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Abstract
We present PHEB (Portuguese Highschool Exams Benchmark), a comprehensive benchmark designed to evaluate
Large Language Models (LLMs) on real high school level national exams in European Portuguese. The goal is to
promote the development of NLP tools and provide a reliable resource for evaluating LLM performance in European
Portuguese across educational domains. Covering over 3,500 questions spanning 18 years (2006–2023) across
six core subjects, the benchmark compiles high-quality questions from Portuguese National Exams, written and
thoroughly curated by professors to ensure topic diversity, linguistic accuracy, and alignment with national curricula.
PHEB spans a wide range of subjects, including Mathematics, Portuguese Language and Literature, History,
Geography, Biology/Geology, and Philosophy. Questions incorporate both multiple-choice and long-form answers to
assess factual knowledge, reasoning capabilities, and language understanding. We comprehensively benchmark
state-of-the-art LLMs, shedding light on key challenges such as models’ knowledge, language coverage, answer
format biases and robustness to machine translation.

Keywords: European Portuguese, High-school exams, Benchmark, LLMs

1. Introduction

Despite the remarkable progress in Large Lan-
guage Models (LLMs), the development and eval-
uation of these models, especially in educational
capabilities, remain heavily skewed toward high-
resource languages. As a result, European Por-
tuguese (PT-PT) lags behind in both model per-
formance and assessment, with the existence of
high-quality benchmarks tailored to its linguistic and
cultural context being severely limited. Although
LLMs have shown impressive capabilities in En-
glish at language comprehension, understanding
and reasoning, their performance in PT-PT remains
weakly assessed and often unreliable.

Existing benchmarks for Portuguese are pre-
dominantly machine translated datasets—typically
from English (Thellmann et al., 2024). However,
translation-based resources suffer from two critical
issues: 1) from a broad perspective, they overlook
PT-PT context (linguistic, historical, social), and 2)
from a linguistic perspective, they suffer from overly
literal translations, loss of context, and misalign-
ment with the educational or cultural realities of
Portugal. Even benchmarks designed for Brazilian
Portuguese (PT-BR) cannot be a substitute for PT-
PT evaluation, as, despite sharing the same base
language, the variants differ significantly in vocab-
ulary, grammar, orthography and usage in a way
that significantly impacts both model evaluation and
real-world application.

At the same time, there is a growing need to

rigorously evaluate LLMs’ reasoning capabilities
across different domains of knowledge, especially
in non-English languages. In educational settings,
this means going beyond surface-level language
understanding to test how well models can reason
through problems, infer meaning, and generate co-
herent long-form answers in the target language.
Few existing benchmarks attempt this in a struc-
tured or scalable way for PT-PT.

To address these gaps, we introduce PHEB1,
a benchmark designed to evaluate LLMs on Eu-
ropean Portuguese high school level tasks. This
resource provides a structured and linguistically au-
thentic way to assess both language understanding
and reasoning in PT-PT, across a wide variety of
subjects. Our main contributions are as follows:

• Official Portuguese High School Exams
written by native speakers: The dataset in-
cludes over 3,500 questions across 6 aca-
demic subjects, including Mathematics, Por-
tuguese, Geography, Biology/Geology, Philos-
ophy, and History. All questions are written
natively in PT-PT by fluent speakers, ensur-
ing fidelity to the language and educational
context.

• Benchmarks structured to elicit distinct
LLM capabilities: The benchmark includes
both multiple choice questions (to probe fac-
tual comprehension and discriminative rea-
soning), and long-form open-ended questions

1https://github.com/AMALIA-LLM/pheb

https://github.com/AMALIA-LLM/pheb
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No caso da folha de rosto levar texto, 
colocar numa caixa só a partir desta guia Na folha de respostas, indique, de forma legível, a versão da prova (Versão 1 ou Versão 2).  

A ausência dessa indicação implica a classificação com zero pontos das respostas aos itens de 
1.1. a 1.7. do Grupo II.

Utilize apenas caneta ou esferográfica de tinta indelével, azul ou preta.

Não é permitido o uso de corretor. Em caso de engano, deve riscar de forma inequívoca aquilo 
que pretende que não seja classificado.

Não é permitida a consulta de dicionário.

Escreva de forma legível a numeração dos grupos e dos itens, bem como as respetivas respostas. 
As respostas ilegíveis ou que não possam ser claramente identificadas são classificadas com 
zero pontos.

Ao responder, diferencie corretamente as maiúsculas das minúsculas. Se escrever alguma 
resposta integralmente em maiúsculas, a classificação da prova é sujeita a uma desvalorização 
de cinco pontos.

Para cada item, apresente apenas uma resposta. Se escrever mais do que uma resposta a um 
mesmo item, apenas é classificada a resposta apresentada em primeiro lugar.

Para responder aos itens de escolha múltipla, escreva, na folha de respostas:
•  o número do item;
•  a letra que identifica a opção escolhida.

As cotações dos itens encontram-se no final do enunciado da prova.

A ortografia dos textos e de outros documentos segue o Acordo Ortográfico de 1990. Em alguns 
casos, devidamente assinalados, segue-se a ortografia adotada na edição referida.

Figure 1: PHEB is a collection of 279 real exams
across different disciplines of knowledge from 2006
to 2023, written in European Portuguese.

(to assess coherent language generation and
structured reasoning). This design enables
a comprehensive evaluation of model under-
standing, inference, and generation capabili-
ties in PT-PT beyond surface-level fluency.

• Evaluation of General-Purpose, Multilin-
gual, and PT-Specific LLMs: We evaluate
a set of leading general-purpose, open LLMs,
alongside multilingual and Portuguese-specific
models, offering insight into how well models
trained or adapted for PT-PT perform across
domains. This comparison helps quantify the
gap between multilingual and native-oriented
performance.

2. Related Work

Evaluating LLMs across languages and domains
has driven the creation of numerous benchmarks.
However, most focus on English or high-resource
languages, offering limited support for European
Portuguese (PT-PT) and even fewer resources for
educational and reasoning tasks across multiple
school subjects.

Multilingual and Domain-General Benchmarks.
MMLU (Hendrycks et al., 2021) is a standard bench-
mark covering over 50 subjects via multiple-choice
questions (MCQ) in English. Translations of this
dataset to PT-PT (Thellmann et al., 2024) allow
multilingual testing but often degrade performance

and may introduce errors, particularly for lower-
resource languages. Global-MMLU (Singh et al.,
2025) extends MMLU to 42 languages with pro-
fessional translations and cultural sensitivity an-
notations. IberBench (González et al., 2026) sup-
ports Iberian languages for general NLP tasks (e.g.,
sentiment, classification, translation), yet excludes
academic content or reasoning evaluation. MALA-
MUTE (Shaier et al., 2025) offers a textbook-based
multilingual probing dataset relying on cloze-style
questions, limiting its coverage of complex reason-
ing or generation tasks. AI4Math (Perez et al.,
2025) evaluates mathematical reasoning in Span-
ish, offering depth within one domain but no cover-
age of broader subjects or grade levels.

For Brazilian Portuguese, the Sabiá
project (Almeida et al., 2024; Abonizio et al.,
2024) has produced evaluation datasets drawn
from university exams and professional certifica-
tions across domains including law, economics,
medicine, and public administration. While
valuable for assessing PT-BR capabilities, these re-
sources focus on MCQ, do not address the PT-PT
variant, and do not target long-form answers.

PT-PT Specific Benchmarks. Portuguese-
language benchmarks are fewer and mostly focus
on linguistic competence rather than curriculum-
based reasoning. CALAME-PT (Lopes et al., 2024)
evaluates fluency and context sensitivity in PT-PT
short texts. PORTULAN ExtraGLUE (Osório et al.,
2024), adapted from GLUE (Wang et al., 2019b)
and SuperGLUE (Wang et al., 2019a), includes
entailment, paraphrase, and classification tasks
across PT-BR and PT-PT variants but remains
sentence-level. BATS-PT (Oliveira et al., 2024)
measures lexical relations such as analogies.
However, none of these benchmarks cover edu-
cational reasoning or support long-form response
generation.

Education-Specific Benchmarks. Several
English-language benchmarks target educational
reasoning. RACE (Lai et al., 2017) and ARC (Clark
et al., 2018) evaluate comprehension and science
reasoning through standardized exam questions
but lack language diversity or curriculum align-
ment. M3Exam (Zhang et al., 2023) introduces a
multimodal, multilingual exam dataset with minimal
PT-PT coverage, emphasizing image-based
rather than textual reasoning. EXAMS (Hardalov
et al., 2020) provides multilingual multiple-choice
questions (including 920 in PT-PT across 4
subjects), though limited in scale and with no
open-ended responses, while GPQA (Lewkowycz
et al., 2022) and GSM8K (Cobbe et al., 2021)
benchmark advanced and grade-school reasoning
respectively, both in English.
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(a) Example of a Portuguese language long-answer question.

(b) Example of a mathematics multiple choice question.

(c) Example of a philosophy multiple choice question.

(d) Example of a biology multiple choice question.

Figure 2: A selection of examples of the PHEB benchmark.
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Subject MCQ Open-Ended Total
Portuguese Language 306 385 691
Mathematics 264 436 700
History 120 276 396
Geography 424 169 593
Philosophy 373 331 704
Biology/Geology 332 159 491
Total 1,819 1,756 3,575

Table 1: Distribution of questions across subjects and question types in PHEB.

PHEB Existing benchmarks demonstrate notable
progress in multilingual and educational evaluation,
yet they also reveal a clear opportunity to advance
the field for European Portuguese by addressing
persistent gaps. Building on these foundations, we
present PHEB, a dataset that natively supports PT-
PT and is explicitly aligned with the Portuguese na-
tional curriculum. It covers multiple school subjects,
combines both multiple-choice and open-ended
question formats, and emphasizes reasoning and
language generation in authentic educational set-
tings. In doing so, PHEB fills a gap left by existing
resources: a curriculum-aligned benchmark that
evaluates LLMs in native PT-PT across both factual
and generative tasks.

3. PHEB Data Collection and Curation

Portuguese National Exams. We source the
exams from the Instituto de Avaliação Educativa
(IAVE; Institute for Educational Assessment), Por-
tugal’s official institute for educational assessment.
IAVE designs and validates all external evaluations
for Portuguese high school students, maintaining
a comprehensive public archive of all national ex-
ams2. These exams are developed by experienced
educators in alignment with the national curriculum
and serve as university entrance requirements, en-
suring both pedagogical validity and appropriate
difficulty levels. Each exam includes detailed grad-
ing rubrics that specify evaluation criteria and point
allocations for evaluating student responses.

3.1. Data collection and Processing
We systematically collected exams from 2006–
2023 across 6 core subjects, spanning both the
humanities and sciences: Portuguese Language
and Literature, Mathematics, History, Geography,
Philosophy, and Biology/Geology. The data collec-
tion process involved several stages:

Exams Data Extraction. We began by crawling
the IAVE archive and downloading the exams and

2https://iave.pt/

rubric PDFs for the target subjects. This results
in a total of 279 exams. We then extracted all
multiple-choice questions through a combination
of automated PDF parsing and manual transcrip-
tion, followed by complete manual verification of
all question-answer pairs to ensure accuracy. We
standardized all math notation to LaTeX format to
ensure consistency across years and fairness when
evaluating.

Grading Criteria Processing. Portuguese na-
tional exams include comprehensive grading
rubrics that enumerate specific content points re-
quired for credit, along with their point values. We
manually extracted these rubrics for open ended
questions, allowing for LLM-as-a-judge evaluation.

3.2. Dataset Statistics

Table 1 presents the distribution of questions across
subjects and question types. Our benchmark is
composed of 3,575 questions, spanning 18 years
of national exams. PHEB includes two types of
question: MCQs, which always present four op-
tions, requiring models to select the correct answer,
and open-ended, which vary from brief explana-
tions and simple completions to multi-paragraph
essays (see Figure 2 for examples). These ques-
tions are always accompanied by detailed grading
criteria rubrics—used by professors to assess stu-
dent performance—that enumerate the required
elements and corresponding partial scores (Fig-
ure 3).

4. Experimental Methodology

PHEB allows researchers to benchmark NLP meth-
ods in terms of multiple choice questions, eliciting
discriminative reasoning, and open-ended ques-
tions, eliciting structured reasoning and genera-
tion. The evaluation methodology is specific to
each question type and requires different experi-
mental protocols.

https://iave.pt/
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Figure 3: Example of an open-ended exam question grading rubrics, from a Philosophy exam.
EN Translation: Presentation of the conclusion of the argument, so as to constitute an ad hominem fallacy: – Public supply water
should not be enriched with fluoride. Level 2 - Score 10: Correctly presents the conclusion of the argument, so as to constitute an ad hominem fallacy.
The response contains no incorrect elements. Level 1 - Score 5: Shows understanding of the ad hominem fallacy suggested in the premises of the
argument (for example, by mentioning that the speaker personally attacks the opponent), but does not present the conclusion of the argument, or
presents it incorrectly. Presents irrelevant or incorrect content, but which does not contradict the relevant and correct content presented.

4.1. Evaluation Protocols
Multiple Choice Questions (MCQ). For MCQ,
the ground truth is clear and unambiguous. For
each question there is a set of candidate answers
and we evaluate the models using two approaches:
likelihood-based evaluation, where we compute the
probability of each answer option under the model,
or chain-of-thought (CoT) prompting. Following es-
tablished benchmarks, for MCQ we compute ac-
curacy, and all models are evaluated using greedy
decoding. While individual MCQs carry different
point values in the original exams, we report the
unweighted accuracy as our primary metric, as it
provides a clearer measure of model performance
standardized across questions and subjects.

Open-ended Questions. For open-ended ques-
tions, there is no single reference answer. Instead,
there is a list of grading rubrics that need to be
satisfied by the answer to receive the full score.

In practice, for open-ended responses, we use
manual human grading on a representative sub-
set of open-ended questions (minimum 10 per sub-
ject with each question evaluated across all mod-
els) following the official IAVE rubrics. Each rubric
specifies the content, and associated point value,
for each answer. We follow these rubrics, apply-
ing the same criteria used to evaluate student re-
sponses in actual exam settings. This approach
yields weighted scores that reflect the varying diffi-
culty and importance of questions within each sub-
ject. To assess the feasibility of scaling evaluation
beyond manual grading, we conducted an experi-
ment using Gemini-2.5-flash as an LLM-as-a-judge
for a subset of open-ended questions (Section 5.1).
This is aligned with recent work on LLMs-as-judge
for different rubrics (Hashemi et al., 2024).

While initial results show promise for auto-
mated grading, developing robust evaluation
approaches—including using multiple judges, pair-

wise ranking, and mathematics-specific evaluation
strategies—is left as future work.

4.2. Baselines
We focus on open-weight multilingual foundational
models in the 2–9B parameter range, prioritizing
models with Portuguese or broad European lan-
guage coverage to enable meaningful compari-
son. In MCQ, we evaluate multilingual open mod-
els, including Llama 3.1 (Grattafiori et al., 2024)
(8B), OLMo 2 (OLMo et al., 2025) (7B), Mistral
7B (Jiang et al., 2023), Salamandra (Gonzalez-
Agirre et al., 2025) (7B), and EuroLLM (Martins
et al., 2024) (9B), which provide strong baselines
trained on large-scale multilingual data including
Portuguese. Lastly, we evaluate the Portuguese-
focused model Tucano (Corrêa et al., 2025)
(2B) which is specifically trained for Brazilian Por-
tuguese. For open-ended questions, due to compu-
tational constraints in manual evaluation and LLM-
as-a-judge grading, we focus our analysis on a rep-
resentative subset: OLMo 2, Llama 3.1, EuroLLM,
and Mistral 7B.

5. Results and Discussion

Multiple Choice Questions We evaluate MCQ
performance using two methods that assess dif-
ferent model capabilities: generation-based with
CoT prompting, and likelihood-based evaluation.
In generation-based evaluation, we employ CoT
prompting (Wei et al., 2022; Lewkowycz et al., 2022;
Wang et al., 2024), instructing models to reason
through each question before providing their final
answer enclosed in \boxed{} notation. This ap-
proach assesses the model’s ability to explicitly
articulate its reasoning, mirroring how a student
would approach the exam—nevertheless, we only
evaluate whether the final choice is correct. For
likelihood-based evaluation, we prepend the prefix
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Model Portuguese Math History Geography Phil. Bio/Geology Average
Generative - CoT
Llama 3.1 0.66 0.56 0.78 0.73 0.63 0.54 0.65
OLMo-2 0.50 0.37 0.56 0.49 0.46 0.40 0.46
Mistral 7B 0.59 0.32 0.68 0.61 0.52 0.45 0.53
EuroLLM 0.52 0.39 0.66 0.63 0.57 0.46 0.54
Salamandra 0.49 0.19 0.42 0.40 0.45 0.26 0.37
Tucano 0.23 0.12 0.23 0.27 0.28 0.27 0.23
Discriminative - Likelihood: “The answer is” <letter>

Llama 3.1 0.66 0.36 0.79 0.74 0.61 0.55 0.62
OLMo-2 0.56 0.21 0.59 0.42 0.40 0.34 0.42
Mistral 7B 0.61 0.27 0.74 0.68 0.57 0.47 0.56
EuroLLM 0.61 0.25 0.78 0.66 0.57 0.47 0.56
Salamandra 0.55 0.15 0.62 0.61 0.52 0.37 0.47
Tucano 0.24 0.24 0.29 0.24 0.23 0.24 0.25

Table 2: Main MCQ results using generation with CoT (Wei et al., 2022) and likelihood-based evaluation.

Model Port. Phil. History Geogra. Bio/Geology Average
EuroLLM 67.8 60.3 72.2 80.0 33.9 62.8
Llama 3.1 56.1 63.5 74.4 76.0 38.7 61.7
Mistral 7B 51.7 42.9 71.4 80.7 46.0 58.5
OLMo 2 46.1 51.7 71.9 64.7 41.9 55.3

Table 3: Human-graded performance (as a % of maximum score) on open-ended questions. Each model
is evaluated on 10 questions per subject. Biology/Geology performance is notably lower across all models
due to stricter grading criteria requiring precise scientific terminology.

"A resposta é" ("The answer is") to each possible
answer, and select the option with the highest de-
coding likelihood (Clark et al., 2018), which directly
probes the model’s implicit knowledge, while be-
ing efficient to evaluate. The pre-pending strategy
addresses the specific bias of Portuguese, where
models exhibit severe bias towards "A", Section 5.2.

Table 2 presents accuracy across all subjects
for both evaluation approaches. The results re-
veal substantial performance differences between
evaluation methods. Generation-based evaluation
generally outperforms likelihood, with the most pro-
nounced gaps in mathematics. This aligns with
the intuition that explicit reasoning steps improve
model performance on questions which require
multi-step problem solving (Wei et al., 2022). As
expected, Llama achieves the most consistent per-
formance across subjects. Notably, Portuguese
and European-focused models underperform de-
spite their language specialization, suggesting that
PHEB benefits from general reasoning capability
alongside language-specific adaptation.

Open Questions Table 3 presents human-
graded performance on open-ended questions
across subjects. Human evaluation was conducted
by three native European Portuguese speakers
with domain expertise (two linguists graded the

humanities questions, and one biologist for Biol-
ogy/Geology content). We evaluated each model
on complete exams, resulting in at least 10 ques-
tions per subject, with all models evaluated on the
same questions. Results show that model perfor-
mance varies considerably across subjects, with
lower scores in Biology/Geology compared to other
disciplines. Questions in this domain demand pre-
cise factual knowledge, with the grading rubrics
enumerating the exact content required to achieve
specific point values, leaving little room for approxi-
mation. Models that generate well-written but im-
precise responses receive low scores, regardless
of fluency. Conversely, subjects like Portuguese
and History will frequently ask students to analyze
longer passages, identify implicit meanings, and
construct arguments grounded in the documents.
Therefore, stronger models are expected to at least
receive partial credit.

Overall, all models perform relatively well in the
humanities, but struggle in the sciences. This dis-
crepancy appears to stem from rubrics which con-
tain unambiguous correct content, such as Mathe-
matics, Geography, and Biology, grading answers
specifically on whether they adhere to it. In con-
trast, in humanities, the grading is based on fluency,
coherence, and language understanding, allowing
for multiple valid interpretations, as long as they



4679

Llama-3 OLMo-2 EuroLLM
Model Prompt Formatting PT EN PT EN PT EN
CoT + \boxed{X} 0.66 0.69 0.48 0.62 0.51 0.56
With prefix
“The answer is”, letter 0.63 0.68 0.41 0.64 0.56 0.56
“The answer is”, number 0.51 0.54 0.37 0.57 0.46 0.46
“Answer:”, letter 0.33 0.62 0.40 0.65 0.37 0.53
“Answer:”, number 0.52 0.48 0.44 0.52 0.45 0.49
Without prefix
Number 0.33 0.33 0.34 0.35 0.26 0.37
Letter 0.22 0.41 0.25 0.45 0.22 0.34

Table 4: Accuracy across answer format variations on 250 MCQ samples. CoT with explicit answer boxing
substantially outperforms all other formats. Among prefix-based approaches, “The Answer is” with letter
options achieves the best performance. Without prefix constraints, models exhibit severe positional bias
in Portuguese (see Figure 4), with letter-based extraction performing particularly poorly.

are well argued.

5.1. LLM-Human Grading Agreement
To assess the potential of automated grading, we
evaluated inter-rater agreement between the expert
human graders and Gemini-2.5-flash (Comanici
et al., 2024) as a judge, on a subset of over 50
open-ended questions spanning five subjects, each
answered by four different LLMs (over 250 total
scored responses, similarly to Section 5). To ac-
count for varying question weights (maximum val-
ues per question range from 5 to 30 points), we
normalized all scores to percentages of the max-
imum possible score. We then computed Pear-
son’s correlation between both scores, obtaining
r = 0.70 (p < 0.001), indicating moderately strong
agreement. The LLM judge was slightly more le-
nient, assigning higher mean scores than human
graders (mean scores of 66% vs. 62%, RMSE =
0.27), possibly reflecting greater human sensitiv-
ity to linguistic quality beyond factual correctness.
While individual score predictions show higher vari-
ance, LLM-as-a-judge, using the detailed rubrics as
scaffolding, may capture meaningful performance
differences, enabling scalable evaluation across
the full dataset.

5.2. Ablation Studies
Unbiased MCQ. In the multiple-choice question
likelihood setting, we observed a systematic bias
among Portuguese LLMs towards selecting "A"
more frequently than expected. This effect, while
partially addressable with heuristics and normaliza-
tions, aligns with previous reported work (Zheng
et al., 2024), but appears more prevalent. We par-
tially attribute this phenomenon to a structural prop-
erty of Portuguese grammar. In likelihood-based
MCQ evaluation, we compute the probability of

each answer continuation given the prompt. In En-
glish, the construction “The answer is B” clearly dis-
tinguishes the answer prefix from the option label.
The equivalent Portuguese phrase, “A resposta é
B” begins with the definite article “A”, which creates
token-level ambiguity with option "A". Then, when
computing likelihoods, this may systematically bias
them towards option "A". This structural bias is
distinct from positional bias, as is specific to Por-
tuguese, Figure 4. The usage of different prefixes
when computing likelihood mitigates this effect, with
different prefixes showcasing different effects. In
addition, Table 4 reports different prompting tech-
niques, where we can confirm that all models suf-
fer from this language-induced structural bias and
how it distorts the performance of likelihood-based
MCQ. In general, CoT prompting is the most un-
biased technique, allowing the model to focus on
the question reasoning inference and select the
correct choice. Hence, this reinforces the need
for language-specific approaches to guarantee an
unbiased evaluation of models.

MT-derived Benchmarks. An important question
for non-English evaluation is whether translation-
based benchmarks adequately capture language-
specific capabilities. To investigate this, we trans-
late questions to English and back to Portuguese
using Tower+ 72B (Rei et al., 2025), comparing
model performance across three conditions: orig-
inal Portuguese, English translation, and round-
trip translation. The results (Table 5) reveal two
key findings. First, all models show substantial
and consistent improvement when evaluated on
English translations. This improvement is present
even in models with substantial Portuguese train-
ing data (EuroLLM), suggesting that modern LLMs
may have internalized English reasoning patterns
even when the required knowledge remains consis-
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Figure 4: Selection rate for option "A" in incorrect responses across Portuguese and English evaluation.
All models exhibit severe positional bias in Portuguese, with over 95% of incorrect answers defaulting to
"A", compared to 20–60% in English translations of identical questions.

Model Port. Math Hist. Geogra. Phil. Bio/Geology Average
Original

Llama 0.66 0.56 0.78 0.73 0.63 0.54 0.65
EuroLLM 0.52 0.39 0.66 0.63 0.57 0.46 0.54
OLMo 0.50 0.37 0.56 0.49 0.46 0.40 0.46

Original → English
Llama 0.72 0.57 0.78 0.75 0.70 0.60 0.69
EuroLLM 0.61 0.29 0.75 0.62 0.57 0.53 0.56
OLMo 0.66 0.49 0.74 0.66 0.63 0.54 0.62

Original → English → Portuguese
Llama 0.66 0.52 0.76 0.69 0.63 0.55 0.64
EuroLLM 0.51 0.34 0.63 0.60 0.57 0.45 0.52
OLMo 0.46 0.46 0.62 0.51 0.46 0.42 0.49

Table 5: Performance of generative MCQ when translating to English and then back to Portuguese

tent. Second, round-trip translation (PT→EN→PT)
produces surprisingly modest effects overall, with
most subjects showing performance comparable to
the original. The exception is the Portuguese sub-
ject, which consistently degrades across all mod-
els. This pattern is expected, as these exams test
linguistic nuance, idiomatic expressions, literary
analysis, and language-specific conventions that
are vulnerable to translation errors accumulating
through both translation steps. Subjects like Math-
ematics, Biology, Geology and Geography show a
much lower sensitivity. This reflects the necessity
of native language benchmarks for realistic evalu-
ation. While back-translated benchmarks may be
enough for measuring factual knowledge in some
domains, they cannot capture whether models can
effectively process authentic native language con-
tent as it naturally occurs—the actual deployment
scenario for which these systems are intended. We
note that the analysis is limited to MCQ, and we
expect this effect would be more pronounced in
open-ended questions.

6. Conclusions

We introduced PHEB, a benchmark of 3,575 ques-
tions from 18 years of Portuguese national high
school exams across six core subjects. Unlike
translation-based resources, our benchmark pro-
vides European Portuguese evaluation with MCQ
and open-ended questions, aligned with the Por-
tuguese national curriculum. Our evaluations re-
veal several key findings: first, models exhibit sys-
tematic bias in Portuguese likelihood-based evalu-
ation which needs to be addressed explicitly. Sec-
ond, translating to English consistently improves
benchmark performance, and translating these
back to Portuguese causes unstable results. Third,
automated grading using LLM-as-a-judge shows
moderate agreement with human graders, though
substantial work is still needed to achieve reliable
automated evaluation. In summary, PHEB es-
tablishes a foundation for rigorous European Por-
tuguese LLM evaluation in educational contexts.
Future work should explore robust automated grad-
ing approaches and expand coverage to additional
subjects.
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