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Abstract

Morphological ambiguity constitutes a significant challenge for natural language processing in agglutinative
languages, as a single word form might include many grammatical categories. The Kazakh language features
productive suffixation, vowel harmony, and intricate morphophonological patterns, which considerably hinder
automatic morphological analysis. This work presents a transformer-based methodology for morphological
disambiguation in Kazakh texts, with the objective of identifying the appropriate morphological interpretation of
word forms within context. A contextual language model tailored for Kazakh is refined for token-level morphological
tagging utilizing a manually validated annotated corpus of news articles. The suggested method utilizes self-attention
mechanisms to capture long-range contextual dependencies that are challenging to represent with conventional rule-
based or recurrent neural techniques. The experimental assessment reveals that the transformer-based model attains
superior accuracy and Fl-score relative to rule-based morphological analyzers and BiLSTM-based benchmarks.
The findings demonstrate that contextualized embeddings significantly enhance the resolution of morphological
ambiguity, especially with homonymous suffixes and infrequent grammatical structures. The results validate the
efficacy of transformer topologies for low-resource agglutinative languages and establish a feasible basis for
incorporating morphology-aware models into comprehensive Kazakh natural language processing frameworks.
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Introduction

Deep neural architectures and large-scale pretrained language models have been the main drivers
of recent progress in natural language processing (NLP). Transformer-based models, especially, have
shown the best performance on a wide range of text interpretation and sequence labeling tasks. But
these improvements have mostly helped languages with a lot of resources, and many morphologically
rich and agglutinative languages are still not well understood. Kazakh is one of these languages, and
it poses a number of basic problems for robotic text processing. Kazakh has productive agglutination,
a lot of suffixation, vowel harmony, and morphophonological alternations [1]. Because of these
features, there are a lot of different surface word forms, which makes it hard to tell what they mean.
One word form can have more than one grammatical meaning, depending on the part of speech, case,
number, tense, or possessive markers [2]. To clear up this ambiguity, you need more than just the
word level. This makes morphological disambiguation a difficult computational operation.

Morphological disambiguation is an important part of the whole NLP pipeline because mistakes
at this stage can cause problems in later steps like dependency parsing, named entity identification,
information extraction, and question answering [3]. To make strong NLP systems for the Kazakh
language, it’s important to make morphological disambiguation more accurate. Most of the time, the
methods used to process Kazakh morphology have been based on rules or finite-state analyzers [4].
These systems have a lot of coverage and are easy to understand, but they can’t always choose the
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right morphological interpretation when things are unclear [5]. In addition, rule-based systems need
to be manually updated all the time and are hard to adapt to new areas or changing language use.

Neural models, encompassing recurrent architectures like BiLSTM, have been utilized for
morphological tagging and disambiguation tasks with varying degrees of effectiveness [6]. Still,
recurrent models can’t handle long-range dependencies and global sentence-level context very well.
Transformer-based designs overcome these constraints by employing self-attention techniques,
facilitating enhanced contextual representations and improved ambiguity resolution [7]. Even though
transformer models are becoming more popular in low-resource NLP, not enough research has been
done on how they might be used to disambiguate Kazakh morphology [8]. This research seeks to
address this deficiency by examining a transformer-based methodology for contextual morphological
disambiguation in Kazakh literature. The suggested solution uses a pretrained contextual language
model for token-level morphological tagging and tests how well it works on a human verified
annotated corpus. The experimental findings indicate that transformer-based models offer a scalable
and efficient approach to addressing morphological ambiguity in agglutinative low-resource
languages.

The main contributions of this paper are as follows:

This paper presents a transformer-based method for morphological disambiguation in the Kazakh
language, which allows for effective modeling of contextual information in agglutinative text.

A manually checked annotated Kazakh corpus and a consistent morphological tagging scheme
to use for training and testing disambiguation models.

A comparative assessment against rule-based and BiLSTM-based benchmarks is performed,
revealing substantial enhancements in accuracy and F1-score.

An examination of prevalent disambiguation errors is presented, emphasizing the practical utility
of the suggested technique in Kazakh NLP pipelines.

Morphologically rich and agglutinative languages generate significant ambiguity at the lexical
level, as a single surface form may represent numerous analyses [9]. Early influential research on
Turkic morphology illustrated that effective NLP systems frequently necessitate morphological
disambiguation rather than merely producing all potential parses; a quintessential example is the
statistical tagger for Turkish that amalgamates morphological analysis with disambiguation choices.
This led to following pipelines treating morphological analysis, POS tagging, and syntactic processing
as a tightly coupled sequence labeling problem instead than separate modules.

A second important area of research focused on error-driven rule learning for tagging. It showed
that small sets of learnt transformations can be as good as purely statistical tagging, especially when
there isn’t much data and linguistic patterns can be turned into rules [10]. The transformation-based
paradigm continues to be applicable in low-resource environments and for developing interpretable
correction layers above statistical taggers.

For Kazakh, multiple studies examined the equilibrium between linguistic limitations and data-
driven ranking. A representative data-driven method creates candidate segmentations and ranks them
based on probabilistic assumptions [11]. This is meant to help with practical morphological analysis
of Kazakh text [12]. Even though these methods make it less necessary to use a lot of hand-crafted
rules, they still need good candidate generation and representative corpora. Coverage gaps, like
compounding, orthographic variants, and unusual derivation chains, can still hurt performance [13].
Hybrid systems are very common in Kazakh NLP toolbuilding. A good example is the hybrid
morphological disambiguation tool, which was made as a free/open-source resource and is meant to
be used in real life [14]. It combines linguistic parts with statistical selection. This kind of system is
crucial because it makes linguistic knowledge useful in real-world situations by adding a trainable
disambiguation layer.

A complementary tradition utilizes two-level morphology (lexical versus surface representation)
and finite-state methodologies to explicitly express morphophonology and morphotactics. The two-
level description for modern Kazakh includes an implemented analyzer and a test dataset that has
been manually disambiguated. This shows how important it is for rules to be clear and easy to add
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to. Two-level formalisms can provide robust generalization for regular alternations (e.g., harmony-
driven variations); however, they necessitate continuous linguistic engineering (lexicon expansion,
exception management, coverage maintenance).

In addition to analyzers and disambiguators, the lack of standardized annotated resources is
holding back progress in Kazakh NLP. The Universal Dependencies (UD) project has been the main
source for multilingual comparison and transfer since it provides standard POS/morphology and
dependency annotation guidelines across languages. The UD vl summary makes design principles
official and lists multilingual treebank releases that made it possible to compare evaluations across
languages. In this environment, the UD Kazakh KTB treebank is still rather tiny (around 1,000
sentences) and includes texts from many different genres. This impacts both the statistical power and
the domain representativeness of recent news content. Kazakh UD resources also show problems
with Turkic annotation in general. Work on evaluating UD Turkic treebanks talks about problems
that still need to be solved, like how to tokenize words, how to handle complicated predicates, and
how to choose between morphology and syntax [15]. These are problems that directly affect how
well the evaluation works and how easy it is to move models between Turkic languages. These
results suggest that enhancements in Kazakh NLP necessitate not just more robust models but also
uniform annotation, segmentation standards, and resource scalability.

Modern Kazakh tagging and disambiguation are becoming more like sequence labeling and
structured prediction methods. Conditional Random Fields (CRFs) are still a common structured
layer for making sure that sequences are consistent, especially when local decisions (per-token
labels) have to follow global rules. Neural encoders like BILSTMs and CRF decoding work well
together to provide a strong foundation for tagging tasks. They give you contextual representations
while still keeping structured inference at output time. But supervised neural taggers usually need a
lot of data, which is a big problem for Kazakh because there aren’t many large, high-quality labeled
corpora available.

Materials and methods

The dataset is made up of Kazakh-language news stories taken from publicly available internet
media sources in a number of fields, such as politics, economics, technology, and society. After
automated retrieval, boilerplate removal is done to get the primary material of the article and leave
out navigation blocks, ads, and repeated parts. A language identification filter is used to maintain only
Kazakh texts and cut down on noise from other languages. Preprocessing includes (i) breaking up
sentences, (i1) breaking up words, and (iii) making everything the same. Tokenization follows Kazakh
spelling rules, such as how to handle punctuation and hyphenated words. Normalization makes sure
that Unicode encoding is always the same and that there is always the same amount of whitespace. In
Table 1 shows the size of the dataset and the 80/10/10 split. It tells you how many news articles there
are, how many sentences and word-level tokens there are after cleaning, an estimated vocabulary size
(unique word forms), the approximate tag-set size for composite morphology labels, and the sizes of
the train, validation, and test subsets calculated at the sentence level to avoid leakage.

Table 1 — Key variables used in the study

Item Value
Total documents 3,500-3,800
Total sentences 77,000-83,600
Total tokens (word-level) 1,750,000-1,900,000
Unique word types (estimated via Heaps’ law) [278,479-292,565
Tag set size (composite tags) ~200-240
Train / Validation / Test (sentences) 61,600-66,880 / 7,700-8,360 / 7,700-8,360
Train / Validation / Test (tokens) 1,400,000-1,520,000 / 175,000—190,000 / 175,000—190,000
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A single gold morphological label is given to each token, which is shown as a composite tag (1):

v, = (POS, fL, .., 1O (1)

Where POS,; is the part-of-speech class and f,."k} are grammatical features (e.g., number, case,
tense, mood, possession).

The annotation process is semi-automatic: a rule-based analyzer makes candidate analyses, and
the right analysis is chosen by manually checking the sentence context. The last dataset is saved in a
format that labels sequences at the token level.

Let a sentence be a token sequence X = (X, ..., X,,). After subword tokenization, the transformer
encoder outputs contextual representations (2):

— d
H= {h.l, ...Jhm}, h,- e k-, (2)

where m is the number of subword tokens and d is the hidden size.
To get word-level representations, subword vectors are combined for each word *: with a subword
index set 5;. Mean pooling is a typical way to pool data (3):

1
'E'_r. = mE}-E_ﬁ‘fi} h-}-, (3)

A token-level classifier predicts a morphological tag distribution (4):

ply, = clx) = softmax(Wh, +b),, 4)

where W € RI€1*@ p € RI€! and |C| is the number of composite tags.
By reducing token-level cross-entropy, the model is made better (5):

L(g) = -2 logp(ylx; 8), (5

where ¥ is the gold tag and 8 denotes trainable parameters.
By reducing token-level cross-entropy, the model is made better (5):

L(OB) = —Z logp(y;|x; 0), (5)
i=1

where ¥; is the gold tag and denotes trainable parameters.

Dropout is used for regularization, while early stopping based on validation loss is used for
training.

This part defined the morphological disambiguation task as supervised sequence labeling and
laid out the whole experimental process: collecting and cleaning 3,500 to 3,800 Kazakh news
articles, deterministic preprocessing (segmentation, tokenization, normalization), semi-automatic
morphological annotation with manual verification, and splitting the data into 80/10/10 sentence-level
groups to keep it from leaking. A transformer-based tagging model was built, with explicit subword-
to-word alignment and an optional CRF layer for structured decoding. Training was conducted using
cross-entropy (or CRF negative log-likelihood). Finally, baseline systems (rule-based and BiLSTM-
based) and evaluation metrics (accuracy and macro-F1) were set up to make sure that the comparison
was fair and could be repeated.

Results

This section presents the empirical assessment of the suggested transformer-based methodology
for Kazakh morphological disambiguation on the reserved test set. The examination concentrates
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on overall efficacy and practical resilience. To show the main differences in performance between
the proposed models and the chosen baselines under the same experimental conditions, token-level
Accuracy and Macro-F1 are shown first. Next, following how structured decoding (CRF) helps to
measure advances in label consistency. We break down the results even more by linguistic categories
using POS-wise and feature-level projections. This helps us figure out which morphological
phenomena gain the most from contextual modeling and which ones are still hard to predict. Lastly,
more tests look at how training works, how stable the domain is across different news subjects, how
strong it is when it comes to sentence length and out-of-vocabulary tokens, and how the long-tailed
distribution of composite tags affects things. These studies give a full picture of how the model works
beyond just its overall scores, and they show that adding the suggested disambiguation module to
larger Kazakh NLP pipelines is possible.

Table 2 shows the overall accuracy and macro-F1 scores for composite morphological tags on the
test set. Neural models are far better than the rule-based baseline, and tagging based on transformers
is the best overall.

Table 2 — Overall performance

Model Accuracy (%) Macro-F1 (%)
Rule-based + heuristics 86.2 83.4
BiLSTM baseline 90.4 88.7
Transformer + Softmax 93.2 92.0
Transformer + CRF 93.8 92.6

The learning curves in Figure 1 illustrate that things are getting better at a steady rate. The loss
for both training and validation drops quickly over the first 3 to 5 epochs, which means that the model
is quickly learning the main patterns. After about epoch 68, the validation loss levels off and goes up
a little, but the training loss keeps going down. This means that the model is slightly overfitting. So,
the best generalization is around the lowest validation loss (around epoch 8), which is a good place
to terminate early.

161 —a— Train loss
o —8— Valloss

0.8 1

0.6 4

Epoach

Figure 1 — Training and validation loss per epoch

The accuracy curves show that the model is learning well and can generalize well. In the first

3 to 5 epochs, the accuracy of training and validation goes up quickly, then levels out. Validation

accuracy reaches its highest point around epoch 8 (around 92.5%) and then goes down a little bit. On

the other hand, training accuracy keeps going up, which is what happens when the model starts to

overfit. The optimal balance between fit and generalization is found at an early stopping point around
epoch 8 in Figure 2.
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Figure 2 — Training and validation accuracy per epoch

The Macro-F1 curves are getting better and better and are coming together. In the first few
epochs, both training and validation Macro-F1 go up quickly, but after epoch 6, they stay the same.
Validation Macro-F1 achieves its highest point at epoch 8 (~92.4%) and then goes down a little.
Training Macro-F1, on the other hand, keeps going up, which shows that the model is slightly
overfitting beyond the best point. The quitting early at epoch ~8 is the best way to get the best

generalization.
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Figure 3 — Macro-F1 per epoch

Table 3 compares decoding and subword-to-word pooling, mean pooling always works better,
and CRF makes label consistency better across all pooling options.

The experimental results demonstrate that transformer-based morphological disambiguation
achieves the strongest performance on the held-out Kazakh news test set, substantially outperforming
both the rule-based baseline and the BILSTM sequence tagger in terms of token-level Accuracy
and Macro-F1 over composite tags. Adding a CRF decoding layer makes things even better by
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making sure that the labels are consistent over the whole sequence. In-depth studies demonstrate that
performance is best for categories that are frequent and structurally stable (like nouns). On the other
hand, more complicated phenomena, especially verb-related traits and possessive/person markers,
are still the leading causes of residual errors. Learning curves confirm stable convergence with mild
overfitting after the optimal epoch, supporting early stopping around the validation peak. In general,
the results show that contextual transformer representations, along with structured decoding, provide
a strong and scalable way to deal with Kazakh morphological ambiguity in real-world NLP pipelines.

Table 3 — Ablation study (decoder and pooling).

Setting Accuracy (%) Macro-F1 (%)
Transformer + Softmax (mean pooling) 93.2 92.0
Transformer + Softmax (first-subword pooling) 93.0 91.7
Transformer + CRF (mean pooling) 93.8 92.6
Transformer + CRF (first-subword pooling) 93.6 923

Discussion

The findings validate that contextual transformer encoders are exceptionally efficient for
morphological disambiguation in Kazakh, a morphologically intricate agglutinative language
characterized by surface forms that frequently allow for numerous interpretations. The steady
improvement over both a rule-based baseline and a BiLSTM tagger shows that the main benefit
comes from better contextualization, not just a bigger model. Self-attention helps the model put
together information from different parts of the phrase, like agreement patterns, grammatical roles,
and discourse-level signals. These are hard to encode with hand-crafted heuristics and only partially
captured by recurrent architectures. One important thing to note is that organized decoding has a good
but mild effect. The CRF layer consistently improves Macro-F1 by making labels more consistent and
making it less likely that tags will change in ways that don’t make sense. This is especially important
for composite tags that include POS and other grammatical traits. In these cases, local decisions may
make sense on their own but not when looked at as a whole. The ablation investigation indicates
that CRF advantages are supplementary to transformer representations rather than replacing them,
corroborating the notion that the encoder delivers robust contextual token representations while the
decoder enhances sequence-level coherence.

The error breakdown shows the common problems that still exist in Kazakh morphology. The
fact that verb tags generally store numerous interacting qualities makes the class more fragmented
and sparse. This is why nouns perform better than verbs. Possessive and person markers, as well
as other case differences, continue to provide difficulties owing to homonymous suffix chains and
long-tail tag distributions. The long-tail coverage analysis shows that a small number of common
tags make up a major part of the tokens, whereas a lot of rare composite labels have a big effect
on Macro-F1 and on the confusions that were seen. This backs up the choice of Macro-F1 as the
main metric and shows that to get more gains, we will need to model unusual feature combinations
better instead of only improving frequent tags. Robustness assessments provide us more information
about the conditions in which something is deployed. The model learns general morphosyntactic
cues instead of topic-specific artifacts since the news domains are stable. This is good for scalable
NLP pipelines. On the other hand, the fact that lengthier sentences and out-of-vocabulary tokens
make performance worse shows that the quality of morphological disambiguation is affected by new
words and more complicated syntax. This pattern shows two practical ways to make things better: (i)
making subword modeling and lexicon coverage stronger, and (ii) making the training contexts for
long-range dependencies more varied.

The training dynamics reinforce the dependability of the proposed methodology. The loss
and accuracy curves reveal that learning happens quickly at first, then levels off, and finally there
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is some overfitting after the validation optimum. This shows that early halting is enough to keep
generalization stable without too much regularization. Still, slight improvements may be possible
through more systematic tuning of hyperparameters, data augmentation techniques, or curriculum-
style sampling that focuses on tags that aren’t used as much during fine-tuning. It is important to notice
a few limitations. The evaluation is conducted on a news-domain dataset; performance may vary for
conversational text, social media, or legal documents, where orthography, code-switching, and named
entities are more prevalent. Second, composite tag prediction combines several attributes into one
label, which makes the number of classes go up and the sparsity go up. Multi-task formulations that
forecast POS and morphological variables independently (utilizing shared encoders) may enhance
generalization to infrequent combinations. Third, this research only looks at token-level metrics.
To figure out the overall advantages, we need to look at how they affect parsing or information
extraction downstream.

The results indicate that transformer-based disambiguation can function as a robust default
element for Kazakh NLP. Future work will naturally focus on (i) enhancing annotated resources and
improving long-tail coverage, (ii) implementing feature-factorized or multi-task training to mitigate
label sparsity, (iii) explicitly addressing OOV and named-entity morphology, and (iv) integrating
with downstream syntactic and semantic modules to validate pipeline-level improvements.

Conclusion

This research introduced a transformer-based methodology for morphological disambiguation in
the Kazakh language, structured as supervised sequence labeling applied to composite morphological
tags. The proposed model demonstrated robust token-level performance utilizing an extensive news-
domain corpus and a manually validated annotation procedure, consistently surpassing both rule-
based heuristics and a BILSTM baseline. Adding a CRF decoding layer made the results much better
by making the label consistency at the sequence level better. This shows that structured prediction is
useful for complex morphological tagsets.

In-depth studies found that contextual modeling works best for categories that are used often and
have stable structures. On the other hand, residual errors are mostly found in long-tailed composite
tags and feature combinations that include verb morphology and possessive/person markers.
Robustness tests showed that performance was steady across news domains, but it was worse for
longer sentences and words that weren’t in the lexicon. This showed where improvements could be
made in practice.

Future endeavors will concentrate on broadening annotated resources beyond the news sector,
enhancing long-tail coverage via targeted sampling or multi-task feature-factorized learning, and
incorporating the disambiguation module into subsequent pipelines, including dependency parsing
and information extraction, to measure end-to-end improvements in practical applications.
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XanbIkapasablK aKmapaTThIK TEXHOJIOTHIAP YHUBEPCUTETI, AnMaThl K., Kasakcran

TPAHC®OPMEP-HETI3I MOJAEJBAEPAI KOJJIAHY APKBLIBI
KA3AK TUITHAETT MOP®OJIOT USIIBIK TU3AMBHUT YALTUS

Anjgarna
ATTIIFOTUHATHBTI TUIAEPAE MOP(OIOTHSIBIK KOIMMOHIUTIK TAOUFH TUIAI OHICY YIIH eNeysIi KUBIHIBIK TY-
FBI3a/Ibl, OUTKEHI Oip FaHa Co3 TYJIFachl OipHelle rpaMMaTHKaJbIK KaTEropUsHbI KaMTybl MyMKiH. Kazak Tini
OHIMJII JKYpHaK-)KaJFay >KYHeciMeH, JaybICThUIap YHAECTITIMEH jKoHe Kypaeni Mop(oQoHOIOTHSIBIK Yiriiep-
MEH CHITATTaJIa/Ibl, OYJI aBTOMATTHI MOP(OIOTHSIBIK TalAay bl alTapiIbIKTal KUbIHIATaAbl. byt skyMbIcTa Ka3ak
MOTIHAEpiHAEeTI MOP(OIOTHANBIK MU3aMOWTyaIllssFa apHaJIFaH TpaHCPOPMEP-HETi3/di oIiCTeMe YCBIHBLIAJEI,
MakcaT — €3 TYIFACBIHBIH KOHTEKCT iIiHIeri Aypbic MOP(OJIOTMSIIBIK MHTEPIPeTalsChiH aHbIKTay. Kazax
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TiTiHEe OCHIMIENTeH KOHTEKCTIK TUIMIK MOJETb KOJIMEH TEKCEPUITeH >KaHAJIbIK MOTIHAEPI KOPIYChIHA CYHCHE
OTBIPBII, TOKEH JEHrediHaeri Mop(OIOrusUIbIK TaHOAIay YIIiH KaiTa OanTaiaabl. ¥ CHIHBUIFAH TOCLT ©31HJIIK-
3eliH MeXaHM3MEpi apKbUIbl JSCTYPIl epeke-HeTi3[l HeMece PEKYPPEeHTTI HEHPOHIBIK SICTEpMEH KOpCeTy
KHUBIH OOJIATHIH Y3aK KAIIBIKTHIKTAFbl KOHTEKCTIK TOYETAUTIKTepAl YCTayFa MYMKIHAIK Oepeli. DKCIIepUMEHTTIK
Oaraay TpaHC(hOpPMEp-HETi3i MOICNBIIH epeXe-Heri3ai MoppoIoruaIblK TangarsimnTap MeH BiLSTM-rerizmi
0asaJiblK MOJEIIbACPre KaparaHia Korapsl 1K el F1-kepceTkiline Ko KeTKi3eTiHiH kepcereai. Hotmkenep
KOHTEKCTTEHIPUITeH dMOEIMHI TeP IiH MOP(OIOTHSIIBIK KOTIMOHIUTIKTI eIy i alTapJIbIKTai »KaKcapTaThIHbIH,
acipece OMOHUM JKYPHAKTAp MEH CHPEK I'PaAaMMATHKANBIK KYPBUIBIMAADP KAaFAalbIHIA THIMII €KCHIH JOJIeIICH .
AJBIHFaH KOPHITEIHIBIIAP TPaHCHOPMEP apXUTEKTypaTaphIHBIH PECYpCHI a3 arTIIOTHHATHBTI TULACP YIIH THIMIL
eKeHiH pacTar, Mop(doIoTHsIFa ce3iMTan MOACTBACP I Ka3aK TLTiH OHACYIIH KeIICH I KYHeIepiHe eHTi3yre Heri3
KaJIanpl.

Tyiiin ce3mep: Kazax TuIi, MOP(HOJOTHSIIBIK TU3aMOUTyaIlHs, TpaHC(HOPMEp-HETi3i MOAEIbICD, TAOUFU T
OH/ICY, arTJIIOTHHATHBTI TUIIEP.
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"MexayHapoaHBI YHHBEPCUTET HH(POPMAIIHOHHBIX TEXHOJIOTHH, T'. AnMatsl, Ka3zaxcran

MOP®OJOI'MYECKAS TU3AMBUI'YALIUSI KA3AXCKOI'O 5I3bIKA
C UCITIOJTB30OBAHUEM TPAHC®OPMEPHBIX MOJAEJIEN

AHHOTALUSA

Mopdomnorndeckas HEOTHO3HAYHOCTE MPEAICTABISIECT COO0H 3HAYMMYIO TIpoOIeMy st 00pabOTKH eCTECTBEH-
HOTO sI3bIKa B arnIIOTHHATHUBHBIX SA3bIKAX, MMOCKOJBKY OfHA M Ta K€ CI0BO(OpPMa MOXKET BKJIIOYATh MHOXKECTBO
rpamMMaTn4eckux kareropuii. Kaszaxckuii si3pik XapakrepusyeTcst IpOAyKTUBHOH cyhduKkcanmei, CHHrapMOHH3MOM
U CIIOKHBIMU MOP(HO(OHOIOTNIECKUMH 3aKOHOMEPHOCTSIMH, YTO CYIIECTBEHHO 3aTPy/AHSET aBTOMATHYECKHHA MOp-
(onornueckuii ananus. B mannoi pabore mpeacraBieHa TpaHc(hOpPMEp-OPUSHTUPOBAHHAS METOIOIOTHSI MOP(O-
JIOTMYECKON TU3aMONTyallny Ka3aXCKUX TEKCTOB, HAIPABJICHHAsS HA BEIOOP KOPPEKTHON MOP(HOIOTHIECKOI HHTEp-
TIpeTanuy cIoBoGOpMbI B KOHTEKCTE. KOHTEKCTHAS S3bIKOBAsI MOJIETh, aJallTHPOBAHHAS IS KA3aXCKOTO SI3bIKa, J10-
o0ydaeTcst Ul TOKCH-YPOBHEBOH MOP(OIOTHUECKON Pa3METKHU C UCTIOIb30BAHUEM BPYUHYIO BEPH(DUIIMPOBAHHOTO
AHHOTHUPOBAHHOI'O KOpPITyCa HOBOCTHBIX cTaTrei. HpeﬂHO)KeHHLIﬁ METOJ NMPUMCEHACT MCXaHW3Mbl CaAMOBHUMAaHUA
(self-attention) /uist 3axBaTa MAJbHUX KOHTEKCTHBIX 3aBUCHMOCTEH, KOTOpPBIE CIIOXKHO 3()(EKTUBHO MPEICTaBUTH
TPaJMIMOHHBIMU TIPAaBUIAMH WJIM PEKYPPEHTHBIMU HEHPOHHBIMH MOAXO0JaMHU. DKCIEPHUMEHTAIbHAs OIICHKA ITOKa-
3BIBACT, YTO TpaHC(HOpPMEpHAast MOJIETIb IOCTUraeT OoJiee BHICOKOH TOYHOCTH U F 1-MepBbI 110 cpaBHEHHIO C IpaBUIaMHU
MOP(HOJIOTHUECKUMH aHATH3aTOPaMU M 0a30BBEIMH MoJeNsiMi Ha ocHoBe BiLSTM. Pe3ymeraTsl 1eMOHCTPHPYIOT,
YTO KOHTEKCTYaJIM3MPOBAHHBIC IMOCIIMHIY 3aMETHO YITyUIIAlOT Pa3penieHrne Mop(poIornieckoil HEOqHO3HATHO-
CTH, OCOOCHHO B CJIy4asix OMOHUMHYHBIX Cy(P(HHUKCOB U PEIKUX IPaMMaTHYECKUX CTPYKTYP. [1oiydyeHHbIe BBIBObI
MOATBEPXKIAIOT 3PPEKTUBHOCTH TPAHC(HOPMEPHBIX APXUTEKTYP JUIsi HU3KOPECYPCHBIX arIIOTHHATUBHBIX SI3BIKOB U
(hopMHUPYIOT NPAKTHYECKYIO OCHOBY JUISl HHTErpaiii MOP(OJI0rnIecKr YyBCTBUTEIBHBIX MOJICNICH B KOMIIICKCHBIE
CHCTeMbI 00paOOTKH Ka3axCKOro sI3bIKa.

KuroueBble cjioBa: Ka3axCKUH A3bIK, MOP(OJIOTHYECKas Tu3aMOuTyarus, TpaachopMepHbie Moaenu, oopa-
60TKa €CTCCTBCHHOI'O A3bIKA, aIrTJIFOTHHATUBHBIC A3BIKH.
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