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Abstract

The use of large language models (LLMs) for
complex mathematical reasoning is an emer-
gent area of research, with fast progress in
methods, models, and benchmark datasets.
However, most mathematical reasoning evalua-
tions exhibit a significant linguistic bias, with
the vast majority of benchmark datasets being
exclusively in English or (at best) translated
from English. We address this limitation by
introducing MATH-PT, a novel dataset com-
prising 1,729 mathematical problems written in
European and Brazilian Portuguese. MATH-PT
is curated from a variety of high-quality native
sources, including mathematical Olympiads,
competitions, and exams from Portugal and
Brazil. We present a comprehensive benchmark
of current state-of-the-art LLMs on MATH-
PT, revealing that frontier reasoning models
achieve strong performance in multiple choice
questions compared to open weight models, but
that their performance decreases for questions
with figures or open-ended questions. To facili-
tate future research, we release the benchmark
dataset' and model outputs.?

1 Introduction

Evaluating mathematical reasoning has become a
key challenge in large language model (LLM) re-
search, motivating a growing ecosystem of bench-
marks such as MATH (Hendrycks et al., 2021),
MathVista (Lu et al., 2023), MathBench (Liu et al.,
2024), and MathArena (Balunovic et al., 2025).
However, these resources share a major limitation:
they are almost exclusively written in English, and
multilingual variants typically resort to translations
of English benchmarks (Shi et al., 2023; Son et al.,
2025; Wang et al., 2025). This creates a linguis-
tic bias that obscures whether LLM mathematical
proficiency genuinely transfers across languages.
1https://huggingface.co/datasets/

tiagoteixeira@3/MATH-PT
2https://github.com/deep-spin/math-benchmark

Existing Portuguese NLP benchmarks, on the
other hand, cover a range of tasks—general evalu-
ation suites (Paula et al., 2024; Scalercio et al.,
2025; Baucells et al., 2025), toxicity detection
(da Silva Oliveira et al., 2024), hate speech
explanation (Salles et al., 2025), truthfulness
(Calvo Figueras et al., 2025), multi-factor expla-
nations (Trager et al., 2025), and common-sense
reasoning (Ponti et al., 2020). Yet, no benchmark
targets mathematical reasoning, and none leverage
the rich ecosystem of mathematical Olympiads and
exams from Portugal and Brazil.

To address this gap, we introduce MATH-PT, the
first native Portuguese benchmark for mathematical
reasoning. Our contributions are threefold:

* We introduce a new evaluation dataset natively
in Portuguese, encompassing both the Euro-
pean and Brazilian variants. We curate 1,729
multiple-choice and open-ended math ques-
tions from high-quality, originally Portuguese
sources—including Olympiads and school ex-
ams from Portugal and Brazil, covering levels
from primary to pre-university.

¢ We benchmark 13 frontier and open-source
LLMs, with and without reasoning capabilities,
revealing variations across dialects, difficulty lev-
els, and problem types.

* We show empirically that frontier models have
strong performance on this task, but that accu-
racy varies significantly with model size and
question difficulty (level, with/without figures,
multiple choice/open ended), with significant
room for improvement.

2 Dataset Creation

European Portuguese @ The questions in Eu-
ropean Portuguese are sourced from the Portuguese
Mathematical Olympiad (Olimpiadas Portugue-
sas da Matemdtica, OPM), a yearly mathematics
competition organized by Sociedade Portuguesa
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Country Competition Level MC OE Total
Portugal OPM 1 78 34 112
2 169 96 265

3 143 193 336

4 29 221 250

Brazil OBMEP 2 118 - 118
3 140 - 140

4 167 - 167

OBM 2 - 32 32

3 - 58 58

4 - 38 38

OMIF 4 103 - 103

ELLM 5 53 - 53

ITA 5 57 - 57

Total 1,057 672 1,729

Table 1: Number of questions per competition level and
type across European and Brazilian Portuguese.

de Matemdtica (SPM), which kindly provided the
available IATEX files covering all editions of the
competition from the 1997-98 to the 2024-25 aca-
demic years. The OPM are structured into four lev-
els, each corresponding to specific school grades:
Level 1 (Pre-Olympiad, 5" grade), Level 2 (Junior
Category, 6M—7" grades), Level 3 (Category A,
89t grades), and Level 4 (Category B, 10"—12
grades). The Junior, A, and B categories each
include two elimination rounds and a national fi-
nal, whereas the Pre-Olympiad consists of a single
round designed to encourage participation in future
editions. Each exam might feature multiple-choice
questions (MC), open-ended questions (OE), or
both. A non-negligible subset of the questions (316
out of 963) contains visual elements, particularly
geometry-related problems. These figures are gen-
erated directly in I&TEX using environments such
as picture, PStricks, or array. For those ques-
tions, we preserve the original I&TEX code and in-
clude it directly in the question to maintain the
integrity of the visual information. Similarly, when
a question statement contains tables (encoded using
the tabular environment), we preserve the IATEX
code, as this provides the most faithful and struc-
tured representation of tabular data for LLMs.

All mathematical expressions are kept in their
original IATEX form, delimited by $$, following
standard I&TEX notation. All other IATEX markup
was converted to plain text using the pylatexenc
library, ensuring that the textual content remained
readable while retaining mathematical fidelity.
Statistics of the dataset are provided in Table 1.

Brazilian Portuguese ® We collect questions
from large-scale national competitions: the Brazil-
ian Mathematical Olympiad of Public Schools
(Olimpiada Brasileira de Matemdtica das Escolas
Piiblicas, OBMEP), the Mathematics Olympiad
of Federal Institutions (Olimpiada de Matemdtica
das Institui¢coes Federais, OMIF), the Elon Lages
Lima Mathematics Competition (Competicdo Elon
Lages Lima de Matemdtica, ELLM) and the En-
trance Exam for the Technological Institute of
Aeronautics (Vestibular do Instituto Tecnologico de
Aerondutica, ITA). The competitions are organized
into distinct levels: Level 2 (6—7t grades), Level
3 (89" grades), Level 4 (10"—12" grades) and
Level 5 (pre-university), where OBMEP covers
levels 2—4, OMIF covers level 4, and both ELLM
and ITA target level 5. Some competitions include
both multiple-choice and open-ended exams.

In all cases, I4TEX sources are not publicly avail-
able, only PDF versions of the exams and official
answer keys are distributed. Thus, we adopt an
automatic extraction pipeline employing a smaller
language model (gpt-5-mini) to read the PDF con-
tent and produce a structured representation of each
exam. This approach was adopted due to the lim-
itations of standard PDF-to-text conversion tools
in accurately recovering the mathematical struc-
tures required for question solving. Concretely,
each exam PDF is first converted to page-level im-
ages using standard PDF tools. Then, each page is
provided to gpt-5-mini with prompts instructing
the model to (i) segment the page into individual
questions; (ii) identify, for each question, the state-
ment, the list of answer choices, and whether any
visuals were necessary to solve the question; and
(iii) normalize the output into a machine-readable
schema (JSON). The prompts explicitly enforce
constraints such as the expected number of options
(typically five, labeled A-E), the need to represent
all mathematical expressions in I£[EX delimited by
$$ followed by standard IATEX notation, and the
requirement that every extracted question be self-
contained. Such competitions include questions
that critically depend on visual information. In
the PDFs, such content may appear as embedded
raster images, vector diagrams, or tables. When
the figure was provided through a clearly struc-
tured table (e.g., a small numeric grid or a simple
schedule), gpt-5-mini was instructed to represent
it using a minimal tabular environment, which
we preserved in the final text. Questions with more
complex diagrams and images, where visual con-
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Resolve a seguinte questdo de escolha multipla de
matematica. Certifica-te de colocar a letra da opgdo
correta (A,B,C,D ou E), e apenas a letra da opgdo correta,
dentro de \\boxed{}. Usa Portugués Europeu para pensar e
responder.

Questdo: Quantos fdésforos sdo precisos para fomar o
oitavo termo da seguinte sequéncia: (imagel)

Conteudo referenciado:

[image1]

\begin{picture}(...)\end{picture}

A) 21 B) 24 C) 27 D) 30 E) 34

Figure 1: Example of a European Portuguese @ (pt-PT)
prompt for a multiple-choice question with a figure.

Resolva a seguinte questdo aberta de matematica.
Certifique-se de colocar a resposta final dentro de
\\boxed{}. Use Portugués do Brasil para pensar e
responder.

Questdo: Qual o menor valor de $n$ para que um poligono
com $n$ lados tenha a soma de seus angulos internos maior
que $2012$ graus?

Figure 2: Example of a Brazilian Portuguese & (pt-BR)
prompt used for an open-ended question.

tent could not be reliably represented in plain text
or I&TEX, were discarded from the benchmark.

3 Model Evaluation

To ensure a consistent and reproducible evalua-
tion protocol, we adopted a standardized prompting
strategy adapted to each linguistic variant (Euro-
pean and Brazilian Portuguese) and to the presence
or absence of visual elements in the question.

For the multiple-choice questions, we use a di-
rect instruction prompt in Portuguese (Figure 1).
The prompt explicitly instructs the model to: (i)
solve the multiple-choice mathematics question;
(i1) output only the letter of the correct option (A,
B, C, D, or E); and (iii) place that letter inside
a \boxed{} command. If the question contains
figures (European Portuguese only), we include
an additional block enumerating the referenced vi-
sual content, which contains the IATEX source code
with environments such as picture, PStricks, or
array extracted from the source exam. For the
Brazilian Portuguese subset (pt-BR), which con-
sists exclusively of questions without figures, we
adopt an analogous prompt written in Brazilian
Portuguese. For open-ended questions, instead of
asking for the letter of the correct option, we sim-
ply ask the model to make sure to place the final
answer inside a \boxed {3} command (Figure 2).

All models are evaluated in a zero-shot set-
ting, without chain-of-thought supervision or few-
shot examples. Each question is submitted in-
dependently to the model using the appropriate

You are an impartial judge. Your task is to evaluate the
correctness of a model's answer to an open-ended math
question by comparing it ONLY to the gold solution.

The model’s answer may use different reasoning steps or
formatting than the gold solution; this is acceptable
**as long as the final mathematical result is
equivalentx*. Focus strictly on mathematical correctness.
Instructions:

1. Compare the **final result** of the model answer to
the gold answer.

2. Minor algebraic, arithmetic, or formatting
differences are allowed.

3. Completely ignore writing style, explanation detail,
or formatting.

4. If the final results match or are mathematically
equivalent -+ score 1.

5. If the final results do not match + score 0.

6. Output ONLY a JSON object in this exact format:
{"score": @ or 1, "explanation”: "short explanation of
the comparison”}

[BEGIN DATA]

KkhkkAkKkkkkkkk

[Golden Answer]: O prego dos $72$ pintainhos sera
representado por (...), pelo que cada pintainho foi
vendido a $511% escudos.

khkkkkkkkkkkk

[Model Answer]: Para resolver o problema, precisamos
(...) Conclusdo, o preco por pintainho no ano anterior
era: $$\boxed{511}$$

kkkkkkkkkkkk

[END DATA]

Provide your judgment now.

Figure 3: Example of a prompt used for judging a
model’s answer to an open-ended question

prompt template. For multiple-choice questions,
the model’s raw text output is parsed to extract the
content inside the final \boxed{} expression. A
question is counted as correctly answered if and
only if the extracted letter exactly matches the
ground-truth answer key. For open-ended ques-
tions, we use Kimi K2 Thinking (Team et al., 2026)
as an LLLM judge to check if model answers are cor-
rect, i.e., mathematically equivalent to the golden
answers. An example of a prompt sent to a judge
is shown in Figure 3. Accuracy is computed sepa-
rately for each competition level.

The evaluated models include both closed mod-
els (GPT-5, Gemini 2.5 Flash, Claude Haiku 4.5) as
well as open models (Qwen3, Gemma3, LLaMa3,
DeepSeek Chat V3.1), covering a wide spectrum
of model sizes and reasoning capabilities.

4 Analysis

The results in Table 2 show consistent performance
patterns across models, levels, and question types.
Frontier models such as GPT-5, Qwen3-235B,
Gemini 2.5 Flash, and Claude Haiku 4.5 out-
perform all mid-sized and open-weight models.
GPT-5 is the strongest model overall, achieving
the highest accuracy across nearly every setting
in both pt-PT and pt-BR. Open-source models
exhibit wider variability, with the Qwen family
showing notably strong scaling, while Gemma-3
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Model Level pt-PT @ pt-BR ®
MC OE MC OE

GPT-5 L1 9615 100.00 N/A N/A
L2 94.67 89.58 90.68 90.62

L3 9650 9275 92.86 91.38

L4 9655 8552 9333 89.47

L5 N/A  N/A 9000 N/A

Qwen3-235B-A22B L1 91.03 8824 N/A NA

L2 8698 79.17 88.98 84.38
92.86 93.10
L4 93.10 7873 9148 86.84
L5 N/A NA 89.09 NA

Llama-3.3-70b-Instruct L1 41.03 3824 N/A N/A

Gemma-3-27b-it L1

Deepseek-chat-v3.1 L1 87.18 73.53 N/A N/A

Claude-Haiku-4.5 L1 80.77 67.65 N/A N/A

L5 NA NA 818 NA

Gemini-2.5-Flash L1 8333 8824 N/A N/A
L2 75774 7292 8390 84.38
L3 83.92 74.61 88.57 91.38
L4 7931 71.04 8593 71.05
L5 N/A N/A 89.09 N/A

Table 2: Performance of several models in multiple
choice and open-ended questions and different levels.

and Llama-3.3 underperform significantly in
mathematical reasoning. A consistent gap emerges
between multiple-choice (MC) and open-ended
(OE) performance. In general, all models achieve
higher accuracy on MC questions, and the
difference widens substantially at higher difficulty
levels, often exceeding 10-20 points. GPT-5
shows the smallest MC—OE gap, reflecting more
stable reasoning capabilities, whereas mid-range
models display large drops, especially in pt-PT.
Table 3 shows that problems involving figures
introduce a prominent difficulty spike. Across all
models, performance deteriorates sharply on pt-PT
items referencing figure code, with drops of 10-20
points even for frontier models and up to 56 points
for weaker baselines. This degradation is more
pronounced in OE questions, indicating that multi-
modal reasoning remains a key bottleneck despite
the textual representation of figures. For weaker
models, accuracy decreases systematically from
Level 1 to Level 4 and 5. While GPT-5 and Qwen3-
235B remain robust even at the highest difficulty

Model Level MC OE
No Fig. Fig. NoFig. Fig

GPT-5 L1 100.00 88.00 100.00 100.00
L2 96.52 90.74 88.46 90.91
L3 97.92 93.62 9435 89.86
L4 100.00 87.50 83.83 90.74

Qwen3-235B-A22B L1 98.11 76.00 100.00 73.33
L2 90.43  79.63 82.69 75.00
L3 95.83 7234 86.29 7246
L4 9524 87.50 80.24 74.07

Llama-3.3-70b-Instruct L1

Gemma-3-27b-it L1

Deepseek-chat-v3.1 L1 98.11 64.00 100.00 40.00
L2 94.78 61.11 73.08 61.36
L3 94.79 76.60 76.61  63.77
L4 80.95 75.00 6826 61.11
Claude-Haiku-4.5 L1 94.34 52,00 89.47 40.00
L2 8435 5370 57.69 36.36

Gemini-2.5-Flash L1 9434 60.00 9474  80.00
L2 8435 57.41 7885 6591
L3 86.46 78.72 83.06 59.42
L4 80.95 75.00 71.86 68.52

Table 3: Impact of visual content (figures) in pt-PT.

levels, other models exhibit sharp declines.

Some scaling trends are also noticeable for
Qwen3, as shown in Table 4. Performance in-
creases smoothly from 8B to 14B, 32B, 30B-A3B,
and 235B in nearly all dimensions of the table.
Scaling benefits are especially pronounced in OE
tasks, indicating that larger models gain dispro-
portionately in reasoning-heavy settings. Notably,
Qwen3-14B performs unexpectedly well on pt-
BR MC tasks, sometimes reaching accuracy levels
comparable to older proprietary frontier models.

Comparing model architectures, Qwen3-235B is
the strongest open-weight model exhibiting perfor-
mances on par with the closed models. DeepSeek-
Chat-v3.1 performs competitively on MC but strug-
gles with OE and figure-based items. Llama-3.3-
70B and Gemma-3-27b-it show limited mathemati-
cal reasoning capabilities.

5 Conclusion

We introduced MATH-PT, the first natively cu-
rated benchmark for mathematical reasoning in
European and Brazilian Portuguese, sourced from
real Olympiads and national exams. We observe
that frontier models perform strongly on multiple-
choice questions, with substantial drop in perfor-
mance for open-ended questions and those those in-
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Model Level pt-PT @ pt-BR ®
MC OE MC OE

Qwen3-8B L1 8462 835 NA N/A
L2 7633 5833 8729 75.00

L3 7832 61.14 87.14 72.41

L4 6552 5023 8148 52.63

L5 N/A  N/A 7636 N/A

Qwen3-14B L1 8846 8235 N/A N/A
L2 8935 73.96 90.68 81.25

L3 8671 76.68 90.00 84.48

L4 8276 71.04 88.15 78.95

L5 N/A  N/A 9091 N/A

Qwen3-32B L1 8846 7941 N/A N/A
L2 8343 70.83 8898 84.38

L3 8531 73.06 89.29 82.76

L4 9310 6516 85.19 7632

L5 N/A N/A 8727 NA

Qwen3-30B-A3B L1 8205 8235 NA N/A
L2 82.84 6458 8220 75.00

L3 8671 6373 89.29 74.14

L4 8276 5520 84.44 50.00

L5 N/A N/A 8000 NA

Qwen3-235B-A22B L1 91.03 8824 N/A N/A

L2 8698 79.17 83.98 84.38
L3 8811 8135 92.86 93.10
L4 9310 78.73 9148 86.84
89.09 N/A

Table 4: Impact of model size within the Qwen3 family.

volving figures. By releasing MATH-PT we aim to
support reproducible evaluation and to encourage
progress toward more capable Portuguese-based
mathematical reasoning models.
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