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Abstract
Retrieval-Augmented Generation (RAG) enables grounding of model outputs in external evidence, but its impact
on European Portuguese (pt-PT) scientific question answering (QA) remains unclear. We present a controlled
evaluation of RAG on pt-PT knowledge QA across different scientific domains using the Portuguese test split of
the Global MMLU Lite dataset. As external evidence, we use a Portuguese scientific literature knowledge base
containing over 32,000 documents converted to Markdown. We benchmark five instruction-tuned small language
models (4-12B) and compare closed-book baselines against 16 RAG configurations that vary by: (i) dense retriever
specialization (multilingual vs. Portuguese-specific), (ii) reranking (on/off), and (iii) number of retrieved chunks
(k ∈ {1, 3, 5, 10}). Results suggest that RAG gains are model-dependent. Some models improve consistently, others
are highly sensitive to retrieval choices, and some degrade under retrieval noise, especially at larger values of k.
Findings highlight the importance of model-specific retrieval tuning and ensuring that the retriever and reranker
languages and domains align when deploying RAG systems for Portuguese natural scientific language processing.
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1. Introduction

Large Language Models (LLMs) have demon-
strated strong capabilities in question-answering
(QA), even in highly technical scientific tasks
(Zheng et al., 2025). However, as these models are
employed in areas not covered by their training data,
they are prone to issues such as hallucinations
(Zhang et al., 2025). This problem compounds
both when we move from LLMs with hundreds of
billions of parameters to smaller models with lim-
ited parametric capacity, known as Small Language
Models (SLMs), and when we move away from En-
glish to multilingual settings (Ul Islam et al., 2025).
To overcome this, Retrieval-Augmented Generation
(RAG) enables models to ground their responses
in external knowledge (Lewis et al., 2020), helping
to mitigate hallucinations by extending paramet-
ric knowledge and allowing models to reference
human-verifiable sources.

For Portuguese, and European Portuguese (pt-
PT) in particular, the recent appearance of open-
source LLMs (Lopes et al., 2024; Martins et al.,
2025; Ramos et al., 2026; Simplício et al., 2026),
and native sentence encoders (Gomes et al., 2024)
motivate the testing of whether these retrieval sys-
tems can effectively be transferred to pt-PT sci-
entific knowledge QA. A limited number of works
have studied the impact of RAG in Portuguese-
specific settings. Finardi et al. (2024) reported a set
of good practices for implementing and improving
RAG systems in Brazilian Portuguese, by optimiz-
ing the retrieval pipeline and evaluating the perfor-
mance of proprietary models on a QA dataset gen-

erated from a book. Instead of focusing solely on
retrieval, Costa and Souza-Filho (2024) compared
fine-tuning and RAG for adapting LLMs to specific
domains for QA tasks in Brazilian Portuguese, find-
ing that a combination of both is the best overall
strategy. Both works focus on the Brazilian variety
of Portuguese, highlighting the gap relative to pt-PT.
We focus on a specific question:

How does RAG improve pt-PT scientific QA
across open instruction-tuned SLMs, and how sen-
sitive is it to retrieval setup choices?

To this end, we present a controlled empirical
evaluation of retrieval-augmented multiple-choice
scientific knowledge QA in Portuguese. Models
are evaluated on the Portuguese split of Global
MMLU Lite, whose categories correspond to disci-
plinary fields of science (e.g., STEM, Medical, and
Social Sciences) and are paired with an external
knowledge base of over 32,000 Portuguese sci-
entific documents. We systematically benchmark
five instruction-tuned SLMs, varying the genera-
tor and retriever models, retrieved context sizes,
and reranking strategies. The goal is to establish
a reproducible baseline for different RAG configu-
rations in the pt-PT scientific knowledge QA set-
ting. This work is part of a larger project aimed
at developing a scientific reasoning LLM native to
European Portuguese, including synthetic data gen-
eration, training, and evaluation techniques tailored
to lower-resource languages.

Our contributions include:

1. A pt-PT scientific QA baseline comparing
closed-book with different retrieval configura-
tions across five different open SLMs;
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2. Controlled ablations of retriever language spe-
cializations, reranking, and context volume (k).

2. Methodology

In this section, we describe the data used for our
evaluation and external knowledge base, followed
by the specific SLMs selected for benchmarking.

2.1. Data
We evaluate models on the Portuguese test split of
Global MMLU Lite1, a compact version of Global
MMLU, created by Singh et al. (2025), a bench-
mark combining machine translations for MMLU
(Hendrycks et al., 2020) along with professional
translations and crowd-sourced edits. The lite ver-
sion comprises 400 test samples per language,
spanning 18 languages (example test sample in
Appendix A). For Portuguese, all samples were pro-
fessionally translated. The dataset is split into the
following categories: Humanities, STEM, Medical,
Social Sciences, Business, and Other.

As the external knowledge base, we use over
32,000 open-access scientific documents in Por-
tuguese, in Markdown format, ranging from book
chapters to PhD theses, present in the CorEGe-PT2

corpus (Kuhn et al., 2026). The texts in this dataset
were sourced from a large academic repository in
Portugal and span five scientific fields, with the ma-
jority overlapping with the subcategories in the eval-
uation benchmark: Exact and Natural Sciences, En-
gineering and Technology Sciences, Medical and
Health Sciences, Social Sciences, and Humanities.

2.2. Models
We evaluate five non-quantized instruction-tuned
SLMs at a comparable size range (4-12B): AMALIA
(Simplício et al., 2026), EuroLLM-9B-Instruct (Mar-
tins et al., 2025), Qwen3-8B (Qwen Team, 2025),
and finally Gemma3-4B-IT and Gemma3-12B-IT
(Gemma Team, 2025).

AMALIA is a 9 billion parameter LLM trained with
an emphasis on pt-PT. It is derived from EuroLLM-
9B-Instruct by incorporating high-quality pt-PT data
during the annealing phase of pretraining (Simplí-
cio et al., 2026). This makes it a clear choice to
evaluate the impact of training on pt-PT special-
ized data. The pretraining phase of Qwen-3-8B
includes 5 trillion high-quality STEM domain tokens
(Qwen Team, 2025), making it important to test
how strong science-oriented pretraining can impact
the effects of retrieval on this task. The choice of

1https://huggingface.co/datasets/
CohereLabs/Global-MMLU-Lite

2https://huggingface.co/datasets/
NLP-CISUC/CorEGe-PT

Gemma3-4B-IT and Gemma3-12B-IT aims to as-
sess the impact of model size on this task, while
keeping the architecture family fixed.

3. Experimental Setup

In this section, we describe and discuss the experi-
mental design choices for our evaluation, outlining
the retrieval configurations tested and the evalua-
tion protocol used.

3.1. Indexing and Retrieval
Configurations

All gathered documents were indexed in a vector
database. Given the maximum input length con-
straints of LLMs, and especially sentence encoders,
documents are split into chunks in two phases.
First, split by markdown section headers, and then
recursively split into 500 character chunks with 50
character overlaps to preserve semantic continu-
ity. After splitting, chunks are then embedded and
stored in a ChromaDB3 instance with cosine for
computing similarity.

3.1.1. Encoder language specialization

To evaluate the impact of language specializa-
tion on indexing and retrieval, we compare two
distinct dense embedding models for encod-
ing corpus chunks and query passages. First,
we use paraphrase-multilingual-mpnet-
base-v24, a general-purpose multilingual encoder
( 278M parameters) trained on over 50 languages
(Reimers and Gurevych, 2019). We compare
this against serafim-335m-portuguese-pt-
sentence-encoder-ir5, a Portuguese-specific
model from the Serafim family (Gomes et al., 2024).
By selecting the 335M parameter version of Ser-
afim, we maintain a comparable size to the multi-
lingual baseline, effectively isolating the impact of
language specialization over model scale.

3.1.2. Context selection and candidate pool

To assess the effects of context volume and po-
tential noise, we evaluate different numbers of re-
trieved chunks (k ∈ {1, 3, 5, 10}). For efficiency and
determinism in the retrieval step, we pre-compute
the top 30 chunks per question for both encoders
using the question stem as the query. During re-
trieval at inference, we slice the top-k chunks from

3https://github.com/chroma-core/chroma
4https://huggingface.

co/sentence-transformers/
paraphrase-multilingual-mpnet-base-v2

5https://huggingface.co/PORTULAN/
serafim-335m-portuguese-pt-sentence-encoder-ir

https://huggingface.co/datasets/CohereLabs/Global-MMLU-Lite
https://huggingface.co/datasets/CohereLabs/Global-MMLU-Lite
https://huggingface.co/datasets/NLP-CISUC/CorEGe-PT
https://huggingface.co/datasets/NLP-CISUC/CorEGe-PT
https://github.com/chroma-core/chroma
https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-mpnet-base-v2
https://huggingface.co/PORTULAN/serafim-335m-portuguese-pt-sentence-encoder-ir
https://huggingface.co/PORTULAN/serafim-335m-portuguese-pt-sentence-encoder-ir
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Model Base (CB) Best RAG (R) Best RAG+R (R+R) ∆BEST (pp)
AMALIA 63.0 ± 2.4 64.7 ± 2.4 (pt, k=10) 65.7 ± 2.4 (pt, k=1) +2.7
EuroLLM-9B-Instruct 62.0 ± 2.4 63.5 ± 2.4 (pt, k=1) 64.2 ± 2.4 (pt, k=10) +2.2
Qwen3-8B 73.0 ± 2.2 72.0 ± 2.2 (ml, k=3) 71.8 ± 2.3 (pt, k=1) -1.0
Gemma-3-4B-IT 50.7 ± 2.5 60.3 ± 2.4 (ml, k=3) 60.5 ± 2.4 (ml, k=5) +9.8∗

Gemma-3-12B-IT 55.5 ± 2.5 70.5 ± 2.3 (pt, k=1) 71.0 ± 2.3 (pt, k=1) +15.5∗

Table 1: Overall accuracy (%) ± standard error (pp) on Global MMLU Lite (PT split). k is the number
of chunks added in context. ∆BEST calculated with the best-performing RAG configuration (with or without
reranking) minus baseline (CB), in pp. (pt - Portuguese sentence encoder; ml - Multilingual sentence
encoder; * p < 0.05 against CB, two-proportion Z test and McNemar).

this pool. For evaluations involving a reranking step,
we keep a separate pool of chunks for each ques-
tion and embedding model, previously reranked
using a fixed multilingual cross-encoder reranker6.

3.1.3. Retrieval variants

To further isolate the impact of different compo-
nents of the retrieval pipeline on performance, we
evaluate three configurations: (i) Closed-Book (CB)
uses only parametric and question knowledge,
serving as a reference for the model’s base per-
formance on the task. (ii) Retrieval (R) appends
the top-k retrieved chunks as context and (iii) Re-
trieval+Reranking (R+R) uses the reranked top-k
chunks.

3.2. Evaluation Protocol

We use lm_evaluation_harness7 to evaluate the
selected models and configurations using a 3-shot
prompting technique. Few-shot exemplar selection
is deterministic (fixed seed, default for framework),
so that comparisons across different retrieval con-
figurations use the same demonstrations, attribut-
ing any differences to the retrieval setup rather than
exemplar variation. Scoring is based on option log-
likelihood (standard for multiple-choice evaluation)
rather than decoding, thus sampling parameters
such as temperature do not affect the selected an-
swer. For consistency, we keep the prompt format
fixed across configurations, varying only the pres-
ence and amount of retrieved context (k) and the
application of reranking. The prompt template used
for every test item is provided in Appendix A. All
experiments were run using a single NVIDIA RTX
A6000 GPU.

6https://huggingface.co/Alibaba-NLP/
gte-multilingual-reranker-base

7https://github.com/EleutherAI/
lm-evaluation-harness

4. Results and Discussion

We evaluate a grid of 16 retrieval configurations
per model (2 sentence encoders × 4 values of k
× reranking). For compactness, Table 1 reports
the maximum (upper-bound) accuracy ± standard
error observed within these configurations. To eval-
uate robustness across all configurations, Table 2
summarizes the distribution of ∆ accuracy from the
baseline (CB) across all tested configurations.

Model ∆WORST ∆BEST Mean ± SD ∆

AMALIA -1.50 2.75 0.53 ± 1.30
EuroLLM-9B-Instruct -2.00 2.25 0.08 ± 1.04
Qwen3-8B -4.75 -1.00 -2.89 ± 1.18
Gemma-3-4B-IT 6.25 9.75 8.41 ± 1.08
Gemma-3-12B-IT 11.75 15.50 13.61 ± 1.08

Table 2: Robustness across configurations. Dis-
tribution of ∆ accuracy (pp) over the 16 RAG con-
figurations per model.

For Gemma models, the positive effect of RAG
is clear. Accuracy increases range from 9.8 per-
centage points (pp) in the 4B to 15.5 pp in the
12B model, with gains consistent across all tested
components and retrieval settings. Results from
Table 2 further support this impact, indicating gains
are strongly positive across all tested configura-
tions for these models (8.41 ± 1.08 pp for the 4B,
and 13.61 ± 1.08 pp for the 12B version). The
best retrieval configurations show +2.7 pp increase
for AMALIA and +2.2 pp for EuroLLM-9B-Instruct
(Table 1), while Table 2 shows that the average
gains for these models near zero with around 1 pp
of standard deviation, suggesting they are heavily
sensitive to retrieval configurations, and can even,
in some cases, degrade their performance under
RAG. Qwen3-8B achieves the highest baseline ac-
curacy but shows slight degradation across all re-
trieval configurations, with larger context volumes
(k) yielding worse results (Figure 1), suggesting that
retrieval noise may be detrimental to this model’s
performance.

https://huggingface.co/Alibaba-NLP/gte-multilingual-reranker-base
https://huggingface.co/Alibaba-NLP/gte-multilingual-reranker-base
https://github.com/EleutherAI/lm-evaluation-harness
https://github.com/EleutherAI/lm-evaluation-harness
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Figure 1: Effect of context volume k on accuracy.
∆ Overall accuracy (pp) relative to the closed-book
(CB) baseline as a function of k ∈ {1, 3, 5, 10}.
Rows correspond to different generator models.

Paired tests across subcategories and
proportion-based tests on overall accuracy
show that only the Gemma models achieve
statistically significant gains over closed-book,
while AMALIA and EuroLLM-9B-Instruct show non-
significant gains, and Qwen shows a consistent
yet non-significant decrease.

Figure 1 suggests that performance does not
scale linearly with added context. For some mod-
els, performance peaks at lower values of k, and
then plateaus/decreases as additional chunks are
added to the context. This aligns with the trade-
off between useful evidence and noisy context as
recall increases. Reranking does not guarantee

a consistent accuracy improvement, but can shift
the best-performing values of k toward smaller con-
texts, improving efficiency.

Without reranking, when using the Portuguese-
specific sentence encoder, models often outper-
form the multilingual baseline, particularly in the
Business, STEM, and Medical categories. Figure
2 indicates that language specialization interacts
with domains and context size rather than acting as
a universal improvement to performance. These
three categories are the most technical in the group
and include specialized terminology, suggesting the
advantage provided by the Portuguese-specific en-
coder could be tied to the training data being more
representative of these domains, compared to the
vast multilingual encoder’s training data.

Figure 2: ∆ Accuracy between RAG configura-
tions using different sentence encoders. Re-
sults are reported with and without reranking.

Again, in the technical domains, it is worth not-
ing that reranking can degrade the performance
gains achieved with the Portuguese-specific en-
coder. This degradation is likely due to a mis-
match in language in the retrieval pipeline, as the
multilingual cross-encoder used for reranking may
lack the granular understanding of specialized pt-
PT terminology needed to accurately score the
highly technical chunks. Moreover, in less tech-
nical domains like Social Sciences, the multilingual
reranker successfully corrects the initial retrieval,
from a -1.6 pp deficit to a +1.4 pp advantage. This
highlights a central design consideration in select-
ing reranking models, suggesting that coupling a
language-specific retriever with a general multilin-
gual reranker can erase domain-specific gains. Ulti-
mately, further work should explore this by coupling
a language-specific retriever and reranker.

5. Conclusion

We established a baseline for scientific knowledge
QA in pt-PT using RAG. Evaluating 5 SLMs of sim-
ilar size reveals that the effects of RAG are highly
model-dependent. By testing two different sen-
tence encoders for chunk indexing and retrieval
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purposes, one multilingual and one specific to Por-
tuguese, we find that the impact of language spe-
cialization can vary depending on the knowledge
domain being targeted. We also test the isolated
effect of reranking after retrieval, and the influence
of different top-k sizes on performance.

Future work should evaluate these systems
beyond performance on broad scientific knowl-
edge multiple-choice QA tasks and address open-
response questions, particularly in highly technical
domains, including scientific reasoning tasks. In ad-
dition, these findings motivate further efforts toward
grounding-oriented, task-specific training and eval-
uation methods, as well as effective and efficient
selection of relevant context from scientific docu-
ments, for natural scientific language processing in
Portuguese.

Limitations

Due to the lack of Portuguese evaluation resources
(and pt-PT specifically), we resorted to the Global
MMLU Lite dataset. The performance of the sys-
tems we currently aim to develop, the ones capa-
ble of effective reasoning over scientific knowledge,
may not be fully captured by this type of benchmark.
Future work should focus on creating language-
specific datasets in pt-PT to assess this impact.
Additionally, because it is not directly targeted for pt-
PT, linguistic biases toward the Brazilian variety are
likely present in the questions, and consequently
affect the retrieval step.

Another limitation is that retrieval quality is not
directly evaluated at the chunk level. Instead, we
use task accuracy as a proxy for this measure. Fur-
thermore, only a single chunking strategy was used.
Alternative approaches, such as semantic chunking
or larger windows, may result in different outcomes.

Additionally, for this specific task, multiple-choice
log-likelihood evaluation is appropriate for assess-
ing knowledge capabilities. Still, further work
should explore the capacity of these models for
pt-PT open-ended answer generation, possibly em-
ploying prompting techniques such as Chain-of-
Thought (Wei et al., 2022), which would be more
aligned with the real-world use of the targeted sys-
tems.

Finally, we note that other models could serve as
additional size comparisons, such as Qwen3-4B,
which may be explored in future work.

Code & Data Availability

The code and data used for the experi-
ments, as well as the results, are available
at https://github.com/NLP-CISUC/
Benchmark-ScientificQA-RAG-pt-PT.
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A. Additional Information

Example from the pt split of the Global
MMLU Lite Dataset

subject_category: "STEM"

question: "Os materiais usados no dissi-
pador térmico devem ter:"

option_a: "alta condutividade térmica."
option_b: "grande superfície."
option_c: "alto ponto de fusão."
option_d: "Todas as anteriores."

answer: "D"

Example from the pt split of the Global
MMLU Lite Dataset (translated)

subject_category: "STEM"

question: "The materials used in the heat
sink must have:"
option_a: "high thermal conductivity."
option_b: "large surface area."
option_c: "high melting point."
option_d: "All of the above."

answer: "D"

Figure 3: Example from the Portuguese test
split of the Global MMLU Lite benchmark (elec-
trical_engineering/test/78)

.

Prompt template for evaluation

<few_shot_example_1>
<few_shot_example_2>
<few_shot_example_3>

Contexto Adicional:
<retrieved_chunk_1>;
<retrieved_chunk_2>;
(...)
<retrieved_chunk_K>;

Agora responde à pergunta seguinte. Se
necessário utiliza o contexto adicional:
<question>
<options>
Resposta: (A/B/C/D)

Prompt template for evaluation (trans-
lated)

<few_shot_example_1>
<few_shot_example_2>
<few_shot_example_3>

Additional Context:
<retrieved_chunk_1>;
<retrieved_chunk_2>;
(...)
<retrieved_chunk_K>;

Now answer the following question. If necessary,
use the additional context:
<question>
<options>
Answer: (A/B/C/D)

Figure 4: Prompt used for evaluation on the Global
MMLU Lite benchmark.
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