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Abstract

This work presents a systematic evaluation of Large Language Models (LLMs) for generating specialized definitions
in Portuguese, focusing on the medical and geological domains. We introduce a robust benchmark and employ a
rigorous, statistically grounded evaluation framework, including 5-fold cross-validation and significance testing, to
ensure the reliability and generalizability of our findings. Our comprehensive experiments with various open-source,
decoder-only LLMs explore in-context learning (ICL) with diverse prompting strategies, ranging from zero-shot to
few-shot and contextual information. The evaluated models include multilingual architectures and one model that
underwent continued pretraining specifically for Portuguese, allowing us to assess the impact of language adaptation
on definition generation quality. The results indicate that most evaluated models perform effectively in this task, with
relatively small performance differences among the top models. Statistical analyses confirmed that these differences
are not consistently significant, suggesting that several open LLMs, regardless of their size, multilingual capacity,
or language specialization, offer comparable effectiveness for Portuguese definition generation. These findings
provide valuable insights for selecting and adapting models for specialized NLP tasks in low-resource languages like
Portuguese.

Keywords: definition generation, specialized domains, Large Language Models, low-resource, Portuguese

language, geological terminology, medical terminology
1. Introduction

Glossaries, thesauri, and ontologies are essen-
tial resources for obtaining definitions of general
and domain-specific terms (Lopes et al., 2024).
These definitions can be applied in various natural
language processing (NLP) tasks, such as Word
Sense Disambiguation (Navigli and Velardi, 2005;
AlMousa et al., 2022), ontology alignment (Lopes
et al., 2024), and improving the comprehensibil-
ity of domain-specific documents, such as legal,
historical and medical texts (Nunes et al., 2018;
Giulianelli et al., 2023; Chouhan and Gertz, 2024).

Despite the existence of curated lexical re-
sources and structured knowledge bases (Gadet-
sky et al., 2018; Riafo et al., 2019; Navigli et al.,
2021; Furtado et al., 2024), achieving comprehen-
sive coverage of specialized terminology across
languages and domains remains a fundamental
challenge — particularly in low-resource settings
and technical fields. To address this limitation, re-
cent work has focused on the task of Definition Gen-
eration (DG), a relatively novel NLP task (Gadetsky
et al., 2018), which aims to generate a definition
given a specific term.

Although efforts have been made to generate def-
initions for both general and specialized domains
(Giulianelli et al., 2023; Chouhan and Gertz, 2024;

Source code available at https://github.

com/RafaelOleques/definition_generation_
lrec2026.

Furtado et al., 2024), there is a notable lack of
research targeting languages other than English,
such as Portuguese (Furtado et al., 2024). To the
best of our knowledge, the only study that evaluates
DG in Portuguese is DORE (Furtado et al., 2024).
However, that work focuses solely on general knowl-
edge definitions obtained from dictionaries such as
Dicio and Portuguese Wiktionary. While these are
reliable sources, they are not designed to represent
specialized domain knowledge, such as in Geology
or Medicine.

In this work, we present a systematic evaluation
of definitions generated by decoder-only Large Lan-
guage Models (LLMs) in specialized domains for
the Portuguese language. Our key contributions
are threefold:

+ Pioneering evaluation in Portuguese: We
conduct, to the best of our knowledge, the
first systematic assessment of definition gen-
eration in specialized domains, specifically
medicine and geology, for the Portuguese lan-
guage;

+ Comprehensive benchmarking: We estab-
lish a robust benchmark that compares multi-
ple LLMs under diverse prompting strategies,
including zero-shot and in-context learning
(ICL), with and without the inclusion of domain-
specific contextual information;

» Rigorous evaluation methodology: We
adopt a statistically grounded evaluation frame-
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work, employing 5-fold cross-validation and
significance testing to ensure the robustness,
reliability, and generalizability of our findings.

2. Related Work

Definition Generation (DG) was first proposed by
Noraset et al. (2017), who framed it as a word-to-
sequence task using word embeddings to generate
natural-language definitions. However, polysemy
poses a significant challenge: a term like “bank”
may require different definitions depending on con-
text. To address this, early work incorporated local
context and global context (Ni and Wang, 2017;
Gadetsky et al., 2018; Ishiwatari et al., 2019).

Subsequent advances shifted from RNN-based
architectures (Ni and Wang, 2017; Ishiwatari et al.,
2019; Li et al., 2020) to transformer-based mod-
els. Encoder—decoder frameworks demonstrated
improved fluency and accuracy (Giulianelli et al.,
2023; Furtado et al., 2024), while encoder-only and
decoder-only approaches explored prompt-based
and few-shot generation strategies (Chouhan and
Gertz, 2024; Furtado et al., 2024).

In Portuguese, DG remains underexplored. To
the best of our knowledge, the only dedicated eval-
uation is Furtado et al. (2024)’'s DORE benchmark,
which relies on general-domain dictionaries (Dicio,
Portuguese Wiktionary) and does not cover spe-
cialized vocabularies. Our work extends this line
by targeting medical and geological domains and
introducing rigorous cross-validation and statistical
testing.

3. Definition Generation in
Specialized Domains

This section describes the corpora and resources
used to support definition generation in specialized
Portuguese domains. We detail the construction
and use of domain-specific glossaries and contex-
tual corpora of Named Entity Recognition (NER).
These complementary resources form the basis
for training and evaluating our definition generation
models.

3.1.

For the medical domain, we used the Medical
Subject Headings (MeSH) thesaurus', incorporat-
ing its multilingual definitions provided through the
DeCS/MeSH initiative (dec, 2018). MeSH was se-
lected for its reliable, expert-curated definitions
maintained by PubMed. We adopted the 2018
version, which contains 28,939 definitions and
121,318 terms.

Domain-Specific Glossaries

1https ://meshb.nlm.nih.gov/

For the geological domain, we employed the glos-
sary provided by the Brazilian Commission of Geo-
logical and Paleobiological Sites? (SIGEP), using
the version published on May 11, 20252, This glos-
sary compiles domain-specific terminology related
to Brazilian geological heritage and was chosen for
its authoritative content and focus on national geo-
scientific resources. The glossary contains 1,514
definitions and 2,026 terms.

3.2. Named Entity Recognition Corpora

To provide contextual information for the special-
ized terms, we utilized NER corpora from two
Portuguese-language domains: medicine and ge-
ology. NER corpora are especially useful in this
task because they contain annotated entities rep-
resenting domain-specific concepts, ensuring that
terms appear in realistic and meaningful textual
contexts. Including such context can help models
better understand how a term is used in practice
and may assist in disambiguating its meaning in
possible cases of polysemy.

For the medical domain, we employed the BETE
corpus (Pavanelli et al., 2023), which focuses on
diabetes-related texts. BETE offers expert anno-
tations on relevant medical entities, providing a
concentrated source of terminology crucial for eval-
uating term definitions in healthcare contexts. Al-
though smaller in size, BETE’s high-quality anno-
tations make it valuable for our task.

In the geological domain, we used GeoCorpus-3
(Gomes et al., 2021; Nunes et al., 2024), which con-
sists of texts about Brazilian sedimentary basins.
This corpus contains a wider range of geological
terms and diverse contexts, reflecting the complex-
ity and richness of geological language. Its larger
scale complements the medical corpus by covering
a different specialized domain with distinct termi-
nology.

The two corpora differ in size and lexical variety.
GeoCorpus-3 includes 5,272 sentences, with a to-
tal of 166,462 tokens and 16,694 unique tokens,
making it a rich resource for geological terminology
in context. BETE contains 439 sentences, 43,198
tokens, and 2,844 unique tokens, offering a more
focused but domain-critical set of medical terms.

By integrating these NER corpora, we ensure
that the context used for definition generation
is both relevant and representative of real-world
usage in specialized domains. This approach
strengthens the evaluation by grounding model out-
puts in authentic textual evidence.

2Original in Portuguese: Comissdo Brasileira de Si-
tios Geoldgicos e Paleobioldgicos.

3Available at https://sigep.eco.br/
glossario/index.html
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3.3. NER and Glossary Alignment

To connect formal domain knowledge with real-
world language use, we aligned glossary entries
with contextual instances drawn from specialized
NER corpora. This alignment process was de-
signed to identify where glossary terms, including
their lexical variants, appear in natural text. The
outcome is a term-context-definition triad that sup-
ports more precise and context-aware definition
generation.

We started by constructing a reverse index that
maps each term and its synonyms to a canonical
concept identifier. This indexing step is crucial, as
many glossary entries include not only a preferred
label but also a set of alternative lexical forms used
in practice. By flattening these variants into a uni-
fied term-to-ID mapping, our system could detect
both base terms and synonyms in the corpus and
correctly associate them with their glossary defini-
tions.

For term matching, all sentences and glossary
terms were lowercased to ensure consistent com-
parisons. We adopted a strict word-boundary reg-
ular expression strategy, ensuring that only exact,
standalone terms were matched—this avoided spu-
rious hits such as matching “renal” inside “adrenal”.
Importantly, we deliberately avoided the use of
stemming or lemmatization, since these techniques,
while useful for general IR or classification tasks,
risk merging semantically distinct terms in special-
ized contexts. In high-precision tasks such as def-
inition generation, such conflation introduces un-
acceptable noise, reducing the reliability of align-
ments.

We also chose not to incorporate embedding-
based similarity measures (e.g., cosine distance
between contextualized or static word vectors) to
expand term coverage. Although embedding dis-
tances have been shown to increase recall in term
matching tasks, the literature reports that their effec-
tiveness is highly sensitive to threshold tuning, with
accuracy varying substantially depending on the se-
mantic density of the domain (Nunes et al., 2018).
Given our focus on precision and reproducibility
across domains, we prioritized deterministic and
interpretable matching techniques.

Once terms were identified in the corpus, we re-
trieved their corresponding scope notes from the
glossary and assembled a structured dataset con-
taining: the matched term or synonym, the set of
sentences in which it appeared, and its definition.
This resource is the basis for the subsequent stages
of our pipeline, enabling targeted prompt construc-
tion and supporting evaluations of term coverage
and generation quality.

By grounding lexical knowledge in high-
confidence contextual instances, our alignment
strategy not only reinforces the semantic fidelity
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Figure 1: Components of the prompt used in this
work.

of the glossary but also enhances its opera-
tional value in language generation tasks. This
dual benefit ensures that definitions are both
semantically accurate and pragmatically useful,
particularly when applied to specialized domains
where precision and contextual appropriateness
are critical.

3.4. Models and Prompting

We evaluate DG using both multilingual and mono-
lingual decoder-only LLMs. We chose to exclusively
use decoder-only models due to their strong per-
formance in prior benchmarks for the Portuguese
language, as reported by Furtado et al. (2024).

In line with previous work, we selected models
with approximately 7 billion parameters or more.
The smallest model included in our evaluation is
GAIA (CAMILO-JUNIOR et al., 2025), which has 4
billion parameters. We opted to include it because,
to the best of our knowledge, it is the only open-
source Portuguese LLM that has been instruction-
tuned, rather than relying on parameter-efficient
fine-tuning methods such as LoRA (Garcia et al.,
2024), or being distributed as a closed model (Pires
et al., 2023; Almeida et al., 2024; Abonizio et al.,
2024).

All models were run locally using the OLlama
framework for unified execution and consistent re-
source usage. The models evaluated are as fol-
lows:

+ GAIA (Gemma-based) (CAMILO-JUNIOR
et al., 2025) — 4B parameters, monolingual
(Portuguese);

+ Gemma-3 (Team et al., 2025) — 12B parame-
ters, multilingual;

+ Llama-3.1 (Grattafiori et al., 2024) — 8B pa-
rameters, multilingual;
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* Mistral (Jiang et al., 2023) — 7B parameters,
multilingual;

* Phi-3 (Abdin et al., 2024) — 14B parameters,
multilingual;

* Qwen-3 (Yang et al., 2025) — 14B parameters,
multilingual.

For the prompting strategies, we followed ap-
proaches proposed in prior work on definition gen-
eration for specialized terms (Chouhan and Gertz,
2024; Zhang and Soh, 2024). The main structure
of our prompt is based on the format introduced by
Chouhan and Gertz (2024).

We introduce two key adaptations to tailor the
prompting strategy to our multi-domain scenario.
First, we modified the domain-specific sections of
the prompt to ensure applicability across different
specialized areas. For example, in the geological
domain, we instructed the model to define geolog-
ical terms as if it were an expert in geoscience,
drawing on scientific reports and bulletins in geo-
science as contextual sources. In the medical do-
main, the model was prompted to define medical
terms from the perspective of a medical expert,
leveraging knowledge akin to that found in PubMed
citations. This contrasts with the original prompt,
which was restricted to the legal domain.

Second, we added support for ICL by incorpo-
rating example terms along with their definitions,
inspired by prior work on example-based prompt-
ing (Zhang and Soh, 2024). Example selection for
ICL was guided by semantic similarity: we com-
puted the cosine distance between the target term
and all candidate terms in the training set, select-
ing the top-k most similar examples (e.g., one for
1-shot, two for 2-shot, and so on).

To isolate the individual contributions of exam-
ples and contextual information, we designed two
distinct prompt progressions, each anchored at a
different baseline:

+ Example settings: starts from the pure base-
line (no examples, no context) and then adds
ICL examples (examples only).

+ Context settings: starts from the context-only
baseline and then adds the same ICL exam-
ples (examples + context).

These separate baselines allow us to clearly com-
pare how much examples improve performance on
their own versus the additional gains they provide
when combined with contextual information. Fig-
ure 1 illustrates the prompt format employed.

4. Experimental Evaluation

Our experiments were conducted using an RTX
4090 GPU. To run the models, we used the OL-

lama framework in combination with LangChain.
For retrieving semantically similar terms, we em-
ployed the Sentence-Transformers library with the
all-MiniLM-L6-v2 model. All hyperparameters were
kept at their default values, and a temperature of 0
was set to ensure reproducibility.

Regarding evaluation metrics, we used BLEU
(Papineni et al., 2002) and METEOR (Banerjee
and Lavie, 2005) for syntactic similarity analysis,
and BERTScore (Zhang* et al., 2020) for semantic
similarity. All the metrics are used to compare the
original definition with the one generated by the
LLMs. To increase the reliability of the results, we
performed 5-fold cross-validation with a random
split. We ensured that terms identified as synonyms
in the thesaurus were grouped within the same fold
using the GroupKFold method from the scikit-
learn library.

For our statistical analysis, we adopted non-
parametric tests, as the assumption of normality
was violated according to the Shapiro—Wilk test.
To compare model performance with and without
contextual information, we applied the Wilcoxon
signed-rank test. To evaluate the impact of the
number of examples in the ICL setup, we used the
Friedman test, followed by Holm’s post-hoc correc-
tion for multiple comparisons.

These tests were chosen based on established
best practices for robust model comparison in Ma-
chine Learning (Dems8ar, 2006; Garcia and Her-
rera, 2008) and Natural Language Processing (Dror
et al., 2018; Schuff et al., 2023), particularly under
non-normal data distributions. This approach al-
lows us to draw more reliable conclusions regarding
model behavior across different prompting strate-
gies.

5. Results and Discussion

This section presents the main findings of our eval-
uation on definition generation in specialized do-
mains. We focus primarily on the F1 score of
BERTScore, as it better captures semantic sim-
ilarity than exact surface overlap. For compari-
son, additional metrics are reported in Tables 1
and 2. In these tables, bolded values indicate the
best zero-shot and few-shot scores for each metric,
while underlined values highlight the best result per
model.

We structure our discussion around three main
research questions, each addressing a different
aspect of model behavior. RQ1 considers which
models perform best overall and what limitations
they exhibit across prompting conditions. RQ2 asks
whether model size reliably predicts performance.
Finally, RQ3 explores broader trends that emerge
from statistical analyses of the results.
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Model Context Shots  Precision (%) Recall (%) F1 (%) BLEU (%) METEOR (%)
0 67.07 + 0.40 67.30 + 0.32 67.07 +0.32 0.58 + 0.55 11.66 + 0.49
1 70.10 + 0.56 70.15 + 0.64 70.01 + 0.54 7.14 +1.20 18.50 + 1.03
with context 2 70.19 £ 0.67 70.63 + 0.57 70.29 + 0.53 8.59 + 2.71 18.99 + 1.47
4 70.87 + 0.58 71.50 + 0.86 71.08 + 0.71 11.55 + 4.43 20.92 + 2.40
gaia:4b 8 70.92 + 0.84 71.42 +1.00 71.07 £ 0.89 12.38 + 2.26 21.82 + 3.03
’ 0 69.74£0.82 69.77 £ 0.56 69.05 + 0.50 1.28+0.48 14.20 £ 0.56
1 71.01 £ 0.63 7112+ 042 70.97 + 0.42 5.96 + 2.40 17.53 +1.27
without context 2 70.84 + 0.53 71.39 £ 0.67 71.02 £ 0.48 498 +2.41 18.13 £ 1.82
4 71.22 + 0.58 71.67 £ 0.91 71.34 + 0.69 5.45 £ 3.70 19.22 + 1.85
8 71.45 + 0.84 71.93 + 1.11 71.58 + 0.92 7.58 + 1.83 20.13 + 1.56
0 67.94 + 0.36 67.11 £ 0.57 67.41 £ 0.30 0.25 + 0.36 10.71 + 0.56
1 70.39 + 0.53 68.60 + 0.53 69.35 + 0.44 3.11 +1.03 12.87 +1.10
with context 2 70.64 + 0.51 69.18 + 0.65 69.77 + 0.56 4.15+1.23 14,57 +1.29
4 71.00 £ 0.82 69.35 + 0.95 70.04 + 0.82 4.48 +2.97 14.36 + 1.82
gemma3:12b 8 72.55 + 0.67 69.85 + 0.91 71.03 + 0.77 7.26 +2.23 16.63 + 2.40
’ 0 68.61 + 0.86 69.09 + 0.52 68.76 + 0.64 1.19£0.30 13.59 £ 0.58
1 69.59 + 0.69 70.09 + 0.65 69.73 + 0.50 1.88 £0.25 14.85 + 0.42
without context 2 69.21 £ 0.70 70.50 + 0.71 69.76 + 0.58 1.83 £0.37 15.69 + 1.12
4 69.29 + 0.54 70.92 + 0.70 70.00 + 0.54 2.23+0.27 16.47 + 0.68
8 69.61 + 0.50 71.37 + 1.00 70.39 + 0.70 2.40 + 0.25 17.11 + 0.87
0 69.20 + 0.49 68.62 + 0.62 68.82 + 0.51 0.74 + 0.51 12.66 + 0.58
1 71.70 £ 0.67 70.47 £ 0.95 70.98 + 0.76 4.81 +0.94 16.87 + 2.36
with context 2 71.94 + 0.57 70.85 + 1.02 71.28 £ 0.73 592 +1.37 18.18 £ 2.78
4 72.69 + 0.90 71.53 +1.36 71.99 + 1.11 8.19 + 1.89 20.32 + 3.88
llama3.1:8b 8 73.27 £+ 0.74 72.23 +1.22 72.64 + 0.97 9.82 + 2.30 21.69 + 3.32
o 0 69.23 + 0.50 69.68 + 0.51 69.37 £ 0.33 0.97 + 0.61 14,85+ 0.80
1 72.24 + 0.41 70.70 £ 0.96 71.34 £ 0.62 4.95 +0.84 17.75 + 2.00
without context 2 72.64 + 0.96 7153 +1.12 71.96 + 0.98 5.97 +1.35 19.62 +2.78
4 72.88 + 0.81 71.87 +0.95 72.24 +0.79 6.95 + 0.52 20.31 +1.71
8 73.30 + 0.75 7213 +1.19 72.58 + 0.87 7.35 + 1.51 20.46 + 2.81
0 66.06 + 0.48 67.77 £ 0.47 66.82 + 0.35 0.69 + 0.24 13.18 £ 0.65
1 69.52 + 0.20 70.75 + 0.77 70.02 + 0.45 7.84 +1.52 19.91 £ 1.72
with context 2 69.63 + 0.26 70.95 £ 0.73 70.16 + 0.42 8.68 + 1.45 20.00 £ 1.73
4 69.48 + 0.27 70.93 + 0.59 70.08 + 0.30 824 +1.14 20.05 + 1.44
mistral:7b 8 68.83 + 0.45 70.83 + 0.69 69.68 + 0.52 7.90 + 1.42 19.46 + 1.62
) 0 65.72 £ 0.48 68.52 £ 0.53 67.01 £+ 0.34 0.92+0.38 16.06 = 1.17
1 70.83 £ 0.97 72.05 +0.79 71.33+0.78 11.58 + 2.89 22,78 £+ 1.71
without context 2 71.08 £ 0.70 72.52 + 0.96 71.69 £ 0.76 10.11 £ 2.74 22.39 £ 2.10
4 71.47 + 0.62 72.91 £ 0.84 72.06 + 0.60 11.28 + 2.57 22.98 + 2.59
8 71.36 + 0.57 73.15 £ 0.46 72.10 + 0.36 9.22 +1.25 22.81 +0.84
0 62.99 + 5.00 66.24 + 5.09 64.51 + 5.01 0.59 + 0.33 12.63 + 4.08
1 58.56 +11.49  61.61+12.14 59.95+11.78 3.35+3.32 13.23 + 8.24
with context 2 57.21 £13.18  60.22 + 1431  58.59 + 13.69 3.64 + 3.58 13.70 £ 8.70
4 46.23 +28.62  48.64 +30.23  47.33 +29.35 4.10+3.77 12.50 + 9.95
phi3:14b 8 49.53 + 24.77 51.82 + 26.29 50.57 + 25.47 444 + 410 13.43 + 10.36
’ 0 65.02 + 4.28 68.23 + 4.06 66.50 + 4.74 0.89 £ 0.59 1448+ 487
1 66.03 + 9.66 68.33 + 9.30 67.05 + 9.45 5.80 + 3.54 18.16 + 7.57
without context 2 66.59 + 8.35 69.02 £ 8.16 67.68 + 8.21 6.66 + 4.06 18.86 + 7.66
4 66.49 + 8.46 69.17 + 8.14 67.69 + 8.25 7.03 + 4.63 19.40 + 7.95
8 63.41 + 13.21 65.58 + 13.13 64.37 £ 13.12 6.85 + 5.46 18.53 + 8.37
0 52.91 £ 0.50 62.07 £ 0.18 57.06 + 0.33 0.07 + 0.04 8.32 + 0.50
1 52.68 + 0.51 63.00 + 0.25 57.30 + 0.36 0.33+0.17 9.49 + 0.44
with context 2 52.65 + 0.57 62.82 + 0.23 57.20 + 0.32 0.30 + 0.28 9.38 + 0.57
4 52.77 + 0.53 63.22 £ 0.35 57.44 + 0.28 0.32 + 0.28 10.07 + 0.62
qwen3:14b 8 52.79 + 0.54 63.16 + 0.32 57.42 + 0.35 0.47 + 0.25 9.79 + 0.57
' 0 52.79 + 0.43 63.00 £ 0.32 57.37 £+ 0.25 0.19+0.04 9.36 + 0.55
1 52.79 + 0.46 63.69 + 0.47 57.65 + 0.24 0.77 + 0.24 10.93 + 0.62
without context 2 52.99 + 0.55 64.18 + 0.36 57.97 + 0.32 0.63 + 0.27 11.37 £ 0.37
4 53.01 + 0.51 64.23 + 0.31 58.00 + 0.23 0.49 + 0.24 11.45 + 0.89
8 53.09 + 0.46 64.41 + 0.41 58.11 + 0.17 0.85 + 0.31 11.70 + 0.65

Table 1: Summary of all metrics by Model, Context, and Number of Shots (BETE using MeSH definitions).

RQ1: Which models demonstrate the best
overall performance, and what are the
main limitations observed across the
evaluated settings?

Tables 1 and 2 summarize the performance of
all evaluated models under prompting strategies
that vary in the presence of examples and con-
textual information. Overall, the models that
achieved the highest and most consistent perfor-
mance were GAIA, Gemma-3, Llama-3.1, and Mis-
tral. These models stood out across both domains,
with BERTScores approaching 70% in the medical
domain and 68% in the geological domain.

These same models also proved robust to
prompting variations, maintaining strong perfor-
mance across both “with context” and “without con-
text” settings. Notably, even in the most minimal
zero-shot configurations (i.e., no examples, no con-
text), GAIA, Gemma-3, and Mistral still reached
close to 66% BERTScore in geology and around
68% in medicine. Their relative insensitivity to the
addition or absence of context and examples sug-
gests a strong internal representation of definitional
patterns in Portuguese, independent of elaborate
prompt engineering.

In contrast, Phi-3 consistently yielded the lowest
performance. In the geological domain, it under-
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Model Context Shots  Precision (%) Recall (%) F1 (%) BLEU (%) METEOR (%)
0 67.51 +0.98 6557 +0.69 66.40+0.76 0.71 +0.35 10.14 £ 0.92
1 68.39 + 0.81 66.55+0.75 67.32+0.67 1.42+0.76 11.90 + 1.37
with context 2 68.61 +0.73 66.95+0.64 67.64+0.58 1.79 +1.09 12.77 £ 1.47
4 68.74 + 0.80 67.39+0.59 67.92+0.66 223+ 1.01 13.46 + 1.41
gaia:4b 8 68.50 + 0.58 67.67 +0.74 67.94 + 0.59 3.01 +1.38 14.50 + 1.39
’ 0 68.75 + 0.81 67.01 £+0.35 67.73+0.51 0.91 £ 0.31 11,58 £ 0.86
1 68.77 + 0.79 67.73+0.69 68.13+0.62 1.90 + 1.05 13.39 £+ 1.28
without context 2 68.76 + 0.92 67.86 £ 0.71  68.17+0.72 224 +1.70 13.82 £ 1.93
4 68.91 + 1.00 67.97 + 0.66 68.30 + 0.71 2.10 + 1.81 14.32 + 1.37
8 68.55 + 0.73 68.03 + 0.80 68.15 + 0.64 2.91+2.12 14.58 + 1.90
0 69.10 £ 0.45 64.67 + 0.27 66.67 + 0.34 0.25+0.11 8.23+0.72
1 69.83 + 0.57 66.02 + 0.41 67.75 + 0.47 0.65 + 0.27 10.37 £ 0.77
with context 2 69.69 + 0.69 66.23 +0.47 67.79+0.51 0.88 +0.65 10.61 + 1.01
4 69.89 + 0.72 66.51 £ 0.62 68.04 +0.63 0.95+ 0.57 10.95 + 0.86
gemma3:12b 8 70.28 + 0.49 66.24 + 0.57 68.07+0.50 1.10 + 0.65 10.88 + 0.97
. 0 69.95 + 0.80 67.94+0.55 68.78+0.54 0.91+0.34 12.28 + 0.80
1 69.52 + 0.59 68.84 + 0.60 69.03 +0.50 1.62 +0.47 14.69 £ 0.72
without context 2 68.99 + 0.84 68.92 +0.58 68.80 +0.57 1.75+0.52 15.13 + 1.21
4 69.03 + 0.67 69.09 +0.65 68.90 +0.51 1.70 + 0.43 15.24 + 0.86
8 69.21 + 0.67 69.11+0.76 69.01+0.58 1.98 + 0.86 15.53 + 1.16
0 69.89 + 1.03 66.66 + 0.65 68.11£0.79 0.57 £0.18 10.75 £ 0.92
1 70.80 + 0.99 67.45 +0.75 68.96 + 0.79 1.23 £ 0.66 12.67 +1.78
with context 2 70.82 + 1.04 67.58 + 0.93 69.04 + 0.94 1.57 £1.08 13.09 £+ 2.24
4 70.82 +1.16 67.69+1.11 69.09+1.09 1.82+1.17 13.59 +2.38
lama3.1:8b 8 71.21 £ 1.05 68.17+1.12 69.52+1.04 2.36+1.27 15.01 + 1.98
o 0 69.36 + 0.88 67.12+£0.73 68.09+£0.76 0.61 £0.25 11.89 = 1.51
1 70.05 + 1.08 67.35+0.78 68.54 + 0.88 1.26 + 0.80 12.51 + 1.63
without context 2 70.18 £ 0.97 67.72+0.89 68.79+0.87 1.69+1.19 13.60 + 2.31
4 70.35 + 0.96 68.03+0.90 69.03+0.88 2.12+1.52 1414 £ 2.15
8 70.59 + 1.14 68.09+1.08 69.17+1.05 249 +1.65 14.68 + 2.37
0 67.74 + 0.99 66.51 +0.52 66.98+0.70 1.02 + 0.45 11.27 £ 0.74
1 68.38 + 0.82 67.07+0.69 67.57+0.63 1.51 +0.63 12.66 + 1.54
with context 2 68.38 + 0.90 67.43 + 0.91 67.76 + 0.82 2.02 + 0.86 13.26 + 2.00
4 68.54 + 0.93 67.78 + 0.91 68.01 £ 0.85 2.45 + 0.93 14.00 + 2.10
mistral:7b 8 68.36 + 0.73 67.83+0.83 67.95+0.67 2.88+1.17 14.26 + 2.16
) 0 65.87 + 0.45 65.99+0.43 65.79+0.37 0.70+0.49 1217 £0.90
1 68.65 + 0.69 67.76 £+ 0.72 68.06 + 0.64 2.10 £ 1.07 13.99 + 1.53
without context 2 68.81 + 0.65 68.33 + 0.83 68.42 + 0.67 2.80 + 1.61 15.18 + 1.70
4 68.97 + 0.85 68.54 + 0.72 68.60 + 0.70 3.19+1.23 15.39 + 1.62
8 68.79 + 0.82 68.57 +0.94 68.52+0.80 4.30+1.73 16.27 + 2.14
0 4473 +1.76 43.02+2.23 43.75+2.01 0.00 +0.00 2.46 +0.30
1 48.05 + 2.77 4587 +3.04 46.83+2.89  0.00 +0.00 2.54 +0.40
with context 2 47.65 +1.37 4559 +1.09 4648 +1.21  0.00 +0.00 2.49 +0.23
4 39.47 + 2.94 37.55+2.65 38.40+278 0.00+0.00 2.00 +0.20
phi3:14b 8 21.28 + 1.52 20.00 + 1.63 20.54 + 1.57 0.00 + 0.00 0.93 +0.10
’ 0 5432 +0.77 53.117+0.96 53.62+0.83 0.00 + 0.00 3.00 +0.27
1 4596 + 2.22 43.79+2.02 4472+210 0.00 +0.00 2.30 + 0.24
without context 2 46.28 + 1.47 4425+1.47 4514 +1.47 0.00 +0.00 2.36 + 0.25
4 43.20 + 3.63 40.60 + 3.94 41.75 +3.79 0.00 + 0.00 1.98 +0.22
8 34.03 + 1.74 32.50 + 1.69 33.16 + 1.70 0.00 + 0.00 1.73+£0.13
0 54.57 + 0.67 61.97 £ 0.13 57.92 +0.43 0.21 + 0.08 9.40 + 0.47
1 54.81 +£0.73 62.86 + 0.27 58.42 + 0.43 0.16 + 0.04 9.97 + 0.40
with context 2 54.91 + 0.69 63.01 +0.34 58.54+0.41 041+0.13 10.48 £ 0.30
4 54.92 + 0.59 63.06 + 0.47 5857 +0.29  0.30 + 0.14 10.64 + 0.64
qwen3:14b 8 54.91 + 0.69 63.14+0.29 58.60+0.40 0.41+0.14 10.77 + 0.49
: 0 55.24 + 0.70 63.44 + 0.25 58.93 + 0.49 0.29 + 0.06 10.72 + 0.34
1 55.61 +0.70 64.10 +0.23 5940 +0.39 0.45+0.10 10.98 + 0.30
without context 2 55.78 + 0.67 64.44 +0.42 59.64 +0.44 047 +0.22 11.35 £ 0.63
4 55.75 + 0.81 64.46 +0.41 59.63+0.56 0.57 +0.26 11.27 £ 0.74
8 55.82 + 0.73 64.52+0.11 59.71 +0.43 0.67 +0.27 11.70 + 0.74

Table 2: Summary of all metrics by Model, Context, and Number of Shots (GeoCorpus-3 using SIGEP

definitions).

performed in all prompting conditions and was par-
ticularly affected by the presence of context: while
its zero-shot scores (without context) ranged from
62% to 65%, these dropped to as low as 54% in the
setting using context. Phi-3 also showed the high-
est standard deviation across runs, ranging from
0.83 to 3.79 in the no-context setup and 1.21 to
2.89 with context, indicating pronounced instability.

Although Phi-3 appeared slightly more stable
in the medical domain, with average scores be-
tween 64% and 66% (no context) and 47% to 64%
(with context), its variance was substantially higher:
standard deviations ranged from 4 to 13 without

context and from 5 to 29 with context. This incon-
sistency underscores its unreliability and supports
prior claims about the need for repeated trials in
model evaluation (Gorman and Bedrick, 2019).

Qwen-3, while also underperforming relative to
the top-tier models, demonstrated much greater sta-
bility. It maintained flat performance curves around
57% in geology and 58% in medicine across all
prompting scenarios, with consistently low stan-
dard deviations (around 0.43), as illustrated in Fig-
ures 2 and 3. However, its scores remained lower
than those of any model except Phi-3, indicating
that high stability does not necessarily accompany
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Figure 2: BERTScore (F1) as a function of the
number of shots, across prompting scenarios and
models, using SIGEP terms from GeoCorpus-3.
Shaded areas denote standard deviation.

FLow

Figure 3: BERTScore (F1) as a function of the num-
ber of shots, across prompting scenarios and mod-
els, using MeSH/DeCS terms from BETE. Shaded
areas denote standard deviation.

strong overall performance in this task.

In summary, the four strongest models, GAIA,
Gemma-3, Llama-3.1, and Mistral, delivered high
and consistent performance regardless of the
prompting configuration, making them reliable
choices for definition generation in specialized Por-
tuguese domains. On the other end, Phi-3’s poor
average results and high variability make it unsuit-
able for this task, while Qwen-3, despite its stability,
remains limited in overall effectiveness.

RQ2: Is model size a reliable indicator of
performance in this task?

Although our primary objective was not to conduct a
controlled comparison across different model sizes,
the range of models evaluated in this work natu-
rally included architectures of varying scales. This
diversity allowed us to reflect on the extent to which
model size alone explains performance differences
in the task of definition generation for specialized
Portuguese-language terms.

Surprisingly, model size does not appear to be
a reliable predictor of performance in this con-
text. The largest models in our benchmark, Phi-3
(14B) and Qwen-3 (14B), consistently delivered the
weakest results across both domains. In contrast,

smaller models such as Gemma-3 (12B), Llama-
3.1 (8B), and Mistral (7B) achieved strong and sta-
ble performance, frequently reaching or surpassing
68% BERTScore in the geological domain and 70%
in the medical domain.

A more promising explanatory factor is the na-
ture of each model’s pretraining. For example,
Phi-3, which exhibited both the lowest average
performance and the highest variance across few-
shot configurations, is essentially a monolingual
model trained predominantly on filtered English
web data (Abdin et al., 2024). As the authors ac-
knowledge, its base version lacks multilingual ca-
pabilities, which likely contributes to its instability
and weak results in Portuguese.

Conversely, models explicitly designed for multi-
lingual generalization, such as Gemma-3, Llama-
3.1, and Mistral, performed consistently well
across all prompting scenarios. Although Qwen-3
is also advertised as a multilingual model (Yang
et al., 2025), it underperformed relative to its peers
by roughly 10 percentage points in BERTScore (F1).
This is particularly notable given that, in its origi-
nal evaluation (Yang et al., 2025), Qwen-3 (14B)
reported competitive results for Portuguese, even
surpassing GPT-40 and Gemini 2.5 Pro in some
benchmarks.

A special case in our benchmark is GAIA, the
only model explicitly reported to have undergone
continued pretraining in Portuguese. Despite be-
ing the smallest model (4B parameters), GAIA
achieved competitive performance comparable to
much larger multilingual models across both do-
mains. Although we cannot directly compare it to
other models of similar size, its results suggest
that domain and language-specific pretraining can
meaningfully boost performance. While it is plau-
sible that the larger models were also exposed to
definitions and specialized content during training,
GAIA is distinctive for its explicit focus on the Por-
tuguese language.

In summary, while model size alone does not
reliably predict performance in this task, our results
suggest that architecture, multilingual pretraining
objectives, and explicit exposure to the target lan-
guage may play a more decisive role. These find-
ings may inform future model selection and adapta-
tion strategies for specialized-domain NLP tasks in
underrepresented languages such as Portuguese.

RQ3: What trends emerge from statistical
analyses?

The statistical analysis revealed a limited number
of significant differences between models, particu-
larly in comparisons involving the weakest perform-
ers. Among the top-performing models, however,
we found little to no statistically significant varia-
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tion, suggesting that their performances are largely
comparable within the evaluation configurations
applied.

In the medical corpus, the Friedman test followed
by Holm’s post-hoc test detected statistically signifi-
cant differences between Llama-3.1 and Mistral in
the zero-shot setting (without context: p = 0.0487;
with context: p = 0.0305), and between Gemma-3
and Llama-3.1 in the 2-shot setting without con-
text (p = 0.0328). Sitill, these are isolated cases
and may reflect scenario-specific fluctuations rather
than consistent model superiority. In the geologi-
cal domain, no statistically significant differences
were found among the top-tier models, suggesting
a high degree of convergence in performance for
this task.

As expected, the statistical tests more consis-
tently revealed significant performance gaps be-
tween the strongest and weakest models. For in-
stance, Llama-3.1 exhibited statistically significant
differences in 5 settings when compared to Qwen-
3 and in 10 when compared to Phi-3 in the medical
domain. In the geological domain, Llama-3.1 again
showed 10 and 8 differences, respectively, with
Qwen-3 and Phi-3. Likewise, Gemma-3 demon-
strated six significant differences with Phi-3 and
four with Qwen-3 in the geological corpus. Other
models showed fewer significant contrasts; for ex-
ample, GAIA and Mistral each differed significantly
from Qwen-3 in only one setting.

These results broadly corroborate earlier analy-
ses: Phi-3 and Qwen-3 were consistently outper-
formed, while the leading models, GAIA, Gemma-
3, Llama-3.1, and Mistral, exhibited statistically
indistinguishable performance in most conditions.
However, these findings also suggest a ceiling ef-
fect in evaluation: while underperforming models
are clearly identified, differences among strong
models may be too subtle to be captured reliably
under the current experimental setup.

We also investigated whether few-shot prompting
configurations led to statistically superior outcomes
compared to zero-shot setups. Surprisingly, the
Wilcoxon signed-rank test found no significant dif-
ferences between the best few-shot and zero-shot
configurations for the top models. For instance,
Llama-3.1 with 8-shots and context did not signifi-
cantly outperform its zero-shot counterpart without
context in the medical domain. Similarly, no signifi-
cant difference was observed between this same
few-shot setting and the zero-shot no-context con-
figuration of Gemma-3. These results reinforce the
earlier finding (RQ1) that while prompting strategies
can affect performance, top-tier models already per-
form competitively even in zero-shot conditions.

In summary, the statistical analyses validate
the robustness of the evaluation framework in de-
tecting consistent underperformance (e.g., Phi-3

and Qwen-3), but also reveal that performance dif-
ference among the strongest models tends to be
indistinguishable. Furthermore, the lack of a signif-
icant advantage for few-shot prompting underlines
the efficiency of the models in this task.

6. Conclusion and Future Work

We presented a comprehensive evaluation of defi-
nition generation (DG) in Portuguese for two spe-
cialized domains, medicine and geology, by lever-
aging domain-specific glossaries, contextual cor-
pora, and a structured prompting strategy. Our ex-
periments examined the behavior of several open-
source multilingual language models across zero-
shot and few-shot scenarios.

The results indicate that most of the multilingual
models evaluated perform well in this task, with
relatively small performance differences among the
top models. Statistical analyses confirmed that
these differences are not consistently significant,
suggesting that multiple models are comparably ef-
fective for Portuguese DG, regardless of their size.
Furthermore, we found no consistent advantage of
few-shot prompting over zero-shot configurations
among the strongest models, highlighting their ro-
bustness even with minimal task-specific guidance.

Notably, weaker models such as Phi-3 and Qwen-
3 underperformed consistently, which reinforces
the importance of multilingual pretraining quality
and stability rather than model scale alone. In
contrast, GAIA, despite its smaller size, performed
competitively, likely benefiting from its continued
pretraining in Portuguese.

Future work will focus on expanding the eval-
uation to additional domains, incorporating more
diverse and structured lexical resources, and refin-
ing prompt design to further explore generalization
capabilities. We also plan to investigate model-
specific behaviors through ablation studies and in-
tegrate human evaluation to complement automatic
metrics and better assess the quality of generated
definitions.
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