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Abstract. Classical asset price forecasting methods primarily rely on numerical data,
such as price time series, trading volumes, limit order book data, and technical analysis
indicators. However, the news flow plays a significant role in price formation, making the
development of multimodal approaches that combine textual and numerical data for improved
prediction accuracy highly relevant.

This paper addresses the problem of forecasting financial asset prices using the multimodal
approach that combines candlestick time series and textual news flow data. A unique dataset
was collected for the study, which includes time series for 176 Russian stocks traded on the
Moscow Exchange and 79, 555 financial news articles in Russian.

For processing textual data, pre-trained models RuBERT and Vikhr-Qwen2.5-0.5b-Instruct
(a large language model) were used, while time series and vectorized text data were processed
using an LSTM recurrent neural network. The experiments compared models based on
a single modality (time series only) and two modalities, as well as various methods for
aggregating text vector representations.

Prediction quality was estimated using two key metrics: Accuracy (direction of price
movement prediction: up or down) and Mean Absolute Percentage Error (MAPE), which
measures the deviation of the predicted price from the true price. The experiments showed
that incorporating textual modality reduced the MAPE value by 55%.

The resulting multimodal dataset holds value for the further adaptation of language models
in the financial sector. Future research directions include optimizing textual modality
parameters, such as the time window, sentiment, and chronological order of news messages.
(Linked article texts in English and in Russian).
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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 «oTkpswiBaer» is split into three subcomponents:

[13

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

is a continuation of the previous token.
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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 pybaeit | Ho ##ima ##p cHoBa HuxKe 69 pyOJteit

MockBu4 6aHKpOT? MockBu ##1 6aHK ##poT 7
HIIO Hayxa Otuer PCBY H #I1, ##O Hayka Ot ##aer P #:C B ##Y
T-6aHK 3TO >KeJThIA 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. uudpnl, 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) = dosed) 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 Medes1, merdes, medaJs, mechel, Mchel, ¢deppocmiassl, ¢dpyppocrias
SNGS cypryTHedTeras, surgutneftegaz, surgut, cypaedreras, cypras, Cypryr,
cyp-HDTI3

SMLT camoJter, smlt, samolet, samalet, Camier

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

HYDR pycruipo, rushydro, rshydro, r-gidro, rugpopyc, rujpa, pycruapa

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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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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Beepenne

ITocTpoenne nporuosa IeHbl AKTUBA SABJISETCS BaXKHOW 3aJiadeil Jijis
YIaCTHUKOB (PMHAHCOBOIO PBIHKA JJIs CTPATETHYIECKOrO IIJIAHUPOBAHUS,
ONTUMAJILHOTO YIIPABJICHUS WHBECTUIIMOHHBIM IMOPT(dETeM U yIeTa PUCKOB.
CyrmecTByeT MHOXKECTBO IOIMBITOK [PUMEHEHUS METOIOB MAIIMHHOTO 00y JIeHust
JIIsI TIOCTPOEHHS] TAKUX IPOIHO30B.

B cBs13u ¢ pocToM morysisipHOCTH Mojieieit TiiyboKoro 00y vIeHusT NCCIeI0Ba-
TSI CMEeCTHJIN CBOi (hOKYC B CTOPOHY NIpUMeHeHHUsl HEHPOHHBIX cereil [1-3].
IIpu sTom mpobiiema ywueTa HOBOCTHOI'O MOTOKA, KaK BaXKHOTO (ParxTopa
BJINSTHUAS HA [IOBEJIEHNE PBIHKA, IIEPEOCMBICIIAETCS ¢ OYPHBIM Pa3BUTUEM
TE€HEePATUBHBIX MOJIEJIENl MCKYCCTBEHHOIO WHTEJIEKTa U DOJIBIMNX sA3BIKOBBIX
mogeseit (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 yJIydIeHNs Ka4eCTBa IIPOr'HO3a IIeH aKTUBOB U
CcTpaTeruil [y yupaBjeHns HHBECTUIIMOHHBIM IOPTMdEIeM.

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 PsiJ/Ibl CBEYHBIX TAHHBIX MHIEKCA aMEPUKAHCKOrO PBIHKA
nennbix Oymar Standart and Poor’s 500 (S&P500). duist upenckazanusi NeHbI
HCIIOJIB30BAJIACH MOJIEIh MAITMHHOTO 00y UeHus — Carydaiinbiii jec. PesyapraTrom
MCCJIE/IOBAHUST CTAJI BBIBOJL— YUET TOHAJILHOCTH HOBOCTHOI'O HOTOKA YJIYHIIAET
KaveCTBO IIPEJICKA3aHUS.

B crarbe [5] aBTOpBI 0603HAYMIN TETb CO3ATH MYJIBTUMOIAIBHYIO MOJEIh
HUCKYCCTBEHHOI'O MHTEJIJIEKTA, CIIOCOOHYIO TTPEIOCTABIISATE 000CHOBAHHBIN
¥ TOYHBIH MPOTHO3 MO BPEMEHHLIM psiiaM. B xome paboThl ObLIa peasn-
30BaHa MOJIEJIb, KOTOPAasi T€HEPUPYET MPOTHO3 MECAYIHON MJIN HEIeTbHOMN
JOXOTHOCTU aKTUBA, COMMPOBOXKIAEMBI TEKCTOBBIM ITOSICHEHUEM S3BIKOBOI
MOJIEJIH 110 BBEJIEHHOMY TI0JIb30BaTesIeM 3ampocy. B crarbe [6] npemioxen
TOJIXO/T K HACTPOIKEe MHCTPYKIUH [JIsi MHTEPIIPETAIlNN YUCJIOBBIX 3HAYCHUNA 1
TPAKTOBKU (PUHAHCOBOI'O KOHTEKCTA.

B uccaenoanun Kynukosoii ¢ kosuteramu 7] usyden addexr or yuera
pasziesienns HOBOCTEH Ha IPYIILI [0 TEMATHYECKOMY TIPU3HAKY. ABTODBI IPO-
JIEMOHCTPHUPOBAJIN, ITO B OOJIBINMAHCTBE CJIYIAEB IIEIeCO00PA3HO UCII0Ib30BAThH
OJTHY TEMATHIECKYIO TPYIITy HOBOCTEl [T PACCMOTPEHHBIX MOjIeJiell TiIyboKoro
oby4enus (TeMIopajbHag cBeprodHas cerh, D-Linear, Tpancdopmarop, u
TpaHCHOPMATODP TEMIIOPATBLHOTO CJMSHNUA), & TAKIKE ONPEJICNIIN BEPOSTHOCTH
YILy9IIIEeHIsT TPOTHO30B JJIsT PACCMOTPEHHBIX 20 TeMaTHIeCKUX T'PYIII.
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BO BCEX BbIIIE IIEPEIUCJIEHHBIX NCCJICJOBaHUAX MOIEIN 6I)IJH/I NMIIJIEMEHTHU-
POBAHBI C MIOMOIIBIO MYJIBTAUMOJIAIBLHOIO MOJIXO0/Ia, JIJIsl 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 HOBOCTE 0 AKTUBY, KJIACC HOBOCTH.

[esibro arHOil pabOTHI SIBJISIETCS IEMOHCTPAIUS IPEUMYIIECTBA HOBOI'O
MYJIBTUMOJAJIBHOIO METO/Ia Hal [IPEICKA3aHUSIMU, TOCTPOEHHBIMHU TOJIBKO
Ha YUCJIOBBIX JIAHHBIX, U IPEJICTAB/IEHIE PYCCKOSI3BITHOIO HAOOPa JaHHBIX
(UHAHCOBBIX HOBOCTEI.

Jutst ToCTHXKEHNs TTOCTABJIEHHOH 11e/1u ChOPMYIUPOBAHBI CJIELYIOIINE
OCHOBHBIE 33J1a49H.

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

(2) CozmaTh mpeCcKa3aTeIbHYI0 MOJIE/Ib — JJisl HCIIOJIH30BAHUS OJTHOM U JBYX
MOJIAJIBHOCTEI.

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

B nanmoit pabore MbI mpejjraraeM HOBBIH MYJIbTAMO/IAJIBHBIN ITOIXO]T
JIJIsl THTErPpAIliyd HOBOCTHOT'O IIOTOKA BO BPEMEHHON P&/l YUCJIOBBIX JAHHBIX.
TekcT HOBOCTEI 0TOOpaXKaeTcsi B BEKTOPHOE IPEICTABICHUE U TTOTACTCS
B MOJIeJIb HAPSIy ¢ BEKTOPOM BPEMEHHBIX psiioB. Harma rumoresa 3akIi0vaeTcst
B CJIeAYIONIEeM: MYJbTUMOAAJIBHBIN IOJIXO0/L II03BOJIUT IIPEICKA3aTeIbHBIM
MOJIEJISIM U3BJI€Yb CEMAHTUYIECKYIO HHMOPMAIINIO U3 TEKCTA, ITO YJIYUIIUT
Ka4ueCTBO IPEeICKA3aHUs 1IeHbl aKTUBA.

1. C6o0p n cTpyKTypupoBaHuE AaHHbIX

MyIbTUMOIABHOCTD OIPA3yMEBAET IMPUMEHEHNE 00JIee OHON MOIAIIb-
HOCTH JAHHBIX, 9TO BJANUSET Ha CTPYKTYPY JAHHBIX W JIOTUKY paspaboTKI
peicKa3aTeIbHON Mome . Mbl UCoNb3yeM IBa BUIA MOJAJIBLHOCTH:

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

st obydenus mpeacka3aTebHON MOJEIN U UCCIEI0BAHNSA €€ PabOThl OBLT
chopMUPOBAH OPUTHHAJIBHDBIN HAOOD TAHHBIX.

Bpemennbie psjpl B BUjIE CBeUel ¢ yKa3aHUeM IIeH OTKPBITHs (open),
sakpbiTus (close), makcnmasbroit (high) u MuaEMaIbHOI 1eH (low) MBI
HOJIYYUIIN C TIOMOIIBIO IporpamMmmuoro unrepdeiica Algopack (API) Mockosckoit
6upzxku (MOEX). st mpoBejieHust YIUCIIEHHOIO SKCIIEPUMEHTa Mbl BBIOpaJIn
BpeMeHHbIe psibl akiuit ¢ 7 mioss 2022 roga mo 30 asrycra 2024 roga s 176
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KoMIaHWi. B yKa3aHHBIII BpEMEHHON MHTEPBaJ POCCHICKMI (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 COODIIEHWH M3 Pa3IUIHbIX NCTOYHUKOB,
B ToM uncye— ceresoe u3nanue «PBK» (1823), «BKC Dkcupece» (11331) u
«BKC Texanamusz» (9670), cajit nunBectunnonHoil kKoMmnannu «®Dunanm» (20647),
caiiT coobmectsa Tpeitaepos «SmartLab.rus (30857), a Takxke TeserpaM-KaHaJ
«PIIB» (5227).

Bri6op yka3aHHBIX HCTOYHUKOB APIyMEHTHPOBAH HECKOJLKUME TPUIMHAMU.
Bo-nepBbix, Ha 3TUX UCTOYHUKAX OMYOJMKOBAHBI HOBOCTH 33 HEOOXOTUMBIH
BpPEMEHHO! MHTepBajl. BO-BTOPBIX, HHCTUTYIIHOHATIBHOE PA3ININE UCTOTHUKOB,
CTHJIb U3JIOXKEHUsI C PA3HON CTEIEHBIO YKCIEPTHOCTH — MO3BOJIUT C(OOPMHUPOBATE
6oJiee OOBEKTUBHOE OCBEIEHNE COOLITHUM, CBSI3AHHBIX C HUCIIOJIb3YEeMbIMU
BPEMEHHBIMU PSIJIAMH.

HogocrHble coobmeHnst 6N TOKEHN3UPOBAHBI C MCIIOAb30BAHUEM JIBYX
mozesteit RuBert [8] u Vikhr-Qwen2.5-0.5b-Instruct [9] (naxee Qwen). ITox
CJIOBOM B KOHTEKCTE TOKEHE3NPOBAHHOI'O TEKCTA MOJIPA3YMEBAETCsI TOKEH —
9JIEMEHT BEKTOPHOI'O POCTPAHCTBA B BH/JIE MHJIEKCA CJIOBAPS TOKEHE3aTODA.

OmnucaresbHbIe XapaKTEepUCTUKu (cpeﬂHee, OTKJIOHEHUEe, MUHUMaJIbHOE,

MaKCUMaJIbHOE KOJMIECTBO CJIOB, & TAKXKe KBAPTUJIU) HAOOPA JAHHBIX [PUBEJIe-
ubl B Tabsmnax 1 u 2 (tokennl). Heob6xoaumo orMeTuTh, YTO 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 YBEJIUYEHUIO 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 HAKJIAIBIBAET OrPAHUICHUE
Ha UCIOJIb30BaHUE TOKEHU3aTOPOB. B 1acTtHoCcTH, N3 Tabsui 1 u 2 BUIHO,
mogesib RuBert Ha GosibIinx TeKcTaxX ycekaeT TOKEHU3UPOBAHHBIN BEKTOD.
K tomy xke cpenmsis nyimHa TOKEHH3MPOBAHHOTO TEKCTA C IMIOMOIIBIO MOJIEITH
Qwen mpeBOCXOJNT CPEHIO JIIMHY TOKeHU3UpoBaHHOTO 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 KOPTEXKe BUIA:
(TUKep, HAMMEHOBaHUe KOMIIAHUY, OIIUCAHUE JeATeIbHOCTU KOMIIAHWN).

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

(a) m3BJIeYEHUd KJIIOYEBBIX CJIOB U3 OIIMCAHUSI,

(6) ymaydIneHus: CIIOCOOHOCTH SI3BIKOBOIN MOJIE/IN CBSI3bIBATH COOBITHUSI, OIUCHI-
BaeMble B HOBOCTHOM COOOINEHUH, ¢ KOHKPETHOI KOMITAHUEH U OIEHUBATH
BJINAHUE HOBOCTU Ha JUHAMUKY IIEHBIL.
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Ha60p JIaHHBIX C HOBOCTHBIMU CTAaTbAMU COJEP2KUT CJICAYIOIIUE ITapaMeTPhbI:
Jata myGInKaI|K, NCTOIHIK, 3ar0J0BOK U TeJIO CTAThH, Tern (KJII0YeBble CJI0BA).
s ucrounukos PIIB, SmartLab 3arosoBok orcyTcTByer, COOTBETCTBYIOIIME

IOJIST 3aIT0JTHEHBI CIIeIUAJIbHBIM CJIOBOM: no title.

B mameMm ciydae Term MOTYT CO/lep2KaTh MOJIHOE MJIN KpaTKOe Ha3BaHUE
KOMIIAHUU U COOTBETCTBYIONINH TUKED, HAMMEHOBAHHE CEKTOPa PBIHKA U
T.11. Teru B HOBOCTHBIX COODIIEHUSIX ObLIN YCTAHOBJIEHBI ABTOPAMU CTaTel.
B ciay4ae ucrounuka «P/IB» Tern ormedyasnch aBTOpaMu B BHJE XEIITETOB
(manpumep, «nudpsl, rananuruka), «BKC Dkcnpeces u «BKC Texananmuz»
Tern 0603HAYAINCH B CIIEIUAJIBHBIX IIOJISIX B HAYAJE HJIM KOHIIE HOBOCTHOMN
crarpu (manpumep, PocArpo, Poceniickuii ppiaok), u ussiaexkanucs u3 HTML
KOJIa CTpaHUILl Mo cooTBeTcTByomuM HTML teram. Ilpn orcyTeTBum Teron
(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
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2. Metogonorus

Jlstst IpoBepKH HAIEH TUIOTE3BI O MPEUMYIIECTBE MYJIbTUMOIAIBHOTO
10JIX0/1a MBI 3aIJIAHUPOBAJIM 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 3KCHEPUMEHTA OYILYT
SIBJISITHCSI 0A30BBIMU 3HAYEHUSIMU, OTHOCUTEIBHO KOTOPBIX OYIET OIEHUBATHCSI
MPUPOCT KAYECTBa MPEJICKA3AHUS TEH ¢ MPUMEHEHUEM ITPEJJIOKEHHOTO
MYJIBTUMOJIAJIBHOTO TOIXO0/1A.

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

2.1. Ucnonb3oBaHne oaHOW MOAAsIbHOCTU

CHauaJjia, MBI IIPOBEJIU CEPHIO SKCIIEPUMEHTOB 10 TPOTHO3UPOBAHUIO IICHBI
AKTHBOB TOJILKO 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), cayuaitastit gec (RF) u 6ycTrHIOBBIN aaroputm
XGBoost (XGB), cpenu Mogeieli riryboKoro o6y deHust Mbl UCIIOJIb30BAIII —
PEKYPEHTHYIO HeHPOHHYIO ceThb J0/roii u koporkoi mamsta (LSTM).

KonrmenryaabHO 9KCIEPUMEHT COCTOUT U3 JIBYX 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 00pa30M BRIOpaIn 9 CeKTOPOB
9KOHOMUKH, a 3aTe€M BHYTPU CEKTOPOB BBIOPAJIN CIydaliHBIM 00pa30M 110 2
KOMIIaHuu. B Tabumie 5 mepevncieHbl CEKTOPhl U KOMIAHUK (THKED), KOTOPbIe
Y9aCTBOBAJIA B BBIYHUC/IUTEILHOM dKcnepumenTe. B Tabsmie 6 mokazaHo
pacupejeieHrne HOBOCTell 110 KOMIIaHUSAM I1ocie punbrparun. B Tabaure 7
IIPUBEJIEHBI CTATUCTUICCKUE JIAHHBIE O BDEMEHHBIX Ps/IaX I€H 3aKPBITAS
BBIOPAHHBIX aKTUBOB. TerioBast KapTa KOPPeJIAInii BDeMEHHOTO Ps/a TeH
3aKpBITUs] AaKTUBOB IpuBeJieHa Ha pucyHke 1. VIHTepecHass 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), Tpy6Guast merauryprideckas komnanust (TRMK)
Hedtsb u ras Cypryruedreras (SNGS), lasnpomuedrs (SIBN)
TTorpeburensekuii cekrop | Maruur (MGNT), Jlenra (LENT)
CrpouTennLerso MUK (PIKK), Camoser (SMLT)
TesreKOMMyHEKAIIH MTC (MTSS), Pocrenckom (RTKMP)
TpamncropT Aspodaor (AFLT), Coskomdutor (FLOT)
DunaHCH Bank Cankr-Ilerepbypr (BSPB), 9c9dAit (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
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PucyHok 1. TensoBas KapTa KOpPeJIIHii IeH 3aKPhITHA aKTUBOB
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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
[IOCTAHOBKOM 3ajiatd. B cirydae kiaccudukauum MOJesb J0JKHA HanboIee
TOYHO IIPeJICKA3aTh HAIIPABJICHNE JIBUXKEHNE TIEHBl — POCT (3HAK IUIIOC «+».)
nin najieHue (3HaK MUHYC «—» ). Merpuka MAPE nawryammM o6pa3zoM
ITOJIXO/TUT JIJIsi OIIEHKH KadeCTBa 3a/[aYl PErPECCUU C TOUKHU 3PEHUs [TOMEHHOI
obnactu — punancos: MAPE neMoHCTpHUpYET CpejiHee OTKJIOHEHUE OT IEHbBI
AKTHUBA B IPOIEHTAX, YTO JIETKO [TEPEBOJIUTCS B JEHEXKHBI SKBUBAJIEHT.

Ha pucynke 3 nmpuBeien mporecce pa3pabOTKU MOAETN JIJIsT HCIIOJIb30BAHMUSI
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 ApaMeTPa B MOJIEJIb [EPEIABAJICS BEKTOD JIOXOIHOCTH
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 — IIPpEJICKa3aHue Ha CJICAYIONYIO TOPTOBYIO CECCHIO.

JL1s1 o1leHKM KadecTBa IMpeJICKa3aHus HAIIPABJIEHUS JIBUKEHUS TeHBI
B KauecTBe IPeJICKA3aHHOI0 KJIACca MCIIOb30BaJICs 3HaK () IIpejicKa3saHHOro
3HAYUEHUS JTOXOJHOCTH, 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 — NajeHur. s
OIEHKY KAYEeCTBa IPOrHO3a [EHBI AKTHBA MPEJICKA3AHHBIA BEKTOD JOXOIHOCTH
UHCTPYMEHTa 11pe0OpPa30BbIBAJICS B LieHy (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 JIOXOJAHOCTH WHCTPYMEHTA (& He II€HbI HHCTPYMEHTA)
B Ka4decTBe IIeJIEBOI0 3HAYEHU Ul [IPEJICKA3aTeIbHON MO/ 0OOCHOBAH TeM,
YTO TIPU BBIXOJIE [EHBI IpU pocTe (IaJIeHns1) PHIHKA 38 TIPEJIesIbl HCTOPUIECKOr0
MakcuMyMa (MUHAMYMa) BO3MOXKHOCTH HCIIOJb30BAHHs METOJIOB OIDAHIYEHA.

Vcxomst U3 9TOro paccyzKieHus CBeYHble XapakTepucTuku (IeHbl close
open, high, low) yunrbiBaiuCh B Bujle 3HAUEHUI OMHOCUMEALHOIT NPUPOCTNOG
UYeH, PACCUUTAHHBIX 110 hopMyIie aHAIOrnIHo (1).

Jasree n3 3HaYeHUNT OTHOCUTEIBHBIX IIPUPOCTOB IEH CKOJIb3SIIIM OKHOM
B IISITh TOPTOBBIX JHEH (POPMUPYETCS BEKTOP-CTPOKA M OH IOJAETCS B IPe-
CKa3aTebHYI0 MOe b. Takum 00pa30M, HA BXOJ MOJIEJb MOJIyIaeT BEKTOD
U3 JIBaJIIATH I1apaMeTPOB M Ha BBIXOJIE IIPEJICKa3bIBaeT OJIHO 3HAYEHUE —
BEJINYUHY JIOXOJHOCTH MHCTPYMEHTA Ha KOHEII, CJIeTYyIOIeil TOProBOil ceccum.

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). Kirodyesble cioBa GbuIn BHIGpAHBI KAk
To11-30 cj1oB u3ByedeHHbIX MeTosioM TF-IDF. JlaHHBIH 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 crmcok KJIIOYEBBIX CJIOB ¢ momomibio meTona TF-IDF,| mbr
JOIIOJHATEILHO JTOOABUIN KJIIOUEBbIE ¢JI0Ba ¢ noMmoinbio Mogean ChatGPT-
40, yBeINYUB T€M CaMbIM BapuabebHOCTH KJIOYEBBIX CJIOB C IOMOIIHIO
[ePECTAHOBOK, 3aMeH OYyKB, u3MeHeHus okondanuii (rabiuua 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 paclpeae/JIeHd HOBOCTHBIX crarei

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 CTOJKHYJIUCEH C JBYMST TPOOJIEMAMHU.
IlepBas mpobiiema — 310 MpobsieMa pepaiiTHHTa, MOITOMY HEOOXoauMa (hUIbTPa-
nust ayOoaupyromux HoBocTel. [jist Toro 4robbl Hallla MOMIE/h yINTHIBAJIA
HOBOCTB TOJIBKO OJIMH Pa3, HEOOXONMO PEATN30BaTh AJrOPUTM UICHTH(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 KOTOPOH THKEPHI BBICTYIIAIOT B KA4eCTBE
METOK KJIACCOB.

Mot perennst mpobJieMbl pepaifiTiHra MbI CIIPOEKTHPOBAJIN CHAMCKYTO Heii-
POHHYTO ceTb. JIjIsT 9TOT0 MBI COCTABUIN 00y IO HADOP JAHHBIX C TIOMOIIIHIO
API GigaChat cieayromum 06pa3om: JJist KaXKJI0# CTaThU NeHEePUPOBAJICH
Tpu nepedpasupOBAHHBIX 3ar0JIOBKA U TEJIA CTATHH, JIAJIEe CIIYIaiHbBIM
00pa30M COCTABJISIIUCH B PABHOM COOTHOIIEHUU Maphl U3 OPUTHHAJILHON 1
nepedpasupOBAHHBIX HOBOCTEH U UX 3ar0JIOBKOB.

Cuamckasi HelfpOHHAs CeTh CIIPOEKTUPOBAHA CJIEIYIOMAM 00pa30M: Ha BXOJ
HoJlaeTcs apa HOBOCTell, ¢ momonibio Mogean RuBert [8] ussiiekaiorcs BeKTOD-
HBIE MTPEJICTABJICHIS HOBOCTE, HAJl 000MMHI BEKTOPAMIE BBITOJIHSIETCS OTI€PAIIHs
KOHKATEHAIINU, UTOTOBBIN BEKTOP IIePeIaeTcd JaJjiee B IMOJTHOCBA3AHHYIO
ueiiponnyio cerb (MLP). st Toro 9ro6bl OMpeAeuTh ONTUMAIBHYIO TIYyOUHY
mogiesin MLP MBI TpoBesTi cepuio 9KCIIEPUMEHTOB, B X0JIe KOTOPOI OIEHIBAJINCH
KaYeCTBO IMPeJICKAa3aHusi 1 BpeMsi 00pabOTKKM HOBOCTHOIO IIOTOKA. B pesysbrare
[IPOBEJIEHHBIX YKCIIEPUMEHTOB MblI BbiOpaJsu riayouny MLP B 3 cos.

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

GPU V100).
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Jlist pertieHnst BTOpOit MpobJIeMbI — COTIOCTABJIEHUST BHIOOPOK HOBOCTHBIX
crareil IO 1aTaM M UX IIOCJIEIYIONIEr0 UCIIOIb30BAHUS B IIPOTHO3UPOBAHIY
IeH — HeoOXO MO (POPMATN30BATE MTPOIECC 0TOOpa JTAHHBIX W TeHEPAITUHN
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 JI0 HaYaJIa TEKYIIEro TOPrOBOTO JIHS.

DopMupoBaHUE BHIOOPOK OCYIIECTBIISIETCS IIyTEeM T'PYIITHPOBKH HOBOCTEH
o jare myosmkanuu. [l mporuosa 1eHsl Ha 3aaHHbIA JeHb UCIOIB3YIOTCS
MaTepHaJIbl, OIyOJIMKOBAHHbIE B IIPEIIECTBYIONMI TOProBbIil fenb. Hanpumep,
CTaThU AHAJUTUIECKOTO XapaKTepa, TAKNE KAK MaTePHUAJIbI 10, pyOPUKOit
«TexHm4Yecknit anaan3y ot ncrounnka «bKCy, mybiukyembre exxemHEBHO
JI0 HaYaJa TOPrOB, BKJIFOYAIOTCS B BBIOOPKY JIjisl IIPOTHO3UPOBAHUSI IE€H
AKTUBOB, KOTOPBIE ITPOAHAIN3UPOBAHBI B cooOmeHnn. TaKoil mojIxo/] IT03BOJISIeT
YYUTHIBATH HANOOJIEe aKTyaJbHYIO NH(MOPMAIUIO U YIYUIIUTH KaYeCTBO
IIpeJICKa3aHusd.

JI1s MCoIb30BaHus IBYX MOJAIBHOCTEN 0bydaiomme 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 MOJAIBLHOCTBIO,
a HOBOCTHU BBIOMPAJINCH 3a MPEIBbIAYIIHI TOPTOBBIA JIeHb B COOTBETCTBUHI
¢ BeIOpaHHBIM akTUBOM. Jlajiee 3T HOBOCTH OTOOPAXKAJIMCH B BEKTOPHI U
arperupoBaJInuCh.

Ecnn 3a npeapiaymuii 1eHb Wan 10 OTKPBITUSI TOPIOB TEKYIIEro THs
myOsmKaIuit He ObLI0, TO K BEKTOPY OTHOCHUTEJLHBIX IPUPOCTOB KOHKATEHUPY-
€TCsT HyJIeBOM BEKTOp JAUHBI 768 st mogenn RuBert u 896 mist momenn
Vikhr-Qwen2.5-0.5b-Instruct (Qwen), unade gobasjsgercsa arperupoOBaHHbIN
BEKTOD HOBOCTHOI'O ITOTOKA TOW 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 ycpeanennas cymma (Mean). Tlox cymmoit
BEKTOPOB MBI IOAPA3yMEBAeM CyMMHUPOBAHHE 3HAYCHHI COOTBETCTBYIONIIX
KOODJIMHAT BEKTOPOB. 11071 yCpeHEHHON CyMMOIT MBI OPa3yMeBaeM, 9TO B CO-
OTBETCTBYIOINX KOOPJAMHATAX BEKTOPA BBICTABJIAETCA 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, YCEKAJUCh WU JPOOUINCH JIJIs pa3eabHOil 00paboTKM,
[I09TOMY OJIHOIl HOBOCTHO# CTaThe MOIJIA COOTBETCTBOBATH HOJIEE OJHOTO
BekTopa. Moziesib Qwen uMmeer pasMep KOHTEKCTHOIO OKHa— 32768 TokeHoB (B
64 pasza GoJrbIIe), 3TO JOCTATOUHO Jyist 00paboTKu crareit Ge3 yceuernnii. lasee
MBI CDABHUBAEM, KaK BJIMSIET HA KAUECTBO MPEJICKA3aHNEe [€H BEKTOPU3aTOD
HOBOCTHOT'O ITOTOKA.

IIoroueuno mpejicka3zaHHble BEKTOPA JIOXOJIHOCTEH MEPEBOAUINCEH B TIEHDI
akTuBoB 10 Gopmyie (2). KauecTBo npejckasanus OlNEHUBAJIOCH [0 JIBYM MeT-
puKaM: TOYHOCTH (Accuracy) um BeJMYNHA CPeJHEro aBGCOMIOTHOTO OTKIIOHEHUS
B nponenrax (MAPE). Tounocrs oreHnBaiach Kak J0Jsi BEPHO MPEICKA3AHHBIX
3HAKOB 3HAYEHUI 3JIEMEHTOB BEKTOPA JAOXOJHOCTEN: NOJOXKUATEJAbHbIIT WA
orpunarebibiii. Merpuka MAPE nemoHCcTpupyer, HaCKOJIBKO IIPOIEHTOB
B CpeJIHEM IPEJICKAa3aHHAs CTOUMOCTD OTJIMYAETCS OT UCTUHHOTO 3HAYCHMUSI.
Takum 06pa3oM, MbI MOYKEM OIEHUTH KATeCTBO MPEICKA3AHNSA B JTEHEKHBIX
enmHUTAX (PyO6IIsx).

3. BbluncaunrtensHbiii 3KCNEPUMEHT

B namnom paszeste npuBesieM pe3yIbTaThl BBIYHCIUTENbHBIX SKCIIEPIMEHTOB
JUIsl IBYX TPeJICKAa3aTelIbHbIX Mozesell (oaHa u ase 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! akcnepuMenTa npeacKa3aHud BEKTOPOB JOXOHOCTEN WH-
CTPYMEHTOB TOJIBKO Ha BPEMEHHBIX PAJIAX JIJIs MOJIesiell KJIaCCHIeCKOrO 1
r1yDOKOr0 MAITUHHOTO 00yUeHus mpescTaBaenbl B Tabsmie 10.

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

W3 pe3ynpTaToB IKCIIEPUMEHTA BUIHO, YTO PeKyppeHTHas Moaenb LSTM
JIEMOHCTPUPYET HAIIydIllee KA4eCTBO KJIACCU(PUKAIINN, TO €CTh [IPEICKA3BIBAET
POCT WM TI3JIEHNE, U PErPECCUU — HAMMEHbIIIee CpeJlHee OTKJIOHEHUE IIPOrHO-
3UPyeEMOIi IIeHbl OT UCTUHHOM, HO IPUA 3TOM OTCTAeT IO 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
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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 CAMSHUN HOBOCTHOTO
IIOTOKA U YHCJIOBBIX BPEMEHHBIX PSIJIOB U CPABHEHUH IIPEJIOXKEHHOI'O MYJIBTHMO-
JIAJTHHOTO TIOJIX0/Ia C IIPOTHO30M MTOCTPOEHHBIM UCKJIIOYUTEIBHO HA BPEMEHHBIX
psifia cBedeil aKTUBOB, IpecTaBjieHbl B Tadmie 12. B tabnume 13 mpegcras-
JIEHBI YCpEeTHEHHbIE 3HAYEHU METPUK IIPEJICKA3aHMUsI 10 PACCMOTPEHHBIM
MOJIEJISIM, JIAHHBIE B TabJINAIE OTCOPTUPOBAHBI IO cTOJONY «OTKIOHEHHE —
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 Pa3J/IMYHBIX BEKTOPU3ATOPOB
(RuBert, Qwen) u MerosioB arperaiuu BekTopos (Sum, Mean).

Ha pucymnke 5 npuBeseHa 3aBUCHMOCTH BEJIUIUH (PYHKIIMU OIIHOKHU
cpennaekBagparnaaoro orkaonenus (MSE Loss) or komuuaecTsa ureparuii
o0y4eHus i Pa3IMIHbIX MojesIeli it TpernpoBodnoro (¢ 7 uwost 2022 roxa
no 27 mapra 2024 rozga) u Tecrosoro Habopos (¢ 28 mapra no 30 asrycra 2024
rozga). ITo rpaduky BumHO, uro nocie 30 310X 00yUeHUs] KPUBbIE BHIXOIAT
HA CTAIMOHAPHOE 3HAYECHIE.



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
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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

W3 Tabuui, pe3ysIbTaToB CIEAYeT, 9TO IPOrHO3 MMOCTPOCHHBINH Ha BEKTO-
PU30BAHHOM HOBOCTHOM IIOTOKE C TIOMOIIBIO GOJIBLIION S3BLIKOBOI MOJIesIn
IPEBOCXOJAT IPOTHO3, HOCTPOCHHBIN NCKIIOYATEIHLHO HA CBEYHDBIX JTAHHBIX
aKTHUBOB, JEMOHCTPUPYs HauMeHbIIee 3HaUeHUe OTKJIOHeHUsI II0TOUeTHOr0
IPOrHO3a IIeHBI OT HCTUHHOTO BEKTOpA IeH. IIph 3TOM, yepeJHeHne BEKTOPOB
(Mean) maer HamsTydIuii pe3ynbTaT.
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Ha6op pannbix (176 akuwit poccuiickux Komuanuil, ropryemix Ha Mockos-
CKOIl Gupzke, u 79555 PYyCCKOA3BIYHBIX (DUHAHCOBBIX HOBOCTEH ), COOPAHHBI 11t
MPOBEJIEHUST UCCIIEOBAHTI, JOCTYIEH TI0 cchbuike [11].

3aknto4derue

B pesysbrarte mpoBeieHHBIX IKCIIEPUMEHTOB MBI [TPOJIEMOHCTPHPOBAJIH, 9TO
J100aBJIeHre TEKCTOBOW MOJIAJIBHOCTH — AHAJIN3 HOBOCTHOTO MOTOKA — ITOJIOKH-
TeJILHO BJIMsIET HA KAYECTBO MPEJICKA3aHUsI IIEHbL. B cpejiHeM 3HaUYeHne MeTPUKA
MAPE (ork/ioHeHUE TIPOrHO3UPYEMOil IIEHBI OT UCTUHHOM) YMEHbIIAETCS
ua 55%: ¢ 0.397 (momens LSTM) mo 0.256 (monens LSTM-Qwen-Mean). K Tomy
7K€ Ka4decTBO IIPEeJICKa3aHusI HA OCHOBE BEKTOPOB, ITOJIYIE€HHBIX C ITOMOIIHIO
6osbImol s1361K0BOM Mojesn Vikhr-Qwen2.5-0.5b-Instruct, okazasnocs Jrydre,
gem RuBert. Or wactu sTo ciemxyer uz Toro dakra, 9To Momesb Qwen
obsa1aeT 66IBITIM KOHTEKCTHBIM OKHOM U ODyUeHa Ha O64JIbIITeM KOpIryce
TEKCTa ¢ NOJJIEPKKOi «ienouku pasmbinuienuit» (Chain-of-Thoughts, CoT),
9TO YIIy4IIaeT CIOCOOHOCTH MOJE/H PA3MBIIUISTD U YIABIUBATE CJIOXKHBIE
CEeMaHTUYECKUEe 3aBUCUMOCTH BHYTPH TeKCTa. V3 pe3ybTaToB 3KCIIEPUMEHTA
CJIeJIyeT, 9TO MeToJ, yepeaHenus: BeKTopos (Mean) okaszasics jrydiie, deM
cyMmupoBanue (Sum), u gBJIsieTCsl IPEIIIOYTUTENbHBIM METOJOM arperaryuu
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 aBrycra 2024 roma. Ha sToT BpemMeHHOI MHTEPBAJI ¥ PHIHKA
POCCHICKIX MEHHBIX OyMar HabJIIoIaeTcs obInast TeHIeHnus K cruary. Hammane
SIBHOI'O TPEHJIA SIBJISIETCS] BAXKHBIM (DAKTOPOM, YIIPOIIAONINM 339y IIPeJICKa-
zanus. OgHAKO, Jla’ke B 9TON MOCTAHOBKE, IIPEJIOKEHHBIN MYIbTHMOIAIBHBII
ITOJIXOJ] OKA3AJICSI HAMJIYYIIAM CPeId PaCCMOTPEHHBIX.

OO6yuenne 1 BaJIMJAIMS MOJIEJIM JIJIsI PEIeHUs] 3a/Ia9i PepaiiTuHra
IIPOUCXONIIO HA HOBOCTHBIX CTATbAX, OObEM KOTOPBIX HE IIPEBOCXOIIUJI
KOHTEKCTHOe OKHO Mojiesit RuBert, moromy apredakTol, CBI3aHHbBIE ¢ BETHIHHON
KOHTEKCTHOI'O OKHA, BBISIBUJINCH TOJBKO BO BPEMsI TAIA TOCTPOEHUS TPOTHO30B,
KOTJIa B HOBOCTHYIO BBIOODKY TOIAJIAJIH CTATHHU JIJIMHON B CPETHEM OKOJIO
290 csoB. Iloromy Ha Oymayimee, jist yiIydmnieHus: MOJIe N (DUIHTPAIIUNA 1
Kjaccu@UuKaIUy HOBOCTEH 110 KOMITAHUSIM HEOOXOIUMO BOCIIOJIb30BATHCS
MOJIEJIAME ¢ OGJIBIIIMM KOHTEKCTHBIM OKHOM, Hampumep Qwen.

Cobpannblit Habop JaHHBIX [11] JeMOHCTPUPYET XOPOIIYI0 CTPYKTYPUPO-
BAHHOCTH W MOYKET OBITh IIPUMEHEH J[jIsi TOHKON HACTPOWKU PYCCKOS3BITHDBIX
7 aJalTUPOBAHHBIX TIOJT PYCCKUIT S3bIK OOJIBINX 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]. Cienys pabore [7], B kKauecTBe HAGOPA JAHHBIX MBI UCIIOJIb30BAJIH
BPEMEHHbBIE PsJIbI TIeH TSTH KPYIHBIX aMepuKaHckux kommnanuii: AAPL,
AMZN, GOOGL NFLX, TSLA u Hab0p aHIJIOSI3BIYHBIX HOBOCTEH C Pa3sMETKON
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

3aMeTuM, 4TO UCIOJIB30BAHHBIN HAOOD JIAHHBIX BKJIIOYAET TEKCTOBYIO
COCTABJISIIONTYIO HA AHTIMACKOM $I3BIKE, II09TOMY JIJIsi BEKTOPU3AIIUE HOBOCTEN
MBI UCIIOJIB30BAJIM OPUTHHAIBHY0 Mojesb Qwen2.5-0.5b-Instruct [10]. s
ITOCTPOEHUST 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 abCoIIOTHYIO OMIIOKY
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, npejioyKeHHbIN MyIbTUMOIAIBHBIN MTOIX0J, ¢ YCPEJIHEHUEM BEKTOPOB
[IPEBOCXO/IUT METPUKH HAWJIYUIIIero 3amycKka nonxona [7]. Ha ocnoBanun
MTPOBEJIEHHBIX BBIYUCJECHUN MOXKHO CJIEJIaTh BBIBOJ, UTO MPEJIIOKEHHBIN
MYJIBTHMOAIBHBIH TTOJIX0/T, TPOJEMOHCTPUPOBAJT JIydlllee KauecTBO MTPOrHO3a 1
YHUBEPCAJIBHOCTD IIPUMEHUTEIBHO K POCCUICKOMY U 3apyOeKHOMY PBIHKY.
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B nanbueiiniem, He06X0IMMO MCCJIEI0BATH KAKUM 00Pa30M yUINTHIBATH
BXO/IHO#1 HOBOCTHOI IIOTOK B ITPEJICKA3ATEBbHON MOJIEIN — 38 KaKOU IIepProJ
BpeMEeHU HEOOXOIMMO HCIOJIb30BATH HOBOCTH U KAK yYUTHIBATH HOBOCTHBIE
coobuieHus (HalpuMep, BADbUPOBATH BEC HOBOCTH B 3aBHUCHUMOCTHU OT €€
XPOHOJIOTNYIECKOI'0O HOPsijiKa B BHIOOPKE).
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