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Abstract

Evaluating large language models (LLMs)
across languages remains challenging, as most
multilingual benchmarks rely on translated
English datasets, often obscuring linguistic
and cultural specificity in the target lan-
guage. This issue is particularly pronounced
for less-resourced languages such as Kyr-
gyz, where reliable natively authored eval-
uation data are scarce. Building on previ-
ously introduced Kyrgyz-language evaluation
datasets, this work reports the first systematic
and large-scale evaluation of LLMs in Kyr-
gyz using the KyrgyzLLLM-Bench benchmark
suite. KyrgyzLLLM-Bench comprises two na-
tively authored datasets—KyrgyzMMLU and
KyrgyzRC—together with carefully translated
and manually post-edited versions of Wino-
Grande, HellaSwag, BoolQ, and Truthful QA.
We evaluate 26 open- and closed-source LLMs
under zero-shot and few-shot settings, analyz-
ing model performance, cross-lingual transfer,
and the impact of translation artifacts on evalu-
ation reliability.

1 Introduction

The rapid progress of large language models
(LLMs) has increased the need for robust and
diverse evaluation benchmarks. Suites such as
MMLU (Hendrycks et al., 2021) have become
a de facto standard for assessing reasoning and
knowledge capabilities. However, current evalua-
tions remain heavily skewed toward English (Wu
et al., 2025), leaving substantial gaps in our un-
derstanding of model performance across diverse
linguistic and cultural contexts.

To broaden multilingual evaluation, a number
of benchmarks have been developed, most com-
monly by machine-translating English datasets (Lai
et al., 2023). While pragmatic, this approach in-
troduces well-documented issues, including subtle
translation errors, unnatural phrasing, and “transla-
tionese” (Vanmassenhove et al., 2021). More criti-

cally, translation often removes cultural and contex-
tual grounding intrinsic to the source material—an
essential component of language understanding,
particularly in domains such as social sciences, his-
tory, and literature (Singh et al., 2025). For less-
resourced languages such as Kyrgyz, the lack of
high-quality, natively curated evaluation data con-
tinues to hinder both systematic research and the
development of reliable language technologies.

In this work, we report a systematic and
large-scale evaluation of LLMs in Kyrgyz us-
ing KyrgyzLLM-Bench, a multi-faceted bench-
mark suite based on previously introduced Kyrgyz-
language evaluation datasets. In contrast to eval-
uations relying solely on translated data, the core
components of KyrgyzI. LM-Bench are natively au-
thored in Kyrgyz, ensuring linguistic naturalness
and cultural relevance.

KyrgyzLLM-Bench comprises: (1) Kyr-
gyzMMLU, a large-scale multitask multiple-choice
question-answering benchmark with 7,977 items
written by curriculum experts and aligned with
the Kyrgyz national education registry, covering
subjects such as mathematics, physics, literature,
and history; (2) KyrgyzRC, a native reading-
comprehension dataset consisting of 400 questions
based on authentic Kyrgyz texts, requiring contex-
tual understanding and multi-sentence reasoning;
(3) translated benchmarks: manually post-edited
Kyrgyz versions of WinoGrande, HellaSwag,
BoolQ, and Truthful QA, ensuring linguistic fidelity
and cultural appropriateness. (4) mainstream
model evaluation: benchmarking a wide range of
frontier open- and closed-source LL.Ms on both
native and translated tasks under zero-shot and
few-shot settings, providing the first systematic
analysis of model performance on complex,
culturally grounded Kyrgyz tasks; (5) open access
toolkit: public release of all datasets, evaluation
code, and results.

Based on prior work on translated benchmarks



and cross-lingual evaluation, we put forward the
following hypotheses: (1) core reasoning and
question-answering capabilities partially transfer
from English to Kyrgyz, preserving relative model
rankings on structurally similar tasks such as BoolQ
and WinoGrande; (2) event-continuation bench-
marks that rely on plausibility judgments, such as
HellaSwag, are particularly sensitive to translation
artifacts, leading to plausibility shifts—changes in
perceived naturalness and coherence that affect per-
formance in the target language in an unpredictable
manner and likely lead to unreliable results.

More broadly, we aim to answer several guid-
ing questions: (i) how well modern LLMs per-
form on natively authored Kyrgyz-language tasks;
(i) to what extent cross-lingual performance rank-
ings transfer from English to Kyrgyz; (iii) how
in-context learning affects performance in a less-
resourced, morphologically rich Kyrgyz language;
and (iv) how translation artifacts could affect the
reliability of measurements.

In the remainder of the paper, we first review the
relevant prior research and describe the construc-
tion of KyrgyzLLM-Bench, then present extensive
evaluations of open-source and proprietary LLMs,
and finally discuss cross-lingual transfer, robust-
ness, and implications for low-resource evaluation.

2 Related Work

Large language models (LLMs) have achieved
strong performance on a wide range of natu-
ral language understanding and reasoning bench-
marks, including GLUE (Wang et al., 2018), Super-
GLUE (Wang et al., 2019), and MMLU (Hendrycks
et al., 2021), as well as commonsense reasoning
datasets such as WinoGrande (Sakaguchi et al.,
2020), HellaSwag (Zellers et al., 2019), and
GSM8K (Cobbe et al., 2021). However, these
benchmarks are primarily available in English and
other high-resource languages, with limited cover-
age for low-resource languages such as Kyrgyz. To
address this gap, multilingual benchmarks such
as XTREME (Siddhant et al., 2020) and FLO-
RES (Goyal et al., 2022) have been developed
to evaluate cross-lingual transfer across typolog-
ically diverse languages. Yet many low-resource
languages, particularly Central Asian and Turkic
languages such as Kyrgyz, remain excluded. One
practical approach to creating benchmarks for low-
resource languages is to translate existing English
datasets. For example, MMLU and COPA have

been translated into Latvian (Bakanovs, 2024), al-
though these translations often lack manual post-
editing and may introduce additional noise. The
OKAPI framework includes Kyrgyz via machine-
translated evaluations but does not validate them
with native speakers, leading to linguistic “noise”
as noted by Jumashev et al. (2025). In this study,
four widely used benchmarks—WinoGrande, Hel-
laSwag, BoolQ, and Truthful QA—are translated
into Kyrgyz and manually reviewed to ensure
cultural and linguistic appropriateness. In ad-
dition, the benchmark includes original Kyrgyz-
language tasks, including a localized MMLU and
reading comprehension tests based on official Kyr-
gyz school exams, whose construction and annota-
tion procedures are described in detail in this paper.
This approach is consistent with that of Dargis et al.
(2024), who used centralized Latvian high school
exams to evaluate LLM performance. Original ma-
terials offer high relevance and validity for evaluat-
ing real-world LLM performance in low-resource
language settings.

This study contributes to the growing body of
work on evaluating LLMs in underrepresented lan-
guages. By combining translated datasets with cul-
turally grounded, original benchmarks, this work
provides new insights into multilingual general-
ization and the capabilities of open-source LLMs
for Kyrgyz, a Turkic language spoken by approxi-
mately four million people (about 80% of the pop-
ulation) in the Kyrgyz Republic (Salmorbekova
et al., 2023). Linguistic research has explored vari-
ous facets of the Kyrgyz language; see, for exam-
ple, the overview by Alekseev and Turatali (2024).
However, despite increasing interest from Kyrgyz-
speaking communities and a growing number of
Kyrgyz language-related projects, both commer-
cial (Kan, 2024) and non-commercial (UNESCO-
IITE, 2022), there remains a notable lack of man-
ually annotated datasets for Kyrgyz language pro-
cessing tasks (Mirzakhalov et al., 2021; Veitsman
and Hartmann, 2025; Alekseev and Turatali, 2024).
This work aims to address this gap.

3 KyrgyzLLM-Bench Construction

The datasets used in this study were previously an-
nounced in a conference talk (Turatali et al., 2025).
In contrast to the brief introduction given in the
talk by Turatali et al. (2025), this paper provides
a detailed description of the datasets and reports
large-scale evaluation results that offer actionable



insights for the community.

3.1 Original benchmark: KyrgyzMMLU

KyrgyzMMLU is based on materials from the Gen-
eral Republican Testing (GRT), conducted in Kyr-
gyzstan since 2002. The GRT is administered by
the Center for Educational Assessment and Teach-
ing Methods (CEATM) in cooperation with the
Ministry of Education of the Kyrgyz Republic. The
test set was officially sourced from the Department
for Development of Education Quality under the
Ministry of Education and Science and comprises
9 school subjects taught from 6th to 11th grade,
as well as specialized categories such as Medicine.
The subject distribution is summarized in Table 1.
The GRT aims to ensure equal access to higher ed-
ucation through fair and independent testing. The
test assesses applicants’ ability to successfully con-
tinue their studies at a higher education institution
and is conducted in Kyrgyz and Russian. The as-
sessment targets reasoning skills and the applica-
tion of school knowledge.

Regarding test structure, the rejection of tests
focused entirely on school subjects was largely due
to structural challenges in Kyrgyzstani education.
While applicants nationwide must be measured us-
ing a single tool, teaching quality across the country
remains heterogeneous due to shortages of quali-
fied teachers (mainly in rural areas), lack of edu-
cational materials in many schools, and unequal
access to technical resources and mass media.

Obviously, applicants aspiring to higher educa-
tion start from different positions in terms of school-
acquired knowledge and skills. Given unequal liv-
ing and learning conditions, the GRT was designed
to mitigate these disparities. This was a strong ar-
gument for the chosen main test structure (i.e., the
test taken by all applicants).

The Kyrgyzstani GRT uses a multiple-choice
format with one correct option (Listing 1 shows
a sample question). The primary metric for Kyr-
gyzMMLU and KyrgyzRC is accuracy.

3.2 Original content benchmark: KyrgyzRC

KyrgyzRC is a natively authored reading-
comprehension dataset designed to evaluate
understanding and reasoning in Kyrgyz. It consists
of 400 manually curated multiple-choice questions
drawn from diverse sources, including Kyrgyz
Wikipedia, national news articles, literary excerpts,
and school-level math problems. Each item
consists of a 2-5 sentence passage followed by a

question and four answer options, with exactly one
correct answer (Listing 2).

The dataset was constructed in collaboration
with professional linguists and Kyrgyz language
educators to ensure linguistic accuracy and cultural
relevance. Each passage was written natively in
Kyrgyz, preserving natural flow and incorporat-
ing idiomatic expressions and culturally specific
references. The questions target a range of reading-
comprehension skills: (1) factual understanding—
identifying explicitly stated information; (2) infer-
ence—drawing logical conclusions from the text;
(3) vocabulary in context—interpreting word mean-
ing within context; (4) reasoning across sentences—
connecting ideas and resolving ambiguities.

KyrgyzRC adopts a multiple-choice format to en-
able automatic evaluation and consistent scoring,
mirroring standardized assessments used in Kyrgyz
education. The balance across encyclopedic, jour-
nalistic, literary, and mathematical genres supports
evaluation across varied linguistic registers and do-
mains. Each entry includes metadata for source
type and question type.

KyrgyzRC is, to our knowledge, the first publicly
available reading-comprehension benchmark de-
signed specifically for Kyrgyz. It addresses a key
gap in evaluating context-sensitive understanding
for a less-resourced language. KyrgyzRC is pub-
licly released and can serve both as a benchmark
and as a resource for developing and testing Kyrgyz
language models.

3.3 Translated benchmarks

To complement the natively authored datasets,
four widely used English benchmarks were trans-
lated into Kyrgyz. Specifically: (1) common-
sense reasoning—HellaSwag (Zellers et al., 2019),
which tests plausible sentence continuation, and
WinoGrande (Sakaguchi et al., 2020), which
tests pronoun resolution in context; (2) read-
ing comprehension—BoolQ (Clark et al., 2019),
which requires answering natural-language ques-
tions given a short context; (3) robustness and
factuality—T7ruthful QA (Lin et al., 2022), which
probes a model’s tendency to produce truthful an-
swers rather than repeat common misconceptions.
GSMS8K (Cobbe et al., 2021) was also translated
into Kyrgyz; however, it was excluded from this
study for the reasons described in Appendix B.
Collectively, this set provides a compact, high-
signal evaluation of core LLM understanding, rea-
soning, and robustness. All tasks also appear in the



Question: Jrepae
School subject #Q noyTa apkblayy akya
- XKMNBEPYYHYH Kbi3MaTbl
Mathematics 1,169 yqyu ubepunyyuy
P%IOI'Ogy(IgEIO; %’ggg cymmanbii 10% biH
Lysics (£ys) 2, Tenee kepek 60oco,
Chemistry (Chem) 1,205 aHga ACKF;p 600 comay
Kyrgyz Literature (Lit) 1,169 KMBEPYY Y4yH KaHua
Geography (Geog) 640 com Teneiit?
Kyrgyz History (Hist) 440 :
Kyrgyz Language (Lang) 360 .
I Options: (A) 6 (B) 10
Medicine (Med) 216
icine (Med) (B) 60 (I') 100 (1) 160

Text: Vnyy Kbipreis karangpirst - 9-keinsimaa Exuceii
KbIprbia MaMeKeTVHUH Ky4en TypraH Me3ruinHaeru
pacmuii atanbiwel. 840-xbinbl Yiiryp karaHabirbiH
Tankanan, Ynyy Keipreiz geenety OpxoHgoH Ybirbiw
Typkctanra, Casn-AnTaiigan Coip-Japbisira veiinnkn
alimakTapapl 33nereH. byn [oop Kbiprbi3 TapbixbiHAa
Kbiprbiz ynyy aepxasacol gen atanraH. Karangbik
924->kblnra YenH >KalaraH.

Question: Vnyy Kbiprbiz karangpbirs! Kaiicbl KblibiMaa
Ky4en TypraH?

Options: (A) 9-kbinbimaa. (B) 8-kbinbivaa. (B)
10-kbinbivga. (M) 7-keibimaa.

Table 1: School subjects in Kyr-

gyzMMLU. Listing 1: Sample
test task: “If the

post office takes 10%

Subject #Q of the total amount

Math 100 for a money transfer,

Kyrgyz Wikipedia 100 then how many extra
Kyrgyz News 100 soms will Askar pay

Kyrgyz Literature 100 to send 600 soms?”
Table 2: Subjects in KyrgyzRC. The correct answer is

(B) 60.

Original English:

He never comes to my home, but | always go to his
house because the _is smaller.

Options: (1) home (2) house

Translated Kyrgyz:

An meHuH yilyme 34 kadaH kenbeiit, bBupok meH ap
JaiibiM aHbIH TypaK >KaiibiHa Dapam, aHTkeHn
KNYNHEKEN.

Options: (1) yin (2) Typak xaii

Listing 3: A translated WinoGrande data point.

Lighteval tool and fall into its higher-level bench-
mark categories.! Listing 3 shows an example from
the translated WinoGrande benchmark.

For each dataset, the following quality-control
procedures were applied: (1) automatic translation:
source examples were first translated into Kyrgyz
by Claude 4 Sonnet and independently by Gem-
ini2.5 Flash; (2) ensemble validation: the two out-
puts were compared to identify lexical or semantic
divergences; (3) manual post-editing: Kyrgyz lin-
guists and domain experts reviewed all examples to
resolve ambiguities, preserve idiomatic usage, and
ensure cultural appropriateness; (4) quality assur-
ance: back-translation checks and spot-checks of
10% of entries confirmed fidelity to original mean-
ing.

The translation and validation were conducted
in an academic setting as part of a supervised uni-

'See Lighteval’s README: https://github.com/
huggingface/lighteval/blob/main/README.md

Listing 2: A reading comprehension task: “The Great
Kyrgyz Khaganate is the name of the Yenisei Kyrgyz
state during its height of power in the IX century. In
840, after defeating the Uyghur Khaganate, the Great
Kyrgyz state occupied territories from the Orkhon to
East Turkestan, and from the Sayan-Altai to the Syr
Darya. This era in Kyrgyz history is called the Kyrgyz
Great Power. The Khaganate existed until 924. Q: In
which century was the Great Kyrgyz Khaganate at
its peak?” ((A) 9-kbuiBIMIA, in the IX century).

versity course at the Department of Computational
Linguistics. A total of 19 students and 4 supervi-
sors/curators, all native Kyrgyz speakers, partic-
ipated in the process. The workflow followed a
peer-review structure: each instance was edited by
one student and independently verified by another,
with oversight from course instructors.

All participants were informed in advance about
the purpose of data preparation, the intended re-
search use of the datasets, and the goals of the
study. Participation was voluntary and took place
as part of the students’ regular practical training.
The tasks were aligned with the course learning ob-
jectives and the participants’ primary field of study.
In consultation with university representatives, it
was verified that course credit and practical expe-
rience constituted adequate compensation for the
time and effort required. No sensitive personal data
were collected.

4 Experimental Setup

We conducted two experimental setups. The first
evaluates 14 open-source models on the full bench-
mark, while the second uses a condensed subset
(KyrgyzLLM Tiny Bench) to evaluate 12 proprietary
models. We additionally evaluated the original
English benchmarks as a cross-lingual reference,
selecting 18 MMLU subjects analogous to those in
KyrgyzMMLU. ? All evaluations were conducted

%Selected:  college_biology, ..._chemistry, ..._math-
ematics, .._medicine, ..._physics, ..._mathematics,


https://github.com/huggingface/lighteval/blob/main/README.md
https://github.com/huggingface/lighteval/blob/main/README.md

MMLU
WinoGrande
BoolQ
HellaSwag
Truthful QA

Model Avg

Kyrgyzmmru
Kyrgyzrc
WinoGrande
BoolQ
HellaSwag
Truthful QA

Model Avg

Zero-shot evaluation

Zero-shot evaluation

Qwen2.5-0.5B-Instruct | 42.7 53.4 59.9 40.6 34.4|46.2
Qwen2.5-1.5B-Instruct | 58.6 589 75.8 50.8 38.9|56.6
Qwen2.5-3B-Instruct | 64.4 66.4 68.6 56.4 50.3|61.2
Qwen2.5-7B-Instruct | 71.5 67.1 82.5 62.0 56.2 | 67.9

Qwen3-0.6B 38.3 525 455 37.6 34.8|41.7
Qwen3-1.7B 56.0 583 303 46.1 37.6|45.7
Qwen3-4B 71.6 61.8 79.6 523 458|622
Qwen3-8B 759 648 851 57.1 454|657
Gemma-3-270m 209 49.6 0.0 25.0 24.1|239
Gemma-3-1b-it 33.8 55.6 714 434 315 (47.1
Gemma-3-4b-it 56.5 60.7 76.6 559 43.3|58.6

Llama-3.2-1B-Instruct | 45.6 58.4 69.4 45.7 353 |50.9
Llama-3.2-3B-Instruct | 58.2 64.3 72.6 533 42.6|582
Llama-3.1-8B-Instruct | 65.0 71.3 82.5 59.8 46.2 | 65.0

Few-shot evaluation (5-shot; 10-shot for HellaSwag)

Qwen2.5-0.5B-Instruct | 43.8 54.5 59.7 399 36.7 | 46.9
Qwen2.5-1.5B-Instruct | 59.2 60.7 78.9 50.3 42.6|58.3
Qwen2.5-3B-Instruct | 65.3 653 79.9 563 52.1|63.8
Qwen2.5-7B-Instruct | 74.2 70.4 854 63.2 57.2|70.1

Qwen3-0.6B 477 53.8 53.1 37.8 39.6 |46.4
Qwen3-1.7B 61.8 56.7 80.3 462 424 |57.5
Qwen3-4B 727 61.7 86.0 55.6 47.4|64.7
Qwen3-8B 77.6 669 87.6 58.1 48.3|67.7
Gemma-3-270m 209 49.6 0.0 250 28.3[248
Gemma-3-1b-it 36.9 53.1 709 423 37.4|48.1
Gemma-3-4b-it 56.2 63.1 [JOONN246) 48.8

Llama-3.2-1B-Instruct | 43.8 56.7 70.8 452 40.0 | 51.3
Llama-3.2-3B-Instruct | 58.6 64.2 78.3 532 47.0|60.3
Llama-3.1-8B-Instruct | 65.5 74.0 86.7 62.0 52.4 | 68.1

Table 3: Zero-shot and few-shot evaluation results
on English benchmarks (accuracy %). Colors show
gains/losses compared to the zero-shot case under this
revised averaging.

using Lighteval (Habib et al., 2023).

We use temperature = 0.6 and top-p = 0.9,
following baseline generation settings commonly
recommended in established LLM inference frame-
works (NVIDIA, 2025). These values reflect a
commonly used moderately stochastic decoding
regime that balances stability and diversity (Gao
et al., 2023; Hugging Face, 2024).

Open-source models. We evaluated 14
open-source models from Qwen (Bai et al.,
2023), Gemma (GemmaTeam et al., 2024), and
LLaMA (Grattafiori et al., 2024) families in zero-
shot and few-shot settings. Inference was per-
formed on rented NVIDIA RTX6000 Ada and
NVIDIA L40S GPUs.

high_school_biology, ..._chemistry, ..._computer_science,
..._european_history, ..._geography, ..._mathematics,
..._physics, ..._statistics, ..._us_history, ..._world_history,

prehistory, and professional _medicine.

Qwen2.5-0.5B-Instruct | 27.4 53.2 51.5 37.9 14.6 33.5|36.4
Qwen2.5-1.5B-Instruct [ 27.9 60.5 50.1 38.6 22.9 32.5|38.8
Qwen2.5-3B-Instruct  {28.6 66.0 50.5 59.4 22.0 34.2(43.4
Qwen2.5-7B-Instruct  |31.5 70.0 48.7 56.3 10.0 34.1|41.8

Qwen3-0.6B 26.0 61.8 49.8 38.0 11.1 29.9|36.1
Qwen3-1.7B 279 61.8 489 40.4 24.6 29.6|38.9
Qwen3-4B 30.3 68.2 49.0 38.3 24.5 32.9|40.5
Qwen3-8B 32.1 71.8 51.0 39.2 24.6 34.7|42.2
Gemma-3-270m 27.5 56.8 48.3 379 174 34.7|37.1
Gemma-3-1b-it 26.7 58.2 50.0 37.9 24.4 34.0|38.5
Gemma-3-4b-it 30.3 70.2 50.6 58.3 24.6 34.7|44.8

Llama-3.1-8B-Instruct |31.0 75.2 50.6 50.3 26.6 33.7|44.6
Llama-3.2-1B-Instruct |26.3 58.2 49.4 38.3 0.2 30.1|33.7
Llama-3.2-3B-Instruct |{27.8 64.2 49.1 43.1 24.5 31.5|40.0

Few-shot evaluation (5-shot; 10-shot for HellaSwag)

Qwen2.5-0.5B-Instruct | 25.4 54.0 49.7 61.0 25.9 33.4|41.6
Qwen2.5-1.5B-Instruct | 28.7 67.5 50.1 58.0 26.5 32.9(43.9
Qwen2.5-3B-Instruct | 34.0 73.2 51.3 57.4 23.7 34.4|45.7
Qwen2.5-7B-Instruct | 38.5 74.8 50.4 64.6 17.8 36.2|47.1

Qwen3-0.6B 26.8 59.5 50.1 60.1 26.4 30.0|42.2
Qwen3-1.7B 30.8 71.2 48.6 62.0 25.2 30.3|44.7
Qwen3-4B 38.5 77.2 48.1 74.0 24.7 32.5|49.2
Qwen3-8B 44.5 81.8 50.6 76.9 26.4 35.8|52.7
Gemma-3-270m 27.0 53.2 48.7 61.5 27.6 36.6|42.4
Gemma-3-1b-it 26.5 48.9 62.8 23.5 31.3|38.5
Gemma-3-4b-it 29.5 49.6 62.1 24.650.040.1

Llama-3.1-8B-Instruct |38.1 80.5 51.6 75.5 21.9 34.4|50.3
Llama-3.2-1B-Instruct | 26.1 45.8 49.7 62.0 25.8 30.3|40.0
Llama-3.2-3B-Instruct |29.4 64.8 48.9 62.3 25.3 32.9|43.9

Table 4: Combined zero- and few-shot evaluation on
Kyrgyz benchmarks (accuracy %). Cell colors indicate
few-shot gains or losses relative to zero-shot.

Few-shot evaluation used 5 examples for most
tasks. For HellaSwag, we use 10-shot prompt-
ing, following common practice in widely adopted
benchmarking frameworks and leaderboards.

Responses were parsed using a standard Lighte-
val regex to extract answers, and accuracy was
reported as the percentage of correct responses.
For open models, we additionally report parallel
English baselines in Table 3 as a cross-lingual refer-
ence. A detailed analysis is provided in Sections 5—
6.

Proprietary models. To assess state-of-the-art
closed-source model performance on Kyrgyz in a
cost-effective yet representative manner, we con-
ducted an evaluation using a condensed benchmark,
KyrgyzLLM Tiny Bench. It consists of 100 ran-
domly selected questions per subject from the orig-
inal suite, sampled with a fixed random seed for
reproducibility. Evaluated models include GPT-



5.1 and GPT-5 Mini (OpenAl); Claude 4.5 Sonnet
and Haiku (Anthropic); Gemini 2.5 Flash (Google);
Grok 4.1 Fast (xAl); Mistral Medium 3.1 and Large
(Mistral); DeepSeek V3.2 Exp; Qwen3-Max; Kimi
K2 Turbo; and GigaChat-2 Max. Results for Gem-
ini 2.5 Flash (marked *) were affected by safety-
related refusals; the reported scores should there-
fore be treated with caution. The in-context super-
vision strategy matched that used for open-source
models.

5 Evaluation Results

We report accuracy (%) and macro-averages (arith-
metic mean). Because tasks probe different LLM
capabilities, averages over all tasks should be inter-
preted as coarse summaries rather than definitive
diagnostic scores.

Open-source models. Table 4 shows consistent
within-family scaling, with larger instruction-tuned
models performing best. In few-shot Kyrgyz evalu-
ation, Qwen3-8B achieves the highest average accu-
racy (52.7The largest few-shot gains are observed
on BoolQ (Qwen3-8B: 39.2—76.9). English base-
lines (Table 3) show Qwen2.5-7B-Instruct leading
both zero-shot (67.9%) and few-shot (70.1%).

Proprietary models. Table 5 shows
Claude 4.5 Sonnet achieving the highest av-
erage accuracy in both zero-shot (74.82%) and
few-shot (77.06%). Performance is near ceiling
on reading comprehension, particularly RCy
(98-100% for several models), whereas science-
heavy KyrgyzMMLU subjects exhibit substantially
higher variance, suggesting that out-of-context
factual and numerical reasoning in Kyrgyz remains
more challenging than extracting answers from a
given passage. Few-shot prompting often improves
results, but gains are model- and task-dependent.

Scaling and few-shot effects. Few-shot effects
differ between open-source and proprietary models.
For open-source models, in-context demonstrations
yield clear gains on KyrgyzRC and BoolQ, more
moderate improvements on KyrgyzMMLU, and lim-
ited gains on HellaSwag (Table 4). In contrast,
proprietary models exhibit less consistent few-shot
behavior: BoolQ accuracy often stagnates or de-
creases relative to zero-shot performance, while
gains on KyrgyzRC are typically small due to al-
ready high zero-shot accuracy (Table 5).

Cross-lingual consistency. Model rankings in
English and Kyrgyz are broadly preserved on Wino-
Grande/BoolQ, and (to a lesser extent) on MMLU,

indicating partial transferability of core reasoning
and comprehension capabilities across languages.
In contrast, HellaSwag exhibits the largest perfor-
mance gap between English and Kyrgyz. This pat-
tern is consistent with the plausibility-shift hypoth-
esis, which posits that translation-induced changes
in discourse flow and event continuity dispropor-
tionately affect event-completion tasks.

6 Discussion

Scaling trends. Across both Kyrgyz and English
evaluations, performance consistently improves as
model capacity increases within the same architec-
tural family. Higher-capacity and more extensively
instruction-tuned variants outperform smaller coun-
terparts across most subject areas. These trends
align with established scaling behaviors in multi-
lingual benchmarks, indicating that model capacity
and training quality remain key drivers even for
less-resourced languages such as Kyrgyz.

Effect of in-context learning (ICL). Few-shot
prompting often improves results on KyrgyzRC and
BoolQ for certain model families, where contextual
examples aid comprehension and answer selection.
Observed gains of approximately +5—410 points
suggest that these datasets are suitable for assessing
in-context adaptation. In contrast, KyrgyzMMLU
shows more modest benefits. Chain-of-thought
prompting may further improve results but remains
outside the scope of this study.

However, our results indicate that the effects of
few-shot prompting are not uniform across tasks or
models. Few-shot benefits are strongly model- and
task-dependent. Using the Lighteval framework
with Kyrgyz-translated prompts, few-shot prompt-
ing occasionally reduces accuracy, suggesting that
ICL effects in translated-prompt scenarios are more
variable than often expected. In particular, open-
source models show substantial improvements on
KyrgyzRC and BoolQ under in-context learning,
whereas proprietary models—already strong in
zero-shot settings—exhibit limited or even negative
gains, especially on BoolQ. For reading compre-
hension, performance saturation limits observable
few-shot improvements among closed models.

The pronounced degradation on HellaSwag pro-
vides empirical support for the plausibility-shift
hypothesis and underscores the limitations of di-
rectly translating event-continuation benchmarks
for less-resourced languages.

The evaluation pipeline, scoring rules, and an-



MMLU RC Total

Model Bio Chem Geog Hist Lang Lit Math Med Phys| Avg | Lit Math News Wiki | Avg | BoolQ Hella TQA Wino | avg
Zero-shot evaluation
GigaChat-2-Max 640 60.0 60.0 700 550 43.0 49.0 640 51.057.33]89.0 660 87.0 99.0 |8525| 83.0 48.0 44.0 48.0 |63.76
Claude 4.5 Haiku 53.0 61.0 520 69.0 71.0 36.0 54.0 60.0 76.0|59.11]92.0 88.0 860 98.0 [91.00| 87.0 0.0 61.0 48.0 |64.06
Claude 4.5 Sonnet | 61.0 69.0 57.0 81.0 820 49.0 530 720 77.0|66.78|93.0 98.0 89.0 99.0 |94.75| 950 77.0 69.0 51.0 |74.82
DeepSeek V3.2 Exp | 60.0 650 63.0 83.0 71.0 43.0 53.0 61.0 77.0 | 64.00 |94.0 84.0 84.0 98.0 |90.00| 84.0 56.0 66.0 56.0 |70.47
Gemini 2.5 Flash * | 43.0 42.0 450 57.0 850 31.0 500 43.0 54.0|50.00|96.0 81.0 820 950 |8.50| 79.0 340 4.0 49.0 |57.06
GPT-5 Mini 50.0 39.0 61.0 70.0 55.0 38.0 43.0 53.0 42.0|50.11|88.0 660 840 950 [83.25| 8.0 59.0 62.0 49.0 |61.35
GPT-5.1 62.0 540 67.0 820 77.0 46.0 37.0 63.0 48.0 5956|940 850 89.0 98.0 |91.50| 8.0 79.0 68.0 550 [70.12
Grok 4.1 Fast 43.0 50.0 64.0 67.0 44.0 41.0 32.0 56.0 40.0 |48.56(92.0 640 87.0 100 |[8575| 86.0 59.0 48.0 56.0 |60.53
Kimi k2 Turbo 58.0 540 630 71.0 70.0 40.0 420 58.0 550(56.78]94.0 70.0 89.0 99.0 |88.00| 86.0 59.0 50.0 58.0 |65.70
Mistral Large 60.0 650 63.0 78.0 63.0 38.0 50.0 620 74.0 6144|940 81.0 89.0 98.0 [90.50| 86.0 64.0 56.0 52.0 |68.94
Mistral Medium 3.1 | 46.0 54.0 640 67.0 47.0 450 41.0 63.0 550 |53.56|940 680 88.0 98.0 |87.00| 76.0 56.0 50.0 500 |62.47
Qwen3-Max 570 63.0 61.0 720 72.0 46.0 49.0 59.0 57.0 |59.56|92.0 850 83.0 99.0 [91.00| 90.0 66.0 650 53.0 |69.06
Few-shot evaluation

GigaChat-2-Max 650 57.0 650 77.0 72.0 440 46.0 640 47.0|59.67|89.0 650 89.0 94.0 |84.25 450 36.0 500 |63.82
Claude 4.5 Haiku 650 620 63.0 750 78.0 37.0 53.0 550 74.0|6244|67.0 86.0 72.0 57.0 |70.50 62.0 740 50.0 |62.59
Claude 4.5 Sonnet | 63.0 68.0 680 84.0 840 51.0 530 70.0 76.0 | 68.56|92.0 97.0 91.0 99.0 | 94.75 84.0 96.0 55.0 |77.06
DeepSeek V3.2 Exp | 63.0 62.0 640 820 61.0 470 49.0 540 550 |59.67|94.0 86.0 92.0 100.0|93.00 350 59.0 48.0 [61.01
Gemini 2.5 Flash * | 57.0 61.0 740 79.0 89.0 52.0 48.0 63.0 69.0 | 6578 |97.0 83.0 78.0 95.0 |89.50 38.0 21.0 47.0 |59.88
GPT-5 Mini 580 660 73.0 820 810 360 520 580 77.0|64.78|91.0 93.0 89.0 98.0 |92.75 450 260 48.0 |59.74
GPT-5.1 650 62.0 68.0 83.0 850 440 41.0 640 51.0|6256(93.0 840 90.0 98.0 [91.25 79.0 41.0 58.0 |68.84
Grok 4.1 Fast 51.0 520 670 71.0 56.0 41.0 360 580 500 |53.56|93.0 58.0 90.0 100.0|8525 50.0 67.0 53.0 |59.35
Kimi k2 Turbo 580 57.0 63.0 720 72.0 47.0 42.0 60.0 48.0 |57.67|96.0 68.0 92.0 100.0|89.00 70.0 79.0 51.0 |67.88
Mistral Large 61.0 560 69.0 840 75.0 41.0 41.0 68.0 56.0|6122[93.0 780 91.0 99.0 [90.25 350 53.0 57.0 |61.65
Mistral Medium 3.1 | 57.0 52.0 68.0 76.0 58.0 48.0 420 640 67.0|59.11|950 79.0 90.0 100.0|91.00 46.0 49.0 53.0 |62.29
Qwen3-Max 650 640 640 79.0 76.0 42.0 46.0 61.0 57.0|61.56|91.0 87.0 88.0 100.0|91.50 63.0 98.0 50.0 |70.82

Table 5: Zero-show and few-shot accuracy (%) on Kyrgyz-LLM Tiny Bench (100 sample subset). * Gemini 2.5
Flash scores were impacted by safety filter refusals.

Model Medicine  History Literature  Lang Biology Chemistry Math Physics Geography Average

YA A ZS A ZS A ZS A ZS A ZS A ZS A ZS A ZS A\ZS A
Qwen2.5-0.5B-Instruct 31.5 -2.3 339 -23 263 -24 272 -83 30.8 -2.8 20.7 +29 22.8 +1.4 26.1 -04 269 -38|274 -2.0
Qwen2.5-1.5B-Instruct 29.6 +3.7 359 -4.1 27.7 -0.1 294 -6.6 31.8 -14 205 +5.6 25.1 +4.8 26.6 +2.1 248 +3.2|279 +0.8
Qwen2.5-3B-Instruct  32.9 +6.0 36.8 +3.4 27.7 +3.2 267 +0.8 32.1 +4.2 23.0 +7.4 269 +5.3 26.5 +4.6 25.0 +10.5/28.6 +5.1
Qwen2.5-7B-Instruct 352 +4.6 40.7 +4.1 29.1 +1.7 253 +10.8 34.1 +5.6 26.0 +11.4 31.8 +6.4 30.3 +9.2 309 +9.4|31.5 +7.0
Qwen3-0.6B 282 +19 334 +0.0 27.1 +1.6 26.1 -3.3 304 -2.8 19.5 +5.3 214 +5.0 249 -1.2 23.1 +0.8/26.0 +0.8
Qwen3-1.7B 29.6 +1.0 364 -1.2 283 +33 253 -6.7 30.7 +5.6 22.1 +10.1 269 +4.0 257 +2.3 26.1 +7.5|27.9 +2.9
Qwen3-4B 287 +9.3 36.1 +4.8 28.0 +3.7 27.5 +0.3 32.8 +8.3 28.0 +17.2 32.1 +4.8 29.9 +13.4 29.5 +12.5/30.3 +8.2
Qwen3-8B 32.4 +10.2 42.5 +10.7 29.8 +3.2 289 +6.1 33.6 +15.3 27.4 +21.2 34.0 +6.8 28.8 +18.0 31.7 +19.7|32.1 +12.4
Gemma-3-270m 324 -74 316 -57 279 +12 347 +6.7 304 -1.0 193 +24 21.8 -0.2 248 -2.6 244 +2.0|275 -0.5
Gemma-3-1b-it 27.8 +09 343 -45 270 -1.1 30.8 +0.3 294 +0.7 21.7 +04 22.0 -2.1 241 +0.8 23.6 +2.3|26.7 -0.2
Gemma-3-4b-it 333 +5.6 398 +3.6 299 -1.2 294 +114 32,6 -54 233 -2.8 281 -9.1 283 -52 283 -44|303 -0.8
Llama-3.1-8B-Instruct 352 +1.8 43.9 +4.5 29.4 +0.9 25.0 +13.1 32.8 +10.5 249 +10.5 27.7 +4.7 27.2 459 32.5 +12.7|31.0 +7.1
Llama-3.2-1B-Instruct 26.9 +0.9 29.8 -4.1 27.8 +1.0 289 +0.0 30.8 -43 21.8 +1.4 22.0 +2.1 252 -1.6 234 +3.2(263 -0.2
Llama-3.2-3B-Instruct 27.3 +2.3 34.8 -2.1 27.8 -1.2 253 +42.8 29.6 +29 23.7 +2.8 26.7 +1.6 252 +1.3 29.5 +4.6/27.8 +1.6

Table 6: Zero-shot accuracy on KyrgyzMMLU (ZS, %); few-shot change (A = few-shot — zero-shot, % points).

Model Lit Math News Wiki Avg
YA A ZS A ZS A ZS A‘ZS A
Qwen2.5-0.5B-Instruct 67.0 +12.0 32.0 -3.0 440 0.0 70.0 -6.0/53.3 +0.7
Qwen2.5-1.5B-Instruct 77.0 +8.0 45.0 -7.0 48.0 422.0 72.0 +5.0/60.5 +7.0
Qwen2.5-3B-Instruct  79.0 +5.0 50.0 -6.0 60.0 +12.0 75.0 +18.0/66.0 +7.3
Qwen2.5-7B-Instruct  81.0 +5.0 55.0 -14.0 61.0 +15.0 83.0 +13.0/70.0 +4.8
Qwen3-0.6B 74.0 +2.0 50.0 -14.0 52.0 +5.0 71.0 -2.0/61.8 -2.3
Qwen3-1.7B 66.0 +13.0 53.0 -4.0 61.0 +11.0 67.0 +18.0/61.8 +9.5
Qwen3-4B 80.0 0.0 54.0 +2.0 63.0 +16.0 76.0 +18.0/68.3 +9.0
Qwen3-8B 80.0 +8.0 66.0 -3.0 66.0 +16.0 75.0 +19.0|71.8 +10.0
Gemma-3-270m 75.0 -10.0 28.0 -13.0 49.0 -2.0 75.0 +11.0|56.8 -3.5
Gemma-3-1b-it 79.0 43.0-19.0 45.01-22.0 66.0 +11.0|58.3-20.3
Gemma-3-4b-it 82.0 50.0[550:0 71.0 [571:0| 78.0 +22.0| 70.3 [=45:3|
Llama-3.1-8B-Instruct 82.0 +3.0 65.0 -7.0 75.0 +10.0 79.0 +15.0|75.3 +5.2
Llama-3.2-1B-Instruct 71.0[=25:0/39.0-15.0 53.0/-17.0 70.0 +7.0|58.3 -12.5
Llama-3.2-3B-Instruct 77.0 -5.0 45.0 0.0 62.0 -9.0 73.0 +16.0/64.3 +0.5

Table 7: Zero-shot accuracy on KyrgyzRC (ZS, %) and
few-shot change (A = few-shot — zero-shot, % points).

swer extraction procedures are identical in zero-
and few-shot settings; observed differences there-
fore arise from model outputs rather than from the
evaluation protocol.

Cross-lingual transfer and translation effects.

CComparing English and Kyrgyz results reveals
broadly preserved family-wise rankings on MMLU,
WinoGrande, and BoolQ, suggesting partial trans-
fer of core reasoning and comprehension capabili-
ties across languages. In contrast, HellaSwag dis-
plays a pronounced performance gap, with con-
sistently low accuracy in Kyrgyz compared to En-
glish. This gap is attributable to translation-induced
plausibility shifts—changes in colloquial flow, dis-
course markers, and event continuity that disrupt
completion naturalness. This supports the use of
natively authored event-continuation benchmarks
rather than literal translations.

Dataset quality and cultural alignment. The
native components of KyrgyzLLL.M-Bench, partic-
ularly KyrgyzMMLU and KyrgyzRC, show that
LLMs trained predominantly on non-Turkic cor-
pora exhibit partial transfer, but with accuracy sub-



stantially below English counterparts. This high-
lights both data scarcity and cultural-linguistic mis-
matches, as idioms, syntax, and referential forms
in Kyrgyz differ markedly from Indo-European pat-
terns. Consequently, even instruction-tuned mul-
tilingual models may misinterpret pragmatic cues
and culturally grounded reasoning. Expanding na-
tive Kyrgyz corpora and developing pretraining
data with balanced linguistic registers are essential
next steps.

Actionable recommendations. Based on our
analysis, we suggest the following improvements
for future KyrgyzLLLM-Bench releases and for prac-
tical use of multilingual LLMs on Kyrgyz-language
tasks: (1) enforce strict multiple-choice formatting
in prompts and robust parsing for answer extrac-
tion; (2) audit translated datasets (especially Hel-
laSwag) for cultural and plausibility alignment;
consider fully native Kyrgyz rewrites; (3) pro-
vide subject- and genre-level breakdowns for Kyr-
gyzMMLU and KyrgyzRC to reveal domain-specific
strengths and weaknesses; (4) explore chain-of-
thought prompting and rationale-based few-shot
examples to test higher-order reasoning; (5) con-
sider logit-based option scoring as a potential al-
ternative to text-based parsing in order to reduce
format sensitivity and improve replicability.

Overall, model scaling, instruction tuning, and,
in some cases, in-context learning contribute to
improved performance on Kyrgyz-language tasks,
yet the gap between English and Kyrgyz remains
substantial. This disparity reflects imbalances in
multilingual pretraining data and underscores the
need for more culturally grounded evaluation and
training resources.

7 Conclusion

We present a systematic evaluation of large lan-
guage models for Kyrgyz using KyrgyzLLM-Bench,
analyzing model performance under zero-shot and
few-shot settings and providing a detailed ac-
count of benchmark composition, construction,
and annotation. It consists of three components:
(i) KyrgyzMMLU, a large-scale multitask multiple-
choice dataset derived from the national curricu-
lum; (ii) KyrgyzRC, a native reading comprehen-
sion dataset built from authentic Kyrgyz texts
across encyclopedic, literary, journalistic, and
mathematical domains; (iii) a translated benchmark
set encompassing WinoGrande, HellaSwag, BoolQ,
and Truthful QA, enabling cross-lingual evaluation

of commonsense reasoning, comprehension, and
factual robustness. We evaluated 26 multilingual
open-source and proprietary LLMs under zero-
shot and few-shot conditions, revealing substantial
variability across tasks, subjects, and prompting
regimes. While modern instruction-tuned mod-
els demonstrate notable generalization capabilities,
their performance on natively authored Kyrgyz
tasks remains substantially below English base-
lines, highlighting persistent challenges in less-
resourced and morphologically rich languages.

Our analysis further shows that evaluation
methodology strongly influences measured out-
comes, particularly for benchmarks that rely on
translated prompts or culturally sensitive plausibil-
ity judgments. Tasks such as HellaSwag illustrate
the limitations of automatic multilingual bench-
marking and underscore the importance of natively
authored or carefully post-edited datasets for reli-
able and interpretable evaluation.

Across multiple tasks, we observe that few-shot
prompting can lead to unpredictable performance
changes, including accuracy drops relative to zero-
shot settings, especially for translated benchmarks
and for models already operating near saturation.
We hypothesize that this instability arises from a
combination of factors: prompt translation artifacts,
increased sensitivity to example ordering and sur-
face form in morphologically rich languages, and
interactions between in-context demonstrations and
instruction-tuning objectives that were predomi-
nantly optimized for English or other languages.
As a result, few-shot evaluation in low-resource
languages should not be assumed to be uniformly
beneficial and must be interpreted with caution, par-
ticularly when translated prompts or plausibility-
based tasks are involved.

KyrgyzLLM-Bench fills a critical gap in the eval-
uation of less-resourced languages by providing
culturally grounded benchmarks for Kyrgyz, an
underrepresented Turkic language, and enabling
systematic analysis of model behavior across na-
tive and translated tasks. We hope this work will
motivate broader inclusion of Kyrgyz in multilin-
gual benchmarks, support more equitable progress
in LLM development for Central Asian languages,
and improve the accessibility of Al technologies
across diverse linguistic communities. We release
datasets, evaluation code, and model results to fa-
cilitate future research and reproducibility.

We used OpenAl’s ChatGPT service to improve
the readability of selected parts of this paper.



Limitations

Several limitations of this study should be noted.

First, performance on translated event-
continuation benchmarks, most notably Kyrgyz
HellaSwag, likely underestimates attainable model
capability due to translation-induced plausibility
shifts. Changes in discourse flow, event sequenc-
ing, and colloquial coherence introduced during
translation can substantially alter task difficulty
and completion naturalness. As a result, low scores
on such benchmarks should not be interpreted
as definitive evidence of weak commonsense
reasoning in Kyrgyz. Future work will address
this limitation by developing natively authored
event-continuation datasets.

Second, few-shot evaluation with prompts and
exemplars translated into Kyrgyz introduces ad-
ditional sources of sensitivity that complicate di-
rect comparison with zero-shot results. Few-shot
performance was observed to be highly variable
across tasks and models, and in some cases de-
graded relative to zero-shot evaluation. This insta-
bility likely reflects interactions between translated
prompt structure, example ordering, morphologi-
cal complexity, and instruction-tuning objectives
optimized primarily for English. We therefore rec-
ommend interpreting few-shot results in translated-
prompt settings with caution and considering zero-
shot performance as a complementary and more
stable reference point.

Third, while multiple-choice formatting enables
automatic evaluation and comparability across
models, deviations from strict answer formatting
can still affect measured accuracy. Enforcing
stricter multiple-choice constraints in prompting
and adopting alternative scoring strategies, such
as logit-based option ranking, may reduce format
sensitivity and improve robustness in future evalua-
tions.

Finally, comparisons involving proprietary mod-
els are subject to external service constraints be-
yond the control of this study. In particular, Gemini
2.5 Flash exhibited safety-related refusals for oth-
erwise benign Kyrgyz-language prompts, which
affected result completeness and reliability. Con-
sequently, scores reported for such models should
be interpreted with caution, as they may reflect
service-level filtering behavior rather than intrinsic
model capability.
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A Prompting strategies

For benchmarks other than KyrgyzMMLU or Kyr-
gyzRC, the prompts we have used are direct trans-
lations of original English queries to Kyrgyz; in
this section, we provide the prompts for original
datasets only in Listings Al, A2, and A3. The
translated prompts, as well as those presented here
are available in the code of KyrgyzLLLM-Bench.

Cusre bup Temara baiinanbiwTyy Bup Heye y3yHAY TEKCT
6epunren. Bapabik y3yHaynepay KyHT Koton OKyn, aHaaH
KUMH TOMOHAOrY CypoosIopro xoon bepuHusaep.
Cypoo meHeH 2-4 »xoo0n BapuaHTbl bepuner, Tyypa
»oontyH HOMEPWH (uHgekcuH) raHa kaiiTapbiibiHbi3
Kepek.

Tekct: {example 01 text}

Cypoo: {example 01 question}

CyHywiTanraH xxoonTop:

0. {example 01 choices[0]}

1. {example 01 choices[1]}

2. {example 01 choices[2]}

Tyypa »xoonTy TaHaaHpbi3: {example 01 answer}

Tekct: {example 02 text}

Cypoo: {example 02 question}

CyHywiTanraH ><oonTop:

0. {example 02 choices[0]}

1. {example 02 choices[1]}

2. {example 02 choices[2]}

3. {example 02 choices[3]}

Tyypa »xoonTy TaHgaHpis: {example 02 answer}

Tekct: {example 03 text}

Cypoo: {example 03 question}

CyHywiTanraH xxoonTop:

0. {example 03 _choices[0]}

1. {example 03 choices[1]}

Tyypa xoonTy TaHgaHpis: {example 03 answer}

Texker: {text}

Cypoo: {question}
CyHywiTanraH xoonTop:
0. {choices[0]}

1. {choices|[1]}

2. {choices[2]}

3. {choices[3]}

Tyypa »oonTy TaHAaHbI3:

Listing Al: Prompt for few-shot solution for KyrgyzRC
(actual prompt is built dynamically in Python code,
some details have been removed).

B GSMSK Translation

Although the GSM8K dataset was translated into
Kyrgyz, we do not include its results in the main
reported version of the benchmark. This decision
was made for several reasons. First, the evaluation
protocol of GSMS8K differs substantially from that
of the other benchmarks considered in this work, as
it relies on a strict exact-match metric rather than
standard accuracy. Second, our preliminary experi-
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Cuz BuANMUHN3re »KaHa XKeHAOMYHY3re »apalia
cypoonopro xoon beprex Alcbis.

Cusre cypoo xaHa 2-5 xoon BapuaHTbl bepuner, Tyypa
xoonTyH HOMEPUH (uHgekcnt) rana KaiTapbilbiHpb3
Kepek.

Cypoo: {example 01 question}

CyHywTanraH xoonTop:

0. {example 01 choices[0]}

1. {example 01 choices[1]}

2. {example 01 choices[2]}

3. {example 01 choices[3]}

4. {example 01 choices[4]}

Tyypa xoonTy TaHaaHei3: {example 01 answer}

Cypoo: {example 02 question}

CyHywiTanraH »oonTop:

0. {example 02 choices[0]}

1. {example 02 choices[1]}

2. {example 02 choices[2]}

3. {example 02 choices[3]}

Tyypa »oonTy TaHgaHpis: {example 02 answer}

Cypoo: {question}
CyHywTanraH xoonTop:
0. {choices[0]}

1. {choices[1]}

2. {choices[2]}

3. {choices[3]}

4. {choices[4]}

Tyypa »00nTy TaHAaHbI3:

Listing A2: Prompt for few-shot solution for Kyr-
gyzMMLU (actual prompt is built dynamically in Python
code, some details have been removed).

Cus BunnMuHM3re xaHa XeHAOMYHY3re >xapalia
cypoonopro xoon beprex Alcbis.

Cusre cypoo xaHa 2-5 xxoon BapuaHTbl bepuner, Tyypa
xoonTyH HOMEPUH (uHgekcnt) rava KaiiTapbilubiHpb3
Kepek.

Teker: {text}
Cypoo: {question}
CyHywitanran »oonTop:
a. {choices[0]}
6. {choices[1]}
8. {choices[2]}
r. {choices[3]}
Tyypa »00nTy TaHAaHbI3:

Listing A3: Prompt for zero-shot solution for Kyr-
gyzMMLU / KyrgyzRC (actual prompt is built dynami-
cally in Python code, some details such as choices’ list
building have been removed for better readability).

ments indicate that the standard Lighteval evalua-
tion script, which we adopt to ensure comparability
with existing language benchmarks, is highly sen-
sitive to output formatting. In the Kyrgyz setting,
this sensitivity makes it difficult to disentangle gen-
uine mathematical problem-solving ability from
formatting effects, such as mismatches between
the expected output patterns and language-specific



conventions for expressing numerical values. As
a result, performance on GSMS8K under this setup
may reflect evaluation artifacts rather than model
competence, and we therefore exclude it from the
primary analysis.

More generally, this design choice reflects our
intention to keep the benchmark focused on a co-
herent and interpretable set of evaluation signals.
By restricting the reported results to benchmarks
that share a common evaluation paradigm, we aim
to ensure that the aggregate metrics convey a clear
and atomic message about model performance in
the Kyrgyz setting, without mixing heterogeneous
sources of error (where possible). At the same
time, we recognize that excluding numerically in-
tensive reasoning tasks such as GSMSK limits the
scope of the current analysis. Developing eval-
uation protocols that can robustly accommodate
language-specific numerical expressions and dis-
entangle reasoning ability from formatting effects
remains an important direction for future work.
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