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Abstract. The mass appearance of illegal and unregistered in the Unified
State Register of Real Estate (USRRE) real estate objects complicates cadastral
registration for many entities at the territorial and administrative levels.
Traditional methods of identifying objects of this type, based on manual analysis
of geospatial data, are labor-intensive and time-consuming.

To improve the efficiency of this process, it is proposed to automate the
detection of objects in aerial photographs by solving the instance segmentation
problem using the Mask R-CNN deep learning model. The article describes the
preparation of a dataset for this model, examines the main quality metrics,
and analyzes the results obtained. The efficiency of the Mask R-CNN model
in practice is shown for solving the problem of detecting construction projects
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Introduction

Cottage settlements, dacha cooperatives and gardening associations
have a high density of development, which complicates the automatic
detection of illegally built real estate objects and objects not registered in
the Unified State Register of Real Estate on aerial photographs (USRRE).

For the implementation of aerial photography, the Roskadastr PPC
uses quadcopters. The resulting photographs are used to search for real
estate objects subject to mandatory registration. Such objects include:

« country houses intended for permanent residence,
+ objects standing on a foundation (baths, terraces, summer kitchens),
« buildings on plots for individual housing construction.

Manual search limits the efficiency and accuracy of this process. With
the development of deep learning models such as RetinaNet [1], SOLO
[2], YOLACT |[3], Mask R-CNN [4] and others, it becomes possible to
significantly reduce the time and improve the quality of image analysis
due to automatic detection of objects. The models listed above are
a powerful tool for implementing instance segmentation, which allows
not only to identify objects in an image, but also to accurately highlight
their boundaries. This is especially important for tasks related to the
analysis of dense buildings, where objects can be partially overlapped or
located in close proximity to each other. The use of instance segmentation
implemented by these models is best suited for analyzing geospatial data,
since the presence of masks and bounding boxes around the found object
instances allows not only to anticipate the presence of search objects,
but also to estimate their sizes. The latter can be useful when assessing
changes in the size of objects associated with their reconstruction.

This paper presents the results of a study of the applicability of the
Mask R-CNN (Mask Region-based Convolutional Neural Network) model
for detecting real estate in cottage settlements, summer cottage cooperative
and gardening associations. The peculiarity of the proposed approach is the
processing of aerial photographs in order to identify the bounding frames
of the detected objects, compared with certain geographic coordinates, and
the comparison of their presence or significant change in size with the
results of similar processing of aerial photographs for the previous period,
usually a year. This approach allows us to identify changes in development
and record buildings that may not have official registration in USRRE.
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1. Overview of works on object recognition in aerial photographs
using Mask R-CNN

Mask R-CNN is an extension of the Faster R-CNN model, designed
to solve the problems of object detection and image segmentation [5].
A distinctive feature of Mask R-CNN from Faster R-CNN is the creation
of accurate masks for each of the detected objects in the image. The
model consists of two main components — object detection and object
segmentation [4].

To extract features from the input image, Mask R-CNN uses the
ResNet architecture [6] or another convolutional neural network. These
features are then passed to a Region Proposal Network (RPN) [4, 6], which
generates Regions of Interest (Rol) — predicted object locations. All
obtained Rols are passed to the main classifier, which determines the class
of the object and specifies its boundaries.

Unlike Faster R-CNN, Mask R-CNN has an additional branch
responsible for creating segmentation masks. This branch uses a small
convolutional network to generate binary masks for all objects in the Rol.
The mask size corresponds to the size of the Rol.

The model is trained using a loss function that combines the losses
from classification, coordinate regression, and segmentation, which allows
the model to simultaneously optimize all three tasks [4].

Mask R-CNN copes well with occluded objects and complex backgrounds
due to its ability to generate accurate masks. However, its performance
may depend on the quality of the training dataset and the chosen model
architecture. Overall, Mask R-CNN is a strong tool for object detection
and segmentation tasks in images, providing high accuracy and flexibility
in application.

Currently, there are quite a lot of works on recognizing objects
of various types in photographs and aerial photographs using this model,
which indicates the effectiveness of its application for solving practical
problems.

The paper [4] presents the basic architecture of Mask R-CNN and
its application to various segmentation problems, including instance
segmentation of objects.
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In [7], the authors apply Mask R-CNN to detect buildings in high-
resolution satellite images. High segmentation accuracy and advantages
of using the Mask R-CNN model for solving such problems are demonstrated.

Detection of buildings in photographs from natural disaster zones using
the Mask R-CNN model and pre-processing of the dataset, in order to
improve the efficiency of its use, is given in [8]. The paper demonstrates
the advantages of this model over other models that implement object
detection in photographs.

The paper [9] solves the problem of localizing building polygons
in high-resolution satellite images. The efficiency of the Mask R-CNN
model for obtaining real building contour boundaries in photographs with
high object density is demonstrated.

A method for detecting and segmenting ships at the pixel level using
the Mask R-CNN model is proposed in [10]. The advantages of using this
model are noted and the efficiency of the proposed method is evaluated.

In [11], it is shown that extracting building contours from satellite
images is a complex task due to differences in scale, structure and types
of buildings. To solve this problem, it is proposed to use the Mask R-CNN
model. The efficiency of its use is demonstrated. The results of extracting
individual buildings from satellite images are proposed to be used for
applications that automate population assessment, implement urban
planning and others.

Detection of modern urban architecture using the Mask R-CNN model
trained on a dataset consisting of elements of modern architectural styles is
given in [12]. As a result of comparing the obtained results, the efficiency
of using Mask R-CNN is shown in comparison with other models.

The work [13] shows the difficulty of detecting buildings and various
types of structures on satellite images due to illumination, building density,
different types of terrain and other factors. To effectively solve this problem,
it is proposed to use the Mask R-CNN model and our own dataset with
improved image augmentation.

The use of the Mask R-CNN model for recognizing various objects
on satellite images and aerial photographs for the purpose of automating
mapping and maintaining local maps up to date is described in the work
[14].
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In [15], the Mask R-CNN model is proposed to be used to maintain
the accuracy of terrain maps for effective response to natural disasters and
catastrophes. It is proposed to update terrain maps based on aerial and
satellite images. The work obtained more than acceptable results for
photographs of different quality, resolutions and color channels.

In [16,17], a hybrid approach to extracting building contours from
low-resolution satellite images using the Mask R-CNN model is proposed.
This approach opens up prospects for the development of automated
tools for processing satellite images, and their effective use in land use
monitoring and disaster response.

2. Justification for the choice of the model

Based on the above review, the Mask R-CNN model can be reasonably
chosen for implementing instance segmentation of real estate objects
in aerial photographs, since it has the following advantages.

(1) Accuracy

o The Mask R-CNN model demonstrates higher accuracy in de-
tecting objects compared to other models [9,10].

« The two-stage approach of the Mask R-CNN model (region
proposal and segmentation [4-6]) allows for more accurate
localization and segmentation of objects while simultaneously
generating their masks.

(2) Versatility
» Mask R-CNN can be easily adapted to solve a variety of problems,
including object detection and contouring, instance segmentation
and semantic segmentation [4-6].
o The modular architecture of this model allows you to easily add
or remove components as needed.

(3) Robustness
« Mask R-CNN is more robust to noise and distortion in images
[15].
« The two-stage approach of this model helps reduce the number
of false positives and improves the overall robustness [4-6].
(4) Support for objects of different sizes

» Mask R-CNN can effectively segment objects of different sizes,
from small to large [4,8].
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« The region proposal mechanism [4] allows this model to detect
objects regardless of their type and size (e.g. COCO [5]).

(5) Less overfitting issues

« Mask R-CNN is less prone to overfitting [11].

» Using multiple loss functions and a two-stage approach helps
the model to generalize better [4-6, 18]

Mask R-CNN models also have some drawbacks that are not critical
when solving the problem of automating image processing, these are
relatively low speed of operation and complexity of implementation [19].

In addition to the models discussed above, the YOLO model [20],
which has become quite popular recently, can be used to solve the instance
segmentation problem. Despite the high speed of obtaining results, this
model has significant drawbacks — low quality of recognition of groups
of small objects due to the limited number of candidates for bounding boxes
(two) and the possibility of duplicating bounding boxes for the same object
[21]. A comparison of the results of real estate recognition with similar
results obtained using the latest version of the YOLO model is given in p. 6

3. Purpose of the work

As noted above, photographing the territories under study by the
«Roscadastr» PLC control center is carried out using quadcopters. The
quadcopter (at the time of writing, it is Phantom 4 RTK) implements
movement along a predetermined trajectory. The camera automatically
takes pictures upon reaching certain points along the route, forming either
its full image or images of route fragments (in most cases, with overlap).

The purpose of this work is to study the applicability of the Mask
R-CNN model for the implementation of automatic or automated processing
of the obtained images and the identification of illegally built or unregistered
real estate objects on them. To achieve the stated goal, the following tasks
were solved in the work:

(1) creation of our own dataset for training the model,

(2) analysis of the quality of the model,

(3) analysis of the results of using the model to detect illegal construction
sites or real estate objects not registered in the USRRE.


https://4vision.ru/products/phantom-4-rtk?ysclid=m2h711dfcu361189719
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TaBLE 1. Object types and their labels

Label name and

Object type (class) class segmentation color

Cottage or summer house building
Greenhouse (hothouse) greenhouse
Outbuilding

Vehicle

Swimming pool swimming

4. Dataset creation
4.1. Image annotation

The main task in generating a dataset used for training and testing the
model is labeling or annotating the original images, which is a polygonal
contouring of objects recognized in photographs. The accuracy of the
contouring determines the accuracy of object detection.

Currently, there is a large amount of software that implements image
annotation. To generate the dataset, open source software LabelMe was
selected.

The annotation process involves assigning a label to each recognizable
object of a particular type. When annotating aerial photographs, labels
were assigned to the following 5 types of objects, Table 1.

The main type of objects is a cottage or a summer house. Other types
of objects are used to prevent false recognition of the latter and for the
purpose of possible continuation of work in this direction.

The annotation results were saved in the JSON format supported by
LabelMe. When forming the dataset, 435 photographs obtained from
a quadcopter were annotated. An example of a photograph of a fragment
of a summer house cooperative and the polygonal contouring of 2 classes
of objects — summer house and greenhouse in LabelMe implemented during
the annotation process are shown in Figure 1, 2a and 2b, respectively.

The dataset formed for training and testing the model is a collection
of the above number of aerial photographs and the same number of JSON
files in the LabelMe software format, containing arrays of coordinates
of polygonal contouring points and names for objects of 5 types.

For training and testing the model, 80% and 20% of the elements
of this dataset were randomly selected, respectively. The distribution


https://github.com/wkentaro/labelme?tab=readme-ov-file
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FIGURE 1. Photograph of a fragment of a summer cottage
cooperative taken by a Phantom 4 RTK quadcopter

(a) A summer cottage and (b) Contouring of objects of
a greenhouse 2 types

FIGURE 2. Dataset element — image of objects and their
polygonal contouring on a fragment of an image

diagram of objects belonging to these classes on aerial photographs is

shown in Figure 3.



ENZRY UsiNng Mask R-CNN MODEL TO ANALYZE AERIAL PHOTOGRAPHS 11

12k 12470

Count

- o -
I

outbuilding vehicle swimming

building greenhouse

Classes

Ficure 3. Distribution of classes in the dataset photographs

4.2. Dataset augmentation

To improve the generalization ability of the model, a pipeline of trans-
formations implemented in the PyTorch package was formed and applied to
the images from the training dataset. At the very beginning, based on the
IoU (Intersection over Union) metric, images were cropped while preserving
the ROI. Then, stochastic color transformations were applied, including
variations in brightness, contrast, saturation, and hue, as well as random
grayscale transformation (RandomGrayscale) and histogram equalization
(RandomEqualize).

Further increase in diversity consisted in reducing the number of color
levels and horizontal reflection of images using the methods RandomPosterize
and RandomHorizontalFlip respectively. In addition, scaling of images
to the maximum size while maintaining the aspect ratio, padding to
a square shape, and resizing to the required size using antialiasing were
implemented. The final step was to convert the data type to torch.float32
with scaling of pixel values and validation of bounding box coordinates
(SanitizeBoundingBoxes).

5. Model creation and exploration
5.1. Model creation

Mask R-CNN is characterized by a relatively high complexity of imple-
mentation. As a result, successful application of this model requires careful
tuning of the parameters and network architecture. A fairly fast and


https://pytorch.org/
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://pytorch.org/vision/main/generated/torchvision.transforms.RandomGrayscale.html
 https://pytorch.org/vision/master/generated/torchvision.transforms.RandomEqualize.html
 https://pytorch.org/vision/main/generated/torchvision.transforms.RandomPosterize.html
 https://pytorch.org/vision/stable/generated/torchvision.transforms.RandomHorizontalFlip.html
https://pytorch.org/vision/main/generated/torchvision.transforms.v2.SanitizeBoundingBoxes.html
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activation= relu
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Conv2D

dilation_rate= 1, 1
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Activation

activation= relu

FI1GURE 4. The initial convolutional layer in ResNet-101 and
the first residual block [22]

accurate object detection model maskrenn resnet50 fpn v2 from the
torchvision package was chosen in this work. To improve the efficiency
of feature extraction (backbone), the ResNet-101 architecture with Feature
Pyramid Network (FPN) [4] was chosen in this model. The general
principles of its formation and training are described quite well in [22] and
[23].

The model is pre-trained on the COCO dataset [5]. For this model, the
optimal number of epochs for additional training was experimentally found,
the optimizer Adam and the scheduler OneCycleLR (the mechanisms that
determine the decrease in weights during training and the speed of this
process) were selected, the number of output channels was changed, and
the partitioning for anchor boxes — pre-defined rectangular frames that are
used to propose potential Rols when detecting objects in an image was
configured. The code for generating and exploring the model was written
using the PyTorch machine learning library [24].

The initial convolutional layer of ResNet-101 was modified to efficiently
implement instance segmentation of objects of different scales. Several
parallel convolutional layers with kernels of different sizes were added before
the layer with a sufficiently large kernel size (7x7), Figure 4 and Figure 5.

This potentially allows the model to simultaneously take into account
both contextual features (kernel 5x5) and detailed characteristics of objects
(kernels 1x1 and 3x3). In addition, parallel convolutional layers allow
accelerating the convergence of the model.

Attempts to vary the residual blocks of this model did not lead to any
significant improvement in object detection.


https://pytorch.org/vision/main/_modules/torchvision/models/detection/mask_rcnn.html
https://pytorch.org/vision/main/index.html
https://pytorch.org/docs/stable/generated/torch.optim.Adam.html
https://pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.OneCycleLR.html
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FIGURE 5. New parallel convolutional layers in ResNet-101
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FIGURE 6. Change in the mean value of the model loss function

5.2. Model exploration

To analyze the accuracy of the model during the experimental studies,
3 key metrics were calculated — Loss, mAP and CS.

Loss in Mask R-CNN allows you to evaluate how accurately the model
predicts classification, coordinate regression and object segmentation. The
closer the values of this metric to 0 (0%), the more accurate the model’s
result. The change in the average value of this metric for all 5 classes from
the training and testing (valid) datasets depending on the training epoch is
shown in Figure 6.

The mAP (mean Average Precision) metric is the average value of the
precision metric over all classes of objects. A similar metric mAP50-95 is
calculated for different thresholds of overlapping bounding boxes IoU
(Intersection over Union) — from 50% to 95%. Both metrics take into
account both precision (precision) and recall (recall) at different IoU
levels. The closer the values of each of these metrics are to 1 (100%), the
more accurate the model’s output is. The dependence of the mAP and
mAP50-95 metrics for all classes from the training and valid datasets
on the training epoch is shown in Figure 7.

The Confidence Score (CS) metric represents the probability that

an object belongs to a certain class. CS is a measure of the model’s
confidence that the predicted object is actually present in the bounding


https://torchmetrics.readthedocs.io
hhttps://torchmetrics.readthedocs.io
https://torchmetrics.readthedocs.io
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/precision.html#id3
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/recall.html#recall
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0.8

0.6

Avg CS

0.4

0.2

—e— train CS
—e— valid CS

0 5 10 15 20 25 30

Epoch

FIGURE 8. Change in the average value of the CS metric
during object detection

15

box. This metric is one of the most important for models implementing
object detection. CS values range from 0 to 1 (100%); higher values
indicate greater model confidence in the correctness of its prediction.
The dependence of this metric for all classes from the training and valid
datasets on the training epoch is shown in Figure 8.
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TABLE 2. Accuracy metric values at the last epoch of model
training

Dataset Loss mAP mAP50-95 CS

train 0.741 0.851 0.475 0.999
valid 0.915 0.753 0.416 0.991

building

«

blillding ; &

building 0.999 -

(a) CS=0.998 (b) CS=0.999 (¢) CS=0.999

FIGURE 9. Detecting real estate objects in images from the
test dataset

Table 2 shows the values of the accuracy metrics for the training and
test datasets at the last epoch of model training, see Figure 6-8.

Calculating accuracy metric values in Google Colab Pro in the T4
GPU runtime took about 80-100 minutes. From the graphs and table above,
it follows that the Mask R-CNN model trained on its own dataset has more
than acceptable accuracy in detecting real estate objects of interest to us
in aerial photographs. Several examples of detecting summer houses from
the datasets for training the model and for testing it are shown in Figure 9,
10, respectively.

When using this model, minor errors were detected in 3-5% of cases,
manifested in the form of incorrect identification objects or incorrect
segmentation of these boundaries. The occurrence of these errors is
associated with the density of the segmented objects, with an insufficiently
representative dataset, the presence of noise in the images and insufficient


https://colab.research.google.com/
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building.0:999

(a) CS=0,999 (b) CS=0,997 (¢) CS=0,999

FIGURE 10. Detection of real estate objects in images from
the test dataset

Count
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2000

vehicle 2 2 2 275 1
1500

outbuilding 3 2 400 3 3

Predicted classes

1000

greenhouse 10 8 5]
500
building| 17 17 11
0
building greenhouse outbuilding vehicle swimming

Actual classes
FIGURE 11. Model confusion matrix for the test dataset

sharpness of the image area. The matrix of errors in detecting real estate
objects in images from the test dataset is shown in Figure 11.

Example incorrect identification for several objects of the greenhouse,
outbuilding and vehicle classes is shown in Figure 12. It is easy to see
that all objects of the building class, due to their large number in the
training dataset, are identified correctly, which is quite sufficient for the
above stated purpose of the work.
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FIGURE 12. Results of detection of objects of different types
in a photograph of a fragment of a summer cottage cooperative
(see Figure 1)

6. Comparison with the YOLO model results

The YOLO deep learning model is currently being intensively developed
and can be used to implement real estate detection in aerial photographs
along with Mask R-CNN. Studies similar to those above were also conducted
for the yolol1n-seg model from Ultralytics. Figure 13 shows the dependence
of the mAP and mAP50-95 accuracy metrics on the training epoch when
detecting real estate bounding boxes. This figure shows that these metrics
achieve values comparable to those obtained by the Mask R-CNN model
over a larger number of epochs.

Quite often, when analyzing the obtained results, cases were found
where the detected object was related to different classes. In Figure 14,
which displays the detection results similar to those shown in Figure 12,
several such cases are visible (for example, with objects of the building and
outbuilding classes). When studying the results obtained using Mask
R-~CNN, no similar cases were found. In addition, when analyzing a fairly
large number of detection results, a more accurate (up to 10%-15%, see


https://docs.ultralytics.com/models/yolo11/
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FIGURE 13. Change in the average value of the mAP and
mAP50-95 metrics of the YOLO model when detecting
bounding boxes

Figure 12,14) definition of object masks by the Mask R-CNN model was
noted compared to YOLO. Incorrect (inaccurate) definition of an object
mask can be critical for the «Roscadastr» PLC information system.

Overall, the YOLO model from Ultralystics left a favorable impression
with its ease of use and the availability of ready-made functionality for
conducting experiments and analyzing the results obtained. In some cases,
depending on the specifics of the problem being solved and the dataset,
using YOLO models allows you to get a slightly better result compared to
Mask R-CNN [25].

7. Practical implementation of the results

The results obtained in the course of work to improve the efficiency
of detecting cottages and summer houses on aerial photographs using the
Mask R-CNN model were implemented in the beta version of one of the
subsystems of the of the «Roscadastr» PLC information system. The
main goal of this subsystem is to determine the presence of registration
of construction objects in the USRRE. This subsystem implements a process
that includes orthotransformation, creating a digital terrain model (DTM),
obtaining reference points and calculating the coordinates of real estate
objects [26].

A photograph taken from a quadcopter is divided into a number
of fragments (tiles), which are analyzed for the presence or absence
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greenhouse 0.865
greenhouse 0.824

FiGUuRE 14. Results of detecting objects of different types
using YOLO

of unregistered objects. The tile size in pixels is determined by the
scale of the image and the detection capabilities of the model. Dividing
a photograph into fragments is justified by its large size, which can be
several hundred thousand pixels and a size reaching 1T. An example
of detecting an unregistered summer house on one of the aerial photograph
fragments is shown in Figure 15.

Conclusion

This paper assessed the possibility of using the Mask R-CNN model
with a modified backbone for detection and segmentation of cottages and
summer houses on aerial photographs. To train the model, a custom
dataset was created, including images of objects and their annotations.
The studies showed that the Mask R-CNN model successfully copes with
the task of instance segmentation, demonstrating acceptable accuracy for
the Loss, mAP, mAP50-95 and CS metrics.

The developed beta version of the subsystem of the «Roscadastr»
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FIGURE 15. An example of detecting an unregistered summer
house on an aerial photograph fragment

PLC information system based on Mask R-CNN uses this model to
recognize objects in images obtained from a quadcopter, which significantly
reduces the time and resources spent on identifying illegal and unregistered
construction, and increases the efficiency of land use control.

Further research on the application of the Mask R-CNN model will
be aimed at increasing its accuracy by expanding and optimizing the
training dataset, as well as integrating this model into existing land use
monitoring and control systems. In addition, a promising direction is the
development of algorithms for automatic verification of the model’s results
based on comparison with the USRN data.
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Ucnonb3oBanue moaean Mask R-CNN gy cermeHTaiium
00'bEKTOB HEIBMXKMMOCTHU Ha a3pOodOTOCHUMKAX

Hrops Bukroposny Bunokypos”™

DuHaHcosbli YHuBepcuteT npu lNpasutenscree Poccuniickoii Pepepaumnn, Mocksa, Poccusi

AnnoTtauus. MaccoBoe 1osiBjIeHre HE3aKOHHBIX U HE3aPEruCTPUPOBAHHBIX
B Enunom Tocynapersennom Peecrpe Henprxumoctu (ETPH) 06beKTOB HeIBHKUMO-
CTHU OCJIOXKHSIET KaJ[aCTPOBBI YUET IJIsi MHOI'UX CYO'bEKTOB TEPPUTOPUATIHLHOIO
¥ aJMUHUCTPATUBHOIO ypPOBHs. T paullMOHHBIE METO/bI BbISIBJIEHUS OObEKTOB
10/IOOHBIX THUIIOB, OCHOBAHHBIE HA PYYHOM AHAJIN3E EOIPOCTPAHCTBEHHBIX JAHHBIX,
TPYJOEMKHU U TPEOYIOT 3HAYUTEBHOIO BPEMEHU.

st noBblnieHns 3(OhEKTUBHOCTH STOTO IIPOIIECCa IPEJIAaraeTcsl aBTOMATH3UPOBATE
obHapykeHre 00bEeKTOB Ha adpOOTOCHUMKAX IIyTEM peIIeHUs 3aa9i NHCTAHC-
CerMeHTAIMH C MCIOJIb30BaHueM Mogesn rirybokoro obydenns Mask R-CNN. B crarbe
omnmcaHa IOATOTOBKA Habopa JAHHBIX JJIsl 9TONH MOJIEJIN, UCCIIeOBaHbI OCHOBHBIE
METPHUKHN KadeCTBa U IPOAHAJIM3NPOBAHBI II0JIyYeHHbIe pe3ysbTaTel. [lokazana
scbdexrusrocTs Momean Mask R-CNN mpu obHapykeHnu 00bEKTOB HEIBHKIMOCTH,
He nmeromux peructpaiuu B ETPH. (Ceazanmnvie mexemo, cmamovu na aneautickom u
HA PYCCKOM A3DIKAL )
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Beepenne

KotrremkHuble mocejieHus, JadHble KOOIIEPATUBBI U CaJI0BbIE TOBAPUIIECTBA
00J1aTA10T BBICOKOH IIJIOTHOCTHIO 3aCTPONKH, OCTOKHSIOIIEH aBTOMATHIECKOE
obHapyrKeHme Ha adpOodOTOCHUMKAX HE3aKOHHO MOCTPOEHHLIX 0OHEKTOB
HEJIBIKUMOCTH U 00bEKTOB, He 3apeructpupoBanibix B ET'PH.

Jnsa peammsamun adpodorochémiu B IITIK «PockamacTpy ucmonb3yrorcst
KBapoKomrepsbl. Ha mosydenabx dororpadusix UILyTCss OObEKTHI HEIBU-
KUMOCTH, TOJIjIeYKaIue 00s3aTebHOM peructparun. K Takum obbekTam
OTHOCSITCS:

* JIAYHbBIE JIOMA, IIPe/IHA3HAYEHHbBIE JJIsi [IOCTOSIHHOTO ITPOXKUBAHMUSI,
 00beKTHI, cTogAmue Ha pyHsaMenTe (GaHu, TepPachl, JeTHUE KyXHH),

e CTPpOCHUA Ha yJaCTKaX IOJId HHAUBUAYAJbHOI'O KHUJIUIITHOI'O CTPOUTEJIb-
CTBa.

Pyunoit mouck orpanmanBaer 3p@PEKTUBHOCTS U TOYHOCTH ITOT'O IPOIIECCA.
C passutmeMm Mojesedi riry6okoro obyuenus, Takux Kak RetinaNet [1], SOLO
[2], YOLACT [3], Mask R-CNN [4] u apyrux, NOsAB/ISETCS BO3MOXKHOCTD
3HAYUTEHLHO COKPATUTH BPEMsl U TIOBBICUTH KAYECTBO aHAJIN3a N300parKeHnit
3a CIET ABTOMATHYIECKOTO JETEKTUPOBAHUS 00beKTOB. IlepednciienHbie BhIIe
MOJIEJIN TIO3BOJISIOT He TOJIBKO MIEHTU(MHUIMPOBATH 00bEKTHI HA N300DaKEeHNMH,
HO ¥ TOYHO BBIIEJIATH UX TpaHuiibl. [locsieanee 0COGEHHO BaXKHO JIJIsI AHATIH3a
IUIOTHBIX 32CTPOEK, IJIe 0OBEKTHI MOI'YT OBITH YACTUYHO MEPEKPHITH UIN
HaXOJINTCs B OJIM3BKOM COCEJICTBE JPYT ¢ ApyroM. Vcrosb3oBanue nHcTanc-
CerMeHTAIINH, Pean3yeMOoil STUMU MO/JICISIMU, HAUIYJIITM 00Pa30M IIOXO/IUT
JIJIsI aHAJIM3a T€OIPOCTPAHCTBEHHBIX JIAHHBIX, [IOCKOJIBKY HAJMYHE MaCOK
U OrPAHUYHMBAIONINX PAMOK BOKPYT HAJIEHHBIX 9K3EMILISPOB 0ObEKTOB
MIO3BOJISIET HE TOJBKO OOHAPYKUTH OOBEKTHI, HO U OIEHUTH UX Pa3Mepbl. DTO
[IOMOTA€eT 3aMEeTHTh U3MEHEHUsI PA3MEPOB B Pe3yJIbTaTe MepecTPOKN 00beKTa.

B pabotre mipuBe/ieHbI pe3yJIbTATHI HCCIIEIOBAHUS TPUMEHUMOCTH MOJIEJIN
Mask R-CNN (Mask Region-based Convolutional Neural Network) mis
obHapyKeHUsi 00BEKTOB HEJIBUKUMOCTH B KOTTEXKHBIX TIOCEJIEHUAX, TATHBIX
KOOIEpaTUBAxX M CAJOBLIX ToBapuIecTBax. OCOOEHHOCTHIO MTPEJJIATAEMOrO
TOIXO/IA SIBJIETCs 00paboTKa a3poOTOCHIMKA, C TIEIBIO BBISBJICHIE OIPAHUIN-
BAIOIIUX PAMOK OOHADYKEHHBIX 0ObEKTOB, COMIOCTABIEHHBIX C OIPEIeTEHHBIMA
reorpadUUeCKIMI KOODJIMHATAMY, ¥ CPABHEHNE MX HAJUYUS WA SHATUMOTO
W3MeHeHUsI Pa3MepPOB C Pe3yJbTaTaMi aHAJOIMIHON 06paboTKu aspodoTo-
CHUMKOB 3a IIPOILIBIH MepruoJl, KAk MPABUJIO TOJI. TAaKON MOJIX0J MO3BOJISIET
BBISIBJISITH W3MEHEHUsI B 3aCTPONKE U MOCTPOWKY, HE UMEIOIne ODUINaIbHON
perucrpanuu.


https://geomergroup.ru/article/postanovka-na-kadastrovyj-uchet-sadovogo-doma/
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1. O630p paboTt no pacno3HaBaHUIO 00bLEKTOB Ha a3pochoTOCHMMKAX
c ncnonb3osaHnem Mask R-CNN

Mask R-CNN sasnsiercst pacmmpennem mojesn Faster R-CNN| mpeaa-
3HAYEHHON JIJIsi PEIEHUs 38949 JeTEeKTHPOBAHUS OObEKTOB W CETMEHTAITNN
n3o6pakenuii [5]. Oramanrensroit ocobennocthio Mask R-CNN or Faster
R-CNN gBisteTcst CO3JaHUU TOYHBIX MACOK JIsl KazKJIOTO U3 OOHAPYKEHHBIX
Ha u300parkeHnn 00HEKTOB. MOIeIb COCTONT U3 JIBYX OCHOBHBIX KOMIIOHEHTOB —
obHapy KeHne 00bEKTOB U UX cerMeHTanus [4].

Jljist m3BJIeUeHNs [IPU3HAKOB U3 BXOHOro n3obpazkenusi Mask R-CNN
ucnosb3yer apxutekTypy ResNet [6] wim npyryio cBéprounyio HEHpOHHYTO
CeThb. JTHU IPU3HAKK 3aTeM IEPEe/aloTCs B ceTh mpeanosioxkenus peruona (RPN,
Region Proposal Network) [4, 6], koropas renepupyer o6sactu uarepeca
(Rol, Region of Interest) — mpemmosaraeMble MECTOIIOJIOKEHHST OOBEKTOB.
Bce nmonyuennnie Rol nepemarorcs B ocHOBHOM KiaccuduKaTop, KOTOPbI
OIIPE/IeIeT KIace 00bEKTa U YTOUHSIET €r0 IPAHUIIBI.

B ormymmune or Faster R-CNN, B mogenu Mask R-CNN peasimzosana
emnié OJlHA BETBb, OTBEYAIONIAs 38 CO3/[AHNE MACOK CEIMEHTAIINU. DTa BETBb
HCIIOIBb3yeT HEOOJIBINYI0 CBEPTOYHYIO CETh C IEJIbI0 NeHEePAIUU OMHAPHBIX
Macok i1 Bcex 00bekToB B Rol. Pazmep macku coorsercTByer pasmepy Rol.

st obyueHust MOJIEJIA UCIIOJIb3yeTcst (DYHKIMS TIOTEPh, KOTOpas 00be -
HSIET TOTEPU OT KJIACCUMDUKAINI, PErPECCUU KOOPIWHAT U CETMEHTAINH, ITO
[03BOJISIET MOJIEIN OJJHOBPEMEHHO ONTHMU3UPOBATH BCe TPU 3aJa4n [4].

Mask R-CNN XopoIiio crpaBJisieTcsi ¢ epPeKpPbIBAIOIIUMUCS OO'beKTaMu U
CJIOYKHBIMU (poHAMH OJ1aro1apsi CIOCOOHOCTH TeHEPUPOBATH TOUHBIE MACKH.
OjtHaKO €6 MPOM3BOIUTEIBHOCTh MOYKET 3aBHCETH OT KA4eCcTBa 00yJIaronero
Habopa JIAHHBIX W BBIOpaHHON apxuTeKTyphbl Mojeau. B memom, Mask R-CNN
SABJIAETCS] CUJIBHBIM MHCTPYMEHTOM JIJIS 33129 JICTEKIINA U CerMEeHTAIINN
00BEKTOB B M300parKEHUAX, 00ECIeUnBast BHICOKYIO TOYHOCTb U THOKOCTH
B [IPUMEHEHUHN.

B macrosiiiiee Bpemsi cyIiecTByeT J0CTATOYHO OOJIBIIOE KOJUYIECTBO
paboT 10 PACIIO3HABAHUIO OOBEKTOB PA3JIMYHBIX THIIOB Ha dororpadusax u
a3poOTOCHUMKAX C HMCIIOJIB30BAHUEM 3TOH MOJIEJHN, 9TO CBHUIETEJbCTBYET 00
3 DHEKTUBHOCTY €€ TPUMEHEHNsI 1151 PEIIeHNs TPAKTUIECKIX 3a/ad.

B pab6ore [4] npezncrasiena ocaouas apxurekrypa Mask R-CNN u
€€ MpUMeHEHNE K PAa3JIUIHBbIM 3a/1a9aM CETMEHTAINN, BKJIIOUasT HHCTAHC-
CEerMeHTAIuI0 00LEKTOB.

B [7] aBropsl npumensitor Mask R-CNN muist o6HapyKeHUsT 31aHIH
Ha CIIyTHHKOBBIX CHUMKaX BBICOKOTO pasperenus. [loka3zpiBaercs BbICOKas
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TOYHOCTh CErMEHTAIINH ¥ IIPenMyIecTBa ucnosb3oBanns moiean Mask R-CNN
JUUISL PeleHnst TOMO0HBIX 3a1ad.

Obnapy:kenne 3nannit Ha dororpadusdx u3 30H CTUXUNHBIX OeICTBUil
¢ ucnosib3oBanuem mozesn Mask R-CNN u npeasapuresnsHoit 06paboTku Habopa
JIAHHBIX, C eJIbIO TOBBIIeHNS (M GEKTUBHOCTU €r0 UCI0/Ib30BaHUS, TPUBEIEHO
B [8]. B pafoTe mokasaHbl MIPEUMYIIECTBA STONH MOEJU Tepe, IPYTUMA
MOJIETISIME, PEATN3YIONINMHI JeTEKTUPOBAHIE 00HEKTOB Ha (HOTOrpadusiX.

B pa6ore [9] pemaercs 3a1a4a JOKAIN3AINE TOJIATOHOB 3IAHUN Ha CITyT-
HUKOBBIX CHUMKAX BBICOKOTO paspernenns. [lokasbiBaeTcs 3pHeKTUBHOCTD
npumenenus Mogean Mask R-CNN st mostyuenust peasibHBIX IPaHUAI] KOHTYPOB
3mannit Ha oTorpadusix ¢ BbICOKOH IMJIOTHOCTHIO 0OHEKTOB.

Meron obHapyKeHus U cerMeHTanuu KopabJieil Ha ypOBHE IIHKCeJIeit
¢ ucnosszosanneM mMozgenun Mask R-CNN npegaraercs B [10]. Ormeuaercs
IPENMYIIECTBA UCIOIb30BAHNSI STONH MOJIENN U OIeHNBAeTCs 3(DDEKTUBHOCTD
IIpeJIJIaraeMoro MeTOoJa.

B [11]| nokasbiBaercst, 9TO U3BJIC€UEHUE KOHTYDOB 3JIAHUI U3 CILYy THUKOBBIX
CHUMKOB SIBJISI€TCST CJIOXKHOI 3a/1adeil n3-3a pa3iminil B Macirabax, CTpyKTypax
U TUIOB 37aHuil. st perrenust 9Toi 33241 1IpeIjIaraeTcs UCIO0JIb30BaTh
momens Mask R-CNN. ITokasbiBaercst 3¢pheKTUBHOCTD €€ NCIIOTH30BAHUS.
Pesynprarsl m3Baevenne oTOENIBHBIX 3JaHUNA U3 CIIyTHHKOBBIX CHHUMKOB
IpeijlaraeTcs UCIOJIb30BaTh JJIsl IIPUJIOXKEHU, aBTOMATU3UPYIOIIUX OLEHKY
HaceJIeHUd, peaJIu3yIoMUX I'OPOJICKoe IIJIAHUPOBaHUE U JIDYTHUX.

JlerekTrpOBaHUE COBPEMEHHOIT TOPOJICKOIl apXUTEKTYPhI C MCIIOJIb30BAHUEM
mogiesin Mask R-CNN, o6yqennoit Ha Habope JAHHBIX, COCTOSIIIAM U3 3JIEMEHTOB
COBPEMEHHBIX APXUTEKTYPHBIX CTUJIEH, npusegeno B [12]. B pesysbrare
CpaBHEHUs TIOJIy YeHHBIX PE3y/IbTaTOB IMOKa3aHa 3(P(MEeKTUBHOCTD UCIOIH30BaAHUSI
Mask R-CNN 110 cpaBHEHUIO C JPYyTUMU MOIEJISIMHE.

B pa6ore [13]| nokasbBaeTCsl CJA0KHOCTH OOHADYKEHUS 3IAHUH U PA3INI-
HOT'O THUIIA IIOCTPOEK HA CIIYyTHHKOBLIX CHUMKAX U3-33 OCBEIIEHHOCTH, IIOTHOCTH
3aCTPOEK, PA3JIUIHBIX TUIIOB PebedOB MECTHOCTH U APYTuX (PaKTOPOB.
st apdpekTBHOrO perreHust 3Toi 3a/1a4Un MPeJJIaraeTcsl UCI0Ib30BATh
mogiesib Mask R-CNN u cobcTBeHHBII HAOOP JAHHBIX C YCOBEPIIEHCTBOBAHHOMN
ayrMeHTaIne n300pakeHunit.

IIpumenenue moguen Mask R-CNN 151 paciiosHaBaHusi pa3jimdHbIX
00BEKTOB Ha CIIyTHUKOBBIX CHUMKAX U a3PO(OTOCHUMKAX C IIEIHI0 ABTOMATH3a~
1y KapTorpadupoBaHus U MOMJIEPKAHNS KAPT MECTHOCTEH B aKTyaJbHOM
COCTOSIHMY ONHUCAHO B pabore [14].

B [15] momesns Mask R-CNN npejiaraercsi HCIoab30BaTh JJlsl OJJIED-
JKaHUs TOYHOCTH KapPT MECTHOCTEN ¢ 1eJ1b0 3(pHEKTUBHOIO pearupoBaHUs
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HA CTUXUHHBIX OeJICTBHS U KATaCTPOMBI. AKTyaJn3npoBaTh KAPTHl MECTHOCTEH
TIpe/TaraeTcs Ha OCHOBE a3pOOTOCHIMKOB U CIIyTHUKOBBIX CHIMKOB. B pabore
OJIy YeHbI H0Jiee IeM IPUeMJIEMbIe PE3YJIbTATHI i (hoTorpaduil ¢ pa3InIHbIM
KaYeCTBOM, Pa3pEIIeHNsIMA U I[BETOBBIMUA KAHAJIAMU.

B [16,17] npegaraercst THOPUIHBIN OAXOM K U3BJIEYEHUIO KOHTYDOB
3JIQHUI W3 CI[yTHUKOBBIX CHUMKOB HU3KOI'O PA3PEIIeHUs] ¢ MCIOJIb30BAHUEM
mogesin Mask R-CNN. Taxkoit mojixo/1 OTKpBIBAET EPCIEKTUBEI JIJIsT pa3paboTKu
ABTOMATHU3UPOBAHHBIX HHCTPYMEHTOB 0OPAOOTKY CIIyTHUKOBBIX CHUMKOB, U MX
3 PHEKTUBHOMY UCIIOJIB30BAHUIO [IPU MOHUTOPUHI'E 3€MJIEIIOJIb30BAHMS 1
pearupoBaHus Ha CTUXUITHBIE OEJICTBUS.

2. ObocHoBaHue BbIOOpa mogenu

Jljist peasM3aIiuy HHCTAHC-CEIMEHTAINE 0O'bEKTOB HEJIBUKUMOCTU Ha a9PO-
GbOTOCHIMKAX, UCXO U3 MPOBEJIEHHOTO BhIMTe 0030pa, MOXKeT OBITH 000CHOBAH-
Ho BbIOpana Mozesb Mask R-CNN| mockosibKy oHa 06JIagaeT Cre Iy ionuMu
MIPENMYIIECTBAMU.

(1) TounocTn

* Mozess Mask R-CNN gemoncTrpupyer 60j1€e BBICOKYIO TOYHOCTD
JETeKTUPOBAHUS OOBEKTOB [0 CPABHEHHIO C JPYTUMU MOJIEISIMU
[9,10].

+ IIByxaranustii nojgxox mozxesnun Mask R-CNN (upejyioxenue peruosa
u cermeHTanys [4-6]) nosBossier 6osee TOYHO JIOKAIM30BATH U
CErMEHTUPOBATH OOBEKTHI ¢ OJHOBPEMEHHBIM (DOPMUPOBAHUEM UX
MaCOK.

(2) YauBepcaabHOCTD

» Mask R-CNN M0xKHO JIErKO aJalTHPOBATD JJisl PEIeHMUsT PA3THIHBIX
3aj1a4, BKJIOYasi OOHAPYKEHNE U KOHTYPHU3AIMIO OO0bEKTOB, UX
MHTCAHC- U CEMAHTUYECKYIO CerMeHTaruo [4-6].

» MoaynpHas apXuTekTypa 3TOH MOJEJU II03BOJISET JIETKO 00aBIIATh
WIN YIAJIATH €€ KOMIIOHEHTDI 110 Mepe HeOOXOIMMOCTH.

(3) Hagexxnoctb

« Mask R-CNN 6oJiee ycroiiamBa K IIymMaM W HCKayKeHUSIM B H300pake-
uugax [15].

o JIByX9TAIHDII MOXO0/] 9TON MOJIEIN OMOTAeT YMEHBIIUTD KOJIHIECTBO
JIOXKHBIX CPabATHIBAHUI U yJIyIIIUTh OOILYI0 HAJIEXKHOCTH [4-6].

(4) TomnepkKka 0OHEKTOB pa3HLIX Pa3MEpOB

« Mask R-CNN moxer 3¢deKTUBHO cerMeHTHpoBaTh 0ObEKTHI PA3HBIX
pasMepoB, OT MAJIEHbKUX J10 Gosbrmnx [4, 8].
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o MexanusMm npejjiozkeHust peruona [4] nossosiger 3ol Mojesnu obHa-
PYKUBATh 00bEKTHI HE3ABUCUMO OT UX THUIIA M pa3Mepa (Halpumep,

COCO [5]).
(5) Memnbire mpobisiem ¢ mepeodydeHmeM.

» Mask R-CNN wmenee ckionna K nepeobydenuio [11].

« Ucnonb3oBanue HECKOILKUX (DYHKIHMIT MOTEPD W IBYX3TAITHBIN TOIXO
[IOMOTAIOT MOZE/IH JIydiiie 0600IaTh pe3yabrarsl [4-6, 18]

Mogenu Mask R-CNN mpucymu 1 HEKOTOPBIME HEJOCTATKAMU, KOTOPhIE HE
ABJISIOTCA KPUTUYBIMU [IPU PEIIEHUN 3a0a49l aBTOMATU3AIINN 00pabOTKMI
M300parKeHuii, — 3T0 OTHOCUTEIHLHO HEBBICOKAS CKOPOCTH PAbOTHI U CJIOXKHOCTH
peammzanuu [19].

IToMuMO pacCMOTPEHHBIX BBINIE MOJEEH, I PEIIeHUs 3380 HHCTAHC-
CErMEHTAITNE MOYKeT ObITH UCIIO/IH30BAHA U JJOCTATOTHO MOMY/ISIPHA B TOCIETHEE
Bpems mMozess YOLO [20]. HecmoTpst Ha BBICOKYIO CKOPOCTD TIOJIYI€HUST pe-
3yJBTATOB, 9TA MOJIE/Ib 00JIATAET CYIIECTBEHHBIMI HEJTOCTATKAMEI — HEBBICOKIM
KavIeCTBOM PAaCIO3HABAHUS IPYII HEOOIBIMNX 00bEKTOB U3-332 OTPAHIMIEHHOTO
qpcia KAaHAMIATOB JJIsi O'PAHUYUBAIONINX PAMOK (J[B€) U BOZMOXKHOCTHIO
JyOMMPOBAHNS OTPAHUIUBAIONINX PAMOK [T OHOTO U TOTO YKe 00beKTa
[21]. CpaBuenue pesysbraToB pacrno3HaBaHus 00bEKTOB HEJBUXKUMOCTH,
C AHAJIOTUIHBIMU PE3yIbTATAMHE, TTOJYIEeHHBIX C UCIOJIb30BAHNEM TOCTIETHEH
Bepcun mozeaun Y OLO, npuseneno B 1. 6

3. MNocraHoBka 3agaun

Kak yxe 61710 oT™Medeno Boime, pororpaduposanue nccaeayembrx [TTTK
«PockaicTp» TeppUTOpHIl OCYIIECTBIISIETCST ¢ UCTIOJIB30BAHNEM KBaIPOKOIITEPOB.
Ksagpokonrep (Ha Moment nanmcanust crarbu — 310 Phantom 4 RTK) peasu-
3yeT JBUKEHUE [0 3apaHee 3aJaHHON TpaekTopun. Kamepa aBroMaTniecku
JIeJTAeT CHUMKH TIPU JIOCTUZKEHUH OTPEJIEJIEHHBIX TOUEeK MapiipyTa, GopMUpys
Jinbo ero mosiHoe n300pakeHue, Judo n300pakeHus HpParMeHTOB MapIIPyTa
(B GOJIBIIUHCTBE CJIyYaB C MEPEKPHITHEM ).

Henbio gannoi paboOThI SIBISETCS UCCJIEI0OBAHNE TPUMEHUMOCTH MOJIEJTH
Mask R-CNN 151 peanusainun aBTOMATHIECKON MM aBTOMATH3UPOBAHHOMN
00pabOTKY TIOJIyYeHHBIX CHUMKOB ¥ BbISIBJICHHsI HA HUX HE3AKOHHO MOCTPOEHHBIX
WJIM HE3aPErUCTPUPOBAHHBIX OObEKTOB HEJIBUKUMOCTHU. JJIst JocTUXKEHUST
[IOCTABJIEHHOM 1eJii B paboTe PElaIuch CJIEIYIONUX 3a1ad:

(1) dbopmupoBaHUe cOOCTBEHHOTO HAOOPa JAHHBIX il O0YYeHUsT MOJIEIH,
(2) anasm3a KavecTBa pabOTHI MOIEIIH,

(3) aHAIN3 PE3yIHTATOB MPUMEHEHUsT MOJIEIIN JIjIst OOHAPYKEHUsT 00bEK-
TOB HE3aKOHHOI'O CTPOUTEJILCTBA WM OOBEKTOB HEJIBUXKUMOCTH, HE
zapeructpupoBanubix B EI'PH.


https://4vision.ru/products/phantom-4-rtk?ysclid=m2h711dfcu361189719
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4. ®opmuposaHmne Habopa gaHHbIX
4.1. AHHOTMpOBaHue n3obpa>keHunii

OcHnosHuoit 3aja4eii mpu GOpMUPOBAHIT HAOOPA JAHHBIX, UCIOJIB3YEMOTIO
Jj1st OOyYeHUsT U TeCTUPOBAHUS MOJIEJIH, SIBJISIETCsI OTMETKA, WU aHHOTUPO-
BaHME UCXO/IHBIX M300PaKeHN, TIPEJICTABIISIONIee COOOM OJIUTOHATHHY IO
KOHTYPHU3AIINIO PACIO3HABAEMBIX Ha (poTorpadusax o6beKToB. TOTHOCTH
KOHTYPH3AIMHU OIpeeisieT TOYHOCTh OOHAPYKEHUsI OO bEKTOB.

B nacrosimee Bpemst cymmectByet 6osbinoe Komdectso 110, peanusyiomero
aHHOTHUpOBaHUe n3obpakenuit. s popmupoBannst Habopa JTaHHBIX OBLIO
BeIOpano 10 ¢ oTKpbITEIM HCX0aHBIM KogoM LabelMe.

IIporiecc aHHOTHPOBAHUSI TIPEAIIOIATAET TPUCBANBAHNE METKU KAXKIOMY
pacro3HaBaeMoOMy OOBLEKTY TOTO WJIM WHOrO Tuma. [Ipu anHOTHpOBAHUN
aspodororpaduii METKU MPUCBAUBAJINCH CJIEAYIONUM H-TH TUIAM 00bEKTOB,
Tabuma 1.

Tab/myA 1. Tumbl 0ObEKTOB U UX METKU

Nma meTku u IoBeT cer-
MeHTalu KJiacca
KorremkubIil mamn gadHblii JOMUK building
Terunna (IapHUK) greenhouse
Xo3dicTBEHHAs ITOCTPONKA,
TpancnopTHOE CpPEICTBO
Bacceitn swimmaing

Tun (kJyacc) o6bekTa

OCHOBHBIM THUIIOM O0OLEKTOB ABJIAETCS KOTTEIXKHDBIA MM JAYHBIA JOMUK.
OcraJibHbIe THITBI 00BEKTOB UCHOJIB3YIOTCS C IEJIBIO [TPEIOTBPAIIEHNUS JIOXKHOTO
pacrio3HaBaHUs MOCTEIHUX U C IEJbI0 BO3MOXKHOTO MPOIOJIKEHH PAOOTHI
B JITAHHOM HAITPABJICHUN.

Pesysnbrarel anHOTHpOBaHUs coxpaHsmch B ¢popmare JSON, nomuepruBa-
emoMm LabelMe. Ilpu dopmupoBannn HabOpa JAHHBIX OBLIO OCYIIECTBJIEHO
apHOTHpOBaHMe 435 MOJIyIeHHBIX ¢ KBaJjpokonTepa dororpaduii. [Ipumep
dororpadun pparMenTa JATHOTO KOOTIEPATHBA U PEATU30BAHHAS B IIPOIIECCE
AHHOTHUPOBAHUS MMOJIUTOHAJIbHAS KOHTYPHU3AINAA 2-X KJIACCOB OOBEKTOB —
JagHOro jomMuka u remmibl B LabelMe npusenens: va pucynke 1, 2a u 26
COOTBETCTBEHHO.

CdopMupoBaHHbBIiT JjIsT 00yJYeHUsI U TECTUPOBAHUS MOJIe/ I HAaOOp JTaHHBIX
IIPEJICTABIISAET COOOI COBOKYITHOCTD M3 YKA3aHHOI'O BBIIIE KOJIMYECTBA adpodo-
TOCHUMKOB 1 Takoro ke kojumdecrBa JSON-daitios B hopmare 10 LabelMe,
COJIEP2KAIIMX MaCCUBBI KOOPIMHAT TOYEK ITOJIUTOHAJIBHON KOHTYPU3AIUU 1
VUMeHa NI OObEKTOB 5-TH THIIOB.

st 0OyvueHrsT U TECTUPOBAHUS MOJIEIN ObLIO CIIyYaliHBIM 00pasoM
BoIOpano 80% u 20% 3eMeHTOB 3TOro HabOPa JAHHBIX COOTBETCTBEHHO.


https://github.com/wkentaro/labelme?tab=readme-ov-file
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Pucynok 1. ®ororpadust pparmenTa Ja9HOIO KOOIIEPATUBA,
¢ kBagpokonTepa Phantom 4 RTK

(a) @parmenT nszobpaxkenusi (6) Konrypuzarus o0beKTOB
C JAYHBIM JIOMUKOM U TEILJIHI] 2-X THIIOB

PucyHOK 2. DiemenT Habopa JaHHBIX — n300parkeHne 00bLEKTOB
U UX [OJINTOHAJIbHAST KOHTYPU3AIHs

Juarpamma pacupe/iesieHnsi Ha a3podOTOCHIMKAX 00bEKTOB, TIPUHAJIEIKAIIIX

9TUM KJlaCCaM, IIpUBE/IeHa Ha PUCYHKe 3.



32 1.B. BunokyproB \RUmEN;

12k 12470

Konuyectso

I

outbuilding vehicle swimming

building greenhouse

Knaccebl

PucyHok 3. Pacnpenenenune kiaccos Ha ¢dororpadusix Habopa
JIAHHBIX

4.2. AyrmeHTauus Habopa AaHHbIX

11 moBbIIIeHnsT 0600IIAOIIE CIIOCOOHOCTH MOJIEIN C(HOPMUPOBAH
U IPUMEHEH K M300parkeHns M U3 00ydJaroIiero Habopa JaHHBIX KOHBelep
mpeobpazoBanuii, peasn3oBandbix B nakere PyTorch. B camom magase
Ha ocHoe Merpuku IoU (Intersection over Union) ocyiecTsisioch o6pe3ka
n3obpazkenuit ¢ coxpanernem ROIL. 3areM mMpuMeHSIIUCH CTOXACTUIECKUE
Ipeobpa30BaHms 1IBETa, BKIIIOYAOIINE BAPUAIUU SPKOCTH, KOHTPACTHOCTH,
HACBIIIIEHHOCTU U I[BETOBOI'O TOHA, & TaKKe CIIydaiiHoe IpeoOpa3oBaHUe
B rpaganuu ceporo (RandomGrayscale) u BoipaBHUBaHTE THCTOIPAMMBI
(RandomEqualize).

JasnbHeiiiee yBeimyeHusi pa3Hoo0pasus 3aK/II0YaI0Ch B YMEHbIITEHUH
KOJIMYECTBA I[BETOBBIX YPOBHEH M MOPU30OHTAIBHOIO OTpayKeHus n300pakeHuit
¢ ucnospzoBaaneM MetozioB RandomPosterize n RandomHorizontalFlip coorser-
ctBerHo. [ToMumo 3Toro 6p1T0 pean30BaHO MacHITAONPOBaHKE H300paKeHNH 10
MaKCHMAJIBHOTO Pa3Mepa € COXPAHEHHEM COOTHOIIEHUS CTOPOH, JIOTOJHEHUS 10
KBaJIDATHOU (DOPMBI, 1 U3MEHEHUHU pa3Mepa J0 TPeOyeMoro ¢ UCIOJIb30BAHUEM
anTrasnacunara. Ha 3ak/II09uTeIbHOM dTalle OCYIIEeCTBIISIIOCH IIPeodpa3oBanue
Tumna gaHabiX B torch.float32 ¢ macmrabupoBannem 3HaveHnit UKCeaeil u
BaJIMJIAINS KOOPJMHAT OrpaHnInBaromux pamok (SanitizeBoundingBoxes).

5. ®@opmuposaHue n uccnenosaHme moaenu
5.1. ®opmupoBaHue mogenu

Mask R-CNN xapakrepusyercss OTHOCUTEIBHO BBICOKOM CJIOXKHOCTHIO
peasmzanuu. Kak ciencrsue, yCIelIHoe IpUMEHEHNe STOH MOJIeIH TpedyeT
TINATEIHFHON HACTPOWKHU ITapaMeTPOB M apXUTEKTYPhI ceTu. B pabore ObLia


https://pytorch.org/
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://pytorch.org/vision/main/generated/torchvision.transforms.RandomGrayscale.html
 https://pytorch.org/vision/master/generated/torchvision.transforms.RandomEqualize.html
 https://pytorch.org/vision/main/generated/torchvision.transforms.RandomPosterize.html
 https://pytorch.org/vision/stable/generated/torchvision.transforms.RandomHorizontalFlip.html
https://pytorch.org/vision/main/generated/torchvision.transforms.v2.SanitizeBoundingBoxes.html
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BBIOpaHa JOCTATOYHO OBICTPAsi M TOYHAS MOJIEJIh OOHAPYXKEeHHsT 00HEKTOB
maskrenn resnet50 fpn  v2 u3 maxera torchvision. [lisa noseimenus sadbdex-
THBHOCTU U3BJedeHus npusnakos (backbone) B sroil Momenn Gblia BLIGpata
apxurektypa ResNet-101 ¢ Feature Pyramid Network (FPN) [4]. O6mmue
HPUHIMIEL €6 HGOPMUPOBaHUsT 1 0DYUeHUs] JOCTATOYHO XOPOIIO OIUCAHBI B [22]
u [23].

Moyiess nipejiBapuTesibHO 00yueHa Ha Habope ganubix COCO [5]. s
9TOI MOJIe/I ObLIO YKCIIEPUMEHTAIBHO HAfJEHO ONTUMAJIbHOE KOJINIECTBO
300X JI000yYenHust, BeIOpanbl ontumuzarop Adam u memysnep OneCycleLR
(MeXaHU3MbI, OIPEIEIISIONINe YMEHBIIEHIE BECOB BO BpeMs 00y UeHNs i CKOPOCTh
9TOrO IPOIECCa), U3MEHEHO KOJUIECTBO BBIXOJHDBIX KAHAJIOB U HACTPOEHO
pasbuenue Jijisi SIKOPHBIX OOKCOB — 3apaHee OMPeJIeIEHHBIX MPIMOYTOTbHBIX
PaMOK, KOTOPbIE UCHOJIb3YIOTCS JJIs IPEJJIOYKEHNsI IOTeHInaIbHbIX Rol mpu
obnapyxkennu 00beKTOB Ha n3obpaxernu. Kox ¢hopMupoBanus 1 ucciie 0BaHns
MOJIE/IN HAIUCAH C UCHOJIb30BAHUEM OMOJMOTEKHN MAIIMHHOIO O0YyJYeHUs
PyTorch [24].

s adpdekTuBHOI pean3anny HHCTAHC-CEIrMEHTAIMN 00bEKTOB pas3-
JIMYHBIX MAacIITaboB, ITepBOHAYAIBHBIN cBEPTOUHBI c0it ResNet-101 6b11
momubumposan. Ilepen cioeM ¢ 10CTATOIHO GOMBITIM pa3MepoM sapa (7x7)
OB JT0OABJIEHBI HECKOJIBKO MAPAJIIEBHBIX CBEPTOYHBIX CJIOEB, MMEIOIIX
s7Ipa PA3JIMIHBIX Pa3MepOB, PUCYHOK 4, 5.

activation= relu activation= relu

dilation_rate=1, 1 Conv2D

filters= 16
groups= 1
kernel_size=1, 1
padding= same

strides= 1, 1

dilation_rate= 1, 1
filters= 16
groups= 1
kemel_size= 3, 3
padding= same

strides= 1, 1

dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size= 1, 1

activation= relu
dilation_rate= 1, 1
filters= 64
groups= 1
kernel_size= 7,7
padding= same

strides= 2, 2

MaxPooling2D padding= same

strides= 1, 1

padding= same
pool_size= 3, 3
strides= 2, 2

input_layer

Activation Activation

activation= relu activation= relu

Activation

activation= relu

PucyHok 4. Hauanpubiit cBéprounsiii cioit B ResNet-101 u
nepsblit residual-6yiok [22]

DTO HOTEHIINATBHO TO3BOJISET MOJEIN OJHOBPEMEHHO yINTHIBATH KaK
KOHTEKCTYaJIbHbIE 0COOEHHOCTHU (AP0 HX5), TaK U JeTajJbHble XaPAKTePUCTHKU
06bekToB (stapa 1x1 u 3x3). Ilomumo 3Toro, napaJuiesbHble CBEPTOYHBIE CJIOU
[IO3BOJIAIOT YCKOPHUTD CXOJIUMOCTD MOJIEJIU.

[TonbrTkM BapuaTuBHOTO N3MeHEHH residual-610KOB 9To MOIEN K KAKOMY-
Jinb0 3HAYMMOMY YJIydIIEHUIO T€TEKTUPOBAHUS OObEKTOB HE IIPUBEJIA.


https://pytorch.org/vision/main/_modules/torchvision/models/detection/mask_rcnn.html
https://pytorch.org/vision/main/index.html
https://pytorch.org/docs/stable/generated/torch.optim.Adam.html
https://pytorch.org/docs/stable/generated/torch.optim.lr_scheduler.OneCycleLR.html

e

Conv2D

activation= relu

dilation_rate= 1, 1
filter:

groups= 1
kernel_size= 1, 1
padding= same
strides= 1, 1

Conv2D

Conv2D

activation= relu
dilation_rate= 1, 1 ClanD
filters= 16
groups= 1
kernel_size= 3, 3
padding= same
strides= 1, 1

activation= relu
dilation_rate= 1, 1
Conv2D filters= 16
groups= 1
activation= relu ize=
Conv2D N kernel_size= 1, 1
::(‘3"0"?:‘9: 1.1 padding= same
iters=
groups= 1
kernel_size=7,7 padding= same
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Activation
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padding= same
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Conv2D

MaxPooling2D strides= 1, 1
Activation

activation= relu
dilation_rate= 1, 1
filters= 64 dilation_rate= 1, 1
filters= 64
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kernel_size= 1, 1
padding= same
strides= 1, 1

Activation

activation= relu
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padding= same
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activation= relu
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Conv2D

activation= relu
dilation_rate= 1, 1
filters= 64
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kernel_size=5, 5
padding= same
strides= 1, 1

Activation

Pucynok 5. Ilapanmenbubie cBéprounbie ciou B ResNet-101
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5.2. UccnepgoBsanue mogenn

st anasim3a TOYHOCTH PabOTHI MOJIEH B IIPOIECCE IIPOBEEHUS IKCIIEPHU-
MEHTAaJIbHBIX UCCJIEJIOBAHNN OCYIIECTBIISIIOCH BBIYUC/IEHNE TPEX KIIIOUEBBIX
meTpuk — Loss, mAP u CS.

Loss 8 Mask R-CNN mo3BosisieT o1ieHUTH, HACKOJIBKO TOYHO MOJIEJIH
[IPEICKA3bIBAET KIIACCH(MUKAIINIO, PETPECCUIO KOOPDIMHAT U CEIMEHTAIIIIO
06bexToB. Yem Gimke 3Havwenus sroit Mmerpuk x 0 (0%), Tem Gosee TOTHBIM
ABJIETCH PE3YJIbTAT PAbOTHI MO H. V3MeHeHne cpeiHero 3Ha9eHus STOM
METPHKH JJIsl BCEX H-TH KJIACCOB U3 HAOOPOB JIAHHBIX It 00ydeHust (train)
n tectupoBanus (valid) B 3aBHCHMOCTH OT 310XU O0YUEHHs! [IPUBEIEHO
Ha puCyHKe 6.

4.5
—&— train
4 —e— valid

3.5

25

Avg loss

15

0.5
0 5 10 15 20 25 30

Snoxa

PucyHok 6. Uamenenune cpemnero 3uadenust GyHKIUNA TOTEPH
MOJIeJIU

Merpuka mAP (mean Average Precision) siBiisiercst cpejiHuM 3HaYeHHEM
METPHUKH TOYHOCTH TI0 BCEM KJjaccaM 00beKToB. AHasornvnas mMerpuka mAP50-
95 PacCYNTHIBAETCSI IPU PA3JIMIHBIX MOPOrax MEPEKPBITUST OIPAHTIUBAIONIIX
pamok IoU (Intersection over Union) — or 50% mo 95%. O6e merpuxn
YYUTBIBAIOT KAK TOYHOCTDH (precision), tak u mosuory (recall) Ha pasinasbix
ypousx IoU. Yem Gimke 3uadenus Kaxaoi u3 srux Merpuk K 1 (100%), rem
60J1e€ TOYHBIM SIBJISETCS PE3YABTAT PAGOTHI MOJETH. 3aBUCHMOCTH METPHK
mAP u mAP50-95 jyrs Bcex KiraccoB u3 HaGOPOB JAHHBIX 00ydeHns (train) u
recrupoBanus (valid) or smoxu o6ydeHus npuBejieHa Ha PUCYHKE 7.

Merpuka CS (Confidence Score) npesncrasisier coboil BepogTHOCTb TOTO,
9TO OOBEKT MPUHAJJIEXKUT K ONpejiesieHHOMy Kiaccy. CS siBiisieTcst Mepoit
YBEPEHHOCTH MOJIEJIA B TOM, UTO MPEJICKA3AHHBIN OOBEKT JMefCTBUTEIHHO


https://torchmetrics.readthedocs.io
hhttps://torchmetrics.readthedocs.io
https://torchmetrics.readthedocs.io
https://pytorch.org/ignite/generated/ignite.metrics.IoU.html
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/precision.html#id3
https://torchmetrics.readthedocs.io/en/v1.0.0/classification/recall.html#recall
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PucyHOK 7. V3menenue cpemnero sHadeHusi MeTpuk mAP u
mAP50-95 npu feTeKTUPOBAHUM OTPAHUYUBAIONINX PAMOK

[IPUCYTCTBYET B OTPAHUYUBAIONIEH PAMKe. DTa METPUKa OCODEHHO BaXKHA
JJIsI MOJIeJiel, peasin3yIomuX JeTeKTUpoBanue 06bekToB. 3Hadenus CS
Bapbupytorcest ot 0 7m0 1 (100%); Gostee BBICOKME 3HAYEHUsI YKA3BIBAIOT
Ha OOJIBIIIYIO YBEPEHHOCTb MOJIEJIM B IIPABUJIBHOCTU CBOET'O IIPEJICKA3aHMUSI.
3aBUCHMOCTH TOI METPHUKHM JIjIs BCEX KJIACCOB U3 HADOPOB JAHHBIX O0YyYeHUs
(train) u Tecrupopanusi (valid) or smoxu ofyueHus OKA3aHO Ha PUCYHKe 8.

0.8

0.6

Avg CS

0.4

0.2

—e— train

—o— valid

0 5 10 15 20 25 30

onoxa

PucvHok 8. 3menenwue cpensero 3Havenusi merpuku CS npu
JETEKTUPOBAHUY OOHEKTOB
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B Tabmiune 2 npusejieHbl 3HAUEHUSI METPUK TOYHOCTH JIJIsI OOy TaroIe-
'O U TeCTOBOIo HaOOPOB JIAHHBIX Ha IIOCJIeHEN 3110Xe 00yUeHHsI MO/JIe/IN,
CM. puUCYHKH 6-8.

TapanuA 2. 3HadeHus: METPUK TOYHOCTHU Ha, IIOCJEIHEN SI10Xe
0byJeHusT MOIe

Ha6op | Loss | mAP | mAP50-95 CS
train | 0.741 | 0.851 0.475 0.999
valid | 0.915 | 0.753 0.416 0.991

Berunciienne 3uavenniit merpuk rounoctu B Google Colab Pro B cpene
oinosinenus T4 GPU zanumasio mpsiaka 80-100 munyT. VI3 mpuBeieHHBIX
BBIIlIe TPAMDUKOB U TAOJIUIBI CIIEAYeT, 9TO OOyUeHHas Ha COOCTBEHHOM
nabope mojiestb Mask R-CNN ob6saiaer Gostee 1eM npuemsieMoil TOTHOCTHIO
BBISIBJIEHUSI MHTEPECYIONTNX HAC O0HEKTOB HEJBUKUMOCTH Ha a9PO(hOTOCHUMKAX.
Heckoibko puMepoB JI€TEKTUPOBAHUSI JAYHBIX JIOMUKOB U3 HAOOPOB JAHHBIX
U1t 00y9IeHusl MOJIEJIN U JJIsi €€ TeCTUPOBAHUS NPUBEEHbI HA pucynkax 9 u 10
COOTBETCTBEHHO.

building

bliilding ;

(a) CS=0.998 (6) CS=0.999 (6) CS=0.999

PucyHoK 9. [erekTupoBanue 06beKTOB HEIBUKIUMOCTU Ha U300-
PakKeHUsIX U3 TeCTOBOro Habopa JaHHBIX

IIpu ucnonbzoBanuu 31oit Mogenu B 3-5% ciydaes ObLIN BbISIBJICHbBI
He3HAYUTEJIbHBIE OIMHOKY, IIPOABJIAIONINECS B BU/IE HEBEPHOH HICHTH(MUKAIINN
00'bEKTOB MJIM HENPABUIILHOI cermMeHTalun rpaHuiipl. [losisiienne atux ommbox
CBSI3aHO C IJIOTHOCTBIO PACIIOJIOKEHUA CEIMEHTHPYEMBIX 0OBEKTOB, C HEIOCTa-
TOYHO IIPEJICTABUTEILHBIM HAOOPOM JAHHBIX, HAJIMIUEM IIIYMOB HA CHAMKAX


https://colab.research.google.com/
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; building.0:999

building

(a) CS=0,999 (6) CS=0,997 (6) CS=0,999
PucyHok 10. /lerektupoBanue 06bEKTOB HEIBUKIMOCTH HA M300-
ParKeHUsIX U3 TeCTOBOro Habopa JAHHBIX

1 HeIOCTATOIHON PE3KOCTHIO 0bJIacTh m300parkeHus. MaTpura ormmboK
JETEKTUPOBAHMA O6’beKTOB HEJIBUKNMOCTHU Ha I/I306pa}KeHI/IHX U3 TEeCTOBOI'O
Habopa JaHHBIX ITOKa3aHa Ha pucyHke 11.

Konuuectso

swimming 0 1 1 0 82

2000

vehicle 2 3 2 281 1

1500

outbuilding 4 3 400 2 2

cTuHHbIe Knaccbl

1000

greenhouse

500

building| 20 15 9

building greenhouse outbuilding vehicle swimming

MpepckasaHHble Knacchbl

PucyHoK 11. Marpura ommboK MO /It TECTOBOTO Habopa
JTAHHBIX

[Ipumep HeBepHOI neHTUMUKAIIMN JJIsT HECKOJIBKIX 00BEKTOB KJIACCOB
greenhouse, outbuilding n vehicle npusenén Ha pucynke 12. Jlerko 3ameruTsb,
910 BCe 00BEKTHI Kiacca building, n3-3a MOCTATOYHO OOJIBIIIONO UX KOJMIECTBA
B oOy4aromemM HabOpe TaHHBIX, HICHTUMUIUDPYIOTCSI BEPHO, UTO SBJISETCS
BIIOJTHE JOCTATOYHBIM JIJIsI TIOCTABJICHHON BBIIIE TIeJI PAbOTHI.
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PucyHok 12. PegysnbraThl eTeKTHPOBAHUS O0BHEKTOB PA3HBIX
tunos Ha ¢ororpadbun dbparmeHTa TAUHOrO KOOMEpATHBa (CM. PH-
CyHOK 1)

6. CpasHenne c mogensio YOLO

Mopesb rmy6okoro obyqenust YOLO B Hacrosinee BpeMsi HHTEHCHBHO
passuBaerca u HapasHe ¢ Mask R-CNN mMoxKeT ObITh MCHOJIB30BAHA, JIJIST
peasm3anuu IeTeKTUPOBAHUS 00BEKTOB HEIBUKIMOCTH Ha a39POdOTOCHUMKAX.
WccreroBanusi, aHAJIOrTIHBIE TPUBEIEHHBIM BBIIIIE, ObLIN IPOBEIEHBI U JIJIst
mozienu yololln-seg or Ultralyticsc. Ha pucynke 13 npueieHbl 3aBUCHMOCTH
guadernit Merpuk TouHoct MAP 1 mAP50-95 npu nerekTUpoBaHUN OTpAHU-
YUBAIONIIX PAMOK OObEKTOB HEJIBUYKUMOCTH OT 310XU 00ydenus. VI3 aroro
PHUCYHKAa BUIHO, 9TO 9TH METPUKU JOCTUTAIOT 3HAYEHUHN, COIMMOCTABUMBIX
¢ nosrygerrbiMu Mogesibio Mask R-CNN, Ha 601bIlieM KOJIMYECTBE 3I10X.

JloCTaTOYHO YACTO MPHU AHAJN3E MOy IeHHBIX PE3YIbTATOB ObLIN BBISBIIE-
HBI CJIyYau COOTHECEHUsI OOHAPYZKEHHOI0 0ObEKTa ¢ PA3HBIMU KJIACCAMU.
Ha pucynke 14, orobpazkaronieM pe3yIbTaThl JeTeKTUPOBAHNS, AHAJIOTHIHDBIE
IPUBEJISHHBIM Ha PUCYHKE 12, BUIHO HECKOJIBKO TaKuX Ciaydaes (Hampumep,
¢ obbekTamn Kaaccos building u outbuilding). Ilpu uccnenoBanun pesysbTa-


https://docs.ultralytics.com/models/yolo11/
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PucyHok 13. l3menenue cpegHero suadenus merpuk mAP u
mAP50-95 monesin YOLO 1pu 1eTeKTHpOBAHUN OrPAHUIMBAIOIIAX
pamoK

TOB, IOJIydeHHbIX ¢ ucnosb3oanneM Mask R-CNN uu ofHOr0 anagoruvHoro
ciaydas BbIsBIeHO He Ob110. Kpome sroro, mpu aHaam3e 10CTATOYHO DOJIBIIOrO
KOJIMYECTBA PE3YJIbTATOB JIETeKTUPOBaHUsl, ObLIO 3aMedeHo 6osiee TouHOe (110
10%-15%, cm. pucynku 12 u 14) onpezesierne Macok 06beKTOB MoOJesbi0 Mask
R-CNN mo cpasrenuto ¢ YOLO. HenpasuibHoe (HETOYHOE) OIpejiesieHue
macku o0bekTa MoxkeT ObITh KpurudabiMm i VIC TIITK «Pockamactps.

B menom, monens YOLO or Ultralystics ocraBuiia 6jaromnpusitHoe
BIleUaT/ICHHE POCTOTON UCHIOIb30BAHUA U HAJMIUEM IOTOBOTO (DYHKIIMOHAJIA,
JUIST TIPOBEJIEHUsT SKCIIEPUMEHTOB M AHAJIU3 TIOJyIeHHBIX PE3y/IbTaToB. B pase
CIIy4aeB, B 3aBUCHMOCTH OT CIIeIU(UKHA pemaeMoii 3amauu n Habopa JaHHBIX,
ucnoJibzopanue Mozaesaeit YOLO mo3BosseT MoJyduTh HEMHOIO JIy IImuit
pesyibrart, no cpasHenuio ¢ Mask R-CNN [25].

7. MNpakTnyeckas peanusauus pesyibTaToB

PesynbraTnl, mosmydeHubie B X0Ae pabOT MO MOBBIIEHUIO 3DPEKTUBHOCTH
OOHAPYKEHUsT KOTTEPKHBIX U JAYHBIX JIOMUKOB Ha a3PO(MOTOCHUMKAX C UC-
noJib3oBanneM Mozeau Mask R-CNN, Obuiu peasin3oBabl B 6eTa-BepCcun
onmoit u3 nogcucrem undopmanuonnoil cucrempr (MC) IIIK «Pockagacrps.
OcHOBHasI TIeJTb ITOH MOJICUCTEMBI 3aKJII0YAETCS B OIPEJIEICHNN HAJIMIUS
peructpaiuu 00bekToB crponTenbcrBa B KI'PH. B sToit moncucreme peanusy-
eTcsl IIPOIIECC, BKJIIOYAIONINN opToTpancOopMUpOBanue, Co3/lanme udpoBoit
mogean mMectaoct (IIMM), nosrydyenue Touek NPUBSI3KK U PACIET KOODAUHAT
00bEKTOB HEIBIKUMOCTH [26].
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PucyHok 14. PegysnbpraThl AeTeKTHPOBAHUS O0BEKTOB PA3HBIX
TUMOB ¢ ucnoiab3oBanueM Y OLO

®@ororpadus, creIanaas ¢ KBaIPOKOIITepa, pa3duBaeTcs Ha HEKOTOPOe
KOJIN4IecTBO (bparMeHToB (TailyIoB), KOTOPBIE AHAIM3UPYIOTCS Ha IPEJMET
HaJIMYHs WM OTCYTCTBUS HE3APErUCTPUPOBAHHBIX 00beKTOB. Pasmep rtaitra
B IIUKCEJISIX OIMPEIEIAETC MACIITabOM M300PaXKeH!s U JeTEKTUPYIOMUMHA CIIO-
cobrocTsiMu Mozesn. Pasbuenue dororpaduu Ha hparMeHThl 060CHOBBIBAETCSI
€€ DOJIBIINM Pa3MepPOM, KOTODPBIH MOYKET COCTABJIATD HECKOIBKUX COTEH THICAY
nukceseil u pasmepa, gocruraomuMm 1T. [Ipumep obHapyKeHus HE3aperucTpu-
POBAHHOIO JIAYHOI'O JIOMHUKA Ha OJIHOM U3 (pparMeHToB adpodOTOCHUMKA
IIPUBEJIEH Ha PUCYHKe 15.

3aknoyeHne

B nannoit pabore 6b11a IpOBEIEHA OIEHKA BO3MOXKHOCTH UCIIOJIH30Ba~
aus mogenun Mask R-CNN ¢ uzmenénubim backbone st oOHapyxenus u
CerMeHTaIuu Ha a3POMOTOCHUMKAX KOTTEJKHBIX U JAYHBIX JOMUKOB. Jlirst
00yIeH!sT MOIEN OBLI CO3/IaH COOCTBEHHBI HAOOD MAHHBIX, BKITIOTAIONTII
B cebst m300parkeHusi 0ObEKTOB 1 X aHHOTaruu. [IpoBeieHHbIE UCC/IE0BAHUS
nokazaiun, aro Mojeab Mask R-CNN ycnemso cupasiisieTcst ¢ 3amadeit
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PucyHok 15. Ilpumep BbIsiBiIeHUSI HE3aPETUCTPUPOBAHHOIO
JAYHOrO JOMUKa Ha pparMeHTe adpodOTOCHUMKA

WHCTAHC-CETMEHTAITNH, JIEMOHCTPUPYSI IPUEMIIEMYIO TOTHOCTD 110 METPUKAM
Loss, mAP, mAP50-95 u CS.

Pazpaborannast 6era-sepcus mogcucrembr UC TITTK «Pockagacrps» Ha base
Mask R-CNN wucrosibdyer 3Ty MOJesIb JIsi PACIIO3HABAHUSI 0O'bEKTOB HA U300-
pPaKeHUsIX, MOy I€HHBIX C KBaIPOKOIITEPA, UTO CYIIECTBEHHO COKPAIIAET
BpEMsI ¥ PECYPChI, 3aTpadnBaeMble Ha BbISIBJIEHUE HEJIETaJbHON U HE3aPEeru-
CTPUPOBAHHON 3aCTPOMKM, W MOBBIMAET 3(PPEKTUBHOCTH pabOTHI IO KOHTPOJIIO
32 UCIOJIb30BAHUEM 3€MEJIbHBIX PECYPCOB.

HanbHeiimue uccyemoBanust mo npuMmenennto mogean Mask R-CNN 6yayT
HAIIPaBJIEHbI Ha MIOBBIIIEHNE €€ TOYHOCTU B Pe3yJIbTaTe PACHIMPEHUs] U OITHMHU-
zanuu obydJaroriero Habopa JAHHBIX, & TaKyKe Ha MHTErPAIAIO ITONH MOJIen
B CYIIECTBYIOIIHE CUCTEMbl MOHUTOPUHTA U KOHTPOJISI 38 UCIOJIH30BaHUEM
3eMeJIbHBIX pecypcoB. KpoMe Toro, mepcrneKTUBHBIM HAIPABJICHUEM SIBJISIETCS
pazpaboTKa aJrOPUTMOB ABTOMATHIECKON BepuUKAIMY PE3yIbTATOB PabOThHI
MOJIEI, OCHOBAHHBIX Ha cpaBHeHHN ¢ manabivu EI'PH.
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Beepenne

HemnpepsiBao Bo3pacraromue 06beMbl BBIYUCIEHUN O0YCIABINBAIOT
HEOOXOAUMOCTD ITOBBIIIEHUST ITPOU3BOIUTEILHOCTH BBIYUCIUTEHLHBIX CUCTEM.
OaHo0 U3 HalpaBjeHUul B 3TOH J1edATeIbHOCTH — Ppa3paboTKa U IPUMEHEHNEe
cucrosmyeckux Maccuos (CM). Borpocam paspaBorku CM pazauarHOro
Ha3HAYEHUs ITOCBSIIEHO HeMaJo paboT, TaK KaK OHU ABISIOTCS OIHUM
u3 Haubosiee 3MEKTUBHBIX CPEJICTB PellleHnsl yKa3aHHOH nmpobsembr [1-8].

OHOM M3 BarXKHEWIUX 33139 BBIYMCIATEHLHON JIMHEHHON aJireOphbl
SIBJISIETCS PEICeHUe CUCTEM JIMHEHHBIX anrebpandeckux ypasaenuit (CJIAY).
IIycts MaTpuiia cucTeMbl

Ar=f
HeBBIpOXK IeHa, u N —ee mopsiiok. s ocymecrsienns QR-pasioxkenust
MaTpuibl A Mbl GyJIeM UCHOJIB30BATH IPeoOpa3oBaHus (MATPUIIBI) BPAIIECHU.

Bsenem o6osnadenns A0 = A, Q;ﬁ ; — IpeobpasoBaHue BPAIIEHUs,
AHHYJIMPYIOIIEE ¢-I0 KOMIIOHEHTY j-Or0O CTOJIOIA MATPHIIBL.

Hnsga j =1, N — 1, i = j, N Boraucjisiem:

11 T oy
x:a§_] (S L A S
[ 2 2 [ 2 2
x5 + x; x; + x;
- . (j—1,i—-1) * (4,9)
aa k=3,N: x=ag . y=S85x, ap’ =y.

Ilo 3aBepIiennn 3T0il MPOIEALYPHI MMOJIYIUM BEPXHIOIO TPEYTOJIHHYIO
marpuiy R = AN=LN) - cpasannyio ¢ nexoanoii coornomennem B = S* A, rie

S=05812...5,n523...5nN...S5N—2,N-1SN_2 NSN_1,N-

Ciesryer ckasarTh, YTO B JINTEPATYPE JJIsl TIPEJICTABIEHUST MaTPUIIBl A
B Bujle nipousBesieansd A = QR, e (Q u R— oproroHajabHas U BEPXHsIsT
TPeyroJibHasi MATPHUIIEI COOTBETCTBEHHO, IMUPOKO NpuMeHsiercst tepmul QR-
pazsoxenue. Creyst 9T0i Tpaunum, npousseenne Q* A Mbl OyjieM HA3BIBATD
QR-ymporenunem marpunbr A.

[pencraienusiii criocod QR-paziioykeHust MATPUIBI CUCTEMBI yPABHEHUIH
MOXKeT ObITh 3 PEKTUBHO pean30BaH allapaTypHO B CHCTEMAX PeajbHOTO
BpeMeHu, (bOpMUPYIONNX IJIOTHBIE TOTOKH JaHHbIX jyis pernerns CJIAY
C IJIOTHBIMYU MaTPUIIAMU HEOOJIBIION pa3MEepPHOCTH.

Bropoii obsacreio npumenenusi QR-paziiozkeHust MaTpHIbI, OYEBHIHO,
siBJistioTcst 3aaan perienust CJIAY 60JbInoil pa3MepHOCTH ¢ pa3pesKeHHBIMU
marpunamMu. JIjisi perennst TaKuX CUCTEM IIPUMEHSIFOTCS UTEPAIMOHHBIE

0 — npomssosbubiit BexTop, 10 = f — Az® un

"t =2"4+y", n=0,1,2, ....

MeTompl. [lycts x
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B 1poexImonHbIX MeTO[aX BBIYUC/IEHUE TIOMPABKU Y CBOJUTCS K MTOCJIEJI0-

BAaTEJIbHOMY PEIIEeHUI0 TPEX CUCTEM JIMHEHHBIX ypaBHEeHUI

Vow™ 20" Hpz" 2w", V>iyh ="
rie V,, — ncesmooproronaiibuas Marpuna, 1" = f — Ax™ u H,, — HekoTOpasi
[JIOTHASI HEBBIPOXK/IEHHAS MATPUIA [OPSIIIKA M, IPUYEM 11 HEBEJIUKO.

W3 Tpex BhIIE MPEICTABIEHHBIX CUCTEM HANOOJIEe TPYIOEMKUM SIBJISIETCS
pettienne Bropoii cucreMbl. CucreMbl JTUHEHHBIX ypapuenuit H,z" = w",
n=20,1,2,..., 0003HAYEHHOTO TIOTOKA MOTYT OBITH PenieHbl ¢ moMoIIbio QR-
pazjioxKeHust MaTpuiibl H,,, peajim30BaHHOIO almapaTypHO Ha, CIIEIUAIBLHO
paspaboTaHHOM BBIMUCJIMTENBHOM YCTPOHCTBE (CHCTOIMYIeCKas MATPUIA
Hexenrinbmena—Kywnra [9)]).

O6ocHoBaHMe 3asIBJIEHHOTO YTBEPIK/IEHUST YIIPOIIIEHHO PACKPOEM CJie-
myforuM obpazom. s peasm3zariun nmpeobpa3oBaHus BPAIEHUS BEKTOPA
paspaboTaHo crernuaabHoe BerancauTesnbaoe yerpoiicrso CORDIC, koTopoe
[IPOM3BOJINTCH B JABYX Bapuantax: R1, aHHyJHUpyIOliee BTOPYIO KOMIIOHEHTY
BXOJTHOTO BEKTODa, 1 R2, paboTaoliee B PeKAME «IXO».

T
Ha Bxox R1 mocTymaloT KOMOOHEHTBI T U Y JIByMEPHOT'O BEKTOPA [ .
Y

z .
Ha BEIXOME TTOJTydaioT BEKTOP o ez = sign(x)y/x? 4+ y2, n mapamerps
IpeoOpa3oBaHNs BPAIICHHS C I 5.

U
Ha Bxonm R2 mocTynaiT KOMIIOHEHTHI ¥ U ¥ JBYMEPHOI'O BEKTOPA u
v

mapameTpbl Tpeobpa3oBanus Bpaiienus: ¢ u S. COOTBETCTBEHHOIO HA BBIXO-
c s

U U
Jle TI0JIy4aloT BEeKTOop | _| = " IrapaMeTpbl Ipeodbpas3oBaHUS
v —s c| |v

BpallleHUs € U S.

Yerpoitcteo CORDIC ocyriecTsiisieT BbIYUCIEHTE KOMIOHEHT BEKTOPA 32
2m TaKTOB, IJle M — KOJUIECTBO Pa3psifoB, OTBOIUMBIX 10 MAHTHCCY MAIIMH-
weix gncesi. YerpoiicrBa CORDIC nmosmyanin npuMeHeHne B CHCTOJIUIECKOM
crpykrype (Mmarpune IxxenTibMeHa—KyHra), IpuMeHsieMOR JJisl IPUBeEIeHUST
MaTPHUIBI K BEpXHEMY TPEyTrOJbHOMY BHY. DTU yCTPOHCTBA B KOHBEEpHOM
BapuaHTe CIIOCOOHBI 0O6pabaTHIBATH MOTOKN JAHHBIX BLICOKOI IJIOTHOCTH, HO
Pa3sMepHOCTh CUCTOJUIECKON CcTPYKTYphI JIxkenTibMena—Kynra (oHa paBHa
2) IpensTCTBYET Peau3aliy 3TON CIIOCOOHOCTH YKA3aHHOI'O YyCTPOCTBA.
Bpixomom u3 3T0ro moJioKeHnst MOYKeT CJIyKHATh IePexo/ K MPUMEHEHUO
TPEXMEPHBIX CUCTOJIUYECKUX CTPYKTYP.

Ciuenyer ckasarb, uro Hegmocrarkom meroma CORDIC seastercs we
CJIMIIIKOM BBICOKAsI CKOPOCTH CXOJMMOCTH (JJIsI JIOCTUKEHUST IIPUEMJIIEMOIT
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ToyHocTu Tpebyercs 2m urepanuii). COOTBETCTBEHHO 9TOMY 3alepKKa
BBIYHUCJIEHHOTO pe3yiabrarta Ha Boixoze ycrpoiicrea CORDIC cocrasur 2m
TakToB. OJHUM U3 aBTOPOB 3TOM CTATHU PA3pabOTAHBI MOIUMUKAINSI METO/IA
CORDIC, no3BosmBITiast COKPATUTH YUCIO UTEPAAIT 0 M, U COOTBETCTBYIOIIEE
eil yCTPOMCTBO, 00eCIIeInBaioniee BO3MOXKHOCTD IOy YUTh BbIYUC/IEHHBII
pesynbTar 3a m TakTos [10-13]).

Bomosasist 5Ty pabory, MBI IpeceoBasIn Mejlb 00ecnednTb 00paboTKy
MTOTOKOB JIAHHBIX BBICOKOH MJIOTHOCTH Tpu ocyinecTieHmn pertenns CJIAY.
Hocruxkenne 9Toil 11€11 MBI BUJIEJIN B DEIIEHNN 3a/1a9i Pa3pabOTKU CHCTOJIINYe-
CKUX CTPYKTYD, UCHOJB3YIOMNX B KadecTBe (DYHKIMOHAIBHBIX YCTPOWCTB
(®Y) CORDIC-ycrpoiicTBa KOHBEIEPHOTO THIIA WM UX YKA3AHHYIO BBIIIE
Momudukammo [10-12].

1. OcHoBHble nonoXxeHus

B cucrommgeckux maccuBax B coctaB @Y BXoasaT PyHKIMOHAILHBIE
asiemenTsl (D), KOTOpBIE 1107, BO3AEHCTBIEM BXOJHBIX CUTHAJIOB U CUHXPOHHU-
3UPYIOMINX UMITYJIbCOB, HA3BIBAEMBIX TAKTOBBIMU, [EPEXOAT U3 MPEIbLIYIIEro
COCTOSTHUSI B ITOCJIEIYIOIIEE.

Ilycts T, u T),41 — MomenTsl noctymiaenus aa @D m-ro u m+1-ro
TAKTOBBIX UMITYTbCOB. [Ipomexxkyrok Bpemenn AT = T,,11 — T, HA3BIBAIOT
M-M TaKTOM.

CumBostamu Ips 1 Ogs obosnavaior Bxoa un Beixon PO, Obozmadenne
Ips(m) = a o3navaer, uro Ha Bxo7 PO Ha m-oM TakTe (OOBIYHO B HAYATE
npomexxyTka AT) mocrynaer curtas (4uciio) a.

[Mox, Bo3AEiicTBHEM CUTHAJIA @ U M-TO TAKTOBOrO MMIy/aIbca P ¢ reuennem
Bpemenu At MepexoiuT B HOBOE YCTONYMBOE COCTOSIHUE, KOTOPOE HabJII0AI0T
Ha ero Boixoge. Ipu srom nurnyr Ogs(m) = b, tae b— curnan (9uciio)
Ha BbIxoge P HA M-OM TaKkTe, COOTBETCTBEHHO Af HA3BIBAIOT BPEMEHEM
cpabarbiBanus ©I. Brmosnenne vepasercTBa At < AT Ha3BIBAIOT YCIOBAEM
cpabarbiBanus O,

ITepexonst kK hOPMaTBHOMY M3JIOXKEHUIO, MOCIEIHEe MBI MOYKEM 3aIllNCATh

TakK.

JIEMMA 1.1 (o cpabarssanuu @), ITycmo Ips(m) = a. Ecau At < AT,
mo Ogpz(m) = 0.

Beipaxenne Ips, <= Ogpn, (Ops, => Ips,) 03HadaeT, uro Bbixom P
coeannHen ¢ BxonoM PIsy.
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OUPEAEJIEHUE 1.1. Ecau wa m-mom maxme Ha evxode @ noseasemcs
pesyaomam b (m.e. Ogps(m) =b), mo e20 mvL 6ydem HA3VIBAMD MAKIMOM,
nopostcdarougum pesyasvmam b npu omobpasiceruu P (0bosnauenue m =

= ind s (b)).

JIEMMA 1.2 (o mokambHOM B3ammogmeiicteuu @D). Hycmo Ips, <= Ops, -
Ecau Ips, (m) =a u Ogs, (M) =b, mo Ips,(m—+1) =b.

ONnPEAEJEHUE 1.2. Konsetiepom C moi 6ydem Ha3u8amyd GYHKUUOHANDHOE
yempoticmso, npedcmasasousee coboti nocaedosamenvrocms DO

C:{Fh,...,Fl}: [Fp-H <:OF,,; p=1, h—1.

Coomsemcemeenno Ic = Ip, — 6200, Oc = OF, — 6vix00, u h — dauna koneetiepa

C.

Bxopsmue B cocras koupeiiepa (CM) GyHKIMOHAIBHBIE 3JIEMEHTHI
B 00IIEM CJIyvae UMEIOT PA3/UIHOE BpeMs cpabaTbhiBaHusl. Borpoc o BeIOOpe
[IPOJIO/IKUTEILHOCTU TaKTa, OOIMEeil /I KOHBeiiepa, pa3peniaeT CJIe Iy oIas

JIEMMA 1.3 (0 HeobxoaumoM ycoruu (byHKITMOHUPOBAHUS KOHBefepa).
ITycmwb xonsetiepnwti svruucaumens C ¢ pecyrapubim 2pagom cocmoum u3 n
PYHKUUOHAAOHOT daemenmos, npuvem At;, i = 1, h — epems cpabamviearus
i-20 anemenma, u cnpasedausv, coomuowernus: ay = Fi(a), aa = Fa(ay),

o ap—1 = Fp_q1(ap—2), b = Frp(an—1). Ecau Ic(m) = a, u At < AT, 2de
At > max {Aty,...,Atp}, mo Oc(m+h—1) =a, =b.

Jle#cTBYsI TI0 MHIAYKITHE, OYEBUIHO, TPUMEHSIS IPU 3TOM JeMmMbl 1.1 n 1.2,
MBI JIOKA2KeM YTBEPKJIEHUE TTOCTIeTHENH JIEMMBI.

Ecau Ir(m) = a u Or(m) = a, 10 OYHKIHOHATIBHBINA dj1eMeHT R
Ha3BIBAIOT JIEMEHTOM 33JIePXKKH, a KoHBeiep LD, npejcrapisiomuii coboit
TOCJIE/IOBATE/TBHOCTD JIEMEHTOB 3a7epKKn R = {Ry, ..., Ri}: Ir,, , <=
<=Og,, p=1,h—=1,I1p = Ig,,OLp = OR,,, Ha3bIBAIOT JIUHUE} 33/1ePHKKH,
cooTBeTcTBEHHO I, p — BX0stoM, O, p — BBIXOIOM U I — JUINHOM JIMHUU 33JIEPIKKU.

2. QR-ynpouwieHne matpuubl Ha TpexmepHom CM

ITockouibKy Ha3HAYEHHEM IIPE/JIAraeMOr0 HIKE CUCTOJIMIECKOTO MACCHBA
npsimoro xoma (CMIIX) gaBjisieTcst IpuBeieHre MATPUIIBI CUCTeMbl Ax = y
K TpeyrobHoMy Buiy (ran 1) mpexiie BCero Jjisi peasu3anuu HOC/IeLYIONero
obparHoro xoja (dram 2), U UpHU OCYNIECTBICHUU STANA 1 IIPOUCXOIUT
TpaHcdOopMaIns BEKTOpa Y, KaK U BCEX BEKTOP-CTOJIOIOB MaTpUIibl A, MbI
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chopMupyeM pacIIipeHHy0 MaTPUILY [A y] DTy MaTpHIly, KAaK U PaHee, MbI
OyzeM o6o3HaYaTh CUMBOJIOM A, a BekTOp y cuurarb (N-1)-M crosbiom

pacimupenHoi MaTpunbt A.

2.1. Kondwmrypauyua CMIMX

st peaqmzanun QR-ympoineHust Mbl IPUMEHUM TPEXMEPHYIO MATPUILY
@Y R, cocTaB 3JIEMEHTOB KOTOPOIi, OIMCHIBAETCS COOTHOIIIEHUSIMMT:
LD V3, ecau i =k,
Rijp =Rl Vi, ecnj =k,
R2 B OCTaJIbHBIX CJIyYasiX,

rie

k=1, N—1,i=FK N, j=Fk N+1.

B nensax ynporenus (eauHoobpasus) JaJbHERIIero u3/oKeHus Mbl Oyaem

OPpUACP2KUBATHCA CJICTYIOIINX COTJIAIIIEHUIA:

k=T, N—1, i=k
j=Fk N+1.

IRi,,j,k = IQR@,]‘,M ORi‘j,k = OlRm‘,k?

DyHKIIMOHAJIBHBIE YCTPONCTBA CBA3AHBI MEXKIY COOOI CJIEIIyIOINM

06pazoM.

(1) OgaOoypoBHEBBIE (FOPU3OHTAJIBHBIE) CBA3MU:

O3ps  =>I3pe ., k=T N-1 i=k+tLN, j=kN,
p=1,m, (HanpaBsieHne — BIIPaBo);
Olp,,,=>INp, ., k=T, N—1, i=k+1, N—1,
j=k, N+1, (manpassierne — Brepes («BHU3 )).

(2) MexypoBHEBBIE CBSI3H:
O2p k=1, N—-1, i=k+1, N,

j=k+1, N+1, (manpasJieHuE — BHUS).

vin = A2R; s

Bxonsr CMIIX:
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Boixoasr CMIIX:
Olry, . k=1, N-1, j=k N+1,

OzRN,N,N—l? OQRN,N+1,N—1'

2.2. OcHosuble csoiictea CMIMX (mapwpyTtusauyusa n pacnucatuve
OBUXKEHUS JaHHbIX)

IIycts Tpebyercs: ocymecreuth QR-ymporenne maTpury
Al Al

3 ey g e e

Onucanne ceoiicte CMIIX npesmosiaraer npuMeHeHNe IEPEMEHHBIX:

t,t — HOMepa TaKTOB,

T, T — HOMepa YUPOIIAeMbIX MATPUIL (pPeIaeMbIX CHCTeM yDaBHEHNIH).

Host onmcanus csoiicts (Texumveckux xapakrepuctuk) CMIIX, npencras-
JISTOTITUXCS HAM OCHOBHBIMHY, OMPEJIEJIIM CJIEIYIONTNE BEeTMIIHbBI:

AT — IIPOJOJIZKUTEJILHOCTD MOPOXKAECHUA YIPOIIEHHON! MaTpPHUIlbl, OlIpe-
JeJIIONIasics mo (popmyiie AT =k, — kp + 1, tie kp— HOMEp TaKTa,
Ha koropoM Ha Bxoj CMIIX mocryraer mepBblii 9J1eMEHT YIIPOIIAEMOii
MaTPHUIbI, k. —HOMEDP TaKTa, Ha KOTOPOM ITOPOXKIAETCS TTOCTIE THUT
3JIEMEHT YIPOIIEHHOW MaTPHIIHI;

P — 1OpousBOAUTENHLHOCTD, OIpejie/sieMas KaK KOJUIECTBO SJIEMEHTOB
YIIPOIIAEMbIX MATPUIL, CUCTEM YPABHEHUI, ITOSBJISIIONINUXCsT HA BBIXOJIE
(BbixOgaX) CMIIX OHOBPEMEHHO.

BBICKABBIBAHUE 2.1. ITycmo

() npodossrcumenvrocmo AT maxma wa CMIIX ydosaemsopsem Hepaser-

cmey
AT > Aty
2de Aty — npodoadcumesbHocmsd 8peMeNt, CPadAMBEAHUA CYMMAMOPA.
(it) das ecexl = 1,2,..., 1 =1, N—1, 7 = 1, N+ 1 swnosnaromcs
COOMHOULEHUSA,
(1) I2g, ;,(t) = aj;, ede
t="h(i—1)+1,

T=t—h(i—1)—(-1),

npuuem coommuowenus (1) onpedeaenwv dan ecex l,i,5 : 7 > 0.

Tozda
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1) onnscex k=1, N —1
OlRN,j,k(ﬂ = bz,p
2Ry xs1w-1 (MN + (N =2) + (1 = 1)) = by v,

O2Rx yirw—a (BN + (N =2)) +1) = b 1,
t=h(N+(k-1)+(U-1),
Fef—h(N4(k=1)=(G—1)+1;

2) npodoasicumenvrocmo npouedypo, QR-ynpowenus mampuyve AT pacna

2hN + N + 1 maxmam;
3) npoussodumesvrocms CMIIX P pasna (N 4+ 3)N/2 caoe 3a maxm.

2de

3AMEYAHUE 2.1. 3HaueHus 8eausuHr NYHKMOS 2) U 3) svickadviearus 2.1
NOAYYEHDL NPUMEHERUEM AeMMbl 1.5.

3aknoyeHne

B npeacrasrernom CMIIX 3a cuer yBemmdaenust pazmeproctu CM 1m0 Tpex
JIOCTATHYTa MAKCAMAJIbHO BO3MOXKHAS IJIOTHOCTH HOTOKOB JBU2KEHUSI TAHHBIX.
Ona orpaHudena MpoIOJIKUTETLHOCTHIO BBIMIOTHEHNS OIIEPAIAN CJIOXKEHU S
At . ComnocraBiisisi yIIOMSIHYTYIO BO BBejieHnn MaTpully Jlxenrabmena—Kynra
¢ CMIIX, MBI BUIUM, 9TO IPOU3BOIUTEIHLHOCTE pa3paborantnoro CMIIX
B n X 2h Boime, yem y CM Ixxkentiibmena—Kynra. B n pa3s Bbime 3a caer
yBEJMUIEeHNsT pA3MEPHOCTH MACCHBA, JI0 TpeX, U B 2h pa3—3a cueT HosiBUBIIEHCS
IIPH 9TOM BO3MOYKHOCTH YBEJUYUATH IJIOTHOCTH [TOTOKA JAHHBIX B 2h pas, rie

m nyist yerpoitcrsa CORDIC,
m/2  aya mopudunuposannoro CORDICa,
M — KOJIMIECTBO JBOUIHBIX Pa3PsJIOB, OTBOJUMBIX 07 MAHTUCCY IUCIIA.

ITposoust 0630p mybGMKamuii ocaeHIX JieT 1o peanusanun QR-pazioxenus
Ha TPEXMEPHBIX CUCTOJNYECKUX MaccuBax ¢ ucnosb3zoBanneM CORDIC-
YCTPOHCTB, MBI OGHAPYKUJIH CJIEIYIOIIEE MTOJIOKEHHE JIEJI.

B pa6ore [14] npeiyioxkena apXuTeKTypa ABYMEPHOIO CUCTOJIMYIECKOTO
MACCHBa, KOTOPBIH MOXKET ObITh UCHOJIB30BAH B CBEPXOOJIBIINX MHTEMPAJIbHBIX
cxemax (CBUC) misa annaparnoil peanusanuu ajropurma QR-pasioxkenus
KOMILIEKCHBIX MaTpwul. [IpemokeHtass apXuTeKTypa saBjisgercs 3hOeKTUBHO
qus peanmmsaimn B CBUC, Tak kak ucnosbdyer Toibko anropurm CORDIC u,
CJIEJIOBATENIBHO, HE UCIIOJIB3YEeT ONeparuii yMHOXKeHsI. PaccMaTpuBaeMblit
CHUCTOJINIECKUT MACCUB OCHOBAH HA METOJIE TPEYTOJIbHBIX KOMILIEKCHBIX
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BpAIIIEHUIl U TO3BOJISET TOJIYIUTh 3HAYUTE/IbHBII BHIUTDHINIT B IPOU3BOIUTE b
HOCTH 10 CPABHEHUIO ¢ TPAJMIINOHHO UCIIOIH3YEMbIM METOJIOM KOMIIJIEKCHBIX
Bpamenuit ['userca.

B crarbe [15] uccaeayercst cneruduaeckoe NCKIIOUEHUE JIEMEHTOB IS
pelleHus JuHelHOl aJredpandeckoii cucreMbl Buja Az = b, rne marpuna A
3aJIaHA CYMMOIi 7 NAPHBIX NPOM3BEIEHUH TEIIMIEBBIX TPEYrONbHbIX (HIZKHEN
U BepXHeit) MaTpHIL IOpsaaKa n. IIpeyioxken aaropuT™, Tpebyonuii b
(3m —2) n? YMHOXKEHUI U TAKOrO Ke JYucja cyoxkeHuit. [ljis cummeTpruyHoi
Marpuipbl A 1pezyiozKeH ajropuTs, Tpedyonuii sumb (2m — 1) n? yMHOXKenmit
1 TAKOTO K€ IHCIIa, CIOXKEHUiT. AJTOPUTMBI 00JIATAI0T PETYISIPHON CTPYKTYPOit
U JIONYCKAIOT NapaJielbHyo peamusanuio 3a O(nm) maros.

B paborax mHOCTpaHHBIX ABTOPOB IIPE/ICTABJIEHBI PE3YIBTATHI 110 IPAK-
Tudeckoil peajusanun QR-paziioxkeHusi Ha JIBYMEPHBIX CHUCTOJIUIECKUX
MaCCHUBaX.

B crarbe [16] naHOo onmcaHue JByMEPHOI'O CUCTOJNIECKOTO MACCHBA.,
peasmzosansoro Ha [IJIVC Xilinx Virtexb u npejHasHadueHHOrO JIJIsl peajn3aiun
QR-pasiioxkeHus ¢ UCIOJb30BAHUEM aIrOPUTMa BpalleHus ['npeHca.

B pa6ore [17] npencrapiieHa yIydilleHHAsT ADXUTEKTYPa CHCTOIXIECKOTO
MaccuBa it peasmmsarun QR-pasitoxkennst Ha OCHOBE METO/a BPAICHUsT
Tusenca (GR) s pelicrBurensraoii Mmarpuibl 4 X 4. Asropurm nudpoBoro
kommbiorepa Bpamenus koopaurar (CORDIC) npunar u mopudunupoBan st
yckopenwus u yuporienus mnporecca GR.

B crarbe [18] mpejcraBieH yuydnieHHBIH anapaTHbiil au3aiid ¢ Gukcu-
poBanHoll TouKoil QR~paziokeHust, CleruaIbHO ONTUMUAZNPOBAHHBIN J1J1sT
IIJINC Xilinx. AnropurMm Bpainenus ['uBeHca peajgn30BaH ¢ UCIOJIb30BAHIEM
CcBepHYyTOro cucrojimaeckoro maccusa u ajgropurma CORDIC.

B crarbe [19] mpencrapiena napasiesbHas apXUTEKTYPa CUCTOIMIECKOTO
maccuBa QR-pazsoxkenns ma ocroBe ajropurma Bpamienus: [ userca na I1JIC.
IIpemyiaraemast apXuTeKTypa UCIOJIB3YeT HpsiMoe oTobpazkenue 21 mporeccop-
HBIX eJIuHuIl ¢ pukcupopanHoi Toukoil Ha ocHoBe CORDIC, koTopbie MoryT
BoruncyATh QR-pazioxkenue st jeificrBurebHON MaTpuIisl 4 X 4.

ITo TpexMepHBIM CHCTOJIMIECKIM MACCHBAM MbI OOHADPYKUJIM TOJIBKO TPU
paboThI

B [20] npeiozkena apxuTeKTypa TPEXMEPHOIO CUCTOJIMYIECKOTO BHIYUC-
JINTEJIsT TUCKPETHOTrOo mpeobpazoBanns Pypbe HA OCHOBE KPOHEKEPOBCKOI'O
[IPOU3BEEHUST MATPUII.

Apropsl B crarbe [21] coobimaror, 9To MU OGHAPYZKEHO CJIEJLYIOIIEe.
CHCTOTMYeCKUT MACCUB KaK YPOBEHb IIPOTPAMMHOI BUPTYAJIU3AITH MOYKET
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IIPUBECTU K YPE3BBIYAIHO MacHITabupyeMoii apa/iurMe BbITOJIHEHUs. JTo-
OBl IIPOJIEMOHCTPUPOBATH 3TY MAaCHITAOUPYEMOCTH, OHU CIIPOEKTHPOBAJIN
U peajin30BaJIl BUPTYaJIbHBIA TPEXMEPHBII CUCTOJIUYCCKUNA MAaCCHUB JJ1d
peanmuzanuu QR-pazioxenus. Ha mamuue Cray-XT5H mpomeMoncTprpoBaHo,
9TO BUPTYAJIBHBIN CHCTOIUIECKUI MACCUB MOXKET ODECIIeUUTh TPEBOCXOIHYIO
IapaJLIeJIbHYIO IIPOU3BOIUTEIBHOCTD.

B paGore [22] paccmorpena peanuszanysi HLS apXuTeKTypsl TpeXMEpHOTo
CHCTOJIMYECKOI'O MAaCCHBa JJIs yYMHOXKEHUsI MATPHIl, KOTOpas HalleJeHa
na onpezenenabie xapakrepuctuku [IJIMC Intel Stratix 10, aTobb cozmaBaTh
TTPOEKTHI, KOTOPBIE JJOCTUTAIOT BHICOKOMH MTPOITYCKHOM CIIOCOOHOCTH C TIIABAIOIIeit
TOYKOM.

[IpencraBienunit amaan3 myOaIUKAITA TOCTEIHIX JIET TTO3BOJISIET CACTIATH
BBIBOJI, YTO ITOJIyIYE€HHBIE B HAIEH PabOTe PE3Y/IbTATHI sIBISIOTCS HOBBIMU.

TlomBesem nroru nposesianHoil padborsl. s npuBeaeHnsT MaTPUIBI
CJIAY Kk BepxHeMy TpeyroJibHOMYy BHJy pa3paboran TpexmepHbiit CM,
OpPHEHTHPOBAHHBIN Ha MPHUMEHEHNE B CHCTEMAaX PEaIbHOIO BPEMEHHU C XKeCTKUMU
TpebOBaHUSIMU KO BPEMEHH PEaKIINU, & TAKYKE B BBIYUCIUTEIHBHBIX CHCTEMAX,
ocymectsisiforux perteare CJIAY 6osbIinoi pazmepHocTr. BoimoHeHHAST
paboTra nMeeT OUEBUIHOE IIPOIOJIKEHNE — IIPOBE/IEHIE TPOEKTHBIX PA0OT It
[IOCJIEIYIOITET0 M3roToBIeHus paspaborannoro CM B «xkemezes.
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Beepenne

Cucremsbr noggepkku npuastus perrernit (CIIIIP) ucnonp3yroress Bo
MHOTHX Cepax JIesI0BeUeCKOil JeaTeTbHOCTH. VX HMOMyJIsipHOCTh HEYKJIOHHO
BO3pACTaET. DTO CBA3AHO C MACCOBOI KOMIbIOTEpHU3aIneil pa3Hbix cdep
Haleil XKU3HU: TMOJUTHKA, COTBAINTA, 3paBoOXpanenne, o0pa3oBanue u
mpoyee. Beé GoutbIne Jirozieit BOBJIEKAIOTCS B POIIECC IPUHATHAS BaYKHBIX
pelleHuii, OJJHOBPEMEHHO pacTeT OTBETCTBEHHOCTH 3a WX IOCJeJcTBus. 1lpu
9TOM MHOrHe 00JIACTH MHTEPECOB U JIeATEeJNbHOCTH (3/paBooXpaHenue, o6pa3o-
BaHUE, IOPUCIPYACHIA, KyJbTypa U Jp.) ¢aabo HhopMaan3yeMbl 110 CBOEi
cytu [1-7]. HakomieHHbIe B 3TUX OGJIACTSIX 3HAHWS U JAHHBIE TPEOYIOT
CIENUABHBIX CPEJICTB JJId UX IIPEICTABJIEHIs, OPTaHU3AINA TOCTYIIa K HUM U
WCIIOJIb30BaHus. BiajieHne 3TuMu CpeJiCTBAMU, OCHOBAHHBIMY Ha, 3HAHUSIX,
HEOOXOIMMO JIJIsT IPUHSITHST TPAMOTHBIX, B3BeleHHbIX pernennii. [losTomy Tak
BaXKHbI MHTEJUIEKTYAJIbHBIE CUCTEMbI, CIIOCOOHBIE OKA3ATh ITOMOIIh JTUIAM,
NPUHUMAIONIMM PeIlleHnsi, B 0co0eHHOCTH B npeaMeTHbIX obsactsx (IIpO6ar)
C BBICOKOI OTBETCTBEHHOCTBIO 38 UX MOCJIEICTBUS.

B nmociemmne rogpr pa3suTie MeIUIMHCKON peabmInTalind IPUBIEKAET
3HAYNTETbHOE BHUMAHHUE, aKIIEHTUPYsICh Ha BaXKHOCTU MTEPCOHAIU3AINN 1
pPaHHEro HAYAJa TOTO MPOIECCA. DTH MPUHITUIBI OTPAYKAIOT III00ATbHBIE
TEHJEHIINU B MPEIOCTABICHUN PEAOUIUTAIIMOHHBIX YCIYT B PA3TUIHBIX
HAIMOHAJIBHBIX CUCTEMaX 3/ipaBooxpanerus. OHU 3aJI0’KEHbI B COBPEMEHHBIE
CTAHJIAPTHI MEIUIIUHCKON PeabUINTAIINN; AaKTUBHO ITPUMEHSIIOTCS KITMHIIe-
cKue pekoMmenganuu [8,9], opueHTUpOBaHHbIE HA MAIUEHTA U HAIEJICHHBIE
Ha yJIydIleHne pe3yJabTaroB peabuimranuu [10].

Panmee Havano peabuIMTAIIMOHHBIX MEPOIIPUITHI CIIOCOOCTBYET OBICTPOMY
U TIOJTHOMY BOCCTaHOBJIeHUIO (hyHKIH opranu3ma. [lepconanmsanus mporecca
peabuyinTallil OCHOBAHA HA yUYeTe WHINBUIYAJbHBIX OCOOEHHOCTEN IaIfeHTa,
obecrreunBas MaKCUMAJIBHO 3ddexkTuBHOE BoccTaHoB/IeHNE. [lepconannsu-
POBAHHBIE TPOI'PAMMBI JIEUCHUS BKIOYAIOT (POPMYyJITMPOBAHUE ITUATHO3A,
[IOCTAHOBKY IleJIell U IJIAHUPOBaHUe BMEIIATEIbCTB, YAEJIsIOT BHUMAaHKIE
YILYIIIEHUIO B3AUMOJIEHCTBUST MEXKJIY MAIMEHTOM U TEPAIIEBTOM, — BCE 3TO
urpaer KJOYeBYIO POJIb B JIOCTHKEHUN PeabUINTAIMOHHBIX 1esteii [11].

CoobrecTBo pa3pabOTUYNKOB HHTEJIEKTYaIbHBIX CHCTEM pa3padaThiBaeT u
arpobUpyeT MOJIEIN U METOJIbI JIJIsl CO3JIAHUsI CUCTEM TIO/JIEPXKKU peabu/in-
Taliy TAITUEHTOB, CIIOCOOCTBYIONINX TEPCOHATUBAIUN JAHHOTO MPOIECCa.
s dpopmupoBanust 060CHOBAHHBIX PEKOMEHIAINH UCIOJIb3YIOTCS 3HAHUSI,
COOTBETCTBYIOIINE PEATbHBIM 3HAHUSIM CHEIUATUCTOB B 3TO obnactu. B kade-
crBe 9(bPEKTUBHOIO MHCTPYMEHTA JJIsl IPEJICTABICHUSI CJIOYKHBIX 3HAHUH 1
UMUTAIAA 9€JI0BEIECKUX PACCYKICHUN 3aPEKOMEHI0BAIN ¢e0sl OHTOJOTNICCKIE
Mozemn. Takue MOsIe/ N BKIIIOYIAIOT B ¢ebsl IpaBUIa CTPYKTYPUPOBAHHOMN
opraHuzanuu uHGOPMAIUK, a TaKXKe €€ WHTEPIPETAu U JIOTHUYECKOrO BBIBOJIA
[12].



KOMIJIEKC OHTOJIOIMI AJIA PEABUJ/IMTALIMW TNEPEHECIINWX WMHCVYJIBT 63

ens paboThl — IPECTABUTD KOMILIEKC B3aMMOCBSI3AHHBIX OHTOJIOTTIECKIX
MoJIesielt, (hOPMUPYIOMUX OCHOBY IJIs Pa3pa0OTKN MHTEJIEKTYAIBHON CHCTEMbI
IIO/IJIEP?KKHU 11€PCOHUMUITITPOBAHHOIO IPUHATUS PEIIeHUil 11 peabuInTaumn
MMAITUEHTOB, [I€PEHECITINX UHCYJILT.

Martepuanbl n metoabl

Jlist pa3spaboTKu KOMILIEKCA OHTOJOTUIECKUX MOojesell, GopMUpyommx
OCHOBY CHCTEM TIOJJIEPXKKH [TPUHSTHsI BPAYEOHBIX PEIleHuil B peaduInTaiun
MAIMEHTOB, [IEPEHECINX WHCYIIbT, Hy?KHO BBITOJIHEHUE 33/1a4:

(1) IIpoananusupoBaTh IIPEeIMETHYIO 0DJIACTD, BbIJEJIEHHBIE TOHSITHS 1
CIPYHIINPOBATh UX II0 TUIIAM.

(2) CozmaTh KOMILJIEKC OHTOJIOTHI JIjisi IPEJICTAB/IEHUsI 3HAHUI JIJIsi peabuiu-
Talluy NAIMEeHTOB, IE€PEHECIINX MHCYIbT.

Ananns npeaMeTHON 001acTi IePCOHUMUITIPOBAHHON PeabUInTAIII
MAIIMEHTOB MOCJIe HHCYIbTa IIPOBOINUJICS HEITOCPEICTBEHHO C SKCIIEPTAMHU,
00TATATOIIMMY TTPAKTUIECKUAM OIIBITOM PEADMINTAINN U TPUMEHEHUST KINHITIe-
CKUX PEKOMEH AN U CTAHIapTOB MEIUIIMHCKON PeaOUINTAIINNA, U CTAJI
MIPOJIOIKEHNEM PabOTHI KOJIJIEKTHBA IO CTPYKTYPUBAINN U (POPMATITIAITAT
3HAHUI O MATOJOTUSIX CUCTEMbI KPOBOOOpAIIEHUSI.

Cozanne KOMILIEKCA OHTOJIOTMYECKAX MOJIeJIell TIpeJicTaBiisier coboit
OnMH 13 HanboJIee MHTEJUIEKTYAJIbHO CJIOXKHBIX U OTBETCTBEHHBIX TAIIOB
[POEKTUPOBAHUS CHCTEM TIOJJIEPIKKU MPUHSTUs BpaueGHbix pemennit (CIIIIBP).

PazpaboTka KoMILIEKCa OHTOJIOTHUH Bejach Ha 00JIaTHOIT 11aTdopMe
TACPaaS"™, peayiusyronieil By XypPOBHEBbIN TIOIXOJ JIJIsI IPEJICTABICHUS 1
dopMupoBaHUs JAHHBIX U 3HAHUIL, TJ€ YPOBEHD, OIPEEJISIONIIN CMBICII HOHATUI
IIpO6ur u ux 3aBUCUMOCTEl, Olpe/iesisieT (POPMY U3JI0KEHUsT THAMOPMAIIII
HA yPOBHE JAHHBIX U 3HaHWIT. [[OCKOIBKY IIpU TAKOM TIOIXOJIE OHTOJOTHIECKAs
MOJIeJIb SIBHO OTJIEJIEHA OT TeHEPHPYEMBIX Ha ee OCHOBE PecypcoB (KOJUIeKIuil
JIAHHDBIX, 3HAHWI, JIOKYMEHTOB), 00ECIEUMBACTCS HE3ABUCUMOE DA3BUTHE
BaXKHBIX KOMIIOHEHTOB cucTeMbl (pucyHok 1) [13], B wacTHOCTH, 3TO TIO3BOMISAET
MOIMDUIINPOBATEH 3HAHUsI, HE BHOCSI W3MEHEHUI B IPOTPAMMHBIN KOJI.

IIpemiaraeMbiii OHTOJIOTUYECKHIA TOJIXOJ B COYETAHUHU C 00JIAYHOCTHIO
miatdopmbr TACPaaS naioT BO3MOXKHOCTH HE3ABUCUMOTO yYACTHUS B Pa3pa-
0OTKe IpyIiaM CIEINAINCTOB PA3HBIX KOMIIETEHIINH, BKJIIOYas SKCIIEPTOB,
MpeIoCTaBIISIONuX U onennBatonux 3uanusa [IpO6i. Iloaxon obecneunBaer
CBSI3BIBAHUE, COTJIACOBAHHOCTH W IOBTOPHYIO MCIIOJIB3YEMOCTh OHTOJIOTUYECKITX
KOMIIOHeHTOB [13].

Jlyist bopMaJIbHOIO TIPEeICTAB/IEHUsI OHTOJIOTHIECKUX MOJIeJIel UCIIOJIb3YeTCsI
sa3bIK onucanust Meranadopmarmu [ACPaaS — oprpadosoit Mosenn crsi3eit
nonusituit [14,15]. d3bik npegocrasisier cpencTBa crenuduKAIu MOJIeIen
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PucyHOK 1. OHrTOMIOrMYecKuii JBYXyPOBHEBBIH MOIXO K (hOPMHU-
POBAHUIO JAHHBLIX ¥ 3HAHUI: OTIE/IEHUE IPEJIMETHBIX 3HAHUN OT
3HAHUHA O METO/AX pelleHus 3a1a4 [13]

OHTOJIOTHIl B OpPMeE pa3sMeUeHHbIX HEPAPXUIECKUX OprpadoB: pa3zMeTkKa
ompenesisieT npaBmia (GOPMUPOBaHUs OPrpadoOB IeJIeBOil NHMOPMAIIUH.
dopmupyemast Ha OCHOBE MOJIeJIell OHTOJIOTHII CeMaHTHIeCKass NHMOPMAIIUs
(marpumep, 3uanug [IpOGJI) upeicTaBIgeTCst TAKOTO 2K BUJIA HEPAPXUUECKUME
oprpadamu.

CocraB KOMILIEKCa OHTOJOTHIECKUX MOJIesell, T0CTaTOTHOro st hop-
MUPOBaHUsT KOMIIOHEHTOB CUCTEM ITOJIIEP>KKH PEIIeHui 1o peabuinranun
MTAIMEeHTOB, ONpEeIesIeTcs CaeayomumMn hakTopamu. IIpex e Bcero, He0OXO-
JUMO ODECIIeYNTh BO3MOXKHOCTH CTPYKTYpPHU3AIuu 1 (bOPMAJIM3aINN BCei
HEOOX0 MO MHMpOPMAIUK O TAKTUKE BEJICHUS ITAIIMEHTOB, [T€PEHECIITNX
WHCYJIBT, 8 TaKKe O KJOYEBBIX XapaKTEPUCTUKAX UCIOIB3YEMBIX JIJIsT 9TOTO
MeTOIOB nccseoBanus. COOTBETCTBEHHO, JO/KHA ObITH obecredeHa BO3MOXK-
HOCTb IOJIJIEPYKKU BHECEHUsI TAKOW HH(MOPMAIMY O NAIJMEHTE, COXPAHEHUSI
B BUjie MHMOPMAIMOHHBIX PECYPCOB U (DOPMUPOBAHUS OTYETHBIX JOKYMEHTOB.

Jtst 06eCIIeIeHHOCTH JAHHBIX IIPOIECCOB HEOOXOANMBI CIIPABOYHUKN
U «TEPMUHOJIOTTYECKUE» 0a3bl: YHUKAJIbHBIE (CJIOBAPD KAJI00 MAIMEHTA,
1abJIOHBI OCMOTPA, CHEIUAJIUCTOB MYJIBTHINCIUILITHAPHON PeabUINTAInOHHON
komanofi (MJIPK), npoToKo/bl 3aK/II0U9€HIN OCMOTPOB U JIP.) U YHUBEPCAJIb-
upie (cupasounuk MexpyHapoanoil kiaccudukanuu GyHKIMOHUPOBAHNUS,
OrpaHUYeHHi KU3HEeATeIbHOCTH U 310poBbs (MKD)).

Pecypcbr fist mojiiepkku BHECEHUS KJIMHUYECKUX JAHHBIX JTOJIZKHBI
COEePXKATH OIMCAHUE IMKAJ U METOAUK OCMOTPa, 00C/IEJOBAHUS U OIIPOCa
TAIEeHTOB. Pecypenl I JOKyMEHTUPOBAHNS U XPAHEHUS KIIMHUIECKIX JTAHHBIX
JIOJIPKHBI OTPAKATh MEIUITMHCKYIO PEeadMINTAIIMOHHYIO KapTy. Pecypcsr st
COTPYJHUYIECTBA PEADUIUTAIIMOHHON OPUTAITBI JOJIKHBI OTPAXKATE YIACTHUKOB U
pomm M/IPK B mannom mporiecce. Pecypchl 1 HHTEIIEKTYAIbLHON IO IEPIKKI
JIOJIZKHBI cojiepkarh 3Hanus [IpOour.
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Bribop n npumenenune obsaanoii mrardopmbr IACPaaS st cozmanus
CIITIBP naer BO3MOXKHOCTB HE3ABUCHMOI'O YIACTHUS PA3HBIM PYIIIAM CIIEIHa-
JINCTOB KaK MPAKTHIECKOTO, TaK W HAYIHOTO 3BEHBEB 3apaBooxpameHus. Jls
CO3/IaHUSI PECYPCOB MEPEIUCTCHHBIX TUTIOB YYACTBYIOT IKCIEPTHI, HHKEHEPHI,
HayJHBIE KaJIPbI.

PesynbTratbl

CoBMECTHO CO CIIEIMATIMCTAMH [IPAKTUIECKOTO 3/PABOOXPAHEHHS [TPOBE/ICH
CUCTEeMHBIH aHam3, GopMan3alis U CTPYKTYPU3AIHA PeadUINTAIIHOHHOTO
rporiecca OOJIBHBIX, TIEPEHeCIUX UHCYIbT. HeoTHOKpaTHO epecMOTPEHBI U
YTOYHEHbBI HAOJIIOIEHNUsI, X XapPAKTEPUCTUKU C BO3MOXKHBIMY 3HAYEHUSIMU,
BayKHbIE KaK JJIsl OMUCAHUs MMATOJIOTUIECKUX MPOIECCOB, TaK U CaMOil
MIPOTIE/YPhl PEADMINTAIINN TIPY JAHHON TATOJIOTUN.

[MomMuMO TIpeIMETHO-OPUEHTHPOBAHHBIX CTPYKTYP JIJIs 3HAHUH, JIOKYMEHTOB
U HOMEHKJIATYPBI TEPMUHOB, TIPIMEHSIEMBIX CIIEIIHAJINCTAMHE, OBLIN OIIPE/IeIeHbI
CTPYKTYDBI JJIsl JEKJIAPATUBHBIX PECYPCOB-KOMIIOHEHTOB, 00€CIETHBAIOIIIIX
rubKOCTh U MacITablpyeMoCThb IporpaMMHoil «gactuy (komuonentos) CIITIBP,
B 9aCTHOCTH HOJIb30BaTeIbcKoro unrepdeiica (GUI).

B pesysiprare 6n11 chopMUpoBaH KOMILIEKC MOIEJEH OHTOJIOTHN U
OHTOJIOTUIECKUX 0a3 3HAHUH, JTAHHBIX U TEPMUHOB, HEOOXOUMBIil JIJIsT WHTEJ-
JIEKTYAJIBHO MOJJIEPYKKY PUHATHSI BPAYeOHBIX PEIeHM IpH peadbuinTaiun
MAIMEHTOB, IEPEHECITNX UHCY/ILT. [0THBIH epedeHb cCeMaHTHIECKIX MOJIesIei
[pejcTaB/ieH Ha PUCYHKe 2 (CTpeJKaMi CXeMaTUYHO YKa3aHbl X CBA3U
¢ pecypcaMu Jpyrux ypOBHENd).

OHTOMNOrus OHTORnormns OHTONorus d)opMaT
KIMHUMETPUK 3HaHui MK®- peabunuTaumoHHon aAMUHUCTPUPOBaHUA
AVarHoCTUKN KapThbl NauneHTa MOPK
Korexuus. o Konnexkyus -~ _ _ _ B
uaMepumesnsHbIX 6asa 3HaHull PpeabuUmauUOHHbIX npuKasel
mecmos MK® duazHocmuku gopmuposarus MAPK

Kapm nayueHmos

\

MK® cnpaeo4Huk cueHapuu ocmompa

NpOrpaMMHbIE KOMMOHEHTbI peluaTens nporpaMmHble KOMMNOHeHTbl GUI J

e —
OHTONOrUsi CNPaBOYHUKOB apantauum GUI

OHTONIOrnA pewiarens

OHTONOrUS TEXHONOTMM Pa3paboTKu NPOrpaMMHbIX CUCTEM C Bazamm 3HaHWi

Pucyaok 2. CxeMma KOMILIEKCA OHTOJIOTHUA
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O‘ZLHI/IM U3 TVIaBHBIX 9TallOB pe&6I/I.HI/IT3J_[I/H/I IIaleHTa ABJIdeTCd IIOCTaHOBKa
PeabMINTAIMOHHOTO AUAarHO3a C HCIIOJIB30BAHUEM KOJIMPOBKH IIO JIOME-
HaM MexayHapogHoit Kaaccudukanun pyHKITMOHUPOBAHUSI, OTPAHTICHUH
Kuznegesreasaoctu u 310poBbst (MK®). B orimune or Mextynapoanoii kiac-
cudburanuu Gosesneit 1 Mexaynapomnuoit Kiaccudukanuu HapyeHuii (Bepeust
1980 1), KOTOpBIE COCPEIOTOYEHBI HA IOCJEACTBUAX HOJIE3HE € ITUONOrTIECKON
touku 3pennsi, MK® mpeiaraer kiraccuduKanuio KOMIIOHEHTOB 3/I0POBbs 1
oneHMBaeT (PyHKIIMOHNPOBAHNE U OrPAHUYICHUS JKU3HEIESITEIbHOCTH Y€I0BEKA,
UCIIOJIb3Ysl Ororicuxoconuabablil moaxo. Ocuorrast 1ejs MK® — uarerpamnus
JAHHBIX O COCTOSTHUU 3JI0POBbsI U JUHAMUKE 3a00J/IeBAHUS C yIeTOM OHO-
JIOTUYECKUX, COIUAIbHBIX U JJUIHOCTHBIX aCIIeKTOB. PeabuinTalinoHHbIi
JIUATHO3 TIPEJICTABIIAECT COOO MOIPOOHOE OIUCAHNE HAPYIIIEHUN CTPYKTYD U
GbyHKIHUI OPraHOB U CUCTEM, BO3HUKINUX y MAIHEHTa [10CJIe HHCYJIbTA. DTU
HaPYIIEHUs IPUBOJAAT K OIPAHUYEHUIO aKTUBHOCTU U YYACTUA, & TaAKXKe
YUIUTHIBAIOT (PAKTOPHI OKPYKAIOIIEHl Cpebl, KOTOPbIE MOI'YT KaK 00Jerdarh,
TaK U 3aTPYAHSATH BBIIOJHEHNE ITAI[EHTOM IIOBCEIHEBHBIX 331249 U (DYHKIUIT
[16].

Cdopmuposan pecypc — onrosiorus 3Hanuit MK®-auarsoctuku (pucy-
HOK 3a), OTParKalomuii CTPYKTYPY 3HAHUH, IIO3BOMISIONUX BBIIBUATATH THIIOTE3bI

'V MK®HaseaHue «< {CMUCOK} A
¥ MKokon {ANBTEPHATUBA} » b1300 Bonegoit ypoBeHb |MK§1>HaaBaHMe] 13
¥ Cumnromokomnnekc {CMUCOK} » b5500 Temneparypa Tena [MKdHa3BaHue]
» daKT-HabriopeHme «< » b51051 MMoTakme yepes rmoTky [MKdHassakHve]
b COBMEETHMOCTD SNEIAGHTOR » b51050 MMoTakve Yepes pot [MKdHassakve]

» b51058 Mmotanue apyroe yrodHeHHoe [MKdHassaHue]
'D
'V d4200 lMepemellieHre Tena B nonoxexnn cuas [MKdHassaHme]
» d4200.02 [MKdKop]
» d4200.23 [MKdKop]
» d4200.24 [MKdKop]

cnucka: r
Y dakT-HabnogeHne «< {CNUCOK}

P XapaKTepucThKa «<

» GYHOHUMbI «<

¥ KauecTBEHHOE 3Ha4eHWe «< * {CIMTUCOK}

P CHHOHUMBI v d4200.34 [MKbKog]
orucams n1eMeHm Crucka: v 1[G innexcl
» Uucriosoe 3HaueHve «< 'V COBMECTUMOCTb SIIEMEHTOB *
¥ bann « {CrUCOK} 2 0e KONM4ECTBO (COpT: Lienoe)] *
T (CopT: Uenoe) ¥ MHpekc MoGunbHocTh Pusepming [daKT-
A0 (copT: Lenoe) ¥ Tun HabnioaeHus
6ann (copr: Lenoe) Tecr (Tvn: CTpokoBoe)
» 1-2 [Bann]

onucame aeMeHm CrucKa;
BpeMeHHON acnexT «<

¥ Tun Habnionexns {ANIbTEPHATUBA}
CMOTP (TUN: CTPOKOBOE)

TECT (TUN: CTPOKOBOE)

¥ LWkana paeHoeecus bepra [dakT-Habniogenve]
¥ Tun HabnioaeHus
TecT (Tun: CTPOKOBOE)
V¥ 5. 3aaHue: NepececTb €O CTyNa C NOANOKOTHUKaMK Ha CTyn 63 NOANOKOTHUKOB 1

v

6. N » 0 [Bann]
06 (Twn: CTPOKOBO) ¥ Lkana Gaprena [®akT-
3aBoneBaHune (TUn: CTPOKOBOE) ¥ Mepexon e cwpa P
naronorusi (TUn: CTPOKoBoe) * » 0-1* [Bann] o

MeTpuKa (TUn: CTpoKoBoe) ™
BpeMeHHOW thaKT (TUn: CTPOKoBOE) *
BbITUE (TUN: CTPOKOBOE)
Bpa3 KU3HM (TUN: CTPOKOBOE) *

» d4100 MameHeHve N03bI NPH NONOKeHMN Nexa [MKdHaseaHue]
» 42401 Mpeoponenne cTpecca [MKdHassaHme]
¥ d450 Xonsba IMKdHassaHwel

(6) dparmMeHT HOPMUPYEMOTO pecypca
(a) pparMeHT OHTOJIOTHHU

PucyHok 3. ®@parmentsr orTosorun MK®-aunarnoctuku u
dopMupyeMoro Ha ero oCHOBe pecypca
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0 HAJIMYUH OIIPE/IEJIEHHOIO HAPYIIEHUsI, KOJIMPYEMOT'O KJIaCCU(MUKATOPOM
MK® B pamrax unresutektyanbuoil nogaepxkku M/IPK. Ou npexncrasiser
HabOp OTHOIIEHUIA, JJOCTATOYHBIX JIJIsl CBSI3bIBAHUSI JIEMEHTOB KJIUHUIECKOM
KapPTHUHBI TAIUEHTa ¢ cOOTBeTCTBYOMMUM KojjoMm MK® ¢ ompemennTesem
CTENEHU TSIYKECTH.

Pecypc rpynmupyer 3uanus mop yanavmu-seprmaavu: B, D, S, E — MK®
JIOMEHBI: (DYHKIMK OPraHu3Ma, CTPYKTYPhl OPraHu3Ma, aKTUBHOCTb M yYaCTHUE,
daxTophl OKpyKatomei cpeabl. MudopManns COOTBETCTBYET 3JIeMEHTAM
CTPYKTYPBHI:

MK Onaseanue — kom u umss MK® knaccudukaropa;

MK k00 — puarnocrupyembiii ko MK® knaccuguraropa ¢ COOTBETCTBYIO-
IIUM OIPEIETUTEIEM;

Cumnmomoromnierc — nIpeaHasHadeH Jjisd TPYIIUPOBKHA KJIMHUIECCKN
3HAYMMBIX HAOJIIOIEHNIT, BKIIIOYasi PE3YIbTATHI TECTOB.

Daxm-nabarodenue — eIUHAIA, OTPAXKAIOMIA KJINHIYECKH 3HAYNMBIE
JIaHHbIE TanuenTa. Kaxkoe HabJI0eHIe MOKHO BBHIPA3UTh KaK B IIPOCTOM
BapUaHTe ero OIUCAHUs, TaK U MCIIOIb3ysI MHOXKECTBO 3JIEMEHTOB HJIA
XapakKTepUCTUK. Pe3ysibTaThl IPOBEJIeHNs] TECTUPOBAHUS BO3MOYXKHO
yKa3aTh KakK I10 UTOTOBOMY 06aJly, Tak U 10 PE3yJIbTaTaM OTACIbHBIX
BOIIPOCOB.

Tun mabarodenus — NpeJCTaBIIeT NPUHAOAEHCHOCT K KATETOPUH, TAKOM
KaK Mempuka, HACAEICMBEHHOCTL, 00pa3 HCUSHU, Aa0OPATNOPHOE
uceaedosarue, UHCMPYMERMAALHOE UCCAEA0BAHUE, TECT, OCMOMP,
3abosesarue U T.1.) Juist AudbEPEeHIMPOBKI BBOJUMBIX JI€MEHTOB;

Baan — ycnosnas enunuia, uciosb3yemMast s OLNPEIeICHIs Beca Pe3yJIbra-
TOB TECTUPOBAHUSI;

Cosmecmumocms 3AeMeHMO6 — ACIONb3YeTCs IJIs OIPEICICHN IIOTHO-
TBHI JUATHOCTUPYEMBIX COCTOSIHUAN Yepe3 OlpeesieHe COYeTAeMOCTH
HabJoeHui. VCrob3yoTes CaeLyIomue Onpeae/eHust: MUHUMAALHOE
Koauuecmeo, A0bot, ece.

3HaHUs O TPABUWIAX KOAUPOBAHUS HAPYIIEHU OPTaHN3Ma HAIUEHTa
SIBJISFOTCSI HE3aMEHUMBIM PECYPCOM JIJIsl TOJJIEPYKKY IPUHATHN pereHnii
B pabore MJIPK npu peabuymmranuu mocse mHCysabTa. Ha pucynke 36
npejicTaBiieH GpparMenT 6a3bl 3HAHWI HA OCHOBE ITPEJJIOYKEHHON CTPYKTYPHI.
Knunnaeckue Jannbie, NCHOJIb3yeMble B JIMATHOCTUKE OIIPEEIEHHOTO KOJA
MK® chopmain30BaHbl U MpeJICTaB/IeHbl B (hOpMaTe, IPUBBIYHOM CIIEIHAIICTAM
peabusurosoram. Kazxkiipiii Tect /mKaia uMeer cTporuii mopsaaok UCCIeLyeMbIX
mapaMeTpoB U JaHHbIE 00 MHTEPIPETAIINN Oy I€HHBIX PE3YJILTATOB.

[IpemycMoTpeHbl MEXaHU3MBI TLJIAHOBOTO PACITUPEHUS W YTOYHEHUsT Oa3bl
sHaHuil. CrenuajncTbl 9Toi KOMIETEHIINN U 9KCIEPTHI TOTOBAT OOHOBJICHIE
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3HAHUMI O JANATHOCTUYECKHUX METO/JaX U BHOCAT UX B HE3aBUCHUMbIC O6ﬂaquIe
pecypcnl mwiardgopMbl IACPaaS. Ilocie onenuBanust u anpobanuu 3HaHUR
Ha KOHTPOJIBHBIX TECTOBBIX CJIydYasdX OOHOBJIEHHBIE PECYPCHI 3aMEHSIOT PAHEe
BHEJIPEHHBIE KOMIIOHEHTDHI CUCTEMBI.

CdopmupoBan pecypc — OHTOJIOTUST KJIMHUMETPUH — JJTsT TPABUI POPMAITH-
HOTO OIIMCAHUsI NIKAJ-TECTOB ¢ MHTepuperanueii (cM. pucyHoK 4a).

¥ Tect c unTepnpetauuei {CMUMCOK} A
¥ MynkT {CTNTMCOK}
Bonpoc (copT: cTpokoBoe) «<

¥ LUkana komel FOUR [TecT c uHTEpnpeTaunen] B
¥ [nasusle peakyyu (E) [MyHkT]
OueHHUTh MasHsle peakyuu [Bonpoc (copT: cTpokosoe)]

TMoapoBHoCTH (COpPT: CTPOKOBOE) =
b OTBET =
¥ Onun Bonpoc us rpynnsl * {CNUCOK}

Bonpoc (copT: CTPOKOBOE) «=
MoapoBHocTy (copT: CTpoKoBOoE) «=
¥ Oteet «= {CMMCOK}

TEeKCT (copT: cTpokosoe)

Bann (copT: yenoe)

MoapoBHOCTH (COPT: CTPOKOBOE) =
onucamb INEMEHM CRucKa:

» 1 [OTeeT]
» 2 [OTeeT]
¥ 3 [Oteert]
Ma3a 3aKpbITbl, OTKPLIBAIOTCA Ha FPOMKMIA 3BYK, HO CIEKEHNS HeT [TekcT
(copT: cTpokoBoe)]
2 [Bann (copT: uenoe)]
» 4 [OTeeT]
5 [OTBeT]
» [lsurarenbHole peakunu (M) [[TyHkT]
» Cteonosbie pedinekcs (B) [MynkT]

onucams aNeMeHm crucKa

¥ MpaBuno nogcueta « {ANLTEPHATUBA}
sum-mm (TMN: CTPOKOBOE) *

sum (Tun: cTpokoBoe) *

» [eixatenebHeii nartrepH (R) [MyHkT]
» [paeuno noacyeTa
» 1 [MHTepnpetauus pesyneTaTa)l
WHTepnpeTtayuA pesynesraraj
WHTepnpeTayua pesynetatal
WHTepnpertauua pesyneraral

I

I

]

max (Tun: cTpokosoe) * » 9
one (TMN: cTpokosoe) * >4
one-mm (Tun: cTpokoBoe) » 5 [VinTepnpeTayus pesyneTara)

» 6 [MIHTepnpeTauua pesynetara

» 7 [MHTepnpeTauns pesynsrarta
» 8 [MiHTepnpeTayus pesynsrara)
¥ Tect Ppenvaii (BoinonNHeHHE NopakeHHoR pykoi) [TecT ¢
AHTEpRpeTauuei]
» [paBuno noacyeTa
» 1. ¥aepkaTb NUHEARY 1 C €€ NOMOLLBI0 HAYEPTHTL NUHUIO, AepXKa
KapaHfall B Apyroi (HenopaxeHHow) pyke. [MyHkT]
» 2. B3aTtb B pyKy UyanuHap Avametpom 1,2 u ANUHOIA 5 cM, NoCTaB-NeHHbIA
BEPTUKANLHO Ha paccToanku 16-30 cM OT Kpaa cTona, NOAHATL Ha BbICOTY

especial (TUn: cTpokosoe)

onucams 6apUaHM anbmepHamues.
OnuCame 3MEMERM CUCKA:

» MpaBUno NoACYETa ¢<

WHTepnpetauus peaynerata {CMMCOK}
MWH (COPT: BELLECTBEHHOE)

MaKC (COpT: BEWECTBEHHOE)

CMBICT (COPT: CTPOKOBOE)

0MuCame 3MEMEHM CIIUCKA:

onucame 3NeMeHm Crucka:

2]
[
i
[
[
i

-

) dparMeHT OHTOJIOTHH (6) dparment popmupyemoro pecypca
PucyHok 4. @parmentsr ontosiorun MK®-auarnoctuku n
dopMupyeMoro Ha 3TOI OCHOBE pecypca

OmnTosorus 0Tpazkaer CTPYKTYPY, HO3BOJIAIONLYIO IIPEJICTABATL TECT CO BCEMU
BO3MOYKHBIME BOIIPOCAMH, KJIIOYaMH OTBETOB W UHTEPIPETAIlNell Pe3yJIbTaTOB.
B npouecce anaamsa CrpyKTyphl UCIOJIL3YEMbBIX TECTOB IS JUArHOCTUPOBAHMS
peabuIUTAIIMOHHBIX BO3MOXKHOCTEH IIaIMeHTa OBLIN ONPEIesIeHbl CJIe/ Ly IOIIIe
kJitoueBbie BepmuHbl: [lyakT, Bonpoc, Omeem, Ilpasuso nodcuema.

Kpowme Toro, 6bL1a BBISBIEHA KOMOPTA TECTOB, B KOTOPBIX UCIOJIb3YETC
IPYIIUPOBKa BOMPOCOB. JJist Takux ciiydaes BBeseHO mousitue OJUH BOIPOC
13 TPYIIILI, KOTOPOE II03BOJISIET OIPEIe/IsiTh CBOIO mapy Bonpoc — Omeem u
BEJINYUHY COOTBETCTBYIOIIUX OTBETY 0AJIJIOB.

Beesiero nonsitie Ilodpobrocmu ISk CTPYKTYPUPOBAHUS JIJIAHHBIX TEKCTOB
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BorpocoB. Bompoc nosry4daer paciundpoBKy WM yTOYHEHHE, OTKPbIBas BO3-
MOYKHOCTH TIPEJICTABJICHUS B TEKCTOBOM BapHUAHTE, TPUBBITHOM CITEIIHAJIACTAM.
IIpu ncrosp30BaHNN HAIIOJTHEHHOI'O TECTAMM Pecypca 0asljIbl HCIIOIb3YIOTCS
JUTsI TAJIbHEHIIero paciera pe3yibraToB TecTa Ha ocHoBe [Ipasuana nodcuema
(HanpuMep, CyMMUPOBaHUsI BCEX OAJITIOB).

Jutst TIo/i/IepsKKY BHECEHUST KJIMHUYIECKUX JTAHHBIX IIPOIECCa OCMOTPA,
o0cJieToBaHUS U OMPOCA TMAIUEHTOB, C(hOPMUPOBAH CIIPABOYHUK HAOJIIOIEHUI
(s peabuuTalum), CM. PUCYHOK 5. BBIIa HCIIOIb30BaHA OHTOJOTHS CIIPABOY-

' HeBpororndeckni craryc [Fpynna HabnioaeHun Un craryc]
¥ ViccrienoBaHue BhICLUMX MO3TOBLIX (DYHKUMIA [Tpynna HabnoaeHuin unm craryc)
» OpveHTtauns * [Habnioaexue] *
» CosHaHne [HabnoneHune] *
» KorHuTuBHbIE HapyleHus [Habnogexue] *
¥ BHumaHve [HabnoaeHue] *
» KoHueHTpauws BHUMaHus [XapakTepucTuka)
¥ [Nepexnio4aemMocTb C 0QHOMo CTUMYyIa Ha Apyron [Xapakrepuctuka)
» coxpareHo [KauecTBeHHoe 3HadeHwue] *
» HapylueHo [KayecTBeHHoe 3HadeHmne] *
» rerkas creneHb HapylleHus [KayecTBeHHOe 3HajveHune] *
» cpeaHss cTeneHb HapylleHus [KayecTBeHHOe 3HaveHme] *
» BbipaXeHHble HapyleHus [KadyecTBeHHOe 3Ha4YeHne] *
» COBMECTHOCTb
» CrnocoOHOCTL NMoAdepXaHNsa aKTMBHOTO BHUMaHUA [XapakTeprucTuka)
» lNamars [HabnopoeHve]
» Cuér [HabnogeHue] *
» Peyb [Habnonexwve] *
¥ [pakcyic [HabnonexHue] *
» HapylueHus [XapaKkrepuctikaj
¥ OpanbHas anpakcus [XapakrepucTukal
» OTCYTCTBWE VHULMWPOBAHUSA U KOOPAUHALIMM ABIKEHUI HUXHel YentocTh [KadecTBeHHC
» OTCYTCTBWE MHULMWPOBAHUS U KOOPAUHALIMM ABIKEHUI A3bika [KayecTBeHHOE 3HaueHUt
» OTCYTCTBWE MHULMWPOBaHUS U KOOpAUHALIMM ABIKEHUI pTa [KayecTBeHHoe 3HaueHwe] *
» COBMECTHOCTb
¥ Anpakcus B KOHeYHOCTAX [XapaKkTepncTukal
» crpasa [KayecTBeHHOE 3Ha4eHne] *
» criesa [KayecTBeHHoe 3HaveHve] *

PucyHOK 5. ®@parmenT cnipaBoYHUKA HAOIONEHU [JsT peabuin-
TaIum

HUKOB, allpoOMpOBaHHas Ha MeIUIMHCKOM ropTaJie miardopmbl IACPaaS.
B #em rpynmmpytorcest mepeunu Haburiogenuit pasaoro tuma. OHTOIOTHS
[IO3BOJIAET onucaTh nHTepecyomee Habaodenue ¢ NCHOIH30BAHUEM NPOCMO20
MIPEJICTABIIEHNST WU C UCHOJIB30BAHUEM OIMUCAHUS JTAHHOTO HAOJIIOMCHUST
qepe3 MHOXKECTBO Xapaxmepucmuk. JaHHBIN TIPOIECC PEryInpyeTcs depe3
yIpaBJsionuii y3ea Aavmepramusa muna wabmodenud. JJanublil y3esq B rene-
PUPYEMOM II€JIEBOM Pecypce IO3BOJISIET BHIOPATH TOJILKO OJHO HAIIPABJICHHE
JITsT OTICAaHWsT HAOJIIOIEHUSI.



70 B.B. I'pusoBa, B.B. IllymaToB, C.B. JIEBEJAEB U 1P.

Kpowme storo, cTpyKTypa mo3BoJIsgeT BHOCUTD JaHHBIE Y€Pe3 OIMICATETbHBII
stemeHT OmKaoneHue, 9epe3 KOTOPbIi CHadaia (DOPMUPYETCsl BADHAHT HOPMbI
i baKT OTKIOHEHUS (HAAUYUE OMKAOHEHUT UAU NPUCYMCMEUE), & TOIBKO
Ha CJeAYIONIeM ITare UeT eHepalldsl ONNCAHUs BHYTPEHHEN CTPYKTYPhI
nmpu3Haka. JJaHHbBI KOMIIJIEKCHBIN TPOIECC MPEICTABICHUS HAOJIOAEHUI
B peabMJINTAINY, [IPU [IPEIBAPUTEIHLHOM TECTUPOBAHUM, OIPABIAJ CeOst
U dABJdeTCd NPeAIIOUYTUTENbHBIM Iepe] paHee UCIOJIb3yeMOU CTPYKTYpPOi
POCTOIO U COCTABHOIO NPU3HAKA,/HAOIOICHUS.

s ontuMusanun obparienns: K kogam n3 GUI B mporecce quarsocTukn
chopmuposan o6paz MK® cunpasouynuka-kiaccudukaropa (110 OHTOJIOrUU
cupaBouHUKOB). Ha pucynke 6 mpejcraBied pparMeHT MeXK IyHAPOIHOTO

» b5 [JomeH]
» b6 [JomeH]
» b7 [JomeH]
¥ b8 [omeH]
DYHKLMN KOXI 1 CBA3AHHBIX C Helt CTPYKTYp [HasBaHue (COpT: CTPOKOBOE)]
» b810-b849 [OomeH]
» b850-b869 [omeH]
¥ b898 [Y3en]
DYHKLMN KOXI 1 CBA3AHHBIX C Helt CTPYKTYP, Ipyrie yTouHeHHbIe [HasBaHue (copT:
» Onpefenuterns 1
» 399 [Yaen]
¥ d (AKTUBHOCTb 1 YHACTUE)
¥ d1 [fomeH]
OByyeHue 1 npuMeHeHne 3HaHWit [HassaHue (CopT: CTpokosoe)]
V¥ d110-d129 [QomeH]
LleneHanpaBneHHoe 1cnonb3oBaHne opraHoB YyBCTB [Ha3BaHwe (CopT: CTPoKoBoe)
¥ d110 [Y3en]
Vcnonb3oBaHie 3peHus [HassaHue (CopT: CTPOKOBOE)]
¥ Onpepenutens 1
0 - HET 3aTpyaHeHruit (0-4%) [3Hauerme (COpT: CTPOKOBOE)]
1 - NNEFKWUE 3atpyaHeruns (5-24%) [3HaueHune (copT: CTpokosoe)]
2 - YMEPEHHbIE 3atpyaHenns (25-49%) [3HaueHue (CopT: CTpoKoBoe)]
3 - TAXKENbIE 3atpyaHenns (50-95%) [3HaueHme (CopT: CTPOKoBOE)]
4 - ABCOJMKOTHBIE 3aTpyaHeHns (96—100%) [3HaueHKe (copT: CTpokoBoe)]
8 - He onpepaeneHo [3HayeHne (CopT: CTPOKoBOE)]
9 - He NPUMEHNMO [3HaueHme (COpT: CTPOKOBOE)]
¥ Onpepenutens 2
0 - HET 3atpyaHenuit (0-4%) [3Ha4eHre (CopT: CTpokoBoe)]

PucyHok 6. Mexaynapoanas kiaccudukaius QyHKIIMOHIPOBa-
HUsl, OPPAHMYEHUI KU3HEAEATEIbHOCTH U 3/10pOBbsl ((bparmMent)

KJIacCupUKATOPa, OH JIEMOHCTPHUPYET ITOJIHOE COOTBETCTBHE OOIIEIPUHSITON
crpykrype MK®: onpesesieHbl Bce BEPIIUHBI, UCIOJIb3YEMbIE B TPAKTUIECKOI
nesrenpHOCTH: PYynKyus opearusma, Jomen, Ysen, Onpedeaumenn u ero
3HAYEHUA.

Onrosiorust peabUJINTAIIMOHHON MEIUITUNHCKON KapThl MOCTPOEHA, TAKIM
0bpa3oM, 9T00BI JaTh BO3MOXKHOCTh KJIMHUYECKUM CIIEIIUAJIUCTAM BHECTH BCE
HEeOOXOMMBbIe MEJIUIIMHCKIE JIAHHBIE O MAIMEeHTe, OTPA3UTh JUHAMUIHOCTD
BHOCUMBIX JAHHBIX. CTPYKTypa MEIUIIMHCKON KaPThI MMO3BOJISIET KAYKIOMY
crertmasucty MJIPK nMerh cBoe mpocTpaHCTBO Jjist TPOBEICHUST KOJIJIETNaTh-
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HBIX OCMOTPOB U BEJEHUs THEBHUKOB €YKEIHEBHBIX OCMOTPOB. BBOM MaHHBIX
B MEJIUIIMHCKYIO KAPTY OCYIIECTBIISETCS B (DOPMATN30BAHHOM BUJIE: KAXKIBII
pas3nes MeJIUIMIHCKONR KapThl CTPYKTYPUPOBAH IO/, COOTBETCTBYIOIINI KJIACC
JaHHBIX, UCIIOJIE3YeMbIX B MEJIUITMHCKON TpPaKTUKe.

Kpowme storo, B MeIUITMHCKO KapTe MPEIYCMOTPEHO TPOCTPAHCTBO JIJIst

BHeCeHUs U xpaHeHusi runore3, remepupyembix CIIIIBP. Ha pucynke 7

¥ PeabunutaupoHHan MeAMUMHCKaA KapTa (McTopuA Doneanu) <
v =
Homopus BonesHu unu Hamioderul
» CeeneHnA UCCNE0BaTENA ¥ OPraHM3aLiK «<
» [acnopTHan yacTe «< =
¥ Ocmotpel yarmx cneyranuctoe MOPK {CMNACOK}
i 3anuck crieupanicTa
» PeabUnuTaL{oHHas KOMUCCHS
» [uarsoz <<
\naTa obpalleHnA (CopT: OaTa v BpemMA)
» SnuKpu3
» McTopuR HacToAwero 2abonesaqua *
¥ Hanobel * {CMIMCOK}
¥ [
Kano6u npu ofpatueruy (Tipexde Sce20: MpUSHaKY GONESHERHOZ0 COGMAR
KpOMe moz20, NpusHaKu, SSKHDIE C MOSKU SpeHUs Bpava )
i+ Habniofenue <<
¥ ObnextueHoe cocToAdme «< ™ {CITMCOK}
v =

& dewn

(3ANOMHAOMCH EEXHDIS C MOMAU SPEHUR Epaa HabodeHus.)
» OOLLMIA ocMoTp
» [pynna unu cucTema <<
¥ WeccnenoeanuA MHCTpyMeRTansHse * {CMNMCOK}
=
akibie UHOMPYMERMaNLHL UsenedossHul
i Bug MccnenosaHuA «<
¥ WecnenoeanuA nabopatopasie * {CINACOK}
=

Harie nafopsmopres: uccnedoeswul
i Bug MccnenosaHuA «<
» AHaMHE3 ¥U3HW *
» [ononHuTensHanA WHopMauma
» lNpeasapuTensHsit gnarHoa
¥ [Ouessur {CNUCOK}
¥ Homep zanuck {CTTUCOK]}
[fata (copT: gaTta W Bpema)
» Kanobi *
» OBLeKTUEHOE COCTORHNE «= *
» CBEOSHWA WCCNENOBATENA W OPraHH3aLMK «
3aKMHOMEHUE (COPT: CTPOKOBOE)
rnanupyemoe obcnenoeasme (CopT: CTPOKOBOE)
» CUHApOME! M NATCOCTOAHMA *
» Beluvcnremele nokazateny *
» Mpexpalyeque HabniogeHuA
» [leueHue, HazHaUEHHOE BpaduoM
» KoMNLOTEPHAR AMarHocTiEa

(a) ®parmMeHT OHTOJIOTHH

¥ OcwmoTtpel y3rmx cneyuanuctoe MOPK

¥ [Noroneq [3anucy cneupanucTal

¥ 20.06.2024 [[ata ocMoTpa cneuranMcTom]

¥ Kanobel

» Hapywenua rnotanuA [Habnioperue]

» Hapywenue peun [HabnrogeHue]

» CnioHotedenue [Habniogenne]

» Llkana oueHkm quzapTpii [Habnionexsue]
» HeuetrocTe peun [Habniogenue]

» Bonks B ueniocTy [HaBrroperue]

» CyxocTs 20 pTy [Habnogerue]

» Bone B yenioctv [Habniogerue]

» Bonb B yeniocty [HaBriogerue]

» Bons B ueniocTy [Habrioperue]

» Monepxueanue [Habrogexue]
Noronegryeckni cratyc [CTatyc cneywanncta)
3anpockl Ha peabunuTaluio

TecThi 1 onpocs!

Yy

-

¥ Kpatkan Wkana oLeHkn nouxudeckoro cratyca (MMSE)

¥ OpueHTauus eo epemenn [MyHxr]

¥ 1 [Oreer]

:3 [bann (copT: yenoe)]

¥ Lkana XofkuHcona [TecT ¢ wHTenpeTaLyed]

Wror Tecta
2 [uToroeklit Bann (copT: yenoe)]
» MKD-gomens

» [HesHuK

- 21.07.2024 [[ata ocMoTpa cneuranvcTom]
- 22.07.2024 [[ata ocmoTpa cneunanvcTom]
¥ 23 07.2024 [[lata ocMoTpa CrieLuanicTom)

» TeCThl 1 onpocs!

» Hanobel

» [loroneguueckuii cratyc [Craryc cneyuanucral
» MKD-pomens

- 24.07.2024 [[ata ocMOTpa CneuranycTom]
b 25.07.2024 [[ata ocMoTpa cneuranvcTom]
» Bpau ©PM [3anucw cneupanucTa)

» ObbekTueHOE COCTORHME *

» [uarsoz

» Wccnenosamna MHCTpYMeHTanbHbIe *
» Kanobw *

¥ KomMnetoTepHas JMarHocTuka

» [loronen [3anucu cneumanucTal
» Bpauy $PM [3anmcw cneywanucTa)

(6) ®parmenT GopMUPYEMOTo pecypca

PucyHok 7. ®parMeHTBbI OHTOJIOTUN PEAOUTUTAIIMOHHON MeIU-
[MHCKOM KapThl JIJsl BeJIeHNs] [TAIIMEHTOB, HAXO/ISIIUXC HA peabu-
smTanyuu 1 (popMUPYyeMOro Ha 3TON OCHOBE pecypca
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JIEMOHCTPHUPYETCs (PPArMEHT OHTOJIOTHH JIJIsT JIOKYMEHTHPOBAHUS KINHIIECKIX
JAHHBIX B BUJE MEIUIIMHCKON peabu/InTalluOHHON KapThl. COBOKYIIHOCTH
3aIlOJIHEHHBIX MEIUIINHCKUX KapT pOopMupyeT nHPOPMAIINOHHBIN pecypc —
KOJIJIEKIIAIO PeabMINTAIIMOHHBIX MEIUIINHCKIX KAPT MAI[HeHTA.

st corpyaaudecTBa peabuInTAIMOHHON OpUTraibl IIPeyCMOTPEHbBI
CIIEHAPUU OCMOTPa HAIMEHTOB 1 (POPMUPOBAHUST PeabUINTAIIMOHHON KaPThI,
pejicTaBsseMble HAOOPOM BKJIQJIOK C OIPEIEICHHBIMU TUIIAMU HHTeP(hEHCHBIX
37IeMeHTOB. Pecypc 11 onmcanus CrieHapueB COTPYAHUIAIONINX CNEeYUAAUCTNO8
noJkeH orpazkarh ux posau B M/IPK u B marnrom nporecce. Ha pucynke 8
JEeMOHCTPHUpPYETCs (pparMeHT YHUBEPCAJILHON OHTOJIOTHH, OTBEYIAIOIIEH 34,
¥ Bpau ®PM [LLaBnoH cneuuanucral
¥ Ocmortp [Bknagka]
» Kanobel [BeplumHal

» AHamHes [BepLumHa]
» Comartuyeckuil ctatyc [BepluvHal

o

[

" lWabnox cneyunanucta {CMNUCOK} ¥ Hespornorvyeckuii craryc [Bepluutal]
¥ Binapoka {CMMCOK} » Tunysnas B *
¥ Beplumna {CMIUCOK} » [lononHuTensHo [none BBoaal

¥ 3anpockl Ha peabunuraumnio [BeplunHal
> Habnionenve < » 3anpoc nauuexTa [none ssoaal

» TN y3nae Wb « * . » Tun yana B UB *

> rore BBoda «< » dakTopel [BeplunHal

v rpyFII'Ia * {Cl'II/ICOK} » KnuHnyeckuin amarsos (MKBE) [BepLuuHal
» 3aknoyeHne ocmoTpa [BepmHal

»> HabnoneHve « *

» Llkarkl * [Bknaaka)
> TunysnaB Wb «< * » MK® npochuns [Bknaaka)
» rone BBOAA << ¥ Llenu 1 nporHoabl [Bknaaka]

¥ Llenu peabunutauumn [BepiumHa]
» Llenu Ha Becb Kypc peabunurtauun [Mpynna]
» KpatkocpouHas uenbs [Mpynna] *
(a) ®parmMeHT OHTOJIOTHH » PeabunuTaumoHHbIil noTeHUuan [BeplumHal
¥ [porHo3 no BoccTaHoBNeHno [BepluvHal

¥ tun y3na s Vb *

» [pynna no gatam

(6) @parmeHT HOPMUPYEMOTO Pecypca

PucyHok 8. ®parmeHTbl OHTOJIOTHH, OTBEYAIOIIEH 32 yIIPaB-
nenne BKaa 0K 1 MeHto GUI u dopmupyemoro Ha ero ocHOBe
YIIPaBJIAIONIEr0 Pecypca MOAJePKKNA TaKTUKU BeJIeHNs MallueHTOB

yIpaBJIeHHe BKJIAJOK U MeHI0 uHTepdeiica — onrosorus agamntamun GUI.
Hannas onrosorust hbopMupyer npasuia BBOIA JAHHBIX (HAOJIOAEHUI pa3HOl
CJIOYKHOCTHU) B IIOJIB30BATE/ILCKOM uHTepdeiice uepe3 KOMILIEKC Bxaadok
€ MHOKECTBOM 3JieMeHTOB Tuna Bepwuna. Takas oHTo0rMsa anpobupoBana u
IIPUMEHSIETCsI JJIsT (POPMUPOBAHUS CTPYKTYPUPOBAHHBIX Ua0.40H06 BBOJIA
nHMOpMAINA PA3HBIMU CNEUUAAUCTAMU KOMaHIbI. OHTOJOIUS TaKXKe
OIIPEJIEIISIET MeCTa Ha BKJIAJIKAxX (BepIIUHBI) JJIsl BBIBOJA 0T4YeToB. JlaHHas



KOMIJIEKC OHTOJIOIMI AJIA PEABUJ/IMTALIMW TNEPEHECIINWX WMHCVYJIBT 73

JIOTHKa 103BOJIsteT He3aBucuMo or IT-crernmascros dpopMuposars nHTEpdeiic
JJTsi peIlieHns BOIPOCOB PeabUINTAITNN TAIIUEHTOB KOHKPETHOTO KJIacca,
B YaCTHOCTH, [IEPEHECIINX HHCYJIBT.

JLtst TO/I7IepKKU 8 IMAHICTPUPOBAHIS CO3/[aHA OHTOJIOIHS aIMAHUCTPUPO-
Barug MJIPK (cm. pucynok 9), 3amaromas dbopMar xpaneHus (GOpMUPYEMOro

¥ CnUCOK CneyuanbHOCTEN B

Bpay ®PM «= [CneunanbHOCTb (COPT: cTpokoBoe)]
Noronep, «= [CnelUanbHOCTL (COPT: CTPOKOBOE)]

A

WHchopMaunoHHelit pecypc: CTpyKTypa aamMuHucTpuposasns MOPK
wHGbO | NowCK | CBAA3M | AOCTYN | KOHTEKCT | onepaLym | daiinsl | A3biku | noi
¥ (5 CTpykTypa agmmuHucTpuposanmusa MIPK * (CTIMCOK)
Translale-MedlACPaaS@mailu / Moi Gotg | Pecypes 4713 perwcTpatyw / TTMY ypaarsiolL@s CTpykryg
¥ Cnmcok cneumansHoctedt {CMNCOK)

CneunanbHoCTb (COPT: CTPOKOBOE) <

onucams NEMEHM CIUCKa

KnuHnyecknit neuxonor [CneyuansHocTe (COpT: CTpoKoBoe)]
Bpay NNPK «= [CneymantHOCTL (COPT: CTPOKOBOE)]
Cneuwmanuct no spropeabunutayuu [CneymansHocTs (copT:

CTpokoBoe)]

PeabunutaymorHas MeguuMHckas cectpa [CneynanbHocTb (CopT.
cTpoKosoe)]

[ CreyuansHocms (copm: cmpokosoe) |

¥ Cnucok cneynanncros

¥ Cnucok cneumanmcros {CTIMCOKY > A A [P10]
¥ OUO {CMUCOK} > By B, [®WNO]
CNeymanbHoCTb (COPT: CTPOKOBOE) < > T [®10]
onucams 3NeMeHM CNUCKa. > O 0 [@MO]
onucame anemeHm crucka » B 5. [@M0]
¥ Komanpa MOPK {CTIMCOK} T
¥ DUO {CTIMCOK) : S
¥ Komanaa MOPK
CneumansHoCTb (COPT: CTPOKOBOE) ¢
onucams aneMeHm cnucka: VA [@MO]
onucams anemMeHm crucka Bpa4 ®PM «= [CneunankHocTb (COPT: CTPOKoBOE)]

onucams snewmenm cnucka \ar [®10]

Bpau NPK «= [CneyuansbHOCTs (COPT: CTPOKOBOE)]

> D 2. [®UO]
(a) PparMeHT OHTOJIOTUN h (o0l
[olZ[e g}

(6) @parmeHT HOPMUPYEMOTO Pecypca

PucyHok 9. ®@parmMeHTBI OHTOJIOTHH, OTBEeYAOMNIEH 38 (HPOPMUPO-
Banue M/IPK u dopmupyemoro Ha 310l OCHOBE pecypca

CIIMCKA YYACTHUKOB IIPOIECCa PeabUIMTAINN C YKA3aHINEeM MeIMIINHCKOl Clery-
ajbHoCTH U npuHaexknocTbio Komanae M/IPK. B nannoit ctpykrype mmeercs
3 kopHeBbIX nouatust: Cnucox cneyuasvrocmetds, Cnucokx cneyuaiucmos u
Komanda MJIPK. Cnucox cneyuanrvhocmetl - TepedeHb CIeIuaIbHOCTEH.
Cnucox cneyuaiucmos peaan3oBaH KaK MHOXKECTBO IpynnupoBok @HO u
Cneyuaavrocmy. dimemernt Komanda MIPK oreedaer 3a dpopMupoBaHue
koman MJIPK depes muoxkecrso map @HO u Cneyuarvrocms.

Ownrosnorus rexunogorun [ACPaaS st pazpaboTKu TpOrpaMMHBIX CHCTEM
¢ 6a3amu 3HaHUH (KaK TEXHOJOIMH HCKYCCTBEHHOTO MHTEJIIEKTA) BKJIOYAET OH-
Tostoruto perraresist, outojoruto agantaiuu GUI, mHCTpYMEHTapHil TOIIEpKKI
cOOPKM IPOrPaMMHBIX U HH(MOPMAIMOHHBIX KOMIIOHEHTOB B €JHHYIO CHCTEMY.
OcHoBa cOOpPKU — eUHBII KOMILIEKC OHTOJIOTUN JJIsi BCeX (POPMUPYEMBIX 1
IPOrpaMMHO 06pabaThIBaeMbIX pecypcoB. CyIecTByIONas TEXHOIOTUS U
HOBBIIT KOMILJIEKC OHTOJIOTHI TIO3BOJIMJI peajin30Barh HOBYIO Bepcuto CIITIBP
JLJISL TIOJJIEPKKU peabriinTosiora Ha nepBoM vraie (cM. pucyHok 10).
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Lienw u nporHos!

st Viror paGorii

@ Victopuw Gonesweit / VIO B B. (dmo_123/852)

Ocwmorp MK® npocpuns | Lien u nporoae:

oe®

Wror paGors

Textonoru na6 35 (Bpas OPM)

NHeatmk

Ocmotp MK® npoduns
lones
Anawres v

Kanob He npensAanseT
Comatnseckwii craryc
v Obujas criaBocts

Hesponornsecknii
cratye

+/ Orpasisenite n0B0poTOB & KposaTn
3anpoce v
peadunuTaLmo

/ OrpaHideHve Xons6bl
Pakrops!

R . /' OrpaHuseHie XoR50bi M0 HEpOBHON
uniseciuni anarios

(MKB) A v VALL)
Bakniouenue ocmMoTpa O HesHauTenbHoe
® ywepennoe

O Buiparentoe

Orparitserine x0as6s! no nectHue

nosepxHocTH (Ha

Orpanietie XoAsGs1 Ha KOpOTKME PaccToRHS v

Vcropun Gonesned / DUO B.B. (dwo_123/852)

Texwonom 5126 35 (Bpay OPM)

Ocmorp

MK npocpus o
- en peabunmranyn
Peaynbrar UW- 13.01.2025 BHecéHHble MK®-koab! - <
[MarHocTvkn — leny Ha Beck kype
b1802. 8 @ peadunMTaLMn
18028
Kpatkocpousas uer
b27082 & —
b21012 =+  Beeaute koo MKO: noreryuan
Mporko3 no
3anaw peabunnTaun

PucynHok 10.

13.01.2025 Brecero:

7 LIKana peabunMTaLOHHOR MapLpyTH3aLMM (LIPM)

O6wan cnaocTs: i {
- yMepenHo sipaxenas

Orpanusenme NoEOPoTos & i ]
KposaTu: uneemcs

Orpaudenme xoaubui: ymeperHoe (1
OrpanuyeHme xoas6si no @
HeposHoii nosepxHocT (Ha

ynuue): ywepentoe

JononHutensHo:

(m} ® WcTopum Gonesneii / MO B.B. ((puo_123/852)

UWikanes Mo npocouns ISR

 Lens Ha kypc peaBunnTaumn

CaMOCTOATENBHO NPOiiTH 10 METPOB.
UCNONb3yR X0ayHKH Ge3 nomouM
accucrenra

O ckasatb npocTsie hpassi

[antie ucTopun
v B

v wKana P3HKiH

TecTupoBante BosMoNHO v

OueHKa HapyLIEHWiA KItSHE AEATeNbHOCTH
O Oreyrerane i ., HecMOTPA Ha
HaIHVe HEKOTOPLIX CAMITTOMOB GOMeaHH; CTIOCOBEH BLINOMHATL BCe
OBbIHbIE NOBCEAHEBHEIE OGAIEHHOCTH

O nerkoe 3 BLINONHATL
HEKOTOpbiE NpexHIe , HO 6c1 Aenamm
6e3 NOCTOPOHHel NoMOLUM

® Yuepetoe ; & HEKOTOPOV
NOMOLLY, HO XOAHT 63 NOCTOPOHHEH NOMOLL
OB 3 xopuTs Gea
i oMoy, CO CBOMMY TenecHsIMM
e Gea ¥ nomoum

O IpyBoe HapywLIeHHE KN3HEACATENILHOCTI; NPUKOBAH K NOCTENH,

Kana u Moun, B 7 romoLLy

€ Vicropuu Goneswei / QU0 B.B. (dmo_123/852)

Ocmorp MK nipochuns | Lienw u nporHostt

OBLEKTHBUSMPOBAHHAR OUEHKA COCTOHUA NAMEHTA MO WKANa

13.01.2025 erecero.

OueHKa HapyLIEHNT KUIHEAESTENEHOCTH:

OMPEGHOCM & HEKOMOPOU MOMOLLL, HO XOOUM Ge3
nocmopoHHed nomou

WTOr: 3 6ann/a/os (YMepeHHOe HapyweHue

oMo, 0BHaKo CrIOCOBeH Xodumb 663
OCMOpOoKHel Momoul.)

oe@®

Texronor nab 35 (Bpay OPM)

vt Wror paGorsi

AN BDEXEHHR OCHOBHEIX
NOTPeSHOCTE/ MW enaHit NauveNTa

O opetb camocTosTeNbHO pyBaLuKy M
3aCTerHYTH NyrOBKM Ge3 nomowL
accncrenta

O npuroTosuT NpocTsie Bniona  HaNHTKI
(6yTepGpon, vai, Koe)

O naumenT cuau ynepiiisan
fpaBUTaUMOHHBI FPaaueHT 90 rpaaycos

Roronen
Bpay OPM .
Llixana peaGunvTamoHHO
prm 5 TpyGoe HapyuieHWe POLECCOB KH3HEAEATENLHOCTH
N MapwpyTHIALHM
ncuxonor
YMEDEHHOE HapyLLIEHHE KH3HEAEATENEHOCTH: TPEGYETCA
Quanieckii Tepanest MonydmuvposanHan wKkana PakuH 3 HEKOTOpas MOMOLL, OAHAKO COCOGEH XoauTs Ges
RocTopoHHed nomou
Creyuanuct no
SpropeaGunuTaU Wikana TakecTH nHcynsTa
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3aknoyeHne

IIpencraBien KOMIIEKC B3aNMOCBSI3AHHBIX OHTOJIOTUIECKUX MOJIEJIEH,
JIEXKAIIUIX B OCHOBE Pa3pabaThIBAEMONl MHTE/JIEKTYAIbHON CUCTEMBI IIOIJIEPKKI
IPUHATAS BPaueOHBbIX PEIleHnit A1 peabuINTAIIH TalleHTOB, IePEHEeCIINX
WHCYJIBT.

PazpaboTka KoMILIekca Mojieseil ba3upyercst Ha JBYXYPOBHEBOM IOJIXO/IE,
IJIe YPOBEHb OHTOJIOTMYECKUX MOJIesIel 3a/1aeT MPaBUJIa CTPYKTYPUPOBAHHOTO
dopMupoBaHUs U MHTEPIPETALIUN 1IEJIeBON ceManTuueckoii undopmanuu (B
yacTHOCTH, 6a3 3HaHuil). s peasu3aliuu KOMILIEKCA OHTOJIONUIl UCIIOJIb3YeTC s
obmaunas mardopma IACPaaS. Onrosorun u renepupyeMbie Ha UX OCHOBE
1eJIeBbIE PECYPCHI BBICTYIIAIOT OA30BBIMHU dJIEMEHTAMU pa3pabaTbiBaeMoit
CIIIIP, koropast B GyimKaiiliiee BpeMst OyJIeT IPeJoCTaB/IeHa CIIEIUAICTAM
3PABOOXPAHEHUs JJIsi PEIeHNs] aKTYaJIbHBIX BOIIPOCOB PEeabMJIMTAIIAH.
ITeneBbie pecypebl (3HaHUsI) HE SIBJSIOTCH CTATUIHBIME JIEMEHTAMU CUCTEMBL;
IPEyCMOTPEHBI MEXaHU3MbI CBOOOIHOTO PACIIUPEHUs 0a3bl 3HAHUN, ITO
MIO3BOJIAT CHCTEME JIEMKO aJAITHPOBATHCS K HOBBIM DE3YJIHTATAM MEIUIIMHCKIX

UCCJIEIOBAHUN U OITUMU3UPOBATH PAOOTY B I[EJIOM.

Cuteryrormuit sTan npeycMaTpUBaeT pacliipeHne KOMILJIEKCA OHTOJIOTHYIe-
CKUX MOJiesiel Jijist (DOpMAIN3aIlii U TPUMEHEHUsT 3HAHUN, OTHOCSIITIXCS
K OIECHKE PeabMJINTAIMOHHOTO TTOTEHIINAJIA, TPOrHO3UPOBAHUIO BOCCTAHOBJICHUS
7 pa3paboTKe MEePCOHAIM3NPOBAHHBIX PEAOMIMTAIIMOHHBIX ITPOIPAMM.

YauThIBasg, ITO OHTOJOTHN OTIETEHDBI OT IEJIEBBIX PeCYpPCOB — 0a3 3HAHMUIA,
06a3 JaHHBIX U CIIPABOYHUKOB, OHU MOT'YT ITOBTOPHO MUCIOJIb30BATHCS IS
peanu3anuu IPYyTUX CUCTEM TOIEPKKN MPUHATUS PEIIeHn B MeIUIINHE
(B ToM uncsie Ha apyrux mwiardopmax). Ilo 3anpocy K aJIMUHUCTPATOPY
wiardopmbl TACPaaS Beiaercst gocryi K HUM Ha miardopme. Bosmoxken

9KCIIOPT STUX OHTOJIOrUil B (popmare json.

KondaukT naTEepecoB. ABTODHI JIEKJIAPUPYIOT OTCYTCTBUE SIBHBIX U
IMOTEHIINAJIFHBIX KOH(DJINKTOB HHTEPECOB B CBA3U C IyOJuKanmeil JanHoi
CTaTbhHU.

Cobuato/ieHne 3TUYeCKUX CTaHAAPTOB. JIaHHbLIN BUI MCCIETIOBAHNS HE

Tpe6yeT IPOXO2KJACHUA IKCIIEPTUI3BI JIOKAJIbHBIM 3TUYE€CKUM KOMUTETOM.
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Abstract. The main incentive for the introduction of computer technologies into the
healthcare system is the desire to significantly improve the quality of life of people. This
includes improving the quality and speed of treatment, reducing the cost of medical services
and acquiring effective means to comply with regulatory requirements.

At the present stage of rehabilitation development, the need for active implementation
of medical decision support systems and artificial intelligence technologies becomes obvious.
These technologies can significantly improve the understanding of the clinical aspects
of disorders, the level of activity and participation of stroke patients in the rehabilitation
process. A key component of the successful application of these systems is the importance
of formalizing knowledge and creating ontologies that provide a structured and connected
presentation of medical information and define the rules for their interpretation.

This paper presents a set of interrelated ontological models underlying the intellectual
decision support system being developed in the rehabilitation of stroke patients. The IACPaaS
cloud platform is used to implement the complex of ontologies. Ontologies and the target
resources generated on their basis are the basic elements of the system being developed,
which will soon be provided to healthcare professionals to solve urgent rehabilitation issues.
Mechanisms are provided for the planned expansion and refinement of the knowledge base,
which will allow the system to easily adapt to new medical research results and optimize its
work as a whole.
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Introduction

Building a price forecast for an asset is a crucial task for financial
market participants, as it enables strategic planning, optimal investment
portfolio management, and risk assessment. Numerous attempts have been
made to apply machine learning methods to construct such forecasts [1-3].

With the growing popularity of deep learning models, researchers have
shifted their focus toward the application of neural networks. At the same
time, the problem of accurately accounting for the news flow as a key
factor influencing market behavior is being reconsidered with the rapid
development of generative artificial intelligence models and large language
models (LLMs) such as ChatGPT, FinGPT, GigaChat, LLama, and others.
In financial economics, LLMs are still rarely used, and their full potential
remains untapped.

Researchers are exploring the use of natural language processing
models to enhance the accuracy of asset price forecasts and investment
portfolio management strategies.

The study [4] describes the use of sentiment analysis of news as an
additional parameter. The authors employed the FinBert model, trained on
financial data, to assess the sentiment of news articles as positive, negative,
or neutral. The study utilized time series data from candlestick charts
of the U.S. stock market index, Standard & Poor’s 500 (S&P 500). A
machine learning model — random forest —was used for price prediction.
The study concluded that incorporating sentiment analysis of news flow
improves prediction accuracy.

In the study [5], the authors aimed to develop a multimodal artificial
intelligence model capable of providing well-founded and accurate forecasts
for time series data. They implemented a model that generates predictions
of an asset’s monthly or weekly returns, accompanied by a textual
explanation from a language model based on the user’s input query.

The study [6] proposed an approach for fine-tuning instructions to
interpret numerical values and contextualize financial data.

Kulikova et al. [7] examined the effect of classifying news into thematic
groups. The authors demonstrated that, in most cases, it is advisable to
use a single thematic group of news for the deep learning models considered
(Temporal Convolutional Network, D-Linear, Transformer, and Temporal
Fusion Transformer). They also determined the probabilities of forecast
improvement for the 20 thematic groups analyzed.
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In all the aforementioned studies, the models were implemented using
a multimodal approach for the U.S. stock market, with English as the
modality language. Notably, the news flow was not integrated directly into
the predictor’s input vector but rather through a preprocessing block in
the form of an additional parameter, such as sentiment analysis, news
frequency related to the asset, or news classification, etc.

The objective of the current study is to demonstrate the advantages of
a new multimodal method over predictions based solely on numerical data
and to present a Russian-language financial news dataset.

To achieve this objective, we formulated the following key tasks:

(1) Construct a multimodal dataset consisting of time series data and
news articles.
(2) Develop a predictive model capable of utilizing one or two modalities.

(3) Train the predictive model and analyze the values of accuracy
functions and metrics, specifically Accuracy and MAPE.

In this study, we propose a new multimodal approach for integrating
news flow into time series numerical data. The text of the news articles is
converted into a vector representation and fed into the model alongside the
time series vector.

Our hypothesis is that the multimodal approach will enable predictive
models to extract semantic information from the text, thereby improving
the accuracy of asset price forecasts.

1. Data Collection and Structuring

Multimodality implies the use of more than one data modality, which
affects both the data structure and the logic of predictive model development.
We utilize two types of modalities:

numerical — time series of stock prices,
textual — news streams.

To train the predictive model and analyze its performance, we collected an
original dataset.

The time series, represented as candlestick data with open, close, high,
and low prices, were obtained through the Algopack API of the Moscow
Exchange (MOEX). For the numerical experiment, we selected stock time
series data spanning from July 7, 2022, to August 30, 2024, covering 176
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TABLE 1. Statistical features of the dataset after tokenization,

RuBert

Source Mean | Std | Min | Max | Q25 | Q50 | Q75
RDV 134 | 88 8 | 512 65 | 123 | 187
Finam 221 | 135 18 512 116 178 284
BCS Express 20 10 4 82 13 17 26
BCS Technical Analysis 502 37 29 512 512 512 512
RBC 43 7 16 75 39 44 48
SmartLab 21 8 5 82 15 19 25

companies. During this period, the Russian stock market experienced
phases of rapid growth and decline, with the IMOEX index rising from
2,213.81 to 2,650.32 points (419, 72%).

We collected 79, 555 news articles from various sources, including the
online publication “RBC” (1,823 articles), “BCS Express” (11,331), and
“BCS Technical Analysis” (9,670), the investment company website “Finam’
(20,647), the trader community website «SmartLab.ru» (30,857), as well as
the Telegram channel “RDV” (5,227).

Several factors justify the selection of these sources. First, they provide
news coverage for the required time period. Second, the institutional
differences between sources, along with variations in writing style and levels
of expertise, contribute to a more objective representation of events related
to the analyzed time series.

)

News messages were tokenized using two models: RuBERT [8] and
Vikhr-Qwen2.5-0.5b-Instruct [9] (further as Qwen). In the context of
tokenized text, a word refers to a token— an element of the vector space
represented as an index in the tokenizer’s vocabulary.

Descriptive statistics of the dataset (in tokens), including mean,
standard deviation, minimum, maximum word count, and quartiles, are
presented in Tables 1 and 2. It is important to note that tokenization can
increase the word count in a text, for example, by splitting words into
smaller components.

Table 3 provides examples of how a phrase changes after tokenization.
For instance, the word «oTkpsiBaer» is split into three subcomponents:

13

«0T», «##K», and «#pbiBaeT», where the “+” prefix indicates that the token

is a continuation of the previous token.



ENZRY MULTIMODAL PREDICTION 87

TABLE 2. Statistical features of the dataset after tokenization,

Qwen
Source Mean | Std | Min | Max | Q25 | Q50 | Q75
RDV 215 | 157 3] 1324 92 187 | 304
Finam 453 | 405 35 | 5732 211 319 501
BCS Express 36 19 5 163 23 32 47
BCS Technical Analysis 1493 | 310 40 | 2221 | 1448 | 1545 | 1665
RBC 75 12 28 105 68 7 83
SmartLab 33 12 7 120 25 31 39

TABLE 3. Original and tokenized texts examples

Original text Tokenized text

Honnap cuoBa nuxke 69 pybseit | Ho ##ima ##p cHoBa HuxKe 69 pyOJieit

MockBuu 6aHKpoT? Mocksu ##4 6aHK ##poT 7
HIIO Hayxa Otuer PCBY H #I1, #+O Hayka Ot ##aer P #:C #B ##Y
T-6aHK 3TO KeJThI 6aHK T - GaHK 3TO ¥Ke ##JIT ##blii DAHK

News articles characteristics On the “BCS Technical Analysis”
platform, news articles tend to be lengthy, which imposes limitations on
tokenizers. Specifically, as shown in Table 1 and Table 2, the RuBERT
model truncates the tokenized vector for longer texts. Additionally, the
average length of tokenized text using the Qwen model exceeds that of
RuBERT, indicating that Qwen has a broader vocabulary and a stronger
text decomposition capability.

Furthermore, we collected data on 176 companies, forming a dataset
consisting of tuples in the format:
(ticker, company name, company activity description).
Such data are essential in our case for:

(@) extracting keywords from company descriptions,

(b) improving the language model’s ability to link events described in
news articles to specific companies and assess the impact of news on
price dynamics.
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TABLE 4. Examples of news articles (header snippet) and
assigned tags

Source Article fragment (heading) Tags

Cerexa (SGZH): Taprer 16.2

RDV py6., amncaiig +102... SGZH

RDV Aprren 6uorex (ABIO) 3aBep- amammrika, ABIO
IInJI JOKJIMHUYECKHE...

Finam UNnunexc MocBbupxku Boccranas- | PocArpo, BCMIIO-ABCM,
JINBAET MO3UIUK U IPHO... CNYRUB

Finam «AmmHCKUR MeT3aBOA» Ha3BaJl Ammscxmi M3

AO "VYpan-BK" couwm ...

BCS Express

«Bocxomsimniee OKHO»: B KAKUX
Oymarax 3aMedeH TO...

Cemurpap SELG,
EspoTpanc EUTR

BCS Express

«Cuta Cubupus» BBIRZET Ha MaK-
CHMAJIbHYIO MOIIHOCTb...

laznpom GAZP

BCS Technical

Meuesn. Yro kaaTh oT 6ymar

Meuen

Analysis Ha CJEAyIOIEel Heaere
BCS Technical | H it it -

Lechnica a IpeIBIAyIeil TOProBOil cec I'MK Hoprmxess
Analysis cun akuuu HopHukess ...

The dataset of news articles includes the following parameters:
publication date, source, title, article body, and tags (keywords). For
sources such as “RDV” and “SmartLab”, article titles are absent, and the
corresponding fields are filled with a label: no title.

In our case, tags may include the full or abbreviated company name
along with the corresponding ticker, the name of the market sector, and
similar information. Tags in news articles were assigned by the article
authors.

For the “RDV” source, tags were marked by authors in the form
of hashtags (e.g. «uudpsl, rananuruka). In “BCS Express” and “BCS
Technical Analysis”, tags were specified in dedicated fields at the beginning
or end of the news article (e.g. PhoseAgro, Russian market) and were
extracted from the HTML code of the page using the corresponding HTML
tags. When tags were absent (“RBC”, “SmartLab”), the parameter in the
dataset remained empty.

Table 4 provides examples of news articles (headline fragments) along
with their assigned tags.
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2. Methods

To validate our hypothesis regarding the advantages of the multimodal
approach, we have planned a series of experiments.

The first series of experiments focused on predicting prices using only
numerical time series of candlestick characteristics (close, open, high, and
low prices). The quality metrics obtained from this experiment serve as
baseline values against which improvements in price prediction accuracy
using the proposed multimodal approach will be evaluated.

The second series of experiments aims to generate predictions and
compute accuracy metrics (Accuracy, MAPE) using the multimodal
approach while exploring different aggregation methods (Sum, Mean) for
the vectorized news stream.

2.1. The Single-Modality Approach

We first conducted a series of experiments on asset price prediction
using only time series data. For this, we applied classical machine learning
models to the daily price values (close, open, high, low), including linear
regression (LinReg), k-nearest neighbors (KNN), decision tree (DT),
random forest (RF), and the boosting algorithm XGBoost (XGB). Among
deep learning models, we utilized a long short-term memory recurrent
neural network (LSTM).

Conceptually, the experiment consists of two tasks:

(a) predicting the price movement direction (increase or decrease), which
is a binary classification task;

(b) predicting the actual price, which is a regression task.

At this stage of the experiment, 176 companies were grouped into 23
industry sectors. We randomly selected 9 economic sectors and, within each
sector, randomly chose two companies. Table 5 lists the selected sectors
and companies (tickers) that participated in the computational experiment.

Table 7 provides statistical data on the closing price time series of the
selected assets. Table 6 shows the distribution of news by companies after
filtering. The correlation heat map of the closing price time series is shown
in Figure 1. An interesting feature of the examined period is that the
market underwent two phase shifts — from a general price decline to
growth and back again — as indicated by the vertical lines in Figure 2.
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TABLE 5. Economic sectors and companies (tickers) included

into the dataset

Sector Company (ticker)
Metal and Mining Mechel (MLTR), TMK-Group (TRMK)
Oil and Gas Surgutneftegas (SNGS), Gaspromneft (SIBN)

Consumer sector

Magnit (MGNT), Lenta (LENT)

Construction PIK (PIKK), Samolet (SMLT)
Telecommunications | MTS (MTSS), Rostelecom (RTKMP)
Transport AEROFLOT (AFLT), Sovcomflot (FLOT)
Finance Bank Saint-Petersburg (BSPB), SFI (SFIN)

Chemical Industry

Phosagro (PHOR), Kazanorgsintez (KZOSP)

Power Engineering

Rushydro (HYDR), Rosseti Center (MRKC)

TABLE 6. Descriptive characteristics for company shares

Company (ticker) Number of news items
Mechel (MLTR) 4258
Trubnaya Metallurgical Company (TRMK) 11739
Surgutneftegaz (SNGS) 12674
Gazpromneft (SIBN) 11421
Magnit (MGNT) 1236
Lenta (LENT) 311
PIK (PIKK) 897
Samolet (SMLT) 3392
MTS (MTSS) 1101
Rostelecom (RTKMP) 628
Aeroflot (AFLT) 1429
Sovcomflot (FLOT) 14476
Saint Petersburg Exchange (BSPB) 14278
SFAI (SFIN) 1647
PhosAgro (PHOR) 2773
Kazanorgsintez (KZOSP) 168
RusHydro (HYDR) 1921
MRSK Center (MRKC) 1576

ENZRY
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TABLE 7. Descriptive characteristics for company shares
Ticker Mean Std Min Max Q25 Q50 Q75
MTLR 191.8245 72.5652 81.2800 | 332.8800 | 123.8500 | 187.6700 | 251.6400
TRMK 153.1245 64.9362 55.8200 | 271.0000 87.1400 | 166.4200 | 218.7800
SNGS 27.0104 4.0119 17.3500 36.9600 23.7750 27.3300 30.0250
SIBN 601.5097 | 163.9205 | 335.5500 | 934.2500 | 452.0500 | 582.6500 | 748.9000
MGNT | 5691.6429 | 1161.7684 | 4040.0000 | 8444.0000 | 4665.0000 | 5495.0000 | 6375.0000
LENT 814.3870 | 154.9502 | 650.0000 | 1263.0000 | 716.5000 | 749.0000 | 843.5000
PIKK 732.6617 94.8650 | 518.0000 | 955.5000 | 656.7000 | 732.9000 | 811.5000
SMLT 3120.8996 | 594.1018 | 1926.5000 | 4145.5000 | 2572.0000 | 3045.0000 | 3713.0000
MTSS 264.5382 32.0791 183.0000 | 346.9500 | 239.0000 | 266.2500 | 289.7500
RTKMP 68.1797 9.2753 52.2500 92.1000 60.4500 68.0000 74.7000
AFLT 38.1316 10.3131 22.4400 64.4000 27.9700 38.8800 44.1200
FLOT 88.0111 39.5834 29.9200 | 149.3000 42.1000 97.2000 | 124.1800
BSPB 211.1501 | 101.2533 67.5700 | 387.6800 | 100.8400 | 210.9900 | 295.3400
SFIN 762.9939 | 428.5679 | 425.8000 | 1975.0000 | 497.4000 | 518.0000 | 992.0000
PHOR 6774.6040 | 618.1977 | 4997.0000 | 8153.0000 | 6416.0000 | 6763.0000 | 7278.0000
KZOSP 25.8603 5.2029 15.3500 40.5700 21.9400 27.0700 29.8500
HYDR 0.7697 0.0810 0.5178 1.0278 0.7318 0.7721 0.8210
MRKS 0.5247 0.2382 0.2025 1.0745 0.2735 0.5550 0.7475
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FicUuRrE 3. Pipeline for a single and dual modalities models

To evaluate prediction quality in the classification task, we used
the Accuracy metric, while for regression, we employed MAPE (Mean
Absolute Percentage Error). The choice of these metrics is justified by the
nature of the tasks. In classification, the model must accurately predict
the price movement direction either an increase (denoted by «+») or a
decrease (denoted by «—»). The MAPE metric is best suited for assessing
regression quality within the financial domain: it represents the average
deviation from the asset’s actual price in percentage terms, making it easily
interpretable in monetary value.

Figure 3 illustrates the model development process for utilizing one
and two modalities.

As the input parameter, the model received a return vector of the
asset, calculated based on the closing price (close) over the previous five
trading sessions:
close(d+1)

(1) Return(d+ 1) = dose(d)

-1

The model’s output was a prediction for the next trading session.

To assess the accuracy of predicting the price movement direction, the
predicted class was determined by the sign (£) of the forecasted return
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value, as the return of an asset represents the relative rate of change. Thus,
a positive return indicates a price increase, while a negative return signifies
a decline. To evaluate the quality of the asset price forecast, the predicted
return vector was converted into price (in Russian rubles):

(2) price(d + 1) = (Return(d + 1) + 1) - price(d).

The pointwise predicted price vector, obtained through transformation,
was compared to the historical price vector of assets using the MAPE
metric.

The choice of return (rather than price) as the target variable for the
predictive model is justified by the fact that when prices exceed historical
highs (or fall below historical lows) during market growth (or decline), the
applicability of traditional methods becomes limited.

Based on this reasoning, candlestick characteristics (close, open, high,
and low prices) were considered in the form of relative price changes,
calculated using a formula similar to (1).

Next, a rolling window of five trading days was applied to the relative
price changes to form a vector-row, which was then fed into the predictive
model. As a result, the model receives a vector of 20 parameters as input
and predicts a single output value — the return of the instrument at the
end of the next trading session.

2.2. The Dual-Modality Approach

For the experiment involving news flow, we selected news articles
relevant to the analyzed assets based on keyword matching (Table 5). The
keywords were chosen as the top 30 words extracted using the TF-IDF
method. This method determines the importance of words in a text by
considering their frequency of occurrence and uniqueness across the entire
corpus. An example of keywords extracted using TF-IDF is presented in
Table 8.

After obtaining the list of keywords using the TF-IDF method, we
further expanded it with the help of the ChatGPT-40 model. This allowed
us to increase keyword variability through permutations, letter substitutions,
and modifications of word endings (Table 9). The selected news articles for
each company (ticker) were converted into vectors and filtered to remove
duplicates.
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TaABLE 8. Keywords by companies extracted from their
descriptions

Ticker | Keywords

MTLR | mechel, mining, ore, raw materials, energy, ferroalloys, coal

SNGS gas, geological exploration, oil, Surgutneftegas, petroleum products,
electricity, drilling

SMLT rent, development, developer, real estate, construction, Moscow region,
residential areas

MTSS subscriber, automation, internet, mobile communications, provider, commu-
nications

BSPB bank, deposit, dividends, financial services, kaliningrad, spbank, saint-pe-
tersburg

TABLE 9. Complementary generated keywords
Ticker Keywords
MTLR Medejs1, merdes, MedaJy, mechel, Mchel, ¢deppocmiassi, ¢dpyppocrias
SNGS cypryTHedTeras, surgutneftegaz, surgut, cypaedreras, cypras, Cypryr,
cyp-HdTI3

SMLT camoJter, smlt, samolet, samalet, Camier

RTKMP | pocrenekom, TesekoM, rostelecom, telecom, rtkm, prk, r-telecom, pacreakom

HYDR pycruapo, rushydro, rshydro, r-gidro, rugpopyc, runpa, pycrujipa

Figure 4 presents a distribution chart of the news articles for the

companies after filtration.

As a vectorizer for the Russian language news stream, we employed
two models: RuBERT [8] and Qwen [9].

While working with the news stream, we encountered two main
challenges. The first challenge is the problem of news rewriting, which
necessitates filtering out duplicate articles. To ensure that our model
accounts for each news article only once, it is essential to implement a
duplicate identification algorithm.

The second challenge is to determinate an asset on which is affected
the news article. This problem can be framed as a classification task, where
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FIGURE 4. The distribution of news articles by company after
filtration (Numbers on the diagram show percentage of news
about the company in the dataset)

tickers serve as class labels.

To address the issue of news rewriting, we designed a Siamese neural
network. We constructed a training dataset using the GigaChat API
as follows: for each article, three paraphrased versions of both the title
and body were generated. Then, pairs were randomly formed in equal
proportion from the original and paraphrased news articles and their titles.

The Siamese neural network was designed as follows: a pair of news
articles is fed as input, and vector representations of the articles are
extracted using the RuBERT model [8]. The two vectors are then
concatenated, and the resulting vector is passed through a fully connected
neural network (MLP). To determine the optimal depth of the MLP model,
we conducted a series of experiments, evaluating both prediction accuracy
and news stream processing time. Based on the results, we selected the
MLP architecture with three layers.

The filtered news articles are then converted into vectors so that
duplicate classification can be performed in a one-shot mode when new
articles arrive. This approach reduces both the processing time of the news
stream and the computational resources required (in our case, a GPU
V100).
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To address the second challenge— matching news article samples by
date and utilizing them for price forecasting— it is essential to formalize
the data selection and prediction process. We assume that the closing price
prediction for an asset is made for each trading day at the market opening.
In this case, only news articles published before the start of the current
trading day are included in the dataset.

The dataset is formed by grouping news articles based on their
publication date. For predicting the price on a given day, only articles
published on the previous trading day are used. For example, analytical
articles such as those under the “Technical Analysis” section from the “BCS”
source, which are published daily before the market opens, are included in
the dataset for forecasting the prices of assets analyzed in those reports.
This approach ensures that the most relevant information is considered,
thereby improving prediction accuracy.

For the dual-modality approach, training sequences were formed by
concatenating price return vectors from the previous five days with news
stream vectors. The relative price return vectors were constructed similarly
to the single-modality experiment, while news articles were selected from
the previous trading day based on the chosen asset. These news articles
were then transformed into vectors and aggregated.

If no publications were available on the previous day or before the
market opened on the current day, a zero vector was concatenated with the
relative price return vector of length 768 for the RuBERT model and
896 for the Vikhr-Qwen2.5-0.5b-Instruct (Qwen) model. Otherwise, the
aggregated news vector of the same length was appended. These final
vector lengths correspond to the output sizes of the pretrained RuBERT
and Qwen models.

In this study, we explored two approaches for aggregating news
vectors: vector summation (Sum) and averaged summation (Mean). By
vector summation, we mean summing the values of corresponding vector
coordinates. In the averaged summation approach, each coordinate of the
aggregated vector is assigned the arithmetic mean of the corresponding
coordinates across all aggregated vectors.

The baseline RuBERT model has a limited context window of 512
tokens. As a result, articles exceeding this limit were either truncated or
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split for separate processing, meaning that a single news article could
correspond to multiple vectors. In contrast, the Qwen model has a
significantly larger context window of 32,768 tokens (64 times larger),
allowing it to process entire articles without truncation. Next, we compare
how different news vectorization methods impact the accuracy of price
predictions.

The pointwise predicted return vectors were converted into asset prices
using equation (2). The prediction quality was evaluated using two metrics:
Accuracy and Mean Absolute Percentage Error (MAPE). Accuracy was
measured as the proportion of correctly predicted signs of the return vector
elements—either positive or negative. The MAPE metric indicates the
average percentage deviation of the predicted price from the actual value.
This allows us to assess the prediction quality not only in relative terms
but also in absolute monetary units (rubles).

3. Computational experiment

In this section, we present the results of computational experiments for
two predictive models (single- and dual-modalities). The predictive model
was developed using the Transformers framework from the Hugging Face
platform. All computations were performed on an NVIDIA V100 GPU.

3.1. The Single-Modality Approach Performance

The results of the experiment on predicting return vectors using only
time series data for classical and deep learning models are presented in a
Table 10.

Table 11 provides the averaged prediction quality metrics for all
models, sorted in ascending order of the mean absolute percentage error
(MAPE) (column “Deviation”).

From the experiment results, it is evident that the recurrent model
LSTM achieves the best classification performance (predicting upward or
downward trends) and regression accuracy (smallest deviation of the
predicted price from the actual price). However, it lags slightly in terms of
the mean absolute error metric.



TABLE 10. Results of forecasting return vectors using only time series. Accuracy (left) and deviation

(right) in percent

Source LSTM XGB KNN RF LinReg DT
Metals and | MTLR | 56.364 0.410 | 40.000 2.089 | 42.273 2.050 | 50.909 2.020 | 50.000 2.029 | 42.727 2.679
Mining TRMK | 56.364 0.362 | 40.909 2.105 | 38.182 2.167 | 47.273 2.154 | 49.091 2.114 | 52.727 2.308
Ol amd Gas |-SNGS 50.303 0.352 | 49.091 1.776 | 48.182 1.775 | 50.000 1.735 | 60.909 1.744 | 52.727 1.857
SIBN 58.182 0.341 | 40.000 1.766 | 58.182 1.746 | 46.364 1.788 | 41.818 1.839 | 51.818 1.813
Consumer MGNT 46.667 0.331 | 39.091 1.517 | 43.636 1.493 | 49.091 1.519 | 40.000 1.709 | 60.000 1.672
Sector LENT 56.364 0.371 | 54.546 2.202 | 39.091 2.178 | 52.723 2.145 | 51.818 2.220 | 51.818 2.589
Construction | _ETEE 49.091 0.484 | 40.909 1.565 | 50.909 1.563 | 50.000 1.558 | 44.545 1.637 | 51.818 1.592
SMLT 53.939 0.328 | 42.727 1.577 | 38.182 1.552 | 46.364 1.539 | 49.091 1.536 | 41.818 1.683
Telecommuni- | MTSS 56.970 0.541 | 42.727 1.290 | 40.000 1.306 | 45.455 1.520 | 53.636 1.419 | 50.000 1.395
cations RTKMP | 55.152 0.246 | 45.455 1.299 | 42.723 1.303 | 42.727 1.335 | 50.909 1.355 | 48.182 1.411
Transport AFLT 55.152 0.419 | 46.364 2.079 | 57.273 2.017 | 52.727 2.062 | 60.909 1.976 | 51.818 2.194
FLOT 47.273  0.258 | 43.637 2.116 | 38.182 2.124 | 42.727 2.104 | 45.454 2.074 | 49.091 2.294
Finance BSPB 46.061 0.410 | 49.091 1.612 | 50.909 1.695 | 50.909 1.598 | 54.545 1.602 | 45.455 1.829
SFIN 49.697 0.447 | 40.000 1.603 | 30.909 1.647 | 39.091 1.743 | 48.182 1.960 | 41.818 1.959
Chemical PHOR 41.818 0.231 | 42.727 1.194 | 52.723 1.149 | 48.182 1.168 | 50.000 1.227 | 45.455 1.218
Industry KZOSP | 57.576 0.458 | 49.091 1.198 | 42.723 1.237 | 49.091 1.210 | 46.364 1.217 | 54.545 1.581
Power HYDR 59.394 0.380 | 51.182 1.124 | 60.000 1.130 | 48.182 1.214 | 45455 1.151 | 49.091 1.355
Engineering | ipyeq 40.000 0.768 | 51.182 1.182 | 49.091 1.225 | 54.545 1.214 | 50.000 1.224 | 55.455 1.403

D
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TABLE 11. The Single-Modality approach forecast (time-series)
inference metrics: Accuracy and MAPE in percentage

Model | Accuracy, % | MAPE, %
LSTM 52.020 0.397
XGB 45.000 1.627
KNN 46.010 1.631
RF 48.384 1.646
LinReg 50.152 1.669
DT 49.798 1.824

3.2. The Dual-Modality Approach Performance

The results of the second experiment, which involved merging the
news stream with numerical time series data and comparing the proposed
multimodal approach with a forecast based solely on candlestick time series,
are presented in the Table 12.

The Table 13 provides the averaged prediction quality metrics for the
considered models. The data in this table is sorted by the “Deviation”
column in ascending order, reflecting the mean absolute percentage error
(MAPE) of the predicted price deviations.

In this second experiment, the LSTM neural network was chosen as
the baseline model. We compared different vectorization methods (RuBert,
Qwen) and aggregation techniques (Sum, Mean) to evaluate their impact
on prediction performance.

Figure 5 shows the dependence of the mean squared error (MSE Loss)
function values on the number of training iterations for different models,
based on the training set (from July 7, 2022, to March 27, 2024) and the
test set (from March 28 to August 30, 2024). The graph indicates that
after 30 training epochs, the curves reach a stationary value.



TABLE 12. The Dual-Modality returns vector forecasting metrics. Accuracy (the upper row), MAPE
(the lower row) in percentage

D

Source vanilla LSTM LSTI\/I_RuBert_SUIVI LSTIV[_RuBert_lVIEAN LSTIVI_QWEN_SUNI LSTIVI_QWEN_I\/[EAN
Metals and MTLR | 56.364 0.410 | 39.394 0.409 | 38.788 0.410 | 45.455 0.522 | 52.121 0.246
Mining TRMK | 56.364 0.362 | 35.152 0.392 | 42.424 0.192 | 36.364 0.504 | 35.758 0.419
SNGS 50.303  0.352 | 53.939 0.865 | 58.182 1.824 | 44.848 0.307 | 49.697 0.106
Oil and Gas
SIBN 58.182  0.341 | 58.182 0.265 | 58.182 0.216 | 39.394 0.368 | 47.879 0.165
Consumer MGNT 46.667  0.331 | 53.333 0.417 | 47.879 0.299 | 46.061 0.307 | 48.485 0.235
Sector LENT 56.364  0.371 | 49.091 0.400 | 50.909 0.359 | 53.333 0.346 | 52.121 0.331
) PIKK 49.091  0.484 | 50.303 0.462 | 57.576 0.436 | 47.273 0.529 | 53.333 0.322
Construction
SMLT 53.939  0.328 | 38.788 0.200 | 46.061 0.270 | 36.364 0.311 | 43.030 0.241
Telecommuni- | MTSS 56.970 0.541 | 53.939 0.473 | 55.152 0.368 | 47.879 0.316 | 45.455 0.193
cations RTKMP | 55.152  0.246 | 49.697 0.274 | 45.455 0.271 | 44.848 0.171 | 44.242 0.178
AFLT 55.152  0.419 | 51.515 0.641 | 50.303 0.348 | 45.455 0.259 | 52.121 0.182
Transport
FLOT 47.273  0.258 | 43.636 0.532 | 52.121 0.262 | 43.636 0.392 | 43.636 0.345
. BSPB 46.061  0.410 | 47.879 0.406 | 50.909 0.326 | 47.879 0.369 | 52.121 0.227
mance
SFIN 49.697  0.447 | 44.848 0.445 | 47.273 0.390 | 56.970 0.195 | 56.970 0.272
Chemical PHOR 41.818  0.231 | 53.333 0.264 | 55.152 0.238 | 60.000 0.354 | 44.848 0.219
Industry KZOSP | 57.576  0.458 | 42.424 0.492 | 41.212 0.491 | 48.485 0.369 | 49.697 0.352
Power HYDR 59.394  0.380 | 58.788 0.326 | 55.758 0.321 | 47.879 0.292 | 61.212 0.178
Engincering |y rp e 40.000  0.768 | 42.424 0.742 | 43.030 0.839 | 42.424 0.660 | 41.818 0.543
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TaBLE 13. The Dual-Modality Approach forecast: Accuracy,

MAPE

Model Accuracy, % | MAPE, %
LSTM-Qwen-Mean 48.552 0.256
LSTM-Qwen-Sum 46.970 0.367
LSTM 52.020 0.397
LSTM-RuBert-Mean 49.798 0.437
LSTM-RuBert-Sum 48.148 0.445

ENSSRY

The results from the tables implies that the forecast based on the
vectorized news stream using a large language model outperforms the
forecast built solely on candlestick data of assets, demonstrating the
smallest deviation of the pointwise price prediction from the actual price
vector. Additionally, averaging the vectors (Mean) provides the best results.

logarithmic MSE LOSS

MSE Loss change graph during training
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The dataset (176 stocks of Russian companies traded on the Moscow
Exchange and 79,555 Russian-language financial news articles) collected for
the study is available at [11].

Conclusion

As a result of the conducted experiments, we demonstrated that adding
a textual modality—analyzing the news stream—positively impacts the
accuracy of price prediction. On average, the MAPE metric (the deviation
of the predicted price from the actual price) decreases by 55%: from
0.397 (LSTM model) to 0.256 (LSTM-Qwen-Mean model). Additionally,
predictions based on vectors obtained using the large language model
Vikhr-Qwen2.5-0.5b-Instruct outperformed those based on RuBert. This
can be partly attributed to the fact that the Qwen model has a significantly
larger context window and is trained on a larger text corpus with support
for «Chain-of-Thought» (CoT) reasoning. This enhances the model’s
ability to reason and capture complex semantic dependencies within the
text. The experimental results indicate that the averaging method (Mean)
performed better than summation (Sum) and is the preferred method for
aggregating news stream vectors.

At the same time, it is important to note that the test data, on which
the final metric values were calculated, covers the period from March 28
to August 30, 2024. During this period, the Russian securities market
exhibited a general downward trend. The presence of a clear trend is a
significant factor that simplifies the prediction task. However, even in this
setting, the proposed multimodal approach proved to be the best among
those considered.

The training and validation of the model for the rewriting task were
conducted on news articles whose length did not exceed the context window
of the RuBert model. As a result, artifacts related to the context window
size only became apparent during the forecasting phase when the news
dataset included articles averaging around 290 words in length. For future
improvements in news filtering and classification by company, it is necessary
to utilize models with a larger context window, such as Qwen.

The collected dataset [11] demonstrates good structuring and can be
used for fine-tuning large language models in Russian or adapted for the
Russian language for applications in the financial sector.
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TABLE 14. Multimodal approach forecasting metrics in com-
parison with the approach based on news sentiment score
(Baseline) offered by [7]

Model Ticker R2 MAPE, % | MAE
LSTM-Qwen-Mean | AAPL | 0.989 0.628 0.003
Baseline AAPL 0.947 2.333 0.018
LSTM-Qwen-Mean | AMZN | 0.968 1.601 0.013
Baseline AMZN | 0.870 1.730 0.015
LSTM-Qwen-Mean | GOOGL | 0.935 1.394 0.008
Baseline GOOGL | 0.788 2.286 0.020
LSTM-Qwen-Mean NFLX 0.955 2.361 0.076
Baseline NFLX 0.919 2.512 0.019
LSTM-Qwen-Mean TSLA 0.915 3.206 0.006
Baseline TSLA 0.930 7.423 0.034

For a quantitative comparison of the proposed model, we conducted a
computational experiment based on the approach and metrics from the
study [7]. Following the methodology of [7], we used time series data of
stock prices from five major American companies: AAPL, AMZN, GOOGL,
NFLX, and TSLA, along with a dataset of English-language news articles
labeled by company for the period from October 12, 2012 to January 31,
2020 (Table 14).

It is worth noting that the dataset used includes text data in English;
therefore, we utilized the original Qwen2.5-0.5b-Instruct model [10] for
news vectorization. To generate forecasts, we selected and trained the
LSTM-Qwen-Mean model, as it demonstrated the best overall performance
in our study. For evaluation, we used the coefficient of determination (R2),
mean absolute error (MAE), and mean absolute percentage error (MAPE).

Thus, we worked with the same time series and evaluation metrics.
Across all metrics, except for MAE on NFLX and R2 on TSLA, the
proposed multimodal approach with vector averaging outperformed
the best-performing results from the approach in [7]. Based on our
computational experiments, we conclude that the proposed multimodal
approach demonstrated superior forecasting quality and greater adaptability
to both Russian and international markets.
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In the future, it is necessary to explore how to incorporate the
incoming news stream into the predictive model—specifically, the optimal
time window for using news data and the best approach for weighting
news messages (e.g. adjusting the weight of a news article based on its
chronological position in the dataset).
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MynabTUMOIAJIbHOE TIpEJ/ICKa3aHmne IeH aKIuii Ha mpuMepe
pOCCcUiicKOTO pbIHKA IIeHHBIX Oymar

=]
Kaceivmxan IOcydosunu Xyoumes!™ , Muxaun Esrenbesna CeMeHOB?

L.2Vuusepcuter «Cupuyc», «Cupuycs, Poccus

AHHOTa unsa. Kiaccuyueckne MeTOAbl MPOTHO3UPOBAHUS I[€H AKTUBOB B OCHOBHOM OITMPAIOTCS
Ha YHUCJIOBBIE JaHHble, TAKHEe KaK BPEMEHHBIE PsAbI IIeH, OObeEMbI TOPrOB, paclpejesieHue
JIMMUTHUPOBAHHBIX OPAEPOB U MHIAUKATOPBHI TeXHUYECKOro aHajan3a. OJHAKO HOBOCTHOU (HOH HIrpaer
CYIIECTBEHHYIO POJib B (DOPMUPOBAHUHM II€H, UTO JeJIaeT aKTyaJbHBIM PAa3BUTUE MYJIbTUMOIAJIbLHBIX
MOAXO/0B, OObEAMHSIONUX TEKCTOBBIE U YHCJIOBbIE JaHHbIE [JIsl OBBINIEHUS TOYHOCTH IIPEICKA3AHUMN.

B nanmnoit pabore pemraeTcst 3ajiavda IPOrHO3UPOBAHUS I[€H (PUHAHCOBBIX aKTUBOB C HCIIOJIB30-
BaHUEM MYJIbTUMOJAJIBLHOIO II0AX04a, OObEIUHAIOIIEIO BPEMEHHBIE Psi/Ibl I[€H U TEKCTOBYIO
MO/IaJIbHOCTb HOBOCTHOI'O IOTOKa. Jljisi ucciesoBannii Obl1 cOOpaH yHUKaJIbHBIH HAOOP JaHHBIX,
BKJIIOYAIOIINI BPEMEHHbBIEe PAbI i1 176 akIiuit poCCHICKNX KOMITAHNH, TOPTyeMbIX Ha MOCKOBCKOIt
6up:ke, U 79555 pyCCKOA3BIYHBIX (DPUHAHCOBLIX HOBOCTEM.

st 06paboTKH TEKCTOBBIX JaHHBIX HCIIOJIb30BAJIUCH IIpenoby4uennnie mogesm RuBERT u
Vikhr-Qwen2.5-0.5b-Instruct (6osbinast s3bIKoBast MOJIEJIb), BPEMEHHBIE PsiJIbl M BEKTOPU30BaHHAS
TEKCTOBasl MOJAJIbHOCTH 00pabaThiBalNCh PeKypPpPeHTHOM HeiiponHoit cerbio LSTM. B xoxe
IKCIIEPUMEHTOB CpaBHUBAJIUCh MOJEJIA C ()}IHOﬁ MOJAJIBHOCTBIO U ABYMA MOJAJIBHOCTSAMM, & TaKzKe
pa3JInYHble METOJbI arperanuy BeKTOPHBIX MIPEICTaBIeHNiI TEKCTOB.

Ka‘IeCTBO IIPOTHO30B OII€HUBAJIOCH II0O JBYM KJIIOUYE€BBIM METpUKaM: TOYHOCTHU (accuracy)
NpeJCKa3aHns] HAIIPABJICHNs] N3MEHEHHsI LeHbl (POCT/CHIUYKEeHNE) U cpejiHelt abCoMIOTHOl MPOLEeHTHON
ommnbke (MAPE) OTKJIOHEHNsI MPEJICKA3aHHON II€HBl OT UCTHHHON. DKCIEPUMEHTBI MOKA3aJN, ITO
nobaBjieHue TEKCTOBON MOJIaJbHOCTH MO3BOJAET yMeHbIUTh 3unadenne MAPE na 55%.

ITosy4yeHHBIH MyJIBTUMOIAIBHBIN HAOOD JaHHBIX IIPEJCTABJIAET LIEHHOCTh JJIs JaJibHei el
aJlanTaliy A3bIKOBLIX Mojesieil B ¢punancoBoit cdepe. IlepcrekTuBHbIE HAIPaBJIEHUs HCCJIEJOBAHUN
BKJIIOYAIOT ONTHMHU3AIAIO [TapaAMETPOB TEKCTOBOM MO/JIaJIbHOCTH, TAKUX KAaK BPEMEHHOE OKHO,
TOHAJILHOCTb U XPOHOJIOPMYECKHH MOPSJJOK HOBOCTHBIX coobmenuit. (Ceasanmnvie mexcmo, cmamovu
HA AH2AUTCKOM U HA PYCCKOM A3BIKAT)

Kntouesble cnosa n dpasbl: MyJIbTUMOJIAIBHAS IPEJICKA3ATEbHAS MOJEb,
KOJIMYECTBEHHbIE (DIMHAHCHI, MAIIIHHOE 00y YeHIe
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Beepenne

ITocTpoenne nporuosa IeHbl AKTUBA SABJISETCS BaXKHOW 3aJiadeil Jijis
YIaCTHUKOB (PMHAHCOBOIO PBIHKA JJIs CTPATETHYIECKOrO IIJIAHUPOBAHUS,
ONTUMAJILHOTO YIIPABJICHUS WHBECTUIIMOHHBIM IMOPTdETeM U yIeTa PUCKOB.
Cy1mecTByeT MHOXKECTBO IOIMBITOK [TPUMEHEHNUS METOIOB MAIIMHHOTO 00y JYeHusT
JIJIsI TIOCTPOEHHS] TAKUX IPOI'HO30B.

B cBs13u ¢ pocToM mormysisipHOCTH Mojieteit TiIyboKoro 00y IeHnsT HCCIIeI0Ba-
TeJIN CMEeCTHJIN CBOi (hOKYC B CTOPOHY NIpUMeHeHHUsl HEHPOHHBIX cereil [1-3].
IIpu sTom mpobiiema ywueTa HOBOCTHOI'O MOTOKA, KaK BaXKHOTO (ParkTopa
BJINSTHUAS HA [IOBEJIEHNE PBIHKA, IIEPEOCMBICIIAETCS ¢ OYPHBIM Pa3BUTUEM
TE€HEPATUBHBIX MOJIEJIENl MCKYCCTBEHHOIO WHTEJIEKTa U DOJIBIMNX A3BIKOBBIX
mogesneii (ChatGPT, FinGPT, GigaChat, LLama u apyrue). B dbunancosoit
9KOHOMUKE OOJIbIIIE A3BIKOBBIE MOJIEJN IPUMEHSIOTCSI JOCTATOYHO PEJIKO U UX
[TOTEHIINAJL eIle HE PACKPBIT.

WccnenoBarenn mpeanpuHIMAIOT TOMBITKA TPUMEHEHUsT Mojeeii 06paboT-
KU €CTECTBEHHOTO SI3BIKA JJIs yJIydIeHUs Ka4eCTBa IIPOr'HO3a IIeH aKTUBOB U
CcTpaTeruil [y yupaBjeHns HHBECTUIIMOHHBIM IOPTMEeM.

B crarbe [4] onmchiBaeTcst HCHOJIB30BAHNE OIEHKH TOHAJIBHOCTH HOBOCTEH
B KaveCTBe JIOMOJHUTEIHLHOTO apaMerpa. A BTOPBI HCIIOIH30BAIN MOJETh
FinBert, o0y4yennyro Ha DUHAHCOBBIX JIAHHBIX, JIJIS OIIEHKN TOHAJIBHOCTH
(mosoKuTeNbHASI, HETATUBHAS WM HeHTpasbHas) HOBocTel. B pabore ucmonsb-
30BaJIMCh BPEMEHHBIE PsiJIbl CBEYHBIX TAHHBIX MHIEKCA aMEPUKAHCKOIO PBIHKA
nennbix 6ymar Standart and Poor’s 500 (S&P500). duist upenckazanus HeHbI
HCIIOJIB30BAJIACH MOJIEIh MAITMHHOTO 00y UeHus — CJrydaiiHbii jec. Pe3yapraTrom
MCCJIE/IOBAHUST CTAJI BBIBOJL— YUET TOHAJILHOCTH HOBOCTHOI'O HOTOKA YJIYIIAET
KaveCTBO IIPEJICKA3aHUS.

B crarbe [5] aBTOpBI 0603HAYMIN TETb CO3ATH MYJIBTUMOAIBHYIO MOJETh
HUCKYCCTBEHHOI'O MHTEJIJIEKTA, CIIOCOOHYIO TIPEIOCTABIISATE 000CHOBAHHBI
¥ TOYHBIH TMPOTHO3 MO BPEMEHHBIM psiiaM. B xome paboThl ObLTa peasn-
30BaHa MOJIEJIb, KOTOPAasi T€HEPUPYET MPOTHO3 MECAYIHON MJIN HEIeTbHOMN
JOXOTHOCTU aKTUBA, COMPOBOXKIAEMBII TEKCTOBBIM ITOSICHEHUEM S3BIKOBOI
MOJIEJIH 110 BBEJIEHHOMY II0JIb30BaTeseM 3anpocy. B crarbe [6] npemioxen
TOJIXO/T K HACTPOIKE MHCTPYKIUH [JIsi MHTEPIIPETAIlNH YUCJIOBBIX 3HAYCHUNA 1
TPAKTOBKU (PUHAHCOBOI'O KOHTEKCTA.

B uccaenoanun Kynukooii ¢ kosuteramu 7] usyuen addexr or yuera
pasziesenns HOBOCTEH Ha IPYIILI [0 TEMATHIECKOMY IIPU3HAKY. ABTODBI IPO-
JIEMOHCTPHUPOBAJIN, YTO B OOJIBINMAHCTBE CJIYUIAEB II€IeCO00PA3HO UCII0JIb30BAThH
OJTHY TEMATHIECKYIO TPYIITYy HOBOCTEl 1T pACCMOTPEHHBIX MOJIeJiell TiIyboKoro
oby4enus (TeMIopajbHag cBeprodHas cerh, D-Linear, Tpancdopmarop, u
TpaHCHOPMATODP TEMIIOPATBLHOTO CJMSHNUA), & TAKIKE ONPEJICNIIN BEPOSTHOCTH
YILy9IIIeHIsT TPOIHO30B JJIsT PACCMOTPEHHBIX 20 TeMaTHIeCKUuX I'PYIII.
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BO BCEX BbIIIE IIEPEIUCJIEHHBIX NCCJICJJOBaHUAX MOIEIN 6I)IJH/I NMIIJIEMEHTU-
POBAHBI C MIOMOIIBIO MYJIBTUMOJIAIBHOIO MOXO0/1, JIJIsi PhIHKA IEHHBIX OyMmar
CIITA, s3bIK MOJAJIBHOCTH — aHTIUACKUA. [Ipr 9TOM HOBOCTHON TTOTOK OBLI
MHTErPUPOBAaH B BXOJHOI BEKTOD IIPEJCKA3ATE IS HE HANPSMYIO, a depe3 0JI0K
peao0paboOTKU B BUJE JIOMOJHUTEIHHOIO ITIapaMeTpa, HAIIPUMED, OIEHKHN
TOHAJIBHOCTH, 9aCTOTHI HOBOCTEI 0 AKTUBY, KJIACC HOBOCTH.

[esibto arHOil pabOTHI SIBJISIETCS IEMOHCTPAIUS IPEUMYIIECTBA HOBOI'O
MYJIBTUMOJAJIBHOIO METO/1a Hal IIPEICKA3aHUSIMU, TOCTPOEHHBIMHU TOJIBKO
Ha YUCJIOBBIX JAHHBIX, U IPEJCTAB/IEHNE PYCCKOSI3BITHOIO HAOOPa JaHHBIX
(UHAHCOBBIX HOBOCTEI.

Jutst ToCTHXKEHNs ITOCTABJIEHHOH 11e1u chOPMYIUPOBAHBI CJIELYIOIINE
OCHOBHBIE 33J1a49H.

(1) CdopmMupoBaTh MyJIBTUMOJAILHBIN HAOOP JAHHBIX M3 BPEMEHHBIX PSIJIOB
U HOBOCTHBIX COOOIIEHUIA.

(2) CozmaTh mpeCcKa3aTeIbHYI0 MOJIE/Ib — JJisl UCTIOJIHb30BAHUS OJTHOM U JBYX
MOJIAJIBHOCTEI.

(3) IIpoBecTu obyuenune mpeacKa3aTe/IbHON MOMEIN U aHAJIN3 3HAYECHUH
dbyuknmii u Mmerpuk Tounoctu, Accuracy u MAPE.

B nanmoit pabore MbI mpejjraraeM HOBBIH MYJIBTAMO/IAJIBHBIN TOIXO]T
JIJIsl THTErPpAIlid HOBOCTHOT'O IIOTOKA BO BPEMEHHON P&/l YUCJIOBBIX JAHHBIX.
TekcT HOBOCTEI 0TOOpaXKaeTcsi B BEKTOPHOE IPEICTABICHUE U TTOTACTCS
B MOJIeJIb HAPSIIy ¢ BEKTOPOM BPEMEHHBIX psiioB. Harma rumoresa 3aKIi09aeTcst
B CJIEAYIONIEeM: MYJbTUMOAAJIBHBIN 1OJIXO0/L II03BOJIUT IIPEICKA3aTe/IbHBIM
MOJIEJISIM U3BJI€Yb CEMAHTUYIECKYIO HHMOPMAIIUIO U3 TEKCTA, UTO YJIYUIIIUT
Ka4ueCTBO IPEeICKA3aHUs 1IeHbl aKTUBA.

1. C6o0p n cTpyKTypupoBaHuE AaHHbIX

MyIbTUMOIABHOCTD OIPA3yMEBAET IIPUMEHEHNE 00JIee OHON MOIAIIb-
HOCTH JAHHBIX, 9TO BJUSET Ha CTPYKTYPY JAHHBIX U JIOTUKY paspaboOTKI
peicKa3aTeIbHON Moae . Mbl UCoNb3yeM Ba BUIA MOJAJIBLHOCTH:

YUCAOBYI0 — BPEMEHHDIC PAADLI IIeH Ha aKIUU,
MEKCMO6Y10 — HOBOCTHON IIOTOK.

st obyaenus mpeacka3aTebHON MOJEIN U UCCIEI0BAHNSA €€ PabOThl OBLT
chopMUPOBAH OPUTHHAJILHDBIN HAOOD TAHHBIX.

Bpemennbie psjpl B BUjE CBeUeil ¢ yKa3aHUeM IIeH OTKPbITHs (open),
sakpbiTus (close), makcnmasbroit (high) u MuaEMaIbHOI 1eH (low) MBI
HOJIYYUIIH C TIOMOIIIBIO IporpamMmmuoro unrepdeiica Algopack (API) Mockosckoit
6upzxku (MOEX). st mpoBejieHust YIUCIIEHHOIO SKCIIEPUMEHTa Mbl BBIOpaJIn
BpeMeHHbIe psibl akiuit ¢ 7 miosst 2022 roga mo 30 asrycra 2024 roga s 176
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KoMIaHWi. B yKa3aHHBIII BpEMEHHON MHTEPBaJ POCCHICKUI (DOHIOBBII PHIHOK
IIPOJIEMOHCTHPOBAN Pa3bl ObicTporo pocra u mazgenust, uagekc IMOEX Beipoc
3a sror mepuox ¢ 2213,81 mo 2650,32 nmynkros (+19, 72%).

Mpbr cobpau 79555 HOBOCTHBIX COODIIEHUH M3 Pa3IUIHbIX HCTOYHUKOB,
B ToM uncye— ceresoe u3nanue «PBK» (1823), «BKC Dkcupece» (11331) u
«BKC Texanamusz» (9670), cajit unpectunnonHoi kKoMmnannu «Punanm» (20647),
caiiT coobmectsa Tpeitaepos «SmartLab.rus (30857), a Takxke TeserpaM-KaHaJ
«PIIB» (5227).

Bri6op yka3aHHBIX HCTOYHUKOB APIyMEHTHPOBAH HECKOJBKUME TPUIMHAMU.
Bo-niepBbix, Ha 3TUX UCTOYHUKAX OIMYOJMKOBAHBI HOBOCTH 33 HEOOXOIUMBIH
BpPEMEHHO! MHTepBaj. BO-BTOPBIX, HHCTUTYIHOHATIBHOE PA3ININE UCTOTHUKOB,
CTHJIb U3JIOXKEHUsI C PA3HON CTEIEHBIO YKCIEPTHOCTH — MO3BOJIUT C(OOPMHUPOBATE
6oJiee OOBEKTUBHOE OCBEIeHNE COOLITHU, CBSI3AHHBIX C HUCIIOJIb3YEeMbIMU
BPEMEHHBIMU PSIJIAMH.

HogocrHble coobmeHnst 611 TOKEHN3UPOBAHBI C MCIIOAb30BAHUEM JIBYX
mozesteit RuBert [8] u Vikhr-Qwen2.5-0.5b-Instruct [9] (nanee Qwen). ITox
CJIOBOM B KOHTEKCTE TOKEHE3NPOBAHHOI'O TEKCTA MOJIPA3YMEBAETCsI TOKEH —
9JIEMEHT BEKTOPHOI'O POCTPAHCTBA B BH/JIE MHJIEKCA CJIOBAPS TOKEHE3aTODA.

OmnucaresbHbIe XapaKTepUCTUKN (cpeﬂHee, OTKJIOHEHUE, MUHUMaJIbHOE,

MaKCUMaJIbHOE KOJMIECTBO CJIOB, & TAKXKe KBAPTU/IU) HAOOpa JAHHBIX [PUBEJIe-
ubl B Tabsmnax 1 u 2 (tokennl). Heob6xoaumo orMeruTh, YTO0 TOKEHU3AIUS

Tapauna 1. Craructudeckue XapaKTEPUCTUKHM HAOOpa JaHHBIX
nocsie Tokeruzaruu, RuBert

Vcrounuk Mean | Std | Min | Max | Q25 | Q50 | Q75
P/IB 134 | 88 8 | 512 65 | 123 | 187
Dunam 221 | 135 18 512 116 178 | 284
BKC Dxcmpecc 20 10 4 82 13 17 26
BKC Texanaymus 502 37 29 512 512 | 512 | 512
PBK 43 7 16 75 39 44 48
SmartLab 21 8 5 82 15 19 25

MOZKET IPUBECTH K YBEJIUUEHUIO KOJIMYECTBA CJIOB B TEKCTE (HAIPUMED, 33 CYET
pa3JiesieHnsl CJI0Ba Ha COCTABHBIE YaCTH).

B Tabsmnie 3 npuBeieHb IPUMEPHI TOTO, KaK U3MEHsIeTCs (hpasa mocje
TokeHu3anuu. Hampumep, CIOBO «OTKPBIBAET» PA3EJISIeTCs Ha TPU COCTABHBIX
JIEMEHTA: «OT», «##K», «#PBIBAET», TJe MPEPUKC «##» O3HATAET, YTO TOKEH

ABJISIETCS IPOIOJIZKEHNEM IIPEJIbIIYIIEr0 TOKEHA.
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Tabmuua 2. Crarucrudeckue XapakKTepUCTUKN HabOpa TaAHHBIX
rocJie ¥ TokeHmzanuu, Qwen

Wcrounuk Mean | Std | Min | Max | Q25 | Q50 | Q75
PIIB 215 | 157 3| 1324 92 187 | 304
Dunam 453 | 405 35 | 5732 211 319 501
BKC Dkcnpecc 36 19 5 163 23 32 47
BKC Texananus | 1493 | 310 40 | 2221 | 1448 | 1545 | 1665
PBK 75 12 28 105 68 77 83
SmartLab 33 12 7 120 25 31 39

TAB/IMLA 3. IlpuMepsl OPUTMHAIBHOIO U TOKEHU3UPOBAHHOI'O
TEKCTa

OpUruHAJIBHBINA TEKCT TokeHn3MpPOBaHHBIN TEKCT

Hosutap cHoBa Humxke 69 pybGaeit | o ##uta #p cHoBa Huxke 69 pyOJieit

Mocksu4 6aHKpOT? MockBu ##4 6aHK ##pOT 7
HIIO Hayka Otuer PCBY H #I1, ##O Hayka Ot ##aer P #:C #B ##Y
T-6aHK 9TO KeJITbI HaHK T - GaHk 9TO 2Ke ##JIT ##blii OAHK

OcoGenHocTu HOBOCTHBIX coobrrenuii. Ha pecypce «BKC Texanayus»
HOBOCTHBIE CTaThU YaCTO OOJIBIINE 110 00bEMY, YTO HAKJIAHIBAET OrPAHUICHUE
Ha UCIOJIb30BaHUE TOKEHU3aTOPOB. B 1acTtHoCcTH, N3 Tabsui 1 u 2 BUIHO,
mogesib RuBert Ha GosibIinx TeKcTaxX ycekaeT TOKEHU3MPOBAHHBIN BEKTOD.
K tomy xke cpenmsia nyimHa TOKEHH3MPOBAHHOTO TEKCTA, C IIOMOIIBIO MOJIEITH
Qwen mpeBOCXOJNT CPEHIO JIIMHY TOKeHH3MpoBaHHOTO Tekcra RuBert, aro
TOBOPHUT O TOM, 9TO MOzesib Qwen objagaer Oojiee MUPOKUM CJIOBapeM u bojiee

CHJIBHOI CIIOCODHOCTBIO JIEKOMII3UIIAN TEKCTA.
HomosianTe IbHO MBI cOOpaJsn JaHHble 0 176 KoMIaHusax, chOPMUPOBAB
Habop JAHHBIX U3 KOPTEXKeH BUIA:
(TUKep, HAMMEHOBaHUe KOMIIAHUY, OIIUCAHUE JeATeIbHOCTU KOMIIAHWN).

Takue JaHHbIC H€O6XO,ZLI/IMBI B HallleM CJIyvae JJjIid:

(a) m3BJIeYEHUd KJIIOYEBBIX CJIOB U3 OIIMCAHUSI,

(6) yaydIneHus: CIIOCOOHOCTH SI3BIKOBOI MOJIE/IN CBSI3bIBATH COOBITHUSI, OIICHI-
BaeMble B HOBOCTHOM COOOINEHUH, ¢ KOHKPETHOI KOMITAHUEH U OIEHUBATH
BJIMAHUE HOBOCTU Ha JUHAMUKY IIEHBIL.
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Ha60p JIaHHBIX C HOBOCTHBIMU CTAaTbAMU COAEP2KUT CJICAYIOIIUE ITapaMeTpPhbI:
Jiata myGInKaI|K, HCTOIHIK, 3ar0J0BOK U TeJIO CTATHH, Tern (KJII0UeBble CJI0BA).
s ucrounukos PIIB, SmartLab 3arosoBok orcyTcTByer, COOTBETCTBYIOIIHE

IOJIST 3aIT0JTHEHBI CIIeIUAJIbHBIM CJIOBOM: no title.

B mameMm ciydae Term MOTyT cO/lep2KaTh MOJIHOE MJIN KpaTKOoe Ha3BaHUE
KOMIIAHUU U COOTBETCTBYIONINH TUKED, HAMMEHOBAHHE CEKTOPa PBIHKA U
T.11. Teru B HOBOCTHBIX COODIEHUSIX ObLIN YCTAHOBJIEHBI ABTOPAMU CTaTel.
B ciay4ae ucrounuka «P/IB» Tern ormedyaanch aBTOpaMu B BHJE XEIITETOB
(manpumep, «nudpsl, rananuruka), «BKC Dkcnpeces u «BKC Texananmuz»
Tern 0603HAYAINCH B CIIEIUAJIBHBIX IIOJISIX B HAYAJE MM KOHIIE HOBOCTHOMN
crarpu (manpumep, PocArpo, Poceniickuii ppiaok), u ussiaexkanucs u3 HTML
KOJIa CTPaHUILl Mo cooTBeTcTByomuM HTML teram. Ilpn orcyTeTBum Teros
(PBK, SmartLab) napamerp B Ha0Ope JAHHBIX OCTAETCS ILYCTHIM.

B rabuune 4 npuBeieHbl IPEMEPbI HOBOCTHO! ¢TaThll ((pparMeHT 3arojioBKa)

1 IIPpUIIMCAHHBIE K Helt Teru.

TaB/nlA 4. Ilpumepsr HOBOCTHBIX cTareii (bparMenT 3aroaoBka)
¥ TIPUTIUCAHHBIE TErH

Wcrounmk DparMenT craTbi (3aroJI0BOK) Tern

Cerexa (SGZH): taprer 16.2

PIB pyb6., ancaiig +102... SGZH

PIIB Aprtren 6uorex (ABIO) 3aBep- amamurika, ABIO
NI JOKJIMHUYECKUE. ..

Drman UNnunexc MocBbupxxku Boccranas- | PocArpo, BCMIIO-ABCM,
JINBAET MO3UIUK U IPHO... CNYRUB
«AmuHCKHI MeT3aBO» HA3BaJ .

Dunam AO "Ypan-BK" csomt ... AmunckuitM3
«Bocxopsiniiee OKHO» : B KAaKUX Cemurpap SELG,

BKC Sxenpece Oymarax 3aMedeH ITO... EspoTpanc EUTR

BKC Dxenpece «Cuna Cubupu» BBIIET HA MaK- Tasmpon GAZP

CUMAaJIbHYIO MOUIHOCTbD...

Meuesn. Yro xgartbs or Gymar

. Meuen
Ha CJIeyIomeil Hemese

BKC Texananmu3s

Ha npeapiaymieit Toprosoii cec-

BKC Texanamu3s
cun akuuu HopHuKess ...

I'MK Hopmukemns




IRmEN: MVIbTUMOJAJIBHOE TMPEJICKA3BAHUE 113
2. Metogonorus

Jlstst IpoBepKH HAIEH THIOTE3bI O MPEUMYIIECTBE MYJIbTUMOIATBHOTO
10JIX0/1a MBI 3aIIAHUPOBAJIM CEPUIO IKCIIEPUMEHTOB.

[TepBast cepusi FKCIIEPUMEHTOB ObLIA HAIIPABJIEHA Ha POTHO3NPOBAHUE IIEH
C WCIIOJIb30BAHUEM TOJIBKO YHCJIOBBIX PSIJIOB CBEYHBIX XapaKTEPUCTUK aKTUBa
(uenst close, open, high, low). Merpuku kadecTBa 9T0r0 9KCHEPUMEHTA OYILYT
SIBJISITHCSI 0A30BBIMU 3HAYEHUSIMU, OTHOCUTEIBHO KOTOPBIX OYIET OIEHUBATHCS
MPUPOCT KAYECTBa MPEJICKA3AHUS TEH ¢ MPUMEHEHUEM ITPEJJIOKEHHOTO
MYJIBTUMOJIAJIBHOTO TOIXO0/IA.

Bropast cepusi 9KCIIiepuMeHTOB HaIIpaBJieHA Ha II0JIyYeHHe IIpeJCcKa3anuil u
Boramciienns MeTpuk Tounoctu (Accuracy, MAPE) ¢ npuMeHeHneM MyJabTUMO-
JAJIBHOTO OJIX0/IA, PACCMOTPEHNE PA3HBIX MeToJoB arperanuu (Sum, Mean)
BEKTOPU30BAHHOI'O HOBOCTHOI'O IIOTOKA.

2.1. Ucnonb3oBaHne oaHOW MOAAsIbHOCTU

CHauaJjia, MBI IIPOBEJIU CEPHIO SKCIIEPUMEHTOB 10 TPOTHO3UPOBAHUIO IICHBI
AKTHBOB TOJIKO HA BPEMEHHBIX pAgaX. st 3TOro K €:KeIHEBHBIM 3HAYCHUAM
teH (close, open, high, low) MBI IpIMEHIIN MOJIEN KITACCAYECKOTO MAIIMHHOTO
obyuenust: yuneiinas perpeccus (LinReg), k-6imzkaiimux coceneit (KNN),
pematomiee jepeso (DT), cayuaitastii gec (RF) u 6ycTuHIOBBIN aaroputm
XGBoost (XGB), cpenu Mogesieli riryboKoro 06y deHust Mbl UCIIOJIb30BAIII —
PEKYPEHTHYIO HeHPOHHYIO ceThb J0sroii u koporkoi mamsta (LSTM).

KonrmenryaabHO 9KCIEPUMEHT COCTOUT U3 JBYX 3aad:

(a) UpeJCcKa3aHue HAIIPABJIEHUs! JBUYKEHUsI IeHbl (POCT MU HaJeHue) —
3ajata OuHapHOHN KaaccuuKaImm

(6) mpeackazaHme MEHBI — 3aa7a PErPecChi.

Ha nammom srane sxcnepumenta 176 KoMIanuit ObLIN CIPYIIITAPOBAHDI
1o 23 ceKTopaMm JIedTeIbHOCTU. MBI cirydaifHbiM 00pa30oM BRIOpaIn 9 CeKTOPOB
9KOHOMUKH, a 3aTe€M BHYTPU CEKTOPOB BBIOPAJIN CJIydaliHBIM 00pa30M 110 2
KOMIIaHuu. B Tabumie 5 mepevncieHbl CEKTOPhl U KOMIAHUK (THKED), KOTOPbIe
Y9aCTBOBAJIN B BBIUHUC/IUTEILHOM KcnepumenTe. B Tabsmie 6 mokazaHo
pacupejeieHrne HOBOCTell 110 KOMIIaHUSAM I1ocie punbrparun. B Tabaure 7
IIPUBEJIEHBI CTATUCTUICCKUE JIAHHBIE O BDEMEHHBIX Psi/IaX II€H 3aKPBITAS
BBIOPAHHBIX aKTUBOB. TerioBast KapTa KOPPeJIAInii BDeMEHHOTO PsIa IeH
3aKPBITUs] AaKTUBOB IpuBeJieHa Ha pucyHke 1. VlHTepecHass 0cOOEHHOCTH
PaccMaTpUBAEMOr0 MHTEPBAJIa — PBHIHOK IIPETEPIIET IBe CMeHbI (a3bl — ¢ 0bIIero
CHIKEHUE T[eH K POCTY U OOPATHO, KaK IIOKA3aHO Ha PUCYHKE 2 BEPTUKAIbLHBIMI
JINHUSIMH.
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TABIUIA 5. CeKTOpBI 5KOHOMUKH M KOMIIAHUH (TUKEp), BKIIOYCH-
HbIE B HAOOD JTAHHBIX

CekTop Kommanust (Tuxep)
MeTaJiel 1 1066192 Meuest (MLTR), Tpy6uast merauryprideckas komnanust (TRMK)
Hedtsb u ras Cypryruedreras (SNGS), lasnpomuedrs (SIBN)
TTorpeburensekuii cekrop | Maruur (MGNT), Jlenra (LENT)
CrpouTennLerso MUK (PIKK), Camoser (SMLT)
TesreKOMMyHIKAIIH MTC (MTSS), Pocrenckom (RTKMP)
TpamncropT Aspodaor (AFLT), Coskomdutor (FLOT)
DunaHCH Bank Cankr-Ilerepbypr (BSPB), 9c¢9dAit (SFIN)
Xumust DocArpo (PHOR), Kazauvoprcunres (KZOSP)
DJIEKTPOIHEPTETHKA PycI'ngpo (HYDR), MPCK Ilenrpa (MRKC)

TasnnuA 6. Pacnpejiesienne HOBOCTENH MO KOMIAHUSM IIOCJIE

dbunbrpanun

Kommnanus (Tukep) KommgecTBo HOBOCTE!
Meuesn (MLTR) 4258
Tpy6uas merasnyprudeckas komnanusa (TRMK) 11739
Cypryraedreras (SNGS) 12674
Tasnpomuedrs (SIBN) 11421
Maraur (MGNT) 1236
Jlenra (LENT) 311
UK (PIKK) 897
Camosner (SMLT) 3392
MTC (MTSS) 1101
Pocrenekom (RTKMP) 628
Aspodor (AFLT) 1429
Coskomdutor (FLOT) 14476
Cankr-Ilerepbyprckas 6upxka (BSPB) 14278
ScdAii (SFIN) 1647
DocArpo (PHOR) 2773
Kaszsanvoprcunres (KZOSP) 168
Pycl'ugpo (HYDR) 1921
MPCK Ilenrpa (MRKC) 1576
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TabmuiA 7. Omnucare/bHBbIE XAPAKTEPUCTHKY JJTsI AKITHI KOMITa-
HUAN
Tukep Mean Std Min Max Q25 Q50 Q75
MTLR 191.8245 72.5652 81.2800 | 332.8800 | 123.8500 | 187.6700 | 251.6400
TRMK 153.1245 64.9362 55.8200 | 271.0000 87.1400 | 166.4200 | 218.7800
SNGS 27.0104 4.0119 17.3500 36.9600 23.7750 27.3300 30.0250
SIBN 601.5097 | 163.9205 | 335.5500 | 934.2500 | 452.0500 | 582.6500 | 748.9000
MGNT | 5691.6429 | 1161.7684 | 4040.0000 | 8444.0000 | 4665.0000 | 5495.0000 | 6375.0000
LENT 814.3870 | 154.9502 | 650.0000 | 1263.0000 | 716.5000 | 749.0000 | 843.5000
PIKK 732.6617 94.8650 | 518.0000 | 955.5000 | 656.7000 | 732.9000 | 811.5000
SMLT 3120.8996 | 594.1018 | 1926.5000 | 4145.5000 | 2572.0000 | 3045.0000 | 3713.0000
MTSS 264.5382 32.0791 | 183.0000 | 346.9500 | 239.0000 | 266.2500 | 289.7500
RTKMP 68.1797 9.2753 52.2500 92.1000 60.4500 68.0000 74.7000
AFLT 38.1316 10.3131 22.4400 64.4000 27.9700 38.8800 44.1200
FLOT 88.0111 39.5834 29.9200 | 149.3000 42.1000 97.2000 | 124.1800
BSPB 211.1501 | 101.2533 67.5700 | 387.6800 | 100.8400 | 210.9900 | 295.3400
SFIN 762.9939 | 428.5679 | 425.8000 | 1975.0000 | 497.4000 | 518.0000 | 992.0000
PHOR | 6774.6040 | 618.1977 | 4997.0000 | 8153.0000 | 6416.0000 | 6763.0000 | 7278.0000
KZOSP 25.8603 5.2029 15.3500 40.5700 21.9400 27.0700 29.8500
HYDR 0.7697 0.0810 0.5178 1.0278 0.7318 0.7721 0.8210
MRKS 0.5247 0.2382 0.2025 1.0745 0.2735 0.5550 0.7475

Tennogas kapTa Koppenauui

SMLT
MTSS -
RTKMP

AFLT

FLOT
SFIN
PHOR -

BSPB

KZOSP
HYDR -
MRKS

]
°
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KO3(MUUNEHT KoppensuK

PucyHok 1. TensoBas KapTa KOpPeJIIHii IeH 3aKPhITHA aKTUBOB
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PucyHoOK 2. HopmupoBaHHbBIE HCTOpHYECKHE II€HBI 3aKPBITHs aKTHBOB C YKa3aHUEM TOYEK CMEHbI (pa3bl
DBIHKA (BEPTUKAJbHbIE IIyHKTUPHBIE JIMHUN )
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Juist OoTleHKY KavuecTBa MPeJICKa3aHus B 3ajade KIacCu(UKAINT UCIIOIB30-
Bajiach MeTpuka Accuracy (trounocts), mis perpeccun— MAPE (cpenusist
abcosoTHas omubKa B IporeHTax ). Boibop 9Tux MeTpuk apryMeHTHDYeTCs
[TIOCTAHOBKOM 3ajiatd. B cirydae kiaccudukaum MoJesb J0JKHA HanboIee
TOYHO IIPeJICKA3aTh HAIIPABJICHNE JIBUXKEHNE TIEHBl — POCT (3HAK IUIIOC «+».)
niu najieHue (3HaK MUHYC «—» ). Merpuka MAPE mawryammm o6pasoM
ITOJIXO/TUT JIJIs OIIEHKH KadeCTBa 3a/[aYl PErPECCUU C TOUKH 3PEHUs [TOMEHHOI
obnactu — punancos: MAPE neMoHCTpUpYET CpejiHee OTKJIOHEHUE OT IEHbBI
AKTHUBA B IPOIEHTAX, YTO JIETKO [TEPEBOJIUTCS B JEHEXKHbBIN SKBUBAJIEHT.

Ha pucynke 3 nmpuBejien mporecce pa3pabOTKU MOIETN JIJIsT HCIIOJIb30BAHMUS
OJIHO! U JBYX MOJAJIbHOCTEH.

close open high low n
0015 0012 -0016_0012 epepaua BekTopa
0.009 0014 001 -0016 KoukaTeHauus sekTopos

0.001-0.016 -0.005 0.006 B BeKTOp pasMepalx (20 + N) N
0.023-0.036 0029 -0.037|  mmmfp [0.015-0012..05-0.07921234 51234 | el
0006 0.013 0004 0014

k/

0.013 0.006 -0.004 -0.003
-0.0070.012 0.032 -0.007

arperauusi CKonb3siluMm MNpepckasaHue

OKHOM 5x4 AOXOAHOCTU

WHCTPYMEHTa
0.067

— — MonyuyeHue

LieHbl
Mop6opka HoBOCTEM PunsTpauma Bextopusauua P
Adop Ay6nukaTos HoBoCcTen

B BeKTopa A/nHbI N

PucynHok 3. Tlpouecc pa3zpaboTKu MOIEIN Jjisl UCIOIb30BaHUS
OIHOHI U ABYX MOAAJILHOCTEH

B KauecTBe BXOIHOTO MApaMeTpa B MOJIEJIb [EPEIABAJICS BEKTOD IOXOIHOCTH
MHCTPYMEHTa, DACCIUTAHHBIN JIs IIeHbl 3aKpbITHs (close) 3a mpeaputymme
[ATH TOPTOBBIX CECCHIA:
close(d+1)

close(d) L

(1) Return(d+ 1) =

Ha BBIXO/I€ MOJIEJIN — IIPpEJICKa3aHe Ha CJICAYIONYIO TOPTOBYIO CECCHIO.

JL1s1 o1leHKM KadecTBa IMpeJICKa3aHus HAIIPABJIEHUS JIBUKEHUS TeHBI
B KauecTBe IPeJICKA3aHHOI0 KJIACca MCIIOb30BaJICs 3HaK () IIpejicKa3saHHOro
3HAYUEHUS JTOXOIHOCTH, TaK KaK (PU3NIECKUN CMBIC JOXOIHOCTH MHCTPYMEHTa,
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9TO Be€JIMYMNHaA OTHOCUTEJIBHOI'O HpI/IpOCTa. TaKI/H\/I O6pa:301\4, IIOJIOZKUTEJIbHOE
3HAYEHUE JOXOJAHOCTH TOBOPUT O POCTE IIEHDI, OTPHIATEIbHOE — NajeHun. s
OIEHKY KAYEeCTBa POrHO3a [EHBI AKTHBA MPEJICKA3AHHBIA BEKTOD JOXOIHOCTH
UHCTPYMEHTa 11pe0OpPa30BbIBAJICS B LeHy (B pyOJisx):

(2) price(d 4+ 1) = (Return(d + 1) + 1) - price(d).

Tlosydennsrit B pe3ysibraTe TpeoOpa30BaHus MOTOYETHO CIIPOTHOZUPO-
BAHHBII BEKTOP IIeH CPABHUBAJICS C HCTOPUIECKUM BEKTOPOM II€H aKTHUBOB
o merpuke MAPE.

BbI60p BEMUMHBL JIOXOJHOCTH WHCTPYMEHTA (& He II€HbI HHCTPYMEHTA)
B Ka4decTBe IIeJIEBOI0 3HAYEHU Ul [IPEJICKA3aTeIbHON MO/ 0OOCHOBAH TeM,
9TO TIPU BBIXOJE IEHBI IpU pocTe (IaJIeHns1) PHIHKA 38 TIPEJIesbl HCTOPUIECKOTrO
MakcuMyMa (MUHAMYMa) BO3MOXKHOCTH HCIIOJb30BAHHs METOJIOB OIDAHIYEHA.

Vcxonst U3 9TOro paccyzKeHus CBeYHble XapakTepucTuku (1enbl close
open, high, low) yunrbiBaiuCh B BUjle 3HAUEHUI OMHOCUMEALHOIT NPUPOCTNOG
UYeH, PACCUUTAHHBIX 110 dhopMysie aHaIoruduo (1).

Jasree n3 3Ha9YeHUNT OTHOCUTEIBHBIX IIPUPOCTOB IEH CKOJIb3SIIIM OKHOM
B IISITh TOPTOBBIX JHEH (POPMUPYETCS BEKTOP-CTPOKA M OH IOJAETCS B IPeI-
CKa3aTebHYI0 MOfe b. Takum 00pa30M, HA BXOJ MOJIEJb MMOJyIaeT BEKTOPD
U3 JIBaJIIATH [1apaMeTPOB M Ha BBIXOJIE IIPEJICKa3bIBaeT OJIHO 3HAYEHUE —
BEJINYMHY JIOXOJHOCTU MHCTPYMEHTA Ha KOHEII, CJIeyIOoIeil TOProBoil ceccui.

2.2. WUcnonb3oBaHue aByx mMoganbHoOCTe

st mpoBeieHNsT SKCIIEPUMEHTa C IPUMEHEHNEM HOBOCTHOI'O ITOTOKA
MbI OTOOpAaJIA IO KJIIOYEBBIM CJIOBAM HOBOCTH, KOTOPBIE COOTBETCTBYIOT
aHaJIM3UpyeMbIM akTuBaM (Tabiuna 5). Kirodyessie cioBa Gbuin BHIGpAHbI Kak
To11-30 cj1oB u3BjedeHHbIX MeTosioM TF-IDF. JlaHHBI MeTO/T BBIYUC/ISET
BaXXHOCTH CJIOB B TEKCTE OTHOCUTEJIBHO YaCTOTHI ITOSIBJIEHUS CJIOBA U €r0
YHUAKAJIBHOCTH BO BCeM Tekcre. IIpumep m3BiieueHHbIX KIIIOUEBBIX CJIOB METOIOM
TF-IDF npusesen B Tabsure 8.

ITosryuus crimcok KJII0OYEBBIX CJIOB ¢ momomibio meTona TF-IDF| mbr
JOIIOJHATEILHO JTOOABUIN KJIIOUEBbIE ¢JI0Ba ¢ noMmoinbio Mogean ChatGPT-
40, yBeJIMYUB T€M CaMbIM BapuabebHOCTH KJIIOYEBBIX CJIOB C MOMOIIHIO
[ePECTAHOBOK, 3aMeH OyKB, u3MeHeHus okondanuii (tabuua 9). Orobpanubie
HOBOCTH JIJIsl KAyKJIOW KOMIIAHUU (TUKepa) ObLIM OTOOPAXKEHBI B BEKTOPDLI U
oTUILTPOBAHBI Ha MPEIMET JTyOJIMKATOB.
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TABHI/IL[A 8. Kimrouesbie CJIOBa, IIOJIyY€HHbIC U3 ONUCAHUMN KOoMIIa-

HAN

Tuxep Koouessre ciioBa

MTLR | meuesn, ropHoio6bIBatOIIEei, pyda, ChIpbe, SHEPrus, (peppoCIIaBbl, YTOJIb

SNGQS | T3 reosoropassenxa, HedTb, cypryrHedreras, HePTEIPOLYKTHI, JIEKTPO-
3Heprusi, 6ypeHue

QMLT | APeHAa; ACBEJONMEHT, IeBeJIONep, He/IBIKIMOCTD, CTPOUTENLCTEO, MOCKOB-
CKHil PErvoH, *KUJIble KBapTaJIbl

MTSS abOHEHT, aBTOMATH3alisl, HHTEPHET, MOOMJILHON CBSI3U, IPOBaiifep, KOMMY-
HUKAIMOHHBIX

BSPB 6aHK, BKJIa/l, JUBUJIEH b, (PUHAHCOBBIE YCJIYTH, KAJUHUHIDA/L, CIOAHK,
CaAHKT-TIeTepOy pr

Tasmuna 9. KiroueBbie cjioBa, MOJIyYeHHBIE JTOTOJTHATETHHO

Tukep Kumouesnbie cioBa

MTLR medes, merdes, Medasi, mechel, Mchel, deppocmnassl, dpyppocias

SNGS cyprytHedTeras, surgutneftegaz, surgut, cypaedreras, cypras, cypryr,
cyp-HdTIr3

SMLT camoser, smlt, samolet, samalet, Camier

RTKMP | pocresnekom, Tenekom, rostelecom, telecom, rtkm, prx, r-telecom, pacreskom

HYDR pycruapo, rushydro, rshydro, r-gidro, rugpopyc, runpa, pycrugpa

Ha PUCYHKE 4 IIpuBeacHa JUarpaMMa paclpeide/JIeHd HOBOCTHBIX crareit

JIJIsT KOMITAHUH 110cjie (hUIbTPAIIIH.

B kadgectBe BEKTOPU3aTOPa HOBOCTHOI'O IIOTOKa Ha PYCCKOM A3bIKE MbI

npuMeHuan ase mogenn: RuBert [8] u Qwen [9].

Paborasi ¢ HOBOCTHBIM MOTOKOM MBI CTOJIKHYJIUCEH C JBYMST TPOBJIEMAMHU.
IlepBas mpobiiema — 310 mpobseMa pepaiiTHHTra, MOITOMY HEeOOXoauMa (hUIbTPa-
nust ayosupyromux HoBocTel. [jist Toro 4Tobbl Hallla MOMIE/Th yIUTHIBAJIA
HOBOCTB TOJIBKO OJIMH Pa3, HEOOXOMMO PEATN30BaTh aJrOPUTM UIACHTH(DUKAIIUN
JTyOTMKATOB.

BTopas{ HpO6J'IeMa.* BbIABJIECHIE aKTHUBOB, Ha KOTOPbIE€ OKa3bIBa€T BJIMAHUE

KOHKPeTHasi HOBOCTh. /laHHYI0 IpoOIeMy MOXKHO MHTEPIPETUPOBATH KakK
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PucvyHok 4. Pacnpepesenne HOBOCTE 110 KOMITAHUSAM TIOCJIE
dunprpanun (nudpsl Ha JuarpaMmMe — IPOIEHT HOBOCTEH PO
KOMITAHUIO B HAOODPE JTAHHBIX)

3a/lady KJIacCUMUKAIMA HOBOCTH, JJisi KOTOPOl THKePHI BBICTYIIAIOT B KA4eCTBE
METOK KJIACCOB.

Mot perennst mpobJieMbl pepafiTiHra MbI CIIPOEKTUPOBAJIN CHAMCKYTO Heii-
POHHYTO ceTb. JIjIsT 9TOT0 MBI COCTABUIN 00y A0 HADOP JAHHBIX C TIOMOIIHIO
API GigaChat cieayromum 06pa3om: JJist KaxKJI0# CTaThU NeHEePUPOBAJICH
Tpu nepedpasupOBAHHBIX 3ar0JI0OBKA U TEJIA CTATHH, JIAJIEe CIIYIaiHbBIM
00pa30M COCTABJISIIUCH B PABHOM COOTHOIIEHUU Maphl U3 OPUTHHAJILHON 1
nepedpasupOBAHHBIX HOBOCTEH U UX 3ar0JIOBKOB.

Cuamckasi HelfpOHHAs CeTh CIIPOEKTUPOBAHA CJIEIYIOMUAM 00pa3oM: Ha BXO
HoJlaeTcs apa HOBOCTell, ¢ momonibio Mogean RuBert [8] ussiiekaiorcs BeKTOD-
HBIE MTPEJICTABJICHIS HOBOCTE, HAJl 000MMHI BEKTOPAMIE BBITOJIHSIETCS OTI€PAIIHs
KOHKATEHAIINN, UTOTOBBIN BEKTOP IIePeIaeTcd JaJjiee B MOJTHOCBA3AHHYIO
ueiiponnyio cerb (MLP). [jist Toro 9ro6bl OMpeseuTh ONTUMAIBHYIO TIYOUHY
mogiesin MLP MBI TpoBesTi cepuio 9KCIIEPUMEHTOB, B X0JIe KOTOPOi OIEHIBAJINCH
KaYeCTBO IMPeJICKAa3aHusi 1 BpeMsi 00pabOTKM HOBOCTHOIO IIOTOKA. B pesysbrare
[IPOBEJIEHHBIX YKCIIEPUMEHTOB MblI BbiOpaJsu riayouny MLP B 3 cios.

3areM OTGUILTPOBAHHBIE HOBOCTHBIE CTATHU HEPEBOJATCS B BEKTODHI,
9TOOBI IPU MIOCTYIJIEHMU HOBBLIX HOBOCTEH KIacCH(PUKAIUIO JIyOJIUKATOB
npoBouTh B One-Shot pexkume, 4TO O3BOJISIET CHU3UTDH 3aTPaThl Ha BPEMsI
06paboOTKM HOBOCTHOIO MOTOKA U BBIYACJIATEJLHBIE PECYDCHI (B HAIEM CJIyuae

GPU V100).
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Jlist pertieHnst BTOpOit MpobJIeMbI — COTIOCTABJIEHUST BHIOOPOK HOBOCTHBIX
crareil IO 1aTaM M UX IIOCJIELYIONIEr0 UCIIOIb30BAHUS B IIPOTHO3UPOBAHII
IeH — HeoOX0 MO (POPMATIN30BATE MTPOIECC 0TOOPa JTAHHBIX W TeHEPAITNN
IPOrHO30B. MBI IIpe/iroaraeM, 9To TpeAcKa3aHne IEeHbl 3aKPhITHS aKTUBA
MIPOUBBOJINTCS JIJIsT KAXKI0T0 TOPTOBOIO JIHS HA MOMEHT OTKPBITHUsI TOPIOB.
IIpu 3TOM B BBIOOPKY BKJIFOUAIOTCSI TOJIBKO T€ HOBOCTU, KOTOPbIE OBLIN
onyOJIMKOBAHDI JIO0 HaYaJIa TEKYIIEro TOProBOTO JIHS.

DopMupoBaHUE BHIOOPOK OCYIIECTBIISIETCS IMIyTEM T'PYIITHPOBKH HOBOCTEH
o jare myosmkanuu. [l nmporuosa 1eHsl Ha 3aaHHbIA JeHb UCIOIb3YIOTCS
MaTepHaJIbl, OIIyOJIMKOBAHHbIE B IIPEIIECTBYIONMI TOProBbIil fenb. Hanpumep,
CTaThU AHAJUTUIECKOTO XapaKTepa, TAKNe KAK MAaTEPHUAJIBbI 10, pyOPUKOit
«TexHm4Yecknit anaan3y ot ncrounnka «bKCy, mybiukyembre exxemHEBHO
JI0 HaYaJa TOPrOB, BKJIFOYAIOTCS B BBIOOPKY JIjisl IIPOTHO3UPOBAHUSI IE€H
AKTHUBOB, KOTOPBIE ITPOAHAIN3UPOBAHBI B cooOmeHnn. Takoil mojIxo/] I03B0JISeT
YYUTHIBATH HANUOOJIEe aKTyaJbHYIO NHMOPMAIUIO U YIYyUIIUTh KaYeCTBO
IIpeJICKa3aHusd.

JI1s MCIoIb30BaHus IBYX MOJAIBHOCTEN 0Oydatomme cepun chopMupoBa-
HBI 9epe3 KOHKATEHAIINIO BEKTOPOB IIPUPOCTOB IIE€H 32 MPEbIIYIINe IATh
JTHE U BEKTOPOB HOBOCTHOT'O ITOTOKA. BEKTOPHI OTHOCHTEILHBIX IPUPOCTOB
[I€H KOHCTPYHUPOBAJINCH AHAJIOTUIHO IKCIIEPUMEHTY C OJIHON MOJAIBLHOCTHIO,
a HOBOCTHU BBIOMPAJINCH 3a MPEIbIIYIIHI TOPTOBBII JeHb B COOTBETCTBUHI
¢ BeIOpaHHBIM akTUBOM. Jlajiee 3T HOBOCTH OTOOPAXKAJIMCH B BEKTOPHI U
arperupoBaJInuCh.

Ecnn 3a npenpiaymuii 7eHb WIn 10 OTKPBITUSI TOPIOB TEKYIIEro THs
myOsmmKaIuit He ObLI0, TO K BEKTOPY OTHOCUTEJILHBIX IPUPOCTOB KOHKATEHUPY-
€TCsT HyJIEBOM BEKTOp JAUHBI 768 st momenn RuBert u 896 mist momenn
Vikhr-Qwen2.5-0.5b-Instruct (Qwen), unade gobasigercsa arperupoOBaHHbIN
BEKTOD HOBOCTHOI'O ITOTOKA TOM K€ IJIMHBI. Takue JIMHbI KOHEYHBIX BEKTOPOB
COOTBETCTBYIOT pa3MepaM OPUIHHAJIBHOIO BBIXOIHOIO CJIOSI IIPe 100y YeHHBIX
mogeseir RuBert u Qwen.

B ucciieoBanuym Mbl pacCMOTPEIHN JIBA BAPUAHTA arPETaIiid HOBOCTHBIX
BEKTOPOB: cyMMa BekTopos (Sum) u ycpeanensnas cymma (Mean). Tlox cymmoit
BEKTOPOB MBI IOAPA3yMEBAEM CyMMHUPOBAHHE 3HAYCHHI COOTBETCTBYIONIIX
KOODJIMHAT BEKTOPOB. 11071 yCpeHEHHON CyMMOI MBI OPa3yMeBaeM, 9TO B CO-
OTBETCTBYIOIINX KOOPJAMHATAX BEKTOPA BHLICTABJISAETCA CpeiHee apu(pMeTHIeCKOe
3HAYCHHME KOOPAMHAT arperupyeMbIX BEKTOPOB.

Bazosas momens RuBert mmeer orpanntieHubiii pa3Mep KOHTEKCTHOTO
OKHa, paBHbIH 512 Tokenam. [lo aToit mpuynHe, CTATHU, MPEBLIIAIONIAE JTUMUAT
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KOHTEKCTHOT'O OKHA, YCEKAJMChH WU JPOOUINCH JIJIs pa3eabHOil 00paboTKM,
II09TOMY O/IHOIl HOBOCTHO# CTaThe MOIJIA COOTBETCTBOBATH HOJIEE OJHOTO
BekTopa. Moziesib Qwen uMmeer pasMep KOHTEKCTHOIO OKHa— 32768 TokeHoB (B
64 pasza GoJrbIIe), 3TO JOCTATOUHO Iyist 00paboTKu crareit Ge3 yceuernnii. asee
MBI CDABHUBAEM, KaK BJIMSIET HA KAUECTBO MPEJICKA3aHNEe [€H BEKTOPU3aTOD
HOBOCTHOT'O ITOTOKA.

IIoroueuno mpejicka3zanuble BEKTOPA JIOXOIHOCTEHN MEPEBOIUINCEH B TEHDI
akTuBoB 10 Gopmyie (2). KauecTBo npejckasanus OlNEHUBAJIOCH 1O JIBYM MeT-
puKaM: TOYHOCTH (Accuracy) um BeJMYNHA CPeJHEro aBGCOMIOTHOTO OTKIJIOHEHUS
B nponenrax (MAPE). Tounocrs oreHnBazach Kak J0Jsk BEPHO [MPEICKA3AHHBIX
3HAKOB 3HAYEHUI 3JIEMEHTOB BEKTOPA JAOXOJHOCTEN: NOJOXKUATEJAbHBIIT NI
orpunarebibiii. Merpuka MAPE nemoHCcTpupyer, HaCKOJIBKO IIPOIIEHTOB
B CpeJIHEM IPEJICKAa3aHHAs CTOUMOCTD OTJIMYAETCS OT UCTUHHOTO 3HAYCHMUSI.
Takum 06pa3oM, MbI MOYKEM OIEHUTH KATeCTBO MPEICKA3AHNSA B JTEHEKHBIX
enmHUTAX (PyOIIsx).

3. BbluncaunrtensHbiii 3KCNEPUMEHT

B namnom paszeste npuBesieM pe3yIbTaThl BBIYHCIUTENbHBIX SKCIIEPIMEHTOB
JUIs IBYX TIPeJICKAa3aTelIbHbIX Mozesel (oaHa u jase MojanbHocTn). st
pa3paboTKu MPeCKA3ATEeIbHON MOJEIN MbI HCIOJIB30BaN (PPEHMBOPK
Transformers (nnardopma Hugging Face). st uposeenust Boraucsienuit 6uuia
ncnojb3oBaHa Bujeokapra V100.

3.1. Pe3y.nb1'a1'b| MCNOoJ1b30BaHUs O4HOW MOAANLHOCTN

PesynbraTs! sxcnepuMmenTa mpecKa3aHns BEKTOPOB JOXOTHOCTEN MH-
CTPYMEHTOB TOJIbKO Ha BPEMEHHBIX PAJlaX [IJId MozeJieil KJIacCUIeCKOro 1
IJIyOOKOTO MAIIIMHHOI'O O0y4eHUs IpecTaByeHbl B Tabmuie 10.

B rabsmne 11 npuBeseHbl ycpeaHeHHbIE OIEHKN KAaueCTBa NPE/ICKA3AHUIL
[0 MOJIEJIsIM, JIAHHBIE B 3TOI Tab/inie OTCOPTUPOBAHBL B MOPSIJIKE BO3PACTAHMUS
Cpe/THEll BeJIMUNHBI aBCOIOTHO OMMOKY OTKJIOHEHHs! IPEJICKA3aHNUS OT IIeHBI
aKTHUBa B IpolenTax (crosbern «OTKIOHEHHE ).

U3 pe3ynpTaToB IKCIIEPUMEHTA BUIHO, YTO PeKyppeHTHas Mozaenb LSTM
JIEMOHCTPHUPYET HAIIydIllee KAa4eCTBO KJIACCU(PUKAIINN, TO €CTh [IPEICKA3BIBAET
POCT WM TI3JIEHNE, U PErPECCUU — HAMMEHbIIIee CpeJlHee OTKJIOHEHUE IIPOrHO-
3UPyeMOIi IIeHbl OT UCTUHHOM, HO IPUA 3TOM OTCTAE€T O METPUKE CpeJIHel
abCOJIIOTHOMN OIIHOKN.



TasmuyA 10. Pegysbrarsl npeacka3anus BEKTOPOB JOXOIHOCTH C MCIOJB30BAHUEM TOJIHBKO BPEMEHHBIX

pagnos. Toanocts (ciieBa) n OTKJIOHEeHUE (CHIpaBa) B IPOIEHTAX

Ucrounuk LSTM XGB KNN RF LinReg DT
MeTauis: 1 MTLR 56.364 0.410 | 40.000 2.089 | 42.273 2.050 | 50.909 2.020 | 50.000 2.029 | 42.727 2.679
AoGbITa TRMK 56.364 0.362 | 40.909 2.105 | 38.182 2.167 | 47.273 2.154 | 49.091 2.114 | 52.727 2.308
Hedrs 1 ras SNGS 50.303 0.352 | 49.091 1.776 | 48.182 1.775 | 50.000 1.735 | 60.909 1.744 | 52.727 1.857
SIBN 58.182 0.341 | 40.000 1.766 | 58.182 1.746 | 46.364 1.788 | 41.818 1.839 | 51.818 1.813
[orpe6urensckuit| MGNT 46.667 0.331 | 39.091 1.517 | 43.636 1.493 | 49.091 1.519 | 40.000 1.709 | 60.000 1.672
CEKTOp LENT 56.364 0.371 | 54.546 2.202 | 39.091 2.178 | 52.723 2.145 | 51.818 2.220 | 51.818 2.589
Crpontenscrso PIKK 49.091 0.484 | 40.909 1.565 | 50.909 1.563 | 50.000 1.558 | 44.545 1.637 | 51.818 1.592
SMLT 53.939 0.328 | 42.727 1.577 | 38.182 1.552 | 46.364 1.539 | 49.091 1.536 | 41.818 1.683
Tenekommynuka- | MTSS 56.970 0.541 | 42.727 1.290 | 40.000 1.306 | 45.455 1.520 | 53.636 1.419 | 50.000 1.395
i RTKMP 55.152 0.246 | 45.455 1.299 | 42.723 1.303 | 42.727 1.335 | 50.909 1.355 | 48.182 1.411
Tpascopr AFLT 55.152 0.419 | 46.364 2.079 | 57.273 2.017 | 52.727 2.062 | 60.909 1.976 | 51.818 2.194
FLOT 47.273 0.258 | 43.637 2.116 | 38.182 2.124 | 42.727 2.104 | 45.454 2.074 | 49.091 2.294
Dunancn BSPB 46.061 0.410 | 49.091 1.612 | 50.909 1.695 | 50.909 1.598 | 54.545 1.602 | 45.455 1.829
SFIN 49.697 0.447 | 40.000 1.603 | 30.909 1.647 | 39.091 1.743 | 48.182 1.960 | 41.818 1.959
Xumuueckas npo- | PHOR 41.818 0.231 | 42.727 1.194 | 52.723 1.149 | 48.182 1.168 | 50.000 1.227 | 45.455 1.218
MBIIIIEHHOCTD KZOSP 57.576 0.458 | 49.091 1.198 | 42.723 1.237 | 49.091 1.210 | 46.364 1.217 | 54.545 1.581
Ssnexrposuepre- | HYDR 59.394 0.380 | 51.182 1.124 | 60.000 1.130 | 48.182 1.214 | 45.455 1.151 | 49.091 1.355
THKa MRKC 40.000 0.768 | 51.182 1.182 | 49.091 1.225 | 54.545 1.214 | 50.000 1.224 | 55.455 1.403

Y

AMHVEVIOTHII HOHALVIONULILATN )
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TAB/IMIA 11. Pe3gynpTaTh! IpeicKa3aHUsl C UCIOJIb30BAHUEM

OJIHOM MOJAJILHOCTH (BPEMEHHBIE PsiJIbI)

Mogens | Tounocts, % | Orknonenue, %
LSTM 52.020 0.397
XGB 45.000 1.627
KNN 46.010 1.631
RF 48.384 1.646
LinReg 50.152 1.669
DT 49.798 1.824

3.2. Pe3ynbTaTbl UCNOMb30BaHUS ABYX MOAAIbHOCTEIA

Pesysibrarsr BToporo skcrepuMenTa, COCTOSBIIETO B CJAMSHUN HOBOCTHOTO
IIOTOKA U YHCJIOBBIX BPEMEHHBIX PSIJIOB U CPABHEHUH IIPE/JIOXKEHHOI'O MYJIBTHMO-
JIAJTHHOTO TIOJIX0/Ia C IIPOTHO30M MTOCTPOEHHBIM UCKJIIOUUTEIBHO HA BPEMEHHBIX
psifia cBedeil aKTUBOB, IpecTaBjieHbl B Tadmie 12. B tabnume 13 mpegcras-
JIEHBI yCpEeTHEHHbIE 3HAYEHU METPUK IIPEJICKA3aHMs 10 PACCMOTPEHHBIM
MOJIEJISIM, JIAHHBIE B TabJINAIE OTCOPTUPOBAHBI IO cTOJONY «OTKIOHEHTE —
B IOPsiJIKe BO3PACTaHUs CPEJIHEIl BeJUINHBI a0COIIOTHON ONMIMOKY OTKJIOHEHUS
MIpeJICKa3aHusl OT IEHbI AKTUBA B IIPOIEHTAX.

BaszoBoit Mome b0 BO BTOPOM KCIIEpUMEHTE ObLIa BhIOpaHa HEHPOHHAST
cerb LSTM. C Heii MbI IPOBe/IM CPaBHEHNE Pa3JIMYHBIX BEKTOPU3ATOPOB
(RuBert, Qwen) u MerosioB arperaiuu BekTopos (Sum, Mean).

Ha pucymnke 5 npuBesena 3aBUCHMOCTH BEJIUIUH (PYHKIIMU ONIHOKI
cpennaekBagparnaaoro orkaonenus (MSE Loss) or komuuaecTsa ureparuii
o0y4eHus Jyid Pa3IMIHbIX MojesIeli st TpernpoBodnoro (¢ 7 uost 2022 roxa
no 27 mapra 2024 rozga) u Tecrosoro Habopos (¢ 28 mapra no 30 asrycra 2024
rozga). ITo rpaduky BumHo, uro nocsae 30 310X 00yUeHUsT KPUBbIE BHIXOIAT
Ha CTaIOHAPHOE 3HAYEHUE.



TABJ‘II/IH‘A 12. Pe3yﬂbTaTbI IIpeJICKa3aHud BEKTOPOB JIOXOJHOCTHU C MCHOJIb30BAHUEM JIBYX MO,ILaJ'[bHOCTefI.

TounocTh (ceBa) M OTKJIOHEHHE (CIpaBa) B IIPOIEHTAX

HVcrounuk vanilla LSTM LSTM_RuBert SUM | LSTM_RuBert MEAN | LSTM_QWEN_SUM | LSTM_ QWEN_MEAN
Merams: u MTLR 56.364  0.410 | 39.394 0.409 | 38.788 0.410 | 45.455 0.522 | 52.121 0.246
AoGerya TRMK 56.364  0.362 | 35.152 0.392 | 42.424 0.192 | 36.364 0.504 | 35.758 0.419

SNGS 50.303  0.352 | 53.939 0.865 | 58.182 1.824 | 44.848 0.307 | 49.697 0.106
Hedrs u raz

SIBN 58.182  0.341 | 58.182 0.265 | 58.182 0.216 | 39.394 0.368 | 47.879 0.165
Horpeburensckuii| MGNT 46.667 0.331 | 53.333 0.417 | 47.879 0.299 | 46.061 0.307 | 48.485 0.235
cexTop LENT 56.364  0.371 | 49.091 0.400 | 50.909 0.359 | 53.333 0.346 | 52.121 0.331

PIKK 49.091  0.484 | 50.303 0.462 | 57.576 0.436 | 47.273 0.529 | 53.333 0.322
CrpouresnbCcTBO

SMLT 53.939 0.328 | 38.788 0.200 | 46.061 0.270 | 36.364 0.311 | 43.030 0.241
Tesexommymnka- | MTSS 56.970 0.541 | 53.939 0.473 | 55.152 0.368 | 47.879 0.316 | 45.455 0.193
T RTKMP | 55.152  0.246 | 49.697 0.274 | 45.455 0.271 | 44.848 0.171 | 44.242 0.178

AFLT 55.152  0.419 | 51.515 0.641 | 50.303 0.348 | 45.455 0.259 | 52.121 0.182
Tpancnopr

FLOT 47.273  0.258 | 43.636 0.532 | 52.121 0.262 | 43.636 0.392 | 43.636 0.345
® BSPB 46.061  0.410 | 47.879 0.406 | 50.909 0.326 | 47.879 0.369 | 52.121 0.227

HNHAHCBHI

SFIN 49.697  0.447 | 44.848 0.445 | 47.273 0.390 | 56.970 0.195 | 56.970 0.272
Xumuueckas npo- | PHOR 41.818  0.231 | 53.333 0.264 | 55.152 0.238 | 60.000 0.354 | 44.848 0.219
MBIHLICHHOCTE KZOSP 57.576  0.458 | 42.424 0.492 | 41.212 0.491 | 48.485 0.369 | 49.697 0.352
Dunexrposuepre- | HYDR 59.394  0.380 | 58.788 0.326 | 55.758 0.321 | 47.879 0.292 | 61.212 0.178
THIA MRKC 40.000 0.768 | 42.424 0.742 | 43.030 0.839 | 42.424 0.660 | 41.818 0.543

AMHVEVIOTHII HOHALVIONULILATN )
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TaBmunA 13. Pesynbrarsl npefcKa3aHusa C UCIOIB30BAHIEM IBYX

MOJIaJIbHOCTEN
Mopgenn Tounocts, % Otknonenne, %
LSTM-Qwen-Mean 48.552 0.256
LSTM-Qwen-Sum 46.970 0.367
LSTM 52.020 0.397
LSTM-RuBert-Mean 49.798 0.437
LSTM-RuBert-Sum 48.148 0.445

pacuk n3mMeHeHNs BeNNYMHBI PYHKLUNY owmnbky MSE Bo BpeMsi 0ByyeHus

LSTM-RuBert-Sum train
LSTM-RuBert-Mean train
LSTM-RuBert-Sum test
LSTM-RuBert-Mean test
LSTM-Qwen-Sum train
LSTM-Qwen-mean train
LSTM-Qwen-Sum-test
LSTM-Qwen-Mean test
LSTM train

LSTM test

norapugmmnpoBaHHbii MSE LOSS

10 20 30 40 50 60 70
KOJINYeCTBO nTepaunin obyyeHuns

Pucynok 5. BaBucumoctsb BeanynH DyHKIUU OMMUOKU CPeJIHe-
KBJIDATUYHOTO OTKJIOHEHUS OT KOJHUYECTBA HUTEPAINil 00y IeHIs
718 PA3JINIHbIX Mojiesielt. T peHnpOBOYHBIN 1 TeCTOBOM HAOODPBI

3 Tabuui, pe3ysIbTaToB CIEAyeT, 9TO IPOrHO3 MMOCTPOCHHBINH Ha BEKTO-
PU30BAHHOM HOBOCTHOM IIOTOKE C TIOMOIIBIO GOJIBLIION S3BLIKOBOI MOJIesIn
IPEBOCXOJAT IPOTHO3, HOCTPOCHHBIN HCKIIIOYATEIHLHO HA, CBEYHDBIX JTAHHBIX
AaKTUBOB, JEMOHCTPUPYs HauMeHbIee 3HaUeHUue OTKJIOHEHUsT II0TOUeTHOr0
IPOrHO3a IIEHBI OT HCTUHHOIO BEKTOpA IeH. IIph 3TOM, yepeJHeHne BEKTOPOB
(Mean) maer HamsydIuii pe3ynbTaT.
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Ha6op paunnbix (176 akuwit poccuiickux KoMmuanuil, ropryemix Ha Mockos-
CKOI Gupzke, u 79555 PYyCCKOA3BIYHBIX (PUHAHCOBBIX HOBOCTEH ), COOPAHHBII 11t
MPOBEJIEHUST UCCIIEOBAHTI, JOCTYIEH IO cchbuike [11].

3aknto4derue

B pesysbrarte mpoBeieHHBIX IKCIIEPUMEHTOB MBI ITPOJIEMOHCTPHPOBAJIH, 9TO
J100aBJIeHre TEKCTOBOW MOJIAJIBHOCTH — AHAJIN3 HOBOCTHOTO MOTOKA — ITOJIOKH-
TeJILHO BJIMsIET HA KAYECTBO MPEJICKA3aHUsI IIEHbL. B cpejiHeM 3HaUYeHne MeTPUKA
MAPE (ork/ioHEeHUE TIPOrHO3UPYEMOii IIEHBI OT UCTUHHOM) YMEHbIIAETCS
ua 55%: ¢ 0.397 (momens LSTM) mo 0.256 (monens LSTM-Qwen-Mean). K Tomy
7K€ Ka4decTBO IPEeJICKa3aHusl HA OCHOBE BEKTOPOB, IIOJIYIE€HHBIX C ITOMOIIHIO
6osbImol s1361K0BOM Mojesn Vikhr-Qwen2.5-0.5b-Instruct, okazasnocs Jsrydre,
gem RuBert. OT wactu sTo ciemxyer uz Toro dakra, 9T0o Momesb Qwen
obsa1aeT 66IBITIM KOHTEKCTHBIM OKHOM U ODyUeHa Ha 64JIbIITeM KOpIIyce
TEKCTa ¢ NOJJIEPKKOi «ienouku pasmbinuienuit» (Chain-of-Thoughts, CoT),
9TO YIy4IIAeT CIOCOOHOCTH MOJE/H PA3MBIIISTD U YIABJIUBATE CJIOXKHBIE
CEeMaHTUYECKUEe 3aBUCUMOCTH BHYTPH TeKCTa. V3 pe3ybTaToB 3KCIIEPUMEHTA
CJIeJIyeT, 9TO MeToJ, yepeaHenus: BeKTopos (Mean) okaszasics srydiie, deM
cyMmupoBanue (Sum), u gBJIsieTcsl IPEIIIOYTUTENbHBIM METOJOM arperarun
BEKTOPOB HOBOCTHOT'O ITOTOKA.

IIpu sTOM, Ba’KHO 3aMETUTD, YTO TECTOBBIE JIAHHBIE, HA OCHOBE KOTOPBIX
paCCUNTBHIBAINCH (DUHAJBbHBIE 3HAUEHUsI METPUK, BKJIIOYAIOT MHTEPBAJ C 28
maprta 1o 30 aBrycta 2024 roma. Ha sToT BpeMeHHOI MHTEPBAJI y PHIHKA
POCCHICKUX MEHHBIX OyMar HabJIiomaeTcs obimast TeHIeHnus K cruary. Hammane
SIBHOI'O TPEHJIA SIBJISIETCS] BAXKHBIM (DAKTOPOM, YIIPOIIAONINM 33J1ady IIPeJICKa-
zauus. OIHAKO, Jla’ke B 9TON MOCTAHOBKE, IIPEJIOKEHHBIN MYIbTHMOIAIBHBII
ITOJIXOJ] OKA3AJICSI HAMJIYYIIAM CPeId PaCCMOTPEHHBIX.

OOGyuenne 1 BaJIMJIAIMST MOJIEJIM JIJIsI PEIIeHUs] 33/Ia9i PepaiiTuHra
IIPOUCXONIIO HA HOBOCTHBIX CTATbAX, OObEM KOTOPBIX HE ITPEBOCXOIIUIT
KOHTEKCTHOe OKHO Mojiesit RuBert, moromy apredakTol, CBI3aHHBIE ¢ BEJTATHHOMN
KOHTEKCTHOI'O OKHA, BBISIBUJINCH TOJBKO BO BPEMsI TAIA TOCTPOEHUS TPOTHO30B,
KOTJIa B HOBOCTHYIO BBIOODKY TOIA AN CTATHHU JIJIMHONW B CPETHEM OKOJIO
290 cjoB. Iloromy Ha Oyayiiee, fjist yiIydmnieHus: MOJIeN (DUIBTPAIIUNA 1
Kjaccu@UuKaIUy HOBOCTEH 110 KOMITAHUSIM HEOOXOIUMO BOCIIOJIb30BATHCS
MOJIEJIAME ¢ OGJIBIIIMM KOHTEKCTHBIM OKHOM, Hampumep Qwen.

Cobpannblit Habop JaHHBIX [11] JeMOHCTPUPYET XOPOIIYIO CTPYKTYPUPO-
BAHHOCTH W MOYKET OBbITh IIPUMEHEH J[jIsi TOHKON HACTPOWKU PYCCKOS3BITHBIX
7 aJAalTUPOBAHHBIX TIOJT PYCCKUI S3bIK OOJIBITNX S3BIKOBBIX MOJIEJIEH JI1st
npuMeHenns: B (DUHAHCOBOI cdepe.
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15t KOJTMIeCTBEHHOTO CPABHEHUsI TTPEJIOYKEHHON MOJIEIN MbI ITPOBEJIH
BBIYHC/INTETHHBIN 9KCIIEPUMEHT, B KOTOPOM 38 OCHOBY B3SLIH MOJAXOM U METPUKU
crarbu [7]. Cienyst pabore [7], B kKauecTBe HaGOPA JAHHBIX MBI UCIOJIb30BAJIH
BPEMEHHbBIE PsJIbI TIeH TSTH KPYIMHBIX aMepuKanckux kommnanuii: AAPL,
AMZN, GOOGL NFLX, TSLA u Hab0p aHIJIOSI3BIYHBIX HOBOCTEH C Pa3METKON
110 KOMTIaHUSM 3a mepuo ¢ 12 okTsaops 2012 roma o 31 auBapst 2020 roja.
(rabmuna 14).

TapulA 14. CpaBHeHHe METPHUK IPOTHO3MPOBAHUS MYJTBLTUMO-
nassaoro noaxona (LSTM-Qwen-Mean) ¢ m0x0/10M, OCHOBAHHBIM
Ha ydeTe OLEHKM TOHaJbHOCTH HoBOCTell (Baseline) [7]

Mogennb Tukep R2 MAPE, % | MAE
LSTM-Qwen-Mean AAPL 0.989 0.628 0.003
Baseline AAPL 0.947 2.333 0.018
LSTM-Qwen-Mean | AMZN | 0.968 1.601 0.013
Baseline AMZN 0.870 1.730 0.015
LSTM-Qwen-Mean | GOOGL | 0.935 1.394 0.008
Baseline GOOGL | 0.788 2.286 0.020
LSTM-Qwen-Mean NFLX 0.955 2.361 0.076
Baseline NFLX 0.919 2.512 0.019
LSTM-Qwen-Mean TSLA 0.915 3.206 0.006
Baseline TSLA 0.930 7.423 0.034

3aMeTnM, 4TO UCIOJIB30BAHHBIN HAOOD JIAHHBIX BKJIIOYAET TEKCTOBYIO
COCTABJISIIONTYIO HA AHTIMACKOM $I3BIKE, II09TOMY JIJIsi BEKTOPU3AIIUE HOBOCTEH
MBI UCIIOJIB30BAJIM OPUTHHAIBHYI0 Mojesb Qwen2.5-0.5b-Instruct [10]. s
[TOCTPOEHUSI IIPOTHO30B MbI BBIOpasu u o0yumsin mojeab LSTM-Qwen-Mean,
TaK KaK OHA I0KA3aJja B CPEJIHEM JIydlllee Ka9eCTBO B HAIIEM HCCJIEOBAHIM.
B kauecTBe METPHUK MBI UCTIOJB30BaM Ko duiment nerepmunaryu (R2),
cpeHIO0 abcooTHyo omubky (MAE) u cpeiuion abCcoIIOTHYIO OIIIOKY
B nponenrtax (MAPE).

Takum 06pazoM, MbI paboTad C OJHUMHU U TEMHU YK€ BPEMEHHBIMU PsIIaMU
u merpukamu. [lo Bcem merpukam, 3a uckirouennem MAE njug NFLX u R2 njist
TSLA, npenjioyKeHHbIN MyJIbTUMOIAIBHBIN TOIX0J, ¢ YCPEJIHEHUEM BEKTOPOB
[IPEBOCXO/IUT METPUKH HAWJIYUIIero 3amycka noaxona [7]. Ha ocnosanun
MTPOBEJIEHHBIX BBIYUCJEHUN MOXKHO CJIEJIaTh BBIBOJ, UTO MPEJIOKEHHBIN
MYJIBTEMOIAIBHBIH TTOJIX0/T TPOJEMOHCTPUPOBAJT JIydlllee KauecTBO MPOrHO3a 1
YHUBEPCAJIBHOCTD IIPUMEHUTEIBHO K POCCUHCKOMY U 3apyOe’KHOMY PBIHKY.
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B naspneiimemM, HeoOXOMMMO HUCCJIEI0BATH KAKUM 00Pa30M YYUTHIBATH
BXO/THOW HOBOCTHOM IIOTOK B IIPEICKA3aTEILHON MO/ — 33 KaKOH 11epuo/I
BpeMeHU HeOOXO/IMMO HCIOJIB30BaTh HOBOCTU M KaK YUUTBHIBATH HOBOCTHbBIE
coobuieHus (HalpuMep, BADbUPOBATH BEC HOBOCTH B 3aBHUCHUMOCTHU OT €€
XPOHOJIOTNYIECKOr'0 HOPsijiKa B BHIOOPKE).
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