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Abstract

Recent advances in the field have revolution-
ized Question and Answering (QA). However,
for languages like Portuguese, progress is of-
ten hindered by the lack of native training re-
sources. To address this gap, this paper intro-
duces LARI, a new dataset designed to bench-
mark and enhance QA in Portuguese. Our
methodology combines the capabilities of the
Sabiá-7B model, fine-tuned via QLoRA on a
domain-specific corpus, with human validation.
We utilized the book Natural Language Process-
ing – Concepts, Techniques, and Applications
in Portuguese (2nd Edition), as a case study
for content extraction. The generated instances
underwent expert human evaluation, achieving
an average quality score of 4.47 out of 5. The
final dataset, comprising 464 context-question-
answer triples, is made publicly available to
the community, offering a valuable resource for
future research in low-resource settings.

1 Introduction

Questions and answers play an essential role both
in everyday language and in the educational pro-
cess. In the context of Natural Language Process-
ing (NLP), reproducing these human interactions
in an efficient and automatic manner is a challenge
that has received growing attention, such as auto-
matic Question Answering (QA). While the task
aims to reproduce human interaction by creating
meaningful questions and contextually relevant an-
swers (Rus et al., 2010; Ushio et al., 2023; Al-
lam and Haggag, 2012), its success is intrinsically
linked to the quality and availability of training
data.

To formulate questions that reflect deep gram-
matical understanding and cultural nuances (Pan
et al., 2019), language models require exposure
to vast amounts of high-quality linguistic exam-
ples. However, current research is predominantly
skewed towards high-resource languages like En-

glish. For languages such as Portuguese, most avail-
able Portuguese QA data derives from translated
English sources, which may not reflect linguistic
and cultural patterns. This lack of resources limits
the ability of models to handle coherence, contex-
tual relevance, and linguistic variety in real-world
scenarios.

Addressing the lack of native, educationally-
grounded benchmarks is therefore essential for ad-
vancing generative QA in Portuguese. To this end,
this work proposes a methodology that leverages
a large language model (Sabiá-7B) as a tool to
accelerate the generation of QA pairs based on
paragraphs of textual information, and introduces
LARI (Lightweight Adaptation for Response
and Inquiry), a publicly available Portuguese QA
dataset comprising 464 expert-validated triples de-
rived from the book Natural Language Processing
– Concepts, Techniques, and Applications in Por-
tuguese (2nd Edition) (Caseli and Nunes, 2023), de-
signed to benchmark and enhance automatic ques-
tion and answer generation. Although answering
questions based on a single paragraph might seem
like a fundamental task, it represents the corner-
stone of modern NLP applications such as Machine
Reading Comprehension (MRC) and Retrieval-
Augmented Generation (RAG). Therefore, LARI
provides a highly representative evaluation scenario
to test whether models can extract accurate facts
from contexts in Portuguese without suffering from
hallucinations.

The LARI dataset is available at:
https://huggingface.co/datasets/jjuliar/
plndataset.

2 Related Works

Large-scale QA datasets originally developed for
English, such as SQuAD (Rajpurkar et al., 2016),
have frequently been adapted to other languages
through automatic translation in order to bootstrap
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resources for low- and medium-resource languages.
Its Portuguese version was automatically translated
by the Deep Learning Brasil group1, using the
Google Cloud API. Similar approaches have been
adopted in other languages, including Spanish, Ger-
man and French (Carrino et al., 2020; Möller et al.,
2021; d’Hoffschmidt et al., 2020). While auto-
matic translation enables rapid dataset construc-
tion, prior work has shown that machine-translated
corpora may fail to preserve cultural nuances and
language-specific phenomena, potentially affect-
ing fidelity and evaluation reliability (Singh et al.,
2025; Kreutzer et al., 2022).

Inspired by the SQuAD format, Sayama et al.
(2019) proposes FaQuAD, a reading comprehen-
sion dataset in Portuguese. Unlike traditional QA
datasets based solely on question–answer pairs,
FaQuAD emphasizes context-dependent answer ex-
traction and allows multiple correct answer spans
per question. It is composed by 249 contexts and
900 questions, which were extracted from official
documents and Wikipedia pages regarding univer-
sities from Brazil.

Aligned with DBpedia Portuguese, de Araujo
et al. (2020) presented a dataset in Portuguese for
evaluating semantic QA, derived from an adap-
tation of the QALD collection, with the aim of
enabling the evaluation of QA systems that oper-
ate on linked data.Finardi et al. (2023) proposes
BACEN FAQ, a dataset that comprises frequently
asked questions of the central bank of Brazil. Their
work also highlights the need for open resources to
foster research in the Brazilian NLP community.

Färber et al. (2025) discuss the limitations of
using automatically translated data and the dif-
ficulty of demonstrating local contexts, and pro-
poses MedPT, a public large-scale corpus for the
Brazilian Portuguese medical domain. Ehlert et al.
(2025); Rikters (2018); Niu et al. (2021) also dis-
cusses about how using translated datasets results
in data that, while syntactically correct, may not
reflect authentic language use.

Pirozelli et al. (2024) proposes a dataset for the
Portuguese language (also bilingual in English) de-
signed for reading comprehension and QA tasks
on topics related to the ocean, the Brazilian coast,
and climate change. The data in the dataset were
extracted from scientific abstracts and reports . The
dataset is composed of 2.26 thousand sets of con-

1Available at: http://www.deeplearningbrasil.com.
br/

texts, questions, and answers, and also includes an
extension with multiple-choice questions.

Despite these contributions, there remains a
scarcity of publicly available datasets for Por-
tuguese. In particular, existing resources rarely
provide long, information-dense questions and an-
swers aligned with realistic educational contexts,
which limits their applicability to modern genera-
tive QA systems.

3 Methodology

This section discusses the methodology used for the
development of the dataset proposed in this work.
The methodology can be divided into four main
parts: data collection, preprocessing and generation
of questions and answers, followed by a human
evaluation process of the generated data. Figure 1
presents the workflow of this methodology.

3.1 Data Acquisition
As the first step, the data was obtained by perform-
ing web scraping of the digital version of the book
Natural Language Processing – Concepts, Tech-
niques, and Applications in Portuguese (2nd Edi-
tion) (Caseli and Nunes, 2023). The book balances
the presentation of historical knowledge and es-
sential foundations of NLP, ensuring that even the
oldest yet still relevant concepts are preserved and
studied. At the same time, the book stays up to date
by including recent techniques and applications, re-
flecting the state of the art in the field.

From the obtained HTML, each paragraph (tag
<p>) was added to the dataset as a context. Other
elements such as images, figures, equations, ta-
bles, footnotes, examples, and section introductions
were removed, as well as paragraphs containing ref-
erences to any of the aforementioned items.

3.2 Preprocessing
The dataset obtained via web scraping was cleaned
using RegEX2, removing contexts with fewer than
150 tokens, since examples below this threshold
do not provide enough content to generate a rel-
evant question or answer. Additionally, contexts
with more than 950 tokens were removed to avoid
model generation overflow. Finally, the prompt
was formatted for the model as follows:

• Given the context, generate a question and
an answer. The answer to each question is a

2Documentation available at: https://docs.python.
org/3/library/re.html#module-re
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Data Acquisition Preprocessing Generation Evaluation

Webscrapping Data cleaning Q&A Generation Human evaluation

Figure 1: The four-stage pipeline used to construct the dataset: Data Acquisition, Preprocessing, Generation, and
Evaluation.

segment from the corresponding context. The
answer should be short and direct. ### Con-
text: <context> ### Question:<completion>

3.3 Generation

For this step, we proposed a model based on Sabiá-
7B (Pires et al., 2023). The model was quan-
tized to reduce its size and complexity for deploy-
ment in resource-constrained environments. It was
loaded in 4-bit format using the NF4 quantization
type to better preserve information. To further re-
duce memory usage during fine-tuning, the LoRA
method is applied alongside quantization. LoRA
reduces the number of trainable parameters by in-
troducing low-rank adaptations. Only 3.89% of the
model’s parameters (262 million out of 6.7 billion)
were fine-tuned.

The fine-tuning was configured with a batch size
of 1 for both training and evaluation to accommo-
date memory constraints. Gradient accumulation
was not employed. We used the 32-bit AdamW
optimizer with a learning rate of 2e-4 and a cosine
learning rate scheduler. Instruction Fine-Tuning
(IFT) was performed on the Pirá dataset (Pirozelli
et al., 2024). In total, 1,624 question-answer pairs
were automatically generated from the book’s para-
graphs.

It is worth noting that the Sabiá-7B model was
primarily used in this research as a bootstrapping
tool to mitigate human effort in generating candi-
date questions and answers. The main contribution
of this work is not to attest to the already known
high performance of models of this scale, but rather
to present LARI as a open dataset validated by hu-
man experts.

3.4 Evaluation

To ensure the quality and factual accuracy of the
dataset, we opted for expert human evaluation.
Specifically, the evaluation was conducted by 39

domain experts, all of whom are contributing au-
thors of the book.

The generated dataset was divided into chapters.
Subsets corresponding to each chapter were eval-
uated by the respective annotator expert of that
chapter, with a maximum of 25 questions and an-
swers per annotator. Each annotator received a
brief tutorial and a form for each subset. The form
used a 1-to-5 scale (DeVellis, 2003) to assess the
context, question, and answer, as well as a final
eliminatory question regarding the overall quality
of the question and answer. In total, the 39 partic-
ipating annotators produced a final dataset of 688
entries.

4 Results

The results are organized according to the quality
and relevance of the questions and answers, con-
sidering the Likert scale (DeVellis, 2003) used to
measure contextual coherence, question formula-
tion, and answer adequacy. Below, we detail the
findings of this evaluation, focusing on the model’s
effectiveness in generating content aligned with the
book’s context and the quality of the entries that
make up the final dataset.

First, 39 responses were obtained from the in-
vited annotators. It is worth noting that annotators
received at most 25 trios (context, question, and
answer); therefore, not all of them received the ex-
act amount described, as some chapters contained
less usable text than others. In total, the result-
ing dataset comprised 688 trios. As part of the
evaluation, an analysis was carried out regarding
the overall adequacy and coherence of the gener-
ated questions and answers. Of the 688 evaluated
trios, 464 (approximately 67%) were considered
adequate and coherent, while 224 (33%) did not
meet this expectation.

Regarding the context, most evaluations (316)
assigned a score of 5, suggesting that the contexts
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were considered excellent by the majority of evalu-
ators. The second highest concentration was score
4 (113), indicating that many contexts were also
evaluated as good. Only a small fraction of the
contexts received low scores (2 and 1), suggesting
that there were few cases in which the context did
not meet the evaluators’ expectations. The same
trend was visible in the rest of the trios.

Overall, the results indicates that both the con-
texts and the questions and answers were well eval-
uated, with a clear majority of scores three, four
and five. However, the questions and answers cate-
gory showed a slightly broader distribution of lower
scores (one and two), suggesting that in some cases,
the questions and answers were not as consistent
or satisfactory as the contexts.

The majority of the questions, representing
95.7% (or 444 questions), received a score equal to
or higher than three, indicating that most questions
were considered acceptable or better in quality by
the evaluators. Only 4.3% of the questions, cor-
responding to twenty questions, received scores
below three. The same pattern is visible in the
equivalent sample for the answers. Overall, the
performance in formulating questions and answers
was predominantly positive, with only a small frac-
tion failing to meet the expected quality criteria.

During the experiments, an issue observed was
that the model struggled to generate questions and
answers when the context lacked quality, whether
in terms of length or content. Despite the web-
scraping process having attempted to avoid para-
graphs without sufficient standalone context (as its
shown in the Section 3.2), some cases still com-
promised the quality of the remaining trio. For
example:

“There is still a type of morpheme (or
phoneme, depending on the approach)
that has not been explored here because
it is not relevant to NLP studies: the link-
ing vowels and consonants. They have
no meaning, but are sometimes inserted
between a root and a suffix or an affix for
phonological reasons.”

The context example above received a score of
two, with the following observation from one of the
annotators: “The context refers to what is missing
in the chapter.” The model’s difficulty in gener-
ating appropriate questions and answers was rein-
forced by the author’s observation, which pointed
out that the context used referred to gaps in the

chapter. This means the model was attempting to
generate content based on incomplete or insuffi-
cient information, which compromised the quality
of the generated question and answer.

During the experiments, it was observed that
answer quality fluctuates significantly depending
on the quality of the question. The results illus-
trates the positive relationship between the average
scores assigned to questions and their correspond-
ing answers, with a trend line indicating that as the
perceived quality of the questions increases (higher
average score), the answer quality also tends to be
better evaluated. The linear relationship suggested
by the trend line reveals a consistent positive corre-
lation, where higher-rated questions are generally
associated with equally well-rated answers. The
absence of significant dispersion or notable outliers
reinforces the hypothesis of a direct and predictable
connection between the two variables.

4.1 Dataset Characteristics
The final dataset was post-processed so that ques-
tions and answers with low scores and flagged as
invalid were removed. The distribution of ques-
tions and answers by chapter is presented in the
chart in Figure 2.

The chapters “Information Extraction” (Ex-
tração de Informação) and “Textual Complexity
and Related Tasks” (Complexidade Textual e Suas
Tarefas Relacionadas) stand out with the highest
number of valid questions and answers. In con-
trast, chapters such as “Ethical Issues in AI and
NLP” (Questões Éticas em IA e PLN), “Dialogue
and Interactivity” (Dialogo e Interatividade) and
“Evaluation of Language Technologies” (Avaliação
de Tecnologias de Linguagem) show a low num-
ber of valid questions and answers. This outcome
is related to the number of questions and answers
generated for each chapter, where shorter chapters
or those with less raw text received less content.

To further detail the linguistic properties of the
resulting dataset, we computed length and vocabu-
lary metrics across the final 464 context-question-
answer triples. The extracted contexts have an av-
erage length of 125.34 words (ranging from 48
to 457). The formulated questions average 10.82
words, while the validated answers average 20.62
words. LARI demonstrates rich lexical diversity,
encompassing a unique vocabulary of 6,795 tokens
out of a total of 60,367 words.

Finally, the evaluation results presents that, al-
though the model demonstrated competence in gen-
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Figure 2: Distribution of valid (with the score given by the reviewers bigger than/equal to 3) questions and answers
by chapter.

erating questions and answers, contextual adequacy
and formulation quality still present significant dif-
ficulties. The analysis revealed that failures in con-
textualization compromised the clarity and rele-
vance of the answers, suggesting that consistency
and depth in the provided contexts are crucial for
the model’s effectiveness. Furthermore, the obser-
vations indicate that improvements can be made in
the presentation format and accuracy of the gen-
erated questions and answers. Thus, the study un-
derscores the need for continuous refinements in
both the model and the initial dataset to ensure that
the generated content is not only coherent but also
aligned with expectations and demands.

Additionally, the final result for each item in
the trio was given by the weighted average of the
scores, where: the contexts achieved an average of
4.58, the questions reached an average of 4.48, and
the answers reached an average of 4.37. Finally, the
set achieved a score based on the simple average of
these three items, 4.47.

5 Final Considerations

The automatic generation of questions and an-
swers plays an important role in advancing hu-
man–computer interaction, particularly in educa-
tional settings, yet it remains challenging for low-
resource languages such as Portuguese. This work
addresses this gap by proposing a methodology for
constructing QA-oriented datasets and by publicly

releasing the LARI dataset, contributing a new re-
source to support research in Portuguese.

Human evaluation indicates that most con-
text–question–answer trios are coherent, while also
revealing a strong dependency between context
quality and the quality of the generated questions
and answers. Insufficient contexts lead to sub-
stantial degradation in the remaining components,
whereas well-formulated questions tend to yield
higher-quality answers.

We expect that both the proposed methodology
and the LARI dataset will support future studies
on QA in Portuguese. Future work includes explor-
ing additional fine-tuning strategies, expanding the
training corpus to increase content diversity, and
investigating the applicability of this approach to
domains beyond the current case study.
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