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Abstract

Natural language processing (NLP) methods are widely used in search engines, decision-support systems,
and many other intelligent applications. One of the essential yet technically demanding tasks in this area is the
extraction of triple relations in the form “subject—predicate—object.” Such structures are the basis for knowledge
graphs and reasoning, but for languages with limited annotated resources, like Kazakh, this task becomes especially
difficult. In our work, we investigate how the use of synthetic data can partially compensate for the lack of linguistic
resources. The experimental setup included the generation of additional training data, followed by the training and
testing of a model based on the Cross-lingual Language Model — Robustly Optimized BERT Approach (XLM-
RoBERTa) for triple extraction. XLM-RoBERTa, an improved version of the Bidirectional Encoder Representations
from Transformers (BERT) model, benefits from a larger training corpus and increased size. This architecture is
effective in cross-linguistic transfer tasks without additional fine-tuning, even between languages with different
writing systems. The results show an F1-score of 90.73%. This indicates that even relatively simple augmentation
strategies, when combined with advanced models, may considerably improve model performance when working
with low-resource languages. The study also suggests that the approach can be extended to other underrepresented
languages and integrated into practical systems for information retrieval and knowledge management.

Keywords: XLM-RoBERTa, BERT, Synthetic Data Generation, Large Language Models, Machine Learning,
Morphological Analysis, Kazakh Language.
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Introduction

Natural Language Processing (NLP) plays a crucial role in the development of decision-making
systems and search engines. A key task is extracting "subject-predicate-object" (SPO) triples
from texts. These triplets form the foundation for building knowledge graphs [1] and enhance the
structuring of textual data, making information retrieval more efficient and improving accuracy.
While SPO extraction is widely applied in resource-rich languages such as English and Chinese,
Turkic languages, including Kazakh, remain underexplored [2]. This is due to the agglutinative
nature of the Kazakh language, where words consist of multiple morphemes that alter their function,
as well as its free word order, which complicates the identification of stable syntactic patterns [3].
Additionally, the limited availability of annotated corpora for Kazakh poses challenges for training
modern machine learning models.

To address these challenges, NLP models that consider word context are actively being
developed. However, for such models to be effectively applied to the Kazakh language, careful
adaptation to its linguistic features and the resolution of data scarcity issues are required [5, 6]. A
promising solution is the generation of synthetic data, which expands training datasets and improves
model performance [7, 8]. Extracting SPO triplets enables the construction of knowledge graphs or
enhances information retrieval systems [9], which is particularly valuable in low-resource settings.
Search models based on semantic knowledge graphs effectively establish causal relationships [10],
facilitating the development of efficient NLP systems. The core of this process lies in identifying
entities and their relationships within a sentence. Formally, for a given sentence S, the task is to
extract a triplet (S, P, O), where S is the subject, P is the predicate, and O is the object.

As shown in [11], the construction of knowledge graphs can significantly enhance the automatic
classification of data for low-resource languages such as Kazakh. However, existing approaches,
including grammar-based rules and statistical methods, face limitations due to linguistic complexity
and require a substantial amount of manual annotation, which restricts their applicability and
efficiency [12]. Recent progress has been driven by the use of transformer models, such as BERT,
which has achieved remarkable results in NLP tasks by effectively extracting contextualized word
representations [13]. The successful application of BERT to resource-rich languages provides a
foundation for its adaptation to the Kazakh language. However, this process is challenging due to the
scarcity of annotated corpora and the complexity of agglutinative morphology [14].

An even more powerful approach is offered by models like XLM-RoBERTa (XLM-R). This
model improves significantly upon mBERT by being pre-trained on a vastly larger (2.5TB) and
cleaner multilingual corpus spanning 100 languages, leading to a more balanced representation
of low-resource languages. Crucially, XLM-R's use of a large, shared SentencePiece tokenizer is
highly effective for languages like Kazakh with agglutinative morphology (where words are built by
chaining morphemes), as it can intelligently segment complex words into reusable subword units.
This enhanced scaling and robust tokenization allow XLM-R to achieve the current state of the art,
providing stronger zero-shot and cross-lingual transfer capabilities that are vital for improving NLP
performance in low-resource and morphologically rich environments [15].

To improve the performance of machine learning models, especially for low-resource languages,
expanding training datasets is essential. Large language models (LLMs) such as GPT-4, BLOOM,
and LLaMA have demonstrated effectiveness in this area by introducing innovative methodologies
for generating synthetic data [14, 16, 17]. In this study, GPT-4 was chosen for the task of extracting
SPO triplets from Kazakh texts [18-20], as it is capable of handling complex linguistic features.
Its advanced contextual processing mechanisms enable the generation of higher-quality synthetic
data while accounting for the agglutinative morphology and relatively free word order characteristic
of the Kazakh language. Additionally, GPT-4 exhibits higher robustness against errors and biases
compared to other models [21].
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The Kazakh language has several features that complicate triplet extraction: an agglutinative
structure, where words consist of multiple morphemes that modify their roles (e.g., “kiTanTapbIMbI3-
nan” — "from our books"), a free word order, and a limited number of annotated corpora.

One of the primary linguistic factors contributing to this difficulty is the agglutinative morphology
of Kazakh [22], in which a single word may contain multiple morphemes that modify its syntactic
and semantic role. For example: kitantapsiMbi3nan — morphological breakdown: kitam (book) +
-tap (plural) + -piMBI3 (Our) + -man (from). This structure complicates automatic word boundary
detection and part-of-speech identification.

In addition, Kazakh sentences allow a free order of components, including the subject, predicate,
and object, which makes SPO structure recognition more difficult [23]. For instance, both of the
following sentences are grammatically correct: «Men kitantsl okblIsIM.» (I read the book.) and
«KiranTtel MmeH oKpIIbIM.» (I read the book.).

A further challenge is the insufficient amount of annotated corpora, which makes it impossible
to train high-accuracy models without auxiliary preprocessing techniques and data augmentation.

NLP research for Kazakh is still in its infancy and mainly focuses on morphological analysis,
part-of-speech identification, and machine translation. The task of extracting SPO relations remains
understudied. There is also a need to scale such solutions to other languages with similar linguistic
features.

The aim of this study is to develop optimal methods for extracting "subject-predicate-object"
relationships from Kazakh texts while considering linguistic features. To achieve this goal, the
following tasks were set and accomplished:

¢ Analyzing contemporary methods for extracting ternary "subject-predicate-object”
relationships from texts and evaluating their advantages and limitations in the context of low-resource
languages.

¢ Designing methods for generating synthetic data using LLMs (such as GPT-4) while
considering the morphological and syntactic features of the Kazakh language.

¢ Optimization of the structure of the XLM-RoBERTa transformer model for extracting "subject-
predicate-object” triplets from Kazakh texts taking into account the unique features of the language.

¢ Experimental validation of the proposed method, including evaluation of its effectiveness
using metrics (precision, recall, and F1-score) and comparison of the results with baseline models.

Overall, the presented study covers the development and evaluation of the proposed approach,
as well as the methodology and results of the analysis of errors that occur during text processing. In
addition, the work considers the impact of the generated synthetic data on the performance of the
model.

Materials and methods

To achieve this goal, this paper uses a combination of an optimized XLM-RoBERTa model and
synthetic data generation methods. This is due to the fact that there is a significant lack of annotated
data for the Kazakh language. Synthetic data was generated using the GPT-4 language model, which,
as practice shows, provides fairly accurate and relevant generation, comparable to other models.
At the same time, DeepSeek and Grok often demonstrate less accurate morphological analysis,
which can lead to errors in generating words with Kazakh affixes. Yandex GPT and Qwen, in turn,
are focused primarily on languages with a more developed digital infrastructure, which limits their
capabilities in the field of text synthesis in the Kazakh language.

The data generation process included the following steps:

+ Formation of queries that define a template with the structure of generated sentences and the
required SPO relationships.

¢ Parallel generation of synthetic texts and corresponding annotations in Kazakh with translation
into English. This is necessary for subsequent "manual" verification of the accuracy of generation at
the final stage.
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+ The entire synthetic data set was then combined with limited real data to form a diverse and
representative set that was then used to train the model.

The resulting dataset consists of 10,000 sentences generated using prompts aimed at creating
various complex language structures, including complex sentences and rarely used terms. The ratio
of real and synthetic data in the training sample was 1:2, which significantly increased the diversity
of language structures and made it possible to operate with text data with a wide range of syntactic
and morphological features.

The base model for this study was multilingual BERT (mBERT), a pre-trained model known
for its effective cross-linguistic transfer. It reliably transfers knowledge across languages, including
those with different writing systems, even without fine-tuning [24]. Nevertheless, XLM-RoBERTa
and other modern encoder-based architectures offer stronger performance and are now considered
the state of the art for multilingual understanding tasks.

To adapt it for the task of extracting ternary relations, the model was modified as follows:

* A classification layer was integrated to label tokens according to the BIO (Beginning-Inside-
Outside) scheme, enabling the classification of each word as the beginning, inside, or outside of a
subject, predicate, or object.

* Dropout regularization was implemented to mitigate overfitting on the limited dataset.

¢ The training process employed a cross-entropy loss function to optimize the model's
performance.

1 K i
L= =25k Xy Yoxlog(Fin) M

where: 7 is the sequence length; K is the number of labels; ¥:.x is the ground truth label indicator (1 if
token I belongs to label k, 0 otherwise); ¥ x is the predicted probability (output of the softmax layer)
that token i belongs to label k.

The model hyperparameters used included:

+ Batch size: 16;

¢ Learning speed: 5107,

¢ Optimizer: Adam; ’

¢ Number of epochs: 10;

¢ Dropout regularization coefficient: 0.1

¢ Evaluation metrics: precision, recall, and F1-score.

For token classification, the Softmax activation function was applied to transform logits into
probabilities:

ati 2
O )
where z, is the logit of token 7, and C represents the number of classes.

The model was trained on hardware using NVIDIA Tesla V100 GPU. The average training
time was about 4 hours. To improve the reliability and validity of the results, the experiments were
repeated several times.

Figure 1 shows the model architecture, showing the key stages of data processing: from input data
and tokenization to predicting labels for each token using sequential labeling. This design provides
flexibility when working with the Kazakh language, given its complex morphological structure.

To generate synthetic data, queries to ChatGPT were formulated according to a specific template
developed. Example of a query: "Please generate 100 Kazakh sentences involving various subjects,
predicates, and objects. For each sentence, provide:

The sentence in Kazakh.

The English translation.

The SPO triple annotation.

Ensure that the sentences cover a wide range of topics and use different sentence structures."
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Figure 1 — Model architecture for extracting ternary relations

The synthetic data was manually checked to minimize errors and prevent cultural or linguistic
bias. This ensured compliance with the norms of the Kazakh language. In the process of data pre-
processing, an approach based on the application of natural language processing algorithms was
used, such as tokenization, stemming, lemmatization, TF-IDF matrix construction and Word2 Vec.
The stop-listing method was used to remove noise, and morphological analysis was used to normalize
words. This made it possible to effectively take into account the linguistic features of the Kazakh
language.

To evaluate the quality of synthetic data, a composite metric was employed that combines
linguistic consistency and the relative reduction of model errors when synthetic data are added to the
training set. The metric is defined as follows:

Linguistic Consistency Score + Error Rate Reduction

Qs'y:rz,th gtic — 2

where the “Linguistic Consistency Score” is the proportion of generated sentences (in the range
[0, 1]) that satisfy the grammatical, morphological, and syntactic norms of the Kazakh language as
verified during expert review, and the “Error Rate Reduction” is the relative decrease of the token-
level classification error rate of the model when the synthetic data are added to the training set,
computed as (Eq — Eg) / Eo, where Eq and Eg denote the error rates of the model trained without and
with synthetic data, respectively. Both terms take values in [0, 1], so the resulting metric Q, also lies
in [0, 1], with higher values indicating higher quality of the generated corpus.

Special attention was paid to the validation of the synthetic data in order to ensure linguistic
correctness, semantic adequacy, and the absence of cultural or linguistic biases. The validation
procedure consisted of several consecutive stages. First, automatic filtering was applied to remove
sentences with broken sentence structure, repeated tokens, or annotations in which the boundaries
of the subject, predicate, or object did not correspond to the BIO scheme. Second, a rule-based
check verified that each generated sentence contained exactly one consistent (S, P, O) triple and that
the surface forms of the components could be located in the sentence as contiguous spans. Third,
a manual expert review was conducted by two native Kazakh speakers with linguistic background.
Due to the volume of the generated corpus, full manual verification was not feasible; therefore, a
randomly selected stratified subset covering no less than 50% of the synthetic sentences was checked.
Each reviewed sentence was assessed along three criteria: (i) grammatical correctness, including the
agreement of agglutinative affixes; (ii) semantic plausibility of the (S, P, O) triple; and (iii) absence
of cultural or topical bias. Sentences that failed any of these criteria were either corrected or removed
from the corpus. Inter-annotator agreement was measured on a common subsample, yielding Cohen’s
k = 0.86, which corresponds to a high level of consistency. After validation, the share of sentences
fully conforming to the norms of the Kazakh language exceeded 90%, which is consistent with the
quantitative quality estimate provided by the metric Q, introduced above.
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Results

A model for extracting subject-predicate-object triples from Kazakh text was developed and
tested in this study, with experimental results confirming the effectiveness of the proposed approach
that combines transformer models and synthetic data generation.

To evaluate the performance of the developed model, the metrics of accuracy, recall and F1-
score were used:

Precision = L 3)
TE+FP
Becall = i - 4)
TE+FN
F1 — Score = 2 x PrecizionxRecall (5)

Precision+Recall

where: TP — true positives, FP — false positives, FN — false negatives

The obtained results showed that the BERT model adapted to the Kazakh language and
trained on synthetic data outperformed the baseline approaches. Models based on grammar rules
demonstrated a limited accuracy of 62.8%, which is due to the difficulty of taking into account all
the linguistic features of the language. The BILSTM-CRF model achieved an accuracy of 71.2%,
but there are difficulties in handling agglutinative constructions. The BERT model trained only on
real data achieved an Fl-measure of 74.9%, which highlights its potential, but also indicates the
need to expand the training dataset. The BERT model using synthetic data achieved the highest F1-
measure value of 82.6%, which indicates a significant contribution of synthetic data in improving the
generalization ability of the model.

Finally, the XLM-RoBERTa architecture achieved the highest performance overall, securing
an Fl-score of 90.73%. This represents a considerable performance increase of approximately 8
percentage points over the best-performing BERT variant (82.6%), establishing it as the state-of-
the-art model for this task. The quality analysis of the synthetic dataset confirmed its positive impact
on the overall performance of all transformer models. Comparative performance results of different
models are presented in Table 1.

Table 1 — Efficiency of models for the Kazakh language

Model Precision (%) Recall (%) F1-score (%)
Rules 65.2 60.5 62.8
BiLSTM-CRF 72.4 70.1 71.2
BERT without synthetic data 75.8 74.0 74.9
BERT with synthetic data 83.5 81.7 82.6
XLM-RoBERTa 92 89.5 90.73

The obtained results confirm the effectiveness of using synthetic data to enhance the model’s ability
to process complex linguistic structures, while also highlighting the need for further improvements
to address underrepresented regional dialects and topic diversity. The addition of synthetic data
significantly increased the model’s performance, particularly in terms of recall, indicating that the
system is better able to recognize previously unseen constructions (Figure 2).

Let D, beareal datasetand D~ be a synthetic dataset. The total volume of training data can be
expressed as D=D, UD_ .A falrly good result was achieved with D ~2xD_ ., can be seen below
in Figure 3 .
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Figure 3 — Confusion matrices for different models

This amount of data increased the diversity of training examples, allowing the model to better
learn representations and improve generalization ability. This demonstrates the effectiveness of using
large language models to generate additional data in resource-constrained settings.

Discussion

Despite the high overall performance, the proposed approach exhibits several limitations that are
important to discuss within the scope of this study. In particular, difficulties arise when processing
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complex syntactic constructions, especially sentences containing nested structures such as participial
and adverbial participial phrases. These constructions increase the ambiguity of subject-predicate-
object relations and remain challenging for transformer-based models trained without explicit
syntactic supervision.

Additional challenges are observed in sentences with flexible word order, including cases of
subject-object inversion. While multilingual transformer models such as XLM-RoBERTa demonstrate
strong robustness to word order variation, fully resolving such ambiguities would require architectural
modifications or additional linguistic supervision.

The limited representation of rare lexemes in both real and synthetic datasets also affects model
performance. In this study, the distribution of lexical items in synthetic data was intentionally kept
close to naturally occurring text in order to preserve linguistic realism and avoid biasing the model
toward artificially frequent rare words. Although this choice limits the model’s exposure to low-
frequency vocabulary, it ensures more realistic training conditions. More targeted augmentation
strategies for rare lexemes are therefore left for future research.

Given the agglutinative nature of the Kazakh language, morphological complexity represents
another important challenge. However, the primary objective of this study was to assess the capability
of transformer-based models combined with synthetic data without relying on language-specific
preprocessing tools. Integrating morphological analyzers would introduce additional variables and
complicate the isolation of the contribution of synthetic data. For this reason, such tools were not
included in the current pipeline, although their potential benefits are acknowledged as a direction for
future work.

Manual evaluation of the generated synthetic texts showed that more than 90% of the sentences
conform to the basic norms of the Kazakh language, including spelling, grammar, and syntactic rules.
Nevertheless, certain inaccuracies were observed due to inherent limitations of the language model
used for generation. In addition, while the synthetic data exhibit high overall quality, they do not
explicitly model regional dialectal variations of the Kazakh language. Addressing dialectal diversity
would substantially increase the complexity of data generation and evaluation and is therefore
considered beyond the scope of the present study.

An uneven thematic distribution was also observed in the synthetic dataset. However, the
experimental results indicate that even with this limitation, synthetic data significantly improve
model performance. To quantify this effect, the following metric was used:

AF1=F1

synthetic baseline®

where F1 . —Fl-score of the model with synthetic data, F1,
synthetic data.

In addition to the aggregated precision, recall, and F1-score reported in Table 1, we computed
per-class metrics for the three target categories (Subject, Predicate, Object) as well as macro- and
micro-averaged F1, and a sentence-level exact-match (EM) score that counts a sentence as correctly
processed only when all three components of the (S, P, O) triple are extracted exactly. The XLM-
RoBERTa model trained on the combined real and synthetic corpus achieved an F1-score of 91.4%
for Subject, 89.2% for Predicate, and 91.6% for Object, with a macro-F1 of 90.7% and a micro-F1
of 90.9%. The sentence-level exact-match score was 81.3%, which is approximately 9 percentage
points lower than the token-level Fl-score, indicating that a substantial share of remaining errors
corresponds to sentences in which only one of the three components is mislabeled. These additional
metrics provide a more complete picture of model behavior than the aggregated F1-score alone.

A detailed error analysis of the model output on the test set was performed in order to identify
systematic sources of misclassification. The errors can be grouped into four main categories. First,
boundary errors (approximately 41% of all errors) occur when the model correctly identifies the type
of a component but assigns incorrect token boundaries; this is most frequent in noun phrases with
stacked agglutinative suffixes, where the segmentation produced by the SentencePiece tokenizer does

. — F1-score of the model without
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not always align with morpheme boundaries. Second, role confusion errors (about 28%) correspond
to cases in which the subject and the object are swapped; such errors are concentrated in sentences
with non-canonical (OSV or OVS) word order, where surface cues for the grammatical role are
reduced. Third, predicate identification errors (about 19%) typically involve compound or analytical
verb forms (e.g., light-verb constructions of the type “X erri”, “X 6onasr”’), where the model labels
only the lexical verb and omits the auxiliary. Fourth, the remaining errors (approximately 12%)
involve rare or out-of-vocabulary lexemes and proper nouns that are underrepresented in both the
real and the synthetic data. This decomposition shows that the largest portion of residual errors is
morphological and structural rather than purely lexical, which suggests that further gains can be
obtained by integrating a Kazakh-specific morphological analyzer and by augmenting the synthetic
corpus with controlled variations of word order and analytical verb constructions.

The study showed that using synthetic data improves the quality of model training, which is
important for processing the Kazakh language with its grammatical features. The results of the
experiments indicate that XLM-RoBERTa effectively copes with agglutinative morphology and
free word order, providing accurate classification of tokens. The developed model demonstrates the
advantages of transformer models in processing texts with high linguistic complexity, although there
are difficulties with rare words and very different word order.

To further improve the quality of synthetic data, the integration of post-processing methods or
the use of models specifically trained for the Kazakh language seem promising. To improve model
performance, future research should focus on integrating morphological analyzers to more accurately
handle agglutinative word structures [25], expanding synthetic datasets to include a wider range of
lexical and syntactic diversity, and experimenting with other language models to assess the impact of
more advanced generation algorithms.

Conclusion

In this paper, a method was proposed to efficiently extract triple subject-predicate-object relations
from Kazakh texts. The XLM-RoBERTa transform model was used. Kazakh text generation using
GPT-4 was used to ensure the diversity and volume of data required for training the model. The
proposed method allows the model to better understand the Kazakh language, even if there is a
shortage of real data. Despite the success, the model still has a poor understanding of rare words
and complex sentences, and the synthetic data needs to be improved. Future work should focus on
developing more advanced methods for generating synthetic data, fine-tuning large language models
for the Kazakh language, and integrating language analyzers that can improve the processing of
agglutinative features of the language. Future research plans to apply this method to other languages
and expand the capabilities of synthetic data. Thus, the combination of transformer models and
synthetic data generation opens new horizons for solving complex NLP problems such as extracting
triple relations and contributes to the further development of artificial intelligence technologies on a
global scale.
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KA3AK TIJII YIHIH CUHTAKCUKO-CEMAHTHUKAJBIK KATBIHACTAPAbI
TPAHCO®OPMANUAJIBIK APXUTEKTYPAJIAP )KOHE CUHTETHUKAJIBIK
KOPIIYCTAP HET'I3IHJAE IIBIFAPY/1bl OHTAUJIAHABIPY

Anjarna

Taburu tinai enney (NLP) omicTepi COHFBI JKBUTAAPBI KEH TapalFaH jKoHe 131ey JKyHerepinne, menriMaepai
KaObULIay/Ibl KOJIAAyJbIH MHTEIICKTYallAbl TuiaTdopmaiapbiHaa xoHe 0acka Jia KeNTereH jKacaH/bl WHTEIICKT
KOCBhIMIIaNIapbIHia OeJICeH 1 Typie Koqanbliasl. by canaiarsl Herisri MiHAETTEpAIH 0ipi — CyObeKT-IIpeinKar-
00BeKT (hOpMaTHIHAAFBI YINTIK KaTblHACTapAbl MIbIFapy. MyHmail KypbUIbIMIap KYpbUIbIMAAIMaraH MOTiHAEPIl
peTTeNreH AepeKTepre aynapyra MyMKiHAIK Oepesi ®aHe ochlIaiia O01TiM rpadMKTepiH KypyFa KoHE JIOTUKAIIBIK
TaJnayaspl YHBIMIACTRIPYFa Heri3 Oomansl. AFBUIIIBIH HEMEce KhITall CUAKTHI 0ail pecypcThIK 0a3ackl Oap Tijmep
yIIiH Oy Mocene KasipAiH e3iHJe KaKChl MIeNIIreH. AJaia pecypchl MEKTeyi TUIIep YIMiH, COHBIH INIHIe
Kazak Tl yIIiH, TaHOAJIaHFaH KOPIYC MEH apHaiibl JIMHTBUCTUKAIIBIK PECYPCTapIblH a3 OoiybiHa OaiaHbICThI
Macese e3ekTi KyHinae Kaisi oTblp. JKymbicta XLM-RoBERTa apxurekTypacbiHa HEri3JeireH YiriHi OKbITY
YIIH KOJIIaHBUIATBIH CHHTETHKAJIBIK TYP/IE JKacaJlFaH IepeKTep ece0iHeH pecypCThIK Oa3aHbl KEHEUTY Il KO3IeHTiH
tocin ycerHbuTanel. XLM-RoBERTa — BERT ynriciHiH &KeTUIIIpiITeH HYCKACKL, O ajl/IbIH ajla OKBITYFa apHaJIFaH
ayKBIMJIBI KOPITYCBIMEH JKOHE KPOCC-TUIIIK TachIMalaay MiHAETTepiHACT] JKOFaphl THIMALIITIMEH epeKIIeIeHe],
Oyt ocipece pecypcTapbl MIEKTEYIi TUAEP YIIiH MaHBI3ABI. JKCIEPUMEHTTIK 3epTTeyIep YChIHbUIFaH omicTiH F1-
meTtpuka boibiHIIa 90,73 % HoTHKere KoJ xKeTKi3eTiHiH kepceTTi. byt Hotmke XLM-RoBERTa cusikTb 03bIK yITiIED
MEH JKacaHbl JepEeKTep apKbUIbl KEHEHTYHIH CaJbICTBIPMANIbl TYPAE KapamaibIM o/iCTepiH YHIIeCTipy Kypaewi
TUIIIK KYPBIIBIMJIAp/bl OHJEY CallachlH alTapiIbIKTail apTThipa alaThIHBIH pacTaisl. XKacanran KOpBITBIHABLIAP
YCHIHBIIBII OTBIPFaH TOCULI pecypcTaphl mieKTeydi Tiaepre apHanran NLP sxylenepin JaMbITyIbIH MEpCIIEKTH-
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BaJIbl OarbIThl PETIHIE KapacTelpyFa MYMKiHIIK Oepemi. COHbIMEH Karap, HOTHXKEJIEp OHbI aKMaparThIK 131ey
KyHenepine, OumimMal 6ackapy miargopmanapbiHa )KOHE KONTUIII HHTEUIEKTYaN bl KOChIMIIaIapFa MPaKTHKAIbIK
TYPFBIAH €HT13y MYMKIHAITTH KepceTei.

Tyiiin ce3nep: XLM-RoBERTa, BERT, cuHTeTHKAIBIK AepeKTep/i TeHepanusIIay, YIKEeH TUIIIK MOACIBICD,
MaIINHAJIBIK OKBITY, MOP(OJIOTHAIBIK Tajay, Ka3aK Tii.
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onTuMn3ANUsI N3BJIEYEHUS CHHTAKCUKO-CEMAHTUYECKHUX
OTHOIIEHUMU 5 KAZAXCKOI'O A3bIKA HA OCHOBE
TPAHC®OPMEPHBIX APXUTEKTYP U CUHTETHYECKHUX KOPIIYCOB

AHHOTALUA

Mertonst 06paboTku ectecTBeHHOTO si3bIKa (NLP) B mocneaHme Toab! MOMyYHiId IIHPOKOE PacIpOCTpaHCHNE
¥ aKTHBHO HCIIOJIBb3YIOTCS B IIOMCKOBBIX CHCTEMaX, HHTEJUIEKTYalbHbIX IIaT()opMax MOANCPKKH NPUHATHS pele-
HUH, a TaKKe BO MHOXECTBE IPYTUX MPUIOKEHUH HCKYCCTBEHHOTO HHTe/UIeKkTa. OHOM U3 KITIOUEBBIX 3a/1a4 B 3TOM
00J1acTH SBJISIETCS N3BJICUCHHUE TPOHHBIX OTHOLICHUH B hopMare «CyObeKT — IpeaAnKar — o0beKkT». Takue CTpyKTy-
PBI O3BOJISIFOT IEPEBOJIUTH HECTPYKTYPHPOBAHHBIE TEKCTHI B YHOPSJOUCHHBIE JaHHBIE U TEM CaMbIM (hOPMUPYIOT
OCHOBY JJIsl TOCTPOCHNUS rpad)OB 3HAHUI N OpraHU3alNH JOTHIECKOro aHanmu3a. Jis s361koB ¢ 6oraroit pecypcHoit
6a30i1, HaITpUMep aHIIMHACKOTO WM KUTANCKOTO, TaHHAs 3a/1a4a yKe JI0CTaTOYHO Xopoilo pemaercs. OqHako s
MasI000ECTICUCHHBIX S3bIKOB, BKIIOYAs Ka3aXCKWM, polnemMa ocTaeTcs aKTyalbHOW H3-3a OrPaHMYEHHOCTH JOC-
TYNHBIX Pa3MEUEHHBIX KOPIYCOB M CHENMAIM3HPOBAHHBIX JMHIBUCTHUUYECKUX pecypcoB. B pabore mpemmaraercs
MO/IXOJI, TIPEIyCMaTPUBAIOIINI PAaCIIUPEeHNE PeCypCHOW 0a3bl 32 CYET CHHTETUYECKH CTeHEPHPOBAHHBIX JaHHBIX,
KOTOPBIE 3aT€M HCHONB3YIOTCS JUIsl 00ydeHust Mosiesin Ha ocHoBe apXuTeKTypbl XLM-RoBERTa. XLM-RoBERTa,
ABJISASACH ynydieHHoH Bepcueit mogenu BERT, ornruaercst 6omee KpymHBIM KOPITYCOM ISl ITPEABAPUTEIBHOTO 00-
YUCHHS ¥ OBBIMIEHHOH 3()()eKTUBHOCTBHIO B 33/1a4aX KPOCC-SI3bIKOBOTO IIEPEHOCA, YTO OCOOEHHO BayKHO AJIS SI3BIKOB
C OrpaHUYEHHBIMU pecypcaMH. JKCIIEPUMEHTAIbHBIE MCCIIE0BAaHM [TOKA3aIN, YTO IPEUIOKEHHbIH MeTos obe-
cnieunBaet F1-metpuxy 90,73%. DTOT pe3ynbTar MOATBEPKIAET, YTO KOMOMHAIINS TIEPETOBBIX MOJIETIEH, TAKHX KaK
XLM-RoBERTa, 1 0THOCHTEIBHO MPOCTHIX MPUEMOB MCKYCCTBEHHOI'O PACIIMPEHUS JJaHHBIX CHOCOOHA 3aMETHO
TIOBBICUTH Ka4e€CTBO NPH 00pabOTKe CIOKHBIX S3BIKOBBIX KOHCTPYKIHMH. CeaHHble BHIBO/IBI ITO3BOJISIIOT paccMa-
TPHBATh MPEIIOKEHHBIN ITOJX0/1 KaK MEPCIIEKTUBHOE HanpaBiieHne uist pa3Butus NLP B oTHOmeHnn Manoobecrne-
YEHHBIX S3BIKOB. KpoMme TOro, pe3yasTaTsl OTKPBIBAIOT BOZMOXKHOCTH €T0 MPAKTUYECKOH WHTErpaluy B CHCTEMBI
noucka HH(OpMaIMHK, yIPaBICHUS 3HAHUAMHU U MHOTOSI3bIYHBIE HHTEIUICKTYaIbHbIE TIPUIOKCHUS.

Kuouesble ciioBa: XLM-RoBERTa, BERT, renepariusi CHHTETUYECKUX JAHHBIX, OOJBIIIHE SI3BIKOBBIE MOJICTIH,
MaIllMHHOE 00yUeHHE, MOP(POIOTUICCKHI aHAIIN3, KA3aXCKUIl S3bIK.
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