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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has been successfully applied
to significantly boost the capabilities of pre-
trained large language models, especially in the
math and logic problem domains. However, cur-
rent research and available training datasets re-
main English-centric. While multilingual train-
ing data and benchmarks have been created in
the past, they were not created with RLVR
and current model capability in mind, and their
level of difficulty is often too low to provide
appropriate training signals for current models.
To address this gap, we provide mAceReason-
Math, a dataset of high-quality translations of
challenging math problems sourced from a cor-
pus specifically curated for RLVR (AceReason-
Math). We further take specific care to clean
and improve our translations, resulting in a cov-
erage of 14 languages with more than 10,000
samples per language. We release the dataset
to facilitate multilingual RLVR research and
benchmarking in the research community.'

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR, Lambert et al., 2025) has unlocked the lat-
est jump in capabilities of Large Language Mod-
els (LLMs), with a particular focus of recent re-
search on the math and logical reasoning domains.
In particular, Group Relative Policy Optimization
(GRPO, Shao et al., 2024) coupled with RLVR has
been widely applied. For the success of these Re-
inforcement Learning-based training methods, hit-
ting a “Goldilocks zone” of difficulty that matches
the current policy’s capabilities is critical (An et al.,
2025). For current state-of-the-art models, which
substantially exceed the capabilities of previous gen-
erations, this has led to the curation and generation
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of challenging problem corpora such as AceReason-
Math (Chen et al., 2025), DAPO-Math-17k (Yu
et al., 2025) or POLARIS-53k (An et al., 2025).

However, these valuable resources remain lim-
ited to English, posing a significant barrier to re-
search on GRPO and RLVR in multilingual settings.
In this work, we aim to address this gap by pro-
viding over 140k high-quality translations of diffi-
cult mathematical problems from AceReason-Math
(Chen et al., 2025), covering 14 languages with
10k+ samples per language, 7,572 of which are par-
allel across all languages. As human translation at
this magnitude carries prohibitive cost, we employ
a hybrid approach using both LLM-based transla-
tion and human native-speaker verification in 10 of
our translation languages. This approach allows us
to scale our pipeline beyond small-scale datasets.
We release the collected data to benefit the research
community and facilitate multilingual research in
the important new RLVR paradigm.

2 Related Work

RLVR (Lambert et al., 2025) on mathematical rea-
soning problems has been widely used in the re-
cent literature to study GRPO (Shao et al., 2024).
As an appropriate difficulty level of the problems
to match model capabilities is crucial, researchers
have quickly shifted from easier datasets, such as
GSMBS8K (Cobbe et al., 2021), to datasets with more
challenging problems and more available samples
(Hendrycks et al., 2021; Chen et al., 2025; Yuet al.,
2025; An et al., 2025). This research direction has
yielded numerous improvements over the originally
proposed GRPO formulation (e.g., Liu et al., 2025;
Yu et al., 2025; An et al., 2025; Luo et al., 2025a).
However, these studies have been almost exclusively
English-centric. Multilingual datasets on the diffi-
culty level of GSMS8K exist (Shi et al., 2022; Chen
et al., 2023) but efforts to provide more challenging
multilingual problem sets have only recently been
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English (Original)

Translated (Language)

How many integers are there between (11.1)® and (11.2)3?

German: Wie viele ganze Zahlen gibt es zwischen (11,1)3
und (11,2)%?

2—m

Given the function f(z) = = is defined on the interval
[~3 — m, m? — m] and is an odd function, then f(m) = ?

Italian: Data la funzione f(z) = 2° ™ definita
nell'intervallo [-3 — m, m> — m] che & una funzione dis-
pari, allora f(m) =?

A circle with radius R is inscribed in an isosceles trapezoid.
The upper base of the trapezoid is half of its height. Find the
area of the trapezoid.

Japanese: 7% R OFMB ZFHHARFICHEL TV 5,
ZOBFD LEEEZDESTH %, BIEOHEL K
o X,

Given that an office at a school needs to arrange a duty roster
from the 1st to the 6th day with six designated individuals
participating, find the total number of different arrangements
possible, given that person A and person B cannot be adjacent,
and person C and person D also cannot be adjacent.

Chinese: “FHEINEFTRELZHE 6 MEEN RS 1
KRENE 6 RIATEIE, TP AREAELT, WAIT W
ARERHRR, RILGZDMAFN LT,

Given a function f(z) = log, (\/x2 +14+ x) + aw171 + %,
where @ > Oand a # 1. If f (log;b) = 5 for b > 0 and
b # 1, find the value of f (log% b).

Russian: [lana gynkus f(z) = log, (VzZ+1+z) +
L+ %,rnea > O0una # 1. Ecm f (log; b) = 5 qus

a®—1

b > 0wub # 1, Haiinu 3HaueHue f (log% b).

If 105 customers purchased a total of 300 cans of soda, with
every customer purchasing at least one can of soda, determine
the maximum possible median number of cans of soda bought
per customer that day.

Brazilian Portuguese: Se 105 clientes compraram um to-
tal de 300 latas de refrigerante, sendo que cada cliente com-
prou pelo menos uma lata de refrigerante, determine a medi-
ana maxima possivel do nimero de latas de refrigerante com-
pradas por cliente naquele dia.

Table 1: Examples of original samples and their translations to selected target languages from our final dataset.

made (Wang et al., 2025; Luo et al., 2025b). Still,
these more challenging datasets remain limited in
size with fewer than 600 samples per language. This
leaves them as valuable resources for multilingual
model evaluation but does not enable multilingual
GRPO training studies. This gap motivates our
work in this paper to create a larger multilingual
dataset of challenging mathematical problems.

3 Dataset Creation

In this paper, we release a dataset with over 140k
high-quality translations of challenging math prob-
lems sourced from existing English datasets used for
GRPO training (Chen et al., 2025). In the following,
we describe the dataset creation process. We show
samples from the final dataset in Table 1.

3.1 Cleaning the base data

We manually inspect the original samples from
AceReason-Math and observe several patterns of
corrupted or unclean data. We distinguish these into
salvageable/surface-level issues (we fix and translate
these) and critical issues (which exclude samples
from further processing). We describe our process-
ing in the following and provide illustrative samples
in Table 5.

Critical issues (~4%). We employ a hybrid strat-
egy for filtering out samples, combining program-
matic and LLM-based filtering. Programmatically,

we use custom-written regular expressions to filter
out any samples which contain links to images or
image placeholders like [IMAGE]. In general, we
remove all samples which contain an URL to avoid
cases where a question can only be solved with
context provided in an external resource. We also
search for samples containing further keywords as-
sociated with referring to external content — such
as “Figure”, “diagram” — and filter out any that are
problematic in a manual review. We further remove
any samples that contain “\boxed{[...]1}”, as
this was often part of an instruction for the answer
format, which might be different from the setup a
user of the dataset might want to employ.”

For other — less structured — failure patterns, we
collect examples and inject them into our data clean-
ing prompt (see Appendix A.1). These include:
(1) stating the solution in the actual question, ren-
dering the sample useless for RLVR training and
benchmarking.? (2) Samples that are only solvable
with access to referenced supplementary material
(e.g., “Given f as defined previously...”), which is
not present. (3) Questions phrased as “How can you

” when the actual solution given is just a single
number (e.g., “[...] How can we choose f such that
y is minimal?” when the solution given is just the

For example, “<answer>[...]</answer>".

3These solutions could be stripped to keep using the sam-
ples but we exclude these for simplicity, as we are not using
the entire base dataset for translation in any case.
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minimal amount). (4) Some samples are in a lan-
guage other than English (Croatian or Romanian).

We exclude all samples which are classified as be-
longing to any of the above categories of critical is-
sues, which amounts to roughly 4% of our consid-
ered original data.

Salvageable issues (~11%). Salvageable issues
are more common than critical issues: (1) by far the
largest share is made up by “task annotations” such
as Task 5.4: or [21st Math Olympiad].
These might not be very harmful during RLVR
training but we choose to remove these on princi-
ple to yield a cleaner dataset. For uniquely identifi-
able patterns such as Task X.X (X points),
we write regular expressions to remove these. How-
ever, we do not catch all occurrences, so we also
add these to our LLM-based cleaning pipeline.
(2) Extraction, IATEX and formatting issues that
are easily correctable based on the context (e.g.,
$x 2 + 5 ?$ when it is clear from context
that $x*2 + 5 ?$ is correct). (3) Some sam-
ples appear to also contain LLM instructions that
were used during dataset construction, e.g., “Trans-
late the above text into English, please retain the
original text’s line breaks and format, and output the
translation result directly”. In total, roughly 11%
of the original samples we treat have salvageable is-
sues.

We collect examples for commonly occurring pat-
terns and add these to a “data-cleaning” prompt. Be-
fore we translate a sample, we first prompt Claude
Sonnet 4 (Anthropic, 2025b) to adapt the English
version if such salvageable issues are detected.

Additionally, some samples refer to diagrams pro-
vided in the actual question as [asy] code. Since
solving these tasks is possible but heavily relies on
the specialized skill of parsing these [asy] instruc-
tions, we still translate these samples but provide
them in a separate split.

3.2 Translation

After we have cleaned and filtered the source data,
we now enter the translation phase. We provide our
prompts in Appendix A.

Initial human translation quality review. We
first create initial translations of a random sample
of 100 English problems using Claude Sonnet 4 and
conduct a human review with native-speaker anno-
tators in German, French, Italian, Spanish, Chinese,
Korean, Japanese, Thai, Russian, and Brazilian Por-

93

tuguese*. In this round, 97% of translations were
rated as “acceptable” (understandable but phrasing
could be improved) or “excellent”. Of the transla-
tions that were rated as problematic, a large por-
tion is due to mismatches or changes of IAIEX con-
tent compared to the original English version. We
analyze the suggested improvements and issues de-
tected by the native-speaker annotators and improve
our prompts for the full translation run.

Full translation run. For the full translation run,
we employ an iterative LLM-based refinement pro-
cess (also using Claude Sonnet 4). We first create an
initial translation as in our initial run (but using the
improved prompts). In particular, we prompt to re-
spect number formatting conventions (e.g., US En-
glish 12,345.67 vs. German 12.345,67). Then, the
translations are first graded using pre-defined grad-
ing criteria similar to our human annotator guide-
lines and subsequently improved using a refinement
prompt, in case issues are detected. We observed
that this approach leads to an improved translation
quality and avoids rare but obvious errors in the
initial translations. We run this improvement loop
up to five times and discard translations which are
not accepted in the LLM-based grading round by
then. The majority of samples do not need to en-
ter this improvement loop and are accepted imme-
diately. We report improvement loop statistics in
Appendix B.

3.3 Compiling the final dataset

Parallel train split. For research into multilin-
gual model training and evaluation, parallel data
across all languages ensures that results are compa-
rable. Therefore, we construct a parallel split which
contains only samples for which we have transla-
tions that have been accepted in our translation stage
for all of our target languages. Our final parallel
train split contains 7,572 samples per language.

Full train split. We additionally compile full
train splits which contain all available translations
for each language, although these splits are no longer
parallel across all languages. The full train splits per
language contain 10,137-12,172 samples, varying
per language.

*Native-speaker validation excludes Swahili, Telugu and
Bengali. We still provide translations into these languages to
increase language coverage.



Model en zh de es fr it pt ru ja ko th bn te SW Average

gpt-oss-20b 793 795 78.0 755 79.0 76.0 767 80.0 789 76.1 785 744 781 653 76.8+3.6
SmolLM3-3B 77.8 534 69.6 727 720 69.7 71.6 69.0 58.1 547 59.1 278 164 20.0 56.6+19.8
gemma-3-12b-it 58.0 503 47.6 534 535 532 522 51.8 472 473 521 417 420 41.6 494+49
gemma-3-4b-it 283 345 298 451 41.6 422 41.0 38.6 232 322 341 236 240 221 329476
gemma-3-1b-it 197 93 96 116 103 11.1 108 99 80 61 67 72 47 31 9.1+38

DeepSeek-R1-Distill-Qwen-7B 835 80.7 657 692 699 695 676 688 63.0 651 597 674 474 244 6441138
DeepSeek-R1-Distill-Qwen-1.5B 64.9 57.2 323 414 46.1 403 43.8 449 49.7 305 294 332 205 167 393+129

Table 2: We report the average accuracy over eight sampled responses per prompt (avg@8) of different open-weight
models across languages on the test split of our dataset. The Average column reports mean =+ std across languages.

Eval: training languages

Eval: other languages

Train | en de ko SW es fr it pt zh ja ru bn te th Average
en 30.9 ¢68) 237 i) 228 142 94 w3 2501 sy 252 wies 267 wien  23.6 +129) 18.0 835 184 w0 25.6 w7y 178 ¢122 122664 195 w135 214 12
de 293 453 248 w169 228 a2 9.7 wan 288 95 27.6 +189) 264 w16y 274 +166) 262 168) 252 170) 269 oy 19.6 +139) 143 685 241 sy 23.8 147
ko 30.1 w6y 27.2+193) 242156 9.9 49 295 202 268 180y 27.6 4176 27.2 w164y 284 +19.0) 273 1oy 271 +193) 203 4147 15.6 98 243 1183 24.7 (+156)
swW 28040 237 15 203 ¢ 120 469 25.7 iy 264 176 239 139 263 w155 183 489 23.7 155 26.1 ¢1s3)  18.6 w130 147 @89 22.0 i) 22.1 +130)

Table 3: Performance of Qwen?2.

5-1.5B-Instruct on our test split after GRPO training on the parallel train

split of our dataset in different languages. We report the average accuracy over eight sampled responses per prompt
(avg@8) and the improvement over the untrained checkpoint’s avg@8 score in parentheses.

Human-validated test set. We use a random
sample of 183 items® which have translations in all
our target languages as our test set (these samples
are removed from all other splits). We again con-
duct a human review of these samples with native-
speaker annotators for the same subset of languages.
This time, we render I4TEX content on our anno-
tation platform using MathJax® to directly display
mathematical content instead of I&TEX code, which
our annotators were not familiar with.

As in our initial rounds, samples marked as
“problematic” and suggestions provided by human
native-speaker annotators in case of “acceptable”
ratings can be noisy. Issues often stem from lack
of mathematical understanding or domain knowl-
edge.” Therefore, we do not directly apply the
suggestions but instead filter them selectively with
Claude Sonnet 4. We additionally manually check
all translations marked as “problematic”.

We are left with roughly 0.1% of individual trans-
lations rated as “problematic” (two translations in
total, to French and Brazilian Portuguese, respec-
tively). Additionally, we apply post-editing sugges-
tions by our annotators which were only marked
as improving naturalness or stylistic choices rather
than critical in 36% of samples.

SWe started with 200 samples but filtered out samples in an
additional post-hoc cleaning round based on the steps described
in Section 3.1.

*https://www.mathjax.org

"For example, the following suggested “improvement” in
German: “sequence” should be translated as “Sequenz”
instead of “Folge”. Here, “Sequenz” would be the literal
German translation but “Folge” is the appropriate German
mathematical term.
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4 Evaluation

We evaluate open-weight models from several fami-
lies — Gemma 3 (Gemma Team et al., 2025), gpt-
oss (OpenAl et al., 2025), SmolLM3 (Bakouch
et al., 2025), and the distilled DeepSeek-R1 mod-
els (DeepSeek-Al et al., 2025) — on the human-
validated parallel test set in Table 2. Overall, we find
consistent trends of larger models exhibiting better
performance (i.e., within model families). Addition-
ally, we observe substantial differences in perfor-
mance across languages, motivating the creation of
our dataset. We provide further evaluations and de-
tails in Appendix E.

We further run GRPO training of Qwen2.5-1.5B-
Instruct (Qwen et al., 2025) in four selected lan-
guages (English, German, Korean, Swahili) on our
parallel train split® and report the results in Table 3.
The training details are reported in Appendix D. In-
terestingly, while training in English yields the best
performance when testing in English, the best per-
formance in other test languages is often achieved
by training in German or Korean. All training lan-
guages yield substantial crosslingual transfer across
tested languages, even when training in the lesser-
resourced language Swahili.

Taken together, our results show substantial
language-dependent performance differences and
asymmetric crosslingual transfer in mathematical
reasoning in our small-scale experiments. We hope
that the release of mAceReason-Math will enable

$Training used an earlier version of this split that included
some samples which we removed in the release, in particular

reworded copies of 23 test problems. Results on the other test
items are consistent with those on the full test set.
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further studies of these phenomena.

At the time of writing, frontier systems solve
olympiad problems at gold-medal standard (Google
DeepMind, 2025) and have contributed to re-
solving long-standing open problems such as the
Erdés unit distance conjecture (Alon et al., 2026).
mAceReason-Math is not designed to challenge
such systems. We instead see its main value in multi-
lingual RLVR and GRPO research with the smaller
open models commonly used in academic work (Liu
et al., 2025; Luo et al., 2025a; Zeng et al., 2025;
Shao et al., 2026).

5 Conclusion

We release mAceReason-Math, a multilingual ver-
sion of a filtered subset of AceReason-Math, cov-
ering 14 languages in total and comprising 10k+
translated problems per language in 13 languages,
cleaned versions of the original English problems,
a fully parallel train split of 7,572 samples per lan-
guage, and a test set of 183 samples with native-
speaker validation of the translations in 10 lan-
guages. Our pipeline combines targeted cleaning
with iterative LLM translation and native-speaker
checks to produce faithful, high-quality translated
problems. While mAceReason-Math is not in-
tended to challenge frontier models, it provides a
multilingual resource for RLVR research in aca-
demic work.

Limitations

mAceReason-Math relies on an LL.M-based transla-
tion and refinement pipeline, so residual translation
or formatting errors may persist despite extensive
quality control. mAceReason-Math is further based
on English data from AceReason-Math (Chen et al.,
2025). We apply cleaning and filtering as described
in Section 3.1 but some wrong or underspecified
problems might remain. We validate the pipeline
with native-speaker annotators, but this excludes
Swahili, Telugu, and Bengali due to a lack of avail-
able annotators. Translation quality may therefore
be more variable for these languages. Moreover,
only the test set received full native-speaker review
of the final translations (again excluding Swahili,
Telugu, and Bengali). Our evaluation also depends
on automated answer verification tools”, which of-
ten handle non-US number formatting (e.g., com-
mas as decimal separators) but may be less reliable

°Such as https://github.com/huggingface/
Math-Verify.
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for complex expressions, potentially leading to oc-
casional false negatives.
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A Translation Pipeline Prompts

We report the prompts used in our LLM-based
translation pipeline in the following. We report the
prompt used for filtering and cleaning the English
base data in Appendix A.1. In Appendix A.2, we
report the prompt used for initial translations into
the target languages. Appendix A.3 contains the
prompt used for LLM-based assessment of trans-
lations and the generation of improvement sugges-
tions. Finally, Appendix A.4 contains the prompt
used for improving translations based on these de-
tected issues and improvement suggestions.

A.1 Filtering
# Mathematical Content Quality Assessment & Cleanup

You are analyzing mathematical problem-solution pairs for
< quality issues and artifacts. This is critical quality
< control before translation.

## Content to Analyze:
<problem>{problem}</problem>
<solution>{answer}</solution>

Your Task:

**Assess if severely corrupted**
translation)

**Clean up artifacts** (if content is salvageable)
**Assign appropriate tags** based on issues found

(unsuitable for

wn [ rx

## SEVERE CORRUPTION CRITERIA (Filter Out):

### Content Integrity Issues:
— **corruption_solution_given**:
< question itself. Examples:
{self._format_examples_section("solution_in_gquestion",

Answer provided in the
5)}
Questions asking "how can

Examples:
5)}

- **corruption_open_ended**:
< vyou..." instead of specific answers.
{self._format_examples_section ("open_ended",

— **corruption_non_english**:
— Examples:
{self._format_examples_section("non_english",

Problems not in English.
1)}

— **corruption_missing_context**: References undefined
< context or nonsensical Q&A pairs. Examples:
{self._format_examples_section("nonsensical_ga", 1)}
— **corruption_unintelligible**:
<> problem statements

Completely incoherent

— **corruption_domain_specific**: Requires ultra-specific

< non-mathematical knowledge. Examples:
— Tax problems requiring specific German tax brackets for
— 2023

— Problems requiring knowledge of specific company stock
< prices on exact dates

— **corruption_multiple_unrelated**: Multiple unrelated
< problems or repeated questions

— **corruption_other**: Severe corruption that doesn't fit

< any of the above categories. **Use sparingly** and only
< when content is clearly severely corrupted but doesn't
— match existing patterns. Must provide detailed

< corruption_reasons explaining the specific issue.

## ARTIFACT CLEANUP (Fixable Issues):
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**CRITICAL SAFETY RULE**: Only remove/fix artifacts that do
< NOT change the expected solution or important
<— mathematical context. Never alter mathematical meaning.

### Question Artifacts to Clean:
— **cleanup_question_cleaned**:
< problems:
— Author attributions:
— [Name]", etc.
— Creation timestamps or metadata
— Platform-specific tags or markers
— Problem source artifacts like "International Math
< Olympiad: [Problem]"
— Graded question formatting like "[Problem]
< or "## Task 6.2" or "Example 7"
— Leading task artifacts such as "I-22" in "I-22.
< Calculate 2+3." or "3-2." in "3.2. Is 234 a prime
< number?"

Remove these artifacts from

"**Created by [Name]**", "By:

(6 points)"

— **cleanup_question_fixed**: Fix malformed "question"
statements by rephrasing into proper questions. **Use
sparingly and only when it significantly improves the
problem quality.** Examples:

— Incomplete statements: "10. The positive integer pairs

$(a, b)=$ $\\gquad$ , where $a \\neqg b$, that make

S\\frac{{a b*{{2}}}}{{atb}}$ a prime number." - "Find

the positive integer pairs $(a, b)$ where Sa \\neq b$,

that make $\\frac{{a b"{{2}}}}{{a+b}}$ a prime
number."

— Statement format: "The value of $\\sqrt{{16}}$." - "What

< is the value of $\\sqrt{{16}}$?"

— Rephrasing unclear statements: "Calculate the area of

< triangle ABC with vertices A(0,0), B(3,0), C(0,4)

< using the coordinate formula." - "What is the area of

< triangle ABC with vertices A(0,0), B(3,0), C(0,4)2"

—
—
—

TEELY

**IMPORTANT** :
sy
s
oy
oy

Only apply cleanup_question_fixed when the
original statement is genuinely unclear or confusing. Do
not rephrase statements that are already mathematically
clear, even if they lack traditional question
formatting. When in doubt, leave the problem unchanged.

### Solution Artifacts to Clean:

— **cleanup_solution_cleaned**: Remove these from solutions:
— Unnecessary LaTeX spacing commands: "\\," (small space),
—  "\\;" (medium space), "\\!" (negative space)

— Stray formatting characters that don't contribute to
<% mathematical meaning
— Metadata or attribution text in solutions

— **cleanup_solution_fixed**: Fix obvious extraction errors

< in solutions (only when correction is completely obvious
<~ from context). Examples:
— Incomplete expressions: ""2=" missing variable - "x"2="
- Missing variables: " ("2+b"2+72)" - " (a”2+b"2+c"2)"
— Obviously broken notation
**WARNING**: Never "fix" solutions in complex ways requiring
< actual mathematical reasoning or computation.

## Response Format:

**If severely corrupted:**
" json
{{

"severity_assessment": {{
"is_severely_corrupted": true,
"corruption_reasons":

e

"tags": ["corrupti

— ption_open_ended"],

"artifacts_found": false

+

["Specific reasons"]

n_solution_given",
"corrug

**If clean (no issues) :**
"' Json
{{

"severity_assessment": {{
"is_severely_corrupted":
"corruption_reasons": []

e

"tags": [],

"artifacts_found":

T}

false,

false

**If artifacts cleaned:**
“Jjson
{{
"artifacts_found": true,
"changes_made": ["Removed problem numbering 'I-22'",
< "Fixed incomplete statement to proper question"],
"cleaned_problem": "Problem aft
"cleaned_solution": "Solution after cleanup",
"severity_assessment": {{
"is_severely_corrupted":
"corruption_reasons": []
Ty

er cleanup",

false,


https://arxiv.org/abs/2503.14476
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"tags": ["cleanup_guestion_cleaned",
— "cleanup_question_fixed"]

b}

**Conservative approach**:
< when >90% confident.

Only rephrase question / solution

**Think step by step before giving your final output.

< Examine every aspect of the content for mathematical
< coherence, logical consistency, and fundamental
<+ integrity before making your assessment.**

Your final output should contain ONLY a valid JSON object
< within <answer> and </answer> tags

A.2 Translation
# Mathematical Problem Translation

You are translating mathematical and logical reasoning
< problems from English to {language_name}.

## Problem to Translate:
<problem>{task.original_problem}</problem>
<solution>{task.original_answer}</solution>

## Critical Translation Guidelines:

### Mathematical Accuracy (CRITICAL):

1. **Preserve all mathematical concepts**: All variables
< numbers, equations, and logical relationships must

< remain identical

2. **Maintain problem structure**: The mathematical logic
< and problem logic must be unchanged

3. **Verify mathematical consistency**: Ensure translated
< problem leads to the same solution method

### LaTeX Handling (CRITICAL):

**NEVER translate LaTeX content**: Preserve all content
within “$...$" or "\\(...\\)  exactly as written

**Preserve exact spacing**: Match LaTeX spacing and
notation style precisely (e.g., do not change
“$\\triangle A B C$' to '$\\triangle ABCS$')

**Within LaTeX, only translate \\text{{}} content**:
Within LaTeX, only translate natural language inside
“\Ntext{{...}}’

**Keep LaTeX environments**: Maintain “$...S5°,

N\ (...\\) ", "\\begin{{equation}}...\\end{{equation}}’
notation exactly and do not switch in the translation

**DO NOT TRANSLATE mathematical or other
language—-agnostic content**:

— Pure numbers, mathematical expressions,

< symbols or notation: "42", "-7", "Q",
<~ "sin(mn/4)", "y = mx + b", ...

— Keep LaTeX or mathematical markup such as:

—  "\\frac{{}}{{}}", "\\angle{{}}", "\\overline{{}}",

—  ™\\triangle{{}}",

foffslffeffype

formulas,
nyzm,

### Natural Language Quality (CRITICAL):

**Standard mathematical terminology**: Use terms familiar
to native {language_name} speakers. For jargon or
technical terms, use the terms that would be commonly
used in {language_name} higher education contexts.

**Cultural Context**: If it does not influence the logic
of the problem, localize English-centric references to a
{language_name} cultural context.

1. **Create natural flow**: Use natural {language_name}

— sentence structure, not word-for-word translation. A
< natural translation that restructures sentences flow or
< word order is better than an awkward literal

— word-for-word translation.

2. **Use informal register**: Use informal forms (e.g.

<~ German: "Du" instead of "Sie", French: "tu" instead of
— "vous", etc.)

3. **Apply number formatting**: Use {language_name} number
— formatting conventions (e.g. for German use 12.345,60
< instead of the English: 12,345.60)

4.

s

sy

s

5.

[N

[N

### Answer Format Requirements:

**Always use Arabic numerals**: Answers must use 0-9
digits regardless of target language

**Apply number formatting**: Use {language_name} number
formatting conventions (e.g. for German use 12.345,60
instead of the English: 12,345.60)

**Translate natural language**: Convert
"True"/"False"/"Increasing" etc. to {language_name}

**Keep mathematical notation unchanged**: Preserve LaTeX,
formulas, expressions exactly

**Match original LaTeX style**: Don't add or remove LaTeX
formatting unless number conventions differ

folelellIrle

### Language-Specific Guidelines for {language_name}:
{self._get_language_specific_guidelines (task.language) }

## Response Format:

Respond with a JSON object containing:

— “translated_problem : string (the problem translated to
— {language_name})
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- ‘translated_solution’ : string (translated if natural

< language, unchanged if mathematical)
First, think step by step. Then output your final JSON
< translation within <answer> and </answer> tags.

A.3 Grading

# Mathematical Problem Translation Quality Assessment

You are assessing the quality of a mathematical problem
< translation from English to {language_name}.

## Original (English):
<problem>{task.original_problem}</problem>
<solution>{task.original_answer}</solution>

## Translation ({language_name}):
<problem>{translated_problem}</problem>
<solution>{translated_solution}</solution>

## Assessment Criteria (Based on Annotation Guidelines):

### Critical Issues (Must be perfect):
1. **Mathematical Accuracy**: All mathematical concepts,

< relationships, and logical structures preserved exactly
2. **LaTeX Consistency**:

- All “$...$ and \\(...\\)  content identical to

< original

- Spacing within LaTeX matches exactly (e.g.,

< “S$\\triangle A B C$ spacing preserved)

- Only “\\text{{...}} content translated within LaTeX
3. **Logical Consistency**: Translation maintains same
< mathematical relationships as original. No new details
< should be "invented"
4. **Answer Format**:

— Natural language properly translated to {language_name}
— Mathematical notation unchanged from original

— Arabic numerals used correctly

— Answer matches question if cultural or other details in
< the question were changed to be more appropriate for
— {language_name}

### Critical Quality Considerations:

**Number Formatting**: Applies {language_name}
conventions appropriately

1. **Mathematical Terminology**: Uses appropriate

< {language_name} mathematical terms commonly used in
< {language_name} higher education

2. **Natural Fluency**: Sounds natural to native

< {language_name} speakers (no "translationese"). A natural
< translation that restructures sentences flow or word
< order is better than an awkward literal word-for-word
< translation

3. **Register Appropriateness**: Uses informal register
< correctly

4.

N

### Important Checks:

— **Terminology Accuracy**:
< mathematical terms

— **LaTeX Preservation**:
< LaTeX formatting
— **Natural Flow**:

<~ {language_name},
< translations

— **Cultural Appropriateness**: Check mathematical
< conventions for {language_name}

Flag non-standard or incorrect
Verify exact match with original

Assess if translation sounds natural in
avoid overly literal and stilted

## Required Response Format:
Respond with a JSON object containing:
— “translation_quality_is_excellent  :
< ©NO issues found)

— ‘“concrete_issues’ : array of strings (specific issues with
— format: "Issue: [description]. Suggestion: [fix]")

- "mathematical_accuracy_preserved : boolean (true if all
< math concepts preserved)
- “answer_handling_correct’:

boolean (true only if

boolean (true if answer was

< handled correctly)

For terminology issues, use format: "Mathematical

< terminology: '[English term]' should be translated as
< '[correct {language_name} term]' instead of '[current
< translation]'"

First, think step by step. Then, as your final answer,

< output ONLY a valid JSON object within <answer> and
< </answer> tags.

A4 Translation improvement

# Mathematical Problem Translation Improvement

You are improving a mathematical problem translation from
< English to {language_name} based on specific identified
<~ issues.

## Original (English):
<problem>{task.original_problem}</problem>
<solution>{task.original_answer}</solution>



Language Train (Parallel) Test (Parallel) Train (All)
English 7,572 183 12,172
German 7,572 183 11,066
French 7,572 183 10,915
Spanish 7,572 183 11,278
Chinese 7,572 183 10,336
Russian 7,572 183 11,093
Japanese 7,572 183 10,249
Swahili 7,572 183 10,982
Telugu 7,572 183 10,825
Bengali 7,572 183 10,939
Thai 7,572 183 10,967
Brazilian Portuguese 7,572 183 10,565
Italian 7,572 183 10,577
Korean 7,572 183 10,137

Table 4: Number of samples in mAceReason-Math per
split and language.

## Current Translation ({language_name}):
<problem>{current_translation.get ("translated_problem",
< "")}</problem>

<solution>{current_translation.get ("translated_solution",
«— "")}</solution>

## Improvement Guidelines (Based on Annotation Guidelines):

### Priority 1 - Critical Fixes:

1. **Mathematical Accuracy**: Ensure all mathematical

< concepts preserved exactly

2. **LaTeX Consistency**: Fix any spacing or notation

< inconsistencies with original

3. **Logical Preservation**: Maintain identical mathematical
— relationships

### Priority 2 - Quality Enhancements:

1. **Natural Fluency**: Create natural {language_name} while
< preserving mathematical meaning

2. **Mathematical Terminology**: Use standard

< {language_name} mathematical terms used in higher

< education contexts

3. **Register Correction**: Apply informal forms correctly
4. **Number Formatting**: Use {language_name} conventions
< appropriately

### LaTeX Correction Rules:

- Match original spacing exactly: If English has

— A B C$', the translation should also use

— le A B C$° instead of e.g. "$\\triangle ABCS®
- Preserve notation style: “\\(...\\)  vs “$...$ must match
<~ original

- Only translate "\\text{{}} content within LaTeX

— Never alter mathematical expressions or formulas

“s$\\tria
“s\\tria

### Language-Specific Guidelines for {language_name}:
{self._get_language_specific_guidelines (task.language) }

## Issues to Fix:
{issues_text}

## Required Response Format:
Respond with a JSON object containing:
7 nt 5° ¢ string (explanation of changes made)

- “transla : string (improved problem

— translation)

- ‘translated_solution’: string (improved solution -
< translated if natural language, unchanged if

< mathematical)

First, think step by step. Then output ONLY the improved
< JSON translation within <answer> and </answer> tags.

B Additional Statistics

We report the number of samples per split and lan-
guage in mAceReason-Math in Table 4. We further
report the number of accepted samples per improve-
ment stage in our translation pipeline in Figure 1.

C Data Cleaning Examples

We provide an overview of our filtering crite-
ria for excluding samples present in the original
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AceReason-Math dataset (Chen et al., 2025) in Ta-
ble 5.

D Training

D.1 Training Details

We run GRPO training with a DAPO-style loss
(Yu et al., 2025) without scaling the rewards by the
group standard deviation as recommended by Liu
et al. (2025). We train 500 steps with a learning
rate warmup for the first 3% of steps and no learning
rate decay. Each step has a total batch size of 256.
As we use 8 rollouts per prompt, this results in 32
unique prompts seen per step. We use a maximum
learning rate of le-6, maximum gradient norm of
1.0, and the AdamW optimizer (Kingma and Ba,
2017; Loshchilov and Hutter, 2019) with 5; = 0.9,
B2 = 0.999 and € = 1e — 8. We use a temperature
of 1.0 for sampling rollouts and a maximum rollout
length of 4096 tokens. We do not mask completions
exceeding the maximum rollout length. We apply a
Kullback-Leibler (KL) penalty with a 8 = 0.0001.
We run training on the parallel split of mAceReason-
Math and evaluation on the test split.

E Evaluation

E.1 Evaluation Details

For evaluating hosted models, we sample a single
response per prompt (pass@1). We conducted the
evaluations in October and November 2025.

To extract answers, we prompt the
models to provide the final answer in
<answer>...</answer> tags. This instruc-

tion is appended at the end of the prompt and given
in the prompt’s language (translated from English).
We first attempt to extract an answer from the
<answer>...</answer> tags but additionally
attempt to extract an answer from \boxed{ ...}
if no <answer>...</answer> tags are
present. ~We then evaluate the extracted an-
swer against the original ground truth using
Math-Verify. Additionally, since in some cases
the answer has been adapted in the translated ver-
sion, e.g., to match the German number formatting
conventions, we also check for string equality of
the extracted answer with the translated version’s
answer. In practice, current tools already handle
this correctly except in complicated cases.

E.2 Further Evaluation Results

We provide further evaluation results for the Qwen3
model family (Yang et al., 2025) as well as closed
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Figure 1: Number of accepted samples per improvement stage in the translation pipeline. Most samples are accepted
after the initial translation or one additional round of LLM-based refinement.

Primary Category Share Subcategory Illustrative Examples

Missing “The dia%ram shows three rectangles and three straight
Visual lines. What is the value of p+q + 1 [...]”
(No diagram provided)
Missing Context ~2%
Missing “Define a regular n-pointed star as described in the
Definitions original problem [...]”
(Ceritical definitions not provided)
Answer “[...] Answer: decreased by 6%”
Leakage (Solution provided in problem)
Content and Prqcessmg [l text above has been translated as requested
Extraction I ~1.5% Artifacts [.-] . .
Xtraction 1ssues (Leftover data-processing artifact replaces or corrupts problem
statement)
Truncated “[...] We know that for any pair of distinct numbers
Content from this set there is” with answer: “50”
(Cuts off before finishing question, answer is just “50”)
Free-text “How can you cut a 5x5 square [...] into 50 equal
answer squares?”

(No methodology provided, answer is just a single integer)

Ill-posed Question ~0.5%

Mathematical “x + % has a maximum”
Errors (Impossible claim)

2

Other Issues <0.01%  Various “Odredi sve prirodne brojeve n za koje postoje [...]
(e.g., non-English problems, ultra-specific domain knowledge, ...)

Table 5: Overview of “critical issues” identified in the original data. Examples abbreviated with [...] for space con-
straints. Bold text highlights key corruption indicators within the quoted examples.
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Model en zh de es fr it pt ru ja ko th bn te SW Average

Open-weight models (avg@8 evaluation)

Qwen3-14B-Base 30.5 289 242 265 245 208 248 27.6 206 195 180 123 11.0 54 21.0+7.0
Qwen3-8B-Base 253 228 175 214 203 183 227 241 146 141 120 80 122 23 16.8 £ 6.4
Qwen3-4B-Base 148 151 115 133 130 128 141 128 97 79 73 73 78 27 107435
Qwen3-1.7B-Base 74 47 28 36 36 29 38 36 22 19 24 06 08 04 29+1.8
Qwen3-14B 89.1 90.5 918 91.7 913 922 916 87.6 89.6 895 90.7 91.0 879 69.5 889+55
Qwen3-8B 859 853 86.8 883 87.7 88.0 862 857 86.6 855 855 864 830 576 842+75
Qwen3-4B 85.6 859 89.1 875 877 874 882 830 840 842 850 845 783 438 824+11.0
Qwen3-1.7B 732 726 736 748 762 759 743 714 722 70.1 69.5 65.1 57.6 257 68.0+12.7
Closed models (pass@1 evaluation)!

Gemini 2.5 Flash 789 858 816 795 821 81.1 811 821 81.6 842 805 80.5 837 763 814+22
Gemini 2.5 Flash-Lite 779 689 679 716 70.0 721 71.6 737 642 647 684 52.1 62.1 626 67.7+6.1
Claude Sonnet 4.5 76.8 789 758 789 76.8 763 732 800 742 779 763 71.1 T71.1 726 757+28
Claude Haiku 4.5 784 71.6 721 689 684 71.1 695 71.1 70.0 689 716 69.5 700 653 70.5+28
Claude Sonnet 3.5 52.6 50.0 484 489 50.0 51.6 51.1 547 474 51.1 489 384 405 363 479+53
Claude Haiku 3.5 40.0 274 332 31.1 332 389 332 395 305 289 305 232 174 205 305+£6.6

Table 6: Accuracy (%) of different models across languages on our test split. The best result for each language within
the open- and closed-model categories is marked in bold. The Average column reports mean = std across languages.
We report the pass@1 score (classic accuracy) for closed models and the average accuracy over eight sampled responses
per prompt (avg@8) for open-weight models. fClosed-model scores include seven test samples later removed from
the release.

models from the Gemini 2.5 (Comanici et al.,
2025) and Claude (Anthropic, 2024, 2025a,c) fam-
ilies in Table 6. The Qwen3 reasoning models
(“non—-Base”) in particular achieve strong perfor-
mance across many languages, even outperforming
closed models such as Claude Sonnet 4.5.

101



