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Abstract

The reliability of multilingual Large Language
Model (LLM) evaluation is currently compro-
mised by the inconsistent quality of translated
benchmarks. Existing resources often suffer
from semantic drift and context loss, which
can lead to misleading performance metrics. In
this work, we present a fully automated frame-
work designed to address these challenges by
enabling scalable, high-quality translation of
datasets and benchmarks. We demonstrate that
adapting test-time compute scaling strategies,
specifically Universal Self-Improvement (USI)
and our proposed multi-round ranking method,
T-RANK, allows for significantly higher qual-
ity outputs compared to traditional pipelines.
Our framework ensures that benchmarks pre-
serve their original task structure and linguistic
nuances during localization. We apply this ap-
proach to translate popular benchmarks and
datasets into eight Eastern and Southern Eu-
ropean languages (Ukrainian, Bulgarian, Slo-
vak, Romanian, Lithuanian, Estonian, Turk-
ish, Greek). Evaluations using both reference-
based metrics and LLM-as-a-judge show that
our translations surpass existing resources, re-
sulting in more accurate downstream model
assessment. We release both the framework
and benchmarks to facilitate robust and repro-
ducible multilingual AI development. ! 2

1 Introduction

Large Language Models have demonstrated rapid
progress in machine translation, outperforming
classical tools such as Google Translate and DeepL
(Deutsch et al., 2025). This advancement bene-
fits multilingual model development by address-
ing data and benchmark scarcity in non-English
settings. Recent work shows that sampling multi-
ple translation candidates at higher temperatures
enhances translation quality, with test-time scal-
ing methods like Best-of-N (Stiennon et al., 2020)

'Code: insait-institute/ritranslation
*Benchmarks: insait-institute/multilingual-benchmarks

and Fusion-of-N (Khairi et al., 2025a) demonstrat-
ing improved performance across multilingual do-
mains.

Key challenge: multilingual benchmark quality.
A significant gap in recent research is the limited
exploration of benchmark translation quality. Mul-
tilingual benchmarks are critical for assessing the
quality of given model, yet receive less attention
than data collection. Existing benchmarks remain
imperfect due to reliance on older LLMs or over-
simplified methods — most were translated using
classical MT tools lacking instruction prompting
capabilities, or via older models like GPT-4 whose
multilingual capabilities lag behind current frontier
models (Lai et al., 2023).

We investigate available benchmarks and iden-
tify common translation flaws stemming from trans-
lating questions and answers separately, leading to
contextual and grammatical mismatches. We fo-
cus on Eastern and Southern European languages
because: (1) they exhibit complex grammatical fea-
tures (extensive case systems, grammatical gender,
aspect-based verbs) that are sensitive to contextual
misalignment; (2) they represent mid-resource lan-
guages where frontier models still lack adequate
localization; (3) unlike lower-resource languages,
translated benchmarks exist for comparison. We
translate MMLU, Hellaswag, ARC, and Wino-
grande into Ukrainian, Romanian, Slovak, Lithua-
nian, Bulgarian, Turkish, Greek and Estonian.

In this paper, we address three key research ques-
tions:

* RQ1: Are current translated multilingual
benchmarks robust and reliable?

* RQ2: To what extent do test-time compute
scaling methods improve machine translation
quality?

* RQ3: How can we translate benchmarks and
datasets into other languages while efficiently
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integrating their unique linguistic features into
the evaluated tasks?

Our work: To address these questions, we
present a novel automated translation framework
supporting four methods across various model
types, including open-weight models. The frame-
work facilitates machine translation of datasets and
benchmarks with minimal manual supervision and
maximum configurability, offering multiple meth-
ods to balance costs and time investment based on
language performance in selected MT models. Our
framework incorporates: (1) classic one-prompt
translation with optional self-correction (SC) as a
lightweight solution; (2) Best-of-N with LL.M-as-
a-judge scoring to provide reward signals; (3) Uni-
versal Self-Improvement (USI) with multi-prompt
sampling and unification of translation candidates
into refined outputs; (4) our newly proposed Trans-
lation Ranking (T-RANK), which employs multi-
prompt candidate sampling and multi-round com-
petitive ranking to enhance error detection and
achieve superior translation quality.

We evaluate these test-time scaling methods
across several mid-resource languages, translate
popular benchmarks into these languages, and com-
pare our results with existing translations. Our
findings demonstrate that the integrated methods
produce higher-quality translations with more ac-
curate evaluation results and improved text qual-
ity. Moreover, these methods yield performance
improvements on established machine translation
benchmarks such as WMT24++ and FLORES.

Main contributions:
tributions as follows:

We summarize our key con-

* A comprehensive analysis of multilingual
benchmark quality, identifying the root causes
of current translation deficiencies.

* A novel, fully automated framework that
enables efficient translation of datasets and
benchmarks with maximum flexibility. The
pipeline is fully configurable, allowing practi-
tioners to optimize the balance between trans-
lation quality and cost in multilingual devel-
opment.

¢ We release several benchmarks translated into
Eastern and Southern European languages, in-
cluding Ukrainian, Romanian, Slovak, Lithua-
nian, Bulgarian, Turkish, Greek and Esto-
nian. We find, that translation quality influ-

ences benchmark evaluation results signifi-
cantly, and our proposed methods yield more
reliable and accurate multilingual evaluation.

These findings enable more efficient multilingual
model development by improving both data and
benchmark acquisition.

2 Background and Related Work

2.1 Foundation for LLM-Based Efficient
Translation

The rapid expansion of multilingual applications
for large language models (LLMs) necessitates scal-
able and high-quality translation frameworks. Re-
cent advancements propose innovative methodolo-
gies to enhance LLM-based translation through
adaptive prompting and self-refinement strategies.

The Adaptive Few-shot Prompting (AFSP)
framework addresses prompt sensitivity in machine
translation by dynamically selecting suitable trans-
lation demonstrations. AFSP retrieves semantically
similar examples from parallel corpora based on
LLM-generated embeddings, then generates and
reranks multiple translation candidates to select
the most contextually appropriate translation (Tang
et al., 2025).

The TEaR (Translate, Estimate, and Refine)
framework introduces systematic self-refinement
for LLM-based translation. TEaR operates by trans-
lating the source text, estimating translation quality,
and refining based on identified errors. This itera-
tive process enables LL.Ms to self-correct and im-
prove translation quality, with cross-model experi-
ments demonstrating that general-purpose LLMs
can perform both translation and evaluation simul-
taneously (Feng et al., 2024).

In addition to these frameworks, several test-
time compute scaling methods show potential for
enhancing LLM translation capabilities. Although
originally designed for general reasoning tasks
such as mathematics and coding, these methods
demonstrate promising applications in translation:

* Best-of-N Sampling: This method generates
multiple translation outputs and selects the
best one based on predefined criteria. It lever-
ages the diversity in LLM outputs due to tem-
perature variations, increasing the likelihood
of obtaining high-quality translations (Stien-
non et al., 2020).

* Universal Self-Consistency (USC): USC ex-
tends the concept of self-consistency by en-
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abling LLMs to select the most consistent an-
swer among multiple candidates without rely-
ing on answer extraction processes. This ap-
proach is particularly effective for open-ended
generation tasks, improving performance in
mathematical reasoning, code generation, and
summarization (Chen et al., 2023).

* Fusion-of-N: Rather than selecting the sin-
gle best answer as in Best-of-N, Fusion-of-
N synthesizes the most informative elements
from multiple candidates into a single final
output. The method uses an LLM judge to ag-
gregate diverse strengths from the candidate
pool. Fusion-of-N outperforms Best-of-N and
shows promising gains on multilingual tasks,
including machine translation (Khairi et al.,
2025a).

Findings from Khairi et al. (2025b) also con-
firm, that sampling multiple candidates with higher
temperature with self-improvement and refined se-
lection process leads to significant improvements
in many multilingual domains, including machine
translation.

Results from the WMT24++ benchmark
(Deutsch et al., 2025) further corroborate the ef-
ficacy of these methodologies, demonstrating that
state-of-the-art LLMs outperform traditional ma-
chine translation tools across various language
pairs. The research suggests that integrating test-
time compute strategies can significantly enhance
translation quality, particularly for mid- or low-
resource languages. A clear trend emerges whereby
newer and larger LLMs consistently outperform ex-
isting tools and earlier model iterations, indicating
the potential for continued improvements in transla-
tion quality as more advanced models are released.

Takeaway 1: Large language models outper-
form traditional machine translation systems
like Google Translate and DeepL through tar-
geted prompts that address domain-specific
and language-specific translation challenges.

Collectively, these methodologies underscore the
importance of adaptive prompting, self-refinement,
and test-time scaling strategies in enhancing LLM-
based translation systems. By integrating these
approaches, it is possible to develop more robust,
efficient, and high-quality translation frameworks
capable of addressing the challenges posed by mid-

and low-resource languages while minimizing the
need for manual human intervention.

2.2 Shortcomings of Existing Multilingual
Resources

The rapid development of large language models
(LLMs) has highlighted the need for robust mul-
tilingual benchmarks. However, translating exist-
ing benchmarks often introduces issues that com-
promise accurate assessment of LLLM capabilities
across languages.

A prominent example is the MuBench bench-
mark dataset introduced by Han et al. (2025),
comprising widely used benchmarks (Hellaswag
(Zellers et al., 2019), ARC (Clark et al., 2018),
Winogrande (Sakaguchi et al., 2019), MMLU
(Hendrycks et al., 2021), and others) translated
into 61 languages with 3.9M samples. While this
initiative represents an important step in multilin-
gual evaluation, the translation process relies on an
automated pipeline with quality control measures
including semantic consistency evaluation, trans-
lation purity assessment, and cultural sensitivity
checks. However, despite human expert evaluation
of 30k samples across 15 languages combined with
LLM-as-a-Judge validation, the predominantly au-
tomated approach raises concerns regarding transla-
tion quality for the remaining samples, as machine
translation methods may fail to capture nuanced
linguistic and cultural contexts in all 61 languages.
Further variations in quality assurance across lan-
guages could introduce semantic inaccuracies that
skew evaluation results.

Beyond general quality concerns, certain bench-
marks present inherent translation challenges. For
example, Winogrande, MMLU and Hellaswag may
contain answer options with gender-specific ad-
jective endings for sentence completion tasks. In
languages with gender-specific adjectives, translat-
ing these options can inadvertently reveal correct
answers or mislead towards picking an incorrect op-
tion, allowing models to succeed through language
proficiency rather than reasoning capability. Such
linguistic features can compromise evaluation in-
tegrity through unintended answer leakage. There-
fore, there is a critical need for a flexible frame-
work which allows to adapt translation methods
and prompts to address specific issues for differ-
ent benchmark and language combinations, while
MuBench universal approach lacks such flexibility
and does not explicitly address these challenges.

The Global-MMLU project (Singh et al., 2024)
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represents a substantial effort to advance multilin-
gual evaluation by translating the MMLU bench-
mark into 42 languages. The process combines
machine translation using Google Translate with
crowdsourced human verification; however, only
approximately 20% of machine-translated texts un-
derwent manual correction. Moreover, questions
and answers were translated separately, resulting
in observable grammatical inconsistencies in trans-
lated entries for languages such as Ukrainian. This
context-agnostic translation approach can produce
inconsistencies or grammatical errors that affect
benchmark coherence and accuracy, particularly
for lower-resource languages. Additionally, rely-
ing on tools like Google Translate without thorough
human validation may overlook language-specific
nuances essential for accurate evaluation.

The Okapi framework (Lai et al., 2023) intro-
duces a novel approach to multilingual instruc-
tion tuning by leveraging Reinforcement Learn-
ing from Human Feedback (RLHF). Unlike tradi-
tional methods relying solely on supervised fine-
tuning (SFT), Okapi combines SFT with RLHF
to align model outputs more closely with human
preferences across diverse languages. Moreover,
some of the popular benchmarks like MMLU, Hel-
laswag and ARC were also translated to 26 lan-
guages to enable multilingual evaluation. However,
Okapi’s translation process utilized the ChatGPT
model series and the translation could be further
improved by employing test-time compute scal-
ing methods to enhance translation quality. Addi-
tionally, the framework does not explicitly address
language-specific grammatical features that may
impact benchmark coherence and accuracy. We
present the examples of such translation flaws men-
tioned before in Appendix A.1.

Takeaway 2: Translating questions and an-
swer options within the same prompt context
is essential for sentence completion tasks, as it
preserves semantic relationships and prevents
contextual mistakes during evaluation.

Recent studies, including WMT24++ (Deutsch
et al., 2025), demonstrate that state-of-the-art
LLMs outperform traditional machine translation
tools such as DeepL or Google Translate across
all evaluated language pairs. This finding suggests
that reliance on older translation tools may be in-
sufficient for ensuring high-quality translations in

multilingual datasets and benchmarks. In addition,
practical limitations of popular frameworks (such
as low API rate limits or inability to use advanced
prompting techniques) can hinder large-scale trans-
lation efforts, making it more difficult to produce
comprehensive and accurate datasets.

In summary, while initiatives such as MuBench,
Global-MMLU, and Okapi represent important
progress toward multilingual LLM evaluation, the
methods employed in translating benchmarks ex-
hibit limitations that hinder improvement. De-
pendence on automatic translation without com-
prehensive human verification, challenges arising
from language-specific grammatical structures, and
the limited capabilities of translation tools collec-
tively highlight the need for more sophisticated
approaches that respect linguistic features. Further,
current frontier language models are already out-
perfoming classical tools, which were used to trans-
late some of the widely used multilingual bench-
marks. Future research should advance automated
methodologies that reduce reliance on manual cu-
ration while simultaneously improving both the
quality and accessibility of multilingual evaluation
resources.

3 An Efficient Automated Translation
Framework

In this section we present a novel automated trans-
lation framework, which utilizes Large Language
Models with features adapted for both dataset
and benchmark (QA/test) formats. Moreover, the
framework also allows flexibility in methods and
their inner configurable parameters to optimize
cost- and time-effectiveness.

3.1 Motivation

As highlighted in previous sections, we observed
the lack of research and solutions towards scaled
automated translation adapted for custom bench-
mark formats without loss of translation quality.
For this framework, we aim to tackle the following
key problems in LL.M-assisted data translation:

* Support for Diverse Data Formats: Many
datasets have complex, nested structures that
complicate processing. For LLM training, flat
string fields without hierarchical nesting en-
sure easier ingestion and more efficient work-
flows.

 Preservation of Benchmark QA Structure:
Benchmark evaluation reliability depends on

41593



maintaining coherence between questions and
answer choices. Preserving these relation-
ships during translation ensures benchmarks
remain faithful to the original task structure.

* Adapting to Varying Language Resource
Availability: High-resource languages (Ger-
man, Spanish, Hindi) achieve strong trans-
lation quality with simple zero-shot prompt-
ing, while mid- and low-resource lan-
guages require sophisticated, language-
specific pipelines. Users need flexibility to
configure translation approaches based on
each language’s characteristics.

* Addressing Language-Specific Phenomena:
EEU languages possess unique grammatical
features requiring careful handling. Language-
specific prompt engineering with few-shot ex-
amples and LLM-powered verification stages
can improve translation fidelity by identifying
and correcting language-specific errors.

3.2 Methodology

In our framework, we propose two configuration
modes — Dataset and Benchmark. They use dif-
ferent prompts and data format handling, since
dataset is more straightforward, but benchmark has
a complex connection between question and an-
swers, which needs to be preserved. Finally, we
propose four translation methods:

* SC (Self-Check): 0-shot simple translation
with optional additional check from another
judge LLM.

* Best-of-N sampling: sampling N translation
candidates and prompting the model to score
them, then picking the one with the highest
score.

* USI (Universal Self-Improvement): sam-
pling N translations, asking the model to com-
bine them into the best one according to pre-
defined evaluation criteria.

* T-RANK (Translation Ranking): sampling
N translations, asking the model to rank them
according to their quality and coherence, then
correcting the best candidate.

We now examine the translation methods em-
ployed in our framework, highlighting their advan-
tages and optimal use cases.

Default translation with optional self-check
(SC). This method involves a simple 0-shot prompt-
ing of the LLM to translate a text. The user has an
option to include a self-check stage: after transla-
tion, the model (in a new chat with no history) is
prompted to evaluate and correct the result with re-
spect to the original text content. This method
is suitable for large text translation using high-
resource languages, as it is less costly to perform,
due to the sufficient translation capabilities in high-
resource languages; however, since the model is
prompted to look out for potential errors it might
hallucinate them. Additionally, there exists an op-
tion to include a few-shot prompt to provide an ex-
ample of which language-specific points the model
should consider during translation.

Best-of-N sampling (BoN). Drawing from test-
time compute scaling methods, we implement Best-
of-N sampling without a reward model to maintain
a training-free framework. We sample N transla-
tions at higher temperature (0.7) for diversity, then
prompt the LLM to score candidates 1-10 based
on specified criteria (Appendix A.5), selecting the
highest-scoring translation. While cost-effective
and language-agnostic, this method yields lower
quality than T-RANK and USI, as LL.Ms exhibit
limitations in numerical scoring and positional bias,
favoring earlier candidates despite identifying ob-
vious errors.

Universal Self-Improvement (USI). Building
on Universal Self-Consistency and Fusion-of-N,
this method operates on the principle that the most
consistent translation is not necessarily the best.
While Fusion-of-N improves translation quality
substantially, the absence of precise translation-
specific metrics limits the model’s ability to effi-
ciently identify each candidate’s strengths for opti-
mal merging, potentially resulting in fusion outputs
that incorporate errors. Therefore, we adapt this
approach to cultivate self-improvement specifically
for machine translation as shown in Appendix A.1
Figure 4. We sample N candidate translations us-
ing higher temperature (0.7 recommended), then
present them to an evaluator LLM with instruc-
tions to combine the candidates into the best ver-
sion according to specified criteria (shown in Ap-
pendix A.5 Table 26). During a combination phase,
we ask the model to use only the best features
from all seen candidates. This method proves cost-
efficient and time-efficient, requiring only NV + 1
model calls per entry, while successfully address-
ing and correcting language-specific features. We
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illustrate the Universal Self-Improvement workflow
in more detail in Figure 1.

Judge LLM Best combined

Sample N b
al model translation

Translator tran:
LLM model

- % B & =
|

Judge evaluates
translations

Original text

Figure 1: Universal Self-Improvement (USI) method
workflow outlook

Translation Ranking (T-RANK). Building
upon prior work in translation ranking, we pro-
pose an adaptive approach that refines this con-
cept. This method begins by sampling N diverse
translations with high temperature. A judge model
then evaluates these candidates by ranking them
according to predetermined quality criteria, check-
ing general quality, domain consistency, preserva-
tion of original question idea and other (shown in
Appendix A.5 Table 26), with the top-ranked trans-
lation selected as the final output, optionally with
refinements. Using this method, we observe more
sophisticated reasoning from non-reasoning mod-
els, as they successfully identify subtle errors that
other methods fail to correct. Moreover, evaluation
through comparative ranking rather than numeri-
cal scoring appears to facilitate more detailed and
rigorous assessment of translation quality.

Figure 2: Translation Ranking (T-RANK) method work-
flow outlook

Previous research on LLM-based evaluation has
identified several risks and biases inherent to such
methodologies. One notable issue is positional
bias: LLMs tend to assign higher scores to candi-
dates presented earlier in the sequence (as shown
in Appendix A.1 Table 5). Also, LLM judges often
focus their evaluation on the first candidate, iden-
tifying specific flaws, and subsequently bias their
assessment of following candidates by primarily
searching for similar errors, potentially overlook-

ing novel issues in later candidates.

To reduce these prejudices, we introduce a
multiple-round sequential ranking strategy, in
which the candidate translations are systematically
moved across different positional orders. In partic-
ular, each translation candidate is presented once
in every possible position across all rounds. This
process can be visualized as the construction of a
sequential grid, where with each new round, can-
didates are moved one position further till the end
(as visualized in Figure 2). After N rounds for N
candidates, each candidate has been presented in
each position exactly once. Lastly, we show all
the candidates to the judge model again and ask to
correct and refine the selected translation candidate
if needed — this improves model’s ability to no-
tice potential translation flaws by looking at strong
and weak sides of other variants. We noticed an
improved behavior and reasoning when using this
method and in particular, presenting all candidates
to the judge model each time when doing the final
correction, as shown in Appendix A.1 Figure 3.
This approach demonstrates a promising improve-
ment in reliability of the evaluation by reducing
positional biases while controlling evaluation costs
and computational efficiency with a total of 2N 41
model calls. Optionally, once can combine best
candidate correction during ranking, however, we
found evaluator model’s reasoning to be more at-
tentive in a separated setup. Compared to output
of USI method shown in Appendix A.1 Figure 3,
we can observe that USI method performs fusion
of methods, while T-RANK finds more inconsis-
tencies across all candidates and tries to remove
them. Since USI fusion step is done only once,
the judge model tends to focus on translation flaws
seen in first candidates and then tries to check for
those specific errors in other candidates. With the
multi-round ranking the model is able to see all
possible pitfalls from presented options, improving
the quality of selection and final improvement even
further, while mitigating positional bias at the same
time.

We provide example prompts for all proposed
methods in Appendix A.5.

Takeaway 3: While Best-of-N and USI sam-
pling improve translation quality, the T-RANK
method’s competitive ranking approach proves
more efficient at identifying subtle translation
eITors.
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3.3 Benchmark Translation for Eastern
European Languages

We have translated several popular benchmarks into
Eastern European languages using our proposed
framework. The selected benchmarks include
MMLU, Hellaswag, ARC, and Winogrande, which
are widely used for evaluating LLM capabilities
across various tasks. We focused on Eastern and
Southern European languages such as Ukrainian,
Romanian, Slovak, Lithuanian, Greek, Bulgarian,
Turkish and Estonian due to their complex gram-
matical structures and mid-resource status. These
languages present unique challenges for machine
translation, making them ideal candidates for test-
ing the effectiveness of our framework. MMLU
was translated using the GPT-40-mini-2024-07-18
model checkpoint from OpenAl and all mentioned
benchmarks were translated to Ukrainian using the
same model. Remaining benchmark translations to
other languages were performed using the Gemini-
2.0-Flash model from Google. We provide a de-
tailed breakdown of used translation models and
methods in Appendix A.2 Table 10. In the next sec-
tion and in Appendix A.3, we present a comprehen-
sive evaluation of the translation quality achieved
through our framework, comparing it with existing
translations and assessing its impact on benchmark
performance.

4 Evaluation Results

4.1 Machine Translation Benchmarks

We utilize two datasets to evaluate the translation
quality of our proposed methods: FLORES and
WMT24++.

FLORES. The FLORES benchmark evaluates
machine translation systems across multilingual
scenarios. FLORES-101 provides 3,001 (1,012
devtest split) sentences from English Wikipedia
professionally translated into 101 languages, en-
abling evaluation of many-to-many translation sys-
tems, particularly for low-resource language pairs
(Guzman et al., 2019; Goyal et al., 2022).

WMT24++. The WMT24++ benchmark covers
55 languages and dialects with human-written refer-
ences and post-edits across four domains: literary,
news, social, and speech. This diversity enables
comprehensive evaluation of translation systems
across high-resource and low-resource languages
(Deutsch et al., 2025).

Both FLORES and WMT24++ serve as standard
benchmarks in the machine translation community

due to their broad language coverage and high-
quality human translations, enabling meaningful
comparisons across models and approaches.

We evaluate our proposed methods on English-
Ukrainian translation using the COMET (Crosslin-
gual Optimized Metric for Evaluation of Transla-
tion) metric. COMET leverages multilingual pre-
trained models to assess translations by comparing
source text, hypothesis, and reference, demonstrat-
ing higher correlation with human judgments than
traditional metrics like BLEU or chrF++ (Rei et al.,
2020). We report COMET system-level scores (ag-
gregated across all translations) in Table 1, using
the Unbabel/XCOMET-XL model for reference-
based quality estimation (Guerreiro et al., 2023).
For mentioned tasks we have used GPT-40-mini-
2024-07-18 model for translation.

Method WMT24++ FLORES
Baseline 0.827 0.937
SC (with check) 0.821 0.937
Best-of-N (n=5) 0.843 0.943
USI (n=5) 0.843 0.945
T-RANK (p=5) 0.845 0.940

Table 1: COMET (reference-based) translation qual-
ity scores for WMT24++ and FLORES EN—UK pair
(GPT-40-mini). n denotes number of sampled candi-
dates, p denotes number of different translation prompts
(forp > 1 weusen = 1).

Our results indicate that USI and T-RANK
demonstrate clear advantages over other methods;
however, it remains unclear whether T-RANK con-
sistently outperforms USI. This raises the question
of whether a correlation exists between translation
cost or effort and quality. We must account for
the fact that COMET evaluations are not entirely
reliable, even when reference translations are pro-
vided. Notably, both datasets used for evaluation
(WMT24++ and FLORES) primarily contain short
texts that do not adequately test complex grammat-
ical structures, particularly for Ukrainian. More-
over, the choice of a correct translation often de-
pends on personal preferences and stylistic conven-
tions; a single source text may have multiple valid
translation candidates, all grammatically correct.
Therefore, reference translations in commonly used
machine translation benchmarks cannot be consid-
ered absolute gold standards, and achieving the
highest COMET scores does not guarantee that a
method is error-free. This motivates the need for
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additional comparative tests under different evalua-
tion paradigms, such as Quality Estimation (QE) or
reference-free machine translation evaluation. As
discussed in appendix A.4, USI is more suitable
for short and simple dataset translation, whereas T-
RANK shows better performance when translating
benchmarks, especially when they have complex
question structure, which might get "lost in transla-
tion" for languages explored in this paper.

For reference-free QE, we can directly use
COMET to score translations without requiring
an ideal reference translation. We compared USI
and T-RANK methods using the QE setup on
FLORES and MMLU datasets, which contain
longer and more complex texts. In this work, we
use Unbabel/wmt23-cometkiwi-da-x1 model for
reference-free QE COMET evaluation Rei et al.
(2023) and the detailed evaluations are provided in
appendix A.4.

We should also note, that using COMET mod-
els for machine translation quality evaluation has
certain limitations, including bias towards specific
domains in training data, technical setup impacting
reproducibility, and potential discrepancies with
human judgment (Zouhar et al., 2024). While
COMET provides a useful automated metric, it is
not infallible and should be complemented with hu-
man evaluation or using LL.M-as-a-judge for com-
prehensive assessment.

4.2 Multilingual Benchmark Translation
Quality

Machine translation quality estimation models
struggle to provide consistent and justified feed-
back on bigger sized texts. Moreover, they are
not to able to evaluate the preservation of ques-
tions and answer content for the benchmark format,
Therefore, we also use LLM-as-a-judge to compare
MMLU translations between standard industry-
recognized source (Global-MMLU) and our pro-
posed translation methods (T-RANK/USI). MMLU
was translated using GPT family of models, thus,
we select a model from another family, Gemini-
2.5-Flash, as a judge, using which we showcase a
clear advantage in translation quality using our pro-
posed methods across Ukrainian, Romanian, and
Lithuanian, as presented in Table 2. Notably both
methods outperform Global-MMLU alternative in
quality of translations, confirming the effectiveness
of our framework for benchmark translation.

We also compare evaluation results of mid-sized
models like Gemma 3 4/12B, Qwen 3 8B and

Language Method Wins Draws Losses

UK T-RANK 8750 3276 2016
RO T-RANK 8376 3020 2646
LT USI 7382 3181 3478

Table 2: LLM-as-a-judge comparison between Global-
MMLU and our translations (T-RANK/USI) using
Gemini-2.5-Flash as judge. Our translations win signifi-
cantly more comparisons across all evaluated languages.

Llama 3.1 8B on our improved translations ver-
sus existing benchmark translations. As shown in
Table 3, we observe higher scores on our transla-
tions, providing additional evidence of enhanced
translation quality. Below, we provide average dif-
ference between evaluating on our translations and
existing ones (positive difference means results are
higher on our translations); more detailed results
are presented in Appendix A.3.

Benchmark Languages AVG A
Winogrande UK, RO, SK, BG, LT, TR, EL, ET  +3.42%
ARC-Challenge UK. RO, SK, BG +2.35%
Hellaswag UK, RO, SK, BG +1.63%
MMLU UK. RO, SK. BG, LT, TR, EL  +0.94%

Table 3: Average improvement per benchmark across
all languages

We can observe gains across all studied bench-
marks, with the most significant improvement in
Winogrande, where preserving contextual connec-
tion between questions and answers together with
removing the leakage of the correct answer through
grammatical gender markers plays a crucial role in
evaluation consistency.

Language AVG A Language AVG A
Greek +3.89% Romanian +2.09%
Ukrainian  +2.7% Slovak +1.66%
Turkish +2.65% Estonian  +1.63%
Lithuanian +2.6% Bulgarian +1.37%

Table 4: Average improvement per language across all
benchmarks

As shown, our proposed framework effectively
enhances translation quality for multilingual bench-
marks, leading to more reliable and accurate evalua-
tions of language models across diverse languages.
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5 Conclusion

We present a novel automated translation frame-
work designed to enable rapid, high-quality transla-
tion of datasets and benchmarks while minimiz-
ing human intervention. Our integrated meth-
ods demonstrate substantial improvements on
WMT24++ and FLORES benchmarks as measured
by COMET scores, with T-RANK and USI achiev-
ing the strongest performance through test-time
compute strategies. The quality of our translated
benchmarks is further validated through COMET
Quality Estimation scores and LLM-as-a-judge
evaluations, which confirm meaningful improve-
ments over existing translations. Notably, evalua-
tion results of mid-sized models such as Gemma
3, Qwen 3 and Llama 3.1 on our improved trans-
lations yield higher scores compared to existing
benchmark translations, providing additional evi-
dence of enhanced translation quality. These find-
ings demonstrate that our framework effectively
balances translation accuracy, computational effi-
ciency, and scalability, offering a practical solution
for creating high-quality multilingual evaluation
resources. Future work should explore adaptive
method selection based on translation difficulty,
integration of dedicated quality models, and com-
prehensive evaluation across open-weight models
to further enhance the framework’s capabilities on
languages beyond Europe.

Limitations

Our study has several limitations that warrant con-
sideration. First, we employ LLM-based scor-
ing rather than dedicated translation quality mod-
els like COMET for the Best-of-N selection pro-
cess, which may affect the reliability of candidate
ranking. Second, our approach applies uniform
methods across all entries without automatically
estimating translation difficulty per input, though
adaptive method selection based on text complex-
ity could potentially improve efficiency and qual-
ity. Machine translation benchmarks demonstrate
that the most advanced and computationally ex-
pensive methods do not always yield superior re-
sults for shorter text sequences, particularly those
not used in question-answering contexts. We de-
fer to users of our framework to select methods
based on their specific objectives and resource
constraints. Third, we rely primarily on closed-
source models for translation, with limited testing
of open-weight alternatives. We hypothesize that

our proposed methods would yield greater benefits
for open-weight models, which typically demon-
strate weaker performance in zero-shot translation
settings, though this requires validation through
comprehensive evaluation. Finally, while we fo-
cus on Eastern and Southern European languages,
further research is needed to assess the generaliz-
ability of our framework across a broader range
of low-resource languages with diverse linguistic
characteristics.

Ethics Statement

This work aims to improve multilingual benchmark
quality to enable more equitable evaluation of lan-
guage models across diverse languages. We ac-
knowledge several ethical considerations. First,
our reliance on closed-source models raises repro-
ducibility concerns; we plan to extend evaluation
to open-weight alternatives to promote accessibil-
ity. Second, while focusing on Eastern European
languages addresses an important gap, many lower-
resource languages remain underrepresented, and
we encourage extending these methods to broader
linguistic contexts. Third, we recognize that im-
proved benchmarks may still be imperfect or sub-
ject to translation model bias; however, accurate
multilingual evaluation is crucial for developing
culturally aware and safer Al systems. Our auto-
mated translation approach avoids potential labor
exploitation concerns associated with human trans-
lation.

The code and translated benchmarks produced in
this work will be released under permissible open
licenses to enable community validation and repro-
ducibility. Generative Al systems were employed
exclusively for language assistance, including para-
phrasing, spell-checking, and stylistic refinement
of the authors’ original content, as well as for gen-
erating boilerplate code. All core research contribu-
tions, experimental design, and findings represent
the original work of the authors. Used benchmarks
and datasets are publicly available under permis-
sive licensing; any ethical considerations related to
their use are discussed in the original publications.
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A Appendix

A.1 Translation Examples

In this subsection we will provide some translation
examples showcasing common errors and how our
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proposed methods address them. Figure 3 demon-
strates how T-RANK identifies and corrects transla-
tion errors through competitive ranking. Unlike all
other methods, we observe improved ability of the
judge model to notice translation flaws when evalu-
ating the translation in competitive manner. Table 6
illustrates a common issue where translating ques-
tions and answers separately can leak the correct
answer through grammatical gender markers, and
shows how the correct approach preserves context
during translation. We also identify systematic
translation errors present in existing multilingual
benchmark translations for MMLU and Hellaswag,
complementing the Winogrande example shown in
Table 6. These errors arise when questions and an-
swer options are translated independently, without
shared grammatical context.

Table 7 documents four categories of errors
found in MMLU translations produced by Global-
MMLU and Okapi. Table 8 shows a concrete Hel-
laswag example where translating the question and
answer options without the shared narrative context
produces unnatural phrasing, grammatical errors,
and broken cohesion between the question stem
and the answer options.

Table 5 reports the positional bias observed
during the T-RANK ranking step on MMLU
(EN—UK). Even though the multi-round strategy
rotates candidates across positions to mitigate bias,
a residual preference for the candidate presented
at input position 2 remains visible: it receives the
lowest (best) average rank and holds rank 1 in all
five most frequent rank combinations.

A.2 Benchmark Translation Statistics

In this subsection we provide statistics of selected
benchmark translation, used splits and total number
of samples used. We also provide information on
models and methods used for final translation.

A.3 Detailed Evaluation Results

In this section we provide additional evalua-
tion results on our own and existing translated
benchmarks for analyzed languages. Tables 11
through 19 present performance comparisons
across Ukrainian, Romanian, Slovak, Lithua-
nian, Bulgarian, Turkish, Greek and Estonian lan-
guages respectively, showing consistent improve-
ments of our translations over existing bench-
marks. Where available, we compare against
Okapi/MuBench/Global-MMLU translations as
baselines. For Bulgarian language we also com-

pare against our older translation done with the
help of professional translators. With these results
we confirm, that translation quality influences the
evaluation results across various models with some
exceptions to Winogrande. We note that profes-
sionally translated Winogrande to Bulgarian shows
better results than our automated translation, which
indicates that for some languages and benchmarks
human intervention is still required to achieve the
best quality, though we believe that with our meth-
ods the need for such intervention is significantly
reduced.

A.4 Machine Translation Benchmark
Evaluation Results

In this section, we test GPT-40-mini and Gemini-
2.0-Flash model on WMT and FLORES trans-
lation benchmarks, using both reference-based
and reference-free COMET evaluation setups.
As mentioned before, for reference-based eval-
vation we use Unbabel/XCOMET-XL model
and for reference-free QE evaluation we use
Unbabel/wmt23-cometkiwi-da-xl model. Tables 20
through 23 present GPT-40-mini results, while
Tables 24 and 25 show Gemini-2.0-Flash perfor-
mance.

We see, that on both datasets and evaluation
types, USI method gives the best results. We also
see, that using sampling single candidate from var-
ious prompts in both English and target language
(2 English and 2 target languages prompts) gives
additional boost in quality over single-prompt gen-
eration.

In this case, for Gemini-2.0-Flash we observe
that T-RANK multi-prompt method can outperform
USI on most language pairs, although the differ-
ence is quite small. We believe that both meth-
ods have their strong and weak points — while for
datasets with shorter texts we recommends using
USI, for benchmark translation we observed im-
proved quality from using T-RANK method specif-
ically, as shown in first subsection of appendix.
Moreover, for Gemini-2.0-Flash model the rank-
ing capabilities seem to be stronger, which may
also contribute to better performance of T-RANK
method. This supports our idea, that different meth-
ods may be more suitable for different models and
use-cases.

A.5 Translation Prompts

Table 26 provides the complete prompt templates
used for all described translation methods. Fig-
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Translation Ranking (T-RANK) Correction Example

Candidate 1

Question: Bu ciocrepiraere Bu, skuit HAPOKYE JIUITE OIHE TOTOMCTBO 3a pa3 i Ma€ BiHOCHO TPUBAJIHI
JKATTEBUIN IMKJI 171t ¢BOro po3mipy Tina. I1lo 3 HacTynHOro, IMOBIpHO, TAKOXK BIPHO IS I[HOIO OpraHizmy?

Answers:

1. Bin xuBe B HOBO3ACEIEHOMY CEPEIOBUIIT.

2. Ile BomHMIt opraxism.

3. Bin moTpebye BiTHOCHO BUCOKOI 6ATBHKIBCHKOI TypbOTH PO MTOTOMCTBO.

4. Bik, B IKOMYy IIOTOMCTBO CaMe€ MOK€ HAPOJKYBATH, € BITHOCHO MOJIOIHM.

Candidate 2

Question: Bu criocrepiraere Bu, sikuii HAPOKY€E JIUITE OIHE TTOTOMCTBO 3a pa3 i Ma€ BiJITHOCHO TPUBAJIHI
TepMiH »KUTTS I ¢cBOro po3mipy. I1lo 3 HaBemeHOro, HMOBIPHO, TAKOXK BIPHO MJIST IIOTO OPTaHi3My !

Answers:

1. Bi= >XuBe B HOBO3aCE/IEHOMY CEPEIOBHUIIII.

2. Ile BomHMit opraxisam.

3. Bin moTpebye BiTHOCHO BeMKOI GATHKIBCHKOI TYpOOTH PO TOTOMCTBO.

4. Bik, B IKOMy IIOTOMCTBO CaMe MOXK€ HapOJKyBaTH, € BIJTHOCHO MOJIOJIUM.

Candidate 3

Question: Bu criocrepiraere Buj, K1l HApOIKY€E JIUIIE OIHE IIOTOMCTBO 32 pa3 i Ma€ BiJHOCHO TPUBAJIHIL
TepMiH KUTTS 11 cBoro po3mipy. [1lo 3 HaBemeHOrO, TMOBIPHO, TAKOXK BIPHO TSI IOTO OPTaHi3MYy !
Answers:

1. Bin >kuBe B HeIIOJIABHO KOJIOHI30BAHOMY CEPEIOBHMIIILI.

2. Ile BomHMit opraxism.

3. Bin noTpebye Bi/THOCHO BeTMKOI OATHKIBCHKOI OIMIKK 33 IOTOMCTBOM.

4. Bik, B IKOMy MOTOMCTBO MOYKE€ CAMOCTIfHO HAPOJZKYBAaTH, BiTHOCHO MOJIOIHIA.

Selected Translation

Question: Bu criocrepiraere Bu, siKMil HAPOJIZKY€E JIAIIIE OJHE TIOTOMCTBO 3a pa3 i Ma€ BiITHOCHO TPUBAJIUMA
TEPMIiH KUTTs i cBoro po3mipy. 1o 3 HaBemeHOro, MOBIPHO, TAKOXK BIPHO JIJIsT IIBOTO OPTaHi3My !
Answers:

1. Bin >kuBe B HEIOJABHO KOJIOHI30BAHOMY CEPEIOBMIILI.

2. lle BomHMI OpraHisM.

3. Bin nmoTpebye BiTHOCHO BeTUKOI OATHKIBCHKOI OMIKK 3a IOTOMCTBOM.

4. Bik, B IKOMy IOTOMCTBO MOXK€ CaMOCTIffHO HApPOJI>KYBaTH, BiJTHOCHO MOJIOIUM.

Reasoning

The final selected translation is generally accurate and conveys the original meaning well. However, there are minor
improvements needed in terms of word choice and grammatical structure. The phrase ‘BimHOCHO TpuUBasIMit TepMiH
xkutTsa’ could be simplified to ‘BimHocHO moBrmit Tepmin kwurtTs’ for better clarity. Additionally, the phrase
‘6aTHKIBCHKOI OIIIKM 3a ITOTOMCTBOM’ can be improved to ‘6aTbKiBChbKOI omiku HaJ moroMcTBoM’ for grammatical
correctness. Overall, the translation is good but requires these minor adjustments for optimal clarity and correctness.

Final Corrected Translation

Question: Bu criocrepiraere BujI, Kt HAPOKYE JIKIIE OHE TOTOMCTBO 3a pa3 i Ma€ BiTHOCHO JOBIUil TEPMiH
KATTS 1711 cBoro po3mipy. Illo 3 HaBemeHoro, HMOBIpHO, TAKOXK BiPHO IJIsI IIHOIO OpraHizMy?!

Answers:

1. Bin >kuBe B HEIOJABHO KOJOHI30BAHOMY CEPEIOBMIILI.

2. lle BomHMit opraxism.

3. Bin nmoTpebye BiTHOCHO BeJTMKOI OATHKIBCHKOI OMIKK HaJl ITOTOMCTBOM.

4. Bik, B IKOMy IOTOMCTBO MOXK€ CaAaMOCTIfHO HApPOJI>KYBaTH, BiJTHOCHO MOJIOIUM.

Figure 3: Translation Ranking (T-RANK) Correction Example

ure 5 provides the prompt for LLM-as-a-judge to  described in Table 2.
compare our translations versus Global-MMLU as
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Universal Self-Improvement (USI) Correction Example

Candidate 1

Question: Bu criocrepiraere Buji, sIKMil HAPOJIKY€E JIAIIIE OJIHE IIOTOMCTBO 3a pa3 i Ma€ BiIHOCHO TPUBAJINMA
JKATTEBUI IMKJI 1711 ¢BOTro po3Mmipy Tina. Illo 3 HacTymHOro, IMOBIpHO, TAKOXK BIPHO /IS I[HOIO OpraHizmy?

Answers:

1. Bin >kuBe B HOBO3aCEJIEGHOMY CEpEIOBUIILI.

2. lle BomHMII OpraHisM.

3. Bin moTpebye BiTHOCHO BHCOKOI 6aThKIBCHKOI TYPOOTH PO MOTOMCTBO.

4. Bik, B IKOMY IIOTOMCTBO CaMe MOXK€ HapOJKyBaTH, € BIITHOCHO MOJIOJUM.

Candidate 2

Question: Bu cniocrepiraere Bu, skuit HAPOKYE JIUITE OIHE TOTOMCTBO 3a pa3 1 Ma€ BiHOCHO TPUBAJIHI
TepMiH KUTTs 115t cBoro po3Mipy. I1lo 3 HaBeeHOr0, IMOBIPHO, TAKOXK BIPHO JIJIsl IIHOI'O OpraHizmy?

Answers:

1. Bin XuBe B HOBO3ACEIEHOMY CEPETIOBUIIII.

2. Ile BomHMit opraxism.

3. Bin moTpebye BimHOCHO BeMKOI GATHKIBCHKOI TypOOTH TIPO TOTOMCTBO.

4. Bik, B IKOMy IIOTOMCTBO CaMe€ MOK€ HAPO/KYBATH, € BITHOCHO MOJIOIHM.

Candidate 3

Question: Bu criocrepiraere B, skuit HAPOIKYE JIUITE OIHE TTOTOMCTBO 3a pa3 i Ma€ BiJHOCHO TPUBAJIHI
TepPMiH »KUTTS 11 ¢cBoro po3mipy. I11lo 3 HaBemeHOro, HMOBIPHO, TAKOXK BIPHO MJIST IIOTO OPTaHi3My?

Answers:

1. Bin >kuBe B HEIIOJABHO KOJIOHI30BAHOMY CEPEIOBHIILI.

2. Ile BomumMit opraxisam.

3. Bin moTpebye BiTHOCHO BeMKOI GATHKIBCHKOI OMIKHU 38 TOTOMCTBOM.

4. Bik, B IKOMy IIOTOMCTBO MOXK€ CaMOCTIfiHO HAPOJIXKYBaTH, BiJIHOCHO MOJIOIUMA.

Selected Translation

Question: Bu criocrepiraere By, siKuit HAPOJIKY€E JIUIIIE OJIHE TIOTOMCTBO 32 pa3 i Ma€ BiITHOCHO TPUBAJINMA
TepMiH KUTTS 11 cBoro po3mipy. [1lo 3 HaBemeHOrO, MOBIPHO, TAKOXK BIPHO JIJTST IOTO OPTaHi3MYy !

Answers:

1. Bin >kuBe B HeIIOJIABHO KOJIOHI30BAHOMY CEPEIOBMIILI.

2. Ile BomHMit opraxism.

3. Bin nmoTpebye BiTHOCHO BeJTUMKOI OATHKIBCHKOI OIKK 33 MOTOMCTBOM.

4. Bik, B SKOMy MOTOMCTBO MOKE€ CAMOCTIfHO HApOJZKYBAaTH, BiTHOCHO MOJIOIHIA.

Reasoning

<no reasoning used for USI method>

Final Corrected Translation

Question: Bu criocrepiraere By, sikuit HApOJIPKY€E JIAIIIE OJIHE IIOTOMCTBO 32 pa3 i Ma€ BiIHOCHO TPUBAJINMI
IUKJI 2KUTTH 77151 cBoro po3Mmipy. 11lo 3 HaBemenoro, iMoBipHO, TAKOXK BIpHO JJIsS BOTO OpTaHi3mMy?
Answers:

1. BiH XvBe B HEIIOJTABHO KOJIOHI30BAHOMY CEPEJIOBHIIL.

2. Ile BomHMit opraxism.

3. Bin noTpebye Bi/ITHOCHO BeJTMKOI OATHKIBCHKOI OIKK 33 IOTOMCTBOM.

4. Bik, B SKOMy IOTOMCTBO MOKE€ CaMOCTIf{HO HApOJIZKYBATH, BITHOCHO MOJIOIHIA.

Figure 4: Universal Self-Improvement (USI) Correction Example
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Input position Avg.rank Top-5 rank combination (positions 1-5) Occurrences
1 3.01 4,1,3,2,5) 4731
2 2.06 (3,1,2,4,5) 3141
3 2.93 4,1,2,3,5) 2997
4 3.07 (3,1,4,2,5) 2600
5 3.93 2,1,3,4,5) 2428
Equal ranks 6324

Table 5: Positional bias in T-RANK ranking for MMLU (EN—UK, n=5 candidates for p=1, translation model
gpt-4o-mini). Average rank per input position (lower = ranked better) and the five most frequent rank combinations.
Position 2 receives the best average rank (2.06) and holds rank 1 in every top combination, confirming a residual
bias towards the second candidate despite the multi-round rotation strategy.

XBad Example (MuBench, Answer Leakage) ‘

v/Good Example (Ours, Correct Translation)

BOHI/I XBUJIIOBAJINCs, IO BUHO 3iHCy€ JIi}KKO
Ta KOBJIPY, ajle _ He OyJio 3i11COBAHO.
What does the blank _ refer to?

Option A: xoBapa
Option B: jtizkk0

Answer with A or B.

Answer: JIi2KKO

IICOBaAHO.
What does the blank _ refer to?

Bonn xButoBaJucs, o BHHO 3ilCye J2KKO
Ta KOBJIpY, ajse _ He Oy(-B/-j1a/-y0/-m) 3i-

Option A: xoBIpa
Option B: jtizkko

Answer with A or B.

Answer: jixkKo ?

Table 6: Winogrande translation examples. Left (MuBench UK Winogrande): answer leakage where the correct
answer “izkko” is implied grammatically in the question itself. Right (our translation): correct translation with
verb morphology masking “6y(-8/-s1a,/-10/-s1)” to prevent answer leakage.

Issue Type

Example

Impact

Semantic Drift

Wrong Terminol-
ogy

Grammar Errors

Literal Transla-

tion

Original: “relatively long lifespan”
Translated: “>xurreBuit nuxir’ (life cycle)
Should be: “rpusamicts xkurtsa”’ (lifespan)
Original: “aquatic organism”

Translated: “Bogsiruii opranizm”

Should be: “Bojuuit opranizm”

Original: “parental care for offspring”
Translated: “Typ6oru 3a nmoromcrBoM”
Should be: “ryp6oru mpo moromcTBO”
Original: “Only I”

Translated: “Tinpku s’

Should be: “Tinbku I”

tLl

Changes the question meaning; “life cycle
refers to developmental stages, not longevity
“Bonganuuit” means “watery” (like soup), while
“pomunii”’ is the correct scientific term for
aquatic

Incorrect preposition usage creates unnatural
phrasing that may confuse native speakers

The Latin numeral “I” is mis-read as the let-
ter and rendered as the Ukrainian pronoun “st”
(I/me); the Roman numeral must be preserved
in Latin script

Table 7: MMLU translation errors (Ukrainian) found in existing benchmarks (Global-MMLU, Okapi). Four
recurring error categories with concrete examples and their impact on evaluation reliability.
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X Bad Example (Okapi, Literal Translation)

\ v Good Example (Ours, Natural Phrasing)

Mu 6aunMo moOYaTKOBHIT €eKpaH 3arojoBka. Mu 6a-
YUMO JIIBUMHKY 61’KaTh Ta pOOUTH BUCOKHI CTPUOOK,
IIPOMIIIOBINK Yepe3 MepekIaanny. Mu

¢Ike 3aKiHUYeHHSI MaEe HAWOIIBIINI ceHC?

A) 6auanmo 6/iu3bKo 30 aiBYAT CTPUOAIOTH.

B) 6aunmo, siKk BOHA 3aKiHYY€E MEPEKJIAINHY Ta BU-
KOHY€ DYTHUHY.

C) norim My 6a49uMO IOBTOP i MOBLIBHMIA TOBTOP.
D) 6aunmo, sk aiBUMHA KUJa€ Olauii M'sid, 1 BiH
JIETUTDH MPSMO TIO TIOJIIO.

Bigmosine: C

Mu 6aunmo TuTyabHMI ekpaH. Mu 6a4mmo, siK JTiB-
ynHa O612KUThH, BUKOHYE CTPUOOK y BHUCOTY 1 repejia-
3uTh Yepe3 mranky. Mu

flke 3akiHueHHs Ma€ HAWOLIbIIMI ceHC?

A) 6auanmo, sk 61u3bKo 30 JIiBYAT CTPUOAIOTH.

B) 6aumnmo, sIK BOHA 3aKiHUye CTPUOOK HAJT IIJIAHKOIO
i 3abupae CBOIO PyTHHY.

C) norim 6a9uMO MOBTOD i yIOBIJIBHEHUN ITOBTOP.
D) 6aunmo, sk aiBuMHa Kugae Olauii M'sd, 1 BiH
JIETUTH IPSIMO Yepe3 IOJIE.

Bianosigs: C

Issue: “nisunnky Oixkarn’ mixes singular accusative
with a plural verb; “TpORIIOBIIN Yepe3 MepeKIaInHy’
is an awkward circumlocution for “making it over the
bar”; option C inserts a disconnected subject ‘v’ that
breaks narrative flow.

Improvement: “jiiguuna Oixxkutn” restores correct agree-
ment; ‘iepenazuTh depes IaHKy is the natural sport
phrase; “riorim Gaunmo” preserves the “Mu. . . moTim
Gaunmo” narrative flow.

Table 8: Hellaswag translation example (Ukrainian). Original English: “We see an opening title screen. We see a

girl run and perform a high jump and make it over the bar. We... — which ending makes the most sense?”
Benchmark Train Val Dev Test All
MMLU - 1531 285 14042 15858
Winogrande - 1267 - - -
ARC-Challenge 1119 299 - 1172 2291
Hellaswag - - — 10042 10042
Total 1119 3097 285 25556 29757

Table 9: Number of examples in each benchmark split (- indicates split not available or not used).

Benchmark UK SK RO LT ET BG EL TR
MMLU 40/TR 40/TR 40/TR 40/USI 40/USI 40/TR 40/USI 40/USI
Hellaswag 40 4o 40 G2F G2F G2F G2F G2F
ARC 40 G2F G2F G2F G2F G2F G2F G2F
Winogrande 4o G2F G2F G2F G2F G2F G2F G2F

Table 10: Model and method for benchmark translation. 40 = GPT-40-mini, G2F = Gemini-2.0-Flash, TR =

T-RANK. If method not specified, USI was used.

Hellaswag Winogrande ARC-Challenge MMLU
Model 0 ot A% 0 ot A% 0] ot A% 0 ot A%
Gemma-3-12B-IT 0.687 0.625 +6.2% 0.580 0.619 -3.9% 0.517 0.470 +4.8% 0.614 0.603 +1.2%
Llama-3.1-8B 0.570 0.540  +3% 0.549 0.495 +5.5% 0431 0416 +1.5% 0497 0.489 +0.9%
Gemma-3-4B-IT  0.578 0528 +5% 0.540 0.501 +3.9% 0.453 0.417 +3.7% 0453 0444 +1%
Qwen3-8B-IT 0.540 0.520 +2% 0.569 0.546 +2.3% 0.448 0404 +4.4% 0.619 0.599 +2%

Table 11: Ukrainian. O=Ours, Ot=Other (Okapi/MuBench/Global-MMLU)
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Hellaswag Winogrande ARC-Challenge MMLU
Model @) ot A% 0O Ot A% 0O O A% @) ot A%
Gemma-3-12B-IT 0.678 0.681 -02% 0.661 0.589 +7.2% 0.486 0.454 +3.2% 0.628 0.614 +1.4%
Gemma-3-4B-IT  0.567 0.567 0% 0.575 0.531 +4.5% 0.412 0394 +1.8% 0.479 0473 +0.6%
Llama-3.1-8B-IT  0.576 0.581 -0.5% 0.616 0.521 +9.5% 0.358 0.357 +0.2% 0.529 0519 +0.9%
Qwen3-8B-IT 0.538 0.537 +0.1% 0.588 0.566 +2.3% 0.368 0.359 +0.8% 0.650 0.632 +1.8%

Table 12: Romanian. O=Ours, Ot=Other (Okapi/MuBench/Global-MMLU)

Winogrande ARC-Challenge
Model Ours Other A% Ours Other A%
Gemma-3-12B-IT 0.610 0.589 +2.1% 0.539 0.509 +3%
Gemma-3-4B-IT  0.554 0.517 +3.7% 0.448 0.444 +0.4%
Llama-3.1-8B-IT 0.547 0.515 +32% 0.443 0.403 +4%
Qwen3-8B-1T 0.555 0.559 -04% 0.428 0.427 +0.1%

Table 13: Slovak. Other=MuBench/Okapi

Winogrande MMLU
Model Ours Other A% Ours Other A%
Gemma-3-12B-IT 0.631 0.557 +7.3% 0.585 0.573 +1.3%
Gemma-3-4B-IT 0.530 0.506 +2.3% 0.433 0.410 +2.3%
Llama-3.1-8B-IT 0.527 0.498 +2.9% 0.431 0.417 +1.4%
Qwen3-8B-IT 0.551 0.530 +2.1% 0.553 0.541 +1.2%
Table 14: Lithuanian. Other=MuBench/Global-MMLU
Winogrande
Model Ours Other A%
Gemma-3-12B-IT 0.615 0.566 +4.9%
Gemma-3-4B-IT 0.541 0.516 +2.5%
Llama-3.1-8B-IT 0.543 0.509 +3.4%
Qwen3-8B-IT 0.517 0.503 +1.4%
Table 15: Estonian. Other=MuBench
Winogrande MMLU
Model Ours Other A% Ours Other A%
Gemma-3-12B-IT 0.635 0.571 +6.5% 0.587 0.581 +0.7%
Gemma-3-4B-IT 0.583 0.514 +7% 0.447 0437 +1%
Llama-3.1-8B-IT 0.573 0.518 +5.5% 0.494 0.480 +1.4%
Qwen3-8B-IT 0.545 0.571 -2.7% 0.588 0.569 +1.8%
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Winogrande MMLU
Model Ours Other A% Ours Other A%
Gemma-3-12B-IT 0.657 0.601 +5.6% 0.593 0.580 +1.3%
Gemma-3-4B-IT  0.598 0.518 +8.0% 0.428 0.421 +0.7%
Llama-3.1-8B-IT 0.593 0.520 +7.3% 0.465 0.446 +2%
Qwen3-8B-1T 0.581 0.528 +5.3% 0.563 0.553 +1.1%

Table 17: Greek. Other=MuBench/Global-MMLU

Hellaswag Winogrande  ARC-Challenge MMLU
Model Ours Other A% Ours Other A% Ours Other A% Ours Other A%
Gemma-3-12B-IT 0.708 0.690 +1.8% 0.643 0.677 -3.5% 0.526 0.495 +3.1% 0.605 0.619 -1.3%
Gemma-3-4B-IT  0.590 0.569 +2.2% 0.588 0.595 -0.7% 0.430 0.410 +2% 0.454 0.469 -1.5%
Llama-3.1-8B-IT 0.539 0.528 +1.1% 0.575 0.605 -3.1% 0.394 0.367 +2.7% 0.481 0.487 -0.6%
Qwen3-8B-IT 0.536 0.518 +1.8% 0.602 0.629 -2.7% 0.414 0.394 +2% 0.619 0.617 +0.2%
Table 18: Bulgarian. Other=INSAIT (professional translators)
Winogrande
Model Ours Other A%
Gemma-3-12B-IT 0.643 0.597 +4.6%
Gemma-3-4B-IT 0.588 0.506 +8.2%
Llama-3.1-8B-IT 0.575 0.505 +6.9%
Qwen3-8B-IT 0.602 0.559 +4.3%
Table 19: Bulgarian. Other=MuBench
Method EN—UK EN—SK EN—RO EN—LT EN—ET EN—BG EN—TR EN—EL
Baseline 0.726 0.741 0.882 0.741 0.788 0.751 0.718 0.802
SC 0.708 0.725 0.869 0.735 0.788 0.749 0.715 0.793
BoN n=5 0.743 0.756 0.895 0.767 0.809 0.788 0.736 0.819
USI n=5 0.750 0.759 0.899 0.766 0.806 0.791 0.733 0.817
T-RANK n=5 0.739 0.745 0.885 0.749 0.799 0.776 0.729 0.811
USI multi-prompt p=5 0.755 0.764 0.898 0.771 0.809 0.793 0.736 0.825
T-RANK multi-prompt p=5 0742 0756  0.883 0753 0797 0778 0726 0811

Table 20: WMT QE (Quality Estimation) reference-free COMET scores for GPT-40-mini

Method EN—-UK EN—SK EN—RO EN—LT EN—ET EN—BG EN—TR EN—EL
Baseline 0.827 0.822 0.873 0.788 0.821 0.834 0.776 0.820
SC 0.821 0.817 0.869 0.790 0.822 0.834 0.834 0.821
BoN n=5 0.844 0.837 0.884 0.805 0.838 0.852 0.791 0.836
USIn=5 0.843 0.839 0.888 0.807 0.842 0.856 0.791 0.838
T-RANK n=5 0.840 0.834 0.885 0.803 0.836 0.855 0.793 0.837
USI multi-prompt p=5 0.849 0.847 0.891 0.817 0.848 0.862 0.803 0.844
T-RANK multi-prompt p=5 0.845 0.841 0.887 0.812 0.843 0.862 0.798 0.841

Table 21: WMT COMET reference-based scores for GPT-40-mini
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Method EN—-UK EN—SK EN—RO EN—LT EN—ET EN—BG EN—TR EN—EL

Baseline 0.904 0.906 0.947 0.906 0.927 0.903 0.904 0.896
SC 0.902 0.908 0.950 0911 0.935 0.902 0.903 0.896
BoN n=5 0.910 0.917 0.956 0.921 0.947 0916 0912 0911
USIn=5 0.913 0.915 0.956 0.924 0.943 0.917 0.910 0.909
T-RANK n=5 0.899 0.906 0.952 0.909 0.932 0911 0.903 0.902
USI multi-prompt p=5 0.919 0.921 0.961 0.932 0.948 0.922 0.918 0.912

T-RANK multi-prompt p=5 0.905 0912 0.954 0912 0.935 0912 0.908 0.904

Table 22: FLORES QE (Quality Estimation) reference-free COMET scores for GPT-40-mini

Method EN—UK EN—SK EN—RO EN—LT EN—ET EN—BG EN—TR EN—EL
Baseline 0.937 0.938 0.939  0.906 0.894 0.943 0.920 0.920
SC 0.937 0.937 0.936 0911 0.902 0.940 0.916 0.923
BoN n=5 0.943 0.945 0.945 0917 0.918 0.951 0.927 0.931
USI n=5 0.945 0.942 0.947 0.922 0.919 0.951 0.924 0.932
T-RANK n=5 0.938 0.937 0.943 0910 0.903 0.947 0.920 0.929
USI multi-prompt p=5 0.947 0.946 0.949  0.928 0.918 0.952 0.931 0.934

T-RANK multi-prompt p=5 0.940 0.943 0.944 0.915 0.907 0.950 0.925 0.932

Table 23: FLORES COMET reference-based scores for GPT-40-mini

Method EN—-UK EN—SK EN—RO EN—LT EN—ET EN—BG EN—TR EN—EL
Baseline 0.688 0.703 0.777 0.704 0.737 0.708 0.683 0.719
SC 0.687 0.706 0.777 0.706 0.736 0.709 0.685 0.722
BoN n=5 0.687 0.707 0.780 0.710 0.743 0.713 0.689 0.723
USI multi-prompt p=5 0.698 0.716 0.785 0.718 0.753 0.721 0.697 0.731

T-RANK multi-prompt p=5 0.697 0.713 0.781 0.716 0.749 0.718 0.695 0.726

Table 24: WMT QE (Quality Estimation) reference-free COMET scores for Gemini-2.0-flash

Method EN—-UK EN—SK EN—RO EN—LT EN—ET EN—BG EN—TR EN—EL
Baseline 0.828 0.829 0.867 0.805 0.847 0.840 0.778 0.821
SC 0.826 0.834 0.868 0.808 0.845 0.841 0.779 0.824
BoN n=5 0.828 0.836 0.870 0.814 0.852 0.843 0.785 0.823
USI multi-prompt p=5 0.841 0.843 0.881 0.826 0.862 0.856 0.797 0.836

T-RANK multi-prompt p=5 0.841 0.849 0.882 0.827 0.861 0.859 0.800 0.838

Table 25: WMT COMET reference-based scores for Gemini-2.0-flash
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Method

Prompt Template

Base Translation

Instructions: Imagine you’re part of a team at an international education center that’s revamping its
exams for a global audience. Your job is to translate an English question and its answer options into
<target_language> so that students from <target_language> schools can be evaluated too. Just provide
the final translation—leave out any extra comments or explanations. Use language which is authentic
for <target_language> natives. Remember to keep the answer options connected to the question, using
the same format as the original (a list for multiple choices or plain text for a single answer). Please do
not translate valid code in any of the programming languages.

Original text: {"Original_question": "<original_question>", "Original_answers": "<origi-
nal_answers>"}

Output instructions: Now, please give your final translation in <target_language> exactly in this
format, with only the translated content: {"Question": "your_translated_question", "Answers": "trans-
lated_answers"}

USI Judge

My task is to translate BENCHMARK questions with answers from English to <target_language>.
Your task is to evaluate if the response preserves the original question idea and to verify the correctness
of declension and conjunction of words in the target language.

The original text in English is: Question: <original question>, Answers: <original answers>

I have generated the following responses: <responses>

Combine the best features from responses to form the best response from grammatical and coherent
points of view. Look for the next metrics: * Quality of translation, including grammatical correctness *
Domain knowledge - were the terms correctly translated w.r.t to domain? Were coding terms or function
names preserved (not translated)? * Is the question text fully translated? Is the question idea preserved?
* Are all the answer options/texts fully translated? * Are the words written correctly? Are there any
typos?

Output only the selected response: Question: selected question, Answer: selected answers

T-RANK Ranking

My task is to translate BENCHMARK questions from English to <target_language>. Your task is to
rank my translations and select the best one.

Ranking criteria:

* Quality of translation * Domain knowledge - were the terms correctly translated w.r.t to domain?
Were coding terms or function names preserved (one would usually not translate coding operators or
function names)? * Is the question text fully translated? Is the question idea preserved? * Are all the
answer options/texts fully translated? * Are the words written correctly? Are there any typos? * Are
the declension and the conjunction of words written correctly in the target language if you connect
answer options with the question?

Original: {"original_question": "<original _question>", "original_answers": <original_answers>}
Candidates: <responses>

Instruction: Select the best response (1st place = best). Correct if needed before output.

Output: Reasoning, then: {"summary": "..", "final_ranks": {...}, '"rankings_list": [...],
"best_translation": {...}}

Best-of-N Scoring

My task is to translate questions from English to <target_language>. Score my translations 1-10 (10 =
best).

Original: Question: <original_question>, Answers: <original_answers>

Scoring metrics: (1) Translation quality; (2) Question fully translated?; (3) All answers translated?; (4)
Question idea preserved?; (5) Correct grammar?

Responses: <responses>

Output scores only: Response 1: score, Response 2: score, ..., Answers: [list of scores]

Table 26: Translation prompt templates for different methods
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LLM-as-a-judge Quality Evaluation Prompt

Current User Query

"instruction": Your task is compare two translation from from English to Ukrainian and compare their
advantages and disadvantages. Lastly, you have to pick one of three choices: A is better, B is better or
they are equal.

Original text (English)

<original_text>

Translation A (Ukrainian)

<begin_of_translation_A> <output_1> <end_of_translation_A>

Translation B (Ukrainian)

<begin_of_translation_B> <output_2> <end_of_translation_B>

Evaluation

Rules

You should compare the above two translations from English to Ukrainian based on your analysis of
the user queries. You should first write down your analysis and the checklist that you used for the
evaluation, and then provide your assessment according to the checklist. There are two choices to
give your final assessment: ["A+", "B+",], which correspond to the following meanings:

- ‘A+°: Translation A is better than Translation B.

- ‘B+°‘: Translation B is better than Translation A.

- ‘T=": Translation A and Translation B are equally good. Tie.

Output Format

First, please output your analysis for each model translation from English to Ukrainian, and then
summarize your assessment to three aspects: "reason A>B", and "reason B>A", and finally make
your choice for the final assessment. Please provide your evaluation results in the following json
format (starting with and ending with ), with no quotes around the curly brackets by filling in the
placeholders in []:

analysis_of_A: <analysis of Translation A>,

analysis_of_B: <analysis of Translation B>,

reason_of_A_equals_B: <where Translation A and B perform equally well>,
reason_of_A_better_than_B: <where Translation A is better than Translation B>,

reason_of B_better_than_A: <where Translation B is better than Translation A>,
choice: <A+, B+ or T=>

Your translation should be a valid json dictionary following exactly this format.

Your answer:

Figure 5: LLM-as-a-judge Quality Evaluation Prompt
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