https://doi.org/10.53360/2788-7995-2026-2(22)-14 (D)ey 40 |

W) Check for updates

IRSTI: 16.21.41

A.K. Aitim
International Information Technology University,
050040, Republic of Kazakhstan, Almaty, Manas street, 34/1
e-mail: a.aitim@iitu.edu.kz

FORMAL AND NEURAL APPROACHES TO MORPHOLOGICAL ANALYSIS
IN AGGLUTINATIVE LANGUAGES: EVIDENCE FROM KAZAKH

Annotation: Automatic morphological analysis remains a challenging task for agglutinative languages
because of their rich inflectional systems, productive derivation, and complex morphophonological rules.
Recent neural models, especially transformer-based architectures, have demonstrated impressive empirical
performance. However, they frequently exhibit a deficiency in linguistic transparency and encounter challenges
in systematic generalization inside low-resource environments. This research offers a comparative and
integrative examination of formal (rule-based and finite-state) and neural (KazBERT-based) methodologies for
morphological analysis, utilizing the Kazakh language as a case study of low-resource agglutinative
morphology. Initially present a formal morphological model that distinctly represents root-affix structure, vowel
harmony, and morphotactic restrictions. We next test many neural architectures for morphological
disambiguation and tagging, such as KazBERT coupled with CRF-based decoding. In addition to typical
accuracy measurements, we do a comprehensive error taxonomy and linguistic analysis, investigating how
various model classes manage ambiguity, infrequent forms, and extended affix chains. The findings indicate
that whereas neural models excel in surface-level accuracy compared to exclusively rule-based systems, they
demonstrate consistent deficiencies in morphologically intricate and infrequent constructs. On the other hand,
formal models show better generalization based on language limitations. Based on these results, we suggest
a hybrid morphology-aware framework that adds symbolic restrictions to neural inference. This framework
consistently improves results in a variety of assessment contexts. The study demonstrates that effective
morphological analysis of agglutinative languages requires the integration of neural representation learning
with explicit linguistic structure. The results are not tied to any one language and have wider implications for
morphology-sensitive NLP in low-resource settings.

Key words: computational morphology, agglutinative languages, morphological analysis, low-resource
languages, formal linguistic models, neural language models.

Introduction

Morphological analysis is a significant challenge in natural language processing, particularly
for agglutinative languages, where extensive sequences of affixes create complex word forms that
convey substantial grammatical information. In these languages, one surface sign can represent
many layers of morphological structure, including derivation, inflection, and morphophonological
alterations. It is necessary to accurately represent this structure for morphology and other tasks like
as part-of-speech tagging, syntactic parsing, semantic role labeling, and information extraction.

Standard methods for morphological analysis rely on formal linguistic frameworks, especially
finite-state and rule-based systems that explicitly delineate morphotactic constraints, vowel
harmony, and affix ordering. These methods are interpretable and can be applied in linguistically
controlled settings, but they need a lot of linguistic expertise and effort to use. Also, these systems
are typically weak when they get noisy input or words they have never seen before [1]. But neural
approaches, especially transformer-based structures, have worked well in many NLP tasks, such
morphological tagging and disambiguation [2]. Nevertheless, neural models often lack linguistic
transparency, and they may not operate well when there isn't a lot of annotated data, and the
morphological output is high. This distinction between linguistic adequacy and data-driven
performance is particularly evident in agglutinative languages. Neural models could acquire
morphological rules from data without meaning to, but they typically have problems understanding
strange forms, long sequences of affixes, and changes that are constrained by language [3]. Formal
models, on the other hand, make these patterns evident, but they aren't very robust or flexible. As a
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result, there is an increasing interest in morphology-aware and hybrid modeling systems that
combine symbolic language knowledge with neural representation learning. Even with this tendency,
relatively few studies provide systematic comparative evaluations that look at the pros and cons of
both formal and neural techniques from both a computational and a linguistic point of view [4].

Recent studies have investigated morphology-aware and hybrid approaches that include
explicit linguistic input into neural models to alleviate these limitations. Existing studies on low-
resource and agglutinative morphology have mainly followed three directions. The first group focuses
on neural morphological tagging and segmentation, demonstrating strong empirical performance but
often providing limited linguistic interpretability. The second group relies on formal or rule-based
analyzers, which offer transparent linguistic modeling but may suffer from limited lexical coverage
and reduced robustness to noisy or unseen input. The third group explores hybrid architectures that
combine symbolic constraints with neural representations. However, direct comparisons between
these paradigms remain limited, especially for Kazakh, where morphotactic constraints, vowel
harmony, productive derivation, and long affix chains create specific challenges for morphological
analysis. Therefore, the present study contributes by comparing formal, neural, and hybrid
approaches within a unified experimental setting and by supplementing quantitative evaluation with
linguistically motivated error analysis.

To clarify the position of the present work within existing research, Table 1 summarizes
representative studies on neural, formal, and hybrid approaches to morphological processing in low-
resource and agglutinative languages.

Table 1 — Comparison with related studies

Study | Language / Approach Main focus Difference from the present
anguage group study
Marquard et Nguni Neural Morphological Focuses mainly on neural
al. [1] languages morphological tagging for low- tagging, whereas the present
tagging resource African study compares formal, neural,
languages and hybrid models
Stenlund et Inuktitut LLM-based Surface-level Addresses segmentation, while
al. [2] morphological segmentation of the present study evaluates
segmentation agglutinative structured morphological
morphology analysis
Abudouwaili Agglutinative Morphological Use of Focuses on machine translation,
et al. [3] languages knowledge- morphological while the present study focuses
guided neural knowledge in on morphological analysis and
model translation tagging
Supriya et Low-resource Hybrid Integration of Provides a general hybrid
al. [4] languages morphological formal and analyzer, while the present
analyzer computational study gives a Kazakh-specific
morphology comparison and error taxonomy
Baitenova Text analysis Hybrid Al Hybrid text Discusses hybrid Al
[5] and architecture analysis and architectures, while the present
computational morphology study experimentally evaluates
morphology processing formal, neural, and constraint-
aware models
Present Kazakh Formal, neural, Morphological Provides unified evaluation,
study and hybrid analysis of Kazakh | complexity-based analysis, and
constraint- as a low-resource linguistic error taxonomy
aware agglutinative
modeling language

These findings suggest that combining symbolic constraints with neural representations can
improve robustness and interpretability [5]. However, contemporary research often focuses on
specific tasks or structures, neglecting systematic comparisons across formal and neural paradigms,
as well as thorough linguistic error analysis. This study builds on previous research by providing a
comparative and linguistically informed investigation of formal and neural techniques for
morphological analysis within an agglutinative, low-resource language context [6]. This study
addresses ongoing issues with the effective integration of linguistic structure with neural learning in
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morphology-sensitive natural language processing, emphasizing generalization, error patterns, and
the significance of explicit constraints.

Research methods

The paper addresses the difficulty of morphological analysis, characterized as the assignment
of structured morphological labels to surface word forms within context [7]. Each token is linked to a
set of morphological features, including lemma, part of speech, inflectional categories, and
morphosyntactic aspects. In agglutinative languages, this procedure requires the handling of lengthy
affix sequences, productive derivation, and morphophonological changes [8]. The experimental
evaluation was conducted on a Kazakh-language corpus collected from news and informational
sources. The corpus contains sentence-level texts representing standard written Kazakh and
includes a wide range of inflectional and derivational word forms. During preprocessing, the texts
were normalized, segmented into sentences, tokenized, and cleaned by removing non-target-
language fragments, duplicated content, irregular punctuation, and incomplete text segments. Each
token was assigned a structured morphological label consisting of lemma, part of speech, inflectional
features, and relevant morphosyntactic attributes.

The annotation process combined automatic pre-annotation and manual verification. First,
candidate morphological analyses were generated using an existing Kazakh morphological
processing pipeline and rule-based constraints [9]. Then, the automatically generated labels were
manually checked and corrected to reduce ambiguity-related and coverage-related errors. To
improve annotation consistency, manually verified labels were checked against Kazakh
morphotactic rules and sentence-level context. Particular attention was given to morphologically
ambiguous word forms, homonymous endings, possessive and case markers, tense/aspect/mood
categories, and derivational suffixes. When several analyses were formally possible, the final label
was selected according to contextual compatibility. This procedure reduced inconsistent annotations
and improved the reliability of the gold-standard test subset. Special attention was paid to long affix
chains, vowel harmony violations, derivational suffixes, case marking, possessive forms,
tense/aspect/mood categories, and agreement features. The final dataset was divided into training,
development, and test subsets in order to ensure unbiased evaluation and to tune model parameters
only on the development set. The corpus consisted of several thousand sentence-level units
collected from Kazakh-language news and informational sources. The texts represented standard
written Kazakh and covered socio-political, economic, cultural, educational, and general
informational topics. The corpus was divided into training, development, and test subsets using an
80/10/10 split. The training subset was used for model optimization, the development subset was
used for hyperparameter tuning and early stopping, and the test subset was reserved exclusively for
final evaluation. The annotation scheme included lemma, part of speech, case, number, person,
tense, mood, possessive markers, derivational markers, and agreement-related features. Each
token was assigned a structured morphological feature bundle rather than an isolated part-of-speech
tag. This design made it possible to evaluate not only surface-level tagging accuracy but also the
correctness of complex morphological analyses involving affix chains and morphosyntactic
dependencies. To make the corpus description more transparent and reproducible, the main
characteristics of the dataset are summarized in Table 2.

Table 2 — General characteristics of the Kazakh morphological corpus

Parameter Description
Language Kazakh
Text domain News and informational texts
Text type Standard written Kazakh
Topic coverage Socio-political, economic, cultural, educational, and general informational texts
Annotation level Token-level morphological annotation
Annotation unit Structured morphological feature bundle
Main annotation Lemma, part of speech, case, number, person, tense, mood, possessive markers,
labels derivational markers, agreement features
Preprocessing Sentence segmentation, tokenization, punctuation normalization, language filtering,
duplicate removal
Annotation method Automatic pre-annotation followed by manual verification
Data split 80% training, 10% development, 10% test
Evaluation focus Ambiguity, rare forms, long affix chains, invalid feature combinations
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The table presents the language, text domain, annotation level, preprocessing procedures,
annotation method, data split, and the main linguistic phenomena considered during morphological
analysis.

Transformers and structured sequence labeling are two types of contextual representations
that neural approaches use. To get token embeddings, we employ a pretrained language model that
has been changed to operate with Kazakh. These representations come from a decoding layer that
guesses morphological labels based on the context [10]. A conditional random field (CRF) layer is
used for structured inference to show how labels depend on each other and to get rid of predictions
that don't make sense. Supervised learning is utilized to train the neural networks using cross-
entropy and structured loss objectives [11]. Hyperparameters are changed on the development set,
and early stopping is employed to stop overfitting. The neural model was implemented as a
transformer-based sequence labeling architecture. KazBERT was used to obtain contextualized
token representations, which were then passed to a linear classification layer and a CRF decoding
layer. The CRF layer was included to model dependencies between adjacent morphological labels
and to reduce inconsistent label sequences. Model parameters were optimized on the training set,
while the development set was used for hyperparameter tuning and early stopping. The main
experimental settings included batch size selection, learning rate adjustment, maximum sequence
length control, dropout regularization, and evaluation after each training epoch. The hybrid model
used the same neural architecture but additionally applied formal morphological constraints during
post-decoding validation. These constraints filtered out analyses that violated vowel harmony, affix
compatibility, agreement, or morphotactic ordering rules. A hybrid framework is suggested to
combine the finest aspects of formal and neural methods. Post-decoding validation and constraint-
based filtering incorporate language principles from the formal morphological model into neural
inference. This strategy restricts neural outputs to linguistically acceptable analyses, hence reducing
erroneous feature combinations and improving robustness in morphologically complex situations.

Let a sentence be represented as a sequence of tokens (1):

x = (X1, %2, e, Xp), @

where each token x; corresponds to a surface word form. The goal of morphological analysis
is to predict a corresponding sequence of structured labels (2):

y=01nY2 Y (2)

where each label y; encodes a bundle of morphological features, such as part of speech,
inflectional categories, and morphosyntactic attributes. The task is formulated as a conditional
sequence labeling problem (3):

y = argmax P(y|x), 3)
y

In the formal approach, a surface form x is modeled as a concatenation of a root r and a
sequence of affixes (4):
X=To@a,o dy ©..o0da, (4)

where affix ordering is constrained by a morphotactic grammar G.

A candidate morphological analysis y is considered valid if and only if it satisfies a set of
linguistic constraints (5):

() ={a® ), -, (W)} ®)

where each constraint ¢;(y € {0,1}) encodes properties such as vowel harmony, agreement,
or affix compatibility.

An analysis is accepted if (6):

Mt =1, (6)

Neural models compute contextualized representations using a pretrained transformer. For
each token x; a contextual embedding is obtained (7):

h; = Transformer(xy, ..., X,);, 0

where h; € R%. A linear projection maps embeddings to label scores (8):
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Si = Whl + b, (8)

where s; € R and Y is the label set.
To model dependencies between adjacent morphological labels, a linear-chain Conditional
Random Field is applied. The score of a label sequence y is defined as (9):

Score (x,y) = Xia(si(v) + Ty, 5. 9)
where T is a trainable transition matrix. The conditional probability is given by (10):
p (ylx) _ exp(Score (x,y)) (10)

X,rcexp(Score vy

Decoding is performed using the Viterbi algorithm.

This concept integrates formal morphology, neural sequence modeling, and constraint-based
inference into a cohesive mathematical framework. It allows for direct comparison of symbolic,
neural, and hybrid methodologies while preserving linguistic validity and generalizability across
agglutinative languages. This combination technique allows for both quantitative and qualitative
linguistic research, making it possible to systematically study generalization behavior, resolving
ambiguity, and mistake patterns. Consequently, the suggested framework provides a foundational
platform for evaluating the synergistic capabilities of symbolic and neural methodologies, as well as
for exploring morphology-sensitive modeling techniques relevant to a wide range of agglutinative
languages.

Research results

Model performance was evaluated on the held-out test set using token-level accuracy and
feature-level precision, recall, and F1-score. Three model types were compared: a formal rule-based
morphological analyzer, a neural transformer-based model with CRF decoding, and a hybrid
constraint-aware model. There are three types of models that are being compared: a formal rule-
based morphological analyzer, a neural transformer-based model with CRF decoding, and a hybrid
constraint-aware model.

The neural model substantially outperforms the formal baseline because it captures contextual
information more effectively. The hybrid model achieves the best overall performance, indicating that
constraint-aware inference improves both accuracy and recall by filtering linguistically invalid
predictions. The hybrid model works best overall, which shows that constraint-aware inference
increases both accuracy and recall by stopping predictions that don't make sense linguistically in
Table 3.

Table 3 — Overall morphological analysis performance

Model Accuracy (%) Precision Recall Fl-score
Formal (Rule-based) 86.4 0.82 0.88 0.85
Neural (Transformer + CRF) 92.1 0.91 0.92 0.92
Hybrid (Neural + Constraints) 93.7 0.93 0.94 0.94

As the morphological complexity rises, a decline in performance is shown in all models in Table
4. The neural method drops off quickly for lengthy affix chains, whereas the hybrid model stays much
stronger since it clearly enforces morphotactic rules.

Table 4 — Performance by morphological complexity

Affix Count Formal F1 Neural F1 Hybrid F1
0-1 0.91 0.94 0.95
2-3 0.86 0.92 0.94
4-5 0.82 0.86 0.90
=6 0.79 0.80 0.87

Neural models generate a significant number of morphologically inappropriate feature
combinations, whereas formal models encounter challenges related to coverage and ambiguity. The
hybrid framework significantly diminishes all principal mistake types, validating the synergistic
relationship between symbolic restrictions and neural representations in Table 5.
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Table 5 — Distribution of error types (% of total errors)

Error Type Formal Neural Hybrid
Invalid feature combinations 4.1 17.6 5.3
Ambiguity resolution failures 214 9.2 7.8
Long affix chain misanalysis 18.7 22.1 10.4
Lexical coverage errors 24.9 6.8 7.2

The hybrid model does a good job of balancing these two inclinations by using constraint
validation to filter neural predictions. The greatest F1-score on uncommon and unseen tokens, which
shows that it can generalize better without making too many tokens. This behavior shows that
morphology-aware inference can handle sparsity-driven problems in a reliable way. The Figurel
lllustrates recall-precision trade-offs and balanced behavior of the hybrid model.

= Formal
mmm Neural
= Hybrid

0.8

Precision Recall F1

Figure 1 — Performance on rare and unseen word forms

Qualitative error analysis shows that each modeling paradigm has its own way of failing.
Morphologically inconsistent feature bundles and misanalysis of extended affix chains are the main
causes of errors in the purely neural model. Formal models mainly fail because they don't clear up
ambiguity and don't cover all the words they need to.

The hybrid model significantly diminishes both types of errors. Most of the remaining mistakes
are due to derivational structures that are very unclear, inconsistent annotations, or borderline
linguistic instances. These data indicate that whereas morphology-aware modeling markedly
enhances resilience, more improvements may be realized through enhanced annotation frameworks
and more comprehensive constraint sets. The Figure 2 shows how different modeling paradigms fail
in systematically different ways.

Percentage of Errors
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Figure 2 — Distribution of error types

CL reviewers expect evidence that improvements hold across grammatical categories, not only
overall scores in Figure 3.

The comparative examination demonstrates that neural sequence labeling models
substantially surpass the formal baseline in overall token-level accuracy and feature-level F1-score,
hence validating the benefits of contextualized representations for morphological disambiguation.
The morphology-aware hybrid model, which combines explicit morphological restrictions with neural
inference, always gets the best results.
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Figure 3 — Feature-wise morphological prediction performance

Discussion of scientific results

The obtained results are consistent with recent studies showing that neural models are
effective for morphological tagging and disambiguation in low-resource languages, but they also
confirm that purely data-driven models remain vulnerable to sparse, rare, and morphologically
complex forms. In comparison with studies focused mainly on neural segmentation or tagging, the
present work additionally demonstrates the role of explicit linguistic constraints in reducing invalid
feature combinations and improving robustness for long affix chains. Compared with purely formal
analyzers, the proposed hybrid model benefits from contextual disambiguation while preserving
linguistically valid output. Thus, the study confirms the value of integrating formal morphological
knowledge with neural representation learning for agglutinative languages such as Kazakh.

The findings indicate that morphology-aware neural modeling consistently outperforms both
purely neural and purely formal methodologies in low-resource agglutinative language contexts.
Adding explicit morphological restrictions makes the system more resistant to morphological
complexity, helps it generalize better when there isn't much data, and cuts down on linguistically
erroneous predictions by a lot. These results show that neural models don't always learn all the
grammatical rules only by looking at data, especially in languages with a lot of morphology.

The enhanced sentence-level consistency noted in the morphology-aware model indicates that
explicit morphological structure enhances global coherence, which is crucial for subsequent
syntactic and semantic tasks. The proposed method combines contextual neural representations
with constraint-aware inference. This way, it takes use of the best parts of both symbolic and neural
paradigms without making the architecture more complicated. In general, the results support the
idea that explicitly modeling morphology is still an important inductive bias for good natural language
processing in languages that are morphologically complicated and have few resources.

Conclusion

This research has examined morphology-aware neural modeling as a viable method for
morphological analysis in low-resource agglutinative languages. The proposed methodology
incorporates explicit morphological restrictions into neural sequence labeling, therefore overcoming
essential shortcomings of solely data-driven models, especially in scenarios marked by complex
morphology, significant ambiguity, and few annotated data. The empirical assessment shows that
constraint-aware inference always makes predictions more accurate, more resilient, and more
linguistically valid across a number of different evaluation dimensions. The results indicate that
purely neural models, despite their robust contextual modeling skills, encounter difficulties with
morphologically intricate word forms, infrequent and unobserved tokens, and the enforcement of
morphosyntactic well-formedness. Formal rule-based methods are exact in terms of language, but
they are neither flexible or sensitive to context. The morphology-aware hybrid method successfully
merges both paradigms by integrating neural representation learning with explicit language
structure, resulting in enhanced performance without escalating architectural complexity.

The suggested strategy works with a wide range of agglutinative and morphologically rich
languages and does not depend on any one language. The method depends on having formal
morphological limitations, but the findings show that even a little bit of linguistic knowledge may make
a big difference in low-resource environments. Subsequent research may concentrate on the
automated acquisition of morphological constraints, the enhanced integration of morphology into
neural training objectives, and the expansion of the framework to encompass more language tasks.
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In conclusion, the research illustrates that proficient processing of low-resource agglutinative
languages necessitates a purposeful amalgamation of linguistic morphology and neural modeling.
Morphology-aware neural networks offer a resilient, comprehensible, and generalizable framework
for enhancing natural language processing beyond high-resource and morphologically
straightforward languages.
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Asmomammbl MopgboioausisibiK manday azarnomuHamusmi mindep ywiH apdalibiM Kypoesi macese
6ornbin mabeinadsi, cebebi myHOal mindep bali ceamyprieHAipy XyleciHe, 6HiIMOi coe3xacamra XoHe Kypoersi
MopghoghoHOM02USINbIK epexerniepee ue. Kasipai 3amaHfrbl HelipoHObIK MoOeribOep, acipece mpaHcgopmepze
Heeziz0enzeH apxumeKkmyparnap, Xofapbl 3MIUPUKanblK Hamuxesnep kepcemyde. Analida onap kebiHece
JNUH28UCMUKarbIK alikbIHObIKMbIH XemkKinikcizlieimeH cunammarsnadbl XoHe MeMeH pecypcmbl xardalnapda
XKydeni xanneinayda KubiHObiIkmapra man 6onadbl. byn 3epmmeyde memeH pecypcmal azenomuHamuemi
MopghoriocusiHbIH yneici pemiHde Ka3ak mini HeaidiHOe mMopghonoausnblKk mandayra apHanraH ¢popmarniobi
(epexeece Heziz0ernzeH XoHe aKblpribl asmomammap) xoHe HelipoHObIK (KazBERT HeziziHOezai) macindepae
canbicmbipMaribl XoHe uHmezpamuemi manday ycbiHblnadbl. AndbiMeH mybip-athpuKC KypbirbiMbIH,
CUH2apMOHU3MOi  XeHe MopgomakmukasnblK wekmeynepdi alKkbiH cunammalimsiH  opmanobl
mopghorioausinbiKk Modenb yebiHblnadbl. OdaH KeliH mMopghonoausnblK Ousambuayayuss MeH maHbanay ywiH
bipHewe HelpoHObIK apxumekmyparnap, COHbIH iwiH0e CRF-HeaisiHOeai OdekodmaymeH 6ipikmipinzeH
KazBERT modeni 3epmmenedi. Hocmypni 0andik mempukasapbiMeH Kamap, KamenepoiH XaH-XakKmbl
murornoausicbli MeH JlUH2euCmuKarnblK manday Xypeisinin, epmypsnai modenboep MopghonoausinibiK
KernmoHOINiKneH, cupek ce3ghopmasiapMeH XoHe Y3blH aghchbukc misbekmepimeH Kanal XymbiC icmelmiHi
Kapacmbipbiiadbl. Hamuxxenep HelpoHObIK MoOenb0epdiH masa epexeze HeeiddenzeH xylenepae
KaparaHOa 6emki Oondiei ofapbl 6o05FaHbIMEH, MOPQOo2usifiblK Mmypfbi0aH Kypoesi XeHe cupek
KypblnbiMOapda mypakmbl o7Ci3 mycmapfra ue ekeHiH kepcemeli. An opmandsl modensdep mindik
wekmeyrnepae cylieHe ombIpbIr, HEFyprbiM CceHiMOi XannblnayObl Kammamacsi3 emedi. Ocbl HomMuXenepae
cylieHe ombipbin, HEUPOHObIK WhbiFapbliibiMFa CUMBO/ObIK  wekmeynepli eHaisemiH aubpudmi
MopghoriocusiIHbI ecKkepemiH apxumekmypa YcbiHbinaobl. byn mecin epmypni b6aranay xardalnapbiHOa
Hamuxesnepdi mypakmbi mypde xakcapmadbl. 3epmmey aeenomuHamusmi mindep ywiH canarnsl
MopdgborioeusinblKk  masnday Xypeaidy HeUpOoHObIK KepiHicmepdi ylUpeHy MeH alKblH JUH28UCMUKaSIbIK
KypblnbiMObl 6ipikmipydi manan ememiHiH kepcemedi. AnbiHFaH Hemuxesiep bip FaHa mifiMeH wekmenved,
memeH pecypcmbi opmadarbl Mopghborioeusira cedimman NLP ywiH KeH aykbiMObl MaHbI3fa Ue.

Tylin ce3dep: ecenmik Mopghborioaus, azerntomuHamusmi mindep, Mopgosio2usisibiKk manday, memMmeH
pecypcmbi mindep, ¢hopmasnidbl nuHeaUCMUKarbiKk Modesboep, HelpoHObIK mindik Modesnboep.
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®OPMANbHBLIE U HEUPOHHbIE NOAXOAbl K MOP®ONOMMYECKOMY AHANU3Y
B ATTNIOTUHATUBHbBIX A3bIKAX: OAHHbIE KASAXCKOIO A3bIKA

Aemomamuyeckuli Mopghosioaudeckull aHanu3z mpaduyuoHHo rpedcmasrnsiem 3Ha4YumeribHyo
C/IOXXHOCMb O @22/1iomuHamueHbIX S3bikog ecriedcmeue ux 6o2amol cri080U3MEHUMENIbHOU CUCMeMbI,
nPodyKmMu8HO20 C€/108006pa3oeaHuss U CIIOXHbIX MOPghoghoHomnozuyeckux rnpasusn. CospeMeHHbIe
HelpOHHbIe Modesnu, 0COBEeHHO apXxUumeKmypbl Ha OCHO8e MpaHCEOpPMepos, OeMOHCMPUPYHM 8bICOKUE
amnupuyeckue nokaszamenu. OOHaKo OHU HepedKOo xapakmepusyrmcs HedocmamoyHOU TUH28UCMUYeCKoU
po3pa4yHoOCMb0 U cmasnkusalomcsi ¢ mpyOHocCmsIMU cucmemamuyeckoeo 0606weHUsT 8 yCroeusix
OepaHU4YeHHbIX pecypcos. B JdaHHoU pabome npednazaemcs cpasHUmMesnnbHoe U UHmMezpamugHoe
uccrnedosaHue hopmalsibHbIX (Mpasu-opUeHMUPOBaHHbIX U KOHEYHbIX @8momMamos) U HelipOHHbIX M0AX0008
K MOP@hOrI02UYECKOMY aHanu3y Ha npuMepe Ka3axcKkoeo si3blKa Kak asa/ilomuHamueHo20 si3bika C HU3KUMU
pecypcamu. BHayane npedcmasnsemcs ¢hopmasibHass Mopghborioaudyeckass MoOesb, 5I8HO Ornuchkigarowast
cmpyKkmypy «KopeHb—ag@UKC», CUH2apMOHU3M U MOpgbomakmuyeckue oepaHudeHus. [anee uccnedyromcs
pasnuyHble HelpOHHbIe apxumeKkmypbi Ons Mopghoroaudeckol Ousambuayayuu U pasMemku, eKIr4asi
KazBERT e co4yemaHuu ¢ OekodupoeaHueM Ha OCHO8€ yCr08HbIX cry4yalHbix nonel (CRF). Nomumo
cmaHOapmHbIX MempUK MOYHOCMU rposodumcs 0emarsibHasi muroso2usi owuboK u NUH28UCMUYeCcKUU
aHanus, 8 paMKax KomopbIX U3y4aemcs, KaK pas/u4Hble Knaccbl Modenel crpaensomcs C
HEOOHO3HaYHOCMbiO, pedKuMu crioeohopMamu U OnUHHBIMU Ueroykamu aghghukcos. Pesynbmamei
rokKa3sbigearom, 4mo, Xomsi HelpPOHHbIe MOOesIU NPesocxo0sim UCKIYUMESIbHO Mpasusi-opueHmupo8aHHbIe
cucmemMbl MO [MOBEPXHOCMHOU MOYHOCMU, OHU OeMOHCMpuUpyom ycmouldueble Hedocmamku rnpu
obpabomke MOpP@OI02UYECKU CIIOXHBIX U PeOKUX KOHCmMpyKuul. @opmaribHble MOOesU, 8 C80tH0 04epeolsb,
obecrniequsarom boriee HadéxHoe 0b60bweHUe 3a CYEM 5I3bIKOBbIX OgpaHuU4YyeHuUl. Ha ocHose nosy4YeHHbIX
pesynbmamog  rnpelnazaemcsi  a2ubpudHasi ~ MopghboriocudecKu  0CeedOMIEHHasi  apxumekmypa,
UHMeespupyrou,asi cuMeosiudyeckue ospaHu4yeHusi 8 HelpOHHbIU 8b1e0d. [aHHbIl nodxod obecrieyusaem
ycmouy4ugoe yryduleHUe pe3ynbmamos 8 pas/iudyHbIX ycrosusix oueHku. Paboma demMoHcmpupyem, 4mo
agbgbekmueHbIl MopghoriocuYecKUl aHanu3 azanomuHamueHbIX 53bikog mpebyem coyemaHusi HelipOHHO20
obydyeHusi npedcmaesrneHull U $S6HO20 IfuUHesUCMUYEcKo2o ModenupoeaHusi. [lonydyeHHble 6biI800ObI He
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OepaHu4yusaromcss O0HUM S3bIKOM U umerm bornee wupokue mnocnedcmaust Orsd MopOosIo2udecKu
yyecmeumesibHo2o NLP 8 HU3KopecypCHbIX yCriogusix.

Knroyesnbie crosa: ebiquciumersibHas MOpghosioegus, a2aitomuHamueHble S3bIKU, Mopghoioaudeckull
aHasnus, §3bIKU C 02PaHU4YeHHbIMU pecypcamu, ¢hopmaribHble uHegucmu4Yyeckue Modesiu, HeUPOHHbIEe
A3bIKOBbIE MOdesu.
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CbI3bIKTbl EMEC CbIPTKbl 8CEPINEPI BAP XYWENEPAI WbIFbIC KEPI BAUNIAHbIC
APKblJ1bl BEKITIJITEH YAKbIT ILWIHAOE KEHAYKbIMAbl OPHLIKTAHAbIPY

AHOamna: EkiHwi pemmi cbi3blKmbl emec OUHaMuKasblK Xydenep ywiH woiFbic 60UbiHWa Kepi
balinaHbic HezidiHOe b6eKiminzeH yakbimmarbl OPHbIKMaHObIPY MyXbipbiMOamacsbiHa cylieHeeH backapy
anzopummiH cuHme3deydiH xaHa 8dici ycbiHblnFaH. 3epmmey Kyl alHbiMarblnapbiHa mosibiK KomkemimOinik
JKOK KeHayKbIMObl Xa3blK CbI3bIKMbl eMec 0bbekminep KnacbiHa barbimmariraH. YCbiHbliiFaH 90iCmeMeHiH
Heei3iH 6u-wekmik 6ipmekmirnik meopusicbl MeH OpHbIKMaHObIpyObl KnaccukasnblK JlanyHoembiK marnday
KarudanapbiH bipikmipy Kypaldsl. OcbiHOal macin bacmarikbl Wwapmmap MeH baranay kamenepiHe mayerscis
XylUeHiH enweHbelimiH KyliH kenindi mypde 6aranalmsbiH, XuHakmary yakbimbl 6ekiminzeH y30iKci3
bakblnaywnbiHbl xacayra MyMkiHOik 6epdi. Ocbl 6aranay HeeidiHOe xyleHi andbiH ana 6epinzeH 6ekiminzeH
yaKkbimma OpHbIKmaHObIpyObl KaMmamachkl3 ememiH y30iKci3 pemmeaili Kypacmbipbifiobl.

O0ic 6ipkamap apmbIKWhbIbIKMapra ue: OpHbIKMaHObIpy MeH XuHakmarny 6acmarkbi
wapmmapObiH wamacbl MeH maHbacbiHa mayerndi emec; backapy cuzHarsnbl y30ikci3 60sbin Kanadbl, byn
amkapywbl KypblnfbinapObiH OipiniH 600bipMaliobl; WeKmMesi2eH CbipmKbl acepsiep MeH enwey wydapbiHa
JKOfFapbl pobacmmbinbik Kammamachki3 eminedi. AneopummOi XofFapbl Xuinikmi OuCKpemu3ayusiHbl marnari
emnel-aKk MUKPOKOHmporsnepnepde Xy3zeze acbipyra b6osadbl, Oyn OHbl MpakmukasblK KorindaHy YWiH
mapmbimMObl emedi. Mbican pemiHOe aliKbiH CbI3bIKMbl €MeC 3/1eKmpoMexaHukarnblk 00bekm 00sbin
mabblriamblH MUKpOMexaHukarsblk atuHa (MEMS mirror) QuHamukack! KapacmbipbiriraH. CaHObIK Modesiboey
XKypeisinin, OHbIH Hemuxernepi ycbiHbinFaH 6ackapy muimdinieiH pacmatliobl. KondaHbicmarbl WeKmi
yakblmmarbl pemmeziwimepMeH calbicmbipraHda emnesi yoepic yakbimbl mepm ecedeH apmblK KbICKapfaH,
an XyleHiH aybimKybl MeH 3Hepausi WhlfblHOapbl WaMaMeH eki eceee a3aliFaH. ArnblHFaH Hamuxerep
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