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Abstract. The use of textbooks as primary sources of information has increas-
ingly given way to tools based on Large Language Models (LLMs), raising con-
cerns about the reliability of generated answers. This study investigates how
different adaptation strategies shape the behavior of small language models
in educational Question Answering (QA) tasks in Portuguese. To support this
analysis, we built a question-answer dataset derived from an NLP textbook and
compared base models and the Retrieval-Augmented Generation (RAG) pipeline
with models adapted through supervised fine-tuning and Continued Pretraining.
The evaluation relies on questions from the LARI dataset, which has been vali-
dated by human specialists, and combines automatic and qualitative assessment
procedures. The findings indicate that small models tuned with structured in-
structional knowledge achieve stronger semantic alignment and produce more
pertinent answers in Portuguese educational QA scenarios.

1. Introduction

Large Language Models (LLLMs) have increasingly been incorporated into educational
settings as tools for information retrieval and knowledge generation [Yan et al. 2024,
Xing et al. 2025].  Although these models can produce fluent and context-aware re-
sponses, recent studies report limitations in factuality, grounding, and the reliability of
generated content, particularly in technical domains [Ji et al. 2023, Huang et al. 2025].
In Question Answering (QA) tasks, such limitations become especially problematic, since
conceptual inconsistencies may directly affect the learning process.

Strategies such as Supervised Fine-Tuning (SFT), aimed at model specialization,
and Retrieval-Augmented Generation (RAG), which incorporates external knowledge dur-
ing generation, have been employed to enhance the performance of LLMs in specialized



domains [Lewis et al. 2020, Gao et al. 2023]. Even so, the behavior of small language
models under these adaptation settings in Portuguese educational scenarios remains in-
sufficiently studied.

At the same time, technical textbooks have been used as sources of specialized
knowledge for language models [Gunasekar et al. 2023]. In the context of Natural Lan-
guage Processing (NLP) in Portuguese, the book Processamento de Linguagem Natural:
Conceitos, Técnicas e Aplicagoes em Portugués [Caseli and Nunes 2026], developed by
the Brasileiras em PLN (BPLN) group, stands out as one of the main reference materials
in the field. Alongside this initiative, the LARI dataset [Junqueira et al. 2026] was built
from the BPLN NLP textbook and contains context-question-answer triples evaluated by
human specialists.

In this work, we rely exclusively on the third edition of the textbook
[Caseli and Nunes 2024] as the knowledge source for both the construction of an
instruction-based question-answer pairs dataset, named here as Carapicu-textbook, and
the adaptation of small language models to act as experts into the book. We investigate
two adaptation strategies: supervised fine-tuning (SFT) using Carapicu-textbook and con-
tinued pretraining (CPT) on the raw content of the book followed by SFT (CPT-SFT). The
experiments include base models of different scales, adapted variants of these models, and
a RAG pipeline built from the textbook content.

Although recent studies have examined LLLM adaptation and contextual retrieval
for QA in Portuguese [Costa 2024], analyses involving small models adapted with struc-
tured instructional knowledge and evaluated on educational benchmarks validated by hu-
man specialists are still scarce. The results indicate that adapted small models can outper-
form larger non-specialized models in semantic alignment and answer relevance metrics.

2. Related Work

LLM adaptation strategies have been widely studied as a way to align pretrained mod-
els with specialized domains. Among these approaches, Supervised Fine-Tuning (SFT)
incorporates domain knowledge directly into model parameters [Ouyang et al. 2022,
Gururangan et al. 2020] through instruction-based datasets. Research on parametric
knowledge indicates that LLMs can store factual information within their parameters
[Petroni et al. 2019, Roberts et al. 2020]. Even so, gains in automatic evaluation met-
rics do not necessarily correspond to higher factual fidelity or semantic consistency
[Jietal. 2023]. Models adapted exclusively through parametric learning also remain
prone to generating incorrect information, a limitation that becomes particularly prob-
lematic in Question Answering (QA) tasks.

As an alternative, Retrieval-Augmented Generation (RAG) approaches integrate
external retrieval mechanisms into the text generation process [Lewis et al. 2020]. Recent
studies report improvements in factuality and grounding when retrieval-based strategies
are adopted [Gao et al. 2023, Mallen et al. 2023]. At the same time, these methods still
face issues related to irrelevant document retrieval and the handling of long contextual
inputs [Liu et al. 2024, Asai et al. 2024].

Within the Brazilian context, recent studies have started to examine the behav-
ior of LLMs in Portuguese for tasks such as summarization and QA [Assis et al. 2025].



At the same time, the growing availability of small open-weight models has intensified
discussions around computational cost and model adaptation in resource-constrained en-
vironments.

QA benchmarks play a central role in the evaluation of language models. Re-
sources such as SQuAD [Rajpurkar et al. 2016] helped establish this evaluation paradigm,
although they were originally designed for English. In this setting, the LARI dataset
[Junqueira et al. 2026] introduces a Portuguese educational QA resource derived directly
from the BPLN NLP textbook [Caseli and Nunes 2024]. The dataset consists of context—
question—answer triples reviewed by human specialists and was designed specifically for
educational scenarios in Brazil.

Despite recent progress in LLM adaptation, contextual retrieval, and QA in Por-
tuguese [Costa 2024], studies examining small models adapted with structured instruc-
tional knowledge and evaluated on educational benchmarks validated by human special-
ists remain scarce. The influence of controlled didactic materials on the textual and con-
ceptual behavior of adapted models for educational QA in Portuguese also remains largely
unexplored.

3. Resources and Datasets

This section presents the main resources used in the experiments, including the textbook
adopted as the knowledge source (Section 3.1), the evaluation dataset (Section 3.2), and
the models considered in the study (Section 3.3).

3.1. Textbook: BPLN book

As the primary knowledge source for model adaptation and evaluation, we used the
third edition of the book Processamento de Linguagem Natural: Conceitos, Técnicas
e Aplicacoes em Portugués' [Caseli and Nunes 2024], hereafter referred to as the BPLN
NLP textbook. The book covers theoretical foundations, linguistic resources, and con-
temporary NLP applications focused on Brazilian Portuguese, and has become one of the
main educational references in the field.

The choice of this textbook was motivated by the presence of structured tech-
nical content reviewed by specialists and closely aligned with NLP education in Por-
tuguese. Unlike heterogeneous corpora automatically collected from the Web, the text-
book presents greater terminological and conceptual consistency across chapters and top-
ics. Table 1 reports general statistics of the book computed using the Qwen3 0.6B tok-
enizer.

In the context of this study, the content of the BPLN NLP textbook was used as the
sole knowledge source for both parametric model adaptation and the document collection
employed in the RAG-based pipeline. The textual content of the book was organized at
the chapter and section levels while preserving its original thematic structure. Details
regarding text processing and the use of this resource in each experimental strategy are
presented in Section 4.

'"https://brasileiraspln.com/livro-pln/3a-edicao/



Table 1. General statistics of the textbook computed using the Qwen3 0.6B tok-

enizer
Metric Value
Total number of chapters 33
Total number of sections 125
Total number of textbook tokens 126103

Average number of tokens per chapter 3821.3
Average number of tokens per section 1008.82

3.2. LARI Dataset

For model evaluation, we used the LARI dataset® [Junqueira et al. 2026], developed
specifically for educational Question Answering tasks in Brazilian Portuguese. The
dataset was derived directly from the BPLN NLP textbook and consists of context-
question-answer triples related to the NLP domain.

Beyond the construction of the triples, LARI also includes a human evaluation
stage conducted by the textbook authors, in which each instance received scores ranging
from 1 to 5 according to quality and pedagogical adequacy criteria.

Unlike automatically translated datasets, LARI was originally created in Por-
tuguese and validated by human specialists in the field. We used exclusively the ques-
tions that received the highest score (5), resulting in 238 instances out of a total of 464.
This decision was made to reduce potential ambiguities in the evaluation set and to ensure
that the benchmark consisted only of instances considered to have the highest pedagogi-
cal quality by the dataset creators. Consequently, the evaluation focuses on high-quality
reference questions, making the comparison between models more reliable and reducing
the influence of potential noise in the benchmark. The dataset was employed solely for
evaluation purposes and was not used during any stage of model training or adaptation.
This separation between adaptation and evaluation data was intentionally designed to pre-
vent data leakage and to assess the models ability to generalize beyond the instructional
material seen during training.

3.3. Evaluated Models

We select Qwen3 0.6B, Qwen3 8B, and Sabid 7B models to investigate how model scale,
linguistic specialization, and adaptation strategies influence educational QA tasks in Por-
tuguese. The Qwen3 models were selected because they are open models belonging to
the same architectural family [Yang et al. 2025], allowing a more controlled comparison
across different parameter scales. While Qwen3 0.6B represents a compact and computa-
tionally accessible model, Qwen3 8B offers greater capacity for textual representation and
reasoning. The model family also includes multilingual support and capabilities targeted
at generative and text understanding tasks.

We also evaluated Sabid 7B, a commercial model developed for Brazilian Por-
tuguese [Pires et al. 2023b]. Its inclusion makes it possible to analyze the effects
of linguistic specialization in tasks involving technical NLP concepts in Portuguese

[Assis et al. 2025].

https://huggingface.co/datasets/jjuliar/plndataset
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Figure 1. Methodological pipeline adopted in this study.

Beyond the base models, we evaluated the performance of Qwen3 0.6B within a
RAG pipeline built on top of the BPLN NLP textbook content, using Qwen3 Embedding
0.6B for question vectorization and Qwen3 Reranker 0.6B to retrieve the most semanti-
cally related textbook sections.

4. Methodology: Carapicu Pipeline

Figure 1 presents an overview of the proposed pipeline. The BPLN NLP textbook
[Caseli and Nunes 2024] was used as the sole knowledge source for the construction of
the carapicu-textbook dataset, which was later employed for model adaptation through
supervised fine-tuning and, in one variant, continued pretraining.

After the adaptation stage, the models were evaluated exclusively using LARI
dataset questions that received the maximum score (5), resulting in a total of 238 triples.
The generated answers were analyzed using BERTScore and an LLM-as-a-Judge setup,
in which Sabid-4 evaluated factual correctness, relevance, and completeness on a Likert
scale ranging from 1 to 5. The following subsections describe the procedures adopted in
each stage of the pipeline.

4.1. Dataset Carapicu-textbook

The Carapicu-textbook dataset was constructed exclusively from the third edition of the
book Processamento de Linguagem Natural: Conceitos, Técnicas e Aplicacoes em Por-
tugués [Caseli and Nunes 2024], which served as the sole knowledge source. The use
of a single educational resource allows us to investigate how language models behave
when exposed to structured and domain-specific knowledge in Portuguese. Unlike het-
erogeneous corpora automatically collected from the Web, the textbook presents stronger
conceptual consistency, terminological standardization, and pedagogical organization.

The textual content was initially extracted and organized in JSON format while
preserving the original chapter and section structure. Each section was then submitted to
the GPT-40-mini API together with a prompt® designed to generate 20 question-answer
pairs divided into three thematic groups: (i) foundations and concepts; (ii) techniques and
models; and (iii) applications and challenges.

Shttps://github.com/FORMAS/carapicu-model



The resulting resource, named Carapicu-textbook, consists of a collection of
question-answer pairs derived from the textbook content and was used during the model
adaptation stage. Table 2 presents general statistics of the dataset.

In addition to the automatic generation of question-answer pairs, we conducted a
qualitative analysis of the Carapicu-textbook dataset through manual inspection of a rep-
resentative sample. This analysis aimed to verify conceptual consistency, semantic align-
ment, and adherence to the content of the BPLN NLP textbook. Overall, the generated
pairs exhibited thematic coherence and alignment with the concepts presented in their
respective sections. We also observed a predominance of short and objective answers,
a characteristic that was later reflected in the behavior of the adapted models. Unlike
the LARI dataset, whose reference answers are generally more detailed, the Carapicu-
textbook emphasizes concise responses. This difference should be taken into account
when interpreting the completeness scores reported in the evaluation. Although a full
manual validation of the entire dataset was not performed, the sampling-based review
allowed us to identify occasional inconsistencies and assess the overall quality of the re-
source used in the experiments.

Table 2. General statistics of the Carapicu-Textbook dataset

Metric Value
Total number of QA pairs 1,875
Total number of dataset tokens 220,726
Average number of user tokens (question) 18.47

Average number of model tokens (answer)  40.25

4.2. Model Adaptation

The model adaptation stage was designed to investigate how different specialization
strategies affect small language models in educational QA tasks in Portuguese. For this
purpose, we selected Qwen3 0.6B, an SLM with lower computational cost and inference
time, using the Carapicu-textbook dataset as the main adaptation resource.

In this work, we considered two strategies: supervised fine-tuning (SFT) and con-
tinued pretraining (CPT) followed by SFT (CPT-SFT), both applied to Qwen3 0.6B.

In the first strategy, named Carapicu-Qwen3-0.6B-SFT, the model was fine-
tuned using the question—answer pairs from Carapicu-textbook. Hyperparameter
configuration was obtained through Bayesian Optimization and HyperBand (BOHB)
[Falkner et al. 2018] using the Weights & Biases (WandB)* platform.

In the second strategy, named Carapicu-Qwen3-0.6B-CPT-SFT, we conducted a
CPT stage using the raw textbook content in order to expose the model to NLP terminol-
ogy and concepts before supervised fine-tuning. The resulting model was then submitted
to the same SFT procedure using the question—answer pairs from Carapicu-textbook.

The two strategies allow a comparison between a model directly adapted for QA
and another previously exposed to the textual domain of the technical textbook before

“https://wandb.ai
Shttps://huggingface.co/FORMAS/Carapicu-Qwen3-0.6B-CPT-SFT



supervised fine-tuning. Table 3 presents the final hyperparameters obtained during the
optimization process, allowing for the reproduction of the configuration used in both
adaptation strategies.

Table 3. Training hyperparameters of the Carapicu models

model Ir epochs batchsize eval/loss
Carapicu-Qwen3-0.6B-SFT 3e-5 4 2 1.50
Carapicu-Qwen3-0.6B-CPT-SFT7 3e-5 3 2 1.58

4.3. Retrieval-Augmented Generation

We also developed a Retrieval-Augmented Generation (RAG) pipeline to verify whether
Qwen3 0.6B would be able to answer adequately when provided with the textbook sec-
tions that were semantically closest to the query. We adopted an Advanced RAG approach
incorporating a reranker model to refine the retrieved passages before inference.

The vector database was built using ChromaDB, all sections of the BPLN NLP
textbook were indexed and embedded using Qwen3 Embedding 0.6B. We then employed
Qwen3 Reranker 0.6B to reorder the retrieved passages: initially, 10 sections were re-
trieved, and the 3 highest-ranked sections were used as context for answer generation.

During inference, we used a prompt® instructing the model to answer exclusively
based on the provided context. We also set the temperature to 0 and limited the generated
responses to a maximum of 512 fokens.

4.4. Evaluation

The answers generated by the models were evaluated wusing BERTScore
[Zhang et al. 2019] and a qualitative assessment based on the LLM-as-a-Judge paradigm
[Lin et al. 2021]. This strategy was adopted to analyze not only textual similarity be-
tween generated and reference answers, but also aspects related to conceptual adequacy,
relevance, and completeness of the responses produced by the models. Since reference
answers are available, traditional automatic metrics can be reliably used for model
ranking, as prior work has shown strong alignment between these metrics and human
judgments in ranking settings [Thakur et al. 2024].

4.4.1. BERTScore

As the main automatic evaluation metric, we adopted BERTScore [Zhang et al. 2019],
an approach based on contextual embeddings that measures semantic similarity between
texts using representations produced by Transformer models. Unlike metrics based
solely on lexical overlap, such as BLEU [Papineni et al. 2002] and ROUGE [Lin 2004],
BERTScore can capture semantic similarity even in scenarios involving paraphrases and
textual reformulations.

In this work, BERTScore was computed using BERTimbau [Souza et al. 2020]
to compare the answers generated by the models against the reference answers from the
LARI dataset, allowing us to examine the semantic alignment of the produced responses.

Shttps://github.com/FORMAS/carapicu-model



4.4.2. Sabia-4 as Judge

In addition to automatic metrics, we adopted an LLM-as-a-Judge strategy
[Zheng et al. 2023], in which a language model acts as an automatic evaluator of
the generated responses. Sabid-4 was the judge model because it was specifically
developed for Brazilian Portuguese, offering stronger linguistic and terminological
alignment for the evaluation of educational answers in Portuguese [Pires et al. 2023a].
The use of an external model also helps avoid self-evaluation bias [Xu et al. 2024].

Sabid-4 assigned scores on a Likert scale [Likert 1932] ranging from 1 to 5 for
three criteria: (i) factual correctness; (ii) answer relevance with respect to the question;
and (iii) completeness. During the qualitative analysis, we observed that the adapted mod-
els predominantly generated short and objective answers, reflecting the characteristics of
the Carapicu-textbook used during training. In contrast, the LARI evaluation dataset
generally contains more detailed reference answers. Therefore, the lower completeness
scores observed for the adapted models likely reflect differences between the response
style learned during adaptation and the style expected by the evaluation benchmark, rather
than an actual lack of conceptual knowledge.

5. Results

Table 4 presents the results obtained with BERTScore. In general, the models adapted
using the Carapicu-textbook dataset achieved the highest semantic similarity scores when
compared to the non-specialized base models. The best performance was obtained by
Carapicu-Qwen3-0.6B-CPT-SFT, which reached an F1 score of 0.5354, followed by
Carapicu-Qwen3-0.6B-SFT with an F1 score of 0.5313. These results indicate that both
supervised fine-tuning and the additional continued pretraining stage contributed to bring-
ing the generated answers closer to the reference content contained in the LARI dataset.

The results also indicate that smaller models adapted to the educational domain
represented by the BPLN NLP textbook can outperform larger non-specialized models.
Although Qwen3-8B has substantially higher parametric capacity, its BERTScore per-
formance remained below that of the adapted models, reaching an F1 score of 0.3978.
This behavior supports the idea that supervised adaptation using structured instructional
knowledge may exert a stronger influence on answer alignment than simply increasing
the parameter scale of the model. It is also worth mentioning that the maximum gener-
ation length during inference was fixed at 512 fokens. Under this restriction, Qwen3-8B
frequently exhausted the available budget while producing its reasoning chain (through
think blocks), leading to truncated outputs and preventing the model from generating a
final answer.

We also observed that the RAG pipeline achieved competitive performance in
terms of semantic recall, obtaining the highest recall value among all evaluated models
(0.5823). This behavior suggests that retrieving passages from the BPLN NLP textbook
favors broader semantic coverage of the generated answers, although this does not always
translate into the highest overall alignment measured by F1.

The results obtained by Sabid-7B indicate that linguistic specialization alone is in-
sufficient to guarantee stronger performance in specialized educational Question Answer-
ing tasks. Although the model was developed specifically for Brazilian Portuguese, its



BERTScore performance remained below that of the models adapted with the Carapicu-
textbook dataset. During qualitative analysis, we observed signs of textual degeneration,
including repetitive loops, semantically incoherent sentences, and the generation of ran-
dom characters. It is worth noting that the evaluated version corresponds to the first public
release of the Sabid family available on Hugging Face.

Table 4. Average BERTScore values obtained by the evaluated models

Model Precision Recall F1

Carapicu-Qwen3-0.6B-CPT-SFT  0.5267  0.5526 0.5354
Carapicu-Qwen3-0.6B-SFT 0.5200  0.5513 0.5313
Answer_RAG 0.4529  0.5823 0.5028
Qwen3-0.6B 0.3995  0.5443 0.4575
sabia-7b 0.4284 0.4938 0.4534
Qwen3-8B 0.3453  0.4825 0.3978

Table 5 presents the results of the qualitative evaluation based on the LLM-as-a-
Judge approach. Unlike BERTScore, which measures semantic alignment with respect
to the reference answers, this evaluation examines aspects related to factual correctness,
relevance, and completeness of the generated responses.

The results show that the adapted models achieved stronger performance mainly in
the relevance dimension. Carapicu-Qwen3-0.6B-CPT-SFT obtained the highest average
score for this criterion (3.92), followed by Carapicu-Qwen3-0.6B-SFT (3.85).

In the factual correctness dimension, the retrieval-based pipeline achieved the best
overall result (3.30), indicating a greater ability to produce factually consistent answers.
The adapted models also obtained competitive performance in this criterion, outperform-
ing the base models from the Qwen3 family.

With respect to completeness, we observed more modest results for the adapted
models. During qualitative analysis, we found that these models frequently produced
shorter and more objective answers, a behavior possibly associated with the characteristics
of the Carapicu-textbook dataset used during training. For this reason, short answers were
not automatically considered inadequate during qualitative evaluation as long as they were
conceptually sufficient to answer the proposed question correctly.

We also observed that larger models did not necessarily achieve stronger qualita-
tive performance. Despite its higher parametric capacity, Qwen3-8B obtained the lowest
average scores among the evaluated Qwen models across all three analyzed criteria.

Table 5. LLM-as-a-Judge results using Sabia-4. Answers between a Likert scale
ranging from 1-strongly disagree to 5-strongly agree.

model factual correctness SD  relevance SD  completeness  SD

Answer_RAG 3.30 +1.56 3.76 +1.62 3.16 +1.46
Qwen3-0.6B 2.78 +1.50 3.34 +1.73 2.67 +1.40
Qwen3-8B 2.13 +1.78 2.08 +1.75 1.85 +1.42
Carapicu-Qwen3-0.6B-SFT 2.97 +1.31 3.85 +1.34 2.70 +1.10
Carapicu-Qwen3-0.6B-CPT-SFT 3.04 +1.28 3.92 +1.29 2.79 +1.11

Sabia-7B 1.31 +0.92 1.40 +1.11 1.17 +0.61




6. Discussions

Our results indicate that fine-funing with structured instructional knowledge positively af-
fected the semantic alignment of the generated answers. Both Carapicu models achieved
the highest BERTScore F1 values, outperforming the base models and Sabid-7B, sug-
gesting that direct exposure to the textbook content contributed to bringing the generated
answers closer to the LARI reference responses at the semantic level. The results also
indicate that small models can benefit considerably from specialization strategies when
the domain is well delimited and the training material presents consistent conceptual or-
ganization. The comparison between Qwen3-0.6B and the Carapicu models reinforces
this interpretation, since all models share the same architectural foundation.

Another aspect observed in the experiments is that increasing parameter scale did
not necessarily lead to better performance. Qwen3-8B obtained lower results than the
adapted models and even lower scores than its smaller counterpart, Qwen3-0.6B. This
behavior suggests that larger models may require a greater number of tokens to structure
their reasoning chains. In practice, we observed that Qwen3-8B frequently exhausted
the entire generation budget during internal processing (think blocks), resulting in trun-
cated and incomplete answers. This finding carries critical implications for resource-
constrained environments. In local deployment scenarios, where GPU memory, power
budget, and latency bounds are strictly limited, larger models not only incur higher com-
putational overhead, but their tendency to produce verbose internal reasoning steps can
actively degrade usability.

The results obtained with Sabia-7B support the interpretation that specialized fine-
tuning plays a central role in this scenario. Although the model was natively trained
for Brazilian Portuguese, its performance remained below that of the Carapicu variants,
indicating that linguistic specialization alone does not guarantee the conceptual alignment
required by a technical domain. In addition, qualitative analysis of the Sabid-7B outputs
revealed severe textual degeneration issues. In many interactions, the model produced
anomalous outputs characterized by repetitive loops, semantically incoherent sentences,
and random character generation.

The LLM-as-a-Judge evaluation complements the BERTScore results by revealing
qualitative aspects that are not fully captured by traditional metrics. The Carapicu mod-
els achieved stronger performance mainly in the relevance dimension, indicating closer
alignment between the generated answers and the proposed questions. This behavior is
consistent with the adopted training procedure, since Carapicu-textbook was constructed
directly from question-answer pairs derived from the textbook content.

With respect to completeness, the adapted models achieved lower results than
those observed for relevance and factual correctness. One possible explanation lies in the
characteristics of the Carapicu-textbook dataset used during training. Since this dataset
was constructed from objective question—answer pairs, most of its answers are relatively
short and focused on the core information. Consequently, the adapted models learned to
reproduce this pattern during inference, favoring concise responses even when the LARI
dataset contained more detailed reference answers. Therefore, the lower completeness
scores appear to reflect differences between the writing style learned during adaptation
and the response format expected by the evaluation benchmark, rather than indicating
lower conceptual quality of the generated answers.



It is also important to note that the performance achieved by the RAG strategy in
this evaluation may indicate a complementary relationship between retrieval-based meth-
ods and parametric adaptation in the studied task, suggesting a viable path for developing
higher-quality systems with lower computational costs.

In general, our results indicate that fine-tuning with structured instructional knowl-
edge is a promising strategy for adapting small language models to educational QA within
the specific NLP domain investigated in this work. Since the experiments were conducted
using a single textbook as the knowledge source, further studies are necessary to verify
whether these findings generalize to other educational domains and instructional materi-
als.

7. Conclusion

In this work, we investigated how different adaptation strategies influence small language
models in educational QA tasks in Portuguese. Our findings indicate that the adapted
models achieved stronger semantic alignment and higher answer relevance than the eval-
uated non-specialized base models. Within the investigated setting, Carapicu-Qwen3-
0.6B-SFT and Carapicu-Qwen3-0.6B-CPT-SFT outperformed larger models across dif-
ferent evaluation metrics, suggesting that supervised adaptation with structured instruc-
tional knowledge can be an effective strategy for domain-specific educational QA.

The experiments also indicate that the characteristics of the training dataset di-
rectly influence the textual behavior of the adapted models, particularly regarding answer
objectivity. These findings reinforce the importance of carefully designing instructional
datasets for model specialization. More broadly, this work contributes to ongoing dis-
cussions on LLM adaptation in Portuguese, educational QA, and the use of structured
instructional knowledge for specializing small language models.

Future work should investigate whether the observed behavior remains consis-
tent when other textbooks, knowledge domains, educational resources, and languages are
considered. We also plan a human evaluation of the questions in the Carapicu-textbook
dataset, aiming to identify the types of questions that language models answer well or
struggle with. Based on a taxonomy of question types, we intend to investigate how dif-
ferent categories affect model performance and use these findings to support the practical
adoption of this resource as educational material within the BPLN textbook. We also plan
to extend the dataset and experiments to the recently released fourth edition of the BPLN
textbook.

Limitations

Some limitations of this work should be described. First, the experiments relied exclu-
sively on the BPLN NLP textbook as the knowledge source, restricting the analysis to a
specific educational domain within Natural Language Processing. Therefore, the findings
should be interpreted within the investigated educational setting and do not necessarily
generalize to other textbooks, educational resources, or knowledge domains.

Another limitation is related to the size and characteristics of the Carapicu-
textbook dataset. Since the resource is composed predominantly of short and objective
answers, the adapted models tended to reproduce this pattern during inference, particu-
larly affecting the completeness results.



In addition, the evaluation based on the LLM-as-a-Judge paradigm carries lim-
itations inherent to the use of language models as automatic evaluators, potentially re-
flecting preferences associated with writing style or answer length [Chen et al. 2024].
Furthermore, the judge model employed in this study belongs to the Sabid family, while
one of the evaluated models also belongs to the same family. This setup may introduce
self-recognition bias, a phenomenon in which models tend to favor outputs generated by
themselves or by closely related model families [Panickssery et al. 2024]. Although the
Sabid-based judge did not explicitly demonstrate systematic preference toward answers
generated by the Sabid-7B model, it is possible that some degree of this bias may still
have influenced the evaluation results. In future work, we will complement this approach
using human evaluation.

Finally, the experiments were conducted only with models from the Qwen3 family
and with Sabid-7B. Future work may extend this analysis by considering other architec-
tures, adaptation strategies, and additional educational datasets in Portuguese.

Ethical Considerations Statement

This work relies exclusively on public academic textual resources for the construction of
the datasets and the execution of the experiments. The content used for model adaptation
was derived from the BPLN NLP textbook, licensed under the Creative Commons BY-
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