 3aBUCHUMOCTH OT BEPCHH JIpaiiBepa.
MpI mpefioiaraeM, 9TO BIMSHIE OTJINYAS APYTUX KOMIIOHEHT MCIIOIb30BAHHBIX
B Tecrax cepBepoB B [333] u [332] 31ech MOXKHO CUNTATH HE3HAUUTE/ILHBIM.

Ha recre HPL-AI co cmermannoit Tounocrsio FP16/FP32/FP64 na 4 GPU
B [333] monyuena npoussomurenbaocts 444,77 TFLOPS.

B [332] npuBeseHbl TakKe JaHHBIE O IIpou3BojuTesbHOCTH MI210
orHocuTessbHO MI100 Ha npustokenun mosekyssipoit guanavukn LAMMPS
JIJIl HECKOJIBKUX PA3HBIX €e TUIOB (B TOM YHUC/e PEaKTUBHON MOJIEKYJISPHOM
JIMHAMUKM) U II0TeHIua/ 0B — upu pabore ¢ FP64 MI210 6bicrpee na 18-30%, a
¢ FP32—na 12%. Manunie o npoussomurensraoctu LAMMPS g peakTuBHOI
MOJIEKYJIAPHON IUHAMUKK OpuBoanuT Takxke 1 AMD ¢ npumenenuem 6osee
Hosoil Bepcun ROCm [333].

IlepBoie crarbu ¢ mapHbIME O TTpousdBoauTeabHOCTH MI210 cTtanm mosas-
JISITBCSL JJTsT TIPUIIOZKEHN B pasHbIx obuactsx. Hanpumep, B [334] npusogsrcs
JTAHHBIE O IIPOM3BOJIUTEJHLHOCTH Ha Pa3pabOTAHHOM B 9TOIl CTATHE MIPIJIOKEHUN
st mogtekystpaoro pokmara Uni-Dock, mpeBocxozsimem mo mpon3BoauTeb-
nocru uzBectHoe npunokenue AutoDock-GPU (xorst mogpobublie gaHHbe
o npoussouresnibHOcTH Uni-Dock B [334] npusoggrest gyst V100 u MI100).
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Cpesiu pabor, JaImxX CollocTaBieHne pouspoauresibaoctu MI210 u
GPU Nvidia, ykaxkem Ha manabie B obsactu CFD [268] ajis ynioMuHABIIErOCs
BBIIIIE B pasjiesie 1npo npousBoguTesibHocTh A100 npuioxkernus FUN3D c ero
6ubsmorexoit FLUDA s GPU. Ha ocnoBe manubix Tabuaurpl 4 B [268] Mbl
nosyvaeM, 9ro A100-40GB 6eictpee MI210 B 1,44 pasa (a MI210 6bicTpee
V100-16GB B 1,29 pa3za).

B [335] 66110 1poBeeno conocrasienne npoussoaunTessaoctn MI1210
u A100-40GB npu pabore dpeiimBopka rimybokoro obydenust PyTorch
(ucnompzoBasicst PyTorch 2.0-20230102) ¢ npumenennem crekoB ROCm
5.4.2 u CUDA 11.8. B »7oit crarbe ObL1 tipesiioxkern TorchBench — HoBbrit
HaOOp TECTOB IMPOU3BOAUTEILHOCTH ITporpamMmMuoro creka PyTorch. Jlmsa
cpaBHeHUs1, Kjaaccudeckuit Habop TecroB MLPerf mist rirybokoro obyuenust,
pe3ysIbTaThl KOTOPOTo ¢ mpuMeHeHneM GPU 06CyK/Ia/INCh BBINIE B JAHHOM
0030pe, BKIIOUaET B cebst 8 Mogesneil riybokoro obydenns, a B TorchBench nx
48. TorchBench nMeeT OTKpBITHIIT NCXOAHBIN KO U 6/1ar01apst MUPOKOMY
MHOXKECTBY DENPE3EHTATUBHBIX MOJIEJIeH TO3BOJISIET, HAIPUMED, BBIABIATH U
CHATYAIUN C MOHUKEHneM pou3BoauTeabuoctu npu pabore PyTorch na GPU.

Cpasrenne npoussesieHo B 32-6urnoit kondurypamuu TorchBench (uc-
noJib3yeMoit o ymosadanuio). Vmeromasica B A100 momuepxkka TF32 naer
MTOBBIMIIEHHYIO TPOU3BOIUTEIHLHOCTD 33 CUET YMEHBIIEHUS] TOYHOCTHU, TIOITOMY
He BCe MOJEN MOTYT ero MCIOJIb30BaTh. st TiryboKoro obydenus: u BHIBOIA,
obyuenHoii HefiporHoit cetu ¢ FP32 B omamx Mozensix 6picrpee 6611 MI210,
B apyrux— A100, 94To He JjaeT YeTKOro MPeMMYIIeCTBa 0 POU3BOUTEILHOCTH
onHoMy u3 THX GPU [335].

1 Boobmme MI210 cpasy cTa mpuMeHSTbCsT s 3a/1a49, CBA3aHHBIX ¢ U,
Hanpuwmep, B [336] paspaGoTana MeTouKa JJIsi TIEPEKPHITHsI KOMMYHUKAIW 1
BBIYUCJICHU, opueHTHpoBanHasd Ha DLRM, 1 co31aH0 IIPOrpaMMHOE AP0 JJId
MI210. B [337] npeyioxen u peanmsosan Ha MI210 ycoBepieHCTBOBaHHBIH
AJITOPUTM JJIsi TIOBBIMIEHUS TPOU3BOAUTEIBHOCTHA CBEPTOYHON HEHAPOHHOMN
ceru (CNN), KoTopblii ¢ ncoab3oBaHneM GUOINOTEKH TIyGOKOTo 00y IeHusT
MIOpen n ncxomubix garubix ResNet50 mossommn noxyants 74% or nmukoBoit
mpousBoauTeibHocTH MI210 ¢ omuHApHON TOYHOCTHIO.

5.3.2.2. IIpousBogurenbHocts MI250/MI250X. Yro kacaerca GPU
MI250/MI250X, comepzkanmux 1o 2 GCD, TO HOTEHIUAIbHAA UX KOHKYPEH-
nust ¢ A100 o Mpou3BOAUTEILHOCTH ObLIIA TPOJIEMOHCTPUPOBAHA CAMUMUI
dupmamu-paspaborunkamu. B ntone 2022 rona Nvidia nmpusesa jJaHHbIe, IeMOH-
crpupyoliue 60jiee BHICOKYIO HPOM3BOIUTEIBHOCTD (U 9HEProadHEeKTUBHOCTS )
A100-SXM-80G ornocuressao MI250 B cepBepax ¢ OJHUM U YeThIpbMst GPU
(camras MI250 kak oxun GPU) Ha KJIACCHYECKUX IIPHJIOKEHHSIX MOJIEKYJISPHOl
muaamuku AMBER, GROMACS, LAMMPS, NAMD u OpenMM [338], a

B aBrycre 2022 r. AMD npusejia npOTHBOIOJIOXKHbBIE 110 TPOU3BOIUTEIHHOCTH
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JIaHHBIE JJIst Beex aTux nputoxkenuii kpome GROMACS — Ho mokazaB BMECTO
JAHHBIX JIJISI 9TOM IPOrpaMMBbl IPEUMYIIECTBO B IPOU3BOUTEILHOCTU HA TeCTe
HPCG [339]. IToHsiTHO, 4TO TAaKOe COIOCTaBJIeHNE TPEOYET JONOJHUTEIbHBIX
JAHHBIX 00 WUCIIOJIB30BAHHBIX BEpCHUAX HpuoKenuit u SDK dpupm, mpuMeHsB-
IMUXCA B pacdeTax MOJICKYJ/IAPHBIX CUCTEM U BHUIAOB IIOTEHIIAJIOB, U TaK JdaJiee.
Huzke B ananusze npoussopurebaoctu MI250/MI250X upuBojsTes u JaHHbIe
u3 MyOIuKaIuil O TPOU3BOAUTEILHOCTH B MOJIEKYJISIPHON JTUHAMIKE.

To, aro mpomzBoguTepHOCTE MI250X BBICOKA, OYEBHIHO CJIE/LyeT U3 yCIIe-
xoB GPU AMD B Top500, rie cynepkommbiorepsr Frontier u LUMI 3arumaror
IIEPBOE U TPEThE MeCTa C NMPOou3BoAuUTebHOCTBIO 1o HPL 1194,0 u 309,1
PFLOPS coorBercrBenno, a mo HPCG— 14,1 u 3,4 PFLOPS coorBercrBen-
HO [4]. JToCTaTOIHO MUPOKOE COMOCTABIEHNE TPOU3BOJUTENBHOCTH 8 PA3HBIX
IPUJIOXKEHNH U3 pasHbix objacreit HPC (B OCHOBHOM HE U3 YHCJIA MacCOBO
ucnosib3yembix B mupe HPC) Ha Frontier u Summit nposezneno B [340], rue
TToKa3bIBas mpenmMytinecTsa Frontier maercs m obrmast ctapToBast CpaBHUTEIHHAS
orenka npousBouTeabHoct MI250X u V100.

Ho nockosbky Takue ycrexu Ha CyIepKOMIBIOTEPAaX BO MHOI'OM CBSI3aHBI
C BBICOKIM YPOBHEM MACIITAOMPOBAHUS C YUCJIOM Y3JIOB, IIPUBEIEM 3JIECh €Ile
TOJIKO OJIHY HWJITIOCTPAIMIO, OCHOBAHHYIO Ha CPABHEHHUHU [TPOU3BOJUTEIHLHOCTH
y3soB ¢ A100 u ¢ MI250X — cynepkommbiorepa Perlmutter u kiacrepa Crusher
(kpaTKue JaHHbIe 00 ITUX BHIYUCIUTEILHBIX CUCTEMAX MMEIOTCs B Tabuuie 23).
Nx yaawr copepxkar mo 4 GPU A100 u MI250X cooTBeTCTBEHHO.

B [341] uccieoBana Npou3BOAUTEILHOCTD KOJA PEHTTEHOBCKOI Tpac-
cupoBKH ¢ ucnosb3oanueM cpeiicts Kokkos (a Takke Bapuanta ¢ CUDA)
Ha pasHoM uwmcye y3j08 Perlmutter u Crusher (tam B KauecTBe G3K-9HIIOB
HIPUMEHSINCH COOTBETCTBeHHO CUDA u HIP). BOJBIIMHCTBO BBIMHUCIUTEIHHOTO
BpeMenu Ha GPU Tam 3aHuMaer paboTa IIPOrpaMMHOIO sijpa nanoBraggSpots;
ucnosib3oBanne Kokkos mo3Bosimio 100UThCsI TOBBIIIIEHNsT TTPOU3BOIATEHHO-
cru nanoBraggSpots 6osee wem Ha 60% Ha ysen Crusher mo cpasrenuro
¢ Perlmutter [341]. Tanuble pucyHKa 2 9TOH CTATHM MOKA3BIBAIOT, ITO
MIPOU3BOIUTEIHLHOCTh NanoBraggSpots mpu paBHOM |mCse y3/10B 0T 32 10
128 B pasbr 6osbine Ha Crusher, a npumenenune Kokkos jiasio 3amerHo 60Jiee
BBICOKYIO ITPOM3BOJIUTEILHOCTD, 9eM O0bIYHOEe mpuMeHenne CUDA.

Ho pmasee Hao uMers B Buiy, Kakoe cornocrasienue GPU Nvidia u AMD
uHTEepecHO B nepByto odepens. AMD MI250 u MI250X uMeroT 1o jiBa JIOrnIecKux
GPU (o 2 GCD), a A100—»3r10 omauu GPU. C T0oYKHU 3peHusi HPOrPAMMUDPOBAHHUST
MI250 wim MI250X —3ro jaBa GPU, u unTepecto comnocrasienue A100 ¢ onHum
GCD, uro uacTo (HO He BCErJa) W JeJasIoch B mybimkanuax. I TyT ke Bcraer
Borpoc 0 croumocTtsix —eciu oun y A100 m MI250X conocraBuMbI, HHTEPECHO
cpasrenue ¢ nespiv MI250X. Ho 31ech cpaBHEHHE CTOMMOCTHBIX ITOKa3aTe e
uim TCO He npoBoAUTCs (OHO HE TOJILKO 3aBUCAT OT MeCTa IPUOOpeTeHus U
npumeHeHnst GPU, HO U MEHSIETCSI CO BPEMEHEM ).
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Ba3OBbIe TeCThbI IIPOU3BOAUTEJIBHOCTU U IIPOU3BOAUTEJIBHOCTb Ma-
TemaTudeckux 6ubsmorek. Jlamnnbie HanboIee BasKHBIX OA30BBIX TECTOB
npousBouTeIbHOCTH it Y3708 Frontier u Crusher npusesens Ha caiire
Oxpukckoit HanmonabHoM jtaboparopun CIIIA, KoTopoil mpuHaIIesKaT
U 3TH CyNepKOMIIBbIOTephl, 1 Summit [342]. HekoTopbie n3 3THX TaHHBIX
orrocstess u K UM y3nos (EPYC 7A53). Hast paborer ¢ MI250X (¢ omanm GCD)
TaMm ucnojb3oBanbl ROCm 5.3.0.

B [342| nmeercst maGOpMAIUS 0 JOCTUTHYTHIX MPOIYCKHBIX CIOCOOHOCTSIX
mamaTru MI250X, oomenos namabiMu Mexkay U u GPU, u mex iy GPU. Tam
[IpeJICTaBJIeHbI JJAHHBIE O IIPOILYCKHOM CIIOCOOHOCTH BO BCEX ISITH KOMIIOHEHTaX
tecta BabelStream (kmaccudeckoro Bapuanra ¢ FP64) ¢ npuvenennem HIP u
OpenCL B 3aBUCUMOCTH OT Pa3MEPHOCTH OJJHOMEPHBIX MACCHBOB TECTA.

ITo naunbv [342], nocturhyTast B BabelStream nporyckaas criocoGHOCTH
HBM cocrasasier 77-86% ot mmkosoit Beqmuamabl (s U ¢ ero DRAM
nocruraerca 82-90%). Haupbiciue BeJMIMHBI JOCTUIAIUCH 3/eCh 1P paboTe
copy (4ayTh MenbIie— B mul) -komroHerTs BabelStream ¢ npumenenuem hipcc,
makcumyM okos10 1,38 TB/c. Ho B Hekoropbix kommonentax BabelStream
npumenernne OpenCL gaBajio 60j1ee BBICOKYIO MPOIYCKHYIO CIOCOOHOCTD, UeM
hipce, a ¢ Tectom ckassipHOrO Npon3seeHust BekTopos (dot) hipee (B ormmdune
or OpenCL) xasi aHOMAJIBLHO HU3KYIO IPOILYCKHYIO CIIOCOOHOCTbD.

IIponyckuag cuocobuocTs namarun MI250X (oguoro GCD) B [324] uzyvaiach
Tak ke pu BeimoaHeHnr SpMV u3 6ubimoreku Ginkgo ¢ nmpuMeHeHHeM pa3HbIX
dopMaTOB XpaHEHUST PA3PEIKEHHBIX MATPHII.

IMpomyckuas crocobrocts UT-GPU (u3Mepsiiach IpOIyCcKHas CIIOCOGHOCTD
hipMemcpy) B [342] cocrasmra 25,6 I'B/c (71% ot nukosoit), a Mexmy GPU—
B MPI-recre osu_bw n3 mukporecro OSU [343] (¢ ucnonszoBannem Cray
MPICH 8.1.23) —or 37.6 I'B/c (75.2% ot nnkoBoii) Ha oxHoM Kanase Infinity
Fabric mo 145.3 T'B/c (72.7% ot nukosoii) Ha deThipex KaHasax Infinity
Fabric [342]. B [342] nociiequue uaMepeHust OTHOCATCS K OJIHOCTOPOHHEH
nepegade — a B Tabsuie 19 9Toro 0630pa MpUBOAUTCS MUKOBasA Beamamaa 100
I'B/c Ha opuH KaHAN JJIs ABYCTOPOHHUX Hepesad.

B [342] umerorcs Takske panuble o npoussogureabroctn MI250X na GEMM
(¢ ucnospzosanuem hipBLAS), Briouas 1 DGEMM. TIna GEMM ¢ FP16 tam
ucnonb3osad KoHkpeTHb Tecr CORALGEMM [344], npoussoguTeabHOCTD
KOTOPOT'O POCJIA BILUIOTH JI0 HAUBBICIIEH PA3MEPHOCTH MATPHUIL CBBIIIE 8 THICSY.
st FP32 u FP64, kpome aToro recra, B [342] npuMeHsICcs elre JIpyroi
KOHKDETHBII TecT gpu_xgemm [345] (cm. pucynok 22).

Bri6op TOro ui HHOrO KOHKPETHOTO TeCTa He JAeT 3/eCh MPUHINITHATLHBIX
U3MEHEHUiT TIPOU3BOANTEIHHOCTH — OHA B OCHOBHOM OIIPEJIEJISIETCS], €CTECTBEHHO,
Boibopom FP32 mwin FP64. Hukakux BbLIaonuxcs pesyibTaroB (Tuia
nocruzkerns 90% u Gosiee 0T IMKOBOro 3HadeHus ) npuMenenue hipBLAS 371ech He
naer. Ho mETEpECHO, CBSI3aHBI JU 3716Ch CKAYKY HA KPUBBIX IIPOU3BOAUTEIHHOCTH
OT Pa3MEPHOCTU MATPHIL C «ONTUMAJIBHONY €e YeTHOCTHIO.
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Pucynok 22. IlpoussoguressHocts GEMM na omaoM GCD
MI250X (pucynok u3 [342])

B [342] upencrabiens! eme gaHEbBe TecTa mixbench, HO 5Tu pe3yIbTATHI,
Kak ¥ Beite B pasmese st A100, 3/1ech He paccMaTpUBAIOTCS, TIOCKOJIBKY OHU
0oJiee MHTEPECHBI CKOpee sl 3a1ad VU.

B [333] upeacrasienst ganubie o npoussogureabuaoctu MI250 B recrax
HPL (c rocHPL 6.0.0), HPL-AI (¢ HPL-AI-1.0.0) u HPCG 3.0 ¢ 6asupoBanuem
Ha ROCm 5.2.0. Ha ogroMm GPU JoCTUrHYTas IIPOM3BOANTEILHOCTD COCTABUIIA
40,45 TFLOPS (okoso 90% or nukoBoit BeKTOpHOI BeJu4uuHb), & Ha 4 GPU—
161,97 TFLOPS. Ormernm, uto B [333] pesysIbTaThl OTHOCATCS K TONHBIM GPU
¢ aByms GCD. Ha HPL-AI (momyins ¢ FP16/32/64) na 4 GPU npon3BOAUTEIBHOCTD
nocruria 930,44 TFLOPS. Ha HPCG 6b110 nosryaeno 488,8 GFLOPS ms
oxuoro GPU u 1927,7 TFLOPS na 4 GPU.

BroruncomrenbHasi Xumusi. Y YUTHIBasl, YTO AaKTUBHOE COIIOCTABJIEHUE
AMD wu Nvidia npoussourensroctn MI250X u A100 mponcxouio BO MHOIOM
Ha 3aJadaX MOJIEKYJISIPHON TMHAMIKY, H3JI0KEHIE 3/[eCh HAYHEM NMEHHO
€ 9TOi 00JIACTU BBIYUCIUTEHHON XUMUU. 371eCh CPa3y CJeayeT OTMETHUTh,
9TO JOCTUKEHNE BBICOKOW ITPOM3BOIUTEILHOCTHU IIPH [IEPEHOCE TPUIIOKEHUH
moJtekysisipaoit quaamuku ¢ GPU Nvidia wa GPU AMD sBiisiercst HerpocToit
zajadeii. [lepenoc Takux mporpaMMHBIX KoMILTeKcoB ¢ CUDA ma HIP paccMoTpeH
B [314] (xoTst TaM He pacCMATPHBAJINCh AHAJIU3UPYEMbIE B JAHHOM 0030pe
Mozenu GPU AMD).

AMD mupuBoIuT CBOM JaHHBIE O JOCTUTHYTON MPOU3BOJIUTETHHOCTH
npuoKenus MojekyssapHoit guanamukn LAMMPS 2022 B mHeckosbKuX
U3BECTHBIX TECTAX ITOTO MPUJIOKEHUs, Hoaydennbie Ha GPU MI250 u MI210, u
COIIOCTABIIIET 9TU JaHHble ¢ pe3ynabraramu na A100 [346]. Omzun MI250
obrousier A100 o MPOU3BOAUTENHLHOCTH Ha BCEX TecTax (B TO BPEMs KaK
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MI210, conepxxkaruii oguu GCD, wamie orcraer or A100-PCle-80GB). AMD
[IPOJIEMOHCTPUPOBAJIa TaKKe XOPOIee MacIITabuPOBaHNe TIPOU3BOAUTEIHLHOCTH
LAMMPS susiors 0 4 GPU Ha cepsepe [346].

B [254] uposeneno noapobaoe u riryGoKoe UCC/IeI0BaHNe, HAIIPABIEHHOE
Ha 1oBbIIIeHne pousoauTeabHocTu LAMMPS mocsie moprupoBaHust ero
¢ anmaparHbix cpegcrs GPU Nvidia (B crarbe ucnonnzoBansl Summit ¢ V100 u
BorancimTesnbHas cucrema AFW HPC11 ¢ A100-40GB) ma GPU MI100 (B kiacrepe
Spock) u MI250X (B kiacrepe Crusher). B LAMMPS st nosiepskanust paboTst
C Pa3HBIMU AIMAPATHBIME CPEJICTBAME HCHOIb3yeTcs oubanoreka Kokkos.
Juist onTuMu3aIMK IPOU3BOAUTEILHOCTH (OHA M3ydasach JJis HOPMAJIbHOIO
dopmara FP64) LAMMPS na GPU Nvidia 1 AMD npumeHsiaiucs Mojesn
JIMHUY KPBIII JIJIsT KazKI0r0 TPOrPAMMHOIO sJIpa, & B ONEHKAX JIOCTUraeMOn
[IPOM3BOAUTEIHHOCTH OBLIO 33/1efICTBOBAHO 6 PA3HBIX MOTEHIMAJIOB U PACIETHI
JKUJIKAX, METAJIMIECKUX, IPAHYINPOBAHHBIX, OUOJOIMYECKUX U HOJTMMEPHDBIX
CHCTEM Pa3MepoM JI0 55 MUJIJIMOHOB aTOMOB.

Mongepxka paborsr LAMMPS na GPU ¢ OpueHTHPOBAHHBIM Ha JaJIbHOJIEl-
cTByMOIee B3auMozelicreue norennuanom PPPM Gbuia peanmsosana B [254]
¢ ucnoab3oBanueM BII®, st yero Ha GPU AMD wucniosib3oBanbl cpejicTBa
rocFFT. Ilpu pabore ¢ norenimanom ReaxFF ma mosekymnsaproit cucreme ¢ 256
TBHICSTIAME aTOMOB ObL10 JlocTurayTo 0KoIo 20% (5,6 TFLOPS) or nukosoii
npousBoauresbHocTr FP64 ommoro GCD B Crusher.

B [254], mecmoTpst Ha GONBINOH TPOIETAHHBIH 06HEM TIATENTBHOTO U
IIIMPOKOT'O MCCJIEIOBAHNS, YKA3aHO Ha [I0JIy YeHHBIE OIIEHKHU IPOU3BOIUTEIbHOCTH
KaK Ha IPEJIBAPUTEIbHBIE, 9TO CBI3aHO, BEPOSATHO, C OTMEUYEHHBIMU B 3TOMN
crarbe akTUBHBIMU paspaborkamu ROCm (B pabore ucosbzoBaiucs ROCm
v4.5.0).

B [254] ykasaHo Ha pasiMdIHOE TOBEJIEHHE JJOCTUIAEMON PON3BOJANTEHHO-
ctu npu u3meHennn mapamerpos Kokkos st GPU AMD u Nvidia. 910 MoxkHO
CUNTATH WJIIIOCTPAIAEN CJI0KHOCTH MIEPEHOCA IIPOIPAMMHOIO ODEeCIIeYeH s
¢ omHoro tuma GPU Ha Apyroit ¢ coxpaneHneM 3(M@PEKTUBHON ONTHMUI3AITAI
KOJIA.

B [262] ananusupyeTcst IPOU3BOAUTENBHOCTD ISl KBAHTOBOTO MOTEHIHATA
SNAP (B wactu EXAALT-npoekra ECP), UCIIO/IB3yeMOro 3aTeM B PAMKAX
paborer ¢ LAMMPS. Xots 6osibinie nagGOpManum O MpOU3BOJIUTETHLHOCTH 3/1EChH
6bL10 1osty4deno st MI100, koroporo MI250X, KOHYEHO, CUJIBHO OIIepeKall,
ommu GCD MI250X B camoMm magaste 2021 roza B 9TOM pacdere CyIMIeCTBEHHO
orcrasaJt gaxke ot V100, a or A100— ropa3zmo GosibIiie. 9T0 ObLIO CBA3AHO
¢ mexsarkoit 1i1st SNAP emrocTn ksma L1 8 CU MI250X —8 V100 u 8 A100
quist SNAP ucnonbzoBasiack emkocts B 96 KB na 1 SM, B 6 pa3 6Gosbine, dem
B MI100 u MI200 na 1 CU (cm. tabaumpr 20 u 21).
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Pabora man onrumuzanueit nporpamMmubix sjep SNAP mpoomkaoT-
cs1 [262], HO XOTst 3TO GBIIN CKOPEe MPeIBAPUTEHHBIE PE3YIIBTATHI, TATbHEATHi
[IPOrpece MpeIioIaraeTcs B IepByIo 0UYepeb B YACTH UCIOJIb30BAHUS 3/1€Ch
cpeacrs Kokkos. B [262] ykaszano, uro yacrora nonaganus B Ko L1 y SNAP
cocrasiisier (Jy1si caMoro 6oJbIoro nporpammuoro sipa SNAP) 66% s
MI1250X nporus 90% myia V100.

B [347] AMD nposeMOHCTPUPOBAJIA XOPOITYI0 MACIITAGUPYEMOCTh
NAMD — upuioxKeHusi MOJIEKYJISPHON JUHAMMKN Ha U3BECTHBIX TECTax
mpouzsoaureibaoctd APOA1 u STMV NVE npu ucnoss3osanun g0 8 MI250.

Beire B camom Hawaste pazmena 5.3.2.2 66110 yKa3aHO 006 OTCYTCTBUU IIPEIO-
crapyieHHBIX B 2022 rony manubix AMD o npoussoanrensnoctu GROMACS
ua MI250/MI250X, 410 6BLIO CBA3AHO C BPEMEHHBIMU IIPOOJIEMAME [IOPTHPOBa~
uust kojga GROMACS, u 66110 GBICTPO UCIPABJIEHO.

B [333] nmerorcs ganuble o upounsBoauTensroctn MI250 na nanGostee
M3BECTHBIX MPUJIOXKEHUAX MojeKynsapuoit qnuaamuku AMBER, GROMACS,
LAMMPS u NAMD. Ilpusenem psiyg npumepos. g GROMACS B usBecTHOM
recre STMV (Satellite Tobacco Mosaic Virus) ma ognom MI250X mosygena
[IPOU3BOAUTENBHOCTD 34,2 HC/neHb, a Ha 4 MI250X — 89,26 uc/nennb. s
NAMD 3.0 B uzsectanom Tecre STMV NVE na ognom MI250X morydena
npousBoauTebHOCTh 19,87 He/nenb, a na 4 MI250X — 77,132 uc/nenb.

B Bepcun GROMACS 2023.1 B kagecrBe 03K-3u1a 119 MI200 mpu-
mensiercst SYCL, uTo mokas3aJjo Xopolnee MaciTabupoBaHne JTOCTUTAEMOI
pousBouTesbHOCTA B TecTe STMV npu ucnosbzoBanuu g0 8 MI250X.
O6uapyzkeno, 9ro mnoka He Bce Bodmokaoctu CDNA 2, koropsie moryTt
JlaBaTh cyriecTBeHHbIi poct npoussoguTenbaocTt GROMACS, ucnosb3yiores
koMmrmasitopom AMD [348].

s AMBER22 31ech npejicraBieHbl JaHHbLIE O IPOU3BOSUTE/ILHOCTH
Ha 8 usectHbiX Tectax AMBER. Tak, #a Tecre Cellulose Production NPT
4fs 6puIa 10Ty YeHa IPOU3BOAUTEILHOCTD 227,2 He/nerb. Mbl conocraBuiu
nanuble [333] ¢ pesynabraramu, gocrynubivu B [349], u o6bequHuIM STH
JaHHbIe B Tabaume 24.

Tabuua 24. Ipoussomurensrocts (He/mern) AMBER22 Ha pas-

HBIX GPU
T IIpousBonuresnbuocts | [IpoussomurensrocTs | IIponsBoguresnbHOCT
eer A100-PCle? MI2502 H100-PCle!
JAC Production
NVE 45 1199,22 1871 1479,32
JAC Production
NPT 4t 1194,5 1794 1424,90
STMV
Pfroduction NPT 52,02 80,65 70,15
Afs

! nannbie [349] (nammeie ma 21.03.2023). Ucnomszosansr Amber 22 Update 1; AmberTools
22 Update 1; Nvidia CUDA 11.4
2 nammpie [333] ¢ ROCm 5.2.0, Amber container 22.amd_ 100




\RUmENE HogoE noko/sEHUE GPGPU u conyTCTBYIOUIEIO OBOPYOBAHUSA 259

HO 3/1eCb HeO6XOJII/Il\’IO OPpUBECTU BaKHble YTOYHEHUA O COIIOCTaBJIEHUN
JAHHBIX O IPOU3BOIUTE/IFHOCTH PA3JIMYHBIX ITPUIOKEHUI MOJIEKYISTPHON
auHAMUKA Ha pa3ianaabix GPU. [IpuBoanmMblie 1aHHbIe O pacdere KaCAIOTCs
B IIEPBYIO OUEPE]lb PACCUNTHIBAEMON MOJIEKYIISIPHON cuCTEMBI (I/1e BaxKHO ofIIee
YHCJI0 ATOMOB), 9TO OUPEIEIAETCS CAMUM Ha3BaHUEM TecTa. VCIoib3yeMblit
IOTEHIHAJ B TecTe Takxke pukcuposan. Ho Bpemst pacdyera 3aBUCHT eIrie U OT
mara 1o BpeMeHH (4acro m3Mmepsiercs B dbeMToceKyHaax, fs B Tabuuue 24), u
paauyca orcedkn B3auMojeiicTBuii. [loaToMy mHOTIA IPUBOIUMBIE JTAHHBIE
O JIOCTUTHYTO! ITPOU3BOIUTEIHHOCTU MOTJIA OKA3aThCs HE COMOCTABAMBIMU.
ITo kpaitueit Mepe BpeMeHa ITara B UCTOYHUKAX JAHHBIX TAO/IUIBI 24 COBIIAAIOT.

Ho na10 Tak»Ke nMeTh B BUJLY, 9TO B 3TOi Tabsuie Janabe u3 [349)])
HOJIyYeHB ¢ JaJleKo He HOBOii Bepcueii CUDA; cama AMD conocrasnsiia B [333]
¢ CUDA 11.6, crapast Bepcusi CUDA BO3MOXKHO HEIOCTATOYHO D PEKTUBHA 11
H100— B muTupyembix B 3TOM 0030pe myOauKaIusx npumensiach u CUDA 12.2.
W Bce-Taku 3T JaHHBIE, KAK U [IPUBEJIEHHBIE BBIIIIE B JJAHHOM 0030D€, TOBOPST
o ToMm, uro MI250 mmeeT peasbHYI0O KOHKYPEHITUIO IO TPOU3BOIUTEIHHOCTH
B MOJIeKy/IsIpHO#t muHamuke ¢ A100 (u moxer 6eith ¢ H100), BO3MOXKHO, 1
oIepexKasi 0 MPOU3BOIUTETLHOCTH, 8 3aBHCAMOCTD OT BEPCHUil UCIOJIb3YEMBbIX
SDK oueBuHA.

Eue ogna crarbs, [350], B KOTOPOil UCC/I€0BAHA IPOU3BOIUTEIHHOCTD
MI250, HAXOZUTCsI «HA CTBIKE» MOJIEKYJISIpDHOH quHamuky u MA. B [350]
¢ npumerernem GPU V100, A100 u MI250 npoBeieHO JTOBOJBHO BOJIBIIOE
KOJTMIECTBO BBIYMCIEHUH ¢ MCIOIb30BaHueM makera mporpamM DeePMD-kit
JJ1l MOICJINPOBaHN A NIOJIeKyJ'[E{pHOﬁ ILI/IH&I\II/IKOfI C IIpUMEHEHUuEM ITOTEeHIINaJIOB
MAIIMHHOTO 00ydeHus (BMECTO MpUMeHeHus Jjijist 9Toro meroga QM /MM).
DeepMD-kit nmo3Bosisier nHTErprpOBaTH ST MOTEHITUAJBI C IPUIOKEHUSIMEI
LAMMPS, Amber, OpenMM u GROMACS. Hamu Ha ocHOBaHUU TaOJIUIILI
IV u3 [350] nposeieHbl BBIYKCIIEHNs yCKOpeHnit pacdaeros Ha A100-80GB
o cpasrenuio ¢ oxauM GCD MI250. s pacyeToB MOJIEKyISPHON IMHAMUAKON
nmo LAMMPS ana FP64 ouu cocrasmim ot 6% 110 2,5 pas. Orcyrcreue
B [350] geraseit 06 NCIOIH30BAHHBIX BEPCUSIX IIPOIPAMMHOIO 00ECIIEUeHN s
(manpumep, o neperecennoit Ha GPU AMD sepcun LAMMPS, ucnosbzoBannoii
TS PACIETOB MOJIEKYJISIDHON JIMHAMUKO() MO3BOJISIET OTHECTH STU BEJUINHBI
CKOpee K IPE/IBAPUTENILHBIM OIEHKaM, HO BCEe-TaKH JIAIONIIM OIIPEICJICHHYIO
nadopMaImio o npoudBoauTesbaocT MI1250.

Pa6ory [351] Tak:ke MOXKHO OTYACTH (B OIIPEIEIEHHOM MaTeMaTHIeCKOM
CMBICJIE) CYUTATH UMEIOIIeil HHTepeC U JIs 33129 MOJIEKYJISIPDHOM JIMHAMU-
KW — 3JIeCh )Tl BBIYUCJIEHNS €BKJINI0BA MUHNMAJIBHOIO OCTOBHOIO JIepeBa
10 YCOBEPIIEHCTBOBAHHOMY ABTOPAMU aJIrOPUTMY uciosb3oBanbl A100 (¢
NVCC 11.5) m MI250X (1 GCD, ¢ ROCm 4.5) u npoBesieHbl pacueTsl mo 12
pa3HbIM HabopaM JIaHHBIX. 110 TOJyYeHHBIM JaHHBIM O MPOU3BOIUTETHHOCTH
na pucynke 6 u3 [351] mbl paccunranu orHocuTeabHOE ycKoperue A100
1o cpaBHeHuto ¢ 1 GCD, oHO JiexKUT B Jimana3one 1,5-1,7.
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Boobirie ckiiabBaeTcsi BlieYaT/IeHne, 4TO CTabU/IbHbIE HAJIEXKHBIE JIAHHBIE
0 corocTaBjaennn npoussoaurebHocTu MI200 ¢ GPU Nvidia B 3amauax
MOJIEKYJISIPHOH JUHAMUKH [IOKa CKOPEe OTCYTCTBYIOT (B CMBICJIE TOTO, 4TO
HOSBJISIOTCS. BCE HOBBIE YJIyYIIEHHDBIE IOKA3ATEIH).

B [352] ucciieioBaHbl JaHHBIE TIO JIOCTUTAEMON TPOM3BOIUTEIBHOCTH
B pamkax nmpoekta NWChemEX B ECP ¢ ucnosibzoBanrem MI250X u A100
B y3sax cynepkomibiorepos Crusher u Polaris coorBercrsento (cm. Tabuiy 23).
NWChemEX opuentupoBan B TOM YHCJE Ha PACYEThl BHICOKOTOUYHBIM
kBanTroBoxuMmudeckuM MetogomM CCSD(T), B KOTOpOM OCHOBHOE BpeMs
pacdera yXoJuT Ha siBJsOILyocs Bo3myinenueM K CCSD nornpasky 3a
cuer Tpoitabx Bosby:Kaenuit (T), Tpebytontyto O(n”) Buramcienuii, rye
n-pa3mMepHOCTh Oasuca. [IporpaMMHOe sIpo it pacdyera ITOM MOMpPaBKU OBLIO
pealn30BaHO B pa3HBIX BapuaHTax ¢ npuMeHenueMm HIP, CUDA u DPC++; nja
9TOr0 UCIOJIb30BAIUCH KOMIWIATOPHI clang-16, gee-10.3.0 u CUDA-11.4.4/ROCm-
5.1.0 (mst Polaris/Crusher cooTBeTCTBEHHO), a /I pacnapaIeIuBaHNAs
MeXKJIy y3jamu ucrnosb3oBaan Cray-mpich 8.1.16.

B rabsune 25 npuBeieHbI 0y 9€HHbIE BpEMEHA PACcdeTa MOnpaBku 1 1jis
MOJIEKyJIsIpHOTO (bparMenTa youkeutuna (310 manube Tabaunst 111 B [352])
Ha onHOM GPU. U3 sTux faHHbIX ciemyet, 9ro onauH GCD B MI250X cumran uyrh
onicrpee, vem A100-40GB (kak va HIP nporus CUDA, Tak u ¢ HpUMEHEHUEM
SYCL), a ma aByx GCD npoussogurenbaocts MI250X Bospacrana B 1,9 pasa.
IIpu sToMm mocturaemast ¢ mpumenerreM DPC++ IpOM3BOAUTEIBHOCTD OKA3AIaCh
JOBOJIbHO OJIM3KA K MOJIyI€HHON npu ucroab3oBannn CUDA mym HIP.

Onnako B [352] ma A100 6bu10 Takzke Haiigeno, uro B SY CL-peanuzanun
IIPOrPaMMHOE sIPO s pacdera 1’ MpeabsaBiseT 0O9€Hb BHICOKHAE TPEOOBAHUS
K Komam L1 u L2, u cremepupoBanabiit PTX moka3aj 60JIbIoe KOJTUIECTBO
3arpy30K U COXpaHeHUil B JIOKaJbHYIO (YacTHyio B Tepmunax SYCL) ma-
MaTh. JlobaBenue ofHOTO KJII0va clang /a0 pocT TpOU3BOUTEIHLHOCTH
B 2,5 paza. [Ipumenenue gpyroit #pragma JupeKTuBbl clang yBeIndmio
npousBoauTeabHOCTE eme Ha 20%. Ho B aToM PTX-KOmIe HE HCIOJIb30BAJIICH
FMA oneparnun «yMHOXKHUTb-U-CJIOKUTE», & MOCJE JOOABIEHUS IPYIOro KJII0UYa
clang nomosHUTENIbHOE YITyUIIeHTEe TIPOU3BOIUTEIHHOCTH OBIIO €IIe IIPUMEPHO
Ha 20% [352|. Pesynbrare B Tabimie 25 ONTUMU3AIUIO BKIIOYAIOT.

Tabiuua 25. Bpems pacdera monpasku T (B cekyHIax)

ma GPU [352]
GPU Moienb mporpaMMUpPOBaHUS
SYCL | CUDA HIP
MI250X (1 GCD) | 17,41 — 15,56
MI250X (2 GCD) 8,97 — 8,12
A100 18,23 | 16,14 —

Kpowme toro, B [352] npomeMoHcTprpoBaHa MAacuITabupyeMOCTh BIUIOTH JI0
6outbIioro umcya y3i0B B Crusher u Polaris, koTopast CHIIbHO 3aBUCUT OT
WCIIOJIb30BAHHBIX THIIOB Oa3uca.
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B [353] ¢ npumeHeHueM erie «[IUJIOTHONO» COCTOSIHUS CYIEPKOMIIBIOTEPA
LUMI-G (noaxuacrep LUMI ¢ GPU MI250X B y3/1aX) OPOBEJIEHBI PACUETHI
C UCIIOJIb30BAHUEM M3BECTHOTO KBaHTOBOXUMMUIECKOro npuioxkenuss CP2K
C yCOBEPIIIEHCTBOBAHHBIMU aBTOPAMU METOJIUKAMH JJIsE OOMEHHOI JacTH MeToja
Xaprpu-Poka u KOPPEJISIUOHHBIX METOJOB € MEPUOIUIECKAMU TPAHUIHBIMUA
YCJIOBHSIMU, HO C IPUMEHEHIEM I'ayCCOBCKOIO 0a3mca, JIAIOIIero BO3MOXKHOCTh
[I0JTH30BATHCs HOOJIOYHO PAa3PeKEHHOCTIO. Bhlila MosTydeHa Xoporas MacITa-
OUPYEeMOCTb ITPOU3BOAUTETLHOCTH U 3(P(DEKTUBHOCTD PACIAPAJLICTINBAHIS
BIJIOTH J10 32 y3s08 LUMI-G.

Pemerounas ksanrosas xpomoguHamuka (LQCD). B [354] nccrenosana
MIPOM3BOIUTENBHOCTD JocTyiHOro Ha GitHub npunoxenuss SIMULATeQCD
JJTsT KBAHTOBOII XPOMOJIMHAMUKY TP padOTe Ha OJTHOM WJIM HECKOJIBKUX
y3aax (multi-GPU cepsepax) kjacrepHbIx cucreM, B ToM uucie Perlmutter
u Frontier (cm. Tabaumy 25). Xorst 1aHHbIE O IPOU3BOJAUTENBHOCTH IIPU
pabore ¢ MI250X 31ech, KaK 1 BO MHOTUX JPYTUX IIyOJIUKAIUIX, OTHECEHBI
K pa3psay IpeaBapUTeIbHbIX, IIPEJICTABIISIET NHTEPEC POBEJIEHHOE 3/1eCh
conocrasiienue ¢ npousBoguTesbHocThio A100-40GB (xoTd noHATHO, 9TO
[IpU UCIOJIb30BaHuu 60jiee coBpeMeHHBIX Bepcuit ROCm u JomoaHuTe IbHOM
ONITUMUBAIMK TPOTPAMMHOTO KOJIa JIOCTUTaeMasl ITPOU3BOJIUTEIHBHOCTh MOYKET
CYIIECTBEHHO IIOBBICUTHCs B OJIMzKAIIne BPDEMEHA).

B kauecrse 69k-3818 B SIMULATeQCD npumeHsitoTcsi IporpaMMHbIE
Kozbl ¢ CUDA nyn HIP. B [354| upusenensl JaHHbIE O [POU3BOAUTEIILHOCTI
ripu ucnojb3oBarun 10 256 A100 u GCD; MbI OrPAHUYMMCS 3/€CHh JAHHBIMEI
TeCTOB mpou3BoauTeabHOCTH onepaTopa Jdupaka HISQ ¢ macmrrabupoBanuem
B IIpeJiesiax OJHOrO y3ia (cM. Tabuuiy 26).

Tapmuya 26. CusnbHas u ciabast MACIITAOUPYEMOCTD TTPOU3BO-

nuresnsaoctu (B TFLOPS) oneparopa Jupaka HISQ B y3sax
Perlmutter u Frontier

Yuciio GPU IIpousBogurensuocts | IlpousBoauressbHOCTH
GPU B y3ie (amcio GCD (cnnbHas (cnabas
s MI250X) | macmTabupyemMocTs) | MacmTabupyeMOoCTh)
1 — 1,35746
A100-40GB 4 5,06892 4,53759
1 — 0,92974
2 1,63049 1,51439
Mi250X 4 3:00675 2,89454
8 4,69513 5,07654

JIj1st CHIIBHOTO MAacCIITaGUpPOBAHMS MCIOIb30BAIACh II06aIbHAs pereTka 964, ms
€J1a60ro MacIITabHpOBaHK — JOKaabHas perrerka 324, Jlanmere 3T0M TAGIUIIBI
B3ATHI U3 [354].

Xots pe3yabTarsl jyisg MI250X u OblIu yKa3aHbI KaK MIpeIBAPUTEIbHbBIE,
JOCTUTHYTAasl POU3BOIUTEFHOCTD OKA3aJIaCh HIKE OXKUIAeMOM aBTOpaMU
Ha ocuoBanun crenudukamuit MI250X. Boobire 31ech B KatdecTBe mepBOro
MIPUOJIMYKEHNUST MOXKHO CKa3aTh, 9TO OfuH GCD 110 IPOU3BOIUTEIbHOCTH
HecKoabKo orctaeT or A100, a momusit MI250X (2 GCD) ero HECKOJIBKO
oTIeperKaerT.
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B [355] cpaBHeHa IPOU3BOAUTEILHOCTD HA y3JIaX CYIEPKOMIIbIOTEPOB
Big Red 200 (o 4 A100-40GB na y3exn) u Crusher (o 4 MI250X Ha y3ein)
¢ npuMeHenueM u3BecTHO nmporpammbl QUDA jis perreTounoit KBAHTOBOM
XpoMoauHaMUKH. 3-3a MI0XOro MacmTabupoBaHus ¢ IHCJIOM Y3JIOB B 000UX
crcTeMax yKakeM TOJIBKO Ha JIAHHBIE O IPOU3BOIUTETHHOCTU I OJTHOTO
y3aa—yzes ¢ MI250X (¢ Bocembio GCD) 6b1 Ha 16% 6bicTpee y3ma ¢ A100.
Ipenmyrectso MI250X B [355] 661710 00BIICHEHO CBSI3aHHOMN € MAMSITHIO
mpomssoguresbrocThio QUDA mpu nBykpartHom omnepexkennn MI250X 1o mpo-
[IyCKHOI CIIOCOOHOCTH IIAMSTH 10 CPABHEHUIO ¢ 310l Momenbio A100 (cm.
rabsniy 21).

BoraucaurenbHas aspo- u rugapoanHavuka (CFD). AHaju3 JTaHHBIX
o npousBogureabaoct MI250X u MI250 8 CFD-nipuioykeHusix HaIHEM
¢ nauubix AMD [333] o npousBogurensraocru MI250 B crangapraom Tecte HPC
Motorbike myist CEFD-npunoxenus OpenF0AM (662,3 ¢ na ognom MI250 u
209,84 c—Ha UeThIpeX).

B [356] 7151 IMCIAEHHOTO MOJIEIUPOBAHUSI PEATIBHBIX YCTPOHCTB CrOPAHHUST
WCIIOJIb30BaH CIlennabHbit pemarens PeleLMeX, nmpousBoanTe1bHOCTD
koToporo uccienoana Ha Crusher ¢ MI250X u Summit ¢ V100. IIpu
HEOOJIBIIIOM YHcjIe UCoab3yeMbix GPU MI250X naiimen B moJsiropa pasa 6osee
BBICOKOITPOU3BOINTEIbHBIM, deM V100.

B [357] Gbuiu mpoBejieHbl pacueTsl B 061aCTH JUHAMAKYA MHOTOYACTHYHBIX
CTOJIKHOBEHUH ISl OIMCAHUA I'MAPOANHAMUYCCKUX B3aUMOIEHCTBUN Ha OCHOBE
JacTull, ¢ ucrnoyib3oBanueM 6udmorekn Cabana 1.0-dev va ocnoe Kokkos
3.5.00, ¢ mpumenernem A100 u MI1250. Conocrasnenune multi-GPU cepsepos,
conepxkamux 4 A100 wiu 4 MI250 noka3aJio, 9TO IMpU MEHBITUX pa3Mepax
paccuuThiBaemoii cuctembl MI250 GuicTpee Ha 7%, a Ha GoJsibllleM pasMepe
A100 6b1cTpee ma 19% (0 mannbiv u3 pucyaka 3 B [357]). D10 nossosser
FOBOPUTH O COMOCTABUMOCTH IIPOU3BOJUTENHLHOCTH OJHOIO (¢ aByMs GCD)
MI250 u omroro A100.

Ovuenb MHTEpECHAS] U AKTYaAJbHAS CTAThs C COMOCTABUTEIHHBIMU JTAHHBIMU
o npoussogurensroctn MI250X, MI100, A100 u V100 [325] orHocuTcs
pemennio ypasaenuit Hasbe-CTokca JjIst C2KHMaeMOro MOTOKa, € MCIOJIB30Ba~
HHEeM KOHEYHO-DA3HOCTHOM JMCKPETU3AINY — JJIsi TYPOYJIEHTHBIX TEIeHHIT,
OrPAHUYEHHBIX CTeHKaMu. TaMm ObLIa PACCMOTPEHA peajr3alius ePeHOCHMOro
na I x86-64, GPU AMD u Nvidia npunoxeruns STREAmMS-2, paspaborannoro
Ha OCHOBe 6a3UPOBABIIEroCs Ha 0OBEKTHO-OPHEHTHPOBAHHOM (C IPHMEHEHUEM
Fortran 2008) npuioxkernun STREAmS-1.

s paborsl ¢ GPU or Nvidia B [325] ucnosnbsyiorcs cpeiacrsa CUDA
Fortran (HPC SDK 22.11), a ¢ GPU or AMD — HIPFORT (ROCm 4.5.2
ua MI100 1 ROCm 5.0.2 na MI250X). Iyisa nopruposanusa koga STREAmMS
u3 CUDA Fortran 8 HIPFORT B [325] 6Gbuin co3manbl cOGCTBEHHBIE CPEICTBA
PyconvertSTREAmS, nockoasky GPUFORT, o onenkam asropos [325],
HAXOIIMJICSI CKOPEEe Ha eIle MCCJIeI0BATeIbCKOM cTamanu paspabdborku. Ho
JUIst onrTuMu3anuu nosyderssrii B PyconvertSTREAmMS kojt Takke mMoxker
TpebOBaTH TOC/IEAYIONIEH PYIHONH JTOPADOTKH.
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Pacuers! ¢ anasm3oM MacHITabUpOBaHUS IIPOM3BOAUTENIBHOCTU HA HECKOJIb-
KIX y371aX ObLIM IpoBejieHsl B [325] B knacrepax EuroHPC JU™: ms MI250X —
Ha LUMI, nias A100—ma Leonardo (cm. Tabumiy 23).

IIpu cpaBrenun pacderos Ha ogaoM GPU B MI250X mcmombp3oBasics ogua
GCD; raHHBIE O COOTBETCTBYIOUIUX BPEMEHAX BBIYUCJICHUA 110 JBYM Pa3JINYHBIM
pacuernbiM cxemam B STREAmS-2 npuseienst Boimie na pucynke 20. Pazmepst
UCIIOJIb30BAHHOM B pacyerax CeTKH ObLIM BBIODAHHBIMU MaKCUMAJIbHBIME JIJIsI
BO3MOZKHOT'O pasMelrenns B eMkocTr namsaru V100 [325].

Hammbie pucyaka 20 yKa3bpIBaIOT Ha OJU30CTH JOCTUTHYTON TPOU3BOIM-
tesbHOCTH Y ofHOro GCD MI250X u V100; MI100 6611 cyIecTBEHHO MeIJIeHHee
V100, a A100— cymecrBento 6bicTpee omuoro GCD. Kak ormeueno B [325],
9TO HE COOTBETCTBYET COOTHOIIEHUSIM IIMKOBOI IPOU3BOAUTEHLHOCTH (C
FP64) sTux GPU, u TaM 6bLI IpoBejieH 6oJjiee TIIATeIbHBI AHAJIN3 BPpeMeH
BBINIOJTHEHUST OTJE/IbHBIX IIPOTPAMMHBIX sJIep, KOTOPBIN ITOKa3a/l aHAJIOTUIHBIE
PEe3yJIBTATHI IO TPOTPAMMHBIM sIJIpaM C OTHO3HAYIHBIM jujepcTBoM A100
[0 IPOU3BOAUTENbHOCTH. B [325] npuBeieHbl U npuMepbl HEOKUIAHHOIO
YBEJIMYEHNs] JOCTUTABINENCST TPOU3BOAUTEIBHOCTH GCD 1mpu HEeOOIbIITUX
U3MEHEHUSX B IPOTPAMMHBIX fA/IPaX.

IIpoBeaennniii B [325] anajius ¢ NpUMEHEHUEM MOJEJIN JIMHAU KPBIIITHT
(¢ yaerom TobKO HBM) 0GHApY KM, 9TO pacdersl Ha GCD B COOTBETCTBUM
¢ oxkumaausaMu 11t CFD ObLIu BCera CBA3aHbl HaMaThio, a Ha A100 gacTo
OKa3bIBAJIUCh B BBIUMC/IUTEIBHO MHTEHCUBHOM 00j1acT. Bhijio HaliieHo, 4To
repeMelnenne JaHHbiX 11 GCD 3HaunTeIbHO Bhile, YeM i A100, saadnt
A100 uzBsieKaeT U3 PErucTPOB U K3mupyer daie, vem GCD. Kpome Toro,
B [325] ykasaHo Ha GOJIBIIOE UCIOIB30BAHNE PETUCTPOB B MPUMEHSIBIIEHCST
B3BEIIEHHO CYIIECTBEHHO HeOCHUIupyomel pacuernoii cxembl (WENO).

K BblmeonncanabM JaHHBIM [325] 11e51€c006pa3Ho J0GABUTH JOIOITHATE b
Hble KOMMEHTapuu. UTO KAacaeTcs NAHHBIX O 00Jiee BHICOKOW IIPOU3BOIUTEIHHO-
cru V100 orrocuresao MI100, 9T0 BBINISIUT CKOpee eCTeCTBeHHbIM (06
9TOM yKa3bIBAJIOCH BHIIIE B pasfese o npoussoguteabroctu MI100). Tem He
MmeHee, V100 GeiBaeT B AByX Mojensx [185]—c namsareio emroctbio 16 I'B u
(nostBuBmasicst mozanee) ¢ 32 I'B, a ucnonbsyemast B [325] momens V100
¢ 16 I'B upu pabore ¢ Gosbimum pasmepoM cerku (HO nomemntaomumcs B 32 I'B
MI100) 6yzmeT mpocTo HEMPUEMJIEMO.

Yo xacaercsas MI250X, To, BO-TIEPBBIX, IIPEITOJI0XKEHNE O BO3MOYKHO
6oJsiee c1abOM KIMIUPOBAHUK COOTBETCTBYET OTMEUEHHBIM BBIIIE HEIOCTATKAM
xom-namaru MI250X o cpasaenuto ¢ A100 (cm. Takzxke Tabauier 20 u 21).
Bo-Bropsbix, B [142| ykaspiBaercsa Ha HelocTaTOK Komimiaropa AMD (B
ROCm v4.5.2) 1o cpaprennto ¢ komnuisitopom Nvidia (8 CUDA v11.0.3 ): CUDA
HUCHOIb3YeT 3HAYUTEIHLHO MEHBIIIE PETUCTPOB HA BaPIl, YeM KOMIIUJISITOD
AMD, u obecrieunBaer ropasz o 6oJiee BHICOKYIO 3arpy3Ky BaproB Ha SM, 4ro
criocobcTByeT 6osiee BhICOKO# mpousBoauTenbHocTu GPU Nvidia.


https://eurohpc-ju.europa.eu/

264 M.B. Ky3bMUHCKUI RUmEN;

B-rperbux, akTyaJabHO U COMOCTABJICHUE TPOU3BOIUTETLHOCTU TTOJTHOIO
MI250X (y maBepusika GoJiee germeBoro MI250 npon3BoguTeIbHOCTD HOJKHA
6bITh Osm3ka) ¢ A100, koropoe B [325] He npoBoawiocs. Eciu ciaenars
€CTeCTBEHHOE TIPeJIToJIozKeHne o xoporreir macimrabupyemoctn STREAmMS-2
B pamkax 1eaoro MI250X, To momesns Bpems pacuera ¢ MI250X na pucynke 20
Ha JBa B KAaYeCTBE HAYAJHLHOIO MPUOIUZKEHUS, OYYT MOJYIaThCd YIKe
comoctaBumbie ¢ A100 Bpemena pacdera. Kpome Toro, HaJI0 ©UMETh B BUILY U
OTCYTCTBHE JIOCTATOYHON MHPOpPMAIU 00 yPOBHE JIOCTUTAE€MOIl ONTUMUBAIIN
mpu pabore ¢ HIPORT. Bee 910 HUKaK HE MPOTUBOPEYUT (DAKTY JOCTHIKEHUS
B STREAmMS-2 6ojiee BBICOKOTO TPOIEHTA OT MUKOBON IIPOM3BOINTEIHLHOCTH
A100 mo cpasuenuio ¢ GCD.

B [325] nosydens! Takxke JaHHbIE, TOKA3BIBAIOIIE BBHICOKYIO MACIITAGHDY-
emoctb npoussogurebaocT STREAMS-2— nanpumep, sacdbdekruBrocTs 60JIee
80% npu ncnonbzopanuu 10 16 yzios Leonardo u 1o 32 yznos LUMI, u
XOPOIIe Pe3yabTAThl U Ha GOJIbIeM Jucie y3JoB, gatomnme STREAmS-2
BBICOKHIl TOTEHITUAJT JIJIsI IIPUJIOXKEHNH JTUHAMIKHI C)KUMAEMbBIX KHUJIKOCTEN.

B naGoparopun Argonne National Lab [144| nmposenenst ucesnenosanust
npoussoauTebaocTu npustoxkenus Nek5000/RS Ha psijie cynepKOMIILIOTEPOB,
ucniosib3yrormux GPU MI250X, A100 u V100 B y3iax ¢ MacurrabupoBaHueM OT
oxHOT0 GPU 710 MHOIMX y3JI0B. Pacyersl MPOBOIWINCH 110 MOJEPHU3UPOBAHHOMY
sapuanty Nek5000 myist paborst ¢ GPU (NekRS Bepeunu 22.0) B paMKax BXOZISIIIETO
B ECP npoekta ExaSMR, i1 renepariun HaOOPOB JIAHHBIX BUPTYAJIHHOTO
MOJIE/ITUPOBAHUSI SIJIEPHOI'O PEAKTOPa C BBICOKOTOUYHBIMU COEIMHEHHBIMU
dbusnIecKIMEI MOJIEISIMU ABJIEHAN B peakTope. B Tadsuie 27 mpeacTaBieHbl

Tasnuna 27. auuasie o npoussoguresbioctu NekRS Ha ompoM
GPU ¢ wucrnonb3oBanuem CUDA m HIP gy GPU Nvidia u AMD

COOTBETCTBEHHO
Cucrema Ycrpoiicrso (device) OTHOCHTEIbHAST TPOU3BOAUTEILHOCTD
Summit V100-16GB 1,00
ThetaGPU A100-40GB 1,57
Perlmutter A100-40GB 1,62
Polaris A100-40GB 1,62
Spock MI100-32GB 0,84
Crusher MI250X-64GB (1 GCD) 1,32

JlaHHBIe O npousBoauTeibHOCTH NekRS 111 0/{HOCTEPIKHEBOTO MOJIEINPOBAHIS
Ha ogHOM GPU.

B coorsercrBun ¢ stoit Tabiuieit, onua GCD Ha Crusher obecrieanBaer 1,32-
KPaTHBII [IPUPOCT IIPOU3BOAUTEILHOCTH pellenns ypasHuerus Hasbe-Crokca
o cpaBHennio ¢ oguuM V100 Ha Summit. A100 Mo Ipou3BOAUTETHEHOCTHA
onepexkaeT onuH GCD, u B 11eJI0M 110 JaHHBIM [144] npon3BoauTeIbHOCTD
osHOTO GCD cocraBiiseT okoso 85% ot omuoro A100.
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B [144] 6b1710 1pOBEICHO, B YACTHOCTH, U COIIOCTABJIEHUE MACIITAOUPOBAHHUSI
npounssojuresnbrocTu Ha Frontier (¢ ROCm 5.1.0 u Cray-mpich 8.1.17) u
Crusher (c pasapimu Bepcusimu SDK—ROCm 5.1.0, ROCm 5.2.0, Cray-mpich
8.1.16 u Cray-mpich 8.1.19). B Crusher ROCm 5.1.0 naJ1 npou3BouTeIsHOCTh
na 2-5% 6wicTpee, yem ROCm 5.2.0, a mpoussomuTenbHOCTL Ha Frontier Gpuia
gyarnte, yem Ha Crusher.

B [358] jyist 33184 MOZIeIMPOBaHUs KPYIIHBIX BUXDEfi H3yUeHa IPOU3BO-
nurenbHocTh KoaoB NekRS u AMR-Wind mjist MojiestupoBaHusi TedeHuit
B IOTPAHUYHOM CJIOE€ ATMOC(EPHI C UCIIOJIB30BAHUEM CYIEPKOMITBIOTEPOB
Summit u Crusher (¢ ysmamu, conepxamumu V100 1 MI250X coorsercTBeHHO)
B BapHaHTaX CHJILHOrO U cjaboro macmrrabuposanus. s NekRS 6110 moka-
3aH0, 4T0 oxuH GCD MI250X Ha Crusher obecrieunBaer MpOM3BOAUTEBHOCTD,
cpaBauMyto ¢ ogauM V100 HA Summit.

B [142] npencrasiens! gaHHbe 0 npoussBoguTeabHoctn MI250X (B
conocrasiernn ¢ MI100 u V100) ¢ upumenennem 6asupyiomerocs za NekBone
recra HipBone (npoxcu-npuinoxkenne HipBone paccmarpuBaioch Bbiiiie
B pasfesnax npo npoussogureasrocts A100 u MI100), ncnoms3yromero
OubJIMOTEKY KOHEUHBIX djieMeHToB libParanumal (paspabarbiBaemyio B paMkax
ECP) co cpencreamu OCCA st aGeTpakiuy MeK/Ly PasiIndHBIMA MOJIEJISIMU
rapaJuresibHOro nporpammupoanns — Hanpumep, OpenMP, OpenCL, CUDA,
HIP u SYCL. B HipBone, kak u B Nekbone, B KauecTBe CEeTKM UCIIOJIb3yeTCsI
CTPYKTYPUPOBAHHBIN Ky M3 OMHOPOIHBIX MECTUTDAHHUKOB.

Pacuers! B [142] NpoBOAMINCH Ha BBIYHCIUTEIBHBIX CHCTEMAX Summit,
Spock u Crusher (cum. Tabuimy 23) ¢ ucnosb3oBaduem B ux y3iax CUDA 11.0.3,
ROCm 4.5.0 u ROCm 4.5.2 coorBercrBerno. TecTupoBanue mpoBOIMIOCH
Ha o7HOM GCD, 9TO MO3BOJISIET OTEHIINAIBLHO MCIOIB30BATh 60JIee TOTOBUHBI
obmeit BeraucanTeabHoi morraoctr MI250X u 60/1ee BBICOKIE TAKTOBBIE
YaCTOTHI, YeM IPH OJHOBPEMEHHOM BBIIIOJTHEHUY OJHOI U TOi »Ke paboueil Ha-
rpy3ku Ha oboux GCD. OHAKO CYIECTBEHHONU PA3HUIBI B POU3BOUTEIHLHOCTH
MeXKJIy TPOrPAMMHBIME sIIPAMHU, BBIMOJHSIEMbIME Ha OfHOM GCD i Ha 000mX
GCD B MI250X ommHOBpeMeHHO He HADJIIOMAIOCH. BBLIO TakKe HAIEHO, 9TO
kommmsaTop Nvidia ucrnosb3yer 3HAMNTEIHLHO MEHBINE PEFUCTPOB Ha Bapil
110 cpaBHeHUIO ¢ KommumiagropoM AMD, uro obecnieunBaer ropasnao 6oJee
BBICOKYIO 3arpy3Ky BaproB Ha SM.

B [142] npoBeneno TakKe MOIPOOHOE HCCIEIOBAHNE CUIBLHOIO U CIab0ro
MaCIITAOMPOBAHUS B MCIOJIH30BABIIIXCS BHIYHCIUTENIBHBIX CHCTEMAX, KOTOPOE
3J1eCh He 00CYXKIaeTCs.

B [359] npusenenst ganable o npoussoguTeasHoctn Ha MI250X, MI100,
V100 u A100 mpumoxkennst NekRS u npokcu-nipunoxkeraust HipBone. st
PACYeTOB MPUMEHSIJINCH BBIYUCIUTEIbHBIE cucTeMbl Summit, Spock, Crusher u

ThetaGPU (cm. Tabmuiry 23).
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ITpoussopurensrocTs oneparopa Ilyaccona (kak u y Apyrux oneparopos
B CETOYHBIX METOJIaX — pacueTa pe3ysIbTaTa BO3JEiCTBUs onepaTopa Ha (DYHK-
IMIO B TOYKAX CETKH), olpeessiomas BpeMs pacdera HipBone, mia pasubix
CTeneHeil NCNoIBb3YIOmerocs: moauHoma y ogaoro GCD ma 20-30% 6Gosbmre, 1em
y V100 (cm. pucyHok 43 B [359]).

Bcee ycrpoiicTBa mocturanu namsbiciieit mpousBoguTeabunoctu HipBone
[pU HAMBBICIIEH CTEleHH UCIOJIb30BaBIIerocs mojaunoma (15)—y V100 2101,4
GFLOPS, y MI100—2135,2 GFLOPS, y oxnoro GCD 2774,9 GFLOPS [142,359].
st NekRS omun GCD ma Crusher ma pasubIx IpOrpaMMHBIX siPax JIABAJ OT
57% mo 88% ot npomssomuTensaocTr A100, MO MOJHOMY BPEMEHHU pacaeTa—
71% [359].

Berimte 6611 paccMoTpen psa myOMKaInii, KacaloluXcs TPOM3BOIUTETHHO-
CTU OPUEHTUPOBAHHBIX Ha paboTy ¢ GPU mporpaMmmubix cpenctB NekRS u
nocyeyromux NekBone u HipBone. Ouu Bce opueHTHpPOBaHHBI Ha ObeciedeHne
UX [EPEHOCUMOCTH MEXKJIy pasHbIMM TunamMu GPU, ucnosbsyior cpeiacrsa C++
(xorst y NekBone nmeercs u Bepcust ¢ CUDA Fortran [358]), Ho Gasupyrorcs
Ha ucnojb3oBaBmux Fortran Nek5000, u akTUBHO BOBJIEYUEHBI B PAOOTHI
B paMkax ECP.

Ho y sToro manpasienus ¢ npumeneanem C—+-+ ecTb ajilbTepHATUBA,
KoTopast Takke O6asupyercs Ha Nek5000 n opreHTHpOBaHA HA IIEPEHOCUMOCTD
Ha Pa3HbIe THUIIBI YCKOPUTEJIEHl, I OHA TAK2Ke UCIIOJB30BAJIACH B UCCJIETOBAHUSIX
JIOCTUTAEMOIl TIPOU3BOAUTEIHHOCTH C IPUMEHEHNEM PACCMATPUBAEMBIX B 0030pe
GPU. B [171] muist 0bsacTy IpsiMOrO YHMCIEHHOTO MOJIETUPOBAHUS TYPOYJIEHTHO-
CTHU B MPUJIOKEHUSX YCTONINBOIO CYTOXOICTBA IIPOBEIEHO MOJEIUPOBAHIE
obrekanus poropa ®Puerrnepa (npu Re=30000) u ero B3aumoeiicTBus
¢ TypOyJIEHTHBIM TIOIPAHUYHBIM CJIoeM Ha Kiacrepax ¢ multi-GPU cepsepamu
B y3Jax, ucnosb3ytomumu A100 u MI250X.

Htst sroro B [171] 6bLIM UCIIOJIB30BAHBI U MOJIEPHU3UPOBAHBI TAKKe
6azupyromuecs Ha Nekb000 mporpammubie cpegctBa Neko s padoTst
¢ HecTpykTypupoBanuabiMu cerkamu. B Neko mcnosp3yiores 06 beKTHO-OprueHTH-
pPOBaHHBIE BO3MOXKHOCTH COBPEMEHHBIX CTaHIapToB Fortran jyis ympasieHust
pacipeesieHreM TaMATH U 0DecIIedeHss MHOIOYPOBHEBBIX abCTPaKIUil cTeka
pelmaresisi, 9T0 JAeT BO3MOXKHOCTD BBIYMC/ICHAN HA PA3IUIHBIX apXUTEKTYPaX
oT 00bIYHBIX LI JI0 PA3HBIX TUIIOB YCKOPUTEIEIL.

B [171] ypoBenb afcTpaknuy yCTPOHCTBA TPUMEHSIETCS JJI YIIPABJICHAST
NaMATBHIO YCTPOUCTBA, Tepeladeil JJAaHHBIX U 3aIycKoM gipa u3 Fortran,
u paspaboTaHbl 039K-3HbI HA CUDA m HIP. Pacuersl 3j1ech IIPOBOININCH
Ha kjacrepe Alvis, umeromeMm B y3saax o 4 A100-SXM4 (ucrosib30Basach
Bepcusi CUDA 11.1.1) ¢ mexcoemuuenuem Mellanox ConnectX-6 (2 x 400
I'6/c) — ¢ npumenennem OpenMPI 4.0.5, u Ha kaacrepe HPE Cray EX,
nmerorieM B y3aax mo 4 MI250X (ucnoms3oBanack Bepcusg ROCm 4.5.2)
¢ mexkcoegumaenneM HPE Slingshot 10— ¢ npumenennem Cray MPICH 8.1.14.
Ha xocre B Alvis npumensiics gee 10.2, B kiracrepe HPE — Cray cce 13.0.
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B xocrax oboux kiacrepoB umesoch 1o 512 I'B namaru DDR4 (¢ nByms
Intel Xeon Gold 6338 ua yzen Alvis u ¢ AMD EPYC 7A53 na yzen HPE).

Pacuerst mo Neko ObLin CBA3aHBI TAMATHIO, YTO, 10 MHEHUIO ABTOPOB,
JLaeT BO3MOZKHOCTHb BBIIHUCJ/INTEJIBHO-CBA3aHHbIM IIPUJIO2KEHUAM IIOJIYIYUTH
IIperMyIIecTBa 6s1aroaps 60Jee BHICOKOH MMKOBOIH MPON3BOIUTEILHOCTH
FP64 8 MI250X [171]. B [171] caenan BeIBOA, uTO ABa GCD B MI250X
coorBercrByioT AByM A100 ¢ Touku 3penus npoussomuresbuocTu. Cpennee
BpeMsl Ha BPeMEHHOI mar oTJin4aeTcsa MeHee deM Ha 5%, eciiu CpaBHUBATH
aBa A100 ¢ ogaum MI250X (cm. pucynok 23). Ho sro konrpacrupyer

Strong Scaling
[s / time step]

—8— Nvidia A100
#— AMD Instinct MI250X
—¥— AMD EPYC 7742

0.2-

T
32 64 128
Number of CPUs or logical GPUs
Pucynok 23. CuibHoe macurrabuposanue. [IponssouresibHOCT
II0 BpEMEHUu 3a BpeMeHHOI';I mrar: 3allTpUuXOBaHHBIC O6.HaCTI/I
OTHOCATCA K CTAaHAAPTHOMY OTKJ/IOHEHUIO; OPaH2KeBasd U CUHAA

JIMHUU NIPEeJICTAaBIAI0T cucTeMbl ¢ GPU; jJorudeckux GPU B KaKa0M
MI250X no nBa (pucynok u3 [171])

¢ 06CY2KJIABIIMMUCH BbIlIe JaHHbIMUA, HaupuMep [359], uro omun GCD MI250X
UMEEeT MIPOU3BOIUTEILHOCTD Oyinke K 71% 0T HpOM3BOJUTEILHOCTH OJIHOIO
A100.

Psn mybaukanuit, riae mosiyueHbl JaHHbIe O Tpou3BoguTebHocTH MI1250
win MI250X, orHocares K Marauroruapoiunamuke. B [360] paszpaboran HOBbIit
kog Idefix 1st HEPESATHBUCTCKOM THAPOAMHAMUKYA U MATHUTOIMIPOANHAMUKHI,
ocuoBaHHbI Ha Kokkos, KOTOpBIl B TecTax Jijisi MATHUTOT U IPOIMHAMUKI
Ha cepBepe ¢ deTbipbMsa MI250X mokazas mpon3BoInTeILHOCTD B 2,57 pa3a
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6bicTpee, yeM Ha cepsepe ¢ derbipbMsa V100. B [360] nokazana rakzxke
ropazzo bosiee BbicOKast sueproaddextuBHOCTh Ipu padore ¢ MI250, gem mpu
ucnosb3osanun Il

B [361] nposejiensl pacuersl 110 nporpamme Athena++ (tounee, uc-
nonb3oBasicst Koz AthenakK miist paborst ¢ GPU) 1151 06IIepestsiTABUCTCKOM
MATHUTOIMPOJMHAMUKY C TipuMeHeHneM y3ioB Crusher (¢ gersippmst MI1250X
Ha y3eu) u Polaris (¢ gwerbipemst A100 Ha y3es). B conocrasienun ¢ onuHa-
KOBBIM YHUCJIOM Jiorudeckux GPU (1. e. cpaBHuBas uncso GCD gy MI250X
¢ uucaom A100) Polaris, rpy6o rosops, B mapy pas GbicTpee HpH JIOGOM UUCTIe
jorudecknx GPU (cM. pucyHok 32 B [361]), u pu 5TOM MacuiTabupoBaHue
B 000X BBIYUC/IATEIHHBIX CHCTEMAX XOPOIIEe. DTO O3BOJIAET IIPEIIIOTIOKATD,
uaro npu conoctaiennn A100 ¢ nenpivn MI250X oHE 110 TPOMBBOAUTETHHOCTH
KOHKYPEHTOCIIOCOOHBI.

B [362] npusogsitest janble o npoussouTeasHocTn MI250X, MI100,
A100-40GB u V100-16GB B KJacTepHBIX CHCTEMaX C HCIOJJIb30BaHUEM
PARTHENON-HYDRO — munn-nipusioxkenust (Ha 0OCHOBE Koza acTpodu-
suueckoil marauToruapoanHamMukn Athena++), cocrosimero u3 okomno 1,4
Thicstun cTpoK Ha C++ g 1D, 2D u 3D cxxumaemoil ruapoauHaMUKI
B MHOT'OYPOBHEBBIX CETKAX.

IMosyuennas IPOU3BOAUTENHHOCTD (3/1€Ch PACCMATPUBAEMAS IIPOCTO KAK
HEKOTOpast OTHOCUTEIbHAA BeJnduHa) cocrasister 5,7 — ayg MI250X (xsa GCD,
¢ ROCm 5.1.0); 4,2— myig A100 (¢ CUDA 11.5); 2,7 u 2,15— nyrs V100 u MI100
COOTBETCTBEHHO. DTO O3HauaeT, 94To nojHblii MI250X cuibHO onepexkaer
o npoussogureabHoctn V100 u MI100, u 6eictpee A100 (xoTsi B pacuere
Ha omuH GCD MI250X orcraer or A100). B [362] paceMoTpeHB! TakKe JaHHBIE
0 JIOCTHraeMbIX CHJIBHON U €J1a0o0it MacmTabupyeMOCTH B UCIIOJIb30BAHHBIX JIJIsS
pacdeToB CUCTEMAX, HO ITO 3/[ECh HE AHAJIUIUPYETCS.

®usuka mwIasMbel. B mpuHIuie 3ta 06JacTh Takyke orHOcuTcs K CFD, HO
3/1eCh BBIJEJIEHA B OTIE/BHYIO YaCTh, TAK KaK 110 (DU3UKE IJIA3MbI [TOSIBIIICS
HeJiblii psit wybaukanmii, B Koropbix npuMenaauncs MI250/MI250X u 6buin
[TOJIyYeHbl MHTEPECHBIE JAHHBIE O ITPOU3BOJIUTETLHOCTH.

Tak, B [363] Gbu1a mMOKa3aHa Gosiee BHICOKAs MPOU3BOUTENbHOCTE MI250
o cpaBHenuio ¢ V100 npu perrennn KHHETHYIECKOTO ypaBHeHNs Biiacosa it
AUHAMUKYA IJIa3MbI 3aPS2KEHHBIX IaCTHUIIL.

B [364] uccaenosana npoussogureasuocts koga CGYRO, koropbiii pentaer
MSATUMEPHbIE TUPOKUHETHYECKNE ypaBHeHUsT MaKCBeIa, OMUCHIBAIOIIIE
SBOJIIOIUI0 MUKPOTYPOYJIEHTHOCTH ILJIa3Mbl B YCTPOMCTBAX MATHUTHOIO
TepMogiepHoro cunresa. g padorer ¢ GPU (MI250X Bo Frontier u A100
B Perlmutter) tam 6bumm ncnosnbzosansl cpejcrsa OpenACC (u3 HPE Cray
Fortran myrst MI1250X u u3 Nvidia Fortran pgst A100), a takzke Gubanorekn
cuFFT u hipFFT aua A100 u MI250X cooTBeTCTBEHHO.
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B nauansaoMm Tecte CGYRO Ha 6a3ze ysmma ¢ MI250X 6Oblj1 3HAYNUTEIBHO
MeJlJIeHHee, 9eM Ha, 0aze y3ima ¢ A100, HO mocjie ONTUMU3AINY CTaJT OBICTpee
¢ MI250X. Ho B [364] conocraBiisiiiuch pacuersl Ipu OJUHAKOBOM YUCJIE y3JIOB
u GPU B 9TUX CyIIepKOMIIBIOTEpPax, cOOTBeTCTBeHHO ObicTpee A100 okazaJics
noaerit MI250X n3 nByx GCD.

B [365] Bpems pacuera no npunoxkennto HIPACE++ st Mozjenuposanust
IJIA3MEHHBIX YCKOPUTEeH KBA3UCTATHIECKUM AJTOPUTMOM YaCTHIL B AI€iKax
Gbuto comocrasieno st A100-80GB u MI250X (oxm GCD). B srom cayuae Bee
OCHOBHBIE JIAaHHBIE JJIs PACYETa BO BPEMsl BBIYUCJIEHUS IIEJIUKOM PAaCIIOJia-
raforca B namatu GPU. Ha A100 npumensiiuch cpeactsa CUDA 11.0, a jjist
pacuera Ha GCD (Bepositho, ¢ HIP) ucrosb30Banbl BOSMOKHOCTU DAHHET'O
tectoBoro gocryna K Crusher. B Beramcienusx ucnosb3osaiicst FFT, a rocFFT,
o JaHHbIM [365], Torna OTIMYAJICH IUI0XO0H IPOU3BOIUTELHOCTHIO [IPU
pasMepe CeTKH, He sIBJISIONMMCS CTeleHbIo JAByX. Bpems Boraucsenns va GCD
Ha JIBYX Pa3HOIO TUIA CTaIusX pacdeTa coctasisio ot 0,7 1o 1,6 u ot 0,9 1no
3,7 pa3 1o cpasuenuio ¢ BpemeneM Ha A100.

AMD mnpusogur npuinoxenne PIConGPU, takxke ucrosbp3yiolnee aaropurM
9aCTHUIl B siIefiKaxX, B KAIeCTBE MPUMepa ITPUJIOYKEeHUs B 0b1acTi (hU3UKU
IJIA3MBI, JAIITUPOBAHHOTO Jjist paboTsl Ha GPU MI200 nyrem npumeHeHust
69k-su18 ALPAKA (Abstraction Library for Parallel Kernel Acceleration),
pabotatomiero nosepx HIP/ROCm [366].

Meron gacTuir B stueifkax BOOOIIE MUPOKO UCIIOIH3YETCS B MPUIOKEHIAX
¢usuknu ma3Mel, 1 B pacderax ¢ npumenernem MI250X o Takke IIPUMEHSLICS.
B [367] uccaenosano 3D-MoneupoBanue B3aUMOIEHCTBIS JIa3epa ¢ BEHIECTBOM
Ha MaccupHO-TapaJsesbaoM kojie PIC WarpX ¢ ucnosszoBanunem GPU
ua Frontier, Summit n Perlmutter (6m3koe K 9TOMY HCCIIEJ0BAHIE TIPOBEIEHO
Takke B [368]).

B [369] npoanain3upoBana Mpou3BOAUTEIBHOCTD UCIOJIB3YIONIETr0 CPEICTBA
Kokkos siuneitnoro urepanuonsoro pemaresiss TFQMR (B Tom gucse 6osee
GBICTPOrO AKETHOIO BapHaHTa), jocrynHoro B 6ubimoreke PETSc (Portable
Exensible Toolkit for Scientific Computing), uro uarepecto mjist busuku
IJ1a3MbI Ipu pabote ¢ orepaTopom crosknosennit Jlannay. [lpounssogurensnocTs
MI250X u A100 3ech ObLIa OlleHEHa IIPY UCIIOJIB30BAHUHU Y3JI0B KJIACTEPOB
Perlmutter u Crusher.

BerimeynomsiayTbie paboTet 365,367, 368] umeroT npsiMoe OTHOIIEHUE
K mpoekTtam n3 ECP. Kak m MHOTHME Apyrue n3 MCHOJIL3YEMBIX B pas3ieiie
IIy6HHKaHHﬁ, 31€Ch HUCIIOJIb3OBaHbI ITOJYyYE€HHBIE B TOJ/JILKO 9YTO IIOABUBHINXCA
BBIYUCIUTEILHBIX cucTeMax ¢ GPU MI250/MI250X noseiinme Janubie, KOTOPbIE
9aCTO OTHOCWJIA K IIPEABAPUTEIbHBIM B CBA3U C BO3MOYKHBIM OBICTPBIM
rporpeccoMm HOBbIX Bepcuii SDK or AMD.
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3agaun uCKyccTBeHHoro uHresiekta. Xors AMD me crasuia 3a1a-
qu U/ Ha camoe epBoe MECTO ISl MOTEeHIuAIbHOTO puMeHenus MI200,
st GPU cpa3dy crajm npuMeHaTbed u s UU. Tak, B [28] HCHOJIL30BaHa
naTerpanusa HPC n rirybokoro oby«wenus:: s npuaoxkenns Moure-Kapso
(/11 TEPMOIMHAMUYECKHUX PACUETOB B MaTePUAJIOBE/IeHNN) OblI pa3paboTaH
HaOOP CypPPOTraTHBIX MOEsel TIyOOKOro 0OyIeHns U MPOBEICHBI PACIETHI
Ha MHOIHX y3JIaX CyHepKOMIbIoTepos Summit ¢ V100 (¢ npuMenennem creka
CUDA) u Crusher ¢ MI250X (¢ npumenenuem creka ROCm). Ha pasubix
pasmepax Mogesielt e GCD 6but Geictpee V100 1o 15% (a memsiit MI1250X
cooTBeTCTBEeHHO ObicTpee 10 2,3 pa3). Crusher ornocuTebHO Summit mokaszas
TaK>Ke JIydIllee MACIITAONPOBAHNE TPOU3BOIUTEIHHOCTH.

Otu GPU crajm NpUMEeHAThCs Jis 38729 U B caMbIX Pa3HBIX O0JIACTSIX,
B KOTODBIX mcnosb3yercs WA. Tak, B [370] MI250X ucnonb3oBascs Jyist 381849
CEerMEHTAIINA MUTOXOHIPHIA.

[Toce pazBeproiBanus esporeiickoro cymeprommbiorepa LUMI ¢ MI250X,
BEPOATHO B CBA3U C IPDUMEHEHNEM PA3HbIX A3bIKOB B E‘JBpOHe7 TaM CTaJI1 aKTUBHO
MMOSBJIATHCS ITyOIUKAIMU 10 00paboTKe ecTecTBeHHOrO si3biKa, Ha MI250X,
B TOM YHCJIE C UCIOJIb30BAHUEM COOCTBEHHBIX MOAUMDUIIMPOBAHHBIX MOJIEIEH
BERT (cMm., HampuMep, [371-374]).

5.4. Pe3iome no GPU AMD

[IpuBemennble BBINIE JaHHbIE O TpousBoauTebHOCTH GPU MI200— o 60/15-
et vactu MI250 1 MI250X — 6e3ycsioBHO TOBOPST 00 OIIPE/IEIEHHON KOHKY-
perTocniocobrocTu 3tux GPU o orHomenuio Kk A100. 1 AMD ¢ ROCm, u
Pa3paboTINKU PUIOKEHIUH AKTUBHO MPOABUTAIOTCS BIIEPE JJIsI JTOCTHKEHUSI
6oJ1ee BBICOKOIl IIPOU3BO/IUTEIHHOCTH.

fcHo, UTO yIKe TpeJICTaB/IEHHbIE JAHHbIE O TPOU3BOIUTETLHOCTH YACTO HE
COOTBETCTBYIOT OXKUJIAHUSAM, OA3UPYIOMUMCs Ha 00Jiee BHICOKAX ITUKOBBIX ITPO-
uzBopuresbHOcTaX 31UX GPU o1 AMD no cpasrenuio ¢ A100 (nmeercst B BuLy
ye Jyist oguoro GCD). XoTs BO MHOIMX CJIy4YagX TeCThbl HPOU3BOAUTEIHHOCTH
OBLIM CBSI3aHBI AMATHIO, & HE BHIYUCINTEIHHO HHTEHCUBHBIMU B MOJIEJIN JIMHUU
KPBIIIH, 9TO BCE PABHO HE KOPPEIUPYET CO MHOTMMU OTCTABAHUSIMU IO MTPOU3-
BosmreabHOCTH OTHOCUTEbHO A100, a TakKe MIeHTHMOUIUDYEMbIMEA THOT/IA
«ripoBajiamMu» npoussozputesbHoctn MI250X (M., Hanpumep, nanHbIe [328]).

B psne nybnukaiuit 370 CBA3BIBAETCS C HETOCTATOUHO OOJIBINON €MKOCTHIO
konr-amsTu (B ocioBHoM L1) orHOcHTensHO A100, 1 MCIONB30BAHEEM B IeHe-
pupyeMbix KoMmmisitopamMu AMD Kogax cmMIimKoM GOJIbIIOr0 YHCjia PETUCTPOB
o cpaBHeHuto co cpefcrBamu Nvidia CUDA, XOTsI B psifie CJIy9IaeB IIPUIUHBI
HEJIOCTATOYHON 110 CPABHEHUIO C OXKUJIAHUEM IIPOM3BOIUTEIHLHOCTU OCTAIOTCS
HeBbIsicHeHHbIMU. VIMeroruecss 3aMevdatusi OTHOCUTEIBHO ITPOTrPAMMHBIX
cpezets SDK ot AMD KoppemupyioT ¢ YeTKUM YKa3aHUEM BO MHOTHX U3 IIPHBO-
JIUBIITUXCS BBINIE MyOTUKAIINN HA TOJyYeHHbIE JJAHHDBIE 10 TTPOM3BOJIUTEILHOCTH
KaK Ha [PEBaAPUTE/IbHBIE, COOTBETCTBEHHO IIPEIIIOJIATAIOINMY YIIY IIIECHUS
B CBSI3U C OBICTPBIM pa3BuTueMm SDK.
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ITockounbKy nanubie 0 6osee BbICOKOIT mpousBoauTesbaocTr MI250/MI250X
TaK2Ke UMEIT MeCTO ObITh, BAYKHBIM Ha, HACTOSIIIAN MOMEHT BPEMEHU CJie-
JIyeT CYUTATh (PaKT HEJOCTATOYHO BBHICOKOTO YPOBHS ITPEICKA3YEMOCTH
CPaBHUTEJbHOM pon3BouTeIbHOCTH 31X GPU orHOCHTEbHO A100.

3)16(3]) HEJIb34d IIbITaTbCA 6a3HpOBaTbCH Ha «CTaTHUCTHUYECKOM aHaJIN3€e»
CPaBHUTEJIbHBIX JIAHHBIX O MPOU3BOMUTEIHHOCTH, & HY?KHO OCHOBBIBATHCS
Ha JAHHBIX JIJTsi KOHKPETHBIX MPUJIOZKEHUH 1 00bEKTaxX UCC/Ieg0Banus (KOTOpbIe
B [IEPBOM TIPUOJIMKEHUA UMEIOTCSI U B TAHHOM 0030pe), a TakzKe Ha Oiu3Kux (B
YUCTO MATEMATUIECKOM IIJIAHE) UCIOJIB3YEMbIX METOJAX, U YIUTHIBATD YK
obuapyzxenubie Hegocrarku MI250/MI250X u ux SDK (mocsiemaue, BO3MOKHO,
MOTYT OBITh UCIPABJIEHBI B HOBBIX BEPCHSIX).

Ho nasio umeTsh B BHAY ¥ BO3MOXKHYIO IIPOTHUBOIOJIOXKHOCTH BBIBOJIOB 00
acpdexrusnoctn MI200 mpu cpaBuuTebHOM yuere 1ieH u TCO, 1 COOTBETCTBEHHO
BeIOpaTh conocrasienue ¢ A100 mosmubix MI1250/MI250X nn otgensHbIx GCD.

B momenT manmcanusi 0630pa oxkugaercd y:ke nosasiaenume MI300 u
cynepkombiorepa EI Capitans B 2023 roxy, B JIuBepMopckoit HanmoHaIBHOM
naboparopun Jloypenca (CIIA), ¢ marerpanueii T apxurekTyps! Zen 4 8 MI300.
D10 noareBepxKaer BeposTHbIN mporpecc AMD B GPU u B CylepKOMITbIOTEPAx
Guimkaiiniero Gyaymiero. B [375] ykazano Ha COXpaHSAIOILYIOCH MAJIEHBKYIO
BesinduHy Kamra L1, 970 Moryio 66l CTaTh MOTEHITUAIBHO CJIA0BIM MECTOM

MI300.

ITo orHomenuto Kk HPC ciemyer ykazarh Ha 00Jiblryto opuenTanuio AMD
Ha 3Ty 00JIaCTh IO CPABHEHUIO ¢ OOJIBIMM HanpasiaenueM Ha WU y Nvidia, aro
MIPOSBJIAETCS U B CO3J@BAEMbBIX CymepKoMIbioTepax m3 Top500.

3aknoyeHne

B manrOM 00630pe BbIle ObLIN 00CYXKIEHBI TPENMYIIECTBA U BO3MOYXKHBIE
megoctarku GPU. UTo KacaeTcss KOHKPETHBIX JAHHBIX TI0 TTPOU3BOIUTETHLHOCTH,
0 HAX MHOT'O CKA3aHO BBIIE, U UX IeJeCO00PA3HO COYETATh M CO CTOMMOCTHBIMU
noKazaTeagaMu (BKJIOYAs U SHEPIeTUUECKHE [IOKA3ATE/N ), KOTOPbIE 3/16Ch He
obcyxkmarorcs. Huke TpuBOIUTCS B OCHOBHOM 00IIiee pe3ioMe IyTh JPYToro,
6oJiee 06mIero u/uim Gosiee KPATKOrO XapaKkTepa.

1. TlosgBasieTcst KOHKYPEHIINsI COBPEMEHHBIX pa3paboTankoB GPU 1Mo mpom3Bo-
JIATETHLHOCTH U IPYTUM [IOKa3aTelIsIM, B TOM ducJie He Tojabko u3 CIITA, Ho
BO3MOXKHO 1 n3 Kuras; oxKumaercs u eBpoleiicKuii akceepaTop, KOTOPHIT
TaK>Ke MOXKET IMPUMEHSIThCA HA SK3AMACIITAOHBIX CYIIEPKOMIIBIOTEPAX.
CoorBercTBeHHO cOBpeMeHHasi modTu Mouonosms GPU or Nvidia Gymer,
BEPOSATHO, IIOHEMHOI'Y YMEHBIIATHCHA.
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OO61M TeXHOJIOIMYeCKUM HalpaBiaeHneM mocrpoenust GPU ctaHOBUTCS
UPUMEHEHUE MYJIbTUKPUCTAJIIIBHBIX TEXHOJIOIHH (YUIIETOB), BIIEPBbIe
CTaBIIMMHI AKTHBHO NpUMeHATHCst ckopee AMD [376]. Dro obecreun-
BaeT MacIHITabNpPOBaHUE ITPOU3BOIUTEIHHOCTH IIPU BO3MOXKHOCTHU €€
peau3any UMEIuM (UHAHCOBYO 3 (MEKTUBHOCTH CIIOCOOOM, IIPHU
HE3HAYNUTEJILHOM B HACTOSIIEE BPEMsI YBEJIUYEHUH 33IEP2KKHU, B TOM
YUCJIe MEXKCOEIMHEHUN MezK/ly BbIYUC/INTEIbHBIMH $sIJIPAMU.

O6ieii Tenpennueil Moxker crarh unrerparus U u GPU (AMD MI300,
Intel Falcon Shore, Nvidia GH200), a Tak:ke neckoiabkux GPU BHyTpH
oznnoit Mozenm (kak B AMD MI200 u B Intel PVC).

Ceepx6bicTpoe passuTue GPU PUBOAUT K TOMY, UYTO IIOINBITKH CTaH-
JapTU3AIAN KAaKUX-JIU00 aIlapaTHbIX KOMIIOHEHT 0K PeaIn3yI0TCs
orpanmyeno. Tak, mpuMeHenue crangapra dopm-daxropa 0AM B MI200,
PVC u BR100 coueraercst ¢ mpumenerueM Nvidia co6cTBeHHBIX (hopM-dax-
TOpoB SXM, YTO BBIIVISIUT JIOCTATOYHO IIOHSITHO B cBeTe mocTaBok Nvidia
COOCTBEHHBIX MOTOBBIX K paboTe BHIYHCIUTENBHBIX cucTeM oT multi-GPU
CcepBepoB JI0 KJIaCTepOoB.

Crangaprusalns eme cJaoXKHee JJIs MeXKcoeanHeruii GPU— Bce pac-
cMoTpenuble GPU UCIIOhb30BaIN COOCTBEHHBIH, OTJMIHDBIN OT KOHKYPEHTOB
BBIOOD. 3/1eCh MPUYUHON OPUEHTAIMN HE HA CTAHJAPTHI SIBJISIETCS CKOPEee
KOHKYPeHTHas 60pb0a 3a JIUAEPCTBO 110 MPOU3BOIUTEIHHOCTH.

OO6muM HampaB/IeHHEM siBJisieTcs pacimpenue npuMenennst multi-GPU
cucreM i 3a7ad UM u HPC. B coOTBETCTBYIONUX cepBepax HEOOXOIIMO
UCIIOJIB30BATH II0 J[Ba COMEPIKAIIUX JIECATKU siJiep IIPOIECCOpPa, B KAYeCTBE
KOTOPBIX mpuMeHuMbl He ToJIbKO Intel Xeon u AMD EPYC, uvo u
ARM-niporieccopnl (K/IacCHYecKuM MOXKeT cTaThb BapuadT ¢ Nvidia
Grace ujmm GH200). AnbrepHaTHBON MOXKET OBITH U IIPUMEHEHUE OJIHOTO,
COJIEPZKAIIETO CBBIIIE TOJIYCOTHH SIJIep CePBEPHOro mporeccopa (Takue 1M
upezyiarator cerogast u AMD, u Intel).

Tpagunuonssie st HPC 3a/1auu KBAHTOBOI XUMUY PAHEE MCIIOJIh30Ba~
s GPU B mepBYIO O4Uepe/ib /I PacIeTOB B 0A3MCAX IJIOCKUX BOJIH MJIN
BBIYUCJATEIHHO O0JI€e CI0KHBIMU METOIAMU C YIETOM JIEKTPOHHOM
KOPPEJISINU, TJie OCHOBHOE BPEMSsI BHITUCJIEHUS TPUXO/IUIOCH HA 00-
eMaTeMaTuIecKne MeToIbl. [Jist IMMPOKO pacpoCTPAHEHHBIX 33189
KBaHTOBOM XUMUU, TJI€ TIPOU3BOIUTEIHHOCTD JIMMUTUPYETCST BpEMEHEM
pacyeTa JBYX3JEeKTPOHHBIX HHTEIPAJIOB B FayCCOBCKOM Oasnce (B MeTOIAX
HF u DFT), mocruzkenue BBICOKOII addekTuBHOCTH pacdera Ha GPU,
JAIOIee U XOPOIIYI0 MACIITAOUPYEMOCTh ITPOU3BOIUTEILHOCTH IIPU
pabore ¢ HecKOIBKUMHU GPU, OBLIO JOCTUTHYTO TOJHKO B CAMOE MOCJIE THEe
BpeMs (COOTBETCTBYIOIIME JaHHBIE IPEJICTABICHBI B 0030pe). TO Jaer
BO3MOYKHOCTH OoJjiee akTuBHOTO ripumMenenust multi-GPU cucrem u jist
3a/1a4 KBAHTOBOI XUMUU.
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Yro xacaerca BR100, our MOryT O6BITH aKTYyaJbHBI B IIEPBYIO OYEpEIh
pa3paboTumKaM ITPOrPAMMHOIO ODeCIIeueHrsi, B TOM JHCJIe B HAYIHO
obsactu (MOCKONIBKY npusioxenuit, paboraromux Ha BR100, npakruyecku
HET) — U BO3MOXKHO, OCOOEHHO B CTpaHaX, TJIe PaspaboTIMKU HPOrpaMM 1
rnorpeburesin GPU MMEIOT CyIeCTBEHHbIE (DUHAHCOBBIE OTPDAHMIEHUS.
Omnako orcyrcrue B BR100 dhopmara FP64, TpaaumuonHoro B Kjaccu-
qeckoit HPC-obJtacTu, IpUBEIET, BEPOSITHO, K OCHOBHOM OpPUEHTAIINN
BR100 nma 3ama4qun MA. Ho nepcnektussr npumenennss BR100 nemonsaTab
n3-3a caukimii CIITA.

YVdauThiBasi ONpe/Ie/IEHHBIE 38I€PXKKI PA3BUTHS B UCIOIb3yemoit Intel
ITOJIYIIPOBOIHUKOBOIN TEXHOJIOTUH U 33IEPKKH Hadaja HOCTaBOK Ponte
Vecchio 1o cpaBHeHUIO ¢ uCXomHbIME ITaHaMu Intel, ¥ BOZHUKAOILY O
HEeOOXOMMOCTD IIePex0/ia Ha PabOTy ¢ IPOrPAMMHON MO b0 DPC++
/oneAPI, moxkHO npe/onokuTh, 4To 6oJiee peskoe mpojasuxkenue Intel
Brepes ¢ GPU MOXKHO OXKuAaTh moce mossiaennst GPU Falcon Shores min
[IOCJIEIYIOIIEr0 HHTErPUPOBAHHOrO ¢ X86 ycrpoiicrBa (ckopee 1ociie
peaM3anuy HOBOH IIePCIIEKTUBHON TexHOJMOrnn 18A).

Hawuboustee sspkuM BKa0M Intel B pazBuTne HampaBeHUs TpUMeEHe-
nust GPU ceroans MpeacTaBiIsieTcs pa3paboTKa 1 MOAIEPKKA MOJIEIN
nporpamMmMmupoBanud DPC++.

He BoI3bIBaeT coMHeHmit akTuBHOE paciupenne npumenerns GPU H100 ot
Nvidia, ¢ 6osee OpicTpbIM pocToM B obsactu M. Kak yike BbImyckaeMble,
Tak n Gmmkaitmme oxumaembre GPU Nvidia H100 (GH200 taxzke
dakrugecku comepxkar H100) GyayT oueHb akTyagbHbI i 3aga4 U1 u
HPC. Ho mambosiee CHIBHBIM PBIBKOM BITEPET IO MACIITaOUPyEeMOCTH
IPOU3BOIUTETLHOCTH BBITVISIAT BO3MOXKHOCTHU ITOCTPOEHUS KJIACTEPOB
¢ H100 ¢ mpumenenuem cereit NVLink.

[IpenmymmecrBom ammaparabix cpegcts Nvidia B mepByo odepesp s
3agad U sBJISIOTCS ITOCTABKU y?Ke TOTOBBIX K paboTe ¢ VU cepBEpPHBIX
cucrem DGX u kjacrepoB DGX SuperPOD, koropbie OTHOCATCSI K Cy-
[IEPKOMITBIOTEPHOMY YPOBHIO. XOTsl TAKHE CHCTEMBI MOTYT IIPUMEHATHCS
u 71 33724 HPC, HY2KHBI TOTOBBIE K HUM TpuioxkeHus. JIpyrum cospe-
MeHHBIM nipenmytnecTBoM H100 siByisiercst orpoMHbIit HaOOp 3P PeKTUBHO
B3aNMOJICHCTBYIOIUX U JONOJHAIMNX APYT aApyra cpeacts SDK mra HPC
u Nn.

Ausrepuarusubie Nvidia GPU or AMD npejicraBisiiorcst B HACTOsIIIEE
BpeMs Hanbojiee aKTyaJbHBIMU B IEPBYIO OYePElb JIjis PACYeTOB
10 y2Ke IMOKA3aBIINM BBICOKYIO Ipou3BoauTebHocTh Ha AMD MI200
IPIIOKEHUSIM, WA OXKUTAeMbIM K TAKOMY B caMoe OJimKaiiriee BpeMst, a
TaK»Ke Kak II0JIe JUId Pa3pabOTKM HOBOI'O IIPOTPAMMHOIO OOeCIeYeHunsd,
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BKJIIOYasi IOPTUPOBAHNE yKe CYIIECTBYIONUX npujoxkenuit. C Toaxu
3pEHUs MOTEHIINAJIBHOTO UCIIOJIb30BAHUSA ITPUIOKEHUNA B HEJaJIeKOM
OyIyIIeM 3TO MOXKET OBITH I1eJIecO00pas3Ho i JiIoObIX obsiacteit HPC u
nu.

IIpumenenue 3tux GPU, o9eBUIHO, OYyAET PACIIUPATHCS B IEPBYIO
odepesib B HAYKe U B JeATEILHOCTH Pa3pabOTINKOB IIPOTPAMMHBIX CPEJICTB.
HNwmerommasics orpeiesieHHas COMOCTABUMOCTD B ITPOU3BOIUTEILHOCTH
¢ paccmarpuBasimmMucst GPU ot Nvidia o3Ha9Yaer MOBBIIIEHHYO BaXkKHOCTh
IIEHOBBIX II0OKa3aTeJiell.

10. C y4yeroM TeHJEHINI HACTOSIIEr0 BPEMEHN MOYKHO MTPEJITIOJIOKUTh,
aT0 Oy/IeT pacumpsaTbcs npuMeHenne Ha GPU yHUBeEpCaJIbHBIX CPEIICTB
pa3paboTKHU IIPOrpaMMHOrO ODecIieueHusl, a He OPUEHTHPOBAHHBIX
Ha OIIPEJIeJICHHYIO apXUTEKTYyPY HPOU3BOAUTEJIA.
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Introduction

A widespread feature of modern computing systems, from servers to
supercomputers, is the use of a heterogeneous construction of servers and
cluster nodes, very often containing not only processors (CPUs), but also
accelerators, primarily GPUs, areas of use of which are rapidly expanding.
Here we mean GPGPU, but in what follows the abbreviation GPU will be used.

Relevance of GPUs and areas of their using. Currently GPUs are actively
used for a wide range of very important tasks, including high-performance
computing (HPC) and AT (AI tasks in this review also include all tasks
of any type of machine learning, but the use of GPUs is especially relevant
for deep learning). In addition, the use of multiple GPUs in one server
(multi-GPU) is expanding. All this is connected with the main direction
of growth in the performance of computing systems, mainly due to the
strong increase in the number of cores and, accordingly, parallelization
on them. The increasing importance of power efficiency over time also
contributes to the focus on the use of GPUs, which contain many more
functionally simpler cores than in the CPU, but with a reduced frequency.
Thus, of the 50 leading supercomputers on the Green500 list for June
2023, only four did not use a GPU. Moreover, two of them — the Japanese
supercomputers NA-J2 and MN-3— used specialized rarely used multi-core
processors (coprocessors), and the other two were based on multi-core
ARM processors Fujitsu A64FX [1]. Another important advantage of GPUs
is the achievement of high-density packaging of large computing resources,
which is especially evident in servers containing several GPUs (multi-GPU).

As for the often cited use of GPUs in data centers, the term data center
has now practically replaced the previously used term computer center,
which can also be considered [2] as one of the parts of the data center.
In reality, data centers often assume the use of GPUs for the above HPC
and Al tasks, and the term data center itself is focused primarily on the
use of cloud technology. Further in the text, references to data centers
refer specifically to cloud technology, the tasks of which are not discussed
in the review — specific benchmarks and applications for HPC and Al are
considered here. Although GPUs began to be noted as the main accelerator
in other areas, for example, sorting when working with databases [3].
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To illustrate the widespread use of modern GPUs, we can use the
Top500 supercomputer list, as it provides interesting statistics (see, for
example, [4]). In the Top500, the world’s performance leaders have been
using GPUs for a long time. A notable exception to this rule in recent years
was the Japanese supercomputer Fugaku, whose nodes were homogeneous
and contained only the CPUs— the A64FX. He topped this list for more
than two years. Probably, such a success of Fugaku was facilitated by the
rather large number of cores (48 computing) in the A64FX [5]. However, in
2022, a new Chinese supercomputer Sunway appeared (the successor to the
Sunway TaihuLight, which ranks 7th in the Top500, and in [6] classified as
“pre-exascale”), containing heterogeneous 260-core SW26010 processors
in its nodes— without a GPU. As another not very widely used alternative
GPU option, we can mention the huge, specialized for Al tasks, Cerebras
WSE-2 processors, containing 850 thousand cores [7]. But WSE-2 does not
support, greater precision than FP32, and the Andromeda supercomputer
based on them [8] is accordingly absent from the Top500 list.

Statistics from the June 2020 Top500 list [9] indicated the use
of accelerators in 26.6% of Top500 supercomputers (20.2% of supercomputers
used Nvidia V100). In the June 2023 list, accelerators were used in 32.4%
of all supercomputers (13% used Nvidia V100, 15.6% used Nvidia A100,
2.2% used AMD MI250X and MI210, 2% used Nvidia H100) [4]. The
unambiguous modern leadership in the Top500 GPUs from Nvidia is obvious
today and predictable for the near future. All data presented later in this
review refers to the June 2023 Top500 list, and by default the Top500 list
below refers to this June list.

Features of the next expected GPUs. Integration of CPU and GPU in one
die is now becoming possible. For personal computers with conventional
graphics processors, similar integration with the CPU has long been known,
for example, in the form of the AMD APU (Accelerated Processing Unit),
but here we mean the integration of the server CPU with the GPU. AMD
expects such integration into the APU in the MI300 [10]. Intel talked
about its plan to combine x86 chiplets together with GPU chiplets called
Falcon Shores back in 2022 [11,12], but its implementation will take more
than one year. In a certain sense, a similar development from Nvidia,
Grace Hopper [13-15], appears on the market earlier. But this whole
direction is a possible way to intensify the use of the GPU itself.
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Limitations and difficulties of using GPU. It must be kept in mind
that GPUs are installed in only 32.4% of all supercomputers from the
Top500 [4] (in the June 2022 list it was 30.2%). Performing calculations
exclusively on GPUs is associated with the use of high-speed memory,
but having a fixed and not very large capacity compared to the possible
memory size of the servers or certain input data of applications (research
objects), this may cause inefficiency on the GPU altogether. Therefore, for
example, in the manual for specialized parallelization tools on Nvidia GPUs,
CUDA [16], there is a section dedicated to exceeding the required memory
capacity of the memory available on the GPU. In modern versions of GPU
CUDA also provides the ability to work with virtual memory [16]. However,
it is clear that actually working with virtual memory can lead to severe
performance losses.

GPU computing involves the use of applications that are highly
parallelized across a large number of cores. A classic example of this is
molecular dynamics tasks and, especially, Al area. But this may not hold
true for certain applications or even HPC areas. Therefore, in the tuning
guide for applications using CUDA (for the Nvidia Ampere architecture used
in the A100) [17], the first point of recommendations is to find a way
to parallelize sequential code, which may mean the need to create new,
improved algorithms that allow parallelization where in the ‘“natural”
algorithm it might be missing. It may also not meet the expectations
of specialists in the relevant HPC fields, who may often be programming
applications for this field themselves.

Since effective use of GPUs requires a very high level of parallelization
scalability, this also requires the use of SDKs specialized for GPUs, and
possibly an increase in the size of source code. Many HPC applications did
not natively respond to this level of parallelism. Additionally, optimizing to
the high expected level of GPU performance often requires many manual
work, which is especially difficult when porting code from one type of GPU
to another. All this complicates the work of programmers and can cause
them some rejection.

The situation is simplified to a certain extent in cases where there are
small parts of the program that limit performance (in the GPU world they
become program kernels), which are often typical mathematical problems.
And over time, more and more HPC applications are becoming capable
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of running on GPUs. For example, quantum chemical software systems that
have been running on supercomputers for a long time are also moving
in this direction. But for the most widespreads of the modern methods
used there (without explicit non-empirical computations of electronic
correlation), too long execution times can be associated with several
mathematically different types of calculations (and not always related to
those that are widespread in mathematical area; This is especially true for
the use of gaussian basis functions), which requires a correspondingly
much larger programming. For calculation by the widely used quantum
chemical DFT method in a plane wave basis, a demonstration of the possible
execution times of various parts of the program is given, for example,
in [18].

Other important characteristics of using GPUs are cost indicators. If the
goal is not to achieve an acceptable execution time at any cost (which is
perhaps achievable only with the use of a GPU), then the relevant question
becomes how much the cost of a computer increases when adding a GPU to
it, and how much the application performance increases.

As an illustration, we indicate the acceleration data when calculating
with the well-known Quantum Espresso software package, which is focused
on calculations in the basis of plane waves using the quantum chemical
DFT method. An illustration using the application of quantum chemistry,
rather than the popular molecular dynamics on GPUs, was chosen here
specifically — problems of quantum chemistry have long been performed
on supercomputers, but the possibilities of quantum chemical calculations
on GPUs began to appear later than in classical molecular dynamics— it is
more difficult to implement, and the speedups achieved often smaller.
Calculations by Quantum Espresso 6.5 were performed on a server with an
18-core Intel Xeon E5-2697 v4 (2.3 GHz), and adding V100 gave speedup
in the range of 1.4-3.7 times [19]. The achieved acceleration naturally
depends on the object being calculated. But we must keep in mind that
this Xeon model began to be produced by Intel back in early 2016, and the
calculation time was compared using only one processor.

As for the prices for new generation GPUs— this naturally applies to
boards with a GPU (for example, an 0AM module), they are not discussed
in the review, since the corresponding “official” (for example, recommended
by the manufacturer) prices for such new equipment are usually not
available. But keep in mind that GPUs often provide greater power efficiency
while requiring a relatively small square, so it’s best to use total cost
of ownership (TCO) rather than just price when evaluating GPUs.
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Modern realities of growing GPU use. All of the above possible
difficulties are gradually being resolved by creating new calculation methods
and algorithms, new programming models for the SDK, as well as by
improving GPU hardware. Naturally, this is reflected in the growing number
of applications running on GPUs. The GPU application area is constantly
growing, which, naturally, is most clearly demonstrate with Nvidia GPUs
and was convincingly demonstrated at the latest GTC 34 (2022) and 35
(2023) conferences.

As time goes on, the number of supercomputers with GPUs included
in the Top500 increases— with a GPU it is easier to obtain high performance
in the HPL benchmark. The most powerful (as measured with the HPL)
supercomputers in the world typically use GPUs. In the first twenty leaders
of the Top500, only three supercomputers do not use GPUs (although the
Chinese Tianhe-2A, which closes the top ten, also uses the Matrix-2000
accelerator, but this is not a GPU); The percentage of GPU utilization
decreases further when considering a larger number of supercomputers.

But all this becomes weakly significant compared to the growing use
of AI, which is covering more and more new areas of using— this primarily
determines the requirements for GPUs (the HPC market is negligibly small
compared to AI). Modern supercomputers included in the Top500 are also
becoming Al-focused.

A review of the current global GPU market by renowned Chinese
electronics industry analyst Chen Lizhong also suggests continued growth
in the industry [20].

Relevance of the review, selection of GPUs under consideration
and areas of their analysis. As general modern overview of different
types of accelerators, including GPUs, can be considered [21] from the
famous European BPG (Best Practice Guide) series. But today GPUs
are characterized by ultra-fast development, and we can already talk
about the emergence of a new generation of GPUs. In this review, GPU
performance analysis focuses primarily on HPC tasks. There are publications
that implement the fusion of traditional HPC fields with AI, for example,
quantum molecular dynamics (QMD) and AI [22], or computational fluid
dynamics and AT [23]. But currently combining traditional HPC tasks with
AT methods may not be necessary (for example, for QMD — see [24]).
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However, currently there is also an integration of HPC, Al tasks and
processing of large volumes of data (as an example of work in the last 2
years, we can cite [25-30]), and benchmarks for this area have already
appeared [31]. As an illustration of the active progress of work in this
direction, we can note the consolidation of the well-known HPC developers
of mvapich2 parallelization tools into new teams at Ohio University (US),
where software tools running on top of mvapich2 are now being created —
High-Performance Deep Learning (HiDL) [32] and High-Performance Big
Data (HiBD) [33].

Given the potentially widespread use of Al in the commercial area, and
the corresponding increased Al focus of modern GPUs [34], this review
considers Al tasks for performance evaluations, although the paper is aimed
primarily at traditional HPCs. The relevance of the analysis of modern GPUs
is even increasing due to the emergence of the latest GPUs with higher
performance (with their use, EFLOPS-level supercomputers are being
created and are expected to be created) and the need for their optimal
selection for the acquisition and use of appropriate hardware and software.
To date, GPUs have come a very long way in the development of their
architectures and performance indicators. Conventionally, the Nvidia V100
and A100 are classified as the modern “basic” generation in this review.
This was chosen both because the V100 was the first to use tensor cores,
and because of the breadth of use of these GPUs on modern supercomputers
and servers. This GPUs review data are based on the V100 and A100 [21].

With the V100 and A100, this review will compare new generation GPUs—
AMD Instinct (Radeon Instinct) MI100 and the MI200 family, Nvidia
Hopper (H100), Intel Ponte Vecchio (Intel now produces a whole series
of GPUs, Data Center GPU Max for which this is a codename), and partly the
latest Chinese BR100 from Biren Technology. These GPUs are conventionally
classified as a new generation, including because it was with their use
that the exascale barrier was first overcome or it is planned to be further
overcome (this applies to GPUs from AMD, Nvidia and Intel). The BR100 is
included here due to its significantly higher specified performance indicators
compared to the A100 [35]: at the processor level, Chinese developers
have not previously outperformed processors from the US and Japan (for
example, the ARM Kunpeng 920 [5] or the Zhaoxin x86 processor [36]),
but the appearance in 2022 of the SW26010pro processors containing 390
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cores with a total peak performance of more than 14 TFLOPS (by default
in the text of this review, double precision, FP64 is assumed) [37] and the
BR100 GPU gave such a high performance achievement that, one might say,
for the first time allowed the Chinese industry to surpass the performance
of some similar US products.

The relevance of a comparative analysis of AMD MI100 and MI200
with the above GPUs from Nvidia, Intel and Biren Technology seems
obvious. The AMD MI250X began to be produced primarily for Frontier,
which became the world’s first exascale supercomputer [38-40], but is
already used in about ten different supercomputers from the Top500,
including the third-ranking supercomputer LUMI [41,42], and GPUs actually
determine the maximum performance, achieved there in the Top500. The
well-known supercomputers Summit and Sierra with V100 nodes have
been in the top ten Top500 for a number of years. Intel X¢-HPC Ponte
Vecchio GPUs will be used in the US Argonne National Laboratory’s Aurora
supercomputer, where peak double precision performance is expected to
exceed 2 EFLOPS [43], and in the SuperMUC-NG supercomputer upgrade
at the Leibniz Supercomputing Center in Germany [44].

In addition, the most energy-efficient supercomputers are built on new-
generation GPUs— for example, Henri with H100 heads the Green500, and
supercomputers with MI250X occupy all the places there from 2 to 7
positions.

The relevance of comparing MI100 with Nvidia GPUs was recently noted
in [45],and now GPU comparison has become even more important due to
the emergence of new higher performance and more energy efficient GPUs.
MI100 and MI200 are already actively used in HPC and AI. Much attention is
paid to the performance data of the MI250X and A100 GPUs, obtained using
the latest HPE/Cray EX supercomputer systems containing them [46].

The new generation of GPUs is distinguished not only by the construction
of exascale supercomputers on them (Frontier— on MI250X [39], Aurora—
on Ponte Vecchio [47], and the Selene supercomputer, which ranks 9th
in the Top500, was supposed to be replaced with H100 [48]), but also
by using other specialized hardware with them. First of all, these are
interconnects (for example, Nvidia NVLinik [13,49,50], AMD Infinity
Fabric, also characterized by regular improvements of versions [10], or the
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CXL standard in BR100 [51]). These hardware closely related to GPU are
discussed in this review. Some server processors— for example, ARM—
Grace processors from Nvidia for work with GPU Hopper [13-15,52] or
AMD EPYC Zen 3 with (alleged) support of Infinity Fabric 3.0 in the I/0
die [53]) were originally intended to work in conjunction with new GPUs,
and are also discussed in the review.

But these CPUs could also be targeted at HPC or Al applications without
using of GPUs. The Intel Xeon Max series [54] (codenamed Sapphire
Rapids), which was originally intended to be used in the GPU-containing
nodes of the Aurora supercomputer, can be used independently of the GPU.

For future EFLOPS-level supercomputers, the EPAC accelerators
being developed within the European Processor Initiative (EPI) may be
of interest, which are based on RISC-V with the ability to work with
vectors of length 256 numbers in the FP64 format [55]- but these are
accelerators that are not related to the GPUs, and EPAC is still at the
development stage (only its test version 1.0 is available [56]), and a chiplet
is being constructed from a number of tiles of various types, where EPAC
is only one of them [57]. Accordingly, EPAC is not within the scope of this
review.

The review consists of sections with subsections. Section 1
discusses the general hardware and software features of GPUs from different
manufacturers. Section 2 analyzes the new Chinese GPU, Birentech BR100.
Section 3 analyzes Intel Data Center GPU Max (Ponte Vecchio). Section 4
analyzes Nvidia GPUs: in Section 4.1— A100, and in Section 4.2— H100.
Section 5 analyzes the AMD MI200 GPUs. In conclusion, general conclusions
are drawn.

All sections review the hardware and software (SDK) for the re-
spective GPUs and provide an overview of available performance data.
In Section 3 and Section 5, and in Section 4.1 and Section 4.2, this is
implemented as separate lower-level subsections. When comparing data,
primarily on performance, a comparison was also used with Nvidia V100
performance data, and in Section 5 there is a separate Section 5.3.1 with
AMD MI100 performance data.

The review necessarily uses a very large number of abbreviations. The
author often provides explanations of well-known abbreviations, keeping
in mind the possible reading of the text by specialists from different fields.
A list of abbreviations used in several different sections of the review
(in sections about different GPUs) is given in the appendix.
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1. Common features for GPUs from different manufacturers

Before considering specific GPUs from different manufacturers, it is
necessary to at least list the main software development tools (programming
models) used on modern GPUs with a focus on HPC and Al tasks. Maximum
performance is usually achieved using, of course, SDKs that are clearly
focused on hardware manufacturers: for Nvidia— CUDA (Compute Unified
Device Architecture) [16], for AMD— HIP (Heterogeneous Computing
Interface for Portability) [58], part of the overall ROCm software stack
(lower-level software tools are not discussed in this section of the review).
The noticeable appearance of alternative GPU manufacturers to Nvidia
on the market has increased interest in SDK components that work with
various types of accelerators. HIP already has the ability to work with
Nvidia GPU [58].

Among the programming tools that are not oriented towards working
with the GPU of a certain manufacturer, we first note OpenACC and
modern versions of OpenMP (support for working with accelerators
appeared in OpenMP version 4.0, and since 2021 there is already a 5.2
specification [59]). Later, OpenCL (Open Computing Language) [60], and
then SYCL [61]— an open standard for heterogeneous programming,
became more widely used as tools for developing programs for GPUs
and PGA accelerators. SYCL is developed by the Khronos Group, and
(beginning from SYCL 2020) is based on C+-+17.

Data Parallel C++-, developed by Intel (DPC++) [62] is also an open
cross-architecture language built on C+—+ and SYCL — may become
widespread. DPC++ uses SYCL with extensions that are expected to be
included in future versions of the SYCL standard. OpenCL, SYCL and
DPC++ can also be used for CPUs. Of these, DPC++ now appears to be the
most advanced; A benchmarks already appeared on its basis [63].

Finally, GPU software mentioned here also includes Kokkos [64, 65].
Kokkos (supported in a US Department of Energy project) targets exascale
supercomputers, uses C+-, and aims to be «hardware-neutraly. It
can use, in particular, CUDA, HIP, SYCL and OpenMP as a back-end.
A famous example of an application using Kokkos is the LAMMPS package
of programs for molecular dynamics [66].
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The listed software tools reflect the growing use of C/C++ in the areas
of HPC and AI. But the question of the achieved performance compared, for
example, with CUDA programs on Nvidia GPUs requires further study.

The functional simplicity of GPU cores makes it possible to quickly
switch thread context from active to passive and back, which is not true for
the CPU.

Nvidia’s long-term dominance of the GPU market has led to the
widespread use of terms for GPUs proposed by Nvidia. But the emergence
of a new generation of GPUs, including from other companies, was
characterized by their use of other terms for the same things (most
of them are SIMT terms for APIs— CUDA, HIP, OpenCL and others).
Accordingly, there are many publications and conference reports that
provide correspondences between terms from different manufacturers,
including in tabular form (see, for example, [67,68]). Below in Table 1
such a comparison is made for the purposes of this review.

All rows of the table, except the last two, are API terms. The last two
lines contain terms for similar important hardware components of GPUs
from different manufacturers. This table does not include the terminology
used for the BR100.

The table in the right column shows in bold the terms that will be
used later in this review as common for GPUs from different manufacturers
(although in sections about a specific manufacturer its terminology is also
used).

The used by GPU manufacturers terms may vary depending on their
using for hardware or software, and may change as new models become
available. Thus, AMD uses the term wavefront in the architecture and ISA
manuals discussed in the review of this company’s GPUs— but in the
modern HIP manual only warp is used [58|. And the emergence of a new
generation of Nvidia GPUs caused the emergence of a new term for them —
a cluster of thread blocks for the H100 GPU [16] in the hierarchy of various
levels of thread groups.
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TABLE 1. A comparison of terms used by various GPU manu-
facturers, including their programming models

o Intel L. .
Nvidia AMD (HIP) (oneAPI/ Desrription; the general term used in the
(cupa) SYCL) review (if used as a general term)

Work item: Work- Individual thread (they work together in a
Thread Thread ’ it group of threads— in a warp or in a sub-
rem group); thread
A set of operations (threads) that execute
synchronously, execute the same instructions,
Wavefront; Sub- and follow the same control flow path: a group
Warp (sometimes of parallel threads executed by a hardware
Warp) group unit (Nvidia SM has 32 of them) is the smallest
computing unit, a block of threads per they
are divided; warp
A group of warps/sub-groups running concur-
Work- rently on a GPU (running on a single SM on an
'I;)Iigeczlx{d Workgroup or Nvidia GPU). Can synchronize together and
group communicate using shared memory; thread
block
ND- A grid of blocks of threads, the top level
Grid Grid of the hierarchy of the thread system of the
range entire GPU; thread grid
Streamin An analogue of a functionally simplified CPU
Multi ro% Compute e core | COTC (contain parallel ALUs). For example,
cossor }ZSM) Unit (CU) in Intel Data Center GPU Max X¢ core contains
several SIMD-type ALUs.
. Matrix | Computational unit for multiplying small
T:(r)lrseor Matlrlijxitcore Engine | matrices (similar to GEMM, with mixed
(XMX) precision); tensor core
High-speed (cache-like) low-capacity memory
Local
nslgilrs;i nSllelIanrs;l oca 1 | shared by all threads in a thread block/work-
y Y MEMOTY™ | oroup; shared memory

Global Memory?

DRAM memory available in the GPU; its data
passes through several levels of cache memory

Device? GPU (with the memory); device
Processors and memory (more generally —
Host? the entire part of the computer without the
GPU); host
Part of a program executed on the GPU (func-
Kernel? tion in C, subroutine in Fortran). Kernel can

run in parallel with the CPU; kernel

I Incomplete compliance;

2

a common term for all GPU developers.

Nvidia terms are taken from [16]; AMD— from [58]; Intel — from [69].
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Different levels of thread groups allow you to effectively organize highly
scalable SIMT parallelization. Since a situation may arise where a warp
is waiting for data from memory, the active calculation then switches
to another warp. In classic Nvidia GPUs, for this purpose, SM contains
a warp scheduler (it forms a warp group of threads) and a dispatch unit for
activating warp execution. Similar hardware units exist in GPUs from other
manufacturers.

Another very important common feature of modern GPUs is the ability
to work with data of varying precision, including mixed precision operations.
This, when using reduced precision and, accordingly, the number of bits to
represent a number, makes it possible to achieve several times higher
peak performance, reduce the requirements for GPU memory size and its
bandwidth, which very often limits performance. When reducing the
required memory capacity, the reduced amount of GPU communication with
the CPU can also improve performance. This doesn’t make sense when
working with traditional CPUs, and all floating point calculations in HPC are
done traditionally with FP64. However, for very actively developing Al
areas, working with neural networks uses matrix multiplication, and it has
been found possible to work with lower precision and with mixed precision.

The typical data format for use in deep learning is single precision,
FP32, but many works have shown that lower precision, such as FP16, is
sufficient [70]. The calculation time for deep learning is limited usually by
matrix multiplications, which is what tensor cores in Nvidia GPUs or their
analogues in other new generation GPUs are focused on. The tensor core
in a GPU first appeared in the V100, and from the very beginning it was
considered as an application specific integrated circuit (ASIC) integrated
into the GPU— see, for example, [71]).

Formula (1) reflects the BLAS function GEMM (here A, B, C are

two-dimensional matrices, the dimension of A is M x K, the dimension
of B is K x N, the dimension of matrix C is M x N).

(1) C=aAx B+ 50

Already in the first tensor cores (in V100), the FP32 format was used for
C, and FP16—for A and B [72]. In the A100 you can use BF16 for
A and B, and TF32 for C (although in the A100 it is now possible to work
with the FP64 format in tensor cores) [73].
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TABLE 2. Reduced precision floating point formats on GPUs

Number format Number of bits
Number’s sign | Exponent | Mantissa | In register!

FP32 1 8 23 32
TF32 1 8 10 32
TF32+ 1 8 15 32
FP16 1 5 10 16
BF16 1 8 7 16
FP8-E4M3 1 4 3 8
FP8-E5M2 1 5 2 8

L TF32+ format is only supported by BR100 [35], and FP8 formats are
supported by H100 [78].
This table uses data from Table 11 in [79] with the addition of a TF32+ format line for
BR100 [35].

Similar mixed-precision matrix operations are performed in modern GPUs
on special matrix blocks (see terminologies from different manufacturers
in Table 1) and are carried out for matrices of very small sizes from a fixed
set. For example, in tensor cores A100 for all matrices from formula (1)
with FP64 format M x N x K =8 x 4 x 8 [17]. Many reduced-precision
floating-point number formats have begun to be used on GPUs (primarily for
AT tasks); The basic parameters of formats with reduced (relative to FP64)
precision are shown in Table 2 (this table shows only formats for floating
point numbers— but in Al it is also possible to work with integers reduced
to 8 bits in length, INTS).

Some of these reduced precision formats are not supported by the
IEEE-754 standard [74], but are supported by specific GPU manufacturer
models (TF32, TF32+, BF16, and FP§ formats). It should be noted here
that the TF32 and BF16 formats are considered effective for deep learning
(see, for example, [17,75]). TF32 uses the same 10 bits for the mantissa as
FP16, but due to the longer exponent, the range of numbers represented is
larger, which is important for Al tasks [76]. And in [77] the possibility
of using FP8 formats for deep learning is considered.

Since using reduced-precision formats on the GPU can lead to very
important performance increase, little by little the ability to work with
reduced (relative to FP64) precision has begun not only to be used in Al
but to be studied in other well-known HPC areas, including: FP32 in CFD
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(there were also attempts to work with FP16) [80], FP32 in classical
molecular dynamics (in [81] the performance increase on FP32 was
measured not on the GPU), FP32 in quantum molecular dynamics (there
were also attempts to work with FP16) [82,83], in quantum chemistry
[84,85]. The corresponding increase in performance may be due not only
to a direct increase in the actual performance of the GPU cores due to
a decrease in precision, but also to a possible dramatic reduction in the
requirements for GPU memory capacity.

Naturally, studies began to appear on achieving acceptable precision
of results when working with reduced precision in mathematical methods,
for example, when solving the Poisson equation [86]. Methods for correcting
possible errors relative to FP32 during calculations with FP16 and TF32
(when working on A100 tensor cores) are proposed in in [87]. It is clear that
when working with reduced precision, fairly detailed systematic studies are
required, which may not have time to be carried out due to the ultra-fast
development of modern GPUs and the creation of new data formats in them.

Even in AI, the use of, for example, TF32 with a mantissa reduced
relative to FP32 makes detailed studies relevant due to possible problems
with the convergence of deep learning. Therefore, the TF32+ format
available for BR100, which has a larger number of bits for the mantissa
than in TF32, may be interesting. And, for example, in molecular dynamics,
modern software packages running on the GPU often have options that
allow calculations with reduced precision (for example, for two-point
atom-atom interactions) and in a large number of cases give acceptable
results— however, sometimes this leads to error. The author is not aware
of publications that formulate in which cases such errors occur. For
quantum chemistry the situation may be more complicated, for example,
in iterations with self-consistent total energy. The author is currently
generally wary of HPC calculations with reduced precision.

But until now, tensor cores are considered as ASICs focused on machine
learning tasks (see, for example, [88]), although recently there have been
works aimed at expanding the application of matrix multiplication with
tensor cores to HPC (see, for example, [89]). But in general, for HPC it’s
necessary to be based on the performance achieved by specific applications.
And in [90] it was found that of the 77 known HPC benchmarks selected
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there, only 10 used GEMM. And from the point of view of power efficiency,
the use of emulation of FP64 and FP32 formats with reduced precision
on the V100 tensor cores is significantly worse than the use of vector cores
there. Therefore, for wider use of tensor cores on HPC, from the author’s
point of view, they need hardware support for FP64, which Nvidia began
with the A100.

In general, issues of working with numbers of different precision are
of more general importance, not only for GPUs. For example, in [91]
proposed a new combined multiply-and-add unit targeting HPC and Al
tasks to handle formats having different precision. Some information
about the achievable precision when running on tensor cores for matrix
multiplication using mixed-precision operations is given very briefly later
in Section 4.1.4, which discusses the achievable performance on the A100.

2. New Chinese GPU BR100

This review starts with the Biron Technology BR100 for a number
of reasons. This accelerator differs quite significantly in design from
more traditional Nvidia and AMD GPUs, even in the form of terminology
used. There are almost no publications assessing the performance of the
BR100 in benchmarks and applications, and the prospects for their further
production have become doubtful due to US sanctions. Therefore, the
terminology used for BR100 was not shown in Table 1. Nevertheless,
the analysis of BR100 seems interesting, including as a possible effective
alternative to modern Nvidia GPUs.

The appearance of these GPUs was clearly evident for two reasons— the
high speed of development (they were made “almost from scratch” in just 3
years) and the declared superiority in performance of this Chinese GPU over
the Nvidia A100 (the H100 simply did not exist then).

It should immediately be noted that the BR100 is very clearly focused
on working in the field of AI, which allowed the developers to make a clear
gradation of importance when designing the microarchitecture. The main
available source of information on the BR100 (also used in this review)
is a report at the 2022 Hot Chips 34 conference [35], and additional
information is available on the developer’s website [51]. There were also
minor clarifications in the interview with Biren Technology director Zhang
Wen [92]. Certain comparisons of the characteristics of the BR100 with
other GPUs are then carried out only in relation to the A100, since this
model is classified as a base model in the review.
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BR100 Architecture Diagram

~

F1cure 1. BR100 microarchitecture (figure from [35])

The overall microarchitecture of the BR100 is shown in Figure 1 [35].

The BR100 family contains two different models— the BR100 and the
simpler, cheaper BR104, so BirenTech now also uses the BR10X name [51].
General characteristics demonstrating the success of the BR100 family are
usually given for the BR100 model (see also Table 3). It should be noted
here that the BR100 uses chiplets, is based on the use of two tiles (see
Figure 1), and is manufactured using TSMC 7 nm technology (CoWoS
2.5D [35]). BR100 contains 77 billion transistors with a total area of 1074
mm?. The BR104 has one tile, and many indicators are also half that
of the BR100 (see Table 3).

The main component shown in Figure 1 that determines the achieved
performance of the BR100 is the SPC (Streaming Processing Cluster),
which can be partly considered a kind of analogue of the Nvidia GPC
(Graphics Processing Cluster) in the A100. Each of the two BR100 tiles
has 16 SPCs.

Each SPC contains 16 EU (Execution Unit) blocks, which contain the
actual computing components of the GPU— 16 vector cores (V-cores),
and one tensor core TDA (Tensor Data Accelerator) [35]. With a target
clock frequency of 1 GHz (it is noticeably lower than the accelerated core
frequency in the A100, see Table 13 below) and knowing the number
of FP32 results achieved per clock cycle in the V-core (FP64 is not
supported in the BR100, which is due to the focus on AI), this makes it
possible to calculate peak performance with FP32. Table 3 provides data
on the peak performance achieved when working with TDA (since they are
especially relevant for Al tasks, which the BR100 is primarily focused
on) [51]. The peak performance values achieved (for Al-relevant data



ENZRY NEw GENERATION OF GPGPU AND RELATED HARDWARE 323
TaBLE 3. Comparison of BR100 and A100 specifications
BR100! BR1042 5
GPUs (Walli 100P) | (Walli 104P) A100-PClIe A100-sxM4°
Technology, nm 7 (TSMC)
Full-length
Form factor 0AM two slot PCle PCle SXM
board

Performance
(peak):*
FP32 (TFLOPS) 240 112
TF32+ (TFLOPS) 480 224 156,/312%6 156,/312%6
BF16 (TFLOPS) 960 448 312/6243 312/6243
INT8 (TOPS) 1920 896 624/12483 624/12483
Memory type and HBM2E HBM2E HBM2E HBM2E
capacity 64 GB 32 GB 40 GB 80 GB
Memory bus width 4096 2048 5120 5120
(bits)
Peak Bandwidth
(TB/s) 1.64 0.819 1.9 2.0
Interconnect to BLink BLink . .
GPU, Peak (8 ports x8), | (3 ports x8), | NViinkS, | NVLinks,
Bandwidth (GB/s) 448 192

PCle-5.0, PCle-5.0, PCle-vd
Interconnect to CPU | x16 with CXL | x16 with CXL 16 NVLink3

support support
TDP, W 550 300 250 400
L see [99];
2 see [100];

3 after the slash data is given when using sparsity;

4 data using tensor cores are presented;

5 data from [93,94];

6 for A100 data is given for TF32.

formats) are only slightly below initial expectations [35] and 1.5-2 times
higher than in A100.

In fact, in the hierarchy from the SPC to EU level in BR100 there is

an intermediate level — CU (Compute Unit) blocks, each of which can
contain 4, 8 or 16 EU blocks (see the right side of Figure 1) [35]. CU can be
considered an analogue of SM (Streaming Multiprocessor) in A100.

A CU with four EUs has a 64 KB L1 cache (LSC). Next in the memory
hierarchy is the L2 cache with a capacity of 8 MB per SPC, which gives
256 MB for the entire BR100. HBM2E memory with a capacity of 64 GB
(in modern A100 models the capacity is increased to 80 GB— see, for
example, [93]) has an interface width of 4096 bits with a bandwidth that is
also lower than that of the A100 with 80 GB [93] (see Table 3).
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To achieve high GPU performance, memory bandwidth is important,
and some lag here between the BR100 and the A100 is compensated by the
huge capacity of the L2 cache (the A100 has a much smaller L2 cache
capacity —40 MB [94,95]). To maintain more efficient operation of the L2
cache in the BR100, use Near Memory Computing [92]. Obviously, this is
a certain analogue of the Near Memory Processing paradigm, close to the
PIM, processing-in-memory paradigm, the goal of which is to spatially
combine computing units with memory and greatly reduce data transfers
between them [96], applicable for AI tasks [97,98].

Turning to the bandwidth, it is equally important for communication
between two BR100 tiles, and is 896 GB/s [35], which allows the BR100 to
be treated as one common GPU.

For communication with the CPU, PCle-5.0 (x16) is used, with support
for CXL (Compute Express Link) — an interconnect with support for cache
coherence [101,102], which has a clear tendency towards standardization.

Up to 8 BR100 GPUs can be installed in one server, and for com-
munication between such GPUs, point-to-point communication channels
(i.e., between each pair of GPUs) BLink are used, which uses SerDes
(serializer /deserializer) [92]. One BLink has a bidirectional bandwidth of
64 GB/s [35], respectively, for 7 BLink channels connecting one GPU to
all others, the total bandwidth is 448 GB/s. Choosing to fully support
all point-to-point connections gives the BR100 an advantage due to the
absence of potential contention when multiple GPUs share interconnect
bandwidth, while GPU-to-GPU communication via the CPU has its downsides
in bandwdith and latency [3]. Therefore, as noted in [3], the topology
of such interconnect is very important.

For communication between the A100 GPU with the SXM4 form
factor [103] the Nvidia NVLink3 interconnect [94] is used, where 12
channels with a bandwidth of 50 GB/s are used to connect the GPU-GPU —
accordingly, a bidirectional bandwidth of 600 GB/s is obtained [94], which
is much more than for BR100. The BR100’s communication with the
CPU has significantly higher bandwidth (896 GB/s) than the NVLink3’s
600 GB/s. And in the A100 with PCle-4.0 model, the communication
bandwidth between GPUs is the same as that of the BR100, 64 GB/s [93].

It is clear that the effectiveness of a GPU interconnect can only be
assessed by the measured performance of benchmarks or applications, which
is practically non-existent for the BR100 at the moment. The observed
orientation of applications to minimize all communications between the CPU
and GPU (this is one of the basic rules of optimization in CUDA on the
A100 [104]) suggests that scaling performance with increasing number
of GPUs in a server with A100/SXM4 (in the case of rather large requirements
for such communications) will be higher than in a server with BR100.
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The advantage of BR100 is the use of 0AM Spec v1.1 [92] — a rapidly
spreading and actually claiming to standardize the 0AM (OCP Accelerator
Module) form factor [105] (the corresponding module with BR100 is called
Wallil00 [92]); And the BR100 is located on the UBB board [92], which
can also become the standard of the future [105]. For comparison, the
A100 with a high-speed NVLink3 GPU interconnect uses Nvidia’s own SXM
form factor, while the maximum number of GPUs in a server (for example,
in the famous Nvidia DGX for AI) is also 8 [106].

Of course, BR100 provides a number of other features not discussed
here— including 4 blocks of special functions (Special Function Units—
SFU, analogues previously known in Nvidia GPUs, used, among other things,
to calculate elementary functions); ability to work with NUMA and UMA;
support for up to 8 virtual GPUs (Secure Virtual Instance, SVI — analogous
to Nvidia MIG, Multi-Instance GPU), which allows several applications (that
do not support good scaling to a full GPU) to effectively work with the one
GPU simultaneously [35,99]. Classic shader blocks for image processing are
completely absent in the BR100, which is due to the unique orientation
of this GPU towards AI (the video codec is supported [99], but this is not
discussed in the review).

Another important modern GPU parameter is TDP — according to
Table 3, BR100 needs more power consumption than A100. If we calculate
power efficiency (performance per watt), then, for example, for the BF16
format relevant for AI in the BR100 it is higher than that of the A100
with SXM4 or PCle (without using sparsity). The created Haixuan 0AM
server [92,99] contains 8 BR100s and has a peak performance (for BF16)
of about 8 PFLOPS with a maximum TDP of 7 kW [92] (see Figure 2) [35].
Together with Inspur, a well-known manufacturer of multi-GPU servers for
AT cluster solutions are also planned [92].

The BR104 not only has half the performance and memory capacity
(see Table 3), but also the number of Blink ports is 3— accordingly,
fewer GPUs can be installed in one server. The announcement of the
Wallen Technology Wallace 104 server with BR104 was reported in a
number of media. The form factor is also important here— the BR104
uses a full-size two-slot board [100]. This can be compared with the
A100-PCle— based on them, Nvidia produces, for example, HGX modules
(with a PCle form factor) for servers, including two connected via the
NVLink Bridge GPUs [93].

Regarding the BR100 (Bi Liren) architecture in a general sense, and
not about the microarchitecture, it should be noted that there is a large set
of supported data formats (Table 3 shows the performance for only some
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OAM Server Interconnect Topology . e

NIC | | NIC c NiC | | NIC

FIGURE 2. Interconnect topology in a server with BR100
(Figure from [35])

of them): INT8, INT16, INT32, FP16, BF16, FP32, TF32+. Information
about them, primarily about the original development of Biren Technology
TF32+, is available on a number of sites (see, for example, [107]). TF32+
looks like an attempt to improve the well-known TF32 format for tensor
cores from Nvidia [94] (see Table 3), with the help of which the BR100
developers wanted to increase precision and performance [51]).

To work with BR100, a set of software tools BIRENSUPA (BIREN
Scalable Unified Parallel Architecture) [92]— was developed — drivers, the
BRCC compiler with support for extended C++, program libraries and
other tools focused primarily on deep learning [35,108]. BIRENSUPA has
a programming paradigm and language style similar to NVidia CUDA, and
also uses hardware capabilities unique to the BR100 [92]. But there were
no publications demonstrating the use of these software tools and the
actual performance achieved at the time of writing the review.

As for performance for Al, for BR104 there is data for two tests from
the well-known set of benchmarks for the machine learning inference stage,
MLPerf inference datacenter™ version 2.1 [109,110] for data centers.
The MLPerf inference datacenter benchmarks results show how quickly
a trained neural network can perform inference tasks on new input data.

The first benchmark for image classification from the MLPerf Inference
datacenter is based on ResNet (residual neural network) using the famous
artificial neural network technology; ResNet has been expanded and
modernized many times, and has been used, for example, for image
processing for the diagnosis of COVID-19 (see, for example, [111]). Another
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TABLE 4. MLperf 2.1 inference datacenter benchmarks data
(December 2022) on servers with GPUs

I Natural
mage. Language
Cl(aim%cga[;gl)on Processing
Number =997 _
%lgg_ of GPUs Server model and (A=99.9%)
Is in the manufacturer offline offline
€ server server (sam- server (sam-
(queries/p) ples/s) (queries/s) ples/s)
BR104,| 4 Inspur NF5468M66! | 150027 | 212391 | 8993 | 11106
PCle 8 Inspur NF5468M66-P2 | 200052 | 424660 | 13952 | 22134
‘:xlb?o’ 4 Lenovo SR670v23 | 150027 | 174180 No data
80GB 4 | Dell PowerEdge XE85454| 128029 | 131364 | 5207 | 5476
A100,
PCle, 8 ASUS ESC8000A-E11° | 270066 | 283838 11496 13129
80GB
‘SA‘;D?O’ Inspur N5688M66 | 313069 | 347202 No data
30GB 8 Inspur N5488A57 | 200066 | 346954 | 13594 | 14977
H100,
SXM, 1 Nvidia Preview® 58995 81292 6195 7921
80GB

I with Intel Xeon Gold 6354 and sulnfer;

2 with Intel Ice Lake-SP 8368 and sulnfer;

3 with Xeon Platinum 8360Y 2.40 GHz and with CUDA 11.6;

4 with EPYC 7763 and with MaxQ, TensorRT 8.4.2 and CUDA 11.6;
5 with 64-kernel EPYC 7763, TensorRT 8.4.0 and CUDA 11.6;

6 with Xeon Platinum 8358, TensorRT 8.4.2 and CUDA 11.7;

7 with EPYC 7713, TensorRT 8.4.2 and CUDA 11.7;

8 with 8-kernel EPYC 7252, with TensorRT 8.5.0 and CUDA 11.8.

benchmark for work with natural language, BERT (Bidirectional Encoder
Representations from Transformers), uses a transformer-based machine
learning model to pre-train natural language processing using a bidirectional
encoder [112]. This method is extremely widely used and is probably most
famous for its use by Google LLC.

The results of these famous tests, presented in [109] for servers with 4
or 8 BR104 GPUs, as well as for servers with 4 or 8 A100 GPUs, are shown
in Table 4, which selects the highest performance results achieved. The
specified data for GPU BR104 and A100 refers to the class of available (that
is, the corresponding servers can be purchased).

In these tests, the required accuracy of inference (A) is 99% or 99.9%
relative to FP32. But we must keep in mind that the achieved performance
may significantly depend on the software development systems used. For
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the A100, in addition to basic CUDA tools, to achieve high performance, To
achieve high performance, special Nvidia TensorRT software [113] was
used; For BR104, sulnfer tools were used.

Performance data from MLperf inference datacenter 2.1 using 4 and 8
BR104 GPUs in Inspur servers showed the performance advantage of BR104
in the natural language processing (NLP) test with the BERT model by
one and a half to two times when using the same number of BR104 or
A100 in the server. In the "offline" scenario of the image classification
test with the ResNet model on servers with 4 and 8 GPUs, servers with
BR104 are also faster than servers with A100 (see Table 4), and in the
"server" scenario of this test on servers with 4 GPUs, A100 is not ahead
of servers with BR104, but significantly faster than them when using
8 GPUs. This may also be due to the advantage of NVLink3 over BLink
with such a number of GPUs.

These tests may require less computational resources than MLPerf
Training, often run on the A100 GPU: MLPerf Training measures the time
required to train machine learning models to a target level of accuracy,
where the main tasks are the actual training.

The above data about the BR100 clearly indicates that it is designed
to compete with Nvidia GPUs, which should be supported not only by
the higher peak performance of the BR100 and the high performance
achieved in Al tests. A clear focus on extremely rapidly developing and
commercially relevant Al tasks (which made it possible to target the BR100
hardware more narrowly and economically), and the use of hardware that
claims to be standardized should help reduce the cost of the BR100, which
is combined with the initially rather typical for Chinese manufacturers
lower cost relative to products Western countries.

However, the situation with the BR100 changed dramatically due
to US sanctions imposed in 2022, as a result of which TSMC stopped
manufacturing and supplying BR100 chips. This has been widely discussed
in various media, but here it should only be noted that this ban is aimed
against possible competition with Nvidia and does not contribute to the
acceleration of the development of the global GPU market.

3. Intel Data Center GPU Max (Ponte Vecchio)

The choice of Intel Ponte Vecchio (hereinafter abbreviated PVC) as
a new generation of GPUs as the next object of analysis is due to the fact
that at the time of writing the review they had just appeared on the
market in the form of several different Data Center GPU Max models, and
scientific publications about their performance are almost are missing.
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Intel’s information about available PVC models was changing at the time
of writing this review. And the PVC architecture (and the software SDKs
used) are quite different from the more “traditional” GPU architectures from
Nvidia and AMD.

The appearance of PVC has been expected for several years; in September
2022, Intel announced the start of supply of PVC to the Aurora supercomputer
at the Argonne National Laboratory in the US. But this supercomputer is
missing from the June 2023 Top500 list.

3.1. PVC hardware

Intel developed the X¢ architecture (“eXascale for everyone”) for use
in a wide variety of classes of GPUs (not just GPGPU), to work with both PCs
and servers. X°¢ has a common instruction set architecture (ISA), and
Intel uses 4 different microarchitectures— each class of GPU has its own
microarchitecture [69]; PVC uses the X¢ HPC GPUs [114,115]. For data
centers, Intel offers Data Center GPU products, including two series— Data
Center GPU Max [116],— this is the official name that replaces the use
of the Ponte Vechio code word (abbreviation PVC in this review), and the
Data Center GPU Flex series [117] with X°-HPG microarchitecture.

The review considers only the family of HPC-oriented GPUs with the X¢
HPC-GPU microarchitecture— Data Center GPU Max (PVC is designed to
work in exascale supercomputers; PVC further means the senior model
of this series, Max 1550— for the formation of the Aurora supercomputer,
Intel supplied this GPUs, and data about it have been presented in a number
of publications cited here in the review). Intel points to 3 different models
in this family, the recommended price data for which was expectedly not
provided on the website ark.intel.com at the time of writing the review —
in accordance with the corresponding lack of similar price recommendations
from other manufacturers of new generation GPUs. Table 5 shows the
basic specifications of various PVC models. This table shows only GPU
specifications that are primarily relevant for classic HPC tasks. And, for
example, the number of blocks in PVC for processing ray tracing, which
can also be used for AI tasks (see, for example, [118]), is not given here
(there are as many of them in PVC as X¢ cores— 128) — because hardware
capabilities of PVC for ray tracing are also not discussed in the review.

For the production of PVC, it was planned from the very beginning
to use three-dimensional laying based on tiles [114,120]. Intel could
have been pushed to this point by a certain lag in its own semiconductor
technology (sometimes formulated as rumors [121]). According to a report
from the famous exascale computing project ECP [67], PVC was planned for
delivery in 2021.


ark.intel.com

330 MiknaiL B. KuzMINSKY ENZERY

TABLE 5. Basic characteristics of Data center GPU Max series
models (PVC)

aPU Number of Frequency (GHz) .Memory ‘ TDP,
model | X cores XMX XVE Base Max. Cagaglty, balédgv/l;ith, Watt
1100 56 448 448 1.0 1.55 48 1228.8 300
1350 112 896 896 0.75 1.55 96 2457.6 450
1450 128 1024 | 1024 no data 128 no data 600
1550 128 1024 | 1024 0.9 [ 1.6 128 3276.8 600

XMX(X® Matrix eXtensions) — matrix units, XVE (X° Vector Engines)— vector units. The

data in the table is taken from different (in time) versions [116] and [119]. Models 1350 and
1450 are marked in red because they are not listed on ark.intel.com at the time of review
writing.

PVC uses three-dimensional Co-EMIB (Co-Embedded Multi-Die
Interconnect Bridge) technology using chiplets, which promotes high
performance, and with PVC we can talk about working with PIM architecture,
aimed at solving the problem of exchanging large amounts of data with
memory [122]|. The construction of three-dimensional processors from
several crystals (dies) in [123,124] is indicated as a progressive way to
ensure the continuation of Moore’s law, and three-dimensional memory
began to be made quite a long time ago, which was the case not only for
HBM (see, for example, [125]).

Here it is necessary to point out an alternative option for integrating
different dies into a whole (Intel’s tiles in PVC) using chiplets, used by
AMD, including when building the MI200 GPU. For a modern overview
of chiplets, see [126], and modern AMD GPUs are discussed below. It
should also be noted that the standard chiplets interconnect, which is being
developed by a consortium of a number of companies, including Intel,
AMD, ARM, Google and TSMC, includes not only the physical layer —
there is now a UCle 1.0 specification [127].

Model PVC contains 100 billion transistors arranged in 47 functional tiles
(thermal tiles are not counted here), combined into 5 nodes [116,128-130].
Of this large number of tiles, two tiles are basic, 16 are compute tiles (see
Figure 3 [131]), 8 are HBM2E memory tiles. The PVC is structured as 2
hardware stacks [129]— each of the two base tiles contains 8 compute tiles
and 4 memory tiles (the logical relationships of these PVC components
are presented in Figure 3). Basic tiles also contain PCle interfaces and
channels to HBM2E.

These tiles, as well as the interconnect tiles between GPU PVCs, X°
Link [129,130] will be briefly discussed below. Rambo (Random Access
Memory, Bandwidth Optimized) cache tiles were also planned for PVC [129],
but for the X¢ architecture in [114] they are listed as optional, and they
are not included in the microarchitecture datasheet [130].
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Multi-Tile Architecture
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Ficure 3. Tile-based PVC architecture (drawing from [129])

The implementation of advanced multi-chip 3D technology is discussed
in more detail in [128]. Consideration of technologies is not within the
scope of this review; It should be noted only the use in PVC of a 24-layer
substrate, which ensures operation with overos three-dimensional stacking
technology [132] and with 2.5D EMIB (Embedded Multi-die Interconnect
Bridge) technology [133], which when used together they are called
Co-EMIB [122]. EMIB is used to support local internal interconnects;
Foveros with Intel 7 technology (formerly Enhanced 10nm SuperFin)
is used in base tiles. Memory tiles are made using Intel 7 technology,
Compute tiles are made using TSMC N5 technology, and HBM2E memory
tiles are made using TSMC N7 technology. PVC is manufactured for the 0AM
1.1 form factor [134]), which provides high equipment packaging density
and, as noted above in Section 2, is intended to be used as a standard.
Tiles are further considered not in technological terms, but simply as
certain blocks of microarchitecture— accordingly, some types of tiles are
not mentioned here at all.

It should be noted here that Intel also uses other terms (not just tiles)
to refer to X class of microarchitectures hierarchies [69,130]. Subslices
are not used for PVC, they are an analogue of X¢ cores in PVC. In PVC
(Data Center GPU Max, below the level of the entire GPU, there are 2
levels of hierarchy — a slice (X¢ HPC Slice) and a stack (X°¢ HPC stack).
Slice has 16 X¢ cores and 16 ray tracers. The stack contains 4 slices
(respectively with 64 X° cores and 64 ray tracing acceleration devices)
[69,115]. In addition, the stack has an L2 cache, a memory controller,
a PCle-v5 interconnect and 8 X° Link channels (see below). PVC scales up
to two stacks— up to 128 X cores [116,130]. X¢ cores are analogous
to SM in Nvidia GPUs, and comparing their number is often used when
comparing different GPUs (as well as the number of cores in the CPU).
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TABLE 6. The number of operations per clock cycle performed
in one X° core and in the hierarchy of units performing
calculations for different data formats [69]

Execution units | Data format Number of operations per cycle
FP64 256
8 x XVE FP32 256
FP16 512
TF32 2048
FP16 4096
8 x XMX BF16 4096
INT8 8192

Slice— 16 times more execution units and operations per clock cycle

Stack— executing blocks and operations per clock cycle are 4 times more

Double-stack PVC (model 1550) — still 2 times more execution units and operations
per clock cycle

XMX does not support the use of the FP64 format

A general description of the PVC microarchitecture is available in [130].
Each computing tile contains 8 X¢ cores, of which there are 128 pieces
for the entire PVC. Each X¢ core has 8 XVE vector engines with 512-bit
vector lengths and 8 XMX matrix engines working with 4096-bit operands
[69,129,130], and has a X¢ Link, interface based on a coherent interconnect
CXL [135] (also previously developed by Intel).

Accordingly, the PVC has a total of 1024 XVE vector engines and 1024
XMX matrix engines. XMX are an analogue of Nvidia tensor cores (this was
indicated in Table 1 in the introduction), which are found not only in the
V100 and A100 GPUs, but also in other Nvidia graphical processors [136].

XVE units operate on 512-bit operands and use multiply-and-add
operations. This gives the X¢ core 256 FLOPS per clock for FP64 (and for
FP32 too) [129].

Table 6 shows the number of operations performed per clock cycle with
the different data formats available for XVE and XMX [129,130]. This allows
peak performance P to be calculated using clock frequency v. So, for FP64
or FP32 formats when working with XVE P = 128 x 256 x v, that provides
52.4 TFLOPS (Table 7 shows numbers rounded to the nearest integer,
taken from the Intel overview [130]). Considering the possible values of
v, given in Table 5, it becomes clear that this numbers are calculated
assuming operation at the maximum, and not at the base frequency.

From the data in Table 7, we can conclude that when using vector
(without using matrix blocks) operations, peak performance for FP64,
traditional for HPC, grows monotonically with the start date of new GPU
models.
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TABLE 7. Comparison of vector and matrix (XMX) peak
performance of Intel PVC and GPUs of other companies for
different data formats

Eirrff’;t?ance for different | pye | A100 | H100-8xM | H100-PCle | MI250X
FP64 (TFLOPS)? 52 | 97 33.5 25.6 47.9
FP32 (TFLOPS)! 52 | 195 66.9 51.2 479
XMX TF32 (TFLOPS) 419 | 156 | 4947 378 No
XMX BF16 (TFLOPS) 832 | 312 | 9894 756 383
XMX FP16 (TFLOPS) 832 | 312 | 989.4 756 383
XMX INT8 (TOPS) 1664 | 624 | 1978.9 1513 383

I Data without matrix operations (XMX in PVC does not support FP64). With the
use of tensor cores, the peak performance of the H100, A100 and MI250X is twice
as high. Data for Nvidia H100 are taken from [78], for A100— from [73]; data
om PVC— from [130,138].

In the field of AI the FP32 format is normal, and it’s possible use
FP16/BF16, including on XMX (see the text above in the discussion
of formula (1)). The square root operation in FP32 format, according
to [69], gives four results per clock cycle in XVE.

For Intel graphical processors, not very low frequencies are observed;
For example, Arc Alchemist can reach more than 2 GHz [137]. Previously,
in [129] it was indicated that the FP32 peak performance was expected to
be at least 45 TFLOPS— this most likely means that Intel managed to
increase the clock frequency compared to last year’s prototype in PVC.

Nevertheless we must keep in mind that the power consumed in this
case increases in proportion to the frequency, and increasing the frequency
to maintain reliable operation of the chip often also requires an increase
in voltage, the square of which is proportional to this power. The TDP
of the PVC model under consideration is 600 W, and assumes liquid
cooling [129] (see also comparisons of Data Center GPU Max models
in Table 5). In [129] another PVC model with possible air cooling and a TDP
of 450 W is indicated — this corresponds to the Data Center GPU Max 1350
model.

However, in mid-2023, Intel announced the discontinuation of the Max
1350 model due to the creation of a modified version of the Max 1550 with
air cooling, and plans to produce a new Max 1450 model [139].

Table 8 provides a comparison of PVC (by default, this refers to the only
model 1550 available at the time of writing the review) with other GPUs
considered in the review in terms of other very important for performance
indicators.
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TABLE 8. Comparison of PVC hardware specifications with
other modern GPUs

GPUs PVC H100 A100-sXM4-40GB | MI250X
Intel 7 (7 nm) | TSMC

Technology & TSMC N5 | 4N (5 | TSMC N7 (7 nm) (TGSI&?
& TSMC N7 nm)

Memory capacity, GB 128 80 40 128

Memory type HBM2E HBM3 HBM2 HBM2E

Momory bus width, 8192 5120 5120 8192

Bandwidth, TB/s 3.3 3.0 1.6 3.2

Form factor 0AM SXM SXM 0AM

TDP, W 600 700 400 560

Multi-Tile Architecture

HBM PHY HBM PHY PCI Gen

Compute Compute Compute Compute
Tile Tile Tile Tile

RAMBO RAMBO RAMBO  RAMBO

Compute Compute Compute Compute
Tile Tile Tile Tile

(8IW3-00) B1L 0} B1LL

Xe Link PHY HBM PHY HBM PHY

FIGURE 4. Memory hierarchy in PVC (Figure from [129])

Due to the high computing performance of modern GPUs, actual
performance achieved when working with them is often limited by memory
bandwidth, which happened before (see, for example, [140]), and now often
happens (see, for example, [141,142]).

A discussion of the PVC memory hierarchy should begin with the
register file, which has a capacity of 64 MB (512 KB per X¢ core) and
provides a bandwidth of 419 TB/s [120]. The L1 cache is traditionally
divided into an instruction cache and a data cache, which has a capacity of
512 KB per core [129,143]. The PVC also has SLM (Shared Local Memory)
with a total capacity of 8 MB for the entire PVC [69]— see Figure 4.

Each compute tile has 4 MB L1 [129], a total of 64 MB per PVC,
with a bandwidth of 105 TB/ [120]. The 408 MB L2 cache (204 MB per
stack)[144] on the base tile [129] has a bandwidth of 13 TB/s [120]. Data
for other Data Center GPU Max models is shown in Table 9.
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TABLE 9. Memory hierarchy and interconnects of data center
GPU Max series models
L1 cache, L2 cache, HBM2E HBM2E Number
GPU MB — per MB —per capacity per bandwidth of X¢
model | GPU/per one | GPU/per one one X¢ HPC TB/ ’ Link
X€ core X€ HPC stack stack, GB s ports
1110 28/0.5 108 481 1.2 6
1350 48/0.5 216,/108 48 2.5 16
1450 64/0.5 408/204 64 no data
1550 64/0.5 408,/204 64 3.3 l 16

! Model 1110 has only 1 stack. The table data is taken from [69,116] and [119].
Models 1350 and 1450 are marked in red because they are not listed on ark.intel.com
at the time of writing.

In addition, in [129] it is indicated that the base tile contains a TLB
buffer, traditional for conventional CPUs (which can also be considered some
kind of cache), and also a RAMBO SRAM cache— see Figure 4. This
cache consists of 4 banks with a capacity of 3.75 MB on a base tile that
also contains a cache switch [129]. But the technical review of Intel Data
Center GPU Max[130] does not mention the presence of a RAMBO cache.

The HBM2E memory itself in PVC combines up to 128 GB (8 tiles)
and operates over a channel with a width of 8192 bits [120]. As stated
in [69], the GTI (Graphics Technology Interface that connects the GPU to
the rest of the computing system) bandwidth of a single PVC stack is
1024 bytes/cycle for reading or writing, which for a dual-stack PVC with
a maximum frequency of 1.6 GHz (for 1550 model) provides bandwidth
of approximately 3.3 TB/s (see Table 5). The bandwidth of this memory
for other Data Center GPU Max models is also shown in this table.

Although each of the two EMIB-linked (up to 230 GB/s in both
directions) stacks has its "own" L2 cache and 64 GB HBM2E memory [130],

Before considering scaling computing resources using the X¢ Link
hardware available in Data Center GPU Max which provides coherent
interconnection between GPUs in the server [130], it is necessary to point
out the differences between different GPU models of this series (see Tables 5,
9). In addition to the older Max 1550 model, there is also data on the Max
1450, 1350 and 1100 models (as noted above, Intel no longer plans to
produce the 1350 model).

Of particular interest is the future Max 1450 model, which has the
same number of X¢ cores as the Max 1550. And Max 1110 consists not
of two, but of one stack. The number of X¢ cores in different models
is proportional to the total capacity of HBM2E and L1 and L2 caches:
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FIGURE 5. Interconnect between PVCs (Figure from [146])

in the Max 1100 model the corresponding capacities are 28 and 108 MB.
Naturally, as the number of X¢ cores in the models decreases, the TDP also
decreases (see data in Table 5).

Here we can draw an analogy with three different models of GPU MI200
from AMD: the top model MI250X has two GCD (Graphics Compute Die),
like the MI250 (which simply has fewer cores), and the bottom model
MI210 has only one GCD (see below in the section about GPUs from AMD).

The bottom Max 1100 model is also distinguished by a reduced number
of physical X¢ Link ports (see Table 9), but it also uses a form factor
different from 0AM— PCle AIC (add-in card) [116] (add-in card). PVC,
which can be classified as a system on a chip (SoC) [114] has a PCle 5.0
x 16 interface [130] with a bandwidth of about 63 GB/s [69]; In all Data
Center models, GPU Max PCle 5.0 is used to communicate between the GPU
and the host [116].

The X¢ Link tile supports embedded switch and 8 X® Link channels,
with each channel communicating directly to each (see Figure 5) [143].
And in two stacks there are respectively 16 X Link channels [69]. In [130]
reported a per-X¢ Link bandwidth of 26.5 GB/s in each direction. X¢
Link is designed to provide coherent communication between X HPC
stacks. This accordingly includes both internal communication in PVC (0AM)
and between multiple PVCs (0AM) [130]. This interconnect, used for
communication between multiple GPUs in a server, allows for efficient
operation in SYCL with USM (Unified Shared Memory) mode [69].

What’s important is how the Max 1550 and Max 1450 logically
look to the user. Given the X® Link bandwidth mentioned above, the
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communication bandwidth between the two stacks is much lower than
the memory bandwidth on a single stack. In the AMD MI250X/MI250,
which is similar in this regard, therefore each GCD there logically looks like
one GPU. In [144] states that users treat two PVC tiles as two processors.
However, in Intel’s oneAPI GPU Optimization Guide [145] states that
moving from one stack to two requires simply changing an environment
variable, meaning the Max 1550 gives you the choice of running it as two
different GPUs or as one big GPU.

PVC officially began to be supplied by Intel already at the time of writing
the review, and many details at the hardware level were not yet available,
for example, latencies values, which is also important for communications
via X¢ Link, including between PVC stacks.

In [130], two types of solutions supported by Intel for scaling computing
systems due to an increase in the number of X¢ HPC stacks are indicated:
scaling inside (scale-up)— inside multi-GPU servers, and scaling outside
(scale-out), which refers to the cluster, containing GPU nodes. Above we
actually talked about scale-up scaling.

The scale-out solution can scale to a cluster containing a maximum
of 64 0AMs interconnected via X°¢ Link Glueless. Further scaling along
with Infiniband allows to build a system with up to 512 interconnected
0AMs [130]. “Glueless” interconnects ((where are no intermediate chips) have
been known for a very long time; They provide very low latencies [147].

And first it is planned to use the Tuscany configuration, in which
a common board with four 0AMs can be connected to the server via PCle
5.0. Options are available with Data Center GPU Max with TDP 450 or 600
W, with air or liquid cooling [130]. Taking into account the data in Table 5,
they probably meant the GPU Max 1350 and 1550 models, respectively.

PVC was originally intended to be used in two-socket servers with the
new Xeon Sapphire Rapids CPUs (now called Xeon Max they were used
in Intel’s server performance data [116]). Intel’s currently offered Xeon
Max supports DDR5 and HBM2E (see, for example, [148]). Using HBM
in these CPUs can greatly improve performance, as shown in [149].

In the Aurora supercomputer, the computing nodes are dual-processor
servers (with a Xeon Max 9480 CPUs) containing another 6 PVCs [47].
In addition to the Aurora supercomputer being created, PVC is planned
to be used on the European exascale supercomputer with SiPearl Rhea
processors [150]. Of course, this strengthens PVC’s potential position
in the market, but it will be more important to consider the realities
of performance achieved in applications, transfer of software to PVC and
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cost indicators. Data Center GPU Max of course, is intended to be used not
only on supercomputers, but also at the level of small clusters and separate
servers with GPUs— such servers have already been announced by famous
manufacturers, including Dell, Lenovo and Supermicro.

3.2. Software tools and first initial data on PVC performance

As for software, the existing publication [120], taking into account the
work for the Aurora supercomputer being created at the Argonne National
Laboratory in the US [67,151,152] indicates the accelerated movement
of Intel towards the SYCL standard line from the Khronos Group [153],
extended by Intel in the form of DPC++ (Data Parallel C++) [154]. The
relevance of this direction is clearly, since DPC++ is focused on working
with different accelerators, which provides portability, including between
different GPUs. Intel’s DPC++ compiler is part of the overall Intel oneAPI
software [155], which can also run on Intel processors and PGA accelerators,
giving developers the ability to create a degree of common program code.
Intel is actively developing new versions of oneAPI— for example, oneAPI
2023 is now available [155].

The oneAPI software includes a wide range of tools— compilers,
debuggers, profilers, libraries and specialized tools for working with AI. The
oneAPI DPC++/C++ compiler makes it possible to work with GPUs from
Nvidia and AMD [156]. For optimization tasks when working with oneAPI,
Intel has prepared a special guide [69]. A big advantage of DPC++ itself is
the presence of an open source compiler [157].

In [158], for V100 on the STREAM (triad) benchmark, the bandwidth
achieved with DPC++ was close to that obtained using OpenCL and CUDA,
and the use of SGEMM from the oneMKL library gave 66% of the peak
performance. Obviously, these results can be improved when working with
new versions of oneAPI.

Since oneAPI is an open, standards-based unified programming
model [159], aimed at working with both processors and accelerators
of different types and from different companies [156], taking into account
the end of the GPU monopoly from Nvidia and the transition to the use
of GPUs from different companies, this is definitely promising. But it is
clear that proposals from different companies may evolve in the direction
of unification (for example, AMD’s HIP software is already focused not only
on AMD GPUs), and in this actively developing area it is now difficult to
predict what will become the most used.
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Intel, of course, has also taken care of the pressing issue of possibly
porting code from Nvidia GPUs to PVC, and in oneAPI it also provides
the DPC++ Compatibility Tool (often used abbreviation— DPCT), which
automatically translates CUDA code to DPC++. According to [160], such
automatic porting typically does this for 90-95% of the CUDA code, and
full completing the porting of all code requires manual work. And how
effectively all this will work on the GPU in terms of performance, of course,
there is practically no data yet. In [154] does some preliminary research,
but it does not apply to the GPUs covered in this review, and it is unclear
how relevant it is to HPC workloads. In [161] based on the experience
of porting SGEMM from the MAGMA library, it was concluded that DPCT
can be successfully used for the initial port of CUDA code to DPC++, but the
results used here are for GPUs that are not included in the review.

In general, as examples of work on porting GPU-using applications
to DPC++ should indicate the porting of several well-known molecular
dynamics applications to DPC++— NAMD [162], GROMACS (ported to
SYCL, using the DPC++ compiler [163,164]); LAMMPS can also work
on PVC— but through the use of Kokkos. Data about similar porting
of other areas applications are available in [154]. In [165] discusses the use
of SYCL on Nvidia and AMD hardware by using hipSYCL with different
backends (now hipSYCL is renamed to AdaptiveCpp™).

The tasks of porting program codes from CUDA to oneAPI have already
been considered in a number of articles, since oneAPI tools are applicable
to various graphical processors that appeared before PVC. Thus, in [166],
for numerical integration problems, porting from CUDA (with V100) to
oneAPI required special manual optimization before performance with
oneAPI became slightly lower than with CUDA. In [167], when porting
unstructured grid CFD code to SYCL for the A100 and V100, hipSYCL was
used, but concluded that CUDA was still better for achieving maximum
optimization. For the same CFD area, a similar result was obtained
in [168]. These works noted that better results for DPC++/SYCL can be
obtained in the future as the quality of optimization by compilers increases.
The report at the supercomputer conference at NASA on the transfer
of the FUN3D software package from CUDA to oneAPI (for CFD, with the
solution of the Navier-Stokes equations) [169] essentially also indicated the
advisability of manually optimizing the code for a specific architecture.

It is also worth pointing out that oneAPI has a certain disadvantage
associated with being based solely on C++, since this does not help codes
that natively use modern Fortran. For CUDA there is CUDA Fortran [170].
At the same time, the modern Fortran language when working on the
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GPU began to be considered versions of the standard with support for
object-oriented tools [171]. And modern versions of OpenMP, also
implemented in Fortran compilers [172], have suitable tools for working
with GPUs. But the above disadvantage is associated with delays in the
development of possible new extensions of modern Fortran standards with
tools for efficient work with GPUs.

A more detailed analysis of Intel’s oneAPI is not practical here due
to the very small number of scientific publications demonstrating the
performance of PVC compared to other modern GPUs, including comparisons
with work with other software such as CUDA. Intel has achieved a lot
primarily with oneAPI, as these tools, including DPC++, have begun
to be used on other Intel GPUs — for example, working with the well
known Ginkgo library [173]. In addition, DPC++ learning for students
studying programming of heterogeneous computing systems is already
being implemented [174].

Among the isolated publications with data about the performance
of Data Center GPU Max we point out two works in which the performance
of the Max 1100 model was compared with Nvidia and AMD GPUs.
Article [175] is focused on supporting modern versions of OpenMP, which
allow to work on GPUs. Here, using Max 1100 (with Intel oneAPI 2023) and
A100-40GB (with Nvidia NVHPC 23.3), calculations were performed on the
CFD-related mini-application LULESH using OpenMP parallelization, and
it was claimed that the A100 was 34% better than Max 1100 (although the
performance gain for the A100 depended on the size of the problem used
in the calculation and varied from 15 to 42%). However, the large memory
size of the Max 1100 made it possible to perform LULESH calculations for
higher problem size, where the memory on the A100 was not enough.

In [176], the portability of SYCL to different hardware platforms was
studied and performance data was obtained on a number of different
applications using parallelization with SYCL (mainly in the area of CFD),
executed on Max 1100 (with oneAPI 2023.1), A100-40GB (with CUDA 11.6)
and MI250X (with ROCm 5.4.2; Only one of the two GCDs of the full GPU
was used here, see Section 5.1.1 below for more information).

All selected applications are memory-bound (which limits their
performance) and use structured and unstructured grid methods. On the
BabelStream triad benchmark, the memory bandwidth obtained in [176]
was 1310 GB/s for the A100, 1290 GB/s for the MI250X, and 803 GB/s for
the Max 1100.
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These applications used high-level, method-specific parallelization tools
that generated various lower-level parallelization codes, including SYCL.
In [176], different parallelization variants were used on each GPU for each
application. In the optimal (for A100 performance) variants, this GPU was
noticeably faster in all applications than the Max 1100 in any variants.
And with a similar comparison of the performance of the Max 1100 with
the MI250X, in some cases the Max 1100 was faster, in others the MI1250X.

The information on PVC performance discussed below applies to the
Max 1550 model. The report [120] provides data on acceleration in
PVC (using SYCL tools in DPC+-+) relative to the A100 using CUDA
(although data was also provided for the A100 with SYCL)— according to 8
benchmarks, of which the traditional HPC area includes SYCL HP Linpack
(obviously, an HPL implementation using SYCL). Here an acceleration of 1.5
times was achieved. Among other benchmarks, the most famous is Google’s
hashing benchmark (hashtable), in which a maximum speedup of 2.5 times
was achieved. In other benchmarks, the acceleration achieved was in the
range of 1.4 to 1.8. It is clear that all these numbers require more detailed
clarification. Interestingly, in some of these tests, using SYCL on the A100
gave about 10 percent better performance than using CUDA.

Other data on the performance of PVC are given in [116]— about a 12.8
times acceleration of calculations using the famous LAMMPS molecular
dynamics software package on a dual-processor server with an Intel Xeon
Max 9480 and six Data Center GPU Max— relative to a dual-processor
server with a Xeon 8380. Considering, that 6 GPUs are used here, and
the comparison is made with the Xeon 8380, which are inferior by the
maximum achieved floating-point performance in the widespread SPEC
CPU2017 benchmarks to the AMD EPYC 7763 processors in the speed and
rates variants [177], it would be more interesting to compare performance
with other modern GPUs.

An important publication that provides real data on the performance
of the Data Center GPU Max 1550 compared to the A100-80GB is [178],
which provides not only data on the achieved performance, but also
on porting code from CUDA to SYCL. Here, using the FP32 format, molecular
docking calculations (an extremely simplified specialized technique for
calculating the orientation of closely located molecules, for example, ligands
relative to a protein), which are often used for drug design, were performed.

For this purpose, the CUDA version of the well-known AutoDock-GPU
program was transferred to SYCL using DPCT tools, followed by manual
modification. When moving from calculations on a single Max 1550 stack
to calculations on two stacks (simply changing the environment variable),
the performance of various test calculations increased from 6% to 58%.
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It is worth noting, by the way, the found ratio between the performance
of calculations achieved on the A100 using CUDA and SYCL versions
of AutoDock. Of the 10 calculations performed, the CUDA version was faster
(from 1.24 to 3.64 times) in nine, and the SYCL version was faster in one.

Calculations using the SYCL version of AutoDock using both Max
1550 stacks were faster than on the A100 with the CUDA version in 7 out of
10 calculations (maximum 1.88 times faster); A100 was more successful
in larger calculations (with more atoms or numbers of rotatable bonds).
But all the achieved accelerations of the Max 1550 relative to the A100 were
less than the ratios of the peak performance (for FP32) of these GPUs. As
noted in [178], the calculations here are still preliminary, and improvements
are expected in the AutoDock code.

In [179], data were obtained on the achieved performance of PVC using
package linear algebra tools from the ginkgo library for an iterative solver
of the Navier-Stokes equations (in the PeleLM lattice hydrodynamics
application). When switching from a single Max 1550 stack to dual stacks,
performance increases by 1.5 to 2 times, and the larger performance gains
apply to larger task sizes.

In [179] also obtained similar performance data for A100-80GB and
H100-PCle. A comparison of these results shows that the Max 1550 using
a single stack is on average 1.3 times faster than the H100, and 2.4 times
faster when using two stacks.

It should be noted that this work is also largely preliminary. Thus,
it lists the peak performance of the Max 1550 as 45.8 TFLOPS— less
than the current “official” value of 52 TFLOPS (a lower clock speed was
probably available). The calculations on the A100 and H100 used CUDA
11.8.0, while with the H100 typically used version 12 (for example, all
Nvidia H100 MLPerf benchmarks used version 12.2, see Section 4.2.6).

Even these few publications show the high achievable performance
of PVC. Peak performance data is insufficient to make good estimates
of actual performance. The Max 1550’s greater peak performance compared
to that of the H100 does not necessarily translate into an advantage
in actual application performance achieved. It should also be noted that
the peak performance data given above in Table 7 do not include data
on the peak performance of Nvidia and AMD GPUs for FP64 using tensor
cores (with their use, the performance of top models of these GPUs is higher,
see Table 20), since XMX in PVC this format is not support. It is clear that
for PVC and oneAPI/DPC++ tools to be practically successful, there is still
a lot of work to be done, which will require some time.
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3.3. Summary for Intel PVC

Technologically complex PVC production may not produce a very high
percentage of usable PVC chips (which could also result from a slowdown
in the supply of PVC for Aurora, which is not on the June 2023 Top500 list)
and contribute to an increase in cost. In fact, the same thing was stated
earlier in [180].

Both the Intel Max 1550 and the AMD MI250X can be considered to
consist of two logical GPUs, which raises the question of which comparisons
should be made— for one logical GPU or for a full (physical) one, which is
also associated with cost indicators that can vary greatly.

When compared with the whole AMD MI250X, the PVC is slightly
ahead of the MI250X in terms of peak performance in conventional vector
operations (see Table 7), but also has a slightly higher TDP. But the peak
performance advantage of the new GPUs from Intel and AMD relative to the
Nvidia H100 does not mean an advantage in real application performance.

A disadvantage of PVC for certain HPC applications can be considered
the lack of support for the FP64 format in XMX. When using the Tensor
Cores in the H100-SXM4 (or the equivalent in the MI250X), these GPUs
significantly outperform PVC in terms of peak double precision performance
(see also Table 20 below).

Taking into account the fact that Nvidia already offers the GH200
Grace Hopper superchip with H100 integration with ARM processors
(see Section 4.2.3), and at the CES (Consumer Electronics Show) in early
2023, AMD announced the MI300 GPU with an integrated CPU (in the form
3D chiplet, assumption of readiness— for 2023), from the author’s point
of view, a significantly wider use of Intel GPUs in HPC may be realized
somewhat later, after the implementation of the expected successful Intel
technological processes (especially 18A), which are not expected in 2023.
Intel recently abandoned the “second generation” PVC previously planned
for 2023, codenamed Rialto Bridge [180], containing 160 X¢ cores, so we
should rather expect the release of the Falcon Shores GPU or its subsequent
XPU variant with integration of the GPU and x86 CPU [181]— success
in technology probably determines everything.

Almost more important (compared to the competition between Intel
and Nvidia for part of the GPU market — where AMD also participates)
the author now seems to be the introduction of Intel-supported software
for GPUs in the direction of SYCL— > DPC++ (and oneAPI), since this is not
only allows us to move further away from a narrow focus on specific GPUs
(Nvidia CUDA and partly AMD HIP), but it may also one day become
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effective for new multi-core server processors, the number of cores in which
continues to grow. Perhaps the use of SYCL may immediately become the
most attractive for modernizing C++ applications that have not yet been
ported to the GPU.

However, one should not exaggerate the capabilities of the new
SYCL standard. Thus, the appearance in CUDA tools for H100 of a new
level in the hierarchy of the thread system— a cluster of thread blocks
(see Section 4.2.5)— has no analogues in SYCL. It should also be kept
in mind that SYCL does not solve all performance portability issues, and it
may be necessary to use different algorithms for different hardware [176].

4. GPU from Nvidia: from A100 to H100

As noted above, the base GPUs here include the Nvidia V100 and
A100, which are currently most widely used in the HPC and Al fields,
including in supercomputers. Since the V100 became available back in 2017,
this microarchitecture review only covers the A100; V100 specifications
are shown in comparison tables only. In addition, the most important
computational units and data types that first appeared in the A100 (which
were not present in the V100) are mentioned. Detailed information about all
the improvements to the various components of the A100 microarchitecture
relative to the V100 is available in [73].

The most modern of the “basic” Nvidia GPUs, the A100, has been
produced since 2020, and a detailed analysis of its microarchitecture is not
carried out here, considering the relevant information is already quite
well known. But in the microarchitecture of the H100, naturally, a lot
coincides with the A100, and accordingly, after analyzing the A100, it will
be convenient to talk mainly about improvements in the H100. Accordingly,
only the figure of SM from the H100 is shown here (the A100 is only slightly
different here— and it will simply be stated below what the differences are).
The same applies to software— the review focuses in more detail on what is
appropriate to use on a new generation GPUs.

Data on the achieved performance of the A100 in applications and
benchmarks are also considered somewhat limited, since the main purpose
of the review was the new generation GPUs, the performance of which is
also considered with a comparison with respect to the V100 and A100.
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4.1. GPU A100
4.1.1. AI100 microarchitecture

In current CPUs generations, HPC performance gains come primarily
from microarchitecture advancements rather than from ISA improvements.
n current CPU generations, HPC performance gains come primarily from
microarchitecture advancements rather than from ISA improvements.
In modern Nvidia GPUs, microarchitecture data is also the most important,
but to maximize performance, especially for AI tasks, new improve-
ments/extensions to all levels of the CUDA API and low-level warp are
especially important. CUDA tools can be classified as low-level because it is
possible to work at a higher level — for example, use only already ready
library functions, or work with directives. There is a lower level in relation
to CUDA, where a virtual instruction system (ISA) for Nvidia GPUs is used —
PTX (Parallel Thread eXecution) [182], and accordingly an assembler [183],
but it is, naturally, used very rarely in programming. Strictly speaking, PTX
is an intermediate level —it is then converted into binary code for a specific
GPU model.

By improving the architecture, the review primarily refers to the
microarchitecture. But there is a more general architecture— for different
models of graphics processors, its microarchitectures retain some of its
basic common features.

The A100 uses Ampere GA100 architecture. The A100 was the first
GPU released with this architecture in 2020. Then the other, including less
computationally powerful, GA100 models appeared. They use a smaller
number of SMs and contain a smaller number of tensor cores, but more
high-performance ones. But unlike the A100, their tensor cores do not
support FP64 [184]. In addition, after the US imposed sanctions against
China, Nvidia began to produce the A800 GPUs, which is not subject
to these restrictions, with reduced computing capabilities compared to
the A100. Information about these GPUs is available, for example, in the
well-known Techpowerup database on GPUs produced in the world [185]
(on the Nvidia website consumers were offered to use this database). The
review below only considers the A100.

The most complete consideration of the A100 architecture is in [73],
on which the subsequent consideration of its microarchitecture in this
review is based. The consideration in [73] is partly integrated with
SIMT-based parallelization (using CUDA) due to CUDA’s deep coupling with
Nvidia GPU hardware. This also applies to the hierarchy of different types
of memory in GPU and CUDA (extremely important components for realizing
high performance), and to the hierarchy of different levels of formation
of large groups of parallel threads in CUDA. Table 1 lists all this briefly
in terminological terms. However, not all memory types used in CUDA have
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TABLE 10. Comparison of Nvidia V100, A100 SXM and H100
GPU specifications important for traditional HPC (data from

[73,78,185])
H100

GPUs V100 A100 sxM PCle H100 SxM
Architecture Volta Ampere Hopper Hopper
TSMC Technology LZom | 7 nm N7 4AN? AN?
Chip area, mm? 815 826 814 814
Number of transistors (x10%) 21.1 54.2 80 80
TDP (W) 300 400 350 700
Form factor SXM2 SXM4 PCle-vH SXM5
Number of SMs 80 108 114 132
IS\IP}Ilmber of FP64 vector cores in 392 39 64 64
SNIVl[lmber of FP32 vector cores in 64 64 128 128
Number of INT32 cores in SM 64 64 64 64
Number of tensor cores in SM 8 42 4 4
Boost Clock, GHz 1.53 1.41 1.767 1.98%
Register file size in SM 256 KB 256 KB 256 KB 256 KB

. Up to 96 | Up to 164 | Up to 228 | Up to 228
Shared memory capacity in SM KB3 KB3 KB3 KB3
L2 cache capacity 6144 KB | 40960 KB 50 MB 50 MB
Memory type/capacity, GB H%P;I23/216 HB23E8640 HBM2E /80°| HBM3/80°
Memory bus width, bits 4096 5120 5120 5120
Memory Clock, MHz 876 1215 or 1593 1313
Memory bandwidth, GB/s 897 1oar 2039 1681

1 modified for Nvidia;

2 The number of matrix multiply-and-add operations per clock cycle in the A100
tensor cores is 4 times greater than that of the V100;

3 Shared memory capacity in V100, A100 and H100 is configurable;

4 for FP32 and FP64, for less precision the frequency is slightly lower;

5 there is a model with HBM3/96 GB and a different GPU frequency.

a unique hardware equivalent. There is also the integration of various types
of CUDA memory into one hardware type of memory A100. In addition, [73]
sometimes refers to the V100 architecture discussed in the other Nvidia
description.

The basic specifications of the A100 in comparison with the similar
specifications of the V100 and H100 are shown in Table 10. In technological
terms, due to the more modern 7nm TSMC technology in the A100, with
almost the same chip area, the number of transistors has more than doubled
compared to the V100, but the TDP has not increased as much strongly.

Table 10 shows data for two different A100 models with the SXM form
factor, differing in memory capacity (40 or 80 GB). In addition, there
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are two other A100 models with PCle interconnect, which can also have
capacities of 40 or 80 GB. This somewhat limited representation of the A100
models in this table was chosen for two reasons. Firstly, for ease of reading
and comparison with other GPU models from Nvidia in the format of this
publication. And secondly, the peak performance discussed at this point
in the review (see Table 12 below) was calculated for increased clock speeds,
which are the same for all four different A100 models. In addition, further
in Section 5, which describes the new generation GPUs from AMD (the
comparison with which seems to be one of the most actual in this review),
a more detailed comparison of all characteristics, including performance,
with different A100 models is carried out (see Table 20 and Table 21).

For a starting understanding of the performance of the A100 (to
begin with the peak) it is natural to base it on the SM execution units:
the peak performance of the entire A100 is simply proportional to the
number of SMs, which is indicated in Table 10. In the hierarchy from
one SM to the full A100 there are 2 types of clusters: texture processing
clusters (TPC, Texture Processing Clusters), containing by 2 SMs, and GPC
clusters, containing by 8 TPCs. In the Ampere architecture (in GA100), it
is permissible to have 8 GPCs and, accordingly, 128 SMs [73]. And the
sense of GPC from the point of view of GPGPU (if we ignore textures): it is
a group of SMs physically located close to each other, which gives locality
of parallel processed data with access to them with higher bandwidth and
lower latencies (so to speak, a kind of localised analogue of PIM).

The general construction of SMs, the many of which make up the
computing power of the A100 (also both V100 and H100) can be seen
in Figure 6. Although this is a figure of an SM from the H100 [78]), at the
macro level of the figure, the differences in the A100 from the H100
are easily visible: the A100 does not have Tensor Memory Accelerator;
L1 D-cache capacity is 192 KB versus 256 KB on H100; And in H100,
accordingly, there is a new version of the tensor core. But the main thing is
that in the H100 in each of the 4 SM sections (what is meant here by the SM
section is clear from Figure 6) there are 2 times more vector FP64, FP32
and INT32 engines. In the A100, each section has 8 FP64 enginess, and 16
FP32 and INT32 engines.

Since SM runs warps consisting of 32 threads, each partition has a warp
scheduler that produces 32 threads per clock and a dispatcher with the
same "performance". This reveals the close intertwining of Nvidia GPU
hardware and CUDA tools. A block of CUDA threads (containing warps)
is assigned to one SM. And clarification of the operations of the warp
scheduler is considered not in [73], but in the CUDA manual [16], where it is
stated that SM statically distributes its warps between its schedulers. And
then each scheduler issues one instruction for one of its assigned warps,
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FIGURE 6. General construction of SM in GH100 (Figure
from [78])

which is ready to be executed, if there is one. The warp scheduler is used
to ensure that the computing engines of the SM section are loaded: if
a warp is waiting, for example, for memory operations to complete, then
another warp can be executed. And the dispatcher redirects the selected
commands to computing engines (they take data from registers).
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TABLE 11. Technical characteristics of different versions
of Compute Capability (CC) depending on Nvidia GPUs

GPUs V100 | A100 | H100
Compute capability version 7.0 8.0 9.0
Threads per one warp 32
Maximum warps per one SM 64
Maximum thread blocks (CTA) per one SM 32
Maximum thread blocks/thread block clusters No 16
Maximum number of 32-bit registers per thread 255
Maximum number of registers per one SM 65536
Maximum number of registers per block 65536
Maximum number of threads per block 1024
Shared memory per one SM, KB, Up to 96 164 228
Number of FP32 cores per one SM 64 128
Number of FP64 cores per one SM 32 64

The data in the table is taken from [78|

The actions of the warp scheduler may depend on the version of Compute
Capability described in [16] for different GPU models; The above is true for
V100, A100 and H100. These capabilities for these models are shown
in Table 11.

Each of the 4 SM sections has a register file, and 8 load/store devices for
memory access. Each SM section has its own L0 I-cache (the L1 I-cache is
shared across the entire SM), but typically performance in HPC and AT does
not require code to be specifically targeted to their use. When analyzing
the performance of Nvidia GPUs, they often start from the SM level, since
they also contain hardware components common to all 4 sections, including
texture memory and a common L1 D-cache (SM can be considered some
kind of analogue of the processor core in the CPU).

Each SM in the A100 and V100 has 32 vector CUDA cores for FP64,
which allows the SM to perform 32 multiply-and-add operations per clock,
resulting in 64 FLOPS per clock (for FP32— everything is twice as much).
Accordingly, the peak GPU performance when working with these vector
cores is obtained by multiplying 64 FLOPS by the number of SMs (there
are more of them in the A100 than in the V100) and the clock frequency,
which gives higher performance for the A100 (see Table 10). But the main
advances in performance are now focused primarily on Al and, accordingly,
on the use of tensor cores, which can produce more results per clock
cycle than conventional vector units— and correspondingly higher peak
performance for various data formats.
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TABLE 12. Peak performance of GPUs V100, A100, H100
(TFLOPS, for integer operations— TOPS)

Data format | V100 A100 H100 PCle H100 sxm4
FP16 31.4 78 204.9 267.6
FP16! 125 | 312/624 | 756/1513 | 989.4/1978.9
BF16! — 312/624 | 756/1513 | 989.4/1978.9
FP32 15.7 19.5 51.2 66.9
TF32! — 156/312 378/756 494.7/989.4
FP64 7.8 9.7 25.6 33.5
FP64! 19.5 51.2 66.9
INTS8?! — | 624/1248 | 1513/3026 | 1978.9/3957.8

ENSSRY

I values when using tensor cores.
Following the slash numbers are the performances using sparsity
when available.
Data from [73,78,185].

Tensor cores in A100 work with matrices of different possible sizes
depending on the data formats used (a list of all possibilities is available
in [16]). Traditional HPC requires working with FP64, which was first
supported in tensor cores at the hardware level in the A100— FP64 is what
we will be talking about here. And data on peak performance for other
data formats, primarily actual for Al, are shown in Table 12.

The A100 introduces a hardware implementation of the calculations
for formula (1) for double precision, a new matrix instruction "multiply-
and-add" (Double Precision MMA), which replaces the 8 similar DEMA
instructions in the V100 and produces 128 FP64 results per clock— 2 times
more than V100 [73]. For FP64 in A100, at the lowest warp level, the
WMMA operation is applicable, with which you can work with matrices
of dimensions 8 x 4 or 4 x 8 and accumulator matrices 8 x8 (i.e. M = N =8
and K = 4 for formula (1)) [16]. As noted in [89], WMMA operations can
be performed on slightly larger matrices than supported by the tensor
core hardware, and multiple tensor cores are used simultaneously when
performing a WMMA operation.

The Nvidia shipped A100 has 108 SMs [73], so the peak performance
achieved is 108 x 128 x v, where v is the clock speed. It follows that
the peak performance information provided by Nvidia in [73] and used
in Table 12 refers to the boost frequency. A100 users have the ability to
control the clock frequency, which allows them to adjust the TDP and
stabilize the measured performance— for example, in [186]) a frequency of
1005 MHz was used to study the performance achieved by GEMM.
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TABLE 13. Base clock speeds of various A100 models and
their memory

Model GPU A100 | Base frequency | Memory frequency
A100-PClIe-40GB 765 MHz 1215 MHz
A100-SXM4-40GB 1095 MHz 1215 MHz
A100-PClIe-80GB 1065 MHz 1512 MHz
A100-SXM4-80GB 1275 MHz 1593 MHz

The current Nsight Compute profiler [187] for the A100 defaults fix to
a base clock speed, which gives repeatable results, but correspondingly
lower peak performance than those listed in Table 12. Base frequencies
depend on the specific A100 model used (these are the 4 most important
for this review — they were usually used for calculations and benchmarks
for HPC and AI), they differ in HBM2E size and form factor. Table 13
shows the values of their base frequencies from the database [185].

But in addition, the memory frequencies used and, accordingly, its
bandwidth differ in different A100 models. Only two A100 models with 40
GB memory capacity have the same frequencies, and since the memory bus
width (5120 bits) is the same for all A100 models, the theoretical bandwidth
of the A100 models with 40 GB memory is the same (it can be calculated
by multiplying the bus width by memory frequency). Table 13 also shows
the memory frequencies of different A100 models (data from [185]).

But let’s return to the tensor cores that determine the maximum peak
performance of the A100. Even with such small hardware-supported
matrices, they still have the ability to take into account fine-grained
sparsity, which applies to formats with reduced precision relative to FP64
and gives there a two-fold increase in peak performance [94] (see Table 10).
This sparsity was not supported in V100 and is mainly targeted at Al tasks
(see [73] for details).

Since many HPC applications do not require matrix multiplication (the
feasibility of supporting it in hardware is generally debated [90]), equally
important to the double-precision performance of the A100 is the peak
performance of the FP64 vector CUDA cores, which are not related to the
tensor cores (see Figure 6).

One SM has 32 FP64 vector units (the corresponding FP32 vector units,
of which there are twice as many in each SM, are traditionally called CUDA
cores) [73]. For all 108 SMs, this gives a corresponding 6912 results per
clock (thanks to the use of the multiply-and-add instruction), which when
multiplied by the boosted frequency gives the A100 a peak performance of
9.7 TFLOPS for double precision— without the use of tensor cores (see
Table 10).
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In addition, each SM has 4 SUs, that speed up the calculations
of transcendental functions. This can be practically important for a wide
variety of applications, but SFUs have been available on Nvidia GPUs for
a long time, even before the V100, but only for the FP32 format (see [188]
for more details).

Since achievable GPU performance is so often dependent on memory
bandwidth, we now need to look at the memory hierarchy in the A100.
Because traditionally large numbers of threads running in parallel on a GPU
require many registers, the A100, like older GPUs, has a 64 KB 32-bit
register file in each of the 4 SM sections (see Figure 6). Each executing
thread uses its own local registers from the corresponding file.

The next level in the memory hierarchy in the A100 is the L1 D-cache
and shared memory with a total capacity of 192 KB. It provides high
bandwidth and low latency; Real data are available for [189]. This memory
is common to the entire SM (and accordingly to the block of threads
in CUDA). In CUDA, it is possible to dynamically change the amount of shared
memory.

The penultim level of the memory hierarchy on the path to the HBM2E
global memory, the 40 MB L2 cache, is discussed in [73] in a common
subsection with HBM2E. The spaces of these memory levels are common to
all SMs and all applications running on the GPU. The L2 cache capacity has
increased more than 6 times compared to the V100. This cache reads and
writes to the HBM2E device’s memory. Higher parallelization in the A100
required higher bandwidth per SM. To achieve this, the L2 cache split into
partitions using a hierarchical crossbar structure, and each partition caches
data nearer to the accessing SMs, reducing latency [94].

And the increased width of the HBM2 interface and memory frequency
compared to the V100 gave an increase in bandwidth by approximately 1.7
times (see Table 10). To increase the effective DRAM bandwidth and L2
cache capacity, the A100 hardware features of sparse data compression
provides up to 4x compression in DRAM, up to 2x compression in L2
cache for AT workloads [190].

CUDA uses its own types of memory, some of which actually reside
together on the same type of hardware memory. Unlike shared memory, local
memory is the private memory of each thread. In CUDA terminology, global
and local memory areas (as opposed to global, the latter is cached [16]) are
called device memory and are located in HBM2E. Constant memory (lives
only while the application is running, this memory is read-only) is located
in the device memory (constant memory is cached). As for the texture
memory, it is located in each SM (see Figure 6) and cached in a special
cache [73].
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The A100 introduces MIG tools to address a possible data center
problem of underutilization of A100 resources by certain applications where
the use of A100 would become correspondingly ineffective. The A100 can
function as up to 7 isolated GPU instances [73], reconfigurable on the fly to
meet dynamically changing needs [94], i.e. the result is virtualized GPUs
with smaller computing resources.

The new MIG feature provides improved client (including virtual
machines and processes) isolation and QoS for multi-tenant and virtual-
ized GPUs, which is especially useful for cloud service providers [73]. New
fault handling technologies in the Nvidia Ampere architecture are very
important to MIG to ensure proper isolation and security between clients
using the same GPU.

As stated in [94], two types of MIG instances are supported. One type
isolates computing resources but not the memory system, allowing the
operating system to schedule processes with simplified administration. The
other type further provides functional and performance isolation in the
memory system. In this case, A100 assigns each MIG its own physical paths
(including to the L2 cache and memory interface), providing additional
security for cloud computing [94].

Using MIG allows you to expand the exeediency of using of the A100 to
a wider area of work. For more information on setting up and using MIG,
see [191].

Nvidia’s A100-PCIe-80GB manual [192] describes software power
management capabilities that allow to customize graphics card’s power
consumption or performance per watt. The A100 naturally has many more
features that are important for achieving high performance, among which
we should first of all mention support for asynchronous copying (at the ISA
level) —it loads data directly from global memory into shared memory
in SM, bypassing the register file, and can run in the background while the
SM performs other calculations (this also reduces power consumption).
For more information on this and other A100 features, see [73]; A brief
discussion of asynchronous data transfers and computations is provided
later in Section 4.2 about the H100, in which the corresponding capabilities
have been significantly expanded.

A description of A100 interconnects using NVLink channels is provided

below in Section 4.1.2, since it partly applies to hardware additional to the
GPU— this also includes connections to the CPU via PCle.
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4.1.2. Interconnections for A100 and computing systems with A100: from
servers to supercomputers

NVLink interconnects for communication between multiple Nvidia GPUs
in a server predate the V100. Initially, there was a problem that PCle
bandwidth was not high enough to connect the GPU to the CPU. A general
overview of the interconnects used by various companies for GPUs is available
in [193|. NVLink is a channel, and devices can have multiple channels and
communicate through a mesh network.

Naturally, the second version (NVLink2) used in the V100 has a lot
in common with NVLink3 in the A100. Various performance metrics for
NVLink2 running with V100 are discussed in detail in [194]. NVLink2
(instead of the slower PCle 3.0) is used to both communicate with IBM
Power9 and provide cache coherence.

Like PCIe, NVLink2 is a packet bus, but NVLink2 is more efficient
when transferring small packets— with 16 bytes of header, 256 payload
bytes can be transferred. This interconnect uses a mesh topology for
point-to-point connections, resulting in higher overall bandwidth compared
to the tree topology in PCle. Connections consist of multiple full-duplex
links that exchange data at 25 GB/s in each direction. The device has up
to six channels, and they can be combined into 3 channels with a total
speed of 75 GB/s. Both PCle and NVLink provide bidirectional transfers,
but NVLink also has direct access to CPU page memory [194]. In [194] are
given data on the achievable bandwidth and latency of NVLink2.

Using a switch to communicate between Nvidia GPUs not only improves
performance scalability, but also provides an extremely important (especially
for modern AT tasks) increase in the amount of available GPU memory.
NVSwitch is a non-blocking switch (inernally — fully connected crossbar),
has 18 NVLink ports and makes it possible to connect up to 16 V100 GPUs
via NVLink2, providing each channel with a bidirectional bandwidth of 50
GB/s— and, accordingly, a total switch bandwidth of 900 GB/s [195].
For example, in implementations on motherboards containing 8 GPUs,
each of them is connected to 6 switches on the board, which also have
connections with switches on another board. GPU communications inside
the board require one NVSwitch traversal, and with the GPU of the second
board — two NWSwitch traversals. Cyclic Redundancy Coding (CRC) is
used to ensure communication reliability on links, and ECC is used within
switches (for example, for routing) (see [195]). for details). Bandwidth
limitations on servers with V100 may occur more likely when transferring
data over PCle between the GPU and CPU.
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FIGURE 7. GPUs interconnect in the DGX A100 server (Figure
from [73])

Multi-GPU servers with A100 already use NVLink3. Low-level details
explaining why increased bandwidth and reduced latency relative to V100
with NVLink2 were obtained, are described in [94]. From the user’s point
of view, the main thing is that with no change in channel bandwidth, the
number of channels has increased from 6 on the V100 to 12 on the A100.

In multi-GPU servers using NVLink, various specific topologies are
accordingly possible [190]. For example, the Al-oriented DGX A100 server
has 8 GPUs and 6 NVSwitch chips, and each GPU is connected to each
NVSwitch using two NVLink3 links [196]. This is illustrated in Figure 7
(PCIe PEX switch is used to communicate with EPYC Rome) [73].

NVLink3 also provides improved error detection and recovery fea-
tures [190]. Although, as stated above, the A100’s single NVLink channel
has the same throughput as the V100— 25 GB/s in each direction— but it
uses half as many signal pairs per channel compared to the V100. Doubling
the number of channels in the A100 compared to the V100 gave a total
throughput of 600 GB/s for the entire A100, compared to 300 GB/s for the
V100.

In [3], on different servers with 4 V100 GPUs and on a DGX A100 server
with 8 A100 and two 64-core AMD EPYC 7742 processors, the throughput
of data transfers from the host to the device or vice versa was measured.
For the A100 with PCle-v4, it was about 25 GB/s (about three-quarters
of the theoretical value of 32 GB/s for PClex16), which corresponds to the
authors’ expectations [3]. This work also revealed a slight decrease in the
bandwith of bidirectional data exchanges between CPUs with “remote”
A100 compared to “local” ones (having a direct PCle connection with the
corresponding CPU), which was due to competition for work with PCle.
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It is clear that calculations with multi-GPU servers to achieve the
expected high performance may probably require significant modernization
of programs or applications that work with one GPU (and even perhaps more
subtle optimization taking into account some “asymmetry” of different GPUs
in the server). Examples include works [197,198]. Such modernization also
includes algorithms, and can cover the most basic things— for example,
GEMM (see [199] and [200]).

It is clear that servers containing one or more A100 GPUs are being
supplied by all leading server manufacturers. Multi-GPU servers are
focused primarily on AI workloads, although HPC software is emerging
in areas where GPUs have not been used much at all. For example, the
QUICK application implements parallelization at the multi-GPU level,
including for the most widely used quantum chemical method DFT in the
Gaussian basis [198].

The DGX A100 is an Al-focused Nvidia famous ‘“classic” server
containing 8 A100 GPUs and 6 NVSwitches [201]. It uses the HGX A100
module for this, and gives a specific fixed SXM4 interconnect topology. The
A100 has two variants with a memory size of 40 or 80 GB, respectively,
there are two server options— DGX A100 320GB System and DGX A100
640GB System, with memory size of 1 and 2 TB per system, respectively.
The DGX A100 has two 64-core EPYC 7742 Roma processors, which
are connected to the A100 via PCI switches (with PCIe-4.0 x16 buses).
For communication between servers, Nvidia ConnectX-6 or ConnectX-7
adapters (Infiniband HDR /200 Gb/s Ethernet) are used [202].

The DGX A100 is a ready-to-use system supplied with an operating
system (based on Ubuntu Linux) containing special management and
monitoring tools. For details (including the implemented topology of the
interconnects used), see [202].

In addition, Nvidia is reviving a class of workstations that has not
been used for a long time— with the DGX Station A100 offering (for
different types of DGX systems, see [203]).

Nvidia has gone even further in providing fast deployment computing
systems and created the DGX SuperPOD platform, based on building blocks
with racks containing of five DGX A100, with the delivery of cluster systems
having from 4 to 28 racks (see, for example, [196]). This arrangement
of building blocks was then modernized [204]. These Al-centric systems
can be deployed in just a few weeks [196,204]. For example, in the Top500,
such a supercomputer Nvidia Selene based on DGX A100, installed in 2020,
takes 9th place. Obviously, the DGX A100 and larger systems are aimed
at simplifying work in their respective data centers.
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Let’s point out even more powerful supercomputers using the A100,
which are included in the top ten Top500. The computing nodes of the
Italian supercomputer Leonardo (installed in 2022), which ranks fourth
in the Top500 [205], contain one 32-core Intel Xeon Platinum 8358/2.6 GHz
processor (Ice Lake) and 4 GPU A100-SXM4-40GB, and for communication
between nodes is used Infiniband HDR200 (Nvidia products with Dragonfly+
topology).

And the eighth place in the Top500 is occupied by the Perlmutter
supercomputer installed in 2021 of the US National Energy Research
Center (NERSC, and the operator is the American Lawrence Laboratory,
LBNL, famous in the supercomputer world) [206]. Its main computing
nodes use a 64-core EPYC 7763/2.45 GHz processor and 4 A100 GPUs (most
nodes use A100-40GB, and another 256 have A100-80GB). Perlmutter uses
the well-known HPE Cray EX235N supercomputer hardware and the
corresponding HPE Slingshot 11 interconnect. Interestingly, these last two
of the above-mentioned supercomputers, focused not only on solving Al
problems, use 4 A100 per node.

4.1.3. Nvidia SDK Tools for A100

General composition of SDK tools. Like the A100 hardware
discussed above, the SDK tools are also predecessors to the corresponding
H100 tools. But SDKs are constantly evolving, and different versions of them
can usually work for both base Nvidia GPUs and next-generation GPUs.
After analyzing the A100 SDK here, in relation to the H100 SDX it is enough
to point out the improvements.

Nvidia’s SDKs have become well known due to Nvidia’s clear dominance
of the GPU market for many years. The basis for HPC is, of course, NVHPC
tools— see the developer’s website, [207]. There is also a complete list
of components included in these software tools, most of the names of which
(primarily mathematical libraries) already explain why they are needed.
The ability to freely access NVHPC is a plus for Nvidia. At the time
of writing this review, HPC SDK Version 23 was available [208].

NVHPC includes compilers supporting x86-64 (AMD and Intel),
OpenPower and ARM platforms. They call the corresponding language
compilers (with support for OpenMP and OpenACC tools for the CPU),
assembler and link editor for target processors with command line
parameters. These compilers are nve (ISO C11), nve++ (ISO C++17) and
nvfortran. The latter (supports Fortran 2003 and a number of Fortran 2008
features) can use the parallelization features of Fortran, OpenMP and
OpenACC to work with the GPU.
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Finally, nvce, a CUDA C/C++ compiler driver for Nvidia GPUs, uses
GPU-specific options to generate optimized code for Nvidia GPUs and manage
the host compiler. The latest version of CUDA at the time of writing
was 12.2. nvcc hides the complex details of CUDA compilation from the
developer, and redirects all non-CUDA compilation steps to the host compiler
with special command line options [208]. The effective development
of nvce is facilitated by its basing on the famous LLVM compiler [209].
Further Section 4.2.5 about CUDA tools for the H100 describes the general
design of different Nvidia compilers down to the runtime level, including
new previously unused programming languages.

HPC SDK math libraries include, in particular, cuBLAS, cuSPARSE,
cuRAND, and cuSOLVER (for solving linear algebra problems, including
eigenvalue problems). cuSOLVERmp provides these functions when working
with distributed memory in multi-node and multi-GPU systems. The
cuFFTmp library complement the cuFFT library to perform similar
advanced functions as in cuSOLVERmp.

The low-level ct TENSOR library is designed for linear algebra problems
on tensor cores, and can be used not only for AI problems, but also
in HPC areas. Two very important libraries provide communications.
These are NCCL (Nvidia Collective Communications Library), which
provides communication primitives for multi-node and multi-GPU systems
with Nvidia GPUs, and NVSHMEM for PGAS parallelization using the
OpenSHMEM standard. Here the memory can, in a sense, be integrated
in a cluster with Nvidia GPUs in the nodes, using communications with
NVLink, PCIe and Infiniband.

NVHPC includes a number of other tools, including the CUDA-GDB
debugger and the Nsight Compute profiler (it is possible to use the NVTX
profiling library to work with it) [208].

It should also be noted that traditional MPI parallelization tools
on multi-node clusters containing GPUs can naturally also be used. But
what may be important here is the use of such MPIs, which can use the
long-standing hardware and software capabilities of Nvidia GPUs and
CUDA tools— GPUDirect, which provide data transfer (RDMA) via PCle
bypassing the CPU— directly through the network card. Such capabilities
have long been available, for example, in MVAPICH2 [210].

CUDA Toolkit. CUDA is the most famous and widespread API for
working with GPUs, discussed in many publications. AMD has developed
similar HIP tools for its GPUs [58]. Intel’s OneAPI uses DPC++, but the
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overall parallelization design there also uses the SIMT model originally
proposed by Nvidia, and oneAPI uses terms similar to those used in CUDA
(see Table 1 above). The hardware of modern GPUs is closely connected with
SIMT, so an ultra-brief explanation of the basics of CUDA is also necessary
here (for a full description, see [16]).

Roughly speaking, in the CUDA programming model, sequential code is
written, which is executed in parallel by many threads on the GPU, and
each thread works with its own part of the common data, for which it
receives its own identifier. Although a CUDA program running on the host
can use not only C but also C++, the core software running on the device
uses extensions relative to C.

In CUDA, the original task is divided into a set of independent subtasks,
which are calculated on their own thread blocks. Each subtask has its own
block of threads, and it is solved by all threads of this block. Threads can
interact with each other only within the same block. A thread block is an
array of threads that can be one-, two-, or three-dimensional.

Threads inside a block of threads use shared memory (ultra-fast—
roughly speaking, at the cache level) and interact through barrier synchro-
nization (when accessing this function, further work is impossible until all
threads enter it). And global memory is used to exchange data between
different blocks of threads.

The thread block is the central object for parallelization programming
in CUDA (although with the advent of H100, a new level has appeared above
the thread block in CUDA, the thread block cluster, this is unique to H100).
The top level of the thread hierarchy — above the thread blocks—is the
thread grid, a one-dimensional, two-dimensional or three-dimensional array

of thread blocks.

All blocks of threads have the same dimensions and size (number
of threads in a block). Thread grid size (number of thread blocks) and
block size are built-in variables. Any block of threads in a grid has a block
index in the grid. Each thread has an index specified by one, two or three
non-negative integers.

For indexing threads and blocks, the software core uses, for the “most
scalable” case, three-dimensional integer vectors— the built-in variables
threadldx and blockIdx.

Each block of threads is divided into warps, and all threads of a warp
belong to one block. Only threads within the same warp are physically
executing simultaneously. And threads at different warps can be at different
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stages of program execution. There is no need to exlicitly work at the warp
level in a CUDA program. All Nvidia GPUs discussed in this review have
warps of 32 threads. Working at the warp level may only be necessary to
maximize the achievable performance in CUDA.

Nvidia CUDA is not limited to being based solely on C/C++. We will
illustrate working with CUDA using the example of CUDA Fortran, which is
attractive because Fortran remains popular in HPC (the ability to use
Fortran to work with Nvidia GPUs is a significant advantage of the company).
The newest (as of the June 2023 Top500 list) version of nvfortran was 23.3.

CUDA Fortran extensions allow you to write subroutines and functions
in a Fortran program for execution on the graphical processor, including
declaring variables allocated in GPU device memory and allocating dynamic
memory in GPU device memory. Naturally, CUDA Fortran has support for
copying data from host memory to GPU memory and vice versa, and calling
GPU routines from the host. CUDA Fortran provides software access to tensor
cores, cooperation with CUDA C, the use of asynchronous transfers between
the host and the GPU (asynchronous transfer allows calculations to be
performed on the device simultaneously with data transfer) and many
other capabilities needed for modern GPUs [211].

Below is a simple example of how a program is built in CUDA Fortran
(quoted from the Nvidia manual, [211]).

On the host On the device

1 program ti

2 use cudafor

3 use mytests I module mytests

4 integer , parameter:: n = 100 2 contains

5 integer, allocatable, device:: 3 attributes (global)
iarr (:) &

6 integer h(n) 4 subroutine testl( a

7 istat = cudaSetDevice (0) )

8 allocate (iarr(n)) 5 integer , device:: a

9 h = 0; iarr = h (*)

10 call testl1<<<1,n>>> (iarr) 6 i = threadIdx’%x

11 h = iarr 7 a(i) =1

12 print *,& 8 return

13 "Errors: ", count(h.ne.(/ (i,i=1,n 9 end subroutine testl
) /) 10 end module mytests

14 deallocate (iarr)
15 end program til
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On the left is the code that runs on the host, and on the right is the
code that runs on the device.

In the host code, the use of the cudator module (line 2) provides
interfaces to the CUDA host runtime library (in this program, to cudaSetDevice
0, where the device number 0 is selected — this is the API call on line 7).
Line 3 indicates the use of a module on the device (this module contains
the testl subroutine that is called). The 8th line of the program allocates
the iarr array on the device, and the next line initializes data on both the
host and the device [211].

The kernel running on the device is called on line 10; <<<1,n>>> here
means that the kernel is executed by n GPU threads (more generally, n
in this syntax indicates the number of threads in the block, and before the
comma the number of thread blocks is indicated, which here is 1). On line
11, the results of the kernel execution are transferred to the host array, and
on line 14, the CPU array is deallocated.

On the right side of the Fortran text running on the device, the prefix
attributes(global) is used, which is an extension in the CUDA Fortran
language. The global attribute means that the corresponding code runs
on the device but is called from the host [211].

The 6th and 7th lines of code for the device are a replacement for the
do loop in usual Fortran:

1 do i=1,n
2 a(i)=i
3 enddo

Since the testl subroutine is executed on the GPU, it is executed
in parallel by several threads on the GPU, each of which is identified by the
built-in variable Threadldx (it is used as the index-of the array element).

Since the testl subroutine is executed on the GPU, it is executed
in parallel by several threads on the GPU, each of which is identified by the
built-in variable ThreadIdx (it is used as the index-of the array element).

CUDA Fortran allows you to work in conjunction with other software. For
example, it is possible to use OpenACC and CUDA Fortran together in one
program; A program with OpenMP can use CUDA-managed memory [211].

Descriptions for CUDA Fortran are permanently available at the URL
https://docs.nvidia.com/hpc-sdk/pdf/hpc Vv.pdf, where Vv are the all
version digits of the SDK (e.g. V=233 for version 23.3 at the time of writing
the review).
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To conclude the brief information about CUDA Fortran, it should be
noted the point of view of Nvidia employees, indicated in their famous
book [212], that the use of CUDA Fortran will be aimed primarily at those
programmers for whom it is important to ensure software portability,
clarity and ease of maintainability of code when achieving acceptable
performance. But the ease of writing code also has another important
effect, increasing labor productivity (reducing program development time).

Naturally, other developers also have SDK-class software that can be
used when working with Nvidia GPUs. For example, HPE Cray MPI [213]
with CUDA support (this MPT correctly copies data from the device memory
to the network card memory (and vice versa) by implicitly copying the data
first to the host memory, and from there to the network card, or directly
(bypassing the host memory) with support for GPUDirect RDMA [214],
which is available in A100. MVAPICH2-GDR [215] can also interface with
CUDA. AMD HIP tools, which can also work on Nvidia GPUs, were mentioned
above. Such SDK tools that were not developed by Nvidia will not be
discussed here, but they may be discussed in the sections of the review
about new generation GPUs.

4.1.4. A100 Performance Data

Although the review is aimed at new generation GPUs, it seems
necessary to provide data on the achieved performance of the A100 and its
acceleration relative to the V100. Information on the performance of the
A100, which also provides a comparison with the new generation GPUs, is
discussed further in the relevant sections about these GPUs, and may not be
presented here.

Peak performance was discussed earlier, data from benchmarks and
applications are discussed here. It must be kept in mind that deliveries
of the A100 GPU from Nvidia, which began in 2020, were accompanied
by such an active emergence of new A100 models, including due to the
simultaneously awakening competition with the new generation GPUs from
AMD emerging at that time, that the authors of some publications, where
the latest A100 were used, the parameters of the model used were not
always clearly indicated.

It is useful here to give a short introduction about the efficient use
of tensor cores for dense matrix multiplication and the use of mixed
precision. For working with AI, this is enough natural; For ordinary HPC
applications FP64, that run efficiently on the GPU, the use of DGEMM is
also often assumed. For a discussion of how actual is hardware support for
DGEMM for mainstream HPCs, and whether lower mixed precision can be
used, see [90].
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HPC often requires DGEMM to work with large square matrices, and
the A100 tensor core performs hardware operations on matrices of fixed
small sizes (see above in Section 4.1.1). But there are many tensor cores
in A100, and multiplication of large matrices boil down to multiplication
of small submatrices. And programmers can simply use cublasDgemm, and
for a large matrix size (compared to hardware-supported in tensor cores)
16384 x 16384, [216] indicates achieving 19.4 TFLOPS close to the peak
performance for the A100 tensor cores. In [216], power consumption was
also studied, and it was found that an increase in power does not always
correlate with an increase in performance.

It should be noted that in [216] a matrix size multiple of 2% was used.
This is consistent with Nvidia’s guide to working with matrices [217]
on tensor cores (focused on Al areas) —it notes that performance is higher
with matrix sizes that are multiples of 128 bytes (for FP64). In [217]
describes how GEMM in cuBLAS is implemented by partitioning the
output matrix into fragments that are assigned to blocks of threads, and
discusses the optimal trade-off between the size of the submatrices to
be multiplied and the requirement to utilize all GPU hardware resources
through maximum parallelization. But these different proposed variants
of GEMM are more important for not very large input matrices, and the
results in [217] are demonstrated for the low precision typical for Al

For the graphical processor Nvidia Titan RTX, where DGEMM was
emulated using tensor cores due to their lack of hardware support for
the FP64 format [218], a plot of the performance of DGEMM from
cuBLAS versus the dimensions of square matrices shows certain jumps
in the achieved performance. And for the A100, such jumps in GEMM
performance when changing matrix dimensions when working with FP16 are
demonstrated in [217]. Obviously, a similar dependence of the performance
of A100 in DGEMM for the most relevant large square matrices for HPC also
has this property, but the author is not aware of any articles demonstrating
this.

So to work effectively with HPC on a GPU, not only sophisticated
programming of possibly initially naturally sequential codes is required, but
knowledge of the likely performance behavior at the BLAS level is also
useful. In general, one gets the feeling that the use of tensor cores of these
Nvidia GPUs for traditional HPC tasks in the FP64 format with conventional
dense matrices remains to be studied — GPU hardware has developed too
quickly, with an initial orientation not at all towards HPC.
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A number of studies are devoted to the use of tensor cores and simply
from the point of view of the applicability of mixed precision. Thus,
in [219] various issues of such arithmetic were studied on V100 and A100,
including from the point of view of rounding modes.

Work on software for matrix multiplication using tensor cores and
their effective use continues. In [220], the possibility of using multiword
arithmetic was explored— when matrices are represented as the unevaluated
sum of two or more lower-precision matrices, and the product of the
matrices is calculated by multiplying their lower-precision constituents.
This was done, for example, on tensor cores of A100 and V100 for the input
matrices A and B in formula (1) with FP16 numbers, and the accumulative
matrices with FP32 numbers. Rounding errors were studied and the use
of algorithms that reduce rounding errors was proposed. The purpose
of this is to improve the trade-off between performance and precision [220].

For Al it is relevant to work with matrices that have a specific sparsity.
Data on such work with tensor cores for V100, A100 and H100 are available
in [221].

The following is some of the information about the performance of the
A100, which the author considers most relevant, especially for HPC tasks.
The more high performance of the A100 relative to the V100 is obvious
and confirmed in many articles. This is primarily due to FP64 support
in tensor cores, higher peak performance, larger L2 cache size, and higher
memory bandwidth in the A100. But this does not mean that the gain
will be obtained in any code (especially not optimized), when using any
version of CUDA, with any task dimensions, and so on. Thus, in [222]
on some codes given by Nvidia as examples of using CUDA [223], the V100
outperformed the A100.

Well, as a kind of starting integral estimate of the acceleration of the
A100 relative to the V100, we will use the data from the SPEC ACCEL
v1.2 benchmark (using 19 different applications) [224], where the maximum
results obtained by Lenovo for the A100-PCIe-40GB relative to the
V100S-PCle-32GB are better than approximately 1.7 times. Another
integral assessment of the performance of the A100 is provided by data
from the SPEChpc 2021 benchmarks, for which modern supercomputers
with GPUs are also used [225]|. However, the official results of these
benchmarks [226] (as of June 14, 2023) do not contain data for computing
systems with the same number of A100 and V100 GPUs. Comparative data
on the performance of servers with multiple A100 is presented below
in Section 4.2.6 on H100 performance.
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Microbenchmarks and low-level performance measurements, as
close as possible to the A100 hardware. Several publications can be
roughly classified into this group of performance tests. In [227] stydied the
performance impact of using asynchronous copy at the microbenchmark
level and in the higher-level modernized integral Rodinia benchmarks suite
(for non-AT applications at the University of Virginia).

In [79], microbenchmarks were used to measure the latency and
bandwidth (performance of executing instructions) on tensor cores (at PTX
level). In [228], the performance of kernels for memory-bound iterative
methods for solving systems of linear equations was studied on the V100
and A100.

In [229], a low-level synthetic benchmark was developed and applied to
determine the performance and power consumption of the DGX A100
server with 8 A100 GPUs and the DGX-2 server with 16 V100 GPUs using
dynamic frequency and voltage scaling. To measure performance, it was
used the Mandelbrot floating-point benchmark [230|, implemented on CUDA
PTX, which gives the closest approximation to peak performance due to
high data parallelization, virtually no execution delays due to memory
access and branches. These servers use 64-core EPYC 7742 due to their
support for PCle-4.0, which was not available in Intel Xeon. At optimal for
power efficiency configuration, the A100 achieved power efficiency of 51
GFLOPS/W and 91 GFLOPS/W for the FP64 format when operating
without and using tensor cores, respectively [229].

To ensure high application scalability, communication between GPUs
in a multi-GPU server and between cluster nodes of such servers is
important. A study [231] focused on Deep Learning Recommendation
Models (DLRMs—widely used by Internet companies to predict what
consumers might like when multiple options are available) obtained data
on the bandwidth of such communications using NCCL and MPI for systems
containing A100 and V100.

Memory bandwidth benchmarks. Data on traditional performance
benchmarks can start with bandwidth benchmarks— it very often limits
performance and is important for other benchmarks discussed below. Here
we must keep in mind that due to the different programming models used,
different numerical results may be obtained for the same benchmark.
A notable example of this is BabelStream™ [232], which is a modification
of the widely used STREAM benchmark for CPUs (see, for example, data
for ARM processors [5]).
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BabelStream does not take into account the transfer time between the
host and the device, and it has implementations in almost all programming
models used for GPUs. Compared to the classic standard STREAM
benchmark [233] BabelStream has added a kernel with the scalar product
of vectors, and some other modifications have been made [232].

In [234,235], the obtained dandwidth data for all BabelStream kernels
for different array sizes show a generally significant speedup of A100
relative to V100. For an 8.2 GB array, the V100 achieves 800 to 840 GB/s
in these kernels, while the A100 achieves 1.33 to 1.4 TB/s. Although for
small array sizes the A100 has lower bandwidth than the V100, for larger
array sizes the A100 is about 1.7 times faster than the V100 for most
kernels [234]. It should be borne in mind that these data were obtained
shortly after the appearance of the A100 and obviously refer to the first
model A100-40GB, and the CUDA 11 version was used.

Similar bandwidth data for all BabelStream kernels using different
array sizes for the A100 and V100 are presented in [173].

In [42], data were obtained for the bandwidth (with the usual FP64
format) of all 5 BabelStream kernels: copy (a[i] = b[i]), mul (a[i] = b * c[i]),
add (a[i] = bli] + ¢[i]), triad (ali] = b[i] + d * ¢[i]), dot sum (= sum + ali]
* bli])— and for each of them on 5 different programming models, for A100
(on a server with two 64-core EPYC 7TH12 + 4 A100-40GB) and for V100
(on a server with two 20-core Xeon Gold 6230 + 4 V100 -32GB). One
GPU was used in this benchmark. As a “unit of reference” that gives the
maximum bandwidth of A100 and V100, the BabelStream results obtained
with the CUDA version of this benchmark was taken.

Our analysis of data from [42] shows that in all BabelStream kernels
using OpenMP and Kokkos on the A100 the "closing" to the CUDA values
in percentage is more than on the V100 (with the exception of add and
triad in Kokkos), and the achieved level of "close to the CUDA indicators"
looks acceptable.

In many ways, BabelStream benchmark provide a convenient oppor-
tunity to compare the effectiveness of the implementation of different
programming models of different GPUs. For example, in [236] a Fortran
implementation of BabelStream was made using DO CONCURRENT
tools from Fortran 2008 applicable to GPUs, which is in addition to other
capabilities for working with GPUs in Fortran— using OpenMP, OpenACC or
CUDA Fortran tools. Comparative performance data of different BabelStream
implementations was obtained for A100-40GB and A100-80GB. Using
NVHPC 22.7 for A100-80GB in C++ and Fortran, bandwidth of 1.7-1.8
TB/s was obtained in all 5 BabelStream kernels.
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At the same time, the achieved bandwidth values on OpenMP and
CUDA variants for C++ and Fortran practically coincided (the maximum
difference is about one percent), with the exception of the dot kernel, where
CUDA C++ was 13% slower than CUDA Fortran (after changing of the tuning
parameter BabelStream, the C++ lag has decreased to one percent).

This review does not systematically examine the effectiveness of various
GPU programming models, and these data were presented to illustrate
the opinion of the authors [236] supported by the author of this review,
about the lack of activity in the development of programming models
using Fortran tools for heterogeneous architectures. The significantly
higher results obtained in [236] for the A100 in BabelStream compared to
[234,235] are primarily associated with the use in [236] of a more modern
A100 model (the A100-80GB has higher memory bandwidth; In [237]
BabelStream triad kernel gave 1732 GB/s for A100-80GB versus 1399
GB/s for A100-40GB.

Achievable memory bandwidth data is no less important for Al than
for HPC. In [231], a set of tests for DLRM tasks is proposed, which includes
a memory bandwidth test specialized for DLRM, where it is evaluated when
working with FP32 and FP16 formats. For the A100-40GB, a throughput
of about 1.4 TB/s was achieved for FP32, for FP16 it was slightly lower.
For V100 with FP32 more than 800 MB/s is achieved, and with FP16—
less than 800 MB/s [231].

Considering mixed-precision work in tensor cores, the corresponding
memory bandwidth indicators are used to optimize the performance of the
actively developed Ginkgo sparse linear algebra library portable to GPUs
from different manufacturers [173]. The authors of [238] reports the
performance of the A100 on a mixbench benchmark that uses kernels with
mixed computational intensities (the ratio of floating point operations
performed to bytes transferred) for different data formats and with different
programming models [239], which gives and bandwidth estimates. This is
actual mainly for AI and is not discussed here.

Performance of Linear Algebra Codes (BLAS). As with other GPU
benchmarks, linear algebra tasks introduce a number of GPU-usable features
that are different from traditional CPU use. This is mainly due to the
frequent use of lower precision formats and support for operations with
small matrices in tensor cores, which is primarily actual for AI. This led to
BLAS with lower precision, as well as the development of batch linear
algebra (solving many linear algebra tasks with small independent matrices;
The batch size here is the number of matrices in it) [240].
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Accordingly, linear algebra libraries specialized for GPUs have appeared
(here we primarily mean not libraries from GPU development companies, but
libraries focused on working with GPUs from different manufacturers)— and
articles are appearing that study the performance of working with the tools
of these libraries.

One thing to note here is the Ginkgo library for sparse linear algebra
mentioned above; Data on the achieved performance on the A100 using
it are available in [173,234,235,237,238|. For batch linear algebra,
the well-known MAGMA library is applicable, the modules of which
showed performance higher than the corresponding modules of the GPU
manufacturers’ libraries. Data on the performance of this library when
running on the A100 are presented, for example, in [234] and [241]. For
exascale computing, the libCEED library of the CEED Center (Center for
Efficient Exascale Discretizations) of the US Department of Energy has
appeared, where performance close to peak values is achieved on tensor
cores of Nvidia GPUs [242], but the corresponding data in this work were
obtained not for the A100, but for the V100.

It’s natural to start analyzing performance for dense linear algebra
problems with GEMM, since this is the only way to achieve maximum
performance when working with A100 tensor cores. But due to the
fundamental importance of GEMM and working with tensor cores, the
general features of this for A100 have already been analyzed above at the
beginning of Section 4.1.4 Publications that provide numerical estimates
of the performance of GEMM with different data formats are reviewed here.

Benchmarks [222] reports the performance obtained for matrix
multiplication of different data formats on the A100 and V100 for example
CUDA kernels from Nvidia. There was no optimization goal here, small
matrix dimensions atypical for traditional HPC problems were used, and this
only illustrates the fact that you can use matrix multiplication code that
will run faster on the V100 than on the A100.

Nvidia’s tutorial on matrix multiplication for deep learning tasks [217]
shows how GEMM'’s performance from FP16 on V100 increased dramatically
when moving from cuBLAS v10 to cuBLAS vl11, illustrating the rapid
progress even in stable Nvidia software. This guide also shows typical
performance dependences of the A100-SXM4-80GB for such GEMMs
on matrix dimensions.

In [231] the benchmarks set for DLRM includes GEMM benchmark and
uses GemmEx calls from cuBLAS. For V100 with FP32, this benchmark
applies to working with FP32 vector cores, and for mixed precision with
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FIGURE 8. Performance of the GEMM batch implementation—
with GemmEx calls from cuBLAS (Figure from [231])

FP16— with tensor cores. For the A100-40GB, the benchmark with tensor
cores additionally includes work with TF32 and BF16. But the achieved
performance values given in [231] refer to the batch version of GEMM (see
Figure 8; BS in this figure is the package size), which is due to the small
(indicated in the figure) sizes of different matrices. This figure shows that
the performance of the A100 with FP16/BF16 is several times greater
than that of the V100 with FP16, which corresponds to the main focus
of modern GPUs primarily on Al.

But the performance of batch variants of GEMM was also studied for
the FP64 format. Data showing significant performance gains when running
DGEMM in batch mode on a GPU are available in [242]. Batch variants
of DGEMM for typical HPC tasks can be said to have not been used before—
in the sense that relevant research has only begun to appear in the last ten
years. Here it is worth noting the solution of the equation of hydrodynamics
of compressible fluids with high-order finite elements [243] (see also
[244,245]).

In computational chemistry, the packaged DGEMM was used in the
well-known CP2K software package for calculations using the quantum
chemical DFT method with periodic boundary conditions in the basis
of plane waves [246]. The effectiveness of batch matrix multiplication for
calculating the matrix of pairwise distances used in molecular dynamics
tasks was noted in [247].

The appearance of FP64 support by tensor cores in the A100 can
significantly increase the relevance of batch DGEMM. But the use of these
tools now largely relates to the development stage, figuring out where it
can be used, which is also reflected in modern works. So, in [248] it was
concluded that it is advisable to use batch DGEMM in the Nektar++ CFD
application.
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In [249], calculations using the quantum Monte Carlo method
were performed on nodes of the Vega supercomputer (at the Institute
of Informatics, Slovenia), containing two CPUs (64-core EPYC 7H12) and
four A100. Although the operation time of the batch GEMM was lower,
in the Monte Carlo approach proposed in [249] using MPI parallelization
of GEMM tasks, the overall performance of the entire simulation was much
higher than that of the batch DGEMM. But in this work, tensor cores were
not used.

Batch support for DGEMM is available in various libraries for the
A100. In [234], the performance of batch DGEMM achieved on A100
was studied using MAGMA and cuBLAS (CUDA 11.0) tools. For small
size workloads, MAGMA’s batch DGEMM achieves 2.4/1.6 TFLOPS
for A100/V100. This is 33/60% faster than cuBLAS, which is due to
special optimization for small matrices in MAGMA. At the same time, the
batch implementation of DGEMM in MAGMA did not use tensor cores
(unlike cuBLAS). But on larger tasks, cuBLAS achieved 18/6 TFLOPS
for the A100/V100 (for more details, see Figure 9, which also shows the
performance of another BLAS routine, DTRSV); In general, on batch
DGEMM, A100 is up to 1.5 times faster than V100 in MAGMA and up to
3 times in cuBLAS [234]. It can be seen that in the cuBLAS variant a good
closing to peak tensor performance of the A100 for FP64 is achieved.
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(Figure from [238])

In [234] also provides data on the performance of the A100 and V100
on MAGMA and cuBLAS implementations for batch BLAS DTRSV and LU
and QR factorization (in LU and QR on the A100, MAGMA outperformed
cuBLAS in all dimensions, and in DTRSV only in the middle ones).

To complete the discussion here of performance in batch linear algebra
tasks on the A100, we should provide performance data for the QR
factorization of dense matrices used in FP64 and FP32 formats [241].
The highest performance data, strongly superior to all alternatives, was
achieved here using the MAGMA library. The asymptotic performance
achieved (more than 2.6 TFLOPS for square FP64 matrices) is far from the
theoretical peak values because the matrices for batch GEMM are not large
enough.

From other publications regarding BLAS on A100, it is necessary to
note the data [238] for matrix vector multiplication (GEMV kernel),
which may be even more common (than GEMM) in HPC and for the scalar
product of vectors (DOT kernel) —see Figure 10 and Figure 11. Here, the
achieved performance for FP64 and FP32 using special memory access
tools for different data formats of the Ginkgo library (marked as accessor
in the figures) for A100 and V100 is compared with cuBLAS data. Here
you can see how significantly the A100 outperforms the V100 in terms
of performance across different BLAS implementations. Similar results were
obtained in [238] for another matrix vector multiplication module from
BLAS, TRSV.
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As for working with sparse matrices, there are a number of publications
for the A100 with data on the performance of sparse matrix vector
multiplication (SpMV in BLAS), which is actual for various applications.
[173,234,235] and [238] provide performance data on the A100 and V100
for SpMV in FP64 format. But the result here depends on the chosen
sparse representation format, and on the specific matrices selected in the
test, and, naturally, on the library used (cuSPARSE and Ginkgo were used
here), and at the “macro level” it is less informative. Let us only note the
maximum achieved performance of 220 GFLOPS and 135 GFLOPS on the
A100 and V100, respectively [173], which is close to the upper limits was
expected by article authors (230 GFLOPS and 140 GFLOPS, respectively —
probably in roofline modeling).

Since choosing the optimal sparse matrix storage formats is also
a non-trivial problem, machine learning was proposed to solve it on the
A100 and V100 in [250].

The fast ourier transform (FFT). Important data on the performance
of the A100 is provided by the achieved FFT performance, which is actual
for various tasks, both HPC and Al [251] demonstrates the performance
of A100 using the developed SYCL FFT library compared to cuFFT.
Although SYCL FFT is clearly inferior to cuFFT in terms of performance,
the goal of the SYCL FFT developers is portability to GPUs from different
manufacturers. At the same time, the lag of SYCL FFT is largely due to
big overhead of the SYCL runtime (especially kernel dispatch), which is
less important for large-scale problem.

Another FFT library aimed at working with GPUs from various developers
is the open source VKFFT library, whose performance data on the A100-
40GB is available in [252]. VKFFT supports double, single, and half
precision data, and the performance achieved on the A100 is typically
greater than with cuFFT [252].

In [253] developed the tcFFT library for one- and two-dimensional FFT
using tensor cores. When running on FP16, tcFFT outperforms cuFFT
(CUDA 11.0 was used) in 1D and 2D FFT on both the A100 and V100
(with the exception of low-dimensional 1D FFT). A significant superiority
in performance in A100 relative to V100 for one- and two-dimensional FFT
is shown; These data are illustrated in Figure 12 for a 2D FFT [253].

Computational chemistry:

(A) Molecular dynamics. Molecular dynamics problems began to act as
classic problems, one of the first demonstrated examples of GPU
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performance growth by their developers. Thus, in [190] an increase
in performance in well-known molecular dynamics applications
AMBER, GROMACS, NAMD and LAMMPS is indicated by 1.5-1.9
times on the A100 compared to the V100 (1.9 times applies to
LAMMPS).

A detailed and in-depth study on the performance of LAMMPS
in calculations of various molecular systems using different potentials
and different GPUs, including the A100, is [254]. Here was used
a cluster of multi-GPU servers (HPE/Cray EX on the Airforce
Weather computing system, AFW HPC11). The A100-based nodes
used one 64-core EPYC 7713 and four A100-40GB. LAMMPS uses
Kokkos software to support code portability, and the paper aims
to achieve the optimal choice of their parameters, and only the
corresponding relative performance data is provided.

Molecular docking. In [42], data were obtained on the performance
of the miniBUDE mini-application [255] based on the BUDE (Bristol
University Docking Engine) application targeted towards molecular
docking for potential drug discovery tasks (prediction of the favored
orientation of a ligand to protein at the form their stable complex.
There, the change in the Gibbs free energy for the ligand-protein bond
is considered extremely simple, empirically. BUDE was originally
GPU-focused, and miniBUDE effectively ports to a wide variety of SDK
for GPUs. The calculations here use FP32 and the A100 is about 30%
faster than the V100.

Another molecular docking program, AutoDock, was upgraded to
AutoDock-GPU in [256] to run on Nvidia GPUs. There, the A100 was
found to achieve higher performance when using CUDA than when
working with SYCL.

Quantum chemistry. In [198] a radical modernization by the authors
of the open source software package for computational chemistry
(QUICK) is described, which makes it possible to carry out calculations
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using quantum chemical methods HF and DFT (the most common
in the world today) in a Gaussian basis sets on multi-GPU servers,
including ¢ A100. A feature of calculations of all modern quantum
chemical methods in such a basis set is the need to calculate O(N?)
integrals (N-dimension of the basis), which cannot be reduced to
widespread mathematical methods.

These calculations (as well as the corresponding gradients) require
major calculation time using the HF or DFT method. For parallelization,
CUDA C and OpenMPI tools were used here. Each of the above
integrals from contracted basis functions is calculated by one thread
at the PTX level, which made it possible to achieve high performance
for such a complex task. Parallelization in QUICK is possible from
the level of a single GPU to a cluster of multi-GPU servers. All
calculations are performed in the FP64 format required for quantum
chemistry; Tensor cores are not used due to the lack of need for
matrix multiplication in these methods.

The presented results of run times for various molecules containing
from several tens to several hundred atoms in an Infiniband HDR
cluster with DGX nodes (4 V100-SXM2 with two Xeon Gold 6248 per
node) showed high parallel efficiency and almost linear performance
scalability from 1 to 16 GPUs. On a DGX A100 server with 8 A100,
parallel efficiency is slightly lower than with V100 (V100 has less
SMs), but the calculation time is much lower [198]. QUICK is
developing rapidly [257-259], and the achieved very high acceleration
in DFT calculations relative to conventional dual-processor x86-64
servers makes it attractive for fairly large-scale calculations.

An alternative approach to providing highly efficient Gaussian DFT
calculations using GPUs was proposed in [260] and was implemented
on the A100. In [260] new algorithms were developed for calculating
the Coulomb and exchange contributions to the matrix of the
one-electron DFT Hamiltonian, and a program was created that
generates CUDA codes (the kernels are different for different angular
momenta). On molecular systems ranging in size from a few hundred
to over a thousand atoms, they achieved fairly good performance
scaling using up to 128 A100 GPUs on the Perlmutter supercomputer.

Another demonstration of the ability to achieve a high level
of parallelization scaling in a cluster of multi-GPU servers with A100
on quantum chemistry problems is work [261], where calculations
were performed at the Samsung Electronics supercomputer center
(on the SSC-21 supercomputer, ranked 20th in the Top500), the nodes
of which used HPE servers with two 32-core EPYC 7543/2.8 GHz, 1
TB memory and 8 A100-80GB (nodes connected via Infiniband
HDR200).
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Here, using the TDDFT method (extended in comparison with DFT,
with time dependence for calculating exited states), using Gaussian
basis functions, calculations of a protein molecule containing over
40 thousand atoms were performed using up to 256 A100. The
parallelization program used OpenMPI, OpenMP and CUDA Fortran
tools (from NVHPC SDK 22.3). One MPI rank per node was used,
where the processors (they are connected to the A100 via PCle)
generate a number of OpenMP threads equal to the number of GPUs
in the node, and NVLink is used to communicate between the A100.
The resulting acceleration does not deviate much from linear scaling
up to 256 A100; Even with 256 GPUs, the parallelization efficiency
exceeds 80% [261].

Another work carried out within the framework of the ECP
project [262] presents the calculation times for the exchange-
correlation component of the one-electron Hamiltonian of the
quantum chemical DFT method using Gaussian basis functions using
the new NWChemEx software package (developed on the basis of the
well-known NWChem software package). The corresponding part
of the code was done on CUDA. In the calculation of a protein (ubiquitin,
more than a thousand atoms), the dependence of the calculation time
on the number of GPUs used in parallelization on the Perlmutter
(with 4 A100 in each node) and Summit (with 6 V100 in each node)
supercomputers was studied. To optimize the calculation, code was
developed at the PTX level, and NCCL/NVSHMEM tools were used to
optimize the use of distributed memory. The calculation time for all
program components decreases almost linearly as the number of GPUs
increases to 32, and the deteriorating deviations from linearity when
using V100 are slightly larger. And these times themselves on one
A100 are one and a half to two times less than on the V100.

Computational fluid dynamics (CFD). Data on the performance
of CFD applications are as “typical” in reports from GPU manufacturers as
data on molecular dynamics, and accordingly, many publications with such
data for the A100 have already appeared.

Thus, in [263], the calculation using the OpenCFD-SCU program
on the A100 required 3.036 seconds per calculation step compared to 4.702
seconds on the V100.

In [264] provides performance data on the well-known Nek5000/RS
code using the specialized OCCA (Open Library Concurrent Compute
Abstraction) library for different types of GPUs. The kernels on the A100
there support 2.1-2.2 TFLOPS (FP64) for the Poisson operator and 3.1-3.8
TFLOPS (FP64) for the advection operator (higher numbers in ranges refer
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to higher dimensions). In the pressure preconditioner, the forward Poisson
operator at coarser multigrid levels realizes 2.5-3.9 TFLOPS (FP32), and
the Schwarz smoother supports 2.5-5.1 TFLOPS (FP32). The comparable
values on the V100 are one and a half times lower.

Similar data on the higher performance of A100 relative to V100 by
1.55 times when running NekRS are available in [265].

In [190], an increase in productivity of 1.7 times is indicated on the A100
relative to the V100 of the famous NASA software package, FUN3D [266].
It is clear that this requires additional information about specifications
of calculations.

FUN3D is a software package for solving CFD problems with an
unstructured grid, originally written in Fortran, part of the source code
of which was transferred to C++ CUDA in the form of kernels of the FLUDA
library, and even a mini-application was developed. Calculations here are
performed in FP64 format for most variables, and with mixed precision
FP32/FP64 for linear algebra problems [267].

At the 2023 ATAA Science and Technology orum, there were a number
of presentations that provided data on the A100’s performance in various
CFD tasks, including in comparison to the V100. In [268], it was found
that three quarters of the total execution time of FUN3D using the
A100-SXM-40GB on a 3.7 million point grid was used by memory-bound
kernels. Achievable performance correlates with bandwidth, and calculation
on the A100 by the NASA common research model (CRM) in transonic
conditions using the Reynolds-averaged Navier—Stokes equations was 1.67
times faster than the V100-SXM-16GB calculation.

In [269], in an aerodynamic analysis for electric VTOL aircraft using
a large eddy simulation program on a system with 8 A100, the calculation
time using FP32 was 1.4 hours versus 2.9 hours on a system with 8 V100.

In [270], large eddy simulations of flow instability were performed
on multi-GPU systems with 4 V100 and 8 A100. Performance vs. number
of GPUs data for A100 and V100 systems shows that with the same number
of GPUs (up to 4), A100 performance is several times higher when working
with both FP64 and FP32, and good performance scaling up to 8 A100 is
achieved.

Other CFD performance data for A100 and V100 servers at this forum
is presented in [271], and in [272] performance data is obtained for systems
with 4 A100 or V100 GPUs.
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Report [273] presents data on the performance of solving CFD problems
using the lattice Boltzmann method on the A100 and V100. The work [274]
implements the lattice Boltzmann methods improved by the authors,
compares the performance on the A100-40GB and V100 using FP32 and
FP64 and, naturally, shows a significant increase in the performance of the
A100 compared to the V100.

In [275] provides data on the performance achieved within the
URANOS program when using the A100 or V100. URANOS is designed
for compressible flow solver for high-fidelity modeling of compressible wall
flows (solving the system of Navier-Stokes equations in a three-dimensional
Cartesian system from low to high Mach and Reynolds numbers), is
implemented in Fortran 90 and parallelized using OpenACC and MPI. The
calculations were performed on two different Italian supercomputers with
V100 in nodes, and on DGX-A100, where maximum performance was
obtained. In all computing systems, maximum performance is obtained
when using not the standard MPI implementation, but the supporting GPU
from Nvidia, which uses direct data exchange between devices without
accessing the host.

And in [276], for the tasks of accurate modeling of high-speed flows
in various solution schemes, the efficiency of different Nvidia GPUs, including
the A100 and V100, was compared using not only the FP64 format as the
main one, but also FP32. Simulating supersonic jet noise (13 million cells,
400000 iterations) on a single A100 using CUDA gave an run time of 34.5
hours. We calculated the ratios of various calculation times on A100 and
V100 given in [276], and obtained a range of accelerations of A100 relative
to V100 from 1.4 to 1.9 times.

Artificial intelligence. Regarding the A100’s performance for Al
problems, only two more important data sources (from the author’s
point of view) are considered here. Firstly, this is, of course, data on the
performance of machine learning— MLPerf training benchmarks [277];
At the time of writing the review, the data was current for version 2.1 [278|.
The more comparable “closed” section of these benchmarks is discussed
below. Within it, possible data is divided into available cloud, available
on-premise and preliminary. Table 14 shows locally available performance
data for servers running the A100According to the rules, results can be
provided for individual benchmarks from the general list. But in our
review, the goal was maximum comparison, and the individual maximum
performance values (obtained by different companies and achieved for
individual of the benchmarks), which were not accompanied by many
corresponding data for other benchmarks, are not shown in the table.
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TABLE 14. Machine learning performance in MLPerf Training
v2.1 benchmarks [278]. Data: Available on-premise

Task Type and number Calculation | gubmitter
of GPUs time, minutes
A100-SXM-80GB, 4 54.956 ASUSTek?
Image classification A100-PCIe-80GB, 8 30.756 ASUSTek?
A100-SXM-80GB, 4 54.231 Dell?
: A100-SXM-80GB, 4 49.446 ASUSTek!
I tat 2
(rf;gi‘zalsf S Ao I 00-PC1e-80GB, 8 25.855 ASUSTek?
A100-SXM-80GB, 4 47.253 Dell®
. . A100-SXM-80GB, 4 161.699 ASUSTek!
Object  detection, :
B OO TRT00-PCIe-80GB, 8 89.137 | ASUSTek?
& g A100-SXM-80GB, 4 222.199 Dell®
. . A100-SXM-80GB, 4 78.535 ASUSTek!
Object detect 2
he;vec_wei hte et T A100-PCle-80GB, 8 43.081 ASUSTek?
y-wels AT00-SXM-80GB, 4 83.712 Dell?
A100-SXM-80GB, 4 59.989 ASUSTek!
Speech recognition A100-PClIe-80GB, 8 32.534 ASUSTek?
A100-SXM-80GB, 4 55.086 Dell®
A100-SXM-80GB, 4 33.431 ASUSTek!
Natural 1 - :

—— R A100-PCIe-80GB, 8 24.186 ASUSTek?
g A100-SXM-800B, 4 32.792 Dell®
Recommendation A100-SXM-80GB, 4 3.147 ASUSTek!

A100-SXM-80GB, 4 4.309 Dell®
Reinforcement A100-PCIe-80GB, 8 |  161.647 | ASUSTek?
Learning

I with EPYC 7773X, GPU TDP 400 W;
2 with 2xEPYC 7763, GPU TDP 300 W;
3 with 2xEPYC 7763, GPU TDP 500 W;

The table contains only data whose submitter provided results for 7
benchmarks out of 8 available in MLPerf training 2.1. There are no V100
performance data for version 2.1, but the strong acceleration of A100
relative to V100 can be indirectly estimated from MLPerf training HPC 2.0
data [279]. The resulting benchmark performance may depend not only
on the GPU characteristics itself, but also on the specific computing system
and software used.

This is not discussed further here, but below, in Section 4.2.6, we
present data on the performance of the A100 in the new versions of the
MLPerf benchmarks — training v.3.0 and another set of benchmarks
for machine learning inference, inference datacenter v.3.1. There, the
performance of the A100 is compared with the H100 (this data became

available after the practical completion of the review).
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Another publication with important information on A100 performance
metrics for various Al domains [231] is narrowly focused on DLRM. It has
been noted that these models have atypical requirements compared to other
types of deep learning models. In [231], using A100 and V100, various
performance data were obtained, including on a cluster of GPU servers,
which is actual for large, highly scalable data centers, and recommendations
were made on possible improvements to DLRVs.

All of the above performance data naturally and unambiguously
indicates the advantage of the A100 over the V100, including in performance,
which should be most pronounced in HPC applications that require FP64
matrix multiplication and/or large memory capacity. The V100 lag is
smaller in HPC applications with FP64 that do not use matrix multiplication
in tensor cores: both GPUs have the same number of FP64 vector cores per
one SM.

4.2. New Nvidia H100 GPUs
4.2.1. H100— microarchitectural implementations of Hopper

The main metrics that characterize the H100 versus the A100 are
shown in Table 10, and Figure 6 illustrates the overall SM structure in the
H100, providing a framework for understanding the H100 architecture and
scaling performance with the number of SMs. In addition to the H100
models discussed in this review, Nvidia began producing H800 GPUs, which
also have Hopper architecture and are not subject to US sanctions against
China due to the reduced performance level in the H800 to an acceptable
level. These GPUs are not covered in this review; information about them is
available, for example, in [185].

All information provided later in this section about the Hopper
microarchitecture and its implementation in the H100 is based on a general
description by Nvidia [78], and additionally, if more detailed information is
needed, references are provided to relevant sources.

Thanks to the above discussion of the A100 and the Ampere architecture,
the H100 analysis can only focus on the improvements in the H100 relative
to the A100, since the overall build of the H100 and A100, as well as their
SMs, are roughly the same. The general hierarchy of GPU construction
from the SM level to the full GPU level is no different for the H100 and
A100, and the terminology used does not change: from two SMs a TPC
cluster is formed, and from a set of TPCs GPC clusters are formed, of which
there are 8 on the GPU. But different H100 GPUs in this hierarchies differ
in quantitative indicators.

Like the A100, the H100 has the highest available metrics supported by
the Hopper architecture (these are specified for the GH100). In fact, Nvidia
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TABLE 15. Macro-level characteristics of GH100 and H100

models
GPUs GH100 H100-sxM5 | H100-PCle
Number of SMs 144 132 114
Number of TPCs 72 66 57
Number of GPCs 8 8 8
L2 cache 60 MB 50 MB 50 MB
Number of HBM stacks | 6 (HBM2E or HBM3) 5 HBM3 5 HBM2E

ENEZRY

offers two models (with different form factors) that implement the Hopper
architecture, and their quantitative specifications in this hierarchy are
shown in Table 15.

The GH100 has 9 TPCs in each GPC, but this is not required in real
H100 models. The GH100, H100-SXM5 and H100-PCle each use 10 memory
controllers (512 bits each), giving a total memory width of 5120 bits (see
Table 10). The most important thing is that H100 models with different
form factors differ significantly in performance simply due to the different
number of SMs, as well as due to different memory. This can be seen
in more detail not in Table 15, but in Tables 10 and 12. Peak performance
in the H100 can be calculated in the same way as was done above for the
A100— the number of SMs has simply increased in the H100, and every of
4 partitions of SMs in the H100 has twice the number of FP64, FP32 and
INT32 vector devices than in A100 (see Figure 6).

Compared to the A100, in addition to the quantitative increase in the
H100 in the number of available SMs and the number of vector cores
contained in each SM, and at the general level of the H100— the size
of the L2 cache and other specifications, a number of very important
improvements in the H100 hardware are closely related to CUDA and will be
discussed further in the analysis of CUDA extensions for H100. This applies
to both asynchronous execution and a new module, the Tensor Memory
Accelerator (TMA), for efficiently transferring large blocks of data between
global and shared memory (see Figure 6).

Finally, the H100 introduces or improves upon the A100 with a very
large number of new hardware enhancements that are beyond the scope
of this review in the narrow sense of its HPC focus and with limited
consideration of Al. Even listing new such tools can take more than one
indent — these are numerous improvements in MIG technology (especially
actual for working with cloud technology), security tools, and so on. New
instructions have been added to ISA, for example, for current genomics
problems— this has a very important, but narrow meaning. A lot of what
has been added relates to video and image processing and Al. Of the latter,
we note only the appearance of hardware for transformer models used
for NLP. As with the A100 above, interconnect hardware is covered in a
separate section on H100 servers and computing systems.
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TABLE 16. Nvidia GPUs Interconnect Specifications according

to [78,280]
GPUs V100 | A100 | H100
Number of lines (differential pairs) per NVLink 3 4 9
port
Single /bidirectional bandwidth of NVLink link, 25/50 | 25/50 | 25/50
GB/s
Number of NVLink links per GPU 6 12 18
Total bandwidth of NVLink links 300 600 900
Total aggregate NVSwitch bandwidth, TB/s 2.4 4.8 7.2

4.2.2. Computing systems with H100

This section describes Nvidia’s H100-based computing systems (from
servers to supercomputers) using x86-64 server processors, as well as the
H100 interconnects and Nvidia’s Grace ARM processors that will be used
in H100-based servers.

NVLink network for H100. To scale performance with the growing
number of GPUs used in servers (which has become a current characteristic
trend) and quickly exchange GPU data with the CPU and with other GPUs,
interconnects are critical. From the author’s point of view, here Nvidia
managed to achieve a very striking breakthrough (see Table 16).

NVLink4 in H100, as a high-speed, low-latency interconnect with
support of fault-tolerant features, provides a bandwidth of 900 GB/s— 1.5
times more than NVLink3 [78]. It is important that this bandwidth is
ideally combined with other bandwithes of the new Nvidia superchips using
ARM architecture, which will be discussed below.

NVLink4 uses two differential pairs in each direction (two times less
than there were in the NVLink3 channel with the same bandwidth) to form
a single channel with an effective bandwidth of 25 GB/s in each direction.
Therefore, the H100 now has 18 NVLink4 channels versus 12 channels
in the A100 [78].

But more importantly, NVLink4 now supports the NVLink network,
allowing up to 256 H100s in different nodes (servers) to securely communicate
with each other using a fat tree topology. The corresponding cluster
has 32 nodes with 8 H100s each. The NVLink network has a network
address space and uses address translation hardware in the H100, ensuring
isolation of the network address space and the separate GPUs address spaces
(previously on the NVLink network all GPUs share a common address
space [78].
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The NVSwitch switch initially provided the ability to combine the
memory of several GPUs. Powered by the H100, the NVSwitch3 provides
hardware-accelerated multicast collective operations, delivering up to two
times the bandwidth and reduced latency of NCCL on the A100 for small
block size collectives. This significantly reduces the load on SM during
collective communications [78].

Using the NVLink network and NVSwitch3 allows you to create large-
scale NVLink Switch System networks with very high levels of bandwidth.
Nodes in such a network are connected through a second (“external” to the
nodes) level of NVSwitches, which reside in switch modules outside the
nodes and connect multiple nodes together. Connected nodes are capable
of delivering 57.6 TB/s of all-to-all bandwidth [78].

This results in building H100-contained NUMA systems with very high
memory scaling levels achievable, in line with the trends of today’s large Al
training models.

Servers and clusters with H100. H100 GPUs can be hosted on a server
using appropriate Nvidia modules. Nvidia supplies HGX modules (roughly
speaking, an analogue of a graphics processor board) that contain the H100
and can be used by other companies to create a server containing the
H100. HGX H100 is a unit containing 4 or 8 H100. The 4 H100 HGX
configuration has fully interconnected point-to-point connections, while the
8 H100 configuration provides full bandwidth between the H100s via the
NVSwitch.

Another type of module with H100 from Nvidia is the H1I00 CNX,
where in addition to the H100 there are Nvidia ConnectX-7 SmartNIC
capabilities that provide 400 Gb/s throughput in the Infiniband NDR400 or
Ethernet 400 variant [78]. It is clear that the HGX modules are primarily
focused on Al, while the CNX modules are primarily focused on HPC.

The server configuration as it relates to H100 is determined by these
modules. Therefore, here we will note only the DGX H100 servers that
have already been supplied for use in supercomputers, focused primarily
on AT (although various companies have already announced their servers
with H100-PCle and HGX, for example, Supermicro and Gigabyte).

The DGX H100 with 8 H100 system contains two independent data pro-
cessing units (DPU) Nvidia Bluefild-3 and 8 ConnectX-7 adapters [78|.The
DGX H100, in addition to being almost completely ready to solve Al
problems, is ideal for working with AI in cloud technology, support for
which starts at the level of one H100.
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In the DGX H100 SuperPOD cluster (minimum configuration— 32
DGX H100 nodes), compared to the SuperPOD A100, instead of two levels
of Infiniband switches, one level of NVSwitch3 switches is used, and the

maximum cable length from switch to switch is increased from 5 meters for
DGX A100 to 8 meters for DGX H100.

The June 2023 version of the Top500 list has 5 supercomputers using
H100-PClIe in x86-64 based servers. The highest performance among these
supercomputers (14th place in the Top500) was achieved in the predecessor
of the EOS supercomputer announced by Nvidia [281]. This cluster
uses 128 DGX SuperPOD nodes. The DGX H100 servers run Ubuntu
22.04 and contains a 56-core Xeon Platinum 8480/2 GHz (Intel Sapphire
Rapids, fourth generation Xeon Scalable CPU) and NVidia ConnectX-7 for
Infiniband NDR.

Other Top500 supercomputers with H100 are in the second hundred
of the Top500 list and beyond. They use servers from other companies and
other server CPUs, including AMD EPYC. Of these supercomputers, it is
worth noting Henri, which ranks 255th and also tops the similar June
Green500 list. Henri uses Infiniband HDR and the nodes use 32-core Xeon
Platinum 8362,/2.8 GHz (Intel Ice Lake) processors. It should also be noted
the expected Kestrel supercomputer [282].

The very fact that the DGX H100 is being used today in a supercomputer
suggests its likely focus on Al and working with cloud technologies.

4.2.3. Nvidia ARM hardware to work with H100

The use of ARM processors in high-performance servers with the H100
GPU should be a vivid real-life illustration of ARM’s success in competition
with traditional x86-64 server processors, which were used in Nvidia
servers with the H100 shipped at the time of writing this review. But the
use of ARM in servers with Nvidia GPUs began earlier: multi-core ARM
processors are already used in servers with the A100 (for example, from
Gigabyte [283]; these servers are now supplied to Russia and Uruguay, and
Gigabyte already offers servers with the H100).

In 2023, Nvidia began trial deliveries of modules containing ARM
processors to work with the H100. Information on the architecture and
performance of Nvidia’s ARM CPU (Grace) for running the H100 is still
very limited; Available benchmark and application level performance
estimates for Nvidia’s Grace were more about expectations.

Therefore, the discussion of Nvidia’s ARM hardware (the Grace
superchip module, which has begun trial deliveries, and the Grace Hopper
superchip, where the Grace superchip is integrated with the H100) is very
brief here.
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TABLE 17. Main technical characteristics of the Grace super-

chip
Architecture Neoverse V2 (ARM 9.0-A) with 4xSVE2(128 bit)
Number of ARM cores 144 (two Grace processors)
Peak performance 7.1 TFLOPS (FP64)
L1 cache 64 KB I-cache and 64 KB D-cache (per core)
L2 cache 1 MB (per core)
L3 cache 2xx117 MB
Memory type LPDDR5X (with ECC)
Memory bandwidth up to 1 TB/s
Memory capacity 240/480/960 GB
D w o
PCle links 8xPCle-v5 x16 with splitting capability
Their total (full duplex bandwidth 1 TB/s
TDP 500 W (with memory)

Data from: [284,285]

ARM Grace superchips. The Grace superchip is essentially an
implementation of an SoC containing two ARM processors and memory,
with PCle support. As noted in [13], it was created specifically for
supercomputers and HPC.

The Grace data analyzed below is based on [284], and additional
references are provided only for information from other sources. The main
technical characteristics of Grace are collected in Table 17.

The first thing to note is that Grace is based on the latest ARM cores
for HPC, Neoverse V2 [286], which were announced in the fall of 2022.
These are 64-bit ARM cores with 0o0 instruction execution, supporting
SVE2 instructions with 128-bit vectors.

The Grace superchip consists of two 72-core Grace processors connected
by an NVLink-C2C channel supporting memory coherence with a throughput
of 900 GB/s, which eliminates interaction between sockets of conventional
servers as a bottleneck [13]. At the same time, the peak performance
(FP64) of the superchip, 7.1 TFLOPS, is not much lower than that of the
A100 without the use of tensor cores.

It should be noted that in modern Neoverse V2 cores, aimed at CPUs
with a large number of cores, the L1 I-cache is protected by parity checking,
and the L1 D-cache is protected by ECC codes. The L2 D-cache of ARM
Neoverse V2 cores is also protected by ECC codes and can have a capacity
of 1 or 2 MB [286]; in Grace, Nvidia chose the 1 MB option. The L3 cache
is naturally also protected by ECC codes; or other details of the Neoverse
V2 microarchitecture, see [286].

An interesting and very important feature of the Grace superchip
developed by Nvidia is the Scalable Coherency Fabric (SCF), which has
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a mesh structure over which the cores and L3 cache partitions (SCCs
in Figure 13) are distributed, and ensures data flow between the cores,
NVLink-C2C, memory and system I/O with a total half-bandwidth of more
than 3.2 TB/s. This is illustrated in Figure 13. SCF is designed to scale
beyond a single Grace CPU to form a super chip with 144 cores. Cores and
SCCs are distributed across the mesh, and CSN (Cache Switch Nodes) act
as the interface between the CPU cores, the cache, and the rest of the
system [13].

The Grace superchip also has special tools that support partitioning
of hardware resources, which can be effectively used when working in a
cloud environment [284].

Nvidia developers explain their choice of 32-channel LPDDR5X memory
technology as the “golden mean” between HBM2E and DDRS5 in terms
of capacity, bandwidth, cost and power consumption [13]. The maximum
theoretical bandwidth of LPDDR5X in the Grace superchip (1 TB/s) is
slightly higher than the bandwidth of NVLink-C2C (see Table 17).

It should also be noted that Grace supports four PCle-v5 x 16 channels
(in addition, for various tasks there are two more low-speed PCle-v5 x2
channels) [13]. This immediately makes this superchip the leader among
CPUs in terms of I/O performance.

But the TDP of the Grace superchip (this is a dual-processor SoC)
is comparable to the TDP of modern GPUs; this is higher than the A100
and H100 PCle (but lower than the H100 SXM). To work with the Grace
superchip, air or liquid cooling can be used [284].

Nvidia in [284] also provides expected estimates of some of the
Grace benchmarks. These relate to STREAM test data (up to 400
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FIGURE 14. Grace Hopper with support for working with
NVLink4 (Figure from [287])

GB/s for one Grace CPU and up to 800 GB/s for the entire superchip),
SPECrate2017_int_base (370 and 740 for one Grace CPU and superchip,
respectively), and significant speedup values in some applications (including
areas CFD and weather forecasting) compared to a dual-processor server
with AMD EPYC 7763 (Milan). Other initial data have appeared, but they
are still completely insufficient.

Nvidia talks about a twofold increase in power efficiency compared to
traditional CPUs used in data centers [284]. Plans to create supercomputers
based on Grace were announced by the US Los Alamos National Laboratory
and the Swiss National Computing Center [14].

4.2.4. Grace Hopper superchips

In addition to Grace, Nvidia also announced Grace Hopper, in which
Grace (two T2-core processors) is integrated with the H100. The main basic
indicators of this superchip are approximately the sum of the indicators
of the H100 and Grace discussed above, and depend on which variants
of each of these two integrated components is used in the Grace Hopper.

In version 1.01 of the document [287], on which further analysis
of Grace Hopper superchips is based, it is indicated that the LPDDR5X
size for Grace in the Grace Hopper superchip is up to 512 GB, size of HBM3
memory for H100 is up to 96 GB, and about the presence of two options
Grace Hopper superchip— with support for working with NVLink4 (see
Figure 14) and without it (then systems with such superchips are connected
via Infiniband NDR). It is clear that the integration of two CPUs, H100 and
memory gives a high TDP, 1000 W is specified in [287].
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FIGURE 15. General microarchitecture of Grace Hopper
(Figure from [287])

After completing work on this section of the review at the same
URL [287], Nvidia posted new versions of this document (the latest version
known to the author is 1.11), where the superchips in question are now
called GH200 Grace Hopper. The most important changes there are
associated with the emergence of new GH200 models, in which instead
of HBM3, HBM3E with a capacity of 141 GB with a bandwidth of 4.8
TB/s will be used (versus 4 TB/s when working with HBM3). The main
characteristics of the GH200 Grace Hopper architecture, of course, have not
changed. But since due to the rapid development of GH200 and related
computing systems in 2023, new modifications appeared in later versions
of this document, and sometimes even the names used were modernized,
the analysis of GH200 in this review was carried out in a limited scope and
is further based on version 1.01 of the document.

As the interconnect between the Grace processor and the H100
uses NVLink-C2C, which provides high bandwidth and low latency (see
Figure 15) [287]. NVLink-C2C provides memory coherence and hardware
support for system-wide atomic operations, which improves the performance
of synchronization primitives. Memory coherence allows developers to
transfer only the data they need (rather than entire pages of memory) from
Grace to H100 and back again, and naturally simplifies programming
heterogeneous applications. The performance of non-local memory accesses
also improves (for example, when CPU and H100 threads access memory
located on another device) [287].

A key feature of the GH200 superchip is the use of extended GPU
memory (EGM). Each GPU from a multi-node computing system with an
NVLink network based on GH200 has access to both the LPDDR5X
memory of all Grace processors and the HBM memory of all GPUs, i.e. The
total memory capacity for the GPU is dramatically expanded. A unified
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memory is formed with common page tables, a common virtual address
space. The speed of GPU access to local memory is set by NVLink-C2C, and
to remote memory by NVlink4 [287] (see Figure 14 and Figure 15).

Servers with GH200 are already offered, for example, by Gigabyte [288|.
Nvidia offered computing systems with the GH200— the MGX GH200 and
DGX GH200 platforms. The MGX GH200 modular platform (there are
options with HBM3 or HBM3e) is as similar as possible to a server with one
GH200 superchip, without support for the NVLink switching system.
Nodes with MGX GH200 can form traditional clusters, where Infiniband or
Ethernet can be used for communication, working through the DPU.

DGX GH200 is a supercomputer for Al; there, 256 superchips are
combined using the NVLink interconnect, giving a memory address space
of up to 144 TB. A summary of these Nvidia Al-focused platforms is
provided in version 1.11 of the document [287].

From the point of view of the possibility of building the most powerful
supercomputers, the basis for ultra-high levels of performance scaling is
provided by the use of NVSwitch3 with NVLink4 channels in conjunction
with the GH200, since this provides Nvidia’s original two-level scaling. Its
capabilities are illustrated in Figure 16, which relates to working with the
GH200 variant with NVLink support [287].

At the first level, it’s possible to combine a set of GH200 superchips
into a single domain, connected through the NVSwitch3 switching system
(with a total bandwidth of all GPU threads in the domain up to 900 GB/s
per superchip). The use of these interconnects makes it possible to form
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a common memory of the entire domain, including both the LPDDR5X
memory of the Grace processors and the HBM3 memory of the H100 [287].
In late 2023, Nvidia announced another single-rack compute system (GH200
NLV32)— with a much smaller domain than the top-end DGX GH200
configuration. Already at this level a very high level of performance
is achieved; Nvidia also calls this system a supercomputer (see, for
example, [289]).

At the second level, clustering of domains is possible using the most
modern, widely used interconnects. For this, PCle-v5 channels supported
in Grace are used. Figure 16 shows a possible variant of such formation
of a cluster of domains using the Bluefild-3 DPU. For communication with
Grace, this DPU has 32 PCle-v5 lanes, which has a total bidirectional
bandwidth of 256 GB/s (this DPU has another 32 GB of own memory).
And to form a cluster of domains, the DPU has 1 or 2 additional ports
with speeds up to 400 Gbps (they can work with Infiniband NDR400 or
Ethernet 400) [290], as shown in Figure 16. The use of DPU removes the
Grace need to manage transferring data over the cluster interconnect.

It is clear that scaling on such a system will be a difficult task even for
Al But the author does not know, even through the announcement, about
the possibility of such an “option” and the level of scaling of systems
with GPUs from other companies. But in general, it is clear that Nvidia with
the GH200 is focused on delivering more work-ready computing systems.

4.2.5. CUDA Extensions for H100

Everything stated below in this section is based on the description
of the H100 hardware [78]. But first, it is advisable here to point out the
general structure of the CUDA platform in its part related to compilers, since
over time new programming languages appear that can also be used to
obtain kernels executed on Nvidia GPUs. At the same time, the CUDA
platform provides different compilers with a unified software stack, and
creating a compiler for a new programming language basically comes down
to writing only the front end part of the compiler.

These compilers are based on LLVM (in [78] the use of its 7th version is
indicated). In addition to the capabilities of the C++ and Fortran ISO
standards used for working on GPUs, as well as their CUDA extensions, back
in 2021 in CUDA 11.4 Nvidia introduced CUDA-Python [291], and there are
also developments for Julia and other programming languages.
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The corresponding front-end components of these compilers generate
an intermediate representation (IR) called NVVM IR [292], which is based
on the famous LLVM IR. Next, using the libNVVM library, a PTX code is
generated, from the virtual ISA of which a kernel is obtained that runs
on the GPU [78].

The most important thing for achieving high performance of GPGPU is
a provision of data locality, which gives high-speed access to nearby memory
levels, and asynchronous execution, when the calculations themselves are
performed independently (simultaneously) with data transfer.

Previously (and for the A100), the CUDA programming model included
blocks of threads, from which a grid of threads was formed. IIn H100, the
number of SMs has increased significantly and another level has been added
to the overall thread hierarchy, a thread block cluster, which includes a set
of thread blocks spanning multiple SMs. All this is reflected in the H100
hardware implementation with a new larger level of memory localization,
since clusters of thread blocks in the H100 work simultaneously on SMs
inside the GPC, ensuring fast data exchange between threads in the cluster.

Cluster threads can directly access the shared memory of other SMs
using load, store, and atomic operations (which cannot be partially
executed). For this purpose, DSMEM (Distributed Shared Memory)
is formed. Figure 17 shows how data is exchanged between thread
blocks in A100 and in H100 with DSMEM. A thread block cluster has
access to more shared memory capacity than a single thread block—the
virtual address space of "shared" memory. Compared to using global
memory, DSMEM speeds up data exchange between blocks of threads by
approximately 7 times. [78].

On the other hand, from the author’s point of view, the appearance
of a of thread block cluster on a new GPU model is a clear demonstration
that widely used programming models for GPUs, which require the highest
possible performance, automatically become poorly portable to other GPU
models.
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Other notable extensions in CUDA for H100 relate to asynchronous
execution, allowing for overlapping (simultaneous execution) of data
movement, computation, and synchronization [78]. To achieve this, the
H100 has a new asynchronous memory copy module TMA and a new
asynchronous transaction barrier. TMA can transfer large (up to the
shared memory capacity) blocks of data and multidimensional tensors from
global memory to shared memory and back.

The TMA operation is asynchronous and uses shared memory-based
asynchronous barriers like the A100. In addition, one thread in a warp can
be selected to perform an asynchronous operation, and then multiple
threads can wait for the data transfer to complete using a barrier. TMA
frees threads to do other independent work, since after a thread creates
a so-called copy handle before running TMA, TMA itself performs all other
functions as part of the H100 hardware.

Asynchronous barriers first appeared in the A100, and the H100 intro-
duced a new primitive for asynchronous memory copies, the asynchronous
transaction barrier. The write command to shared memory transfers not
only the data, but also the number of transactions. The asynchronous
transaction barrier blocks threads on a wait command until all producer
threads have completed the “Arrive-On” operation and the sum of all
transaction counters has reached the expected value. See [78] for more
details. These capabilities are naturally used to work with thread block
clusters.

4.2.6. H100 Initial Performance Data

Data on the H100’s performance in benchmarks and HPC applications
at the time of the June 2023 Top500 list was virtually non-existent, except
for the starting data in the Hot Chips 34 report [293]. We will also note
the available (as of June 14, 2023) data from the tiny suite of the SPEChpc
2021 benchmark [226], where results for the Lenovo ThinkSystem SR655
V3 server are presented with one and two H100-PCIe-80GB (with EPYC
9654P). We compared these data with Lenovo’s SPEChpc 2021 results for
one and two A100-PCIe-80GB on another ThinkSystem SR670 V2 server
(with Xeon Platinum 8380). For the base variant of the test (the peak
variant for the A100 was not carried out), the resulting performance on one
H100 was 1.33 times greater than that of the A100, and on two H100s the
same acceleration was 1.51 times. But should be kept in mind that for
parallelization, OpenACC tools (plus MPI) were used here.
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Other interesting data on the performance of H100 were obtained for
the well-known molecular dynamics application Amber version 22 [294].
There, for typical test molecular systems for this application, calculations
were carried out that gave performance estimates (the number of simulated
nanoseconds per day of calculation) on different graphics processors. The
relative performance calculated from these values shows the acceleration
of H100 relative to A100 by 1.11-1.28 times for dihydrofolate reductase
(23558 atoms), 1.27 times for nucleosomes (25095 atoms), 1.42-1.43 times
for a protein of 90906 atoms, 1.40 times for cellulose with a large number
of macromolecules (408 609 atoms), 1.35 times for a satellite of the tobacco
mosaic virus (1067095 atoms).

In calculations of smaller molecular systems, the accelerations obtained
on H100 were also and greater than those indicated above, but we do not
present these data here. But it is useful to note that for all the molecular
systems calculated in [294], the performance of the Nvidia RTX 3090 is
close to the A100, and the Nvidia RTX 4090 is close to the H100.

There is also other data on Amber22 performance on the H100
compared to performance on the A100, but these are discussed below
in Section 5.3.2, with comparison to performance on the MI250.

But first of all, new generation GPUs are usually focused on solving Al
problems, so the initial performance data appears here. For the H100, first
became available Nvidia’s preliminary results for one of the classic Al
(machine learning) benchmarks suites, MLCommon— MLPerf Training
in version 2.1 [278].

The calculation times presented in [278] for H100 (in the “closed”/“pre-
liminary” section of MLPerf Training) were obtained on the DGX H100
system, containing, in addition to 8 H100, two Xeon processors (56 cores)
and running the Ubuntu 20 distribution. Data analysis for the DGX A100
system with 8 x A100-SXM-80GB in benchmarks that give comparable
results to the H100 shows that the calculation time on the H100 is about
two times less than on the A100, with the exception of the NLP benchmark,
where the H100 is 3.8 times faster.

At the end of June 2023, data on the performance of H100 and
A100 appeared on the new version of MLPerf Training v3.0 [295], and

in September — on the new version of MLPerf inference datacenter
v.3.1 [298], which are illustrated in Table 18 and Table 19.
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TABLE 18. Performance data for H100 and GH200 in MLPerf
inference datacenter v. 3.1 benchmarks (all data in the category
"closed" /"available"); data have been selected for maximum
comparability for 99% accuracy and rounded to 2 significant
digits
GPUS [ 1 ] 2 [ a ] 8
Image Classification/ResNet
H100-PCIe-80GB | 47(55)! | 106(115)%| 206(200)2 368(443)"
H100-SXM-80GB 73(89)3 312(354)3 584(704)%
GH200-96GB 77(93)
A100-PClIe-80GB 147(158)°
A100-SXM-80GB 305(340)9290(326)7
NLP/BERT
H100-PCIe-80GB | 4.6(5.7)!| 9.1(12)2 | 18(23)2 35(46)!
H100-sXM-80GB | 7.3(8.8)3 29(36)3 56(70)%
GH200-96GB 7.7(10)
A100-PCle-80GB 12(13)°
A100-SXM-80GB 25(28)% 25(28)7

The performance data (number of querues in the server scenario and number of
samples - in parentheses - in the offline scenario) is reported per millisecond
instead than per second.

All calculations were carried out using TensorRT 9.0.0 and CUDA 12.2.

! Data from Nvidia on Gigabyte G482-Z54, with 2xEPYC 7742;

2 Data from Dell on Dell PowerEdge R760x with 2x Xeon Platinum 8480+
3 Data from Dell on Dell PowerEdge XE9640 with 2xXeon Platinum 8468
4 Data from Nvidia on DGX H100 with 2xXeon Platinum 8480C

5 Data from Dell on Dell PowerEdge R750x with 2xXeon Gold 6338

6 Data from HPE on HPE ProLiant XL675d Gen10 Plus with 2x EPYC 7763
7 Data from Oracle on Oracle BM.GPU.A100-v2.8 with 2xEPYC 7J13

393

Data for these tables were selected to provide the greatest possible

comparison of performance, but since they were actually obtained after the
completion of data selection for review, they are not analyzed in detail here.

Table 18 shows selected data from the MLPerf inference datacenter

version 3.1 benchmarks suite. The data in this table shows the H100’s clear
performance gains over the A100, the H100-SXM’s more subtle performance
gains over the H100-PCle, and the 96GB GH200’s increased performance
over the H100-SXM (and in more so over the H100-PCle). This demonstrates
the increase in performance for Al area when working with a single H100
GPU in the Grace-integrated GH200 variant with 96 GB HBM-memory.
In addition, these data show good scalability at the number of GPUs used
in the server increases from 1 to 8.
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TABLE 19. Machine learning performance in MLPerf Training
v3.0 benchmarks [295] in minutes

GPUs [ 2] 4 [ 8
Image classification
A100-PCle 58 612 323
A100-SXM 544 27°
H100-PCle | 82° | 452 397 208 21°
H100-SXM 2710 96!t | 1312 1313
Image segmentation (medical)
A100-PCle 47! 482
A100-SXM a7 23°
H100-PCle | 67° 322 317 19% 18°
H100-SXM 2210 221l | 1212 1913
Object detection, light-weight
A100-PCle 171} 1762
A100-SXM 2224 79°
H100-PCle 1142 1077 | 54% 56°
H100-SXM 7210 7ol g7l2 3713
Object detection, heavy-weight
A100-PCle 86! 8172 473
A100-SXM 834 38°
H100-PCle 622 557 | 28% 28°
H100-SXM 4019 1912 20!®
Speech recognition
A100-PCle 63; 642
A100-SXM 55% 29°
H100-PCle | 77°| 512 457 | 238 28"
H100-SXM 2710 2711 | 1912 1913
Natural languages processing
A100-PCle 45! 512
A100-SXM 324 15
H100-PCle | 43° 105 10°
H100-SXM 1119 1111 | 5412 5413
Recommendation (DLRM)
A100-SXM 8.4°
H100-SXM 8.810 4.31%  4.3%2

! Data on ESC4000-E11 with 2xXeon Platinum 8462Y 4

2 Data on R750x with 2xXeon Gold 6338

3 Data on ThinkSystem SR670 V2 Server with 2xXXeon Platinum 8360Y

4 Data on XE8545 with 2xEPYC 7763

5 Data on XE9680 with 2x Xeon Platinum 8480+

% Data on D54Q-2U with 2xXeon Gold 6430

7 Data on R760x with 2x Xeon Platinum 8480+

8 Data on ESC8000A-E12 with 2xEPYC 9654

9 Data on AS-4125GS-TNRT with 2xEPYC 9554

19 Data on SYS-421GU-TNX with 2x Xeon Platinum 8460H

' Data on XE8640 with 2x Xeon Platinum 8468

12 Data on XE9680 with 2x Xeon Platinum 8470

13 Data on AS-8125GS-TNHR with 2x EPYC 9634

14 Data on G593-SDO with 2x Xeon Platinum 8480+
All data in the table refers to "available on-premise" and was obtained on a GPUs with
a memory capacity of 80 GB and rounded to two significant digits. For information
about the AI models used in the benchmarks and the underlying datasets used, see [295].

ENSSRY
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Table 19 shows a sample of approximately one-sixth of the MLPerf
Training v3.0 benchmark data table presented in [295], where are, for
example, also results for a larger number of GPUs used. Such a large amount
of data presented in this table allows to compare the performance of the
H100-sxM, H100-PCIe and A100-SXM/PCle with different numbers of GPUs
used in the server, using different software and different hosts.

The data in this table shows that possible reasonable variations in the
host hardware (of course, CPUs containing dozens of cores were used here)
and software chosen by server manufacturers for these benchmarks do not
have a strong impact on the achieved performance and are therefore not
analyzed here.

The data in this table in almost all benchmarks shows good scaling
with the number of GPUs in the server up to 8. As a zero approximation for
comparing performance, we can assume that the dependence of performance
on the number of GPUs is linear, although this is not always the case— for
example, when moving from 4 to 8 H100-PCle speedup in the medical
image segmentation benchmark was only 70 percent.

The table data shows that noticeably higher performance is achieved
when working with the H100-SXM compared to working with the H100-PCle
(for example, one and a half times more for 4 GPUs in image classification
and image segmentation benchmarks); or that the performance of the
H100-SXM is twice as high as that of the A100 on the same benchmarks
with the same number of GPUs; or that H100-PCle is one and a half times
faster than A100 under the same conditions, and so on. It also happens
that scaling with the number of GPUs is rather insufficiently high for Al
(for example, when moving from 4 to 8 H100-PCle in the medical image
segmentation benchmark), but such an analysis, for obvious reasons, is not
carried out here.

4.3. Nvidia GPUs Summary

Despite the emergence of alternative Nvidia GPUs from AMD and
Intel, there are no signs of weakening in the position of Nvidia GPUs
in hardware and software terms— their use in quantitative terms will
continue to develop rapidly. Software tools for Nvidia GPUs are the most
widely available, and new software tools are usually released for them
earlier than for competitive GPUs. New generation GPU architectures from
Nvidia provide a high level of compatibility with earlier GPU models.
Accordingly, the portability of the software to newer models is significantly
higher than that achieved when switching to work with competitor GPUs.
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While Nvidia’s GPU market share could theoretically fall in the global
market due to the introduction of AMD and Intel GPUs, the global
increase in Al efforts will boost the adoption of Nvidia GPUs. The possible
performance advantages of Intel and AMD GPUs need to be proven in real
applications. From an HPC perspective, it’s worth paying attention to
Nvidia’s increasing focus mainly on Al area.

5. Next generation GPUs from AMD

The new generation GPUs in this review include GPUs that appeared
after the basic Nvidia V100 and A100 GPUs. AMD has come a long
way in recent years not only in the field of successful competition with
Intel x86 processors (AMD EPYC is pushing aside Intel Xeon not only
in the market of traditional servers, but also in the market of servers
with GPUs). The introduction of the MI100 [296] at the end of 2020, and
the MI200 family the following year [297,299] showed that competition
with Nvidia GPUs is starting. It was the GPU MI100 and MI200 that became
the first representatives of GPUs produced, classified in this review as a new
generation.

The MI100 was sometimes seen as a precursor to AMD GPUs in upcoming
supercomputers (the Spock cluster with MI100 in nodes is a predecessor
to Frontier [254]; the MI100 began to be used in the nodes of LUMI,
which took third place in the June Top500 list, when its nodes already
began using the MI250X [42]). The MI100 architecture has already
been discussed in publications— see, for example, the review [21]. By
analogy with the V100, here we will limit ourselves only to the summary
technical characteristics of the MI100 (see Table 20) and Table 21, but
we will analyze data on the achieved performance of this GPU, including
in comparison with other GPUs considered in the review.

The relevance of the analysis of GPUs from the MI200 family is increased
by the fact that they have now been used to build not only the No. 1
supercomputer in the Top500, which for the first time in the world crossed
the 1 EFLOPS barrier (Frontier), and the third in the Top500 (LUMI) list,
which belongs to the European Union (since LUMI is installed in Finland —
this also demonstrates significant European success in the supercomputing
field): MI250X GPUs are used in 2% of supercomputers from the Top500,
which also reflects another success of the manufacturer, HPE /Cray, in whose
hardware the MI250X was placed.



TABLE 20. Specifications of modern AMD and Nvidia GPUs

GPUS MI100 | MI210 | MI250 | Mizsox | AL0Qwith | A100 with | HIO0 with | H100 with
TSMC technology, nm 7 6 7

Number of active cores 7680 6656 | 13312 14080 6912 6912 14592 16896
(stream processors)

Number of active CUs? 120 104 | 2x104 | 2x 110 108 108 114 132

765/1410 | 1095/1410

%1;{1} base/boost clock 1000/1502 1000,/1700 or or 1095,/17554 | 1590/19804
(MHz) 1065/1410 | 1275/1410

Peak performance: FP64

(TFLOPS) 11.5 22.6 45.3 47.9 9.7 9.7 25.6 33.5
FP64 with tensor cores
(TFLOPS) No 45.3 90.5 95.7 19.5 19.5 51.2 66.9
FP32 (TFLOPS) 23.1 22.6 45.3 47.9 19.5 19.5 51.2 66.9
FTPSSOVg%% tensor cores 46.1 45.3 90.5 95.7 No support: lower precision inputs
FP16/BF16 (TFLOPS) 133'5/ 181 | 362.1 383 78,3123 2053 2683
INT8 (TOPS) 184.6 181 362.1 383 624 1513 1978.9

! Low-level SIMD cores with support for multiply-and-add commands are also called CUDA processors by Nvidia (matrix/tensor
cores are not taken into account here);

2 for Nvidia— streaming multiprocessors (SM);
3 when using sparsity — twice as high; Performance with FP16, BF16 and INTS relates to tensor kernels.

Performance with FP16, BF16 and INTS8 refers to tensor cores.
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TABLE 21. Specifications of modern AMD and Nvidia GPUs (continuation)
A100 H100
GPUS MI100 | MI210 | MI250 | MI250X | with A100 with H100
PCle with SXM4 PCle with SXM5
GPU memory type HBM2 HBM2E HBM3
Memory bus, bit 4096 8192 5120
Memory capacity, GB 32 64 2 x 64 40 or 80 80°
6 1215 or 1215 or
Memory clock, MHz 1200 1600 1512 1593 1593 1313
. 1555 or 1555 or
Its bandwidth, GB/s 1229 1638 3277 (2 x 1638.4) 1935 2039 2039 1681
I . Infinity . . . . . .
nterconnect of GPU with Fabric Infinity Fabric 3.0 with CPU: | NVLink- | with CPU: | NVLink-
GPU or with CPU 50 y ‘ PCle v4 3.0 PCle v5 4.0
Its bandwidth, GB/s 3%92 | 3x100 6 x 100 with CPU | goo | WItR OPUE T 900
L1 cache, KB 16 on CU 192 on SM 256 on SM
L2 cache, MB 8 16 40 or 80 40 50
— - 300 £300 | 500; 560 | 500; 560 | 520020 | 400 350 PSU: | 700 PSU:
’ PSU: 700 | PSU: 700 | PSU: 900 | PSU: 900 700 * | PSU:800 750 1100

4 There is a model with HBM3/96 GB and a different GPU clock.
5 for tensor operations with reduced (less than FP32) precision, the boost clock is lower;
6 TDP: the number after the semicolon for AMD is peak, PSU: suggested power for Power Supply Unit;
This table data are taken from the database [185] and from manufacturers websites.
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5.1. GPUs AMD MI200

5.1.1. Microarchitecture and technical characteristics of different MI1200
models

The MI200 family includes three different models— MI1210 [300],
MI250 [301] and MI250X [302], of which the top model MI250X appeared
and was the first to be supplied to the Frontier supercomputer [303], the
leader of the Top500 list.

As AMD transitioned from producing its traditional Radeon Instinct
graphics processors to next-generation GPUs, the architecture also changed.
If earlier AMD graphics processors used the GCN (Graphics Core Next)
architecture, then CDNA (Compute DNA) was developed for MI100
(Compute DNA) [304], and in MI200 it was upgraded to the second version
CDNA 2 [305]. When these architectures change, naturally, a certain
continuity is maintained, primarily in the computing units, the improvement
of which largely occurs in technological and quantitative indicators.

For the analogue of the basic computing unit SM in Nvidia GPUs for
AMD GPUs, the term CU is used (see Table 1), which is also used in BR100.
Sufficiently detailed information on the construction of the CU and its
main blocks for CDNA is available in [304]. The CU in CDNA 2 contains,
in particular, a dispatcher for working with threads, files of ordinary and
vector registers, cores (including matrix ones, see below), L1 cache and LDS
(Local Data Share) memory [305]. LDS shared memory (often also called
LSM, Local Share Memory) is used by threads inside a warp (wavefront
in AMD terminology, see Table 1) [305].

The L1 cache capacities for the MI100 and various MI1200 models, as
well as other important indicators of these AMD GPUs, in comparison with
the A100 and H100 are shown in Table 20 and Table 21. Taking into
account the delays in PVC supplies and the possible freeze in production
of the BR100, the greatest interest in this review and for comparison
purposes GPUs in general currently represent the GPUs from this table.

But first of all, we should point out the technological indicators. MI100
began to be produced using TSMC 7 nm technology (like the A100), and
MI200— using 6 nm technology (only in the latest H100 that Nvidia
introduced, used 4 nm technology). The MI100 contains 25.6 billion
transistors with die size of 750 mm? — and the MI250X already has 58.2
billion (with a smaller die size 724 mm?) [185|. These indicators are
important, among other things, because they are associated with possible
cost indicators and TDP values.
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These data show the similarity of such indicators for MI100 and V100
(see also Table 10). At the same time, in MI250X the number of transistors
is slightly larger than in A100 (there are 54.2 billion of them), and the
MI250X die size is noticeably lower (in A100— 826 mm?). Accordingly,
ideas arise about the possible comparability of MI100 and V100, as well as
MI250X and A100— which has been tested in a number of publications with
performance data. As for the comparison of the technological indicators
of the MI250X and A100, it requires fundamental clarification, which will
be discussed below.

To compare the MI250X with the A100, we should add a comparison
with the H100, which will appear in 2023. Here, the new 4 nm technology
level allowed Nvidia to place 80 billion transistors with a reduced die size
(compared to the A100) 814 mm?.

The main indicators of GPU MI100, MI200, A100 and H100 are given
for comparison in Table 20, 21, and Figure 18 shows a higher (than CU)
level of computing power scaling in CDNA 2— GCD, which also has 4
Compute Engine’s (CE), each containing 28 CUs (two columns of 14 CUs
each in the figure [305]. Two CUs of the 112 physical CUs are disabled [41] —
accordingly, Table 20 indicates 110 CUs.

The GCD die is of fundamental importance for AMD technology: the
top MI250 and MI250X models each contain by two GCDs [305], connected
as a chiplet [299].

As GCD interconnect the Infinity Fabric 3.0 (discussed in the next
section of the review) is used, but its bandwidth is much lower than
the GPU memory bandwidth (see Table 21). When programmed, MI1250
and MI250X will be treated as two different GPUs [305]. Accordingly,
returning to the technological comparison with the A100 and H100 GPUs,
MI250/MI250X can also be perceived as GPU pairs. And per one GCD in the
MI250X, the number of transistors in it, roughly speaking, is 2 times less
than in the A100.

If we move from the CDNA 2 architecture to the supplied MI200
models, they differ in the number of active CUs (see Table 20). According
to [305], each CU contains 64 cores (64 shader cores or stream processors
in AMD terminology, equivalent to four SIMD blocks with vectors of
16 numbers) — these are some analogues of CUDA cores in Nvidia GPUs.
Each such core can perform multiply-and-add commands with FP64
numbers. Then the peak GPU performance (FLOPS) is twice the product
of the number of such GPU cores and the clock frequency. According to
the established tradition, manufacturers use the accelerated frequency
in calculations of peak performance— such numbers are given in this table.
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In CDNAZ2, the ALUs located in the CU became 64-bit, and it became
possible to pack two FP32 numbers in place of one FP64, and work with
them, for example, in multiply-and-add instructions [305]. The MI250X’s
peak performance with packaged FP32s doubles to 95.7 TFLOPS without
using matrix cores.

In CDNA (in CUs), matrix cores have appeared (analogues of tensor
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TABLE 22. The number of results obtained per clock cycle

on one CU in CDNA (MI100) and CDNA 2 (MI200)

Format By vector units By matrix units
CDNA/MI100 | CDNA 2/MI1200 | CDNA/MI100 | CDNA 2/MI200
FP64 64 FLOPS 128 FLOPS 256 FLOPS
FP32 128 FLOPS 128 FLOPS 256 FLOPS 256 FLOPS
FP16 — — 1024 FLOPS 1024 FLOPS
BF16 — — 512 FLOPS 1024 FLOPS
INTS — — 1024 numbers 1024 numbers

Data from [307]. It also lists the number of clock cycles required to perform each
type of MFMA operation. Running mixed format MFMA with FP32 results gives
1024 FLOPS per clock cycle.

cores in Nvidia GPUs), which can execute MFMA (Matrix-Fused-Multiply-
Add) commands— “multiply-and-add” on small-sized matrices using mixed
precision, but there the maximum precision is FP32 [304], as in the V100.
And in CDNA 2— and accordingly in MI200 (similar to A100) MFMA can
also work with the FP64 format. Acceptable sizes of matrices with FP64
(M x N x K in formula (1)): 16 x 16 x 4 or 4 x 4 x 4 [299].

It is useful to note here the peculiarity of the MFMA command set (it
is a set, since for each combination of number formats used in different
matrices there is its own version of the MEMA command) and similar
WMMA commands in Nvidia GPUs. They perform the operation expressed
by formula (1) with & = 8 = 1, but the result is placed in another matrix
D instead of C on the left side of this formula. There is no support for
working with specific sparse matrices for Al area (as in the A100) in CDNA
2. ISA documentation for CDNA 2 is available at [306].

To calculate the peak performance of MI100 and MI200, you need to
know the number of results obtained per clock cycle in one CU; this data is
presented in Table 22. For example, each CU in CDNA 2 has 4 matrix cores,
each of which produces 64 FP64 results per clock cycle [305], which after
multiplying the total number of matrix cores in the GPU by 64 and by
the clock frequency gives the peak performance shown in Table 20 when
working with matrix cores.

In general, if we compare the peak performance data presented
in Table 20, we can see that when working with vector cores, the MI100 is
ahead of the A100 (and naturally the V100, see Table 12) for FP64 and
FP32 in this indicator, giving this an potential advantage for all (working
with vectors) HPC applications (unless performance is limited by matrix
multiplication). There is no support for FP64 in the MI100 matrix cores,
and with an accuracy below FP32, the MI100 is competitive with the V100
in this performance indicator, being much inferior to the A100.
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On vector cores, the MI250 and MI250X models containing two GCDs
each outperform the A100 in peak floating point performance. The same
occurs when working with matrix/tensor cores (with the exception of FP32).
However, A100 for the field of AI, when using special sparsity of matrices
with tensor cores when working with reduced precision relative to FP64, is
ahead in terms of peak performance.

The actual performance achieved fundamentally also depends on other
factors, primarily the memory hierarchy — but first you need to decide how
the comparison is made: logically, the MI1250 and MI250X models are
presented as two GPUs. If we divide the peak performance of these two
models presented in Table 20 by two, then for FP64 all MI200 models are
still significantly ahead of the A100, and for FP32 their advantage is small
(for tensor cores the A100 also shows higher performance, but the original
data are not supported in standard FP32 format).

When compared with one GCD, the newly released H100 already
surpasses the MI200 in peak performance with FP64, and at lower precisions
this superiority is large. It should be noted that the peak performance
of one GCD MI250X for the FP64 format is very close to that of the
H100-PClIe (see Table 20). A systematic comparison of these GPUs based
on the actual achieved performance during the preparation of the review
was impossible due to the lack of relevant publications, and in practical
terms, a comparison of the H100/GH200 with the expected MI300 may
become relevant in the near future.

There are other execution units in CDNA 2 that are relevant to
working with images and video, but they are not discussed here— for
example, GCD has two VCN blocks for machine learning tasks in working
with images and video (see Figure 18).

Now we should turn to the memory hierarchy — the second main
component that determines GPU performance. The most detailed data
on the entire MI200 memory hierarchy is presented in [299]. The L1 cache
here has a structure traditional for AMD GPUs, including not only division
into an instruction cache and data cache, but also division of the latter into
a vector cache (for working with a vector register file) and a scalar cache.
And it is impossible to directly compare the capacity of the L1 D-cache
in CDNA 2 with the capacity of such a cache in the A100 due to the fact
that CDNA 2 also has a separate LDS shared memory with a capacity of
64 KB per CU [41]. And in V100 and A100, the corresponding cache (the
size of which is given above in Table 21) is unified, and includes L1 and
shared memory.
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The L2 cache located in the GCD has a capacity of 8 MB and is a 16-way
set-associative cache. The L2 cache in GCD has a total data transfer rate
with lower level caches of 4096 KB per clock [299]. More precisely, the L2
cache in GCD consists of 32 slices, each of which transfers 128 bytes/cycle,
or a total of 6.96 TB/s [41]. Through the 3rd generation Infinity Fabric
interconnect, L2 cache data can communicate with HBM2E memory at a
speed of 2 KB per clock. Attached to a single GCD, the HBM2E memory
has a capacity of 64 GB with a bandwidth of 1.6 TB/s [299].

Models MI250 and MI250X each have two GCDs. Accordingly, at the
level of the entire model, the indicators listed in the previous paragraph are
doubled, as shown in Table 21. And Infinity Fabric in CDNA 2 began to
ensure cache coherence between GCDs, and the HBM2E memory, as well
as the L2 cache of both GCDs, are shared [299]. If the mapping to the
A100 is done relative to a single GCD, then the capacity and throughput
of HBM2E in CDNA 2 is higher than that of the A100-40GB. But Nvidia
then began producing A100 models with double the capacity of the HBM2E
(80GB), which have more capacity and bandwidth than the single GCD
in the MI250/MI250X.

Comparing the listed memory indicators in Table 21, we can say that
they are comparable in different AMD and Nvidia GPU models (MI100 and
V100, MI200 and A100; H100 is not taken into account here). However, the
striking difference is in the capacity of the L1 and L2 caches: in the A100
they are much larger than in the GCD, which can have an important impact
on the performance achieved. The MI250/MI250X L2 cache capacity
per GCD remains the same as the MI100 (8 MB), slightly larger than the
V100 (6 MB) [185]. But in the A100 this capacity was sharply increased
and became several times larger than that of the MI200. As for the L1
cache, in the MI100 its capacity was only 16 KB (plus 64 KB LDS) on the
CU [262] versus 128 KB on the SM in the V100 (where this memory is
partially used as shared memory) [185]. The MI200 CU also has the same
L1 cache capacity as the MI100 (and also has a separate LDS memory).

But the capacity of the L1 cache is 8 times less than that of the unified
V100 cache, and additional LDS may not compensate for this— even after
allocating part of the capacity of the unified V100 cache to shared memory,
the remaining capacity for the L1 cache may be much larger than in MI100
and MI200. This has already caused performance problems (see Subsection
5.3.2.2 on MI250/MI250X performance further on this), so compared to the
A100, the MI200 cache is potentially bottlenecked place.
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In any case, the performance publications discussed below have already
noted the shortcomings of the cache memory in the MI100 and MI200. It is
possible that to optimize applications for MI1200, it is advisable to use not
a simple roofline model, but an empirical one taking into account cache
memory.

If we compare the TDP (see Table 21), then for the MI200 GPUs
compared (to the A100), these indicators are also quite close, although the
TDP of the A100-SXM models is higher. It should also be noted that the
numbers indicated in this table in the TDP line for AMD GPUs refer, as
indicated in documents [300-302], to TBP (Total Board Power).

In general, everything already discussed above suggests that at the
hardware level, the performance indicators of the MI100 are comparable to
the V100, and those of the MI200 (per GCD) are basically comparable
to the A100, which makes it interesting and relevant to compare the
corresponding actually achieved indicators of their productivity.

The last thing to discuss in this section is PCle support in the
MI100 and MI200 GPUs. Previously, this bus was used for communication
between the device and the host, and its limited bandwidth could become
a bottleneck for GPU performance. When multi-GPU servers began to be
offered, this bus could also be used for communication between GPUs, which
would also become a bottleneck in the server. In the GPUs discussed in this
section of the review, they all have a special high-speed interconnect
for communication between GPUs (Infinity Fabric for AMD, NVLink for
NVidia). But to communicate between a host and a device, the use
of such a specialized interconnect requires its hardware support by the host
processor.

This has always been done on AMD GPUs since Infinity Fabric was
originally focused on communication between AMD CPUs. This is not the
case for NVLink— and required the use of PCle to communicate with
conventional x86-64 server processors. Therefore, the advantage of IBM
Power9 was its support for an interface with NVLink for communication
with the V100, thanks to which Power9 is also used in such famous
supercomputers as Summit and Sierra. All GPUs compared in the Table 21
(except H100) have support for PCle-v4 x16 with a bandwidth of 64 GB/s.

But here there is a fundamental difference between these GPUs from
AMD and from Nvidia: PCle in AMD GPUs is not used for communication
with the EPYC CPU, but is a commonly used PCle interface to which
network cards are connected, for example, for communication between
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cluster nodes. The use of Infinity Fabric in AMD GPUs gives them an
advantage in connection bandwidth to the CPU, including compared to the
A100-PClIe. And the PCle interface available in the MI100/MI200 is aimed
at using it in conjunction with MPI versions that support these GPUs for
exchanging messages between servers without involving the CPU— this is
used, for example, in the SLATE dense linear algebra library, focused
on similar systems with distributed memory [309].

The consideration of GPU interconnects in this review is carried out
in sections devoted to GPU-based computing systems and is considered
as additional special hardware for the GPU, as well as possibly special
processors that support the corresponding interface. Infinity Fabric is
therefore discussed in the next section.

5.1.2. Computing systems based on MI200

First of all, an analysis of the Infinity Fabric interconnect is required
here. It was originally close to PCle and is currently used for communication
between EPYC processors in servers. Like NVLink, new versions of Infinity
Fabric appeared as development progressed; in CDNA 2 this is already the
third generation [299].

The MI200 has different Infinity Fabric connection options, selected
for optimal work in different physical conditions (for example, for short
connections between GCDs within the same GPU, a special interconnect is
used). One Infinity Fabric channel is 16 bits wide in one direction (this was
also the case in MI100). The bandwidth of one such channel in CDNA
2 is 50 or 100 GB/s in one or two directions, and between two GCDs
in one GPU 4 channels are used with a total bandwidth of 400 GB/s [299]
(see Figure 19 with communication topology in the nodes of the LUMI
supercomputer [41]).

For communication between GCDs from different GPUs, a multi-GPU
server uses one or two Infinity Fabric channels with bidirectional bandwidth
of 100 or 200 GB/s, respectively. Finally, to communicate the MI250X with
EPYC CPU, uses another Infinity Fabric variant with 72 GB/s bidirectional
bandwidth to communicate with each GCD; In addition, host interconnects
such as the Cray Slingshot-11 [41,305] (see Figure 19).

The MI200-containing servers themselves may use a single or dual
EPYC CPU option, and different interconnect topologies are possible
there [305]. Figure 19 [41] shows the topology for a server with 4 MI250X
and one EPYC— this corresponds to the LUMI [41] and Frontier [303]
supercomputer nodes used.
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Ficurg 19. Using Infinity Fabric in a LUMI supercomputer
node with 4 MI250X (Figure from [41])

Figure 19 corresponds to the flagship node topology for HPC; for
it, [299] reports a total Infinity Fabric bandwidth of 1.54 TB/s. [305]
presents another server topology with 4 MI250s coupled to two EPYC
CPUs via a PCle switch as a "mainstream" for HPC and Al, and illustrates
another topology for a flagship server for Al with 8 MI250s and two
EPYCs.

The MI210, which has one GCD, has its own modifications to work with
Infinity Fabric. The MI210 provides 64 GB/s of bandwidth to the CPU
without the need for PCle switches, and the MI210-MI210 interconnect can
use 3 Infinity Fabric lanes for a total of 300 GB/s of bandwidth. Finally,
for a multi-GPU server with MI210, flagship and “mainstream” options are
also offered [305].

Different topologies can also occur in Nvidia multi-GPU servers.
However, the presence of different types of Infinity Fabric connections can
complicate the optimization of highly scalable programming in multi-GPU
servers with MI200. However, in [308], which examined various Infinity
Fabric interconnect options on a server with 4 MI250X GPUs, no significant
NUMA effects were identified on the CPU-GPU communication bandwidth
at the HIP APT level.

The Frontier supercomputer nodes use one 64-core EPYC 7A53
processor (operating at 2 GHz) with 4 MI1250X. This CPU, codenamed
Trento, was created specifically to working with the MI250X in Frontier
nodes. The L3 cache capacity of this CPU is 32 MB for each of the eight
8-core groups (256 MB total per CPU). The CPU is configured as 4 NUMA
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nodes, each of which is connected to 128 GB of memory, so its capacity
in the server is 512 GB (8 channels of DDR4-3200) [41,299,303]. The
possible topology for using Infinity Fabric in multi-GPU servers with
MI250X was discussed above (see Figure 19); [41] points out the importance
of proper NUMA node binding to the GPU, which can be critical to optimizing
application performance. Frontier was built by Cray/HPE and uses the
Slingshot-11 interconnect to connect the server nodes [299].

The third-place Top500 supercomputer, LUMI, uses the same hardware
as Frontier [41,42]. Here we must also point out the Crusher system,
which is actively used in research, containing 192 of the same nodes as
Frontier (9408 nodes) and LUMI (2560 nodes), and is used for testing and
development. And even earlier, the predecessor of Frontier was considered
the Spock cluster, which had 36 nodes containing by 4 MI100 [310] (see
Table 23 below).

Naturally, almost all the world’s leading server manufacturers supply
models containing the MI200 GPU. Their use in modules of the standard
0AM (OCP Accelerator Module) form factor [305] contributes to the rapid
and widespread adoption of such servers. Servers are available in a variety
of sizes from 1U to 4U, as well as 6U and 10U, containing from 1 to 8 GPUs
(as well as 10 and 20) MI100, MI210 and MI250. These servers can have
1-2 AMD EPYC CPUs of Zen 2 and Zen 3 architectures, as well as 2nd and
3rd generation Intel Xeon Scalable processors. A list of such servers is
available at [311].

To achieve maximum performance when working with the MI1250/MI250X
GPU, liquid cooling is required (without it, it is usually impossible to have
more than 500 W). A classic example of this is the HPE Cray accelerator
blade EX235a [46], used in related supercomputers.

5.2. SDK for MI100 and MI1200

The discussion of SDKs in this section of the review is very limited, since
most of the corresponding components from AMD are direct analogues
of the SDKs from Nvidia described above, the names of which are also often
very similar. AMD’s SDK for the GPUs in question is called ROCm (Radeon
Open Compute, and m stands for "multi-GPU computing" at the heart
of these tools [312]). One advantage of AMD’s SDK is that it is available
in source code [312], while Nvidia’s SDK is simply freely available.
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If in 2020, when MI100 appeared, version ROCm 4.0 was available [312],
then by mid-2023, before the appearance of the June Top500 list, version
ROCm 5.5.1 was already available [313]. If the basis of NVidia’s SDK
should be considered the CUDA API, then the basis of AMD is the HIP
API[58]. HIP as a programming model is extremely close to CUDA, and
similar terms are used there (see Table 1). In HIP, when working with
AMD GPUs, a warp (wavefront in AMD terminology) is used with a size of
64 threads [313], and not 32 (as for SM in Nvidia), which is related to the
CU architecture.

But programs from Nvidia GPUs began to be portabled to AMD GPUs
regardless of the appearance of the MI100. Thus, information on the
achieved performance when porting various software systems from a popular
area of application of modern GPUs, classical molecular dynamics, is
presented in [314].

As an advantage of HIP over CUDA, we can point out the possibility
of using HIP when working on Nvidia GPUs, which makes it possible to port
software for AMD GPUs to Nvidia hardware. But here two important
clarifying points arise. Firstly, we need data on the comparison of the
performance achieved when running HIP relative to that achieved using
CUDA (this will be discussed below). Since HIP uses certain CUDA backends
when working with Nvidia GPUs, this eliminates possible problems.

It is generally believed that using HIP causes almost no performance
degradation compared to direct CUDA encoding [42]. Data actually
demonstrating this for one of the algorithms for solving a CFD problem with
an unstructured mesh are available in [168]. But the new version of CUDA
for H100 has extensions, the most striking of which can be considered
a change in the hierarchy of the used sets of threads (a cluster of thread
blocks has appeared). Accordingly, potential HIP performance issues for
Nvidia GPUs may remain.

The ROCm software stack at the lowest level includes drivers. Currently,
ROCm support is provided on Linux (drivers are included in the kernel
module, which can be installed on Ubuntu, RHEL and SLES distributions).
It is clear that ROCm includes all the typical components for an SDK.
There is a compiler, now called ROCmCC (with support for HIP, OpenMP
and OpenCL), which is based on Clang/LLVM [313]. Naturally, there is
a profiler, debugger and performance tracing library.
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Math libraries come with the prefix roc or hip. The roc prefix is used
in the names of libraries optimized for AMD GPUs, and the hip prefix is
used for libraries where tools for Nvidia GPUs are used as a back-end [313].
Given the prefix the full names of these libraries make their purpose
obvious and are not given here. There are also communication libraries
similar to the corresponding tools from Nvidia. For example, Nvidia’s
ROCm counterpart to NCCL is RCCL.

Even due to the syntactic similarity between HIP and CUDA, it seems
natural that ROCm would have a conversion tool from CUDA to HIP,
HIPIFY [313]. But in the general case, this should be considered as
the first semi-automatic step towards such a transformation, which may
require further manual modification, if only because not all CUDA APIs
are supported in HIP (see, for example, [42]). Here we should point out
a certain analogy between HIPIFY and Intel DPCT tools.

It is important to point out here the open source hipSYCL project
(now called AdaptiveCpp™) at the University of Heidelberg (Germany), an
implementation of SYCL targeting CPUs and GPUs from different manufac-
turers. And in [165] an attempt has already been made to implement
oneAPI without the DPC++ compiler, using hipSYCL. A comparison of the
performance of MI250X using different implementations of SYCL, DPC++,
as well as HIP and OpenMP on different applications is carried out in [176].

Another important project for working with AMD GPUs is the
GPUFORT project [315]. These tools transform one source code into
another source code. There are two possible options for such transformation
of the source text. First, from CUDA Fortran (or possibly OpenACC) to
a Fortran variant with OpenMP version 4.5 directives. The resulting text
can then be compiled using AOMP (a Clang/LLVM-based compiler with
a Fortran front end). Secondly, it is possible to use HIPFORT tools, which
provide a Fortran and HIP runtime interface and access to math libraries.
If compiled to run a program on an Nvidia GPU, HIPFORT provides an
interface to the CUDA runtime tools and associated math libraries [316].

As for Fortran, it should be noted that there is support for the
AMD GPUs under consideration outside of ROCm—in the famous HPE

Cray Fortran, which also has support for OpenACC, which is missing
in ROCm.


https://github.com/AdaptiveCpp/AdaptiveCpp
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It is clear that the operation of the more traditional parallelization
tools MPI and SHMEM is also ensured. In [317], the performance of a
number of MPI variants that support working with CDNA and CDNA 2—
OpenMPI, Cray MPICH, MVAPICH2-GDR (as well as RCCL tools) was
studied, including when using the Cray Slingshot-10 interconnect in the
famous Spock cluster (it has nodes with 64-core EPYC 7662 and four
MI100).

We're not talking about the Al frameworks included with ROCm here,
since they’re Al-specific and the review is primarily focused on HPC— but
ROCm is naturally integrated with the major frameworks [313].

In conclusion of this section, it can be noted that both the hardware
and software of the GPU MI100 and MI200 do not show such a strong focus
primarily on AI (and on HPC— rather secondary) as in the GPU H100 (and
partly in the A100). At Nvidia, this it shows up not only in documentation,
but also in the new supercomputers that are emerging: unlike the more
“traditionally oriented” Frontier with AMD MI250X, the H100 is used
in supercomputers from the Top500, focused on Al. Nvidia produces
Al-ready, high-performance computing systems up to the supercomputing
level.

5.3. MI100 and MI200 performance data in benchmarks and
applications

By the time the June Top500 list appeared, many articles had become
available that examined the performance of these GPUs in different bench-
marks and on different applications, including performance comparisons
with respect to the V100 and A100. In most cases, when there were
sufficient publications for the specific AMD GPU models under consideration,
this review prioritized HPC-related works for analysis (but many data on Al
are also provided). Among these publications, we also selected articles
related to performance data on widespread and relevant mathematics
problems. From publications on applications in this review, traditional areas
known in HPC, for example, computational chemistry or CFD problems,
were also selected, with priority given to world-known applications.
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But here it is necessary to highlight the work on the ECP project and
the summary data of a review nature on more than 20 applications (more
precisely, projects) specifically focused on exascale— for example, [262].
There is a large number of performance comparison data for the MI100,
MI250X, V100 and A100. Since performance estimates in the limiting case
are interesting for a specific application or at least an application in the
relevant domain, in many cases it is useful to look at the data in [262],
where performance is also presented at the single GPU level.

However, it must be borne in mind that the ECP does not mainly use
globally used applications, but their special versions (possibly parts) made
to focus on exascale, or new developments. And this may be completely
ineffective and does not provide accurate estimates for performance in more
typical applications, for small computing systems, or for calculations of not
so complex objects. In addition, this is just the initial data from ongoing
work on various projects using early versions of ROCm in AMD GPUs, and
the results will clearly be improved (some clarifying articles related to
specific projects have already appeared). Accordingly, a very large number
of criticisms appeared here regarding many ROCm components of different
versions from 4.2.0 to 4.5.0, which AMD tried to quickly fix

Since much of the following data on the performance of the MI100 and
MI200 GPUs was obtained using well-known supercomputers (including
those from among the leaders in the Top500), brief information about such
computing systems (including those used for comparison with Nvidia GPUs)
is summarized in Table 23.

5.3.1. Performance of MI100

Comparative performance data of the MI100 compared to the V100
and A100 will be discussed here (everything relative to the MI200 is
discussed below).

As for comparing the performance of GPU MI100 and A100, although
the data in Table 20 shows slight advantages of MI100 in terms of peak
performance (for example, with FP64), limited attention should be paid to
these indicators for GPUs— no less often performance is correlated with
memory bandwidth, and more precisely, more important is to look at the
roofline model data. The available data from articles generally clearly
indicate large (often several times) performance advantages of the A100
relative to the MI100, although there are exceptions.
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TABLE 23. Computing systems whose nodes were actively
used in publications on GPUs performance cited in this review;
for supercomputers from the Top500, their number in the list
is given in parentheses

Computing system lt\IuIE}i)?rG%IIIJ(si Number and type Interconnect (between
p & 8y i?lpthe node of CPUs in the node nodes)?
Frontier (1) [303] 4xMI250X . 135?(”3{,; zncto) 4xHPE Slingshot-11
LUMI (3) [318] 4xMI250X . /xlsé(Eleero) 4xHPE Slingshot-11
Crusher [319] 4xMI250X . &52%530) 4xHPE Slingshot-11
Spock [320] 4XMT100 7%(?2%1:5110@ 1xHPE Slingshot-10

1xXeon Plati 4xNvidia Infiniband
Leonardo (4) [205] 4% A100-40GB Sgacg M —
Perlmutter (8) [206] | 4xA100-40GB 1xEPYC 7763 4xHPE Slingshot-11
ThetaGPU [321] 8xA100-40GB | 2xEPYC (Rome) 8 xInfiniband HDR
Polaris (19) [322] 4x A100-40GB IXE(PI\}EJ)M?’P Slingshot-10
. 2x Mell
Summit (5) [323] 6xV100-16GB 2x Power9 Inﬁnib;nc?rg]):()R

I The interconnects used in the publications cited in the review are indicated.

Therefore, we will present here only a few confirmations of this, mainly
in an integral sense (with a wide scope of applications) — and not based
on individual specific examples. For example, in [45] data corresponding to
the above are presented on 6 different applications and mini-applications
(from different fields of science) included in the ECP project or related
mini-applications. According to data from [45] we calculated how many
times the achieved performance of A100 was higher than MI100: for
AMR-Wind (CFD part of the ExaWind, Exascale Predictive Wind Plant
Flow Physics Modeling project) —on three different kernels in 1.7-5.3 times;
in the quantum chemical mini-application GAMESS RI-MP2— 5.8 times;
in the TestSNAP mini-application for the SNAP quantum potential, which
is then used in the LAMMPS molecular dynamics application (from the
EXAALT project for nuclear fusion problems) on three different kernels—
2.2-7.9 times, and so on.

As another example of performance data covering even more projects and
applications from ECP, we point out slightly more recent publication [262]
(see also [324]); comments about [262] are given above. Our calculations
of relative performance based on data from [262]| show that the A100 was
about two times faster on CFD problems (NekRS), and three times faster
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central flow estimation scheme and the WENO scheme (figure
from [325])

on quantum chemistry (Gamess, Fock matrix construction) and molecular
dynamics problems (LAMMPS). For TestSNAP, the A100 was 2.8 times
faster than the MI100.

A newer version of ROCm 4.5.2 on another CFD application, STREAmS-
2 [325], also produced similar MI100 performance lag values (see Fig-
ure 20) [325]. These data are discussed in more detail below in Subsection
5.3.2.2. It is unlikely that progress in new versions of ROCm can completely
eliminate such a lag.

In [225] performance using MI1100, A100, and V100 was examined
on SPEChpc 2021, which contains components from applications in different
HPC fields, but the data for MI100 was obtained in a different "small" suite
of SPEChpc than was not used for other GPUs.

Application performance is the most practically relevant, but corre-
sponding data on the performance of MI100 relative to A100, showing
similar data above, is also available for specific mathematical methods—
for example, for FFT [251], for QR decomposition of square matrices using
the MAGMA library for single and double accuracy [241], for BabelStream
bandwidth benchmarks [42]. There is also other data on BabelStream
benchmarks for their implementation using DO CONCURRENT Fortran
tools [236], where the memory bandwidth of MI100 was slightly different
from the C++ version of BabelStream (sometimes Fortran gave better
results). The bandwidth for both A100-80GB and A100-40GB in [236],
was naturally found to be much greater than that of MI100.
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Modern GPUs, their SDKs, and the applications that use them are
complex applications require different parameters for optimization for
different GPUs, and there are exceptions to all rules. Thus, in [241] data
on the same QR decomposition with rocBLAS show the advantage of MI100
over cuBLAS with A100. And in [326] within the AnySeq/GPU code for
bioinformatics tasks using FP32 cores in MI100, V100 and A100, the
performance (in trillions cell updates per second, TCUPS) was 3.8, 1.7 and
3.3 TCUPS, respectively. But in general, in publications, the strong lag
between the MI100 and the A100 in terms of performance is shown quite
clearly.

But comparing the performance of MI100 with V100 seems more
relevant, including as a possible addition or basis for comparing A100 and
MI200. Here the achieved performance is indeed quite comparable, and the
peak FP64 performance of the MI100 is still noticeably higher than that
of the V100. This gives the MI100 a chance to achieve higher performance
for compute-intensive applications (in roofline model terminology). Let
us immediately give a striking example of this in [262], where, using
the quantum chemical application NWChemEX in calculations with the
computationally intensive method of coupled clusters (CCSD), a comparison
of the performance of Spock nodes (4 MI100 each) and Summit (6 V100
each) showed the advantage of Spock. NWChemEx used CUDA on Summit
and HIP (ROCm 4.3.0) on Spock.

The acceleration values of Spock relative to Summit that we calculated
(according to Table 11 in [262]) show that on one Spock node the total
time of CCSD calculation is 1.5 times less than on the Summit node, and
the time of an additional more complex calculation of the correction T (for
triple excitations) are 1.9 times fewer than on the Summit node.

As the number of nodes increases to 4, the performance advantage
of Spock at an equal number of nodes quickly decreases, and at 4 nodes
Spock is only faster in terms of computation time of T [262]. It must be
said that probably most modern GPU applications are more memory-bound,
and the V100 is less behind the MI100 in memory bandwidth.

The article [262] provides comparative data on the performance
of deep learning for MI100 and V100 within the framework of two ECP
projects— CANDLE (precision medicine for oncology) and Exalearn
(the goals of the project are clear from its name). In CANDLE, BERT
performance is moderately greater on the MI100 than on the V100, but not
to the extent that the relative performance of these GPUs would indicate
(obviously in [262] referring to peak hardware performance). And for
ExaLearn, [262] indicates a much lower performance of the MI100.
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It is important that in addition to higher peak performance, MI100
showed higher memory bandwidth than V100 on all components of the
BabelStream test using a wide range of different programming models [42].
In the same work, the performance of the miniBUDE (molecular docking)
application on MI100 turned out to be higher than on V100-32GB and
almost coincided with the performance of A100-40GB.

A very relevant comparison is the performance of MI100 and V100
on DGEMM, which was carried out in [242] for batch and conventional
implementation of matrix multiplication. The corresponding data is
presented in Figure 21 using ROCm 4.2 (hipBLAS) for MI100 and CUDA 11.2
(cuBLAS) for V100. The parameters m,n,k on the abscissa here correspond
to the dimensions of the matrices M, N, K in formula (1). It can be seen
that MI100 can be ahead of V100. [242] also provides data for CEED
benchmarks from ECP, showing comparable performance between MI100
and V100, and performance on NekRS, where MI100 was 15% behind V100.
The same 15% lag is indicated in [265].

In [327] calculations were carried out using the QUICK quantum
chemical application in combination with the AMBER molecular dynamics
application (according to the QM /MM scheme). In the starting tests, the
MI100 gave performance two times less than the V100, due to the excessive
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use of registers in AMD kernels. After improvements in QUICK, in the
calculations of large-sized systems, the performance of MI100 and V100
turned out to be comparable (on small systems, V100 was much faster).
The kernel, which calculates the gradient of the exchange-correlation
potential, calculated much faster on the MI100 than on the V100 [327].
ECP-related work [328] compared the performance of MI100 (on Spock)
and V100 (on Summit) on the well-known CFD benchmark HipBone
(which is GPU-focused, based on the well-known C+-+-based NekBone
benchmark, but does not cover all its functionality [142]), and compared
the performance at different degrees of the polynomial of the kernel of the
Poisson operator, which actually determines the performance of HipBone.
HipBone uses FP64, but some preprocessing subtasks use FP32.

On one GPU, the performance of MI100 (with ROCm v4.5.0) obtained
in [328] is approximately the same as the performance of V100 (with CUDA
v11.0.3) at all degrees of the polynomial — sometimes MI100 is faster, and
sometimes V100. The highest performance is achieved with the highest
polynomial degree used (N=15): for V100—2101.4 GFLOPS, for MI100—
2135.2 GFLOPS; good scalability was also shown on Spock and Summit
nodes with the number of MPI ranks up to 32 and 48, respectively [328|.

In report [262] based on data for some ECP projects, the comparability
of the performance of MI100 and V100 is noted — this is said, for example,
for AMR-Wind data (our estimate of the acceleration of V100 relative to
MI100 according to Figure 20 in [262] is 1.4 times).

In the ExaSMR project (simulation of a small modular reactor core by
combining two parts, neutron physics and CFD— NekRS is used for the
latter), the Shift code with HIP (ROCm 4.2) for the first part was at first
inferior to V100 with CUDA by a factor of two, but after optimization the
lag was only 20%. In the NekRS part of ExaSMR, in some kernels, the
MI100 was only a few percent behind the V100 on Summit [262]; our
calculation according to tables 42 and 43 from [262] gives an acceleration
of V100 relative to MI100 by 10-20%.

In other software components of other ECP projects, [262] indicated
a more severe performance lag in MI100. On the QMCPACK application
(quantum Monte Carlo calculations), nickel oxide supercell calculations
achieved very different lags in different cases, but overall the MI100
gave significantly lower performance, and AMD compilers were criticized.
In TestSNAP, MI100 in Spock lags behind V100 in Summit by approximately
2 times (our calculation using Table 19 in [262]). In the ECP project with
the Gamess quantum chemical application, for ock matrix calculation
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in different basis types with lengths from 4 to 12 thousand orbitals, MI100
is 1.4-2.6 times slower (our calculation according to Table 15 in [262]).
Naturally, there is a lot of other data available in [262]| comparing the
performance of V100 and MI100.

Authors of [329] compared the performance of MI100 and V100 using
mini-application, MiniMDock for molecular docking. In variants optimal for
GPU performance (with HIP and CUDA), MiniMDock, when using medium
and large ligands, MI100 (Spock, ROCm 4.5) was inferior in performance
to V100 (Summit, NVHPC 21.11) by 32 and 39%, respectively, but on small
ligands MI100 was slightly faster than V100.

Authors of [330] optimized some critical important kernels for the CFD
application FUN3D, whose performance on the A100 was discussed above.
For all of them except the viscous flow kernel, MI100 (with ROCm 4.2.0)
was 18-53% slower than V100 (with CUDA 11.2).

Naturally, MI100 is used in a variety of areas, not only in HPC, but also
for Al, for example, for deep learning in the DLRM model [331].

We can say that the MI100 is comparable in performance to the V100,
although the MI100 often lagged behind. Much of the MI100 performance
data reported above refers to preliminary results obtained shortly after the
MI100 became available, and these results may still be quite significantly
improved on new versions of ROCm (CUDA versions seem much more
stable). But due to the clear advantages of all indicators of MI210 relative
to MI100, not only those indicated in Table 20 and Table 21, but also all
others known to the author at the time of writing the review, interest
in MI100, in the author’s opinion, relates to the use of MI100 as already
purchased, and the acquisition of a new MI100 is not practical compared to
MI210. Therefore, a more complete review of the available performance
data for the MI100 is not provided here.

5.3.2. Performance of MI200

Looking at the data in Table 20 and Table 21, it is clear that on a
per-GCD basis, the MI210 and MI250 models are almost the same, but the
GCD in the MI250X has a slight increase in the number of CUs, which should
provide a slight increase in performance. Therefore, although we will begin
the analysis of the achieved performance with a number of current articles
known to the author (at the time of preparation of the review) with data
on the MI210, this may also be of interest for evaluations of two others
models of the MI200 family.
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5.3.2.1. Performance of MI210. As a basic indicator of the achieved
performance of the MI210, we first point out the data Dell presented for
its PowerEdge R750x servers— for double and single precision matrix
multiplication (DGEMM and SGEMM) [332], including in comparison
with data for the MI100. Dell’s calculations on the MI210 used tensor
(matrix cores and ROCm 5.1.3. A performance of 28.3 TFLOPS was
achieved for DGEMM, and 32.2 TFLOPS for SGEMM. These data [332]
indicate a large acceleration in MI210 relative to MI100 for DGEMM — 3.6
times (but in MI100 there is no FP64 support in tensor cores), and a low
achieved percentage of the peak performance in MI210 (62.5%).

For SGEMM on MI210, performance was 9% higher than on MI100 [332].
But FP32 is supported in the MI100 tensor cores, which gives the MI100
even slightly higher peak single-precision performance than the MI210 (see
Table 20 and Table 21).

In the HPL benchmark, the performance of MI210 reaches 18.2 TFLOPS
per 1 GPU and grows almost linearly up to 4 GPUs (up to 72.6 TFLOPS),
while the performance of MI100 per 1 GPU is several times less and grows
more slowly with the number of GPUs in the server [332].

For HPL, there is also data from AMD itself, which allows us to
demonstrate the possible impact of the ROCm version [333]. Here, using
the newer ROCm 5.2.0 and rocHPL 6.0.0 on a single GPU, the HPL benchmark
gave 21.07 TFLOPS (1.16 times faster than Dell), on 4 GPUs— 81.097
TFLOPS (1.12 times faster), on 8 GPUs— 159.73 TFLOPS. As noted
in [333], performance may also vary depending on the driver version. We
assume that the influence of differences in other components of the servers
used in the benchmarks in [333] and [332] here is negligible.

On the HPL-ATI benchmark with mixed precision FP16/FP32/FP64 on
4 GPUs in [333], a performance of 444.77 TFLOPS was obtained.

Dell [332] provides data on the performance of MI210 relative to MI100
in the LAMMPS molecular dynamics application for its several different
types (including reactive molecular dynamics) and potentials— when
working with FP64, MI210 is 18-30% faster, and with FP32— by 12%.
Data on the performance of LAMMPS for reactive molecular dynamics are
also reported by AMD using a more newer version of ROCm [333].

The first articles with MI210 performance data began to appear for
applications in various fields. For example, [334] provides performance
data on the Uni-Dock molecular docking application developed in this
paper, which is superior in performance to the well-known AutoDock-GPU
application (although detailed Uni-Dock performance data is provided
in [334] for V100 and MI100).
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Among the works that compare the performance of MI210 and
Nvidia GPUs, we point out CFD data [268] for the FUN3D application
mentioned above in the section on A100 performance with its FLUDA
library for GPUs. Based on the data in Table 4 in [268] we find that the
A100-40GB is 1.44 times faster than the MI1210 (and the MI210 is 1.29
times faster than the V100-16GB).

In [335], the performance of MI210 and A100-40GB was compared
when running the PyTorch deep learning framework (PyTorch 2.0-20230102
was used) using ROCm 5.4.2 and CUDA 11.8 stacks. This article proposed
TorchBench, a new set of benchmarks for the PyTorch software stack.
In comparison, the classic MLPerf deep learning benchmark suite, whose
GPU results were discussed earlier in this review, includes 8 deep learning
models, while TorchBench has 48. TorchBench is open source and, thanks
to its wide variety of representative models, allows for e.g. and identify
situations with decreased performance when running PyTorch on a GPU.

Comparison made in TorchBench’s 32-bit (default) configuration. The
A100’s TF32 support gives increased performance at the cost of reduced
precision, so not all models can use it. For deep learning and inference of a
trained neural network with FP32, the MI210 was faster in some models
and the A100 in others, which does not give a clear performance advantage
to one of these GPUs [335].

In general, MI210 immediately began to be used for tasks related to Al
For example, [336] developed a DLRM-oriented technique for overlapping
communication and computation and created a kernel for MI210. And
in [337], an improved algorithm was proposed and implemented on MI210
to improve the performance of a convolutional neural network (CNN),
which, using the MIOpen deep learning library and ResNet50 source data,
allowed to obtain 74% of the peak single-precision performance of MI210.

5.3.2.2. Performance of MI1250/MI250X. As for the MI250/MI250X
GPUs, each containing 2 GCDs, their potential competition with the
A100 in terms of performance was demonstrated by the developers
themselves. In June 2022, Nvidia cited data demonstrating the superior
performance (and power efficiency) of the A100-SXM-80G relative to the
MI250 in single- and quad-GPU servers (counting the MI250 as one
GPU) on classic molecular dynamics applications AMBER, GROMACS,
LAMMPS, NAMD, and OpenMM [338], and in August 2022, AMD
provided opposite performance data for all of these applications except
GROMACS— but instead of showing data for this program, it showed
a performance advantage on the HPCG benchmark [339]. It is clear that such
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a comparison requires additional data about the versions of applications
and SDKs of the companies used, those used in the calculations of molecular
systems and types of potentials, and so on. The performance analysis
of the MI250/MI250X below also includes published data on molecular
dynamics performance.

That the performance of the MI250X is high is evident from the success
of AMD GPUs in the Top500, where Frontier and LUMI supercomputers
take first and third places with HPL performance of 1194.0 and 309.1
PFLOPS, respectively, and HPCG performance of 14.1 and 3.4 PFLOPS
respectively [4]. A fairly broad comparison of the performance of 8 different
applications from different areas of HPC (mostly not from those widely
used in the HPC world) on Frontier and Summit was carried out in [340],
where showing the advantages of Frontier, a general starting comparative
assessment of the performance of MI250X and V100 is given.

But since such successes on supercomputers are largely associated with
a high level of scaling with the number of nodes, we present here just one
more illustration based on a comparison of the performance of nodes with
the A100 and with the MI250X — in the Perlmutter supercomputer and
the Crusher cluster (brief data on these computing systems is available
in Table 23). Their nodes contain 4 GPUs A100 and MI250X, respectively.

In [341] the performance of X-ray tracing code using Kokkos tools
(as well as a version with CUDA) was studied on different numbers
of Perlmutter and Crusher nodes (there, CUDA and HIP were used as back
ends, respectively). Most of the computing time on the GPU there is
taken up by the nanoBraggSpots kernel; Using Kokkos, nanoBraggSpots
achieved over 60% performance improvement per Crusher node compared
to Perlmutter [341]. The data in Figure 2 of this article shows that the
performance of nanoBraggSpots with an equal number of nodes from 32 to
128 is several times greater on Crusher. And the use of Kokkos gave
noticeably higher performance than the usual use of CUDA.

But then we need to keep in mind which comparison of Nvidia and
AMD GPUs is most interesting. AMD MI250 and MI250X each have
two logical GPUs (2 GCDs each), while the A100 is a single GPU. From
a programming point of view, MI250 or MI250X are two GPUs, and it
is interesting to compare the A100 with one GCD, which was often (but
not always) done in publications. And then the question arises about
costs—if they are comparable for the A100 and MI250X, it would be
interesting to compare them with the whole MI250X. But here there is no
comparison of cost indicators or TCO (it not only depends on where the GPU
is purchased and used, but also changes over time).
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Basic benchmarks and math libraries performance tests. The
most important baseline benchmarks for the Frontier and Crusher nodes
are available on the website of the US Oak Ridge National Laboratory,
which owns both these supercomputers and Summit [342]. Some of this
data also applies to the host CPU (EPYC 7A53). To work with MI250X
(with one GCD), ROCm 5.3.0 is used there.

Article [342] provides information on the achieved bandwidth of MI250X
memory, CPU-to-GPU and inter-GPU communications. It presents data
on bandwidth in all five kernels of the BabelStream benchmark (classic
version with FP64) using HIP and OpenCL, depending on the dimension
of one-dimensional used in benchmarks arrays.

According to [342], the HBM bandwidth achieved in BabelStream is
77-86% of the peak value (82-90% is achieved for a CPU with its DRAM).
The highest values were achieved here when running the copy (slightly less
in mul) kernel of BabelStream using hipce, a maximum of about 1.38 TB/s.
But in some kernels of BabelStream, using OpenCL gave higher bandwidth
than hipce, and with the dot product kernel, hipce (unlike OpenCL) gave
abnormally low bandwidth.

The memory bandwidth of MI250X (one GCD) in [324] was also studied
by executing SpMV from the Ginkgo library using different sparse matrix
storage formats.

CPU-GPU bandwidth (measured by hipMemcpy) in [342] was 25.6
GB/s (71% of peak), and between GPUs in the osu _bw MPI test from
OSU microbenchmarks [343] (using Cray MPICH 8.1.23) — from 37.6
GB/s (75.2% of peak) on one Infinity Fabric channel to 145.3 GB/s
(72.7% of peak) on four Infinity Fabric channels [342]. In [342], the latest
measurements are for one-way transfers—and Table 19 of that review gives
a peak value of 100 GB/s per channel for two-way transfers.

Article [342] also provides data on the performance of MI250X
on GEMM (using hipBLAS), including DGEMM. For GEMM with FP16,
a specific test CORALGEMM [344] was used, the performance of which
increased up to the highest matrix dimension of over 8 thousands. For FP32
and FP64, in addition to this test, another specific test gpu_xgemm [345]
was used in [342] (see Figure 22).

The choice of one or another specific test does not give fundamental
changes in performance here— it is mainly determined, of course, by the
choice of FP32 or FP64. The use of hipBLAS does not give any outstanding
results (such as achieving 90% or more of the peak value). But it’s
interesting whether the jumps in the performance curves depending on the
matrix size are related to its “optimal” parity.
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FIGURE 22. GEMM performance on one MI250X GCD (Figure
from [342])

Article [342] also presents mixbench test data, but these results, as
above in the section for A100, are not considered here, since they are more
interesting for Al

Benchmarks [333] presents data on the performance of MI250 (with
ROCm 5.2.0) in the HPL (with rocHPL 6.0.0), HPL-AI (with HPL-AI-1.0.0)
and HPCG 3.0 benchmarks. On one GPU the achieved performance was 40.45
TFLOPS (about 90% of the peak vector value), and on 4 GPUs it was
161.97 TFLOPS. Note that the results in [333] are for full GPUs with two
GCDs. On HPL-AI (module with FP16,/32/64) on 4 GPUs, performance
reached 930.44 TFLOPS. On HPCG, 488.8 GFLOPS were obtained for one
GPU and 1927.7 TFLOPS for 4 GPUs.

Computational Chemistry. Considering that AMD and Nvidia actively
compared the performance of the MI250X and A100 on molecular dynamics
problems, we will begin our presentation here with this area of computational
chemistry. It should be noted right away that achieving high performance
when porting molecular dynamics applications from Nvidia GPUs to
AMD GPUs is not an easy task. The transfer of such software packages from
CUDA to HIP is discussed in [314] (although the models analyzed in this
review were not considered there).

AMD reports its LAMMPS 2022 molecular dynamics application

performance across several famous of this application benchmarks on the
MI250 and MI210 GPUs and compares them to results on the A100 [346].
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A single MI250 outperforms the A100 on all benchmarks (while the MI210
containing a single GCD tends to lag behind the A100-PClIe-80GB). AMD
has also demonstrated good performance scaling of LAMMPS up to 4 GPUs
per server [346].

Authors of [254] conducted a detailed and in-depth study aimed
at improving the performance of LAMMPS after porting it from Nvidia
GPU hardware (Summit with V100 and AFW HPC11 computing system with
A100-40GB used in the article) to MI100 GPUs (in the Spock cluster) and
MI250X (in the Crusher cluster). LAMMPS uses the Kokkos library to
support work with different hardware. To optimize the performance (studied
for the normal FP64 format) of LAMMPS on Nvidia and AMD GPUs,
roofline models were used for each kernel, and performance estimates
involved 6 different potentials and calculations of liquid, metallic, granular,
biological and polymer systems up to size 55 million atoms.

Support for LAMMPS operation on GPUs with long-range interaction-
oriented PPPM potential was implemented in [254] using FFT, for which
rocFFT tools were used on AMD GPUs. When running at ReaxFF potential
on a 256K atoms molecular system, about 20% (5.6 TFLOPS) of the peak
FP64 performance of a single GCD in Crusher was achieved.

In [254], despite a large amount of careful and extensive research done,
the obtained performance estimates are indicated as preliminary, which is
probably due to the active development of ROCm noted in this article
(ROCm v4.5.0 was used in this work).

The pointed out different performance behavior when changing Kokkos
parameters for AMD and Nvidia GPUs. This can be taken as an illustration
of the difficulty of porting software from one type of GPU to another while
maintaining efficient code optimization.

In [262] the performance of the SNAP quantum potential (as part
of the EXAALT ECP project), then used as part of the work with LAMMPS,
is analyzed. Although more performance information was obtained here for
the MI100, which the MI250X was, of course, far ahead of, the GCD MI250X
alone at the very beginning of 2021 was significantly behind even the V100
in this calculation, and much more behind the A100. This was due to the
lack of L1 cache capacity in the MI250X CUs— the V100 and A100 used
a capacity of 96 KB per SM for SNAP, 6 times more than the MI100 and
MI200 per CU (see Table 20 and Table 21).
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TABLE 24. Performance (ns/day) of AMBER 22 on diffe-

rent GPUs
T A100-PCle MI250 H100-PCle
est 1 5 )
performance performance performance
JAC Production
NVE 4fs 1199.22 1871 1479.32
JAC Production
NPT 4fs 1194.5 1794 1424.90
STMV Production
NPT 4fs 52.02 80.65 70.15

! data from [349] (data as of 03/21/2023). Used Amber 22 Update 1, AmberTools
22 Update 1, Nvidia CUDA 11.4
2 data from [333], used ROCm 5.2.0 and Amber container 22.amd_ 100

Work on optimizing the SNAP kernels continues [262], but although
these were rather preliminary results, further progress is expected primarily
in terms of the use of Kokkos here. [262] states that SNAP’s L1 cache hit
rate is (for the largest SNAP kernel) 66% for the MI250X versus 90% for
the V100.

In [347], AMD demonstrated good scalability of the NAMD molecular
dynamics application on the famous APOA1 and STMV NVE benchmarks
using up to 8 MI250.

Above, at the very beginning of sec:5.3.2.2, it was noted that there was
no data provided by AMD on GROMACS performance on MI250/MI250X
in 2022, which was obviously due to temporary problems with porting the
GROMACS code, and was quickly corrected.

In [333], there is data on the performance of MI250 on the most
famous molecular dynamics applications AMBER, GROMACS, LAMMPS
and NAMD. Let us give a number of examples. For GROMACS, in the well-
known STMYV (Satellite Tobacco Mosaic Virus) benchmark, a performance
of 34.2 ns/day was obtained on one MI250X, and 89.26 ns/day on 4
MI250Xs. For NAMD 3.0, in the standard STMV NVE benchmark,
a performance of 19.87 ns/day was obtained on one MI250X, and 77.132
ns/day on four MI250Xs.

The GROMACS 2023.1 version uses SYCL as a back-end for the
MI200, what has shown good scaling of the achieved performance in the
STMV benchmark when using up to 8 MI250X. It has been discovered that
not all the features of CDNA 2, which can provide a significant increase
in GROMACS performance, are yet used by the AMD compiler [348|.

For AMBER22, here are performance data on 8 known AMBER
benchmarks. Thus, on the Cellulose Production NPT 4fs benchmark,
a performance of 227.2 ns/day was obtained. We have compared the data
from [333] with the results available in [349], and summarized these data
in Table 24.
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But here we need to make important clarifications about compar-
ing the performance data of different molecular dynamics applications
on different GPUs. The calculation data provided relate primarily to the
molecular system being calculated (where the total number of atoms is
important), which is determined by the name of the benchmark itself. But
the calculation time also depends on other parameters— the potential used,
the time-step (often measured in femtoseconds, fs in Table 24) and the
cutoff radius of interactions. Therefore, the data provided on the achieved
performance may not be comparable, and the use of the same parameters is
required, which are not even always given. The author is not aware of such
a coincidence of parameters in different data sources of Table 24.

It should be borne in mind that in this table the data from [349]
was obtained with a far from new version of CUDA; AMD itself compared
in [333] with CUDA 11.6, the old version of CUDA may not be effective
enough for the H100— in the publications cited in this review, CUDA 12.2
was also used. But these data, as well as those presented above in this
review, indicate that the MI250 has real competition in molecular dynamics
performance with the A100 (and maybe with the H100), perhaps even
ahead in performance, and the dependence on the versions of the SDKs used
is obvious.

Another article [350], which examined the performance of MI250, is
at the intersection of molecular dynamics and Al In [350], using the
V100, A100 and MI250 GPUs, a fairly large number of calculations were
carried out using the DeePMD-kit software package for molecular dynamics
simulation using machine learning potentials (instead of using the QM /MM
method for this). DeepMD-kit allows these potentials to be integrated with
LAMMPS, Amber, OpenMM and GROMACS applications. Based on Table
IV from [350], we computed the performance speedups of A100-80GB over
a single MI250 GCD. For LAMMPS molecular dynamics calculations for
FP64 they ranged from 6% to 2.5 times. The lack of details in [350] about
the software versions used (for example, about the LAMMPS version
ported to the AMD GPU, used for molecular dynamics calculations) allows
these values to be attributed rather to preliminary estimates, but still
providing some information about the performance of the MI250.

The paper [351] can also be partly (in a certain mathematical sense)
considered of interest for molecular dynamics problems— here, to calculate
the Euclidean minimum spanning tree using an algorithm improved by the
authors, A100 (with NVCC 11.5) and MI250X (1 GCD, with ROCm 4.5)
and Calculations were carried out on 12 different data sets. Based on the
obtained performance data in Figure 6 from [351], we calculated the
relative speedup of A100 compared to 1 GCD, it is in the range of 1.5-1.7.
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TABLE 25. Calculation time of correction, T (in seconds)

on GPUs [352]
GPU Programming model
SYCL CUDA HIP
MI250X (1 GCD) | 17.41 — 15.56
MI250X (2 GCD) | 8.97 | — | 8.12
A100 18.23 | 16.14 —

In general, it seems that stable reliable data on comparing the
performance of the MI200 with Nvidia GPUs in molecular dynamics problems
is still rather absent (in the sense that new and improved indicators are
appearing).

In [352], data on the achieved performance within the framework
of the NWChemEX project in ECP using MI250X and A100 in Crusher and
Polaris supercomputer nodes, respectively, were studied (see Table 23).
NWChemEX is also focused on calculations using the high-precision
quantum chemical method CCSD(T), in which the main calculation
time is spent on the correction due to triple excitations (T, which is
a perturbation to CCSD, requiring O(n”) calculations, where n is the
dimension of the basis. The kernel for calculating this correction was
implemented in different versions using HIP, CUDA and DPC++; or this, the
compilers clang-16, gce-10.3.0 and CUDA-11.4.4/ROCm-5.1.0 were used (for
Polaris/Crusher, respectively), and for parallelization between nodes,
Cray-mpich 8.1.16 was used.

Table 25 shows the obtained times for calculating the correction 7" for
the molecular fragment of ubiquitin (these are data from Table III in [352])
on one GPU. From these data it follows that one GCD in the MI250X was
slightly faster than A100-40GB (both on HIP versus CUDA and using
SYCL), and on two GCDs the performance of the MI250X increased by 1.9
times. At the same time, the performance achieved using DPC++ turned out
to be quite close to that obtained using CUDA or HIP.

But in [352] on the A100 it was also found that in the SYCL
implementation, the kernel for calculating 7" places very high demands
on the L1 and L2 caches, and the generated PTX code showed a large
number of loads and stores into local (private in SYCL terms) memory.
Adding one clang key gave a 2.5 times increase in performance. Changing
another #pragma option to clang increased performance by another 20%.
But this PTX code did not use FMA multiply-and-add operations, and after
adding another clang key, the additional performance improvement was
about 20% [352]. The results in Table 25 include optimization.

In addition, scalability up to a large number of nodes in Crusher and
Polaris was demonstrated, which is highly dependent on the basis types
used.
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TABLE 26. Strong and weak performance scaling (in TFLOPS)
of the Dirac operator HISQ on Perlmutter and Frontier nodes

Number
GPU in a Ol\f/I(I;g ggéfir Performance (strong Performance (weak
node number scaling) scaling)
of GCDs)
A100-40GB L — 1.35746
4 5.06892 4.53759
1 — 0.92974
MI250X 2 1.63049 1.51439
4 3.00675 2.89454
8 4.69513 5.57654

For strong scaling, a global lattice was used 96%; for weak scaling— local lattice 324.
The table use data from [354].

In [353], using the still “pilot” state of the LUMI-G supercomputer
(LUMI subcluster with MI250X GPU in the nodes), calculations were carried
out using the well-known quantum chemical application CP2K with the
authors’ improved methods for the exchange part of the Hartree-ock
method and correlation methods with periodic boundary conditions, but
using a Gaussian basis, which makes it possible to use block-by-block
sparsity. Good performance scalability and parallelization efficiency up to
32 LUMI-G nodes were obtained.

Lattice quantum chromodynamics (LQCD). In [354], the perfor-
mance of the SIMULATeQCD application for quantum chromodynamics,
available on GitHub, was studied when running on one or several nodes
(multi-GPU servers) of cluster systems, including Perlmutter and Frontier
(see Table 26). Although the MI250X performance data here, as in many
other publications, is considered preliminary, the comparison made here
with the performance of the A100-40GB is interesting (although it is clear
that using more modern versions of ROCm and additional optimization
of the program code the performance achieved may increase significantly
in the coming times).

SIMULATeQCD uses CUDA or HIP codes as a backend. [354] provides
performance data using up to 256 A100s and GCDs; We will limit ourselves
here to data from benchmarks of the Dirac operator HISQ with scaling
within one node (see Table 26).

Although the results for the MI250X were reported as preliminary, the
performance achieved was lower than what the authors expected based
on the MI250X specifications. In general, here, as a first approximation, we
can say that one GCD is somewhat behind the A100 in terms of performance,
while the full MI250X (2 GCDs) is somewhat ahead of it.
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In [355], the performance on nodes of the Big Red 200 (4 A100-40GB
per node) and Crusher (4 MI250X per node) supercomputers was compared
using the well-known QUDA program for lattice quantum chromodynamics.
Due to poor scaling with the number of nodes in both systems, we will
only point out performance data for one node— a node with an MI250X
(with 8 GCDs) was 16% faster than a node with an A100. The advantage
of the MI250X in [355] was attributed to the memory-bound performance
of QUDA (with the MI250X has 2xthe memory bandwidth over that A100
model, see Table 21).

Computational fluid dynamics (CFD). We begin the analysis of data
on the performance of MI250X and MI250 in CFD applications with AMD
data [333] on the performance of MI250 in the standard (for OpenF0AM
CFD application) HPC Motorbike benchmark (662.3 sec. on one MI250 and
209.84 sec. on four MI250).

In [356], for the numerical simulation of realistic combustion devices,
a special PeleLMeX solver was used, the performance of which was studied
on Crusher with MI250X and Summit with V100. With a small number
of GPUs used, the performance of the MI250X was found to be one and
a half times greater than that of the V100.

In [357], multi-particle collision dynamics calculations were carried
out to particle-based description of hydrodynamic interactions using
the Cabana 1.0-dev library based on Kokkos 3.5.00, using A100 and
MI250. A comparison of multi-GPU servers containing 4 A100 or 4 MI250
showed that with smaller sizes of the calculated system, MI250 is 7%
faster, and with a larger size, A100 is 19% faster (according to data from
Figure 3 in [357]). This allows us to talk about the comparability of the
performance of a full (with two GCD) MI250 and one A100.

A very interesting and relevant article comparing the performance
of MI250X, MI100, A100 and V100 [325] concerns the solution of the Navier-
Stokes equations for compressible flow using finite difference discretization—
for wall bounded turbulent flows. There, the implementation of the
STREAmS-2 application, portable to x86-64 CPUs, AMD and Nvidia GPUs,
developed on the basis of the object-oriented (using Fortran 2008) application
STREAmS-1, was considered.

To work with Nvidia GPUs, [325] uses CUDA Fortran tools (HPC
SDK 22.11), and with AMD GPUs, HIPFORT (ROCm 4.5.2 on MI100
and ROCm 5.0.2 on MI250X). To port STREAmS code from CUDA
Fortran to HIPFORT, [325] created its own PyconvertSTREAmS tools,
since GPUFORT, according to the authors of [325], was rather at the
research stage of development. But for optimization, the code obtained
in PyconvertSTREAmMS may also require subsequent manual modification.
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Calculations with analysis of performance scaling on several nodes were
carried out in [325] in EuroHPC JU* clusters: for MI250X — on LUMI, for
A100— on Leonardo (see Table 23).

When comparing calculations on one GPU in MI250X, one GCD was used;
data on the corresponding calculation times for two different calculation
schemes in STREAmS-2 are shown above in Figure 20. The dimensions
of the grid used in the calculations were chosen to be maximum for possible
placement in the V100 memory capacity [325].

The data in Figure 20 indicates the similarity of the achieved perfor-
mance between one GCD MI250X and V100; The MI100 was significantly
slower than the V100, and the A100 was significantly faster than the
GCD alone. As noted in [325], this does not correspond to the peak
performance ratios (with FP64) of these GPUs, and there was a more
thorough analysis of the execution times of individual kernels, which showed
similar results for kernels with the A100 clearly leading in performance.
Exmples of unexpected increases in GCD performance achieved with small
changes in kernels are also given in [325].

An analysis in [325] using a roofline model (considering only the HBM)
found that calculations on the GCD, as expected for CFD, were always
memory-bound, and on the A100 were often in the computationally
intensive region. Data movement for GCD was found to be significantly
higher than for A100, meaning the A100 fetches registers and caches more
often than GCD. In addition, [325] pointed out the large use of registers
in the weighted essentially non-oscillatory (WENO) scheme used.

It is advisable to add additional comments to the above-described data
from article [325]. As for the data on the higher performance of the V100
relative to the MI100, this seems rather natural (this was mentioned above
in the section on MI100 performance). However, the V100 comes in two
models [185]— with a memory capacity of 16 GB and (which appeared
later) with 32 GB, and the V100 model used in [325] with 16 GB when
working with a large grid size (but fits in 32 GB MI100) will simply be
unacceptable.

Regarding the MI250X, firstly, the assumption of possibly weaker
caching is consistent with the MI250X cache disadvantages noted above
compared to the A100 (see also Table 20 and Table 21). Secondly, [142]
points out a disadvantage of the AMD compiler (in ROCm v4.5.2) compared
to the Nvidia compiler (in CUDA v11.0.3): CUDA uses significantly fewer
registers per warp than the AMD compiler and provides much higher warp
load on SM, which contributes to higher performance of Nvidia GPUs.
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TABLE 27. NekRS performance data on a single GPU using
CUDA and HIP for Nvidia and AMD GPUs respectively

System Device Relative Performance

Summit V100-16GB 1.00
ThetaGPU A100-40GB 1.57
Perlmutter A100-40GB 1.62

Polaris A100-40GB 1.62

Spock MI100-32GB 0.84

Crusher MI250X-64GB (1 GCD) 1.32

Thirdly, it is also actual to compare the performance of the full MI250X
(the performance of the cheaper MI250 should probably be close) with the
A100, which was not carried out in [325]. If we make a natural assumption
about the good scalability of STREAmS-2 within the whole MI250X, then
dividing the calculation time with MI250X in Figure 20 by two as an initial
approximation, we will obtain calculation times comparable to the A100.
In addition, one must keep in mind the lack of sufficient information about
the level of optimization achieved when working with HIPORT. All this
does not contradict the fact that STREAmS-2 achieves a higher percentage
of the peak performance of the A100 compared to GCD.

Preprint [325] also obtained data showing the high scalability
of STREAmMS-2 performance— for example, efficiency of more than
80% when using up to 16 Leonardo nodes and up to 32 LUMI nodes, and
good results on a larger number of nodes, giving for STREAmS-2 high
potential for using in compressible fluid dynamics.

Argonne National Lab [144] conducted performance studies of the
Nek5000/RS application on a range of supercomputers using MI1250X,
A100 and V100 GPUs on nodes, scaling from a single GPU to many nodes.
Calculations were carried out using an upgraded version of Nek5000 for GPU
operation (NekRS version 22.0) as part of the ECP ExaSMR project to
generate virtual nuclear reactor simulation datasets with high-fidelity
coupled physical models of reactor phenomena. Table 27 shows the
performance of NekRS for singlerod simulation on a single GPU.

According to this table, a single GCD on a Crusher provides 1.32xthe
performance gain for solving the Navier-Stokes equation compared to
a single V100 on a Summit. The A100 outperforms a single GCD, and
overall, according to [144], the performance of a single GCD is about 85%
of that of a single A100.
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In [144], in particular, a comparison was made of performance scaling
on Frontier (with ROCm 5.1.0 and Cray-mpich 8.1.17) and Crusher (with
different versions of the SDK— ROCm 5.1.0, ROCm 5.2.0, Cray-mpich
8.1.16 and Cray-mpich 8.1.19). On Crusher, ROCm 5.1.0 gave performance
2-5% faster than ROCm 5.2.0, and performance on Frontier was better
than on Crusher.

In [358], for large-eddy simulation problems, the performance of the
NekRS and AMR-~-Wind codes for modeling flows in the atmospheric
boundary layer using the Summit and Crusher supercomputers (with nodes
containing V100 and MI250X, respectively) was studied in strong and weak
scaling variants. For NekRS, a single GCD MI250X on a Crusher has been
shown to provide performance comparable to a single V100 on a Summit.

In [142] presents the performance of the MI250X (compared to
the MI100 and V100) using the NekBone-based HipBone benchmark
(the HipBone proxy application was discussed above in the A100 and
MI100 performance sections) using the libParanumal finite element library
(developed within the ECP ) with OCCA tools for abstraction between
different parallel programming models— for example, OpenMP, OpenCL,
CUDA, HIP and SYCL. HipBone, like Nekbone, uses a regular mesh
of hexahedral elements.

The calculations in [142] were carried out on the Summit, Spock and
Crusher computing systems (see Table 23) using CUDA 11.0.3, ROCm 4.5.0
and ROCm 4.5.2 in their nodes, respectively. Testing was conducted
on a single GCD, allowing for potentially more than half of the MI250X’s
total compute capabilities and higher clock speeds than running the same
workload on both GCDs simultaneously. However, there was no significant
difference in performance between kernels running on one GCD or on both
GCDs simultaneously in the MI250X. It was also found that the Nvidia
compiler uses significantly fewer registers per warp compared to the AMD
compiler, resulting in much higher warp utilization on the SM.

Article [142] also carried out a detailed study of strong and weak
scaling in the used computing systems, which is not discussed here.

Report [359] indicates performance data on MI250X, MI100, V100
and A100 for the NekRS application and the HipBone proxy application.
Computing systems Summit, Spock, Crusher and ThetaGPU were used for
calculations (see Table 23).
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The performance of the Poisson operator (as well as that of other
operators in mesh methods— calculating the result of the operator’s apply
to a function at mesh points), which determines the calculation time
of HipBone, for different degrees of the polynomial used for one GCD is
20-30% greater than for V100 (see Figure 43 in [359]).

All devices achieved the highest HipBone performance at the highest
polynomial degree used (15)—2101.4 GFLOPS in V100, 2135.2 GFLOPS
in MI100, 2774.9 GFLOPS in a single GCD [142,359]. For NekRS, one GCD
on Crusher on different kernels gave from 57% to 88% of the performance
of A100, in terms of total calculation time— 71% [359].

A number of publications have been discussed above regarding the
performance of GPU-oriented software NekRS and subsequent NekBone and
HipBone. All are focused on being portable across different types of GPUs,
are heavily involved in ECP work, and use C++ tools (although NekBone
has a version with CUDA Fortran [358], and all are based on Nek5000,
which used Fortran).

But this direction using C++ has an alternative, which is also based
on Nek5000 and is focused on portability to different types of accelerators,
and it was also used in studies of the achieved performance using the GPUs
discussed in the review. In [171], for the field of direct numerical simulations
of turbulence with applications in sustainable shipping, a simulation of the
flow around a lettner rotor (at Re = 30000) and its interaction with
a turbulent boundary layer was carried out on clusters with multi-GPU
servers in nodes using A100 and MI250X.

For this purpose, Neko software for working with unstructured meshes,
also based on Nek5000, was used and modernized in [171]. Neko uses
the object-oriented capabilities of modern Fortran standards to control
memory allocation and provide multi-layered abstractions of the solver
stack, enabling computation on a variety of architectures from conventional
CPUs to different types of accelerators.

In [171], a device abstraction layer is used to manage device memory,
data transfer, and kernel execution from Fortran, and CUDA and HIP
backends are developed. The calculations here were performed on an
Alvis cluster having by 4 A100-SXM4 per node (CUDA version 11.1.1 was
used) with a Mellanox ConnectX-6 interconnect (2 x 400 Gb/s)— using
OpenMPI 4.0.5, and on an HPE Cray EX cluster, having by 4 MI250X
per node (version ROCm 4.5.2 was used) with an HPE Slingshot 10
interconnect — using Cray MPICH 8.1.14. On the hosts in Alvis gcc 10.2
was used, in HPE— Cray cce 13.0.
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Strong Scaling
[s / time step]

—8— Nvidia A100
—— AMD Instinct MI250X
—%— AMD EPYC 7742

32 64 128
Number of CPUs or logical GPUs
FicURrE 23. Performance in time per time step: shaded areas
refer to standard deviation. The orange and blue lines represent
GPU systems. There are two logical GPUs in each MI250X
(picture from [171])

The hosts in both clusters had 512 GB of DDR4 memory (with two
Intel Xeon Gold 6338 per Alvis node and an AMD EPYC 7A53 per HPE
node).

Neko calculations were memory-bound, which the authors believe
allows compute-intensive applications to benefit from the higher peak FP64
performance of the MI250X [171]. [171] concluded that the two GCDs
in the MI250X match the two A100 in terms of performance. The average
time per time step differs by less than 5% when comparing two A100 to
one MI250X (see Figure 23). But this contrasts with data discussed above,
for example [359], that a single MI250X GCD has performance closer to 71%
of that of a single A100.

A number of publications that provide performance data for the MI250 or
MI250X relate to magnetohydrodynamics. The article [360] presented a new
Idefix code for nonrelativistic fluid dynamics and magnetohydrodynamics
based on Kokkos, which in benchmarks for magnetohydrodynamics on a
server with 4 MI250X showed performance 2.57 times faster than on a
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server with 4 V100. Also [360] shows much higher power efficiency with
the MI250 than with the CPU.

In [361], calculations were carried out using the Athena-+-+ program
(more precisely, the AthenaK code was used to work with the GPU) for
general relativistic magnetohydrodynamics using Crusher nodes (with 4
MI250X per node) and Polaris (with 4 A100 per node). Compared to the
same number of logical GPUs (i.e., comparing the GCD number for the
MI250X to the A100 number), Polaris is, roughly speaking, a couple
of times faster for any number of logical GPUs (see Figure 32 in [361]),
and still scales good in both computing systems. This suggests that
when comparing the A100 to the entire MI250X, they are competitive
in performance.

Article [362] provides data on the performance of MI250X, MI100, A100-
40GB and V100-16GB in cluster systems using PARTHENON-HYDRO —
a mini-application (based on the astrophysical magnetohydrodynamics code
Athena++), consisting of about 1.4 thousand lines of C++ for 1D, 2D and
3D compressible hydrodynamics on uniform and multilevel meshes.

The obtaining performance (here considered simply as some relative
value) is 5.7— for the MI250X (two GCDs, with ROCm 5.1.0); 4.2— for
A100 (with CUDA 11.5); 2.7 and 2.15— for V100 and MI100, respectively.
This means that the full MI250X is well ahead of the V100 and MI100
in performance, and faster than the A100 (although when calculated on a
single GCD, the MI1250X lags behind the A100). Data on the achieved
strong and weak scalability in the systems used for calculations were also
considered in [362], but this is not analyzed here.

Plasma physics. In principle, this area also belongs to CFD, but
is highlighted here as a separate part, since there have been a number
of publications in plasma physics that have used the MI250/MI250X and
obtained interesting performance data.

Thus, in [363], a higher performance of the MI250 compared to the
V100 was shown in solving the Vlasov kinetic equation for the dynamics
of plasma charged particles.

In [364] studied the performance of the CGYRO code, which solves
five-dimensional gyrokinetic-Maxwell equations describing the evolution
of plasma microturbulence in magnetic fusion devices. To work with GPUs
(MI250X in Frontier and A100 in Perlmutter), OpenACC tools were used
(from HPE Cray Fortran for MI250X and from Nvidia Fortran for A100), as
well as the cuFFT and hipFFT libraries for A100 and MI250X, respectively.
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In the initial test, CGYRO on the MI250X node was significantly
slower than on the A100 node, but after optimization it became faster with
the MI250X. But in [364], calculations were compared with the same
number of nodes and GPUs of these supercomputers; accordingly, the full
MI250X of two GCDs turned out to be faster than the A100.

In [365], the calculation time of the HIPACE+-+ application for
modeling plasma accelerators with a quasi-static particle-in-cell algorithm
was compared for the A100-80GB and MI250X (one GCD). In this case, all
the main data for the calculation is located entirely in the GPU memory
during the calculation. CUDA 11.0 was used on the A100, and early test
access to Crusher was used for calculations on GCD (probably with HIP).
FFT was used in the calculations, and rocFFT, according to [365], then had
poor performance at grid sizes other than a power of two. The calculation
time on the GCD at two different types of calculation stages ranged from 0.7
to 1.6 and from 0.9 to 3.7 times compared to the time on the A100.

AMD cites the PIConGPU application, which also uses the particle-in-
cell algorithm, as an example of a plasma physics application adapted to
run on the MI200 GPU by using the ALPAKA (Abstraction Library for
Parallel Kernel Acceleration) backend running on top of HIP/ROCm [366].

The particle-in-cell method is generally widely used in plasma physics
applications, and it was also used in calculations using MI250X. In [367]
3D modeling of laser-matter interaction was studied on the massively
parallel WarpX PIC code using GPUs on Frontier, Summit and Perlmutter
(a similar study was also carried out in [368]).

Preprint [369] analyzed the performance of the linear iterative solver
TFQMR using Kokkos (including a faster batch version) available in the
PETSc (Portable Extensible Toolkit for Scientific Computing) library. This
is interesting for plasma physics when working with the Landau collision
operator. The performance of the MI250X and A100 here was evaluated
using Perlmutter and Crusher cluster nodes.

The above-mentioned articles [365,367,368]| are directly related to
projects from ECP. Like many of the other publications used in Subsection
5.3.2.2, the latest data obtained in the newly appeared computing systems
with GPU MI250/MI250X are used here; this data was often considered
preliminary due to the possible rapid progress of new versions of the SDK
from AMD.
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Artificial intelligence tasks. Although AMD didn’t put Al exactly
first place of potential applications for the MI200, these GPUs were
immediately use for AdI applications. Thus, in [28], the integration
of HPC and deep learning was used: for the Monte Carlo application (for
thermodynamic calculations in materials science), a set of surrogate deep
learning models was developed and calculations were performed on many
nodes of two supercomputers: Summit ¢ V100 (using the CUDA stack) and
Crusher with MI250X (using the ROCm stack). On different model sizes,
one GCD was up to 15% faster than the V100 (and the whole MI250X was
correspondingly faster by up to 2.3 times). Crusher also showed better
performance scaling relative to Summit.

These GPUs have become used for Al tasks in a wide variety of fields that
use Al Thus, in [370], MI250X was used for mitochondrial segmentation
tasks.

And after the deployment of the European supercomputer LUMI
with MI250X, probably due to the use of different languages in Europe,
publications on natural language processing on MI250X began to actively
appear there, including using their own modified BERT models (see, for
example, [371-374]).

5.4. AMD GPUs Summary

The above performance data for the MI200 GPUs— mostly the MI250
and MI250X — certainly suggests that these GPUs are somewhat competitive
with the A100. Both AMD with ROCm and application developers are
actively pushing forward to achieve higher performance.

It’s clear that the performance data already reported often doesn’t meet
expectations based on the higher peak performance of these AMD GPUs
compared to the A100 (meaning even a single GCD). Although in many cases
the benchmarks were memory bound rather than compute-intensive in the
roofline model, this still does not correlate with the many performance
gaps relative to the A100, as well as the sometimes identifiable performance
"sinks" of the MI250X (see, for example, data [328]).

In a number of publications, this is associated with the insufficiently
large cache size (mainly L1) relative to the A100, and the use of too many
registers in the codes generated by AMD compilers compared to Nvidia
CUDA tools, although in some cases the reasons for insufficient performance
compared to expected performance remain unclear. The existing comments
regarding AMD’s SDK software correlate with the clear indication in many
of the above publications that the performance data obtained is preliminary,
therefore suggesting improvements due to the rapid development of the SDK.
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Since there are also data on higher performance of MI1250/MI250X, the
fact that the comparative performance of these GPUs relative to the A100 is
not sufficiently predictable at this point in time should be considered
important.

Here one cannot try to be based on a “statistical analysis” of comparative
performance data, but must be based on data for specific applications
and objects of study (which, to a first approximation, are also available
in this review), as well as on similar (in purely mathematical sense)
methods used, and take into account the already discovered shortcomings
of MI250/MI250X and their SDX (the latter may possibly be corrected
in new versions).

But it is necessary to keep in mind the possible opposite conclusions
about the efficiency of the MI200 when taking into account comparative
prices and TCO, and accordingly choose to compare the full MI250/MI250X
or individual GCDs with the A100.

At the time of writing this review, the MI300 and the EI Capitans
supercomputer are expected to appear (in 2023, at the Lawrence Livermore
National Laboratory (USA)), with the integration of Zen 4 architecture
CPUs into the MI300. This confirms AMD’s likely progress in GPUs and
supercomputers in the near future. [375] pointed out the continued small
size of the L1 cache— this could be a potential weak point of the MI300.

In relation to HPC, it is worth pointing out AMD’s great focus on this
area compared to Nvidia’s greater focus on AI, which is evident in the new
supercomputers included in the Top500.

Conclusion

In this review, the advantages and possible disadvantages of GPUs were
discussed above. As for specific performance data, a lot has been said
about them above, and it is advisable to combine them with cost indicators
(including energy consumption indicators), which are not discussed here.
What follows is a mostly general summary of a slightly different, more
general and /or briefer nature.

1. There is competition among modern GPU developers in terms of per-
formance and other indicators, including not only from the USA, but
possibly also from China; a European accelerator is also expected,
which can also be used on exascale supercomputers. Accordingly,
current Nvidia GPUs near-monopoly will likely diminish little by little.
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The general technological direction of building GPUs is the use
of multi-chip technologies (chiplets), which were probably first actively
used by AMD [376]. This enables performance scalability that can be
implemented in a cost-effective manner with currently negligible
latency increases, including for interconnects between compute cores.

The general trend may be the integration of CPU and GPU (AMD
MI300, Intel Falcon Shore, Nvidia GH200), as well as several GPUs
within one model (as in AMD MI200 and Intel PVC).

The ultra-fast development of GPUs leads to the fact that attempts to
standardize any hardware components are still being implemented to
a limited extent. Thus, the use of the 0AM form factor standard
in MI200, PVC and BR100 is combined with Nvidia’s use of its own
SXM form factors, which looks quite understandable in the light
of Nvidia’s supply of its own ready-to-run computing systems— from
multi-GPU servers to clusters.

Standardization is even more difficult for GPU interconnects— all
of the GPUs reviewed used their own, different selection from the
competition. Here, the reason for the orientation not towards standards
is rather the competitive struggle for leadership in performance.

The general direction is to expand the use of multi-GPU systems for
AT and HPC tasks. In the corresponding servers, it is necessary to use
two processors containing dozens of processor cores, which include
not only Intel Xeon and AMD EPYC, but also ARM processors (the
classic option would be Nvidia Grace or GH200). An alternative may
be to use one server processor containing over fifty cores (both AMD
and Intel offer such CPUs today).

Traditional for HPC quantum chemistry problems previously
used GPUs primarily for calculations in plane wave basis sets or
computationally more complex methods taking into account electron
correlation, where the bulk of the calculation time was spent on general
mathematical methods. But for widespread quantum chemistry
problems, performance is limited by the time it takes to calculate
two-electron integrals in a Gaussian basis (in the HF and DFT
methods). Here, high efficiency of GPU calculations, which gives
good performance scalability when working with multiple GPUs, was
achieved only very recently (the corresponding data is presented
in the review). This makes it possible to more actively use multi-GPU
systems also for quantum chemistry problems.
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As for the BR100, they may be relevant primarily to software
developers, including in the scientific field (since there are practically
no applications running on the BR100) — and, perhaps, especially
in countries where program developers and GPU consumers have
significant financial restrictions. However, the absence of the FP64
format in the BR100, traditional in the classical HPC field, will likely
lead to the BR100’s main focus on Al tasks. But the prospects for
the use of BR100 are unclear due to US sanctions.

Given certain development delays in Intel’s semiconductor technology
and delays in the start of shipments of Ponte Vecchio compared
to Intel’s original plans, and the emerging need to move to work
with the DPC++ /oneAPI software model, it can be assumed that
much faster progress with GPUs by Intel can be expected after the
appearance of the Falcon Shores GPU or a subsequent x86-integrated
device (rather after the implementation of the new promising 18A
technology).

Intel’s most striking contribution to the development of GPU
applications today seems to be the development and support of the
DPC++ programming model.

There is no doubt that the adoption of Nvidia’s H100 GPU will
continue to expand rapidly (with faster growth of H100 using for Al
tasks). Both the already released and the upcoming Nvidia H100 GPUs
(GH200 also actually contain the H100) will be very relevant for Al
and HPC tasks. But the most powerful leap forward in performance
scalability seems to be the ability to build clusters with the H100
using NVLink networks.

The advantage of Nvidia hardware primarily for Al tasks is the
delivery of Al-ready DGX server systems and DGX SuperPOD
clusters, which are at the supercomputing level. Although such
systems can be used for HPC tasks, applications ready for them are
needed. Another advantage of the H100 is its huge set of SDKs for HPC
and Al that interact effectively and complement each other.

GPUs from AMD, as an alternative to Nvidia GPUs, seem to be most
relevant at present, primarily for calculations on applications that
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have already shown high performance on the AMD MI200, or are
expected to do so in the very near future, as well as a field for the
development of new software, including porting existing applications.
In terms of potential application use in the near future, this could
make sense for any HPC and Al fields.

The use of these GPUs will obviously expand primarily in science
and in the activities of software developers. There is a certain degree
of comparability in performance with the Nvidia GPUs reviewed,
which means that price points data are of increased importance.

10. Taking into account current trends, it can be assumed that the use
of universal software development tools on GPUs will expand, rather
than those focused on a specific manufacturer’s architecture.
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Appendix. Abbreviations used in sections of the review (for GPUs
from different manufacturers)

Abbreviations for hardware

ALU  Arithmetic Logic Unit . . . ... ... ... .... 1, 5.1
ASIC Application-Specific Integrated Circuit . . ... . .. 1
CXL Compute Exress Link . . .. ... ... Introduction, 2, 3.1

CPU  Central Processing Unit . . ... ... ... ... ....
....... Introduction, 1, 2, 3.1, 8.2, 8.8, 4.1, 4.2, 5, 5.1, 5.2, 5.3, 5.4

ECC  Error-correcting Code . ... ... ... ...... 4.1, 4.2
ECP  Exascale Compute Project . . .. ... .... 3.1, 4.1, 5.3
EPI  European Processor Initiative . . .. ... .. Introduction

GPU  Graphics Processing Unit . . ... ... ... ... ...
Introduction, 1, 2, 8, 8.1, 3.2, 3.8, 4. 4.1, 4.2, 4.3, 5. 5.1, 5.2, 5.3, 5.4

GPGPU General-purpose GPU . . . . .. Introduction, 8.1, 4.1, 4.2
HBM High Bandwidth Memory . . ... .. 3.1, 4.1, 4.2, 5, 5.8
ISA Instruction Set Architecture . ... .. 1, 8.1, 4.1. 4.2, 5.1
NUMA Non-Uniform Memory Access . ... ... ... 2 4.2, 5.1
000 Out-of-order . . . . . . . .. ... 4.2
PIM Processing-in-memory . . .. ... ........ 2. 3.1, 4.1
SIMT Single Instruction, Multiple Threads . ... ... 1, 4.1
SoC  System-on-Chip . . . ... ... ... ....... 8.1, 4.2
SVE2 Scalable Vector Extension 2 (ARM) . ........ 4.2
TCO Total Cost of Ownership . . ... .. Introduction, 5.8, 5.4
TDP  Thermal Design Power . . . .. 2 8.1, 8.8 4.1, 4.2, 5, 5.1

Abbreviations for mathematical and programming fields

API  Application Programming Interface eo . 1, 4.1, 5.1, 52
BLAS Basic Linear Algebra Subprograms . ... .. 1, 4.1, 5.3
FFT Fast Fourier Transform . ... ... ........ 4.1, 5.8

HPC High Performance Calculations . . ... .. .......
...... Introduction, 1, 8.1, 3.2, 8.3, 4, 4.1, 4.2, 4.8, 5.1, 5.2, 5.8, 5.4
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HPCG High Performance Conjugate Gradients . . ... .. 5.3
HPL High Performance Linpack . . .. .. Introduction. 3.2, 5.3
LLVM Low Level Virtual Machine (early abbreviation; now —a
famous set of compilers and tools) .. ... ... 4.1, 4.2, 5.2
PGAS Partitioned Global Address Space . .. ... .. .. 4.1
SDK  Software Development Kit Introduction, 1. 3. 4.1, 5.2, 5.3, 5.4

Abbreviations for areas of use of GPUs and applications that use them

CFD  Computational Fluid Dynamics ... 8.2 4.1 4.2 5.2 5.3

DFT Deunsity Functional Theory . .. .. Introduction. 4.1. 5.4

DLRM Deep Learning Recommendation Models L. 4.1, 4.2, 5.3

BERT Bidirectional Encoder Representations from Transformers
................................ 2, 4.2, 5.3

NLP  Natural Language Processing ... ... ...... 2, 4.2

Abbreviations common to GPUs from different companies
SU Special Function Units . . ... ... ... ...... 4.1

0AM  OpenCompute Accelerator Module . . . ... ... ...
..................... Introduction, 2, 3.1, 5.1, 5.3, 5.4

Abbreviations for Nvidia GPUs

CUDA Compute Unified Device Architecture . ... ... ...
......... Introduction, 1, 2, 8.2, 8.8, 4.1, 4.2. 5. 5.1, 5.2, 5.3, 5.4

GPC  GPU (or Graphics) Processing Clusters e .. 241 4.2
GTC GPU Technology Conference . . . ... .. .. Introduction
MIG  Multi-Instance GPU . . . . . .. ... L. 2 4.1, 4.2
NCCL Nvidia Collective Communications Library 4.1, 4.2, 5.2
PTX Parallel Threads execution . .. ... . ... 4.1, 4.2, 5.3
SM Streaming Multiprocessor 1. 8.1, 4, 4.1, 4.2, 5, 5.1, 5.2, 5.8
SXM  Server PCI Exress Module 2.8.1, 8.8 4.1, 4.2. 5 5.1, 5.3, 5./

TPC  Texture Processing Clusters . . ... .. ... .. 4.1, 4.2
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Abbreviations for Intel GPUs

ATC  Add-in Card . .. ... ... 5.1
DPC++ Data Parallel C++ Introduction, 1, 8.2, 3.3, 4.1, 5.2. 5.3. 5.4
DPCT DPC++4 Compatibility Tool . ... ... ... .. 3.2, 5.2
PVC Ponte Vecchio . .. ......... 3, 8.1, 3.2, 3.3, 5.1, 5./

Abbreviations for AMD GPUs
CcU Compute Unit .. .. ... ... ... 1,2, 5 51,52, 5.8
GCD  Graphics Compute Die . . ... ... ... 3.1, 5.1, 5.3, 5.4

HIP Heterogeneous Computing Interface for Portability .
................ Introduction. 1, 3.2, 8.3, 4.1, 5.1, 5.2, 5.3

Abbreviations for GPU BR100

CU 1,2 5 5.1, 52 53
SVI  Secure Virtual Instance . .. ... ........... 2
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Beepenne

B cucremuom o630pe mudposoro sapasooxpanenus CIITA [1] ormeuarorcs
IIPOMCXOJISIIIIE U OXKHUJIAEMbIE PEBOJIIOIMOHHBIE M3MEHEHUST B WH/MBU/IYAIHbHOM
3JIPABOOXPAHEHUN U MEUIUHCKOM MEHEJZKMEHTE, CTPATErUH 3(PABOOXPAHEHUS
JJTs1 BCcero Hacesenus. «Takme pa3paboTKu, KaK OOJIavdHble BHIIUCIICHUS,
HUCKYCCTBEHHBIH MHTEJIJIEKT, MAIIMHHOE OOy4deHue, 6JI0KIeiiH, nudposas
JIMACHOCTUKA U JICYEHNE, TeJIEMEIUIIMHA U OPUEHTUPOBAHHbBIE Ha TOTPEOUTE IS
MOOUJIbHBIE TIPUJIOYKEHUSI [IJIsT 3/[PABOOXPAHEHHs, Telepb PEryJISIPHO UCIIOJIb3Y-
IOTCS B CAMOKOHTPOJIE, 3/IPABOOXPAHEHUN 1 OUOMEIUIMHCKON HayKe» (1ep.
Suyexc).

Peun uzier o camoii 6oraroii crpane MUpa, YbM PACXOJIbI HA 3/[PABOOXPAHEHIE
B nepcrekTuse K 2028 rogy npornosupyiorcs Ha yposHe 20% 0T BaJOBOrO
BHYTPEHHETO MPOJIYKTa, CTPaHe, 3aJal0Meil TPEHIbI pa3BUTHs IU(PPOBOrO
3JIpABOOXpaHeHUs Jijist Becero Mupa. OHAKO OTMEYaeTCss U MHOYKECTBO TIPODJIeM:
HEJ0CTATOYHAS] COBMECTUMOCTD IU(PPOBBIX TEXHOJIOIHH, N30JIMPOBAHHOCTD U
HEJOCTYITHOCTh UCTOYHUKOB MEJIUIIUHCKUAX JAHHBIX, HU3Kas 3PHEKTUBHOCTD
hpoBbIX UHTEPMENHCOB U UHCTPYMEHTOB JIjIs TIOMOIIN ITAIIMEHTaM 38
npejesaMi KJITHUK. Beé 370 TOPMO3UT peasn3aiuio KOHIENIUA 00y Jaoreiics
CHCTEMBI 3/IPABOOXPAHEHMSsI, KOTOPasi BeJAET cO60p PaKTUIECKUX JTAHHBIX
B PEXMME PeaibHOI0 BPEMEHHU, CBSI3bIBAET HAOOPHI JAHHBIX W AHAJU3UPYET UX
C MCIOJIb30BAHUEM UCKYCCTBEHHOTO WHTEJIJIEKTa U MAIIMHHOTO O0YICHMUSI.

Ha nepennuit kpaii B udpoBoil MeAUIMHE BHIXOIUT IPOBIeMa WHTEPOIIe-
pabesnsrocru. C sroit nieapio B CIITA paspaboransr crammaprer: Health Level 7
Fast Healthcare Interoperability Resources (FHIR) (HL7 International, n.d.),
SNOMED (SNOMED International, n.d.), RxNorm (NLM, 2022), United
States Core Data for Interoperability (USCDI). I Tem He MeHee, mmpoKast
COBMECTUMOCTH WH(DOPMAIHOHHBIX ILJIAT(OPM 3/IPABOOXPAHEHUST IBJISIETCS
HEIOJIHOW BO MHOI'OM H3-33 HEIOJIHON JOCTYIHOCTUA MEJIUIIMHCKUX 3allUCei,
OTCYTCTBHUsI CTAHIAPTOB TEPMUHOJOTUU U MIPOOJIEM OOMEHA JAHHBIMU MEXK LY
CHCTEMAMU 3/IPABOOXPAHEHUS.

TexHn9eckyio uHTEpPONEpabe bHOCTD (CIIOCOBHOCTD CUCTEM OOMEHUBAThLCS
JIAHHBIME ) MOYKHO 00€CIIeunTh CTaHjapTu3anueil JaHabix, peasmsaimeii AP,
HUCIOJIb30BAHUEM CTaH/APTHBIX CETEBBIX IIPOTOKOJIOB. HO OYeHb TPYyIHO,
MIPAKTUIECKH HEBO3MOXKHO Ha JIAHHOM 3Talle, 00eCIednTh CEMAHTHIECKY IO
MHTepOonepadbeIbHOCTh, KOIJla CUCTEMa HEe TOJIBKO B COCTOSIHUM IPUHSITH
JIAHHBIE B JIOCTATOYHO CBOOOIHOM hopMaTe, HO U «ITOHUMAET» UX.

MO2KHO IIPUBECTH HOYYHUTE/IbHBI [IPUMep KOTHUTUBHOMU cucTembl o IBM
Doctor Watson. Hebroruposas B 2011 Watson Health, obemasna pesostionmonusre
U3MEHEHUsI B 3/paBooxpaneHnn. JlekiapupoBaach CIIOCOOHOCTb CUCTEMBbI
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K Cal\/lOO6yLIeHI/IIO7 yCBanBaHUIO 3HaHUI U3 Pa3JIMIHbIX OTKPBITHIX NCTOYHUKOB
JAHHBIX, B TOM YHCJI€ W U3 Hay4YHBIX ILyOJMKaiuii, cBoboHOe obIeHne
C CHCTEeMOI Ha eCTECTBEHHOM si3bIKE, T. €. IIPEJIIT0JIAra0Ch JIOCTUYKEHNE TOM
caMoil ceMaHTHIECKOI MHTepolepabesbHOCTH B cdepe 3apaBooxpanenust. Ho
MMEHHO s 3[PABOOXPAHEHNsT HIYEro U3 3TOro He cpaborano. B pesynbrare,
110 0OPA3HOMY BBIPAYKEHUIO HEKOTOPBIX 3aIIaTHBIX AHAJIUTUKOB, CHCTEMA
Watson Health 6n11a mpogana «Ito 9acTsiM, Ha METAJIIOIOMS.

B macrosmee Bpems IBM nepeocmbicinBaeT TpUMeHEHNE TEXHOJIOTHHI
Watson, Ho yKe 6e3 npexkuux ambunuii qyist 3apaBooxpanenus (Steve Lohr,
The New York Times, July 17, 2021). He caemyer Bosiarats CaumnikoM 60JibInme
HaJeXKIbl 1 Ha npuMenenue Texuosoruit ChatGPT. Kak ormeuaror cremnuasin-
cthl, B 3-5% ciiydaeB 3Ta TEXHOJIOTHs OYJIET BBIIABATH Ha BAIU BOIPOCHI
COBEPIIIEHHO HeaIeKBATHBIE OTBETHI, YTO COBEPIIEHHO HE JOILYyCTUMO I Cpepbl
3spaBooxpanenus. Jloctarouno npusectu npumep uz ceru™, yro GPT «c
JIETKOCTBIO» CO3/IaJIa OIMCAHUE OIEePAIluN yIaJeHNs] TOJIOBBI 110 BUITHEBCKOMY
¢ yKa3aHHeM MOKa3aHUil K OIepanuu U 3TarnoB onepanuu. [losromy Ha JaHHOM
TEXHOJIOTUIECKOM STAIle PA3BUTHUS TU(PPOBOrO 31PaBOOXPAHEHNS U B JTAHHON
CTaTbhe MBI COCPEIOTOUNMCS Ha TEXHUIECKUX ACIIEKTAaX B3aNMOJIEHCTBUAS
CHCTEM U OIIyCKAEM BOIPOCHI CEMAaHTUIECKON MHTEPOIEePadeTbHOCTH.

«IIpobstembr KOEPOE30ITACHOCTU U KOHMUIECHITNATBHOCTH SBJISTIOTCST
OCHOBHBIMU MPETSITCTBUSIMU HA IyTH BHEAPEHUS IH(POBOTO 37PaBOOXPAHEHNS,
MIPOJIOJIZKAIOT TIOJIPBIBATH JIOBEPHE MAIMEHTOB U YCUJIMBAIOT HEXKEJIaHUe
CHCTEM 3JIDABOOXPAHEHUS JETUTHCS JAHHBIMUAY ... DTH KPUTHIECKHUE BBI3OBBI
TPeOYIOT TEXHOJIOTHIECKUX, YIIPABIEHIECKUX U IOPUIUIECKUX ITPOTOKOJIOB.
TocymapcTBeHHO-YACTHOE TTAPTHEPCTBO HEOOXOAMMO It pa3pabOTKK HAJICTPO-
€UHOI CTPYKTYpPhI, ObeciieunBaroleil 6e30MacHOCTb U 3aIlUTy IepCOHABHBIX
JaHHBIX B cdepe nudposoro 3upasooxpanenusi» [1] (nep. dunekc). Oaun
U3 BBIBOJIOB aBTOPOB [1] — cymecTByoliee B3anMoeiicTBue nHGOPMAIMOHHBIX
CHCTEM 37PaBOOXPAHEHUsI HE 00ECIIEINBAECT aI€KBATHON MOJJIEPKKU ONTHMAJb-
HOT'O JIOJITOCPOYHOTO OKA3aHUsT MEJIUIIMHCKON TOMOIIK U He CIIOCOOCTBYET
yaoBjerBopenuio morpedbnocreit CIITA B obsiacTu 31paBOOXpAHEHMS.

Ecau nocmorpers Konnenryasibhbie paboTsl [2, 3] mo crparerun pasBuTust
nudposoro 3apaBooxpanenus B apyrux crpasax (Uuzua u FOAP), o
MOYKHO 3aMETUTh, YTO UX KOHIENIUHA XOPOIIO COMIACYIOTCS ¢ KOHIEIIUSIMU
passuTus 3apasooxpanernst st CIIIA [1]. Bromae 060CHOBAHHO MOXKHO
CIeIaTh BBIBOJI, YTO BO3HUKJIO COTVIACOBAHHOE U Pa3JIesiseMoe PA3BUTHIMU
CTpaHAMU KOHIIEITYAJBHOE MPEJICTABICHE O Oy IyIeM MUPOBOTO 1udpoBoro
3/IPABOOXPAHEHUSI.

B coBpemenmoit repmunosiornu 11t 0003HAMEHNsT HOBOTO (DOPMUPYIOITe-
rocst IUdPOBOTro 37PABOOXPAHEHNST UCIOJIB3YETCsT TEPMUH «METUITHHCKAST


https://basilisk.livejournal.com/612085.html

478 B.JI. Manbix, A.H. Kanunun, C.B. PyjEukuit

sxocucremay (healthcare ecosystems, digital healthcare ecosystems). Ilucdposoe
3/IpaBOOXPAHEHNE TIOHUMAETCs THPOKO, OHO OXBATBHIBAET JIAHHBIE, COOMPAEMbIE
9JIEKTPOHHBIM CIIOCOOOM, TEXHUYECKYIO M KOMMYHUKAIIMOHHYIO HH(MPACTPYKTY-
Py U IPUJIOXKEHHsI B 9KOCUCTEME 3JIpABOOXpaHeHusl. JIAKOHUYIHOE olpejieieHne
MEIMIINHCKON IKOCHCTEMbBI — 3TO CJIOXKHASI C€Th, OObEINHSIONIAsT OPraHU3AIIN,
JIFOJIEil ¥ TEXHOJIOTUH, JJIs MIPEJOCTABICHNS MAIMEHTAM MEIUIINHCKUX YCJIYT.

Poccust Takzke He 0CTaéTCsl B CTOPOHE OT MHPOBOTO TPEH/IA B 3/IPABOOXPa-
HeHUM. BeJIETcst KOHIENTyabHasi pa3paboTKa OTEYECTBEHHON SKOCHCTEMbI
MezunuHCKo oMoty [4]. OcHOBHAsI 0COGEHHOCTb MEJIUIMHCKUX SKOCHCTEM —
9TO MHOXKECTBO Pas3sHOTUNHBIX yuacTHUKOB (key players): namuenTsi, Bpadu,
MeJICECTPBI, PA3JINIHbBIE JIeYeOHbIE U IUATHOCTHIECKUE YIPEKIeHUsI, Jabopa-
TOpHH, pa3JIndHble rocyJdapcrBennble arearcrsa (Pocsapasuanzop u ap.),
dapMakroIOrndecKne KOMIAHUN, TPOU3BOIUTEN MEIUIINHCKUX YCTPONCTB,
IPOBAiIEPBl PA3INIHBIX MEJIUIMHCKAX YCJIYT M CEPBUCOB, oneparopbl /10,
OTJEeTbHO OTMETUM JIJIsi Hallleii crpanbl PeepaabHY0 TOCYIAPCTBEHHYTO
nHOpPMAIMOHHYO cucteMy B cdepe 3apaooxpanenust EITIC3 u Penepaib-
HYIO TOCY/IaPCTBEHHYI0 WH(MOPMAIMOHHYIO CUCTEMY MOHHUTOPUHTA JBUKEHST
sekapcrBennbix npenaparos @IMC MJIJITI. OcHOBHBIME yYaCTHUKAMUI
MEJUIMHCKON 9KocucTeMbl apisaorca MIUC [5].

B macrosimee Bpems B Poccun mpoucxoasT 3HAYNTEIbHBIE N3MEHEHMS,
CBA3aHHBIE ¢ (POPMHUPOBAHIEM COBPEMEHHOI pa3BUTON MUMPOBOi CPEIbl.
O6aunblii peiHOK B Poccun coxpanmt JuHaMuKy pocta B 2023 roy, 1o OleHKaM
Linx pocr cocrasun 30%. ITo ganubiM « OTKPBITBIX CHCTEM» <«CTUMYJIUPYIOIIee
BJIMSTHIE HA OOJIAYHBIN PHLIHOK IO-TIPEKHEMY OYIyT OKa3bIBATh TaKue (PaKTOPbI,
KaK CaHKIMOHHOE BO3JeiiCTBUE, CTUMYJINPYIOIIee CIIPOC Ha OTEYECTBEHHOE
T1IO u obopymoBanue, a Tak>Ke HapacTaIlas udpoBasi TpaHchopMarys
TIpEeNPUITA B CAMBIX PA3HBIX OTPAC/SIX ¥ MHTEHCHBHOE PA3BUTHE TEXHOJIOTUI
Ha 6a3e MCKYyCCTBEHHOTO WHTEJJIEKTay. 1Ipe3uaeHT OObIBUI O 3allyCKe
HAI[MOHAJILHOI'O [IPOEKTa « DKOHOMUKA JaHHBIX». Ha dopMupoBanue mudpoBbIx
m1aTdOPM BO BCEX KJTIOYUEBBIX OTPACIIIX SKOHOMUKN U COIUAIBLHON cephl
oynet mampasjeno He meree 700 mipna pyo. Ilpenmonaraercs cozmpanue
Ha TeXHOJIOrnuu OJoK4eiiHa aHajora cucreMbl CBUMT I CTpaH YICHOB
BPUKC. Bcé aro gaér yBepeHHOCTh B chOPMUPOBAHUN B OJIMzKaiiliieM BpeMeHn
TIOIXOASIINEH I pOBOit CPeabI ATt MEIUIIMHCKAX SKOCUCTEM.

Bcé emié 60b1110#1 TPOOIEMOM J7TsT METUITUHCKUX SKOCUCTEM OCTAETCS
dopMUpOBaHEe CHCTEMBI IIPAB W MPUBUJIETHH yIacTHUKOB. KTO 1 9T0 MOXKeT
3aIllPOCUTh y JPYTUX yIACTHUKOB, YTO M KOMY MOYKHO COOOIUTH. Bpire
OTMEYAJIOCh, UTO JIjIsi PEIIeHUsi ITOM mpobJsieMbl TpedyeTcs pa3padboTKa
TEXHOJIOTUIECKUX, YIPABICHICCKAX U IOPUANIECKIX TTPOTOKOJIOB, TPEOYETCsI
ydacThe U MOJIEP:KKa TOCyAapCTBa. DTy MPobaeMy MbI OCTaBJISEM 38 PAMKaMU
CTaThHU.
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Bazkna Takke m apXuTEKTypa B3aUMOJEHCTBUS YIACTHUKOB MEIUIMHCKOM
9KOCHUCTEMBI, OTJIeJIbHOMY aCIIeKTy 9TOH apXUTEKTYPhbl U IOCB4AIlleHa JaHHAsd
CTaThs.

BzanmomeitcTBre B TaKO# CA0XKHONW HEOJHOPOIHOM Cpeie CTAHOBUTCS
pobsiemoit. ITpakTuvaeckn ¢ KaXKIbIM YIACTHUKOM SKOCUCTEMBI TPUXOIUTCS
«ITOBOPUTH» HA €ro «JndHoM» sizbike, Harpumep PTUIC MJIJIII umeer croii
nokymentupoBanubiit API s B3anmogeiicreusi. B camom unGoOpMaImoHHOM
B3aMMOJIEICTBAN MOTYT HAOJIIOJIATHCST 3HAYNTEIbHBIE BDEMEHHBIE 33I€PXKKU
(latency). Ilpu 5TOM 3a/IepXKKHU He CETEBbIe, OHU CBS3AHBI JIMOO CO 3HAIUTE b~
HBIM BPEMEHEM OTPa0OTKH 3a1poca (IOCTPOCHUE CTATUCTUIECKUX OTYETOB,
00paboTka OOIBITNX MACCUBOB JTAHHBIX, UCIIOJIH30BAHNE PECYPCO3ATPATHBIX
BBIYUCIUTEIbHBIX METOIOB, B TOM uucJe Meronos V), mubo ¢ ocobennocTsivMu
PACITIOJIOZKEHNST U pabOThl HEKOTOPBIX YYACTHUKOB B 3aIlUIIEHHBIX 3aKPbITHIX
cerax. [ocaennee cBoiicrBenHo s BemomcTBenHON Meauiuubl (Bank Poccun,
Denepasbhas TaMOKeHHas CayK6a, MunucTepcrso 060POHBL U JIp. ), ¢ KOTOPOIl
Yy aBTOPOB MMEeTCsI MHOTOJIETHUN OIBIT PAOOTHI, U TJI€ BBIXOJ, BO BHEIITHUIA
MHUP MOXKET OCYIIECTBJISIThCS Yepe3 OTIEebHbIE IILII03bI, 00ECIeINBAOIIIIE
6e30IMacHOCTh MH(MOPMAITMOHHOTO oOMeHa. MoKeM MPUBECTH MPUMEDP TaKOTO
obMeHa, KOTJla TapAHTUPOBAHHOE BPEMsl JIOCTABKY COODIIEHNs U3 BHYTPEHHeN
cern B MJIJIII gepe3 muio3, paboTaromniuil B IaKETHOM PEXKHMe, COCTABJISIIO
710 45 MuHyT (Ha IpaKTUKEe 0KA3aJ0Ch MEHbBINE, HO BCE PABHO MOIJIO ObIThH
SHAYNTETBHBIM ).

Cureiyer Tak»Ke OTMETUTD, YTO MOSIBJISIOTCS ACUHXPOHHBIE BUJIbI OKA3aHUSI
MEJIUIUHCKON TIOMOIIHM, B YACTHOCTH aCHHXPOHHBIE MEJIUIMHCKIE KOHCYJIHTAINH,
CM. HAIpUMep «ACHHXPOHHbBIE TeJeMEIUIIHHCKHAE YCIYTH ~ MPEHMYIECTBa 1
orpanmIenus»*™: « ACHHXPOHHAS TeIeMeIUIIINHA, WM TeJIeMeUITHHA C IPOMe-
JKYTOYHBIM XpaHeHueM (MeTos koMMyTaimu “store-and-forward”), ornocurest
K THUILY OOIIEHUsT MEXKJIy MAIMEHTAMHU U TOCTABIIUKAMHI MEIUIIMHCKUX YCIIYT,
KOTOPOE HE BEJIETCS B PEXKUME PEAJbHOIO BPEMEHU. DTOT METOJ[ IPE/III0JIAraeT
6e301acHBIl OOMEH 3JIEKTPOHHBIMU COODIIEHUSIMU UJIM OTIIPABKY 3apaHee
3AMMCAHHON WHMOPMAIYN U JOKYMEHTOB, KOTOPBIE MEIUIIUHCKIE PADOTHUKHI
PACCMATPUBAIOT TIO37KE».

VYkazaHHBbIE OCOOEHHOCTH TPEOYIOT IMOCTPOEHUsT 0CODOM apXUTEKTYPhI
B3aMMO/IEHCTBYUS B MEJUIMHCKON dKOcUCcTeMe. B yCIoBUASX TLIABAIONIAX
BPEMEHHBIX 33JIePKEK apXUTEKTypPa JOJIXKHA [TO3BOJISITH TTOJTb30BATEISIM
paboraTh KaK CHHXPOHHO, TAK U ACHHXPOHHO, HACTPAUBASCH CUTYAIIMOHHO
ABTOMATHYECKU Ha MOy uHGOpManuoHHoro ooMena. OMHA U Te XKe MOy TN
JOJIZKHBI TIOIEPKUBATE 008 pexKuMa, pabOTHI.

Samaua obecrievuenns B3anMoeiicTBust B nH(MOPMAIIMOHHON Ccpesie He HOBA.
Paspaboransl onpeenénnbie kiaacchl 110 s e€ perenusi: Request Mana-
gement Software, Service Request Management Software, Data Management


https://vc.ru/services/1013988-asinhronnye-telemedicinskie-uslugi-preimushchestva-i-ogranicheniya
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Tools, Business Intelligence, paspabarbiBaioTcss HHTErPAIMOHHBIE TIIIATMOPMBI
- Integration Platforms, Big Data Integration Platforms Interconnected,
cM. 0630p™. B mHOrONIETHUX pa3paboTkax 3tux KiaaccoB 1O ygacrByoT
BeyIue 3amauble kommaanu: Amazon, Google, IBM, Microsoft, Oracle, SAP,
SAS u gp. IIpobaema ucnonb3oBanus 3amaguoro [10 B Hamreit crpane u
HEeOOXOIMMOCTh OTKA3a OT HEro obIen3BecTHa, cM. pabory [6]. Oxaako myTh
K MMIIOPTO3aMEIIEeHIIO OKa3aJICst Ype3BbluaiiHo TpyaHbiM. Kak ormedeHo B [7]
HET OTEYECTBEHHBIX AHAJIOTOB 3apPyOEXKHBIX CHCTEM PA3JIMYHBIX KJIACCOB, B TOM
YUCJIe U [I€PEYNCICHHBIX BBIIIIE.

OredecTBeHHAST MEIUITMHCKAST YKOCUCTEMA TOJIBKO Hadasa (hOpMUpPOBATHCS,
BeJIETC pa3pabOTKa OTEYECTBEHHLIX 0A30BBIX MHTETPAIMOHHBIX ILIAT(OPMEH-
HBIX pemennit jyist meaunuabl (Herpuka, Pocresiekom). B aTux yesosusix
B 7] upemiaraercsa ABUraThCs NOCTYHATEBHO C UCIOJIL30BAHUEM DEINeHUi
Open Source, BecTu pa3pabOTKy COOCTBEHHBIX ILIAT(MOPM aBTOMaTH3AIIAN.
Cornammasics ¢ [7], aBTOPBI BUJIAT OOOCHOBaHHON pa3paboTKy HPHUHIUIIOB
IIOCTPOEHUsI COOCTBEHHON MHTEIPAIIMOHHON apXUTEKTYPBI JJIsi YIACTHUKOB
OTeYeCTBEHHOI 9KOCUCTEMBI MEIUIIMHCKON IToMOIIn. 3a1a4a [IOCTPOEHUS
OTEYEeCTBEHHON MEIUITMHCKONW HHTEIPAIMOHHON I1AT(OPMBI IPE3BBIYaiiHO
BayKHA U TPYJIOEMKA, U JIBUTATHCA K €€ PEIIeHNIO MOXKHO JIUIIb IIOCTEIEHHO,
II09TOMY MBI PACCMOTPHUM JIMIIb OTJIEJIbHBIE aCIIeKThI ITOM MIPOOJIEMBI 1
mepeiiIéM K PACCMOTPEHUIO OHOTO U3 0A30BBIX HPUHITAIIOB ITIOCTPOEHUS
MHTErpaIMOHHON apXUTEKTYPHI.

1. Ba30BbIii NPUHLUUN UHTErPaALMOHHON apXUTEKTYPbI

B He ycrapesineit pabore [8] mpe/icTaBIeHbl NIXPOKO U3BECTHBIE [IPUHIAIIBI
TOCTPOEHNUST MHTETPAIMOHHON apXUTEeKTyPhI. MBI OyIeM cj1e10BaTh apXUTEKType,
OCHOBAHHOI Ha ACMHXPOHHOM OOMEHE COOOINEHUSIME. DTO 3aPEKOMEH I0BABINUI
cebsT TIOIXOM, CO3MAHHDIN CIeInaaIbHO AT MHTErPAIn TH(POPMAITMOHHBIX
cucrem. HesoeTaTkoM TaKoro MOAXOMA TI0 MHEHHUIO [8| siBJisieTcs: BBICOKAs [EHA
pa3paboTKu, HeOOXOAUMOCTh PEAJIU30BbIBATH aJalTePhl MEXKY CUCTEMOM
TOCTABKU U MIPUIOKEHUSIMU.

Bynem ommchiBaTh apXuTEKTypy C HPUBJIEYEHUEM IIOHATHS UHTErDA-
nuonno# miardopmer Bzanmoueiictuii (UIIB). Konnenryaabuo 3amada
UIIB, nojy4YuTh OT yYaCTHUKA IKOCUCTEMBI coobIIeHne (3a1poc), nepeiarhb
ero ajipecary (Ipyromy yIacTHHUKY, MHOLJA JIa¥Ke caMoMy cebe), MOy InTh
oTBeTHOEe coolIeHre (Pe3yJIbTaT), eC/M OHO IPEIIOJIAraeTCs, U BEPHYTh OTBET
samparmuBatorieit cropoue. UIIB momxkuaa perrarsh mpobieMbl BpeMEHHOM
HEBO3MOXKHOCTH JIOCTABOK COOOIIEHHH ajipecaTtaM, HAIIPIMED B CUJIY HEIOTOBHO-
ctu anpecara K npuémy. Jjist 9TOro Hy»KHO IPEAyCMOTPETh BO3MOXKHOCTD
OTKJI& IBIBAHUS JIOCTABKH COODIIIEHNIT C MaIbHEHINNMA HONBITKAMU JTOCTABKHI
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C UCTIOJIb30BAHUEM PA3JUIHBIX CTPATEruil JOCTABKY OTJIOKEHHDBIX COOOITEHUIA.
B nambHeiinemM u3mokeHnn Takke OyJIeM HCIOJIb30BATH TEPMHUH «3aIPOC» KaK
CHHOHMM K TEPMHHY «COOOITIEHHES.

OcHOBHasI TOIIOJIOTUSI MHTEIPALUOHHOTO y3JIa MOXKET ObITh «Xab + CIIUIIBI»,
e posb xaba ucnosusetr NIIB. Ho me nckiiogaercss u B3auMoieiicTBrue
«TOYKa - Toukay B Bapuantax «UIIB — ywacrauku B3anmosmeiictsusiy u «IIB
— NIIB». Huxke OymeT npuBejieH IpuMep arrpoOaIinu OJHOIO U3 BAPUAHTOB
TaKOW apXUTEKTYPHI.

B ycnoBusx HeBO3MOXKHOCTH 0OECTIEUeHNsT TAPAHTHPOBAHHOTO BPEMEHH
OTBETa OT BHENTHUX CUCTEM JIJIsT CHHXPOHHOU PabOTHI ¥ BO3MOXKHBIX 33JI€PIKEK
B nepejade maHubX Mexk 1y UIIB u BHyTpeHHeil ceThio cieiyer mperycMoTpeTh
6a30ByI0 BO3MOXKHOCTD PAOOTHI IIAT(MOPMBI B aCHHXPOHHOM pexkume. [lomobHast
apxXuUTeKTypa ObLIa paspaboraHa Jjis MHONO(pYHKIIMOHAJIBHOTO MEUIIMHCKOTO
NeHTpa Ipu peasusanuu B3aumogericteus moaysst MJIJIIT u3 BuyTpenueit cetu
qepe3 MUTI03 ¢ BHemHel cuctemoit MJIJIIT.

OcHOBHBIE YePTHI APXUTEKTYPHI:

(1) K UTIB nanpasjisieTcs TUIX3UPOBAHHBIA 3a11poc (coobIiienne, 00bekT,
JoKyMeHT, daiis...) ¢ ykazanueM ajpecara (y4acTHUKA B3aUMOJecTBUS).
Coneprxkanne 3ampoca u ero ¢hopMar it 00IIEero OMMCAHNS APXUTEKTY DB
He BaXKHBI.

(2) Kaxprit 3ampoc nosrygaer uaeHTudukarop. MexaHn3Mm Ha3HaAYeHUs
UJIEHTU(DUAKATOPOB 3AITPOCOB OIMCAH HUZKE.

Wnenrudukarop 3anpoca hopMupyercs KakK 3HaYeHHE Xell-(pyHKIT,
OCHOBAHHON HA COJEPKAHUU 3aIIPOCa, IPU STOM XEIll CTPOUTCS TOJIHKO
[0 CYIIECTBEHHBIM ATPUOYTAM 3allpoca, UCKJII0Uast He3HAUNMBIE JJis CYTH
sanpoca "BpeMeHHbIE" KOMITIOHEHTBI (JIATY U BpeMsl 3a1poca, aBTopa
3ampoca u T. II.).

(3

~—

Hamnpumep, namueHT 3amnpaimBaeT M0 U3BECTHOMY HJIEHTH(DUKATOPY 3aKJII0Ue-
HUe Bpada-JuarHocTa. 3alpallnBaeMblil JOKYMEHT HaXOJAUTCA B TEPMUHAIBLHOM
cocrostauu (MoANMCcaH, BO3MOXKHO, KBaaudunuposannoit DI, uzmenenue j1o0-
KyMEHTa He [PeJoaraercs). B Xeln 3anpoca BKIIOUYUM THI U UAEHTH(DUKATOD
3aIPAIIBAEMOrO TOKYMEHTa. BayKHO, YTOOBI XeIll yHUKAJIHHO XapaKTepUu30Bas
3aIIPOC, W IPHU ITOBTOPEHUH 3AIIPOCA MBI OBl TOJIYYMIN TO XK€ CaMOe 3HAYCHUE
Xerra.

(4) 3ampocsl, UMEIOIIKe OJUHAKOBOE 3HaYeHne uieHTuduKaTopa (0InHAKOBOE
3HaUeHNe Xem-QyHKINN), CIUTAIOTCS WIEHTUIHBIMA.

Ilyukrer 3) u 4) saBisA0TCI OCHOBOI apXuTeKTypbl. OHU O3BOJIAIOT
KaXKJIOMY 3aIpOCYy IPHUCBAUBATH HJIEHTUMUKATOP — 3HAYEHUE Xell-(QPyHKIUN.
Kaxwue 3anpocsl cuuTaTh UAEHTUIHBIMY, KAKNE XaPAKTEPUCTUKY JIOJIKHBI
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OBITH BKJIIOYEHBI B X€IIl PEIIAIOT aBTOPHI 3aIIPOCOB, TIOTOMY YTO TOJIBKO OHH
3HAIOT W MMOHUMAIOT CEMAHTHUKY 3alpocoB. [losToMy mpeporaTusa mocTpoeHust
ujerTrduUKaTOpa (Xema) OTHOCUTCSI TOJIBKO K aBropaM u He 3arparusaer UIIB.
Hampumep, TOKyMEHT IEJIMKOM MOYKET BOWTH B COCTaB JAHHBIX, 10 KOTOPBIM
dopmupyerca xem. B pabore [9] ormedeno ucnosb3oBanue xeni-gyHKIui
B OJIOKUEHH-TIpoTiecce mepeIadn MeIUIMHCKIX JAHHBIX JIJIs PEITeHHs TPO0IeMbI
JyOompoBamHus 3amuceil o maruerTe. Mbl HCIIONIB3yeM 3TO MMOJE3HOE CBONCTBO
XeM-(pyHKIMH JI71sI BBIAETEHNST HICHTUIHBIX 3aIIPOCOB.

(5) Axpecar o 3anpocy moxker BepHyTh UIIB pesysibrar.

(6) Bosspammaembiit pe3ysbraT CBsi3bIBaeTCH C 3ampocoM u nepepaércsa UIIB,
e coxpansiercsa B B/l B xpanuauie pe3yabTaToB 3aIPOCOB.

(7) Kaxkapiit pe3ysibTaT THIU3UPOBAH U €My COIOCTABJISIETCS] BPEMS YKU3HU
(BpeMsi aKTYaJbHOCTU PE3YJILTATA).

Tlonb3oBaTesnbckne nHTEPDEHCHI, TEHEPUPYIOIINE 3aIIPOCHI K IPYTAM
yIaCTHUKAM, PADOTAIOT B ACHHXPOHHOM PEXKUME CJIELYIONUM 00Pa30M:

(1) Ilepen ormpaBkoii 3anpocy IpUCBaNBaeTCs MIeHTH(MUKATOD, HAIIPUMED
BBIIIEONMCAHHBIM METOJOM BBIUHMCJIEHUsI XeIl-(DYyHKIIUN;

(2) Bampoc namnpasnsiercsa K NIIB;

(3) UIIB mpoBepuT, €CTh JIN B XPAHUIUIIE PE3YJTbTATOB aKTyaJIbHBIN
DPEe3yJIbTAT IS NAHHOIO 3HAYEHUS UIEHTU(DUKATOPA; €CJIN PE3YJILTAT
€CThb, TO OH BO3BPAII[A€TCs KaK OTBET Ha 3aIpoc.

(4) Eciim pesysbrara /iyid JaHHOTO 3HAYEHUS UAECHTUMOUKATOPA HET, TO
JleJIaeTCs IPOBEPKa He sIBJISIETCS JIU 3aIIPOC ITIOBTOPHBIM, €CJIA 3aIIPOC
SIBJISIETCS TIOBTOPHBIM U BPEMsI IIPOITIEIIIee ¢ MOMEHTa OTIIPAaBKHU OoJiee
PaHHETO 3alpoca He IPEBBICUIIO BPpeMs aKTYaJIbHOCTH OKHIAEMOIO
pe3yJIbraTa, TO 3AIPOC UTHOPUPYETCS.

Bpewms akTyaabHOCTH OXKHIA€MOTO PE3YJIbTaTa — 3TO BPpeMs MPOIIeIInee
OT BPEMEHH OIPaBKHU 3aIIPOCa JI0 HOJIyUYEHHUs Pe3yJIbTaTa CUNUTAIONIETrOCH
aKTyaJbHBIM. Hampumep, pe3ysibrar 3ampoca HOAIMNCAHHOTO U He O/JIEXKAIIET0
U3MEHEHUIO JOKYyMEeHTa MOXKeT UMeTh HeOIDaHWYeHHOe BpeMsd aKTyaJbHOCTH.
Pesysibrar 3ampoca cBOOOIHBIX TAJOHOB [JIS 3AIMCU K BPAIy OYEBUIHO UMEET
orpaHuYeHHOe BpeMst akTyasbHocTu. OupeesieHne BpeMeHH aKTyaJIbHOCTH
OXKUJIAEMOT0 Pe3yabTaTa JJI Pa3JIUYHBIX 3aIIPOCOB MOYKET BbI3BIBATH 3a-
TpyJaHeHus. B 3TuX cayvdasx MOYKHO IPEJIOCTaBUTH OIEHKY aKTYyaJIbHOCTH
pe3ysibTaTa MoJIb30BaTe 0. Pe3ysibTaTel, TOMEeYEHHBIE ITO/IH30BATEIEM KaK He
aKTyaJjbHBbIE, He Oy/IyT BJIMATH HA IIPOXOXKIEHNE UIEHTUIHBIX 3aIIPOCOB.

(5) Econ 3anpoc siBjisieTCsl MOBTOPHBIM U BPEMSsI IIPOIIEIINee ¢ MOMEHTa,
OTIIPaBKHU 0oJiee PAHHETO 3aIIPOCa MPEBBICUIIO BPeMsl aKTYAJIbHOCTH
oxkuaemMoro pesyibrara, To UIIB ormnpasiiseT 3ampoc ajipecaTy MOBTOPHO.
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[TosibzoBaTeIBCKUIT HHTEPDEIC, CO3IAMIINI 3aIIPOCHI K BHEIIIHUM CHCTEMAaM,
paboTaer cjemyoomuM obpa3oM:

(1) Bampoc ornpasisiercss UTIB (MeHemKepy 3aIllpOCOB) U OXKHUIAETCS OTBET
J0 CTaHJApPTHOrO TaliMayTa.

(2) Ecin orBeT 3a Bpemsi TaiiMayTa He IMOCTYHAET, TO ITOJb30BATEJIIO
(unTepdeiicy) BbIaeTCs COOOIIEHNE O TIEPEXOJIe 3AIIPOCa B ACHHXPOHHBIIL
PEeKUM OXKHUJIAHUA OTBETa.

(3) Bampoc, KOTOpbIil HE yIAJI0Ch OTpabOTaTh B CUHXPOHHOM DPEXKUME,
JIOJIZKEH OBbITh TIOBTOPEH 3alPalluBaIoNeil CTOPOHOi (aBTOPOM, ydacT-
HUKOM B3aUMOJIENCTBHs) U UPU HAJUIUH aKTYaJbHOIO PE3yJibraTra
3AIPAITUBAIOINIENl CTOPOHOU Oy/IeT MOJIy9eH OTBET Ha 3aIpPOC.

(4) Cuiemryer Tak»Ke IIPeJyCMOTPETH «CUJIOBOE» BbIloHeHUe 3arpoca (force
request), KOI/ia I10Jb30BaTeIb UMEET BO3ZMOXKHOCTD OTIPABUTH [IOBTOP-
HBI 3aIllpOC HE3aBHCHUMO OT HAXOXKIECHUS B XPAHUJINIIE aKTyaJIbHOT'O
pesyabTaTa JJis 9TOrO 3aIlIpoca.

CootBercrBenno B apxurekTypy WUIIB Bxomar ciiemyiomne ocHOBHBIE
KOMIIOHEHTHI:
(1) MeHeKep 3alPOCOB;
(2) XpaHuJmIe 3aIpocoB U Pe3yabTaTOoB;
(3) amamTepsl, MpeIHA3HAYEHHBIE [IJII PAOOTHI C PA3JIAIHBIMA YIaCTHUKAMHI
9KOCUCTEMBI.

ApxurekTypa obecrieqnBaeT B3AMMOJEHCTBUE MEXKJLY YIACTHUKAMUI
akocucTeMbl ¢ tomorbio UTIB, eMm. pucynok 1. ApxurekTypa mO3BoOJISIET

WHTterpaunonHas Ilnatdopma B3aumogencteun
MeHepxep 3anpocos
Apnanrtepsl

A1 s A2 | An

\
P1 P2 Pn XpaHunuiie

Y4acTHUKN 3KOCMCTEMbI
PucyHOK 1. ApxuTekTypa MHTErPAIMOHHOTO y3J1a SKOCUCTEMbI

"GecrIoBHO cIUTh" 1Ba, pexKuMa pabOThl CHHXPOHHBIN ¥ aCHHXPOHHBIN, IIpU
OTCYTCTBUYM KPUTHIECKUX BPEMEHHBIX 33JIePKEK apXUTEKTypa Oyjer paboraTh
B HauboJsiee GIATONPUSATHOM JIJIsi TOJIb30BaTe el CHHXPOHHOM PEXKUME.
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NIIB cama cTaHOBUATCS KOMIIOHEHTON SKOCUCTEeMbI. Jk3eMiutapbl TTB
MOT'YT OOIIATHCS IPYT C JAPYTOM HAIPSIMYIO, TIepeiaBasi COOOIIEHNs] Yy IaCTHIKAM
[TOJIKJTFOUYEHHBIM 4epe3 aiantepbl K dk3eMiuisipam UIIB. Dxkzemmisper NTIB
JIOJI2KHBI 00J1aJ1aTh BO3MOXKHOCTSIMU MacCIITabupoBaThbcsi. Hampumep, st
KPYIHBIX (elepalbHbIX cucTeM (YUACTHUKOB) COOTBETCTBYIONIUE YK3EMILISAPEI
NIIB moskHBI 00/18/1aTH COOTBETCTBYIOIIEN TPOM3BOAUTEIHHOCTHIO 00PAOOTKI
OOJIBIIIMX TIOTOKOB 3asiBOK U 6MKOCTbIO XpaHwmiuil. JIjis1 penienns: JJoKaIbHbIX
WHTETrPAITMOHHBIX 3329 MEIUINHCKAX yIPEKITEHUI MOTYT IPUMEHATHCS
sx3emiapbl UIIB ¢ 6oee Hu3kmmu xapakTepucTukamMu. [[0CKOIbKY MMeeTcst
[IOJTHAS AHAJIOTUS aPXUTEKTYPDI C OOBIYHON IIOYTOMN, TO Pa3HbIE II0 MACIITady
u xapakrtepuctukam WIIB MoxKHO accommmpoBaTh ¢ TIABIOYTAMTAMU U
MECTHBIME HEOOJBINMMA TOYTOBBIME OTAemeHnaMr. Kaxaprit sxzemmisap NITB
JIOCTABJIIET COODIIEHNS OIPEIEIEHHOMY HAOOPY YIACTHUKOB U COOTBETCTBEHHO
HYKJIA€TCsl B OIPEJICTIEHHOM HabOpe a[alTepoB.

Ha pucynke 2 npejcrapiena oOiiasi HHTEIPAIMOHHAS apXUTEKTYPa
9KOCUCTEMBI, aJIAIITePhbl U XPAHWJINIIA HA PUCYHKE OILYIIEHBI.

Okocuctema

PucyHOK 2. Obuias nHTErpannoHHast apXUTEKTYPa SKOCHCTEMbI

[IpobGiiembl ajgpecalimy, MApIIPYTA3AIME JOCTABKU COOOIIEHUI, 3aIUIIEH-
HBIX ¥ 0E30TIaCHBIX ITPOTOKOJIOB MEPEJIatN JAHHBIX B 9KOCHCTEME MOTYT OBITH
peIeHbl yKe UMEIOIUMUC cpejicTBamMu cetu VHTepHeT.

2. AcCuHXpPOHHAs apxuTeKTypa JIMYHOro KabuHera naymeHTa

Poab ITallMeHTa B 9KOCHUCTEME OKa3aHMA Me,ZLI/IL[PIHCKOIU/I IIOMOIIU 9IPE3BbI-
qaitHO BbIpOCJIa. HaL[I/IeHT CTaHOBUTCA aKTUBHBIM YYIaCTHUKOM 9KOCUCTEMbI,
Ha Hepe,ZLHI/Iﬁ IIJTaH BBIXOAUT 3aMHTEPECOBAHHOCTD ITallME€HTAa B COXPpaHEHUU U
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MIO/TJIEP?KAHUN COOCTBEHHOTO 3/I0POBbs, IIPUHITUIIBI TPEBEHTUBHON MEIUTIH-
HBL. DKOCHCTEMA JOJIPKHA IPEIOCTABIATH IAINCHTAM JIMYHbIe KAOHHETHI,
“epe3 KOTOPBIE OHU MOTYT B3aHMOJCHCTBOBATL C APYIHMU yIACTHHKAMIE
sKocucTeMsl [10].

«OTaebHBIE JTIOM U CEMbU IPUBBIKJIN K MOOMJIBHBIM U OHJIAWH-UHCTPYMEH-
TaM B JAPYIUX acCIeKTaX CBOel »KW3HM, TAKINX KaK OPOHUPOBAHIE aBUAOWMIIETOB,
ABTOMOOIJIbHBIE YCIYTH U DAHKOBCKOE J1eJ10. Pa3BuTHe HAEKHOTO TAPTHEPCTBA
MeXK/Iy OTHEeJbHBIMHU JIMIIAMHU, CEMbAMU U IOCTABIIMKAMU MEIUITMHCKUX
yciyr TpebyeT JasbHeNIero BHeAPEHsT CUCTEM, KOTOPbIe (DYHKIINOHUPYIOT
TaK 2Ke, KaK U 9TU JPyrue MHCTPYMEHTHI, IIpe/jlarasd OPUEeHTUPOBAHHYIO
Ha MAINEeHTa, TPOCTYI0 U 6€30TaCHYIO JIBYCTOPOHHIOIO CBA3D JIJIsI 3AITUCH
Ha MPUEM, CAMOCTOSTETLHON PETUCTPAIMU U OIPOCOB JIJIsi OOPATHON CBSI3W. . .

[TosHoe BOBIIEUEHME JIIOJIEHT B 3a00TY 00 UX 3/I0POBbE U OJIATOIOJIY NN
C IIOMOIIIBIO IUGPOBOI0O 3/[PABOOXPAHEHUSI, YOBJIETBOPEHNE OOIIECTBEHHOIO
CIpoca Ha yJacThe B pacTymieil Ikocucreme mudpoBOro 3IpaBOOXPAHEHUS. . .
SIBJIIETCS IPUOPUTETOM B JOCTUKEHUN MOJHOCTHIO PEATH30BAHHOIO OYIyIIero
1 poBOro 31paBooxpaHeHusd. MeIunHCKre TaHHbIe HOCAT UCK/IIOYATEHHO
JINYHBIIT XapaKTep, U HellpeJHaMePeHHOe WK 3JI0HaMePEHHOe PACKPBLITHE ITUX
JIAHHBIX MOXKeT IIePEeBEPHYTH »KU3Hb dejioBeKa. VIcronmbp30BaHne BCEro MOTEHIIN-
aJia 1dpPOBOro 31PaBOOXPaHEHUs ITOTPEOYET NIMPOKOIO JIOBEPUs K CHCTEMAaM
3/IpaBOOXPAHEHUS U KOMMEPYECKUM IIPEIPUAATHAM JJIs 3aIUTHl YeJIOBEKA OT
HeraTHBHBIX TocaescTeuii» [1] (nepeson Auyekc). Januble, obpabarbiBaeMble
B MUC, oraocarca 3akonomaresberBoM (P3-152) K mepcoHa bHBIM JAHHBIM
CIEIIUAJIBHOIO XapaKTepa, U IOoJJIeKaT 3alluTe II0 CaMOMYy BBICOKOMY KJIAcCy.

IlarmenTsl ABAAIOTCA CAMBIMU MHOTOYUCIEHHBIMU yIACTHUKAMH SKOCH-
crembl. [lorgaTHO, 9TO y HAIMEHTOB HE OyIEeT «JIMIHBIX» AJAITEPOB U BCE
OHU OyIIyT PEIlaTh CBOM WHTETrDAIMOHHbBIE 33/Ia9H U€Pe3 IIPEILyCMOTPEHHBIE
apXUTEeKTYPO#l yHUBepcaJbHble aJalTephl.

OcHoBHbIe HpO6J'Iel\IbI, CBdA3aHHbBIE C II€pCOHaAJIbHBIMU MEJIUITUHCKUMU
JaHHBIMU IIaIIUEHTOB, CBOJAATCA K 3allluTe IIepCOHaHbHOﬁ I/IH@)OPM&L{I/II/I,
obeciieueHnIo IIpaBa INaIlTUECHTOB Ha IIOJIy9€HHUE CBOUX II€PCOHAJIbHBIX JTaHHBbIX,
I/I,HeHTI/I(bI/IKaLH/II/I MMaITUEHTOB, KaK YIaCTHUKOB 9KOCHUCTEMBI.

[Ipu npoekTupoBanuu mwiaTdoOpM Mu@POBOro 3APABOOXPAHEHUs] HEOOXOH-
MO TIEPEXOJINTh HA MPUHITUIILI TPOEKTUPOBAHUS B pacdeTe Ha KOHEYHOIO
T0JTb30BATEJIs, BKJIIOYasi BOBJIEIYCHHOCTh KOHEYHBIX ITOJIb30BATENCH B IIPOIECC
pa3paboTKu u B nojiepxKanue kusnernHoro mukia [10. «[Tomumo wHm-
BU/IyaJIbHOTO YIIPABJIEHUS JIAHHBIMU O COCTOSTHUU 3J0POBbsI, BOBJIEUYCHUE
norpebuTeseil B uX cOOCTBEHHOE 3I0POBbE U MEUITHCKYIO TIOMOIIb € TIOMOIIBIO
ndPpOBLIX MIATHOPM TOTPEOYET OT Pa3pabOTINKOB CUCTEM W PYKOBOJIUTE I
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CHCTEM 3JIDABOOXPAHEHMsI yUeTa MHEHUsI KJIMEHTOB IIPU pa3pabOTKe, BHEJIPEHUN
U OIEHKE WHCTPYMEHTOB U miaTdopM nmudpoBoro 31paBooxpaHeHus» [1]
(nepesog, Aduuekc).

ITepeitmem oT 0OIIECHCTEMHBIX TPUHIIATIOB TIOCTPOEHUST TTU(MPOBBIX OPUEH-
TUPOBAHHBIX HA MMAIMEHTOB SKOCUCTEM 3/IPABOOXPAHEHUS K YaCTHON IIeJII
CTAThU ¥ MOKaXKeM BO3MOXKHOCTHU aCHHXPOHHON apXUTEKTYPHI JJIsl PEATU3aIUN
JIK maruenTos.

Huke mpuBouTes onmcanue npuHIunos padboTel JIK B acuHXpoHHOM
peXKuMe MIPUMEHUTEIBHO K MHOIOMYHKIIMOHAJIHLHOMY MEJIUIIMHCKOMY IIEHTDY.
JIK gepes mutio3 gosken padborars ¢ AC MII, naxomsimeiicss BO BHyTpeHHeH
zaruiieHHoit cern. OcobeHHOCTH pabOTHI ILI03a TAKOBBI, UTO 3ampockl or JIK
MOT'YT IPUXOJIUTH BO BHYTPEHHIOK CETh C OOJIBIION 3a/I1ePXKKOii, II03TOMY
Heo0Xo/InMa BO3MOXKHOCTH paboTe! JIK B acCHHXPOHHOM peKuMe.

(1) 3 muunoro kabuneTa coO37MaeTCs TUIM3UPOBAHHBIN 3aIPOC Ha MOJIYICHIE
JAHHBIX (KOHCYJIbTAIUK IIAIMEHTa, CIUCOK PE3YJIbTaTOB UCCJIEI0BAHMIA,
CBOGO/IHBIE TAJIOHBI 3AIACU K CHENUATUCTAM, 3a1POC JIOKYMEHTa, JIP.)
K BHyTpenneit ceru MII, obpamasics k VIIB.

(2) Bampoc XermmupyeTcst, IIPU 3TOM X€IIl CTPOUTCST TOJIBKO IO CyIIECTBEH-
HBIM aTpubyTaM O0bEeKTa, UCKJII0UAs HE3HAIUMBIE JJIsi CYTH 3aIIPOCa
“BpeMeHHbIE” KOMIIOHEHTBI (JIATY U BpeMs 3alpOca, aBTOpa 3aIpoca U
T.IL).

(3) 3ammpocsl, UMeroIIIe OJIMHAKOBOE 3HAUYEeHMe Xell-(DYHKIINN, CINTAIOTCS
UJIEHTUIHBIMUY.

(4) Hamee UIIB obparaercss K BHyTPEHHEMY ILITIO3Y.

(5) Buyrpenunit muo3 nepemaer obbexT 3ampoca Kk GraphQL cepsepy MUC,
KOTODBIIT 00pabaThIBAET TOJIHKO 3AMIPOCHI, OTHOCSIINECH K B3anMOJIeli-
crButo JInanoro kabuuera u MUC.

(6) BosBparaemblii pe3ysibrar CBA3bIBACTCA C 3AIPOCOM (3HAYEHUEM Xelll-
dyukiun) u nepegaéres vepes nwios -> UIIB - > B Jluunslii kabuner,
rie coxpansiercsd B b/l B xpaHuunie pe3yabTaToB 3aIpOCoOB.

(7) Kaxkaplit pe3yIpTaT TUIMIU3UPOBAH U €My COITOCTABJISAETCS BPEMS KI3HU
(BpeMsi aKTYaJLHOCTU PE3YJIbTATA);

Ilonp3oBaresnbckue nHTEPQENCH, TeHEPUPYIOIINE 3aPOCH] U3 BHEIIHENH CeTH
K BHYTPEHHEI ceTu MeIUITNHCKONI opraHu3annu, paboTaloT B AaCHHXPOHHOM
DPEXKIMeE CJIE/IYIOINM 0Opa30M:

(1) Ilepen oTpaBKOil 3aIrpoca BBIYUC/ISIETCS €0 Xel-(DYHKIIHS.

(2) UIIB npoBepsieT, eCTh JU B XPAHUJIAIIE PE3YIHTATOB aKTyaJIbHBIN
pe3yJIbTAT JJIsl JIAHHOTO 3HAYEHUsT Xell-pyHKIINU, €CJIA PE3YIIbTaT €CTh,
TO OH BO3BPAIAETCs KAK OTBET HA 3aIpoC.
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(3) EC.HI/I pe3yJjbTaTa JiId JaHHOI'O 3HaYE€HUA XeIII—CI)yHKLH/II/I HEeT, TO JeJlaeTCA
IIPOBEPKa HE ABJIFAETCHA JIN 3allPpOC ITIOBTOPHBIM, €CJIN 3allPOC ABJIAETCA
IIOBTOPHBIM 1 BpeMd IIpoureamee ¢ MOMEHTa OTIIPaBKU 60.7[86 PaHHETO
3allpoCa He IIPEBBICUJIO BpeMsA aKTYyaJbHOCTH OXKHJaeMOI'0 pe3yjabTaTa, TO
3AIPOC UTHOPHUPYETCS.

(4) Ecan 3ampoc siBJIsieTCst TOBTOPHBIM U BPEMsI IIPOIITEIIee ¢ MOMEHTA
OTIIpaBKHU 60Jiee PAHHET0 3aITPOCa MPEBLICUIIO BPEMs aKTyaJIbHOCTHU
OKMJIA€MOT0 pe3yJsibTaTa, TO 3aIpoc oTupasiseTcsa depe3 B VIIIB nasee
4qepe3 ntio3 B MILL

TTonbzoBaresibekuii mHTEPDENC, CO3MANIUI 3aIIPOCHl K BHEIITHUM CHCTEMAM,
paboTaeT ceayIonuM 06pa3oMm:

(1) Bampoc oTIpaBiIsieTCsl MEHEZKEPY 3aIIPOCOB U OXKU/IAETCS OTBET JIO
CTaHJAPTHOI'O TaliMayTa.

(2) Ecsim oTBer 3a Bpems TaiiMayTa He IOCTYIAET, TO IOJH30BATEIIIO
(unrepdeiicy) Bblmaercs coobiuenune «Baia 3asgBKa NPUHSTA, OXKUAANTE
oreera or MUC», najiee B aCHHXPOHHOM PEXKHMME OTBET OYJIET MOJyUeH U
0TOOpA3UTCS B pasjelie 3anpoca nHGOPMAIHH.

(3) Bampoc, KOTOpPBIil He yIaJ0Ch OTPpabOTaTh B CHHXPOHHOM PEXKUME,
JIOJIZKeH OBITh IOBTOPEH U IIPU HAJIMYUU aKTYaJbHOTO pPe3y/ibTara Oyaer
ITOJIy9€H OTBET Ha 3aIpPOC.

Ecsu 6osbimux (60/biie TaiiMayTa m0J1b30BaTe IbCKOro nnTepdeiica) BpeMeHHbIX
3a/iep2Kek 1pu oTpadboTke 3ampocos JIK wme 6yner, To JIK 6ymer paborarh
B Hamnbosiee OJIATOIPUATHOM JIJIs [IOJIH30BATEIEH CHHXPOHHOM PEXKIME.

Caitr MII MoxkeT OBITH IIOCTPOEH HA TeX »Ke IpUHIMIaX, 4ro u JIK, u
JIOJI?KeH UMEeTh BO3MOXKHOCTH PabOThI B aCHHXPOHHOM PEXKHUME.

3. Anpobauns apxuTeKTypbl U NPOrpaMMHOE peLleHune

Macrmtab 3a/1a4u MoCTpOeHUsT O0ITel NHTErPAIIMOHHON apXUTEKTYPhI st
9KOCHCTEMBI MEIUIINHCKON TTOMOIIY HAKJIAIBIBAJ 3HAYUTEbHBIC OrPAHNICHUS
B 9aCTU BO3MOXKHOCTH ITOJTHOM JeTaJIbHON pPa3pabOTKH apXUTEKTYPbhI U €€
[IPOTOTUIINPOBAHUS MCCJIE0BATEILCKAM EHTPOM MEJIUIMHCKON HH(MOPMATHKI
UIIC PAH coemectno ¢ OOO «luTepud TexHOJIOruu». BBLIO peleHo
anpobMpPOBATH JIUIB OTAEHPHOE aAPXUTEKTYPHOE PEIeHNE Ha JIOKAJbHON
MHTErPAIMOHHOI 3a/1ade. TpeboBaIoCh TOCTPOUTh ACUHXPOHHYIO apXUTEKTYPY
B3aumogeiicrBus Moyt MJIJIII, Haxomsmierocss Bo BHyTpEHHEN 3aKPBITOM
ceTr MHOTOYHKITHOHAJIBHOTO MeauimHcKoro 1enTpa, ¢ @TYIC MJIJIIT.
Mexny BHyTpenHeil u BHerrHel ceTbio MII nmannbie miepeiaBaanch depes
OCOOBIH ITIJTI03, YTO HE UCKJIIOYAJIO 3HAYUTE/ILHbIE BPEMEHHBIE 33/IEPKKU IIPU
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JoctaBke coobtenuit. [losromy /st pertenust HTErPAIMOHHON 3a/1a9H Kak
HEJIb3s JIYYIle TTOAXOININ BhIIIEOMNCAHHBIE BO3MOXKHOCTHU APXUTEKTYPhI
B YACTH aCUHXPOHHOI pabOTHI.

[Ipororun UIIB 6b11 peanm3oBan Ha s3bIKe Java Ha cepBepe IPUJIOKEHUS
Java Apache Tomcat 8 ¢ ucnosnbszoBarnem OpenJDKS8, xpanuiuriieM JaHHBIX
st UTIB seicrymama CYBI Oracle. Knuenrckoe 110 momyns MJIJIIT 6110
peanm3oBaHo Ha sisbike JavaScript B cpese Unrepun Promis Alpha [11]
paszpaborku OO0 «HTEepUH TEXHOJIOTUU».

A panrrarust mogrysist MJIJITT oy acuHXpOHHY0 paboTy ObLIa BBIIIOJHEHA
OdYeHb OBICTPO U He TMOTPebOBaIa CEPhE3HBIX MEPEIEsIOK MOy, KoMIoHeHT
UIIB 6b11 peasm3oBan 3a 2 Mecsia. BbraucanTeabHble IKCIEPUMEHTHI
TTOJTHOCTBIO TTOJITBEP/IMIN TPUHATYIO KOHIIEMIINIO apxXuTekTyphl. Momayms M/IJITT
[I03BOJIsT PAbOTATH BO BHYTPEHHEH 3AIMUNIEHHON CETH KAaK B ACHHXPOHHOM,
TaK U B CHHXPOHHOM PEXKUMe, B 3aBUCUMOCTHU OT 3a/IepKEK IIPU Iepejiade
COODIIEHNT Yepe3 MLITI03.

3aknoyeHne

B crarpe momaumaeTcs mpobiieMa pa3pabOTKNA WHTETPAITMOHHON apXUTEK-
TYPBbI JIjIsi OT€YECTBEHHON KOCUCTEMBI OKA3aHUsT MEIUIMHCKON ITOMOIIIH.
IIpobitema citokuast m MuHOrorpannas. Ha JaHHOM 3Tame pa3BUTHA SKOCHCTEMbI
11eJ1IeCO00PA3HO BECTH OOMEH UJESIME [0 CO3/AHUIO0 MHTEIPAIMOHHON apXUTEK-
TYpPbI U TPOBOAUTH TPOTOTUIINPOBAHNE OT/IETbHBIX APXUTEKTYPHBIX UJIEH.
B pabore npesitozken annpoOupOBAHHBIN TPUHITUIT IOCTPOCHMST ACHHXPOHHOTO
B3aMMOJIENCTBUS MEXKIy YIaCTHUKAMU IKOCUCTEeMbI. [IpejioykenHoe perenue
MOXKET OBITH UCHOJIB30BAHO JIDYTHUME Pa3pabOTIMKAMU, PEMIAIOIIMI HHTE-
PAIMOHHBIE 33/1a9M B IIUMPOBBIX IKOCUCTEMAX JIIOOOH TPUPOJIBI, 0COOEHHO
B caydae nH(pOPMAIMOHHOTO oOMeHa ¢ 3aaepKKaMu. [lorydeHHbie pe3yabTaThl
MOTYT HafiTh IpUMeHeHne U B GoJiee CIOXKHBIX apXUTeKTypax Oysyiiero [12].
Pabora moxkeTr Takke TOBJIUSATH HA PA3BUTHE OTEYECTBEHHON MudPOBOit
MEJIUIIUHCKON 3KoCcucTeMbl. AKTYaIbHO IIPUBJIEYEHIE K PENIEHIIO TPO0JIEMbI
KPYIHBIX OTE€YECTBEHHBIX pa3pabdboranxos [10.
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Architecture of interaction in the digital medical
ecosystem

Vladimir Leonidovich Malykh', Aleksey Nikolayevich Kalinin?,
Aleksey Nikolayevich Rudetsky?

Abstract. In the field of medical informatics, there is a steady trend towards the
formation of a complex multicomponent ecosystem. The problems of interaction and
integration of ecosystem components come to the forefront: medical, laboratory, radiological
systems, EGISZ, EMIAS, MDLP, various registers and services, including those implementing
AT approaches to data processing and problem solving. Patients are in dire need of personal
offices that integrate their medical data, patients become active participants in the ecosystem.
Integration tasks have to be solved in a highly heterogeneous information environment, when
it becomes unattainable to ensure synchronous interactive interaction between ecosystem
participants. For individual applications, a flexible combination of both synchronous and
asynchronous interaction is required, selected situationally based on specific time delays and
interaction characteristics.

The article proposes a special architecture that allows for synchronous and asynchronous
interaction between ecosystem participants. Adapting software designed only for synchronous
interaction to an asynchronous architecture does not require a radical redesign of the software.
The approach was worked out using the example of adapting the MDLP MIS Interin module
to work in the internal secure network of the multidisciplinary medical center of the Bank
of Russia. The proposed architecture can be used by software developers in other fields
of activity, where there is an active development of ecosystems, accompanied by an increase
in integration interactions. (In Russian).
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digital ecosystem, integration, asynchronous interaction, patient’s personal office
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