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LARGE LANGUAGE MODELS IN EDUCATIONAL MEASUREMENT OF KAZAKH
LANGUAGE PROFICIENCY

This study evaluates the performance of large language models (LLMS) in assessing Kazakh language
proficiency within the context of the Unified National Test (UNT) in Kazakhstan. The primary objective is to
examine the accuracy, error patterns, and psychometric characteristics of five state-of-the-art LLMs—
Gemini 2.5 Pro Preview, Claude 3.7 Sonnet, Deepseek R1, Qwen, and Llama 3.1-405B-Instruct—on 138
multiple-choice questions (MCQs) from the 2024 UNT Kazakh language test. The methodology involved a
zero-shot evaluation with standardized prompts, ensuring no external data access, and employed statistical
analyses, including Cochran’s Q test, McNemar’s tests, and Generalized Estimating Equations (GEE)
logistic regression, to assess model performance across difficulty levels and linguistic topics. Results indicate
that Gemini achieved the highest accuracy (90.6%), significantly outperforming other models, while Llama
showed the lowest (37.7%). Performance varied by difficulty and topic, with Gemini excelling across all
categories and others showing strengths in specific areas like complex linguistic reasoning. The study
highlights the potential of LLMs for educational assessment in low-resource languages like Kazakh, while
identifying gaps in model optimization, fairness, and reliability, necessitating targeted fine-tuning and
culturally relevant data curation.

Keywords: Large Language Models, Educational Assessment, Kazakh Language, Unified National
Test, Pedagogical Measurement, Artificial Intelligence.

Introduction

Education in Kazakhstan places strong emphasis on assessing student proficiency through the
Unified National Test (UNT), which plays a central role in university admission. In recent years,
increasing numbers of test takers have chosen to complete the UNT in Kazakh, reflecting both
policy priorities and the broader use of the national language in education [1]. At the same time,
advances in artificial intelligence, particularly large language models (LLMs), have created new
opportunities for educational measurement. LLMs such as GPT-3.5, GPT-4, and other
contemporary models are increasingly applied to tasks including automated grading, item
generation, and diagnostic assessment [2]. These technologies promise efficiency and scalability,
but their performance varies across domains, item types, and especially languages.

In language proficiency assessment, particularly for less-resourced languages, key questions
remain about the validity, fairness, and reliability of LLM outputs [3]. For the Kazakh language
category of the UNT, no published study has systematically evaluated LLM performance on
multiple-choice questions. This gap is significant, since Kazakh proficiency is not only an academic
requirement but also a cultural and policy priority. Therefore, this study aims to evaluate the
performance of several state-of-the-art LLMs on the Kazakh language multiple-choice portion of
the UNT. By examining their accuracy, error patterns, and psychometric characteristics, the study
provides evidence on the potential and limitations of LLMs in supporting educational assessment in
Kazakhstan.
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The Role of Al and LLMs in Educational Assessment and Testing. Over the past decade,
advancements in artificial intelligence (Al) have dramatically transformed the educational
assessment landscape. LLMs—characterized by their billions of parameters and training on vast,
heterogeneous datasets—are now capable of generating human-like text and offering real-time,
adaptive feedback on a variety of tasks. These systems facilitate automated test item generation,
adaptive scoring, and personalized formative feedback, thereby reducing the burden on educators
and allowing for scalable assessment solutions [4, 5]. For example, state-of-the-art models such as
GPT-4 have demonstrated strong performance on numerous high-stakes examinations by replicating
expert reasoning and delivering coherent explanations, a capability that signifies a major shift from
traditional manual assessment methods [6, 7].

LLMs have been deployed to automatically generate draft test items based on textbook content
or curricular themes. By extracting and synthesizing key concepts from large corpora, these models
produce multiple-choice questions, true/false items, and even open-ended prompts that align with
predetermined learning objectives [8]. Such automated generation not only accelerates the
development cycle of test items but also enables educators to focus on qualitative review and
refinement rather than on initial content creation [8]. In computerized adaptive testing
environments, LLMs contribute further by assisting in real-time calibration of question difficulty
based on examinee responses, thus tailoring tests dynamically to individual ability levels and
ensuring that assessments are both engaging and diagnostically informative [9].

Additionally, the integration of LLMs into automated scoring systems has been transformative.
Natural language processing (NLP) techniques within these models are used to evaluate essays and
open-ended responses by considering not only surface features such as vocabulary usage and
syntactic complexity but also deeper semantic coherence [9, 10]. The immediate feedback provided
by automated systems helps students identify their learning gaps and enables teachers to design
targeted interventions, thus democratizing access to high-quality, personalized assessments across
diverse educational settings [9, 11]. LLMs also play a supportive role in ensuring test security
through anomaly detection during online exams, flagging irregular response patterns that may
indicate academic dishonesty [5, 11]. Together, these developments illustrate how Al-driven
systems are gradually shifting educational assessment from traditional, labor-intensive processes to
dynamic, technology-enabled paradigms that are scalable, consistent, and highly adaptable [9, 12].

LLM Performance on Multiple-Choice Question Answering in High-Stakes Examinations.
A significant stream of research has focused on the performance of LLMs in multiple-choice
question (MCQ) settings, especially on high-stakes examinations used in professional licensure and
academic selection. Early iterations of generative models such as GPT-3.5 exhibited inconsistent
performance on domain-specific MCQs, largely due to limitations in their reasoning abilities and
the necessity for extensive prompt engineering [6]. However, subsequent models, notably GPT-4,
have achieved remarkable improvements, attaining scores that place them within the top decile on
examinations such as the Uniform Bar Exam and the United States Medical Licensing Examination
(USMLE) [7, 13].

Researchers have investigated not only raw accuracy but also the calibration of confidence
estimates in LLM outputs when answering medical and legal MCQs. Calibration analyses for
GPT-4, for instance, have indicated that the model’s probability assignments closely track actual
correctness, a feature considered critical in high-stakes testing environments where score margins
have significant implications [14]. In parallel, chain-of-thought prompting techniques—which
encourage the model to articulate intermediate reasoning steps—have been shown to boost accuracy
by making the decision process more transparent and interpretable [11, 15].
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Another focus of research has been on the sensitivity of LLMs to the ordering of answer
options. Positional bias, where models may disproportionately favor options presented in certain
positions, has been documented, and techniques such as majority voting over multiple reordered
presentations have been developed to mitigate these biases [16, 17]. These ensemble methods not
only help in refining the final answer but also improve reliability by confirming that the chosen
answer is robust across different prompt formulations [18, 19]. They further underscore the
necessity of continuous refinements in prompting and calibration to ensure that LLMs’ performance
is both optimal and ethically reliable for high-stakes decision-making [20, 21].

Research on LLMs in Low-Resource Languages. \While breakthroughs in LLM performance
have predominantly emerged from high-resource language contexts, there is a growing recognition
that these models must be extended to accommodate low-resource languages. Kazakh, a language
characterized by agglutinative morphology, vowel harmony, and complex syntactic structures,
epitomizes the challenges encountered in this area [22]. Existing multilingual LLMs, although
designed to handle several languages simultaneously, often exhibit diminished performance when
processing Kazakh due to limited training data and tokenization schemes optimized for Indo-
European languages [23].

Recent efforts have sought to address these challenges by developing culturally and
linguistically tailored benchmarks such as the KazMMLU dataset. This benchmark comprises
thousands of multiple-choice questions designed specifically to assess competencies in Kazakh and
Russian, thereby reflecting the bilingual nature of the region’s educational system [23]. Evaluations
using KazMMLU have revealed that while proprietary models like GPT-40 and DeepSeek V3
perform robustly on Russian test items—often achieving accuracies well above 75%—their
performance on Kazakh items lags significantly, highlighting a critical imbalance in model efficacy
across languages [22, 23].

The performance gap is not solely a function of data scarcity but also arises from the inherent
linguistic complexities present in Kazakh. Standard subword segmentation techniques, which work
effectively for languages with relatively simple morphology, struggle to capture the nuances of
Kazakh grammar and syntax, resulting in poorer understanding and lower quality outputs [5, 24].
Moreover, research has indicated that prompts written in English often lead to higher accuracy than
those written entirely in Kazakh, suggesting that current models are biased toward high-resource
language representations that were more abundantly available during training [21, 22]. To mitigate
these limitations, research in transfer learning from closely related languages such as Russian and
specialized prompt engineering techniques is being explored, though these measures have only
partially closed the performance gap [11].

Furthermore, the evaluation benchmarks developed so far for low-resource languages have
primarily focused on narrow NLP tasks such as sentiment analysis or named entity recognition,
with limited attention to the comprehensive reasoning abilities required in educational assessments
[22, 24]. This gap underscores the necessity for developing comprehensive datasets and evaluation
protocols that not only assess factual recall but also complex problem-solving and critical thinking
in the context of educational measurement for languages like Kazakh [23].

Challenges Related to Fairness, Validity, and Reliability in AIl-Driven Educational
Assessment. A significant area of concern in the deployment of LLMs in educational assessment
relates directly to the issues of fairness, validity, and reliability. These concerns are particularly
acute when the training data for LLMs is derived from sources that may not represent the full
diversity of student populations, potentially leading to biased outcomes that disadvantage
underrepresented groups [25]. The opaqueness that characterizes many deep learning models makes
it challenging to diagnose the specific sources of bias, which can range from demographic
inequities to cultural misinterpretations, consequently affecting the fairness and reliability of
automated scoring processes [26, 27].
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Fairness concerns are not limited to demographic biases but extend to the methodological
biases that occur in automated scoring systems. Frequently, these systems rely on proxy measures
such as essay length, vocabulary complexity, or punctuation frequency, which might correlate with
writing proficiency in a biased manner [8, 10]. Such methods often fail to capture more abstract
elements of quality, including critical thinking, creativity, and coherence, thereby potentially
reducing construct validity in high-stakes exams [9, 11]. These challenges are compounded when
high-stakes decisions such as licensure or university admissions are based on scores generated by
Al systems, where even small biases can have disproportionate impacts on individual educational
trajectories [8].

Reliability also emerges as a critical challenge due to the “black-box” nature of many LLM
architectures. The uncertainty inherent in deep neural network algorithms raises questions about the
consistency of scores produced by Al systems over time. Various studies have attempted to address
this by using ensemble methods, such as majority voting or calibration techniques, to ensure that
LLM outputs remain stable across multiple runs and different prompt formulations [11, 16].
Although such techniques can improve the overall reproducibility of the results, concerns persist
regarding the interpretability of the decision-making processes used by these models [12, 21].

Moreover, academic integrity issues further complicate the adoption of LLM-based
assessments. The ease with which students can leverage LLMs to generate entire responses or
essays—sometimes without proper attribution—has sparked debate regarding whether such
practices constitute plagiarism or represent a legitimate aid in learning [23, 25]. These issues
necessitate a balanced approach wherein the benefits of rapid, automated feedback are weighed
against the risk of undermining authentic learning and critical thinking skills [8]. Finally, ongoing
interdisciplinary collaborations are required to develop robust ethical frameworks and standardized
guidelines that ensure transparent, fair, and reliable use of LLMs in educational assessment [26, 28].

Gaps in the Literature and Justification for Investigating LLM Performance in Kazakh
Language Testing (UNT). Despite significant progress in applying LLMs to educational
assessments in high-resource language settings, several critical gaps justify a closer investigation of
model performance for low-resource languages such as Kazakh, especially in the context of the
Unified National Testing (UNT) system. First, while numerous studies have detailed the impressive
achievements of models like GPT-4 in handling MCQ tasks and adaptive testing in English, there is
a marked paucity of research addressing the performance of these systems in languages that exhibit
complex morphological features and limited digital resources [23].

Benchmark evaluations such as those based on the KazMMLU dataset have provided early
insights into this gap. These evaluations demonstrate that while proprietary models (e.g., GPT-4o,
DeepSeek V3) achieve commendable performance in Russian—a language for which relatively
abundant training data exist—their accuracies drop significantly when processing Kazakh test items
[23]. Furthermore, studies have indicated that English-language prompts lead to superior
performance relative to Kazakh prompts, suggesting that the underlying training paradigms and
tokenization methods are not sufficiently optimized for languages with complex agglutinative
morphology [22]. Such disparities highlight the urgent need for dedicated research on prompt
engineering, data curation, and model adaptation that better capture the linguistic nuances of
Kazakh [5, 24].

Another notable gap is the lack of research on the longitudinal impacts of integrating LLM-
driven assessments in low-resource settings. Although many studies have focused on short-term
performance metrics, the long-term educational outcomes—such as changes in student learning
trajectories, retention of critical thinking skills, and overall academic growth—remain poorly
understood, particularly in the context of culturally-specific and linguistically diverse environments
like Kazakhstan [5,11]. There is also minimal insight into how LLM-driven scoring systems interact
with locally defined educational standards and curricula, an issue that becomes critical when
assessments are used for high-stakes decisions such as university admissions and licensure [23].
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Moreover, existing benchmarks for low-resource languages are often limited to basic NLP
tasks such as sentiment analysis or named entity recognition, without addressing the comprehensive
reasoning and domain-specific knowledge required for educational assessments [22, 24]. The
current literature thus falls short of providing a complete picture of LLM performance on intricate
tasks such as MCQ answering, essay grading, and cognitive diagnostics in a low-resource language
context [21, 22]. This situation is exacerbated by the lack of culturally relevant training data and
evaluation protocols that reflect the authentic educational experiences of Kazakh-speaking students
[23].

The need for comprehensive, bilingual benchmarks that cover a wide range of subjects—from
STEM to social sciences—is therefore imperative. Such benchmarks would not only enable a
detailed assessment of LLM performance but also inform the development of tailored model
architectures and fine-tuning strategies that bridge the performance gap between high- and low-
resource languages [23]. Importantly, these efforts should also address issues of fairness and
reliability by incorporating mechanisms for differential item functioning analysis and cross-cultural
validation [26, 28]. Ultimately, investigating LLM performance on Kazakh language testing is not
merely a technical challenge but also an ethical imperative to ensure that the benefits of Al-driven
assessments are distributed equitably across diverse linguistic communities [23].

In summary, the integration of Al and large language models into educational assessment
systems marks a transformative shift in how learning is measured and evaluated. LLMs have
demonstrated exceptional prowess in generating content, calibrating adaptive tests, and scoring
high-stakes examinations with performance metrics that are increasingly competitive with those of
human experts [4, 7]. However, while high-resource language contexts have benefited immensely
from these advancements, significant disparities persist when these systems are applied to low-
resource languages, particularly Kazakh.

The literature reviewed here underscores not only the remarkable progress that has been
achieved with MCQ answering and adaptive testing in high-stakes examinations but also identifies
critical shortcomings in model performance, especially in handling complex morphological nuances
and culturally specific content [22, 23]. Moreover, concerns regarding fairness, validity, and
reliability in automated assessment systems remain paramount, necessitating continued research
into ethical frameworks, prompt engineering, and culturally tailored data curation [26, 28].

Materials and methods

In UNT, the Kazakh Language component consists of 40 MCQs designed to assess reading
comprehension, grammar, vocabulary, and linguistic reasoning across multiple subdomains. The
methodology encompasses data preparation, model selection, experimental design, and evaluation
procedures to address the research questions on LLMs’ ability to handle low-resource language
assessments, with a focus on improving preparation for the UNT in Kazakhstan’s educational
context. All LLMs relied on internal reasoning via prompt engineering, with no access to online
searches or external corpora, ensuring that their performance reflected inherent model capabilities
rather than external retrieval.

To construct the evaluation dataset, we collected 138 UNT Kazakh Language MCQs from the
2024 test cycle, originally presented in Kazakh. These questions were used in their original
language to ensure fidelity to the source material and to assess the multilingual and low-resource
language capabilities of the selected LLMs. This approach avoided potential distortions from
translation and allowed for a more authentic evaluation of model performance in a real-world
national testing setting. Due to confidentiality constraints, sample questions are not included here,
but representative UNT Kazakh language test items are available from the National Test Center
(2024) [29].
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Figure 1 - Descriptive Statistics of the UNT Kazakh Language Dataset

Questions were categorized into three difficulty levels—A (easy), B (moderate), and C
(hard)—Dbased on historical UNT performance data, expert judgment, and expected percent-correct
thresholds (Figure 1a). The dataset contained 81 level A questions, 34 level B questions, and 23
level C questions. This distribution ensured a balanced representation across difficulty levels and
aligned with national testing standards. The distribution of correct answers was relatively balanced
across alternatives, indicating no systematic bias in item construction (Figure 1b).

The dataset further covered a wide range of linguistic domains, distributed across 22 topics.
The most represented topics included punctuation (n = 22), main and secondary sentence parts (n =
18), synonyms, antonyms, and homonyms (n = 10), orthography of compound and hyphenated
words (n = 9), and assimilation rules (n = 9). Less frequent but still relevant categories included
verb forms (n = 6), sentence phrases (n = 5), adjectives, interjections, and nouns (n = 4 each), with
specialized categories such as archaic words, neologisms, and professional terms represented by one
item each. This broad coverage ensured that the dataset reflected the curricular diversity of the
Kazakh language test.

Five state-of-the-art LLMs were selected for evaluation based on their multilingual
performance, reasoning capabilities, and accessibility through the OpenRouter platform. The
models represent a diverse set of providers and architectures. Gemini 2.5 Pro Preview (Google)
offers a million-token context window and is particularly strong in mathematical reasoning. Qwen
(Alibaba) uses a Mixture of Experts architecture with 235 billion parameters in total, of which 22
billion are active during inference. Deepseek R1 (DeepSeek) is specialized in technical reasoning
tasks, while Claude 3.7 Sonnet (Anthropic) emphasizes high performance in natural language
proficiency. Finally, Llama 3.1-405B-Instruct (Meta Al) represents an open-source, large-scale
model suitable for broad research applications. For performance evaluation, each LLM was
provided with a standardized prompt directing it to select the single best answer to a UNT multiple-
choice question (e.g., “Answer: C”). The evaluation was conducted in a zero-shot setting, ensuring
that the models had no prior exposure to the test items. Each prompt contained the full question text
and four answer choices, with explicit instructions for the model to reply using only the
corresponding letter (A, B, C, or D). Model outputs were processed using regular expressions to
extract the selected letter, with non-standard responses resolved by interpreting the first character or
marking them as invalid.

To analyze model performance, we applied a combination of nonparametric and regression-
based statistical techniques suitable for binary outcomes. Cochran’s Q test was used to evaluate
whether accuracy differences across the five LLMs were statistically significant when answering
the same set of questions. For pairwise comparisons, McNemar’s tests with Bonferroni correction
were conducted to identify which models differed significantly from each other. In addition, a
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Generalized Estimating Equations (GEE) logistic regression model with an exchangeable
correlation structure was employed to account for within-question clustering and to estimate the
relative performance of each model compared to a baseline. Together, these methods provided both
omnibus and pairwise insights into LLM performance, while controlling for dependence across
repeated measures on the same test items.

Results and discussion

Figure 2 presents the overall accuracy of the five evaluated LLMs on the UNT Kazakh
Language dataset. Gemini achieved the highest score, correctly answering 90.6% of the questions,
which indicates near-human level performance in this low-resource language setting. Claude
followed with 61.6%, demonstrating moderate proficiency but with noticeable gaps compared to
Gemini. Deepseek and Qwen performed similarly, with accuracies of 53.6% and 49.3%,
respectively, reflecting only partial capability in handling the linguistic and reasoning demands of
the assessment. Llama obtained the lowest score at 37.7%, suggesting that even large-scale open-
source architectures may struggle without targeted optimization for low-resource languages. These
differences highlight both the potential and the limitations of current LLMSs in supporting high-
stakes national testing contexts.
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Figure 2 - Performance of LLM’s on Kazakh language test in UNT

Figure 3 illustrates model accuracy across different difficulty levels. Gemini consistently
achieved the highest accuracy, maintaining strong performance on easy (91.4%) and moderate
(91.2%) items, with only a slight decline on hard items (87.0%). Claude displayed a different trend,
performing moderately on easy questions (58.0%) but improving with increasing difficulty,
reaching 69.6% on the hardest items. Deepseek followed a similar pattern, starting lower on easy
items (51.9%) but showing its best performance on difficult questions (73.9%). Qwen demonstrated
relatively stable results, hovering around 43-50% on easy and moderate items before a marked
increase to 69.6% on hard items. Llama, in contrast, showed weaker performance overall, with
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accuracy declining from 42.0% on easy items to 29.4% on moderate items, before partially
recovering to 34.8% on hard items. These results suggest that while Gemini excels across all levels,
other models—particularly Claude, Deepseek, and Qwen—may be more resilient on challenging
items than on simpler ones, highlighting distinct strengths in handling complex linguistic reasoning.
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Figure 3 - Accuracy of LLMs on the Kazakh language test by difficulty level
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The statistical analysis revealed substantial variation in LLM performance across the 138 UNT
Kazakh language questions. Cochran’s Q test confirmed that the models’ accuracies were not equal
(Q = 108.30, df = 4, p <.001), highlighting meaningful differences in their ability to handle low-
resource language items. Post-hoc McNemar tests with Bonferroni correction showed that Gemini
consistently outperformed Claude, Deepseek, Llama, and Qwen in pairwise comparisons, while
some contrasts such as Claude vs Deepseek and Llama vs Qwen were not significant. The GEE
logistic regression reinforced these findings, with Gemini achieving significantly higher accuracy
than the baseline (B = 1.79, p < .001), corresponding to an estimated improvement of around 15-20
percentage points in correct responses. By contrast, Llama (p = -0.98, p < .001) and Qwen (p = -
0.50, p = .012) performed significantly worse, suggesting they struggled with the nuances of
Kazakh grammar and vocabulary. Deepseek showed a marginal trend toward lower performance (p
=.099), positioning it between Claude and the weaker-performing models.

Table 1 summarizes accuracy across major linguistic topics. Gemini consistently achieved
perfect accuracy across all categories, underscoring its strong coverage of Kazakh grammar,
vocabulary, and syntax. Claude also performed robustly, particularly on professional terms,
numerals, pronouns, and sentence-level constructions, though its accuracy was somewhat lower on
polysemous words and adjective-related items. Deepseek demonstrated uneven performance,
excelling on numerals and phrases but failing on pronouns and struggling with core grammatical
categories such as nouns and adjectives. Qwen showed mixed results, performing well on
compound sentences and pronouns but less consistently on other areas. Llama displayed the lowest
overall accuracy, with performance dropping sharply on complex and sentence-level tasks. These
findings highlight that while Gemini shows broad mastery, other models reveal topic-specific
strengths and weaknesses, which could guide targeted applications in exam preparation and
language learning.
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Table 1 - Accuracy of LLMs on Kazakh language test by topic area (%)

Topic (Simplified English) Claude | Deepseek | Gemini | Llama | Qwen
Professional / taboo terms 100.0 100.0 100.0 100.0 [ 100.0
Numerals and their functions 100.0 100.0 100.0 33.3 66.7
Pronouns and their functions 100.0 0.0 100.0 100.0 [ 100.0
Polysemous words (multiple meanings) 85.7 57.1 100.0 57.1 42.9
Complex sentences (subordinate clauses) 83.3 66.7 100.0 16.7 66.7
Phrases (noun and verb phrases) 80.0 80.0 100.0 80.0 40.0
Compound sentences (coordination) 75.0 50.0 100.0 37.5 75.0
Interjections and mimetic words 75.0 50.0 100.0 25.0 25.0
Nouns and their functions 75.0 25.0 100.0 50.0 50.0
Adjectives and degrees of comparison 75.0 0.0 100.0 25.0 50.0

From a practical perspective, Gemini’s relative advantage translates into a substantially higher
likelihood of selecting the correct option on UNT-style items, which could make it a more reliable
tool for educational support in Kazakhstan’s context. Meanwhile, the weaker performance of Llama
and Qwen emphasizes the limitations of even large-scale models when applied to low-resource
languages without fine-tuning. These findings illustrate both the promise and the current gaps of
LLMs for national language assessments: while state-of-the-art models like Gemini can approach
usable levels of performance, significant disparities remain, reinforcing the need for targeted
adaptation and training on Kazakh data to ensure fairness and effectiveness in real-world
applications.

Conclusion

The evaluation of five state-of-the-art LLMs on the UNT Kazakh language MCQs reveals
significant disparities in their performance, with Gemini demonstrating near-human accuracy
(90.6%) and robustness across difficulty levels and linguistic topics, while models like Llama and
Qwen struggled, particularly without targeted optimization for Kazakh’s complex morphology.
These findings underscore the promise of LLMs in supporting scalable, efficient educational
assessments for low-resource languages but highlight critical limitations in fairness, validity, and
reliability. To ensure equitable application in high-stakes contexts like the UNT, future work should
focus on fine-tuning models with Kazakh-specific datasets, developing culturally tailored
benchmarks, and addressing biases through advanced prompt engineering and ethical frameworks.
Such efforts are essential to bridge performance gaps and enhance the role of Al in Kazakhstan’s
educational landscape.
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Baizhanov N., Sabyrov A., Makhmutova A., Kadyrov S.

IPI TIJI MOJEJIBJEPIHIH KA3AK TIJITHIH BIJIIM JEHTENWTH
BAFAJIAVJAFBI PO.II

Bbyn 3eprrey Kazakcrangarel ¥nTThiK OipbinFail TecTuiey (¥BT) KOHTEKCTIHAE Ka3aK TiLIiH MEHIrepyi
Oaranaymarsl ipi Ti1 Mogenbaepiniy (LLM) enimainirin 6aramaiiner. Herisri makcat — Oec 3amanHayn LLM-
HiH: Gemini 2.5 Pro Preview, Claude 3.7 Sonnet, Deepseek R1, Qwen sxone Llama 3.1-405B-Instruct —
2024 xbinrbl BY T kazak Tijai TecTiHeH ayibiHFaH 138 TaHmaylibl CyparbIHIAFbl JQJIITIH, KATSIIKTEP CUIIAThIH
JKOHE TICUXOMETPHSUIBIK CHUIATTaMajiapblH 3epTTey. OJICTeMEre ChIPTKbI JEPEKTepre KOJ IKETKI3yCi3,
CTaHJApTTAJIFaH HYCKayJap HETi31HAC HOIIIK OKBITY peXUMIHIET1 Oaramayapl, coHnai-ak Koxpan Q TecTi,
MakxHemap TtecTTepi koHE MOJACIBACPAIH KYPACIUIK JEHIreWaepi MEH JIMHIBHUCTUKAJBIK TaKbIPBIIITAP
OolibIHIIA OHIMIUTIH Taljay VIIIH JKanneianfaH Oaranay TteHzaeynepiMmeH (GEE) normctukanmbik
perpeccHusiHbl Koca ajfaHaFbl CTATUCTHKANBIK Tamaay Kipai. Hotwkenep Gemini-IiH €H KOFapbl TONJIIKKE
(90,6%) Kox >KETKI3reHIH )oHe 0acKa MOJICIbACPCH alTapIbIKTal KOFaphl Kepcerei, air Llama eH TemMeHTi
HoTHXKE KopceTTi (37,7%). OHIMALTIK KYpIAETiTiK TIeH TaKbIPhIIKa OalIaHbICTBI ©3Tepill OTHIPABI, OYJI peTTe
Gemini 0apibIK caHaTTapa 0achIMIBUIBIK TAHBITTHI, all 0acka MOJICTbJEP KYPAESTi JIMHTBUCTHKAIBIK OWIay
CUSAKTBI HAKTHI OCNTiii Oip cajamapia e3[epiHiH MBIKTHI JKaKTapblH KOpCETTi. 3epTTey Ka3akK Tili CHIKTHI
pecypcrapsl IIeKkTeysi Tingepae Oimimai Oaramay ymiiH LLM -HiH oneyeTiH aram KepceTeii, anaija
MOJICIBICP/Il OHTAMIAHABIPYIAFbl, SAUIMIK MEH CEHIMIUTIKTETi OJIKBUIBIKTAPIbl aHBIKTAMIbI, OYJI MOJCHU
OeliMeIreH JepeKTep/1i MaKcaTThl TYP/IC HAKThUIAY bl )KOHE Malilanany bl Tajlam eTe/li.

Tyiiin ce3aep: Ipi Tin moxenbnepi, binim Oepy Oaramaysl, Kazak Ttini, BipeiHrail yITTBIK TecTiney,
[Menarorukansik eiiiey, XKacaHabl HHTCUICKT.
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POJIb KPYITHBIX SI3bIKOBBIX MOJIEJIEM B OLIEHKE BJIAJIEHUSI
KA3AXCKHUM A3BIKOM

JlaHHOE wuCclenoBaHUE OIEHUBACT IMPOU3BOJUTEIHLHOCTh KPYIHBIX S3BIKOBBIX Mojenedr (LLM) B
OIICHKE BJIAICHHUS Ka3aXCKUM S3bIKOM B KOHTEeKCTe EmmHoro nHammonampHoro TectupoBanms (EHT) B
Kazaxcrane. OCHOBHas LeJIb — U3yYUTh TOYHOCTD, XapaKTep OLIMOOK U ICHXOMETPHUYECKHE XapaKTEPUCTUKU
Aty coBpeMeHHbIX LLM: Gemini 2.5 Pro Preview, Claude 3.7 Sonnet, Deepseek R1, Qwen u Llama 3.1-
405B-Instruct — Ha 138 Bompocax ¢ MHOXecTBeHHBIM BhIOOpoM (MCQ) u3 Tecta mo kazaxckomy si3piky EHT
2024 rtoma. MeTomonorus BKIIOYANa OIECHKY B pEXHME HYJIEBOTO OOy4YeHHS C WCIOIb30BAHUEM
CTaHAAPTU3UPOBAHHBIX MOJCKA30K 0e3 JOCTyna K BHEIIHMM JaHHBIM, a TaKKe CTATUCTUYECKUH aHaJu3,
Biumrodas tect Koxpana Q, tectst MakHemapa u 1orucTniaeckyro perpeccuto ¢ 00001 eHHBIMA OTICHOYHBIMH
ypaBaenusimu (GEE) gams anamms3a TpPOM3BOAWTENHHOCTH MOJEIEH 10 YPOBHSIM CJIOXHOCTH H
JIMHTBUCTUYECKUM TeMaM. Pe3ynbTaThl mokasbIBaroT, uro Gemini gocturia HauBbiciied Tounoctu (90,6%),
3HAYUTENILHO IPEBOCXOIs JAPYrHe MoJelid, B TO BpeMs Kak Llama mokasana HauMEHBIIMHA pe3ylbTaT
(37,7%). Ilpon3BoANTENBHOCTh BapbUPOBANaCh B 3aBUCHMOCTH OT CIOXKHOCTH M TEMAaTUKU, NPU 3TOM
Gemini AeMOHCTpUpPOBaJia MPEBOCXOJCTBO BO BCEX KATEropusxX, a APYrHe MOJCIHU MOKa3blBAIN CHIIbHBIC
CTOPOHBI B criequduyeckux 00NacTiIX, TAKUX KaK CIOKHOE JTHMHIBUCTHYECKOE MBIIUIeHue. VccnenoBanue
nomuepkuBaeT moteHman LLM s oOpa3oBaTrenbHON OLEHKH B SI3BIKAX C OTPAHMYEHHBIMH PECypCami,
TaKWX KaK Ka3aXCKHW, HO BBIABISET MPOOENHl B ONTHMHU3ANNN MOJENEH, CIpaBeAIMBOCTH W HaJIeKHOCTH,
41O TpeOyeT LeIeHanpaBIeHHON qopabOTKY M NCTIONB30BaHMsI KyIbTYPHO aIallTHPOBAHHBIX JaHHBIX.

Karouessle ciioBa: Kpymnusie s3p1koBbie Mozeinu, O0pa3oBaTenbHas oneHka, Kasaxckuii s3b1k, Ennnoe
HaI[MOHAIbHOE TecTupoBanue, [legarornueckoe m3mepenue, VIcKyCcCTBEHHBII HHTEIIIEKT.
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