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Abstract

Evaluating open-ended text generation in large language models remains challenging, particularly for non-English
languages. We introduce EduBench, a comprehensive Portuguese-language benchmark comprising 3,149
discursive questions from Brazilian university entrance examinations spanning 2015-2025. Unlike multiple-choice
or extractive QA benchmarks, EduBench requires extended, argumentative responses across diverse domains,
including Humanities, Exact and Natural Sciences, and Languages. Each question includes expert-curated reference
answers from official sources, rich metadata, and automated image descriptions to support text-only evaluation. We
establish baseline results using nine contemporary models, ranging from 4B-parameter SLMs to state-of-the-art
reasoning-capable LLMs, and evaluate them using complementary metrics (BLEU, BERTScore, G-Eval). Our results
reveal substantial metric disagreement and highlight the complexity of assessing discursive generation, with models
achieving 54-71% alignment with expert answers. We release EduBench publicly to support research on Portuguese
NLP and open-ended generation evaluation.

Keywords: discursive question answering, open-ended generation, Portuguese, NLP, LLM evaluation, edu-

cational assessment

1. Introduction

Large language models (LLMs) have rapidly re-
defined the state of the art across a broad spec-
trum of natural language processing (NLP) tasks,
surpassing earlier milestones established by recur-
rent neural network (RNN) architectures. Their re-
markable versatility has driven substantial progress
in text generation, reasoning, and cross-domain
knowledge transfer, positioning them as powerful
general-purpose language technologies.

Despite these achievements, systematically eval-
uating the open-ended text generation capabilities
of LLMs remains a fundamental challenge. Tradi-
tional benchmarks have largely emphasized objec-
tive and well-defined tasks, including text classifi-
cation, multiple choice answers, and span-based
extraction. Although such tasks enable stable and
reproducible evaluation, they capture only a limited
subset of the competencies expected from con-
temporary LLMs. Critically, they overlook essential
abilities such as structured multistep reasoning,
discursive explanation, and the capacity to follow
complex, multifaceted instructions.

Unlike tasks with clearly defined ground truth,
such as classification, multiple choice answering,
or factual recall, open-ended generation requires

assessing dimensions such as coherence, factual
grounding, reasoning depth, and stylistic appropri-
ateness. These aspects are inherently difficult to
measure automatically and consistently, resulting in
a persistent gap between leaderboard performance
and real-world utility.

As LLM capabilities continue to advance, there is
a growing need for benchmarks that directly assess
open-ended, discursive generation rather than re-
lying on indirect proxies such as option selection
or span extraction (Wang et al., 2024; Srivastava
et al., 2023). Multiple-choice benchmarks such
as the Massive Multitask Language Understand-
ing (MMLU) and its more discriminative successor,
MMLU-Pro, span a wide range of domains and
provide repeatable evaluation protocols. However,
they primarily test recognition and short-form re-
call, rather than the ability to construct extended
arguments or elaborate explanations (Wang et al.,
2024). In contrast, extractive QA datasets such as
SQuUAD and large-scale reading comprehension
benchmarks like MS MARCO target answerability
but constrain outputs to short spans, limiting their
ability to evaluate rich and discursive reasoning (Ra-
jpurkar et al., 2016; Bajaj et al., 2018).

Long-form QA datasets such as ELI5 move
closer to assessing extended, open-ended genera-
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tion, though they often inherit noise and inconsis-
tency from crowd-sourced annotations (Fan et al.,
2019). Instruction-following benchmarks like IFEval
provide a complementary perspective by introduc-
ing verifiable constraints (e.g., length requirements,
keyword inclusion), which allow for automatic evalu-
ation of controllability and format adherence (Zhou
et al., 2023). More recently, model-based evalua-
tors have emerged as practical surrogates for hu-
man judgment in open-ended tasks, yet they raise
critical concerns regarding bias, reliability, and ro-
bustness (Zheng et al., 2023).

In this work, we pursue two primary objectives.
First, we introduce a new Portuguese-language
benchmark for open-ended, discursive question an-
swering, derived from the second phase of major
Brazilian university entrance examinations. The
benchmark includes ground-truth reference an-
swers curated from official solutions and expert
commentaries, ensuring both linguistic richness
and evaluative fidelity. Second, we present prelimi-
nary experiments with contemporary LLMs on this
benchmark, exploring evaluation protocols tailored
explicitly to discursive generation, and establishing
baseline performance results.

By releasing the dataset and accompanying
code’, we aim to bridge a critical gap in evalua-
tion resources for open-ended generation in Por-
tuguese and to provide a solid foundation for future
research on discursive reasoning in LLMs.

2. Related Work

2.1. Benchmarks

Multiple-choice evaluations remain widely adopted
due to their scalability, ease of automation, and in-
herent inter-rater reliability. The MMLU benchmark
popularized large-scale knowledge testing across
diverse domains. lts successor, MMLU-Pro, intro-
duces more challenging items, featuring ten-option
questions and greater discriminative power, thereby
mitigating the saturation effects observed in earlier
benchmarks (Wang et al., 2024).

For Portuguese, the BLUEX benchmark com-
piles multiple-choice questions from major Brazilian
university entrance examinations, including USP
and UNICAMP. The dataset is enriched with meta-
data and image annotations and focuses on high-
school curricular knowledge in Portuguese. BLUEX
has emerged as a widely adopted baseline for eval-
uating language models in Portuguese (Almeida
et al., 2023).

'Dataset available at https://huggingface.co/
datasets/recogna-nlp/EduBench. Source code
and evaluation scripts available at https://github.
com/pedropaiola/EduBench

More recently, the Exame Nacional do Ensino
Médio (ENEM) has also been explored as a valu-
able benchmark. As one of Brazil’'s primary uni-
versity admission exams, ENEM covers a wide
curricular range through four objective tests and
a writing essay (Locatelli et al., 2025). In addition
to its breadth, the release of anonymized student
responses and socioeconomic data enables mean-
ingful comparisons between LLM and human per-
formance across demographic groups.

While such resources ensure breadth, standard-
ization, and comparability, they ultimately evaluate
option selection rather than the ability to generate
coherent, multi-paragraph arguments. As a result,
they fail to capture the discursive reasoning skills
required in open-ended, essay-style tasks.

Datasets such as SQUAD (Rajpurkar et al., 2016)
and FaQuAD (Sayama et al., 2019) for Portuguese
formulate question answering as a span selec-
tion problem over Wikipedia, enabling precise au-
tomatic evaluation using metrics such as Exact
Match and token-level F1. MS MARCO extends
this paradigm by pairing real-world search queries
with relevant passages and human-written answers,
thereby promoting research on reading compre-
hension and retrieval-augmented generation (Ba-
jaj et al., 2018). Despite their significance, these
corpora typically yield short answers or brief jus-
tifications, which fail to capture the complexity of
discursive reasoning required in essay-style set-
tings.

Long-form QA benchmarks explicitly aim to elicit
multi-sentence or paragraph-level responses. ELI5,
for instance, uses Reddit questions that require
layperson-friendly explanations, encouraging multi-
sentence, self-contained answers and supporting
document retrieval as part of the generation pro-
cess (Fan et al., 2019). NarrativeQA, on the other
hand, evaluates deeper narrative comprehension
by posing questions about books and movie scripts,
which must be answered using summaries or com-
plete texts (Kocisky et al., 2018).

These corpora represent an essential step be-
yond short-span answers toward extended, discur-
sive generation. However, they vary considerably
in domain and source quality. For example, the
community-sourced responses in ELI5 often ex-
hibit inconsistencies in factual rigor, whereas the
literature-oriented NarrativeQA operates in a more
specialized domain with narrower applicability.

2.2. LLMs

Benchmark suites designed to probe LLMs’ broader
capabilities offer complementary perspectives on
generative evaluation. BIG-bench, for instance, ag-
gregates over 200 tasks spanning diverse linguistic
phenomena, including generative tasks with rubric-
based scoring to assess reasoning and emergent
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behaviors at scale (Srivastava et al., 2023). Orthog-
onally, IFEval introduces automatically verifiable
constraints, such as output length and keyword
inclusion, to evaluate instruction adherence along-
side content accuracy (Zhou et al., 2023). Together,
these resources underscore that generation quality
is a multidimensional construct encompassing both
content-related factors (factuality, reasoning, rele-
vance) and form-related aspects (style, structure,
constraint satisfaction). This motivates the devel-
opment of evaluation protocols that integrate both
dimensions.

Human evaluation remains the gold standard for
assessing open-ended text generation but is in-
herently costly and time-consuming. Recent stud-
ies have explored using strong LLMs as evalua-
tors, exemplified by benchmarks such as MT-Bench
and Chatbot Arena, which report high agreement
with human judgments while also exposing biases,
such as position and verbosity effects, and poten-
tial mitigation strategies (Zheng et al., 2023). In
exam-style discursive response settings, reference-
based comparisons with expert solutions can be
combined with rubric-driven evaluation criteria. In
some instances, carefully controlled LLM-as-judge
protocols may also be employed, provided their lim-
itations are explicitly acknowledged and mitigated.

3. EduBench
3.1.

We compiled a large-scale benchmark of discursive
question—answer pairs from the second-stage en-
trance examinations of three of the most prestigious
Brazilian universities: UNESP, USP, and UNICAMP.
The dataset spans a decade of exams, from 2015
to 2025, and focuses exclusively on open-ended,
essay-style items. Whenever available, official com-
mented solutions were used as reference answers.
For editions lacking official commentaries, we re-
lied on publicly available annotated solutions from
Colégio Objetivo, a well-known high school network
in Brazil. All source materials were obtained in PDF
format.

Each question record retains essential metadata,
including the institution, year, and subject when
available. This design ensures contextual traceabil-
ity while emphasizing linguistically grounded and
reasoning-oriented evaluation.

Data Collection

3.2. Extraction and Formatting

Our data processing pipeline comprises three
stages: (i) PDF text and image extraction, (ii) figure
captioning, and (iii) LLM-assisted structuring.

(i) Text and image extraction: We extracted tex-
tual content and visual assets from the original

PDFs, reconstructing question statements together
with their associated materials, for example, ex-
cerpts, diagrams, and charts. Mathematical ex-
pressions present in the original documents were
preserved whenever they were explicitly encoded.

(ii) Image description: To keep the dataset self-
contained for text-only evaluation and to facilitate
automatic scoring, each extracted figure was paired
with a concise natural-language caption. Captions
were generated using a lightweight multimodal LLM,
GPT-40-mini, configured to produce neutral, fac-
tual, and self-contained descriptions suitable for
replacing the original figures when necessary.

(iii) LLM-assisted structuring: We used a
higher-capability model, GPT-40, to organize the
extracted content into a structured schema. This
stage involved:

» segmenting exams into individual questions
and sub-questions, treating each one as an
independent item while preserving shared con-
text,

* normalizing question prompts and supporting
texts, including generated figure captions, by
removing PDF artifacts while maintaining se-
mantic fidelity and source attribution,

« attaching ground-truth reference answers from
the commented solutions, and deriving a short-
form answer, for example, categorical or nu-
merical, when appropriate to support specific
evaluation tasks,

 assigning a broad subject label such as Lan-
guages, Mathematics, Natural Sciences, or
Human Sciences.

This structured representation ensures consis-
tency across institutions and exam editions, en-
abling downstream evaluation without manual per-
exam adjustments.

3.3. Post-Processing and Quality
Assurance

Both PDF extraction and LLM-based structuring
are susceptible to errors like broken formatting,
missing assets, or unintended transformations. To
mitigate these issues, we implemented a semi-
automatic quality assurance pipeline that combines
lightweight NLP checks with targeted LLM assis-
tance, followed by human verification on flagged
cases.
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(i) Missing figures and cross-references: We
identified potential missing visual elements by
cross-referencing textual mentions such as “see
figure” or “as shown in the graph”, against the set of
extracted captions. ltems with missing references
were flagged for manual review.

(ii) Normalization of commentary-style answers:
Commented solutions often describe what candi-
dates should state rather than providing canonical
answers. In these cases, the LLM rewrote the so-
lutions into concise, self-contained reference an-
swers while preserving factual accuracy and detail.
Both the original commentary and the normalized
version were retained for quality assurance to pre-
vent semantic drift.

(iii) Consistency and formatting: We standard-
ized typography, list structures, and mathematical
delimiters where applicable, ensuring internal con-
sistency among prompts, supporting texts, and ref-
erence answers. A human curator manually re-
viewed all flagged items and a stratified sample of
unflagged ones to evaluate residual noise and con-
firm fidelity to the source materials. This manual
verification step included checking segmentation
boundaries, validating the semantic faithfulness of
LLM-rewritten reference answers against the orig-
inal commented solutions, and ensuring consis-
tency between generated figure captions and their
corresponding visual content.

Although the pipeline leverages LLMs for struc-
turing and normalization, final inclusion of items in
EduBench required explicit human oversight for all
automatically flagged cases and targeted valida-
tion of randomly sampled instances, ensuring that
the released corpus preserves the integrity of the
original examination materials.

(iv) Human verification and community cura-
tion: In addition to automated checks, we per-
formed a manual pass to correct segmentation er-
rors, misplaced sub-items, malformed mathemat-
ical notation, and missing cross-references. Al-
though extensive quality control was conducted,
residual errors may still exist. To address this, the
dataset will be released publicly under a versioned
scheme, and future corrections and improvements
will be integrated into documented updates. We
invite the research community to contribute to this
ongoing curation effort.

(v) Readability assessment: To characterize the
linguistic complexity of questions and answers, we
computed the Flesch Reading Ease Index adapted
for Portuguese (Martins et al., 1996). Initially de-
veloped by Flesch (Flesch, 1948) for English, the

formula assesses text readability based on aver-
age sentence length and syllable count per word.
The Portuguese adaptation by Martins et al. (1996)
adjusts the coefficients to account for Portuguese’s
morphological and syntactic properties, yielding
scores from 0 (very difficult) to 100 (very easy).
The adapted formula is:

W Sy
Fleschpr = 248.835—1.015x [ — | —84.6x [ 22
T ) < S ) ) (W) ’

(1)
where S denotes the number of sentences, W
the number of words, and Sy the number of sylla-
bles. This metric provides an objective, language-
specific measure of textual complexity that comple-
ments human-annotated difficulty ratings and en-
ables correlation analysis with model performance.

(vi) Reproducibility note: The dataset construc-
tion pipeline prioritizes transparency and repro-
ducibility. The corpus is derived entirely from pub-
licly available PDFs, GPT-40-mini generates figure
captions, and GPT-40 performs question structur-
ing and answer normalization. This modular design
allows future reprocessing with updated models
without altering the underlying methodology or data
provenance. To allow replicability, the pipeline code
will be made available with the final version of this

paper.

3.4. Corpus Statistics

The resulting dataset, called EduBench, com-
prises 3,149 discursive questions collected from
second-stage entrance examinations administered
by USP, UNICAMP, and UNESP between 2015 and
2025. It represents, to our knowledge, the most sig-
nificant benchmark for Portuguese-language essay-
style question answering, capturing a decade of
authentic, high-stakes assessment material that de-
mands argumentative, multi-paragraph responses.

To illustrate the structure and content of
EduBench, we present a representative example
from the 2020 USP examination (Biology, difficulty
level 7), translated into English:

Question: Individuals who are lactose intol-
erant cannot digest this sugar present in milk.
The main cause of lactose intolerance is the
reduction in lactase enzyme production, espe-
cially in adulthood. [...] b) The coding region
of genes is preceded and controlled by a reg-
ulatory region. A mutation (C to T) in the area
highlighted in the table occurred about 10,000
years ago in people from Northern Europe. It
was conserved, resulting in continued gene
expression in adulthood and, consequently,
the persistence of the ability to digest lactose.
In which region of the gene did this mutation
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occur? Based on this mutation, what is the in-
heritance pattern of the trait “Lactose tolerance
in adulthood"?

Supporting text: [Table showing genetic se-
quences for 19,000 nucleotides upstream of
the first exon, with alleles from four individuals
exhibiting tolerant/intolerant phenotypes]

Reference answer: According to the infor-
mation in the table, the mutation occurs in a
region located 19,000 nucleotides upstream of
the first exon. Thus, the mutation occurred in a
non-coding region of the gene, which is related
to gene regulation. The inheritance pattern of
lactose tolerance is autosomal dominant.

Short answer: Non-coding region; Autosomal
dominant inheritance

This example illustrates several key character-
istics of EduBench: (i) questions require domain-
specific knowledge and multi-step reasoning to be
answered, (ii) supporting materials provide essen-
tial context, (iii) reference answers demonstrate the
expected depth and structure of responses, and (iv)
short-form answers offer an alternative evaluation
target for specific metrics.

We now summarize the main corpus-level statis-
tics and design choices underlying EduBench:

» Overall composition (Fig. 1): EduBench is
balanced across the three major Brazilian in-
stitutions: 1,465 questions from USP (46.5%),
963 from UNICAMP (30.6%), and 721 from
UNESP (22.9%). Across disciplines, Human-
ities dominate the dataset (32.1%), followed
by Exact Sciences (16.7%), Portuguese Lan-
guage and Literature (14.4%), Biology (13.9%),
Physics (11.9%), Chemistry (10.2%), and En-
glish (0.8%). The dataset spans eleven ex-
amination cycles (2015-2025) and captures
evolving curricular emphases and question de-
sign patterns. Difficulty levels, reported on
a 0—10 scale, exhibit a realistic distribution
centered around intermediate values (mean
6.12, median 6.00), with most items concen-
trated between levels 5 and 7. These difficulty
scores were derived from two complementary
sources: in some cases, the official exam reso-
lutions explicitly reported difficulty levels, often
based on the proportion of students who cor-
rectly solved each question; in others, difficulty
was inferred by an LLM through textual and
contextual cues in the question and reference
answer. As such, this field may be refined in fu-
ture work through systematic human validation
and cross-model calibration.

» Temporal variation: The dataset spans
eleven years, reflecting fluctuations in the num-
ber and composition of questions per exam.
In Brazilian university entrance examinations,
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candidates typically undergo two stages: an
initial multiple-choice phase followed by a sec-
ond stage composed of open-ended, discur-
sive questions. For instance, the second stage
of UNESP was replaced by multiple-choice
tests in some years (e.g., 2021-2023), while
USP and UNICAMP maintained consistent
two-stage formats. These variations introduce
temporal diversity in question design, subject
emphasis, and difficulty distribution.

Statement and answer complexity (Fig. 2):
EduBench exhibits significant variability in
question and answer length, reflecting the
complexity of the reasoning tasks. Prompts
contain on average 59.0 words (median 40),
while answers average 69.2 words (median
59). Length distributions are heavy-tailed, with
a substantial fraction exceeding 150 words.
Differences across disciplines are pronounced:
Physics questions are the longest (101.8
words on average), followed by Chemistry
(83.4) and Exact Sciences (76.3), whereas Hu-
manities and Portuguese tend to be more con-
cise (34.2 and 36.8 words, respectively). Such
variation provides a challenging benchmark
for models tasked with generating contextually
rich, discursive responses.

Visual and multimodal content: Visual ele-
ments are pervasive in EduBench: 1,633 ques-
tions (51.9%) include at least one figure, and
296 (9.4%) require direct image interpretation.
The prevalence of images varies significantly
across exams and subjects: USP features the
highest proportion (55.7%). At the same time,
Exact Sciences (65.3%) and Physics (60.4%)
show the most frequent use of visual context
compared to Humanities (44.0%). Most ques-
tions contain one or two images, but a small
number include four or more, illustrating a wide
range of multimodal complexity.

Difficulty landscape: Difficulty analysis re-
veals a realistic distribution across levels (2—10
scale), with most questions requiring intermedi-
ate reasoning skills (mean 6.12, median 6.00).
Chemistry (6.36), Exact Sciences (6.30), and
Physics (6.28) are the most challenging sub-
jects, while English (4.84) and Portuguese
(5.80) are easier on average, as shown in Fig-
ure 3. Difficulty values were obtained from
two complementary sources: in some cases,
official exam resolutions reported question dif-
ficulty based on student performance data; in
others, such a difficulty was inferred by an LLM
from textual and contextual information. This
estimation approach introduces some variabil-
ity, suggesting that future work could refine
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this field through systematic human valida-
tion. Difficulty also shows temporal variation,
with slight increases observed in recent years.
Such diversity enables fine-grained evaluation
of reasoning performance across subjects and
over time.

Average Difficulty by Subject
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Figure 3: Average difficulty (2—10) by subject in
EduBench (2015—-2025).

Readability and textual complexity:
Fleschpt scores for question statements
average 46.2 (median 48.1), indicating
moderately difficult text suitable for high
school graduates, which aligns with the target
audience of university entrance examinations.
Reference answers exhibit slightly higher
complexity, with a mean Fleschpr score of
42.8 (median 44.3), reflecting the technical
precision and argumentation density expected
in expert responses. Notably, Fleschpt scores
correlate negatively with difficulty ratings
(Spearman p = —0.34, p < 0.001), confirming
that linguistically complex questions tend
to be perceived as more challenging. This
correlation, while significant, is weak, suggest-
ing that difficulty depends on factors beyond
textual complexity alone, including domain
knowledge requirements and reasoning depth.

EduBench captures a rich diversity of discursive
tasks across subjects, difficulty levels, and modal-
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ities. Its scale, linguistic variety, multimodal com-
plexity, and temporal depth make it a uniquely chal-
lenging benchmark for evaluating open-ended gen-
eration and reasoning in Portuguese. By reflecting
the structure and demands of real-world educa-
tional assessments, it provides a rigorous testbed
for analyzing model performance across multiple
dimensions of language understanding and produc-
tion.

4. EduBech validation

To evaluate the preliminary performance of LLMs
on the EduBench dataset, nine language mod-
els were selected and categorized into two main
groups: state-of-the-art (SOTA) proprietary LLMs
and open-source small language models (SLMs),
including models with and without fine-tuning for
Brazilian Portuguese. Model specifications and
generation parameters are presented in Table 1.

4.1.

We unify configurations to keep the focus on
the dataset. Proprietary models run with sam-
pling and temperature=1. For models with
native reasoning, GPT 5, DeepSeek v3.2-Exp,
Claude Sonnet 4, and Gemini 2.5 Pro, we stan-
dardize a comparable budget using reason-
ing_effort=1low and, where applicable, bud-
get_tokens=3000. Sabid 3.1 does not ex-
pose native reasoning. Open-source SLMs run
via HuggingFace Transformers on Colab L4 with
greedy decoding, torch.manual_seed (4), and
max_new_tokens=32000.

Prompts are zero-shot and primarily in Brazilian
Portuguese. Each prompt has three parts: (i) a
brief contextual framing, (ii) the question statement
delimited by XML tags, and (iii) the task descrip-
tion. When available, supporting texts and image
captions, also XML-delimited, appear between the
statement and the task. A Jinja2 template ensures
consistent rendering across instances while pre-
serving question-specific content. Metadata such
as university, year, and subject are intentionally
excluded.

All nine models answer the 3,149 EduBench
questions, yielding 28,341 responses. We then
compute the metrics described below. Extended im-
plementation notes and ablations appear in the ap-
pendix to keep this section centered on the dataset.

Setup and Protocol

4.2. Evaluation Metrics

We combine three complementary metrics, each
targeting a distinct facet of answer quality.

* BLEU (Papineni et al., 2002) measures n-gram
precision against references. It is widely used

in n-gram based assessment but correlates
weakly with human judgment in open-ended
generation, since correct answers may use
different wording. We report it as a standard
lexical baseline.

BERTScore (Zhang et al., 2020) uses contex-
tual embeddings to score semantic similarity. It
captures paraphrases beyond surface overlap
and is better suited to discursive generation.
We use the multilingual BERT model for Por-
tuguese text.

» G-Eval (Liu et al., 2023) employs a strong LLM
as judge with explicit criteria. In our experi-
ments, G-Eval was implemented using GPT-
40 with temperature set to 0 to ensure de-
terministic scoring. We score coherence, flu-
ency, and relevance from 0 to 100 and aver-
age them. While LLM-as-judge protocols have
been shown to correlate with human assess-
ments in prior work, they may inherit model-
specific biases and should be interpreted ac-
cordingly. This approximates human judgment
more closely than purely automatic metrics, al-
though it may inherit LLM biases (Chen et al.,
2024).

4.3. Results

Table 2 reports scores for all models. Overall, open-
ended discursive answers produce low lexical over-
lap and substantial variation in semantic and judge-
based metrics, with proprietary models generally
ahead and small open models showing competitive
pockets.

+ Metric disagreement. The metrics rank mod-
els differently. BLEU is uniformly low, 2.43—
6.04%, reflecting limited n-gram overlap in
open-ended answers. GPT 5 and DeepSeek
v3.2-Exp lead in lexical overlap; BERTScore
shows a similar preference with greater spread,
11.45-22.26%. G-Eval assigns higher abso-
lute scores, 54.40-70.90%, and places Claude
Sonnet 4 and Gemini 2.5 Pro at the top, high-
lighting complementary dimensions.

Reasoning capabilities. Native reasoning in
Claude Sonnet 4, Gemini 2.5 Pro, DeepSeek
v3.2-Exp, and GPT 5 aligns with stronger G-
Eval scores, suggesting that controlled delib-
eration improves coherence and relevance,
with smaller gains on purely automatic met-
rics. Sabia 3.1, without native reasoning, it is
competitive but does not lead.

Small vs. large models. SLMs, Gemma-3-4B,
Qwen3-4B, Qwen3-8B, and Gaia-PT-BR-4B
lag behind proprietary models, which is con-
sistent with scale and training data differences.

4593



Generation Configuration

Model Model Model PT-BR Consumption  Decoding Max New Temperature Candidate Reasonin
Type Name Version Fine-Tuning Method Strategy Tokens P Count 9
. Anthropic SDK . +
Claude Sonnet 4 2025-05-14 X (Batch API) Sampling 32,000 1 1 v
DeepSeek v3.2-Exp  2025-09-29 X Ope&‘gl)SDK Sampling 32,000 1 1 VEi
SOTA
Proprietary Gemini 2.5 Pro 2025-06-17 x GBe”Ar'] f\'g:( Sampling 32,000 1 1 vt
LLMs (Batch AP1)
na OpenAl SDK " +
GPT5 2025-08-07 X (Batch API) Sampling 32,000 1 1 v
L OpenAl SDK .
Sabid 3.1 2025-05-08 v (Batch API) Sampling 32,000 1 1 X
Gemma-3-4B-it 2025-03-12 x HF Transformers o4 32,000 — — x
(Colab L4) Y ‘
o Gaia-PT-BR-4B-t  2025-06-10 v HF Transformers o ooy 32,000 — — X
So%‘i; (Colab L4) ’
SLMs AR, na. HF Transformers o -
Qwen3-4B-Instruct  2025-08-05 X (Colab L4) Greedy 32,000 X
Qwen3-8B 2025-04-28 x HF Transformers o4 32,000 — — x
(Colab L4) Y :

T Budget tokens set to 3,000.
* Reasoning effort configured as low.

Table 1: Models selected for preliminary evaluation and their generation parameters.

Model BLEU (%) BERTScore (%) G-Eval (%)
Claude Sonnet 4 3.95 15.87 70.90
DeepSeek v3.2-Exp 6.04 21.15 70.24
Gemini 2.5 Pro 4.58 18.50 70.73
GPT 5 5.21 22.26 66.53
Sabia 3.1 4.36 16.83 67.14
Gemma-3-4B-it 3.52 14.95 55.24
Gaia-PT-BR-4B-it 2.43 11.45 54.40
Qwen3-4B-Instruct 3.54 1417 65.79
Qwen3-8B 4.05 13.84 64.59

Table 2: Model performance on EduBench across three evaluation metrics. Bold indicates best perfor-

mance; underline indicates second best.

Still, Qwen3-4B-Instruct reaches 65.79% on
G-Eval, close to Sabid 3.1 (67.14%), indicating
viability in resource-constrained scenarios.

+ Difficulty and readability. Across difficulty
ranges 1-3, 4-6, and 7—10, mixed patterns
emerge, including occasional gains on harder
items, possibly due to richer reference an-
swers. Correlation with Fleschpt is positive
but weak for G-Eval (mean p = 0.12, p < 0.01),
higher in proprietary models (p = 0.15—-0.19)
than in SLMs (p = 0.06—0.10). BERTScore
shows negligible correlation (p < 0.05), indicat-
ing orthogonality to surface-level readability.

These results establish baselines on EduBench
and reinforce the challenge of evaluating open-
ended discursive generation. The disagreements
between metrics and the model-specific patterns
motivate deeper validation of LLM-as-judge pro-
tocols against human ratings, with EduBench of-
fering a controlled, Portuguese-language testbed
centered on authentic exam questions.

5. Conclusions

We introduced EduBench, a large-scale
Portuguese-language benchmark for open-
ended, discursive question answering comprising
3,149 questions from major Brazilian university
entrance examinations spanning 2015-2025.
Unlike existing Portuguese benchmarks that focus
on multiple-choice or short answers, EduBench
requires extended, argumentative responses
across diverse academic subjects, providing a
more comprehensive evaluation of language
models’ generative and reasoning capabilities.
Our contributions are threefold. First, we present
a transparent methodology for building discursive
QA datasets from authentic educational materials,
including automated extraction, multimodal han-
dling via image captioning, and LLM-assisted struc-
turing. Second, we provide corpus statistics and
analyses, including readability measured with the
Portuguese-adapted Flesch index, which reveals
systematic relationships between textual complex-
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https://docs.claude.com/en/docs/about-claude/models/overview
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https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
https://huggingface.co/Qwen/Qwen3-8B

ity and perceived difficulty. Third, we establish
baseline results using nine contemporary mod-
els, from 4B-parameter SLMs to state-of-the-art
reasoning-capable LLMs, evaluated with comple-
mentary metrics (BLEU, BERTScore, G-Eval).

5.1. Limitations and Future Work

EduBench has limitations. The corpus is drawn
exclusively from Brazilian Portuguese entrance ex-
aminations, which may limit generalizability to other
Portuguese varieties or educational contexts. De-
spite careful quality assurance, residual issues from
automated extraction or structuring may persist.
The current experimental evaluation relies exclu-
sively on automatic metrics, including embedding-
based similarity and an LLM-as-judge protocol,
without a dedicated large-scale human evaluation
of model outputs. Consequently, while the reported
results provide useful baseline signals, they should
not be interpreted as definitive indicators of discur-
sive answer quality.

A systematic human study assessing coherence,
factual accuracy, argumentative completeness, and
pedagogical adequacy would strengthen conclu-
sions regarding model performance on EduBench.
Such validation is an important direction for future
work and would also enable calibration of auto-
matic metrics in the context of Portuguese discur-
sive question answering.

Future work will address these points. Human
studies comparing automatic metrics with expert
assessments can validate protocols and guide met-
ric refinement. Expanding the corpus to other
Portuguese-speaking regions and educational lev-
els can improve representativeness. Developing
evaluation criteria tailored to discursive generation
in educational settings may increase assessment
fidelity. An in-depth assessment of coherence, fac-
tual basis, depth of reasoning, and stylistic appro-
priateness can also highlight the full potential of
EduBench when evaluating open generation. Fi-
nally, fine-tuning smaller models on EduBench can
inform strategies for resource-efficient educational
Al

By releasing EduBench and the accompanying
code, we aim to catalyze research in Portuguese
NLP, evaluation of open-ended generation, and
educational Al. We invite the community to extend,
refine, and build upon this resource to advance
robust evaluation and improvement of language
models for discursive tasks.
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