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Abstract. Reranking plays a crucial role in improving Information Retrieval (IR) performance, particularly in

low-resource languages, such as Portuguese. In this study, we evaluate different reranking strategies for Portuguese

IR, comparing multilingual and Portuguese-specific models, as well as not-so-large language models and large

language models (LLMs). We assess the performance of BM25 combined with ptT5 fine-tuned on multilingual and

Brazilian Portuguese datasets, alongside multilingual state-of-the-art rerankers (BGE m3) and LLM as rerankers

RankGPT (GPT-4) and Sabiá 3, a Portuguese-specific LLM. Additionally, we introduce a novel dynamic In-Context

Learning (DICL) prompting strategy to enhance LLM performance. Experiments conducted on the Quati and Pirá

2.0 datasets show that fine-tuning on native Brazilian Portuguese data significantly improves retrieval effectiveness

by up to 5 p.p. in nDCG compared to using translated multilingual datasets. Two fine-tuning approaches were

tested: a binary classification strategy with ‘true’ and ‘false’ tokens and a relevance score-based training, both

outperforming models fine-tuned on translated multilingual data. RankGPT achieved the best overall results, yet

Sabiá 3 demonstrated competitive performance, particularly on queries related to sociocultural aspects. The DICL

strategy further improved the results of both LLMs, significantly boosting their MRR@10. These findings highlight

the importance of language-specific training and suggest that not-so-large language models can be viable alternatives

for reranking tasks in Portuguese IR.
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1 Introduction

The rapid advancements in neural reranking models have sig-

nificantly improved Information Retrieval (IR) effectiveness

by leveraging pre-trained language models to refine initial

ranking outputs [Laitz et al., 2025]. These models have been

extensively explored in English-centric datasets, such as MS

MARCO [Nguyen et al., 2016], but their performance in low-

resource languages, including Portuguese, remains a critical

challenge. While multilingual models, such as mT5 [Xue

et al., 2021], offer broad language coverage, their ability to

capture linguistic and cultural nuances in Portuguese remains

questionable [Bueno et al., 2024]. Consequently, there is an

increasing demand for Portuguese-specific rerankers, particu-

larly in domain-specific and sociocultural queries.

Recent efforts to develop Portuguese language resources

have enabled the construction of more effective rerankers

for the language. Notably, datasets such as Quati [Bueno

et al., 2024] and Pirá 2.0 [Pirozelli et al., 2024] provide valu-

able benchmarks for evaluating retrieval models on native

data. Additionally, models such as ptT5 [Carmo et al., 2020]

have been fine-tuned for Portuguese, but their effectiveness

in reranking tasks compared to multilingual counterparts re-

mains an open question. Beyond language-specific adapta-

tions, there is also a growing interest in smaller, computation-

ally efficient rerankers, such as those proposed in InRanker

[Laitz et al., 2025], which aims to balance performance and

scalability.

A crucial aspect in reranking research is the impact of train-

ing data. Many existing Portuguese IR models rely on trans-

lated multilingual datasets, which may introduce biases and

fail to capture native linguistic expressions. Fine-tuning on

datasets generated by native speakers, such as Quati [Bueno

et al., 2024], has been proposed as a solution, but the benefits

of this approach over using translated multilingual corpora

require further investigation. The presence of sociocultural

biases in IR models is another concern, particularly for ap-

plications requiring culturally aware retrieval [Bueno et al.,

2024].

This study systematically evaluates reranking strategies

for Portuguese IR through a comparative analysis of differ-

ent models and training approaches. Specifically, we assess

two fine-tuning strategies for the ptT5 [Carmo et al., 2020]

reranker, leveraging both themultilingualMSMARCO [Boni-

facio et al., 2021] and the native Brazilian Portuguese Quati

[Bueno et al., 2024] datasets. We then benchmark these

specialized models against contemporary multilingual ap-

proaches, including the embedding-based BGE m3 [Chen

et al., 2024] and the state-of-the-art listwise LLM-reranker,

RankGPT [Sun et al., 2023], as well as the Portuguese-

specific LLM, Sabiá 3 [Abonizio et al., 2024]. The per-

formance of all models is evaluated on the Quati and Pirá

2.0 [Pirozelli et al., 2024] datasets using standard IR met-

rics (NDCG, MRR@10, and Recall@10). A key compo-

nent of our analysis is a focused evaluation on sociocul-

tural queries, designed to probe whether Portuguese-specific
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rerankers more effectively capture subtle cultural and linguis-

tic nuances.

One of the key contributions of this study is the first evalu-

ation of Sabiá 3 [Abonizio et al., 2024] as a reranker, marking

its debut in the literature. Furthermore, we propose and test

a novel listwise reranking method that applies dynamic In-

Context Learning to the reranking prompts for both RankGPT

and Sabiá 3. This dynamic selection is achieved by calcu-

lating the similarity between the query being analyzed and a

base of few-shot examples, allowing the model to leverage

the most relevant examples for each specific reranking task.

Alongside these LLM-based strategies, we also propose two

distinct fine-tuning approaches for BM25 [Jones et al., 2000]

+ ptT5 [Carmo et al., 2020]: a sequence-to-sequence strategy

using ’true’ and ’false’ tokens [Nogueira et al., 2020], and a

relevance score-based training. Our findings demonstrate that

fine-tuning on native Brazilian Portuguese datasets outper-

forms models fine-tuned on translated multilingual corpora,

both on Quati [Bueno et al., 2024] and Pirá 2.0 [Pirozelli

et al., 2024]. Additionally, while RankGPT achieves the best

overall performance, Sabiá 3 attains comparable results on

sociocultural queries, highlighting the potential of Portuguese-

specific LLMs in reranking. This comparison is particularly

noteworthy given the substantial disparity in scale and com-

putational cost between the massive, general-purpose model

powering RankGPT (GPT-4) and the more specialized and

resource-efficient Sabiá 3, positioning the latter as a viable

alternative for specific applications.

This research is based on the hypothesis that fine-tuning

on Portuguese-specific datasets leads to improved retrieval

performance compared to multilingual models, as it better

captures the linguistic nuances and contextual intricacies

of Brazilian Portuguese. Additionally, we hypothesize that

Portuguese-specific rerankers are more effective in handling

queries that involve sociocultural aspects, as they are trained

on data that reflects native language usage and cultural refer-

ences. Furthermore, we explore the trade-offs between using

not-so-large language models, such as ptT5 [Carmo et al.,

2020], and large language models (LLMs), such as GPT-4,

as rerankers for Portuguese information retrieval (IR). In this

context, we introduce a new hypothesis: that the zero-shot

performance of LLMs can be significantly enhanced through

our proposed dynamic few-shot learning [Brown et al., 2020]

method, which provides contextually relevant examples at in-

ference time. We hypothesize that while LLMs may achieve

superior ranking performance due to their extensive pretrain-

ing, smaller models fine-tuned on domain-specific data could

offer competitive results with lower computational cost. By

testing these hypotheses, we aim to contribute to a better un-

derstanding of how training data, fine-tuning, and In-Context

Learning strategies affect Portuguese IR performance.

The remainder of this paper is organized as follows: Sec-

tion 2 discusses related work on reranking, multilingual mod-

els, and Portuguese-specific IR datasets. Section 3 details our

methodology, including model selection, fine-tuning strate-

gies, our proposed method, and evaluation metrics. Section

4 presents our experimental results and analyses, with a par-

ticular focus on sociocultural queries. Finally, Section 5 con-

cludes the paper, summarizing key findings and proposing

directions for future research.

2 Related Works

In this section, we review previous research relevant to our

study, focusing on three key areas. First, we explore datasets

for Portuguese Information Retrieval, highlighting both native

datasets and multilingual datasets translated into Portuguese,

which serve as benchmarks for evaluating retrieval models.

Second, we discuss rerankers for Portuguese Information

Retrieval, covering traditional BM25-based approaches, fine-

tuned sequence-to-sequence rerankers, and embedding-based

methods. Lastly, we examine the role of Large Language

Models (LLMs) for reranking, detailing different ranking

strategies. These discussions provide the necessary back-

ground to contextualize our experimental comparisons and

contributions.

2.1 Datasets for Portuguese Information Re-

trieval

The availability of high-quality datasets is crucial for the

development and evaluation of Information Retrieval (IR)

models. In the context of Portuguese IR, datasets have his-

torically been limited, with many retrieval models relying

on translated multilingual corpora [Bonifacio et al., 2021]

rather than datasets created by native speakers [Bueno et al.,

2024]. However, recent efforts have sought to bridge this gap

by developing dedicated Portuguese-language resources for

passage ranking, question answering, and domain-specific

retrieval.

One of the most notable contributions is Quati [Bueno et al.,

2024], a Brazilian Portuguese IR dataset created using queries

from native speakers. Unlike multilingual datasets that are

simply translated into Portuguese, Quati [Bueno et al., 2024]

was constructed and validated by Brazilian users, ensuring a

more natural and representative query distribution. It consists

of 200 queries and 10 million passages, covering diverse

topics, and was designed to support document retrieval and

passage ranking tasks [Bueno et al., 2024]. The dataset has

been used to benchmark BM25 [Jones et al., 2000], and other

commercial retrievers, such as mT5 [Xue et al., 2021].

The creation of the Quati dataset [Bueno et al., 2024] was a

deliberate effort to address the shortcomings of translated cor-

pora by constructing a benchmark rich with authentic Brazil-

ian Portuguese nuances. Unlike mMARCO [Bonifacio et al.,

2021], which relies on automated translation, Quati’s queries

were formulated and validated entirely by native speakers,

ensuring they reflect genuine information needs and natural

language patterns. This native-centric methodology embeds

a wealth of linguistic and contextual intricacies, including

colloquial query formulations, culturally-specific references

(e.g., to local public figures, historical events, and social phe-

nomena), and idiomatic expressions that are often flattened or

lost in translation [Bueno et al., 2024]. Consequently, Quati

provides a more rigorous and realistic testbed for evaluat-

ing a model’s ability to move beyond literal term matching

and achieve a true, culturally-grounded understanding of the

Portuguese language as it is spoken and written in Brazil.

Another relevant dataset is Pirá [Paschoal et al., 2021], a

bilingual Portuguese-English dataset designed for question

answering (QA) about the ocean, climate change, and the
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Brazilian coastline. The dataset was later extended into Pirá

2.0 [Pirozelli et al., 2024], providing benchmarks for specific

tasks, such as question answering, machine reading com-

prehension, information retrieval, open question answering,

answer triggering, and multiple choice question answering.

This dataset is particularly relevant for domain-specific IR,

providing a valuable benchmark for evaluating retrieval mod-

els in a scientific and environmental context. The benchmarks

for Pirá 2.0 [Pirozelli et al., 2024] highlight the performance

differences between monolingual and multilingual models,

emphasizing the impact of domain-specific training data on

retrieval effectiveness.

In addition to these general-purpose datasets, REGIS

[Oliveira et al., 2021] provides a specialized test collection

for geoscientific document retrieval in Portuguese. REGIS

contains scientific papers and structured metadata, allowing

for complex retrieval tasks in specialized fields. This dataset

demonstrates the need for domain-specific IR benchmarks, as

models trained on general-purpose corpora may not perform

optimally in specialized domains [Oliveira et al., 2021].

Beyond Portuguese-specific resources, many IR models

have leveraged multilingual datasets translated into Por-

tuguese. A key example is mMARCO [Bonifacio et al.,

2021], a multilingual adaptation of the MS MARCO pas-

sage ranking dataset [Nguyen et al., 2016]. While mMARCO

provides a large-scale benchmark for training retrieval models

in Portuguese, its reliance on automated translations raises

concerns about fluency, cultural relevance, and query intent

preservation [Bueno et al., 2024]. Similarly, datasets like

RCV1 [Lewis et al., 2004] have been adapted for multilin-

gual text classification and retrieval tasks, but they primarily

focus on news categorization, limiting their applicability to

open-domain IR.

These datasets collectively highlight the evolution of Por-

tuguese IR benchmarks, from translated multilingual corpora

to native speaker-generated datasets. However, a key research

question remains regarding the advantage of Portuguese-

specific datasets over translated corpora in IR tasks. Our

study addresses this by evaluating reranking models fine-

tuned on both native and translated datasets, comparing their

performance in general and sociocultural IR tasks.

2.2 Rerankers for Portuguese Information Re-

trieval

Reranking models play a crucial role in modern Information

Retrieval (IR) pipelines, refining the initial ranked list of

documents retrieved by sparse or dense retrievers. A widely

adopted two-stage approach [Nogueira et al., 2019] consists

of: an initial retrieval step using models such as BM25 [Jones

et al., 2000], which efficiently retrieves a set of candidate

passages, and a reranking step, where a more complex neural

model is used to refine the ranking based on deeper semantic

understanding. This second step has been significantly en-

hanced by the introduction of pretrained transformer-based

models fine-tuned for passage ranking tasks [Nogueira et al.,

2019] [Bonifacio et al., 2021].

A key contribution in this area is the mT5-based reranker,

fine-tuned on mMARCO [Bonifacio et al., 2021], a multilin-

gual adaptation of the MS MARCO dataset. The mT5 model

[Xue et al., 2021] follows a sequence-to-sequence paradigm,

treating document ranking as a text generation task. Inspired

by Nogueira et al. [2020], the fine-tuning strategy for mT5

trains the model to output a ”yes” token for relevant passages

and a ”no” token for irrelevant ones. This formulation allows

mT5 to learn context-aware relevance assessments.

An alternative fine-tuned model is ptT5 [Carmo et al.,

2020], a variant of T5 specifically adapted for Portuguese.

Similar to mT5, ptT5 has been fine-tuned on mMARCO

[Bonifacio et al., 2021], leveraging translated multilingual

training data for passage ranking. However, due to the lin-

guistic differences between translated and native Portuguese

corpora, fine-tuning on datasets created by native speakers,

such as Quati [Bueno et al., 2024], may provide more natural

query-document associations, enhancing ranking effective-

ness in real-world IR scenarios.

Beyond T5-based rerankers, recent research has explored

more efficient ranking approaches. InRanker [Laitz et al.,

2025] introduces a distilled reranking model designed for

zero-shot and few-shot IR tasks. Unlike full-scale LLM-

based rerankers, InRanker is optimized for computational

efficiency. By leveraging knowledge distillation, InRanker

retains strong ranking capabilities while significantly reduc-

ing computational costs [Laitz et al., 2025].

The effectiveness of fine-tuned rerankers is grounded in

transfer learning and domain adaptation theories. Following

Howard and Ruder [2018], pretrained models can generalize

well across tasks but require task-specific fine-tuning to op-

timize performance. In IR, fine-tuning on domain-specific

datasets allows rerankers to better capture query intent and

document relevance signals, especially in languages where

multilingual models might not be fully optimized. More-

over, training on native speaker datasets rather than translated

corpora is an important consideration, as it affects semantic

nuances and retrieval accuracy.

Recent advancements in multilingual reranking have in-

troduced BGE M3 [Chen et al., 2024], a self-knowledge

distillation-based embeddingmodel designed to support multi-

linguality, multi-functionality, and multi-granularity repre-

sentations. Unlike traditional monolithic rerankers, which

require fine-tuning for specific ranking tasks, BGE M3 lever-

ages a self-distillation approach, where a larger model serves

as a teacher to refine a smaller, more efficient student model.

This process enables compact yet highly expressive embed-

dings, making BGE M3 effective across diverse retrieval,

reranking, and embedding-based similarity tasks. The archi-

tecture is optimized to bridge the gap between sparse and

dense retrieval by incorporating multi-granular representa-

tions, allowing the model to capture both sentence-level and

passage-level relevance signals simultaneously [Chen et al.,

2024].

Performance evaluations indicate that BGE M3 achieves

state-of-the-art results in multilingual retrieval tasks [Chen

et al., 2024]. The model has been benchmarked across mul-

tiple datasets, showing robust performance in both high-

resource and low-resource languages, making it a promis-

ing alternative for cross-lingual IR applications. Notably,

BGE M3 surpasses previous multilingual rerankers. Given

these strengths, our study explores its potential in Portuguese-

specific IR tasks, comparing its effectiveness with other
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rerankers.

Given the aforementioned developments, our study evalu-

ates the effectiveness of rerankers fine-tuned on Portuguese-

specific datasets compared to those trained on translated mul-

tilingual corpora.

2.3 Large Language Models for Reranking

The advent of Large LanguageModels (LLMs) has introduced

new possibilities for document ranking and reranking in In-

formation Retrieval (IR). Unlike traditional neural rerankers,

which are explicitly trained on ranking datasets, LLMs lever-

age their pretrained knowledge and instruction-following ca-

pabilities to perform zero-shot or few-shot ranking [Zhu et al.,

2024]. Recent studies have investigated LLMs as reranking

agents, analyzing their ability to assess relevance and reorder

retrieved passages. These approaches primarily fall into three

categories: pointwise, pairwise, and listwise methods [Zhu

et al., 2024].

Pointwise reranking methods treat passage ranking as an

independent relevance estimation problem, where an LLM

generates a relevance score for each document-query pair

separately [Nogueira et al., 2020]. A common technique is

relevance generation, where the model is prompted to output

a numerical score or a binary relevance label (e.g., ”relevant”

or ”not relevant”) based on a given query [Guo et al., 2025].

Alternatively, LLMs can be used for query generation, where

they rewrite or expand the input query to improve retrieval

recall before reranking [Sachan et al., 2022]. These meth-

ods are computationally expensive but have shown strong

performance in specialized domains.

Pairwise approaches aim to compare document pairs and

determine which passage is more relevant given a query [Zhu

et al., 2024]. This formulation is inspired by learning-to-rank

frameworks and is particularly useful for LLMs, as it aligns

with their strong reasoning capabilities. In these methods, an

LLM receives two passages at a time and generates a pref-

erence judgment, which is then aggregated across multiple

comparisons to produce a final ranked list [Qin et al., 2024].

Listwise reranking strategies evaluate the entire list of re-

trieved passages simultaneously, allowing the model to op-

timize the global ranking order rather than making isolated

comparisons [Ma et al., 2023]. This is computationally de-

manding but can lead to better ranking coherence. Some

instruction-tuned LLMs, such as RankGPT, have been de-

signed to maximize listwise ranking effectiveness through

innovative techniques [Sun et al., 2023].

RankGPT is a state-of-the-art LLM-based reranker that

surpasses previous neural rerankers by introducing two key

innovations. The first one is Instructional Permutation Gen-

eration, a method that prompts the model to generate ranked

permutations of retrieved passages rather than scoring them

individually [Sun et al., 2023]. By treating reranking as a text

generation task, RankGPT effectively leverages its pretrain-

ing on ordered text sequences to improve ranking fluency and

consistency.

The second innovation is the Sliding Window Strategy.

Since LLMs have context length limitations, RankGPT uses

a sliding window approach to process long document lists

incrementally, ensuring that no relevant information is lost

during reranking [Sun et al., 2023].

Empirical results demonstrate that RankGPT (powered

by GPT-4) outperforms previous rerankers across multiple

benchmarks [Sun et al., 2023]. It achieves state-of-the-art

performance, particularly in zero-shot retrieval scenarios, rein-

forcing the viability of LLM-based rerankers as a competitive

alternative to traditional fine-tuned models.

Given these developments, our study evaluates Portuguese-

specific LLMs, such as Sabiá 3, against multilingual LLM-

based rerankers, such as GPT-4, analyzing their effectiveness

on Portuguese retrieval tasks. This comparison is particularly

relevant considering the better capacity of Portuguese-specific

rerankers to capture cultural and linguistic nuances compared

to multilingual models. Moreover, it delves into the crucial

trade-off between the immense computational cost and scale

of a general-purpose model, such as GPT-4 and the potential

cost-effectiveness of a specialized, smaller model, such as

Sabiá 3, a key consideration for real-world applications.

3 Methodology

3.1 Reranking Strategies

Fine-Tuning Approach. Our methodology follows the

widely adopted two-stage retrieval pipeline [Nogueira et al.,

2019], which consists of an initial retrieval step followed by a

reranking stage. In the first stage, we use BM25 [Jones et al.,

2000] to retrieve an initial ranked list of candidate passages

based on lexical matching between the query and document

content. In the second stage, we apply a neural reranking

model to refine the BM25-ranked list. Inspired by previous

works [Nogueira et al., 2020] [Bonifacio et al., 2021], we

fine-tune a sequence-to-sequence model, ptT5 [Carmo et al.,

2020], using passage-query relevance labels. The goal of this

reranking step is to leverage deep contextual understanding

beyond simple term frequency matching, allowing the model

to reweight and reorder candidate passages based on semantic

relevance.

To fine-tune the ptT5 [Carmo et al., 2020] rerankers, we

follow the methodology introduced by Nogueira et al. [2020].

We fine-tune the first ptT5 reranker using a traditional classi-

fication head that predicts relevance scores. For the second

one, instead of using a traditional classification head, we fine-

tune the model as a sequence-to-sequence task, where the

model generates a token indicating the passage’s relevance

to the query. Specifically, during training, the model learns

to generate either ”true” (indicating relevance) or ”false” (in-

dicating irrelevance) based on query-document pairs. The

query-document relevance score g(q, d) can be computed us-
ing the log-likelihood values of the tokens ”true” and ”false”.

This is achieved through the softmax function in Equation

1, where Tt and Tf correspond to the log-likelihood scores

assigned by the reranker to the tokens ”true” and ”false”,

respectively.

g(q, d) = exp(Tt)
exp(Tt) + exp(Tf ) , (1)

This fine-tuning approach aligns with previous work on
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document ranking using pre-trained transformers [Nogueira

et al., 2020]. This method has shown state-of-the-art results

in multilingual IR tasks, particularly in low-resource settings

where translated datasets can be leveraged for fine-tuning

[Bonifacio et al., 2021].

Figure 1 presents both fine-tuning approaches for ptT5

reranker: through a traditional classification head that pre-

dicts relevance scores and as a sequence-to-sequence task

[Nogueira et al., 2020].

To ensure that our rerankers capture the linguistic and so-

ciocultural nuances of Brazilian Portuguese, we performed

fine-tuning using the training set of the Quati dataset [Bueno

et al., 2024]. Quati was specifically created by native Brazil-

ian Portuguese speakers, making it a more culturally relevant

resource for evaluating retrieval models in Portuguese [Bueno

et al., 2024]. By leveraging a dataset that authentically repre-

sents natural language usage, we aim to improve the model’s

ability to rank passages that reflect local idioms, discourse

structures, and domain-specific knowledge that may not be

adequately represented in machine-translated datasets.

For comparison, we also evaluated ptT5 rerankers fine-

tuned on the multilingual mMARCO dataset [Bonifacio et al.,

2021], a multilingual adaptation of MSMARCO that includes

machine-translated passages across multiple languages, in-

cluding Portuguese. While mMARCO provides a large-scale

training resource, its translations may lack the linguistic rich-

ness and cultural context present in datasets curated by native

speakers.

By adopting this approach, we aim to enhance ranking

performance for Portuguese IR tasks while comparing models

fine-tuned on multilingual translated datasets and those fine-

tuned on datasets created by native Portuguese speakers.

BGE m3. In our evaluation, BGE m3 [Chen et al., 2024]

serves as a powerful, state-of-the-art multilingual baseline.

Unlike models that are explicitly fine-tuned for reranking,

BGE m3 functions as a zero-shot reranker by leveraging its

core capability as a dense embedding model. The process is

executed by first encoding the input query and each candidate

passage into high-dimensional vector representations using

the BGE m3 model. Subsequently, the semantic relevance

of each passage to the query is quantified by calculating the

cosine similarity between their respective embeddings. The

initial list of passages is then reordered based on these similar-

ity scores in descending order, with higher scores indicating

greater relevance. This approach relies on the model’s pre-

trained ability to map semantically similar texts to points that

are close in the embedding space, thus providing an effec-

tive measure of relevance without requiring any task-specific

fine-tuning [Chen et al., 2024].

Instructional Permutation Generation. List-wise rerank-

ing methods aim to optimize the ranking of an entire list

of retrieved documents rather than considering individual

documents in isolation (pointwise) [Guo et al., 2025] or com-

paring pairs of documents (pairwise) [Qin et al., 2024]. Large

Language Models (LLMs) can be adapted to a list-wise rank-

ing paradigm by treating ranking as a sequence generation

problem, where the model directly outputs a reordered list of

documents based on their estimated relevance to the query.

Unlike traditional IR models, which rely on explicit relevance

scores, LLMs leverage their contextual understanding and

Figure 1. Comparison of the two fine-tuning strategies for the ptT5 reranker.

The Classification Head approach frames reranking as a multi-class clas-

sification task over discrete relevance scores. The Sequence-to-Sequence

approach reframes it as a text generation task, where the model learns to

generate ’true’ or ’false’ tokens to indicate relevance. [Nogueira et al., 2020]
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reasoning abilities to produce a more refined ranking order

[Ma et al., 2023].

In this approach, the model takes as input a set of candidate

passages retrieved by a first-stage retriever, such as BM25

[Jones et al., 2000], and generates a reordered ranking list by

considering global interdependencies among passages rather

than evaluating them independently. This holistic view of

ranking allows LLM-based rerankers to account for aspects

such as redundancy, diversity, and coherence in retrieved

results [Zhu et al., 2024]. Recent work has shown that list-

wise rerankers using LLMs outperform traditional methods

in certain tasks, particularly when handling ambiguous or

complex queries, where contextual reasoning is crucial [Sun

et al., 2023]. Figure 2 presents Instructional Permutation

Generation approach.

Figure 2. Instructional Permutation Generation [Sun et al., 2023]

RankGPT is a reranking approach based on GPT models

that incorporates Instructional Permutation Generation (IPG)

to improve passage ranking performance [Sun et al., 2023].

The core idea behind IPG is to explicitly instruct the LLM

to consider multiple ranking orders of documents as training

examples. This method enhances the LLM’s ability to differ-

entiate subtle relevance differences and prevents overfitting

to a single ranking distribution [Sun et al., 2023].

Additionally, RankGPT employs a Sliding Window Strat-

egy, which is crucial when dealing with length constraints

inherent in LLMs. Since models such as GPT-4 have to-

ken limitations, the strategy processes ranked documents in

overlapping segments, ensuring that all relevant passages are

evaluated without truncating critical information. This incre-

mental reranking approach allows RankGPT to handle longer

candidate lists efficiently while preserving the global rank-

ing consistency across segments [Sun et al., 2023]. Figure 3

illustrates the Sliding Window Strategy.

To assess the effectiveness of LLM-based reranking for

Brazilian Portuguese information retrieval, we apply the In-

structional Permutation Generation (IPG) and Sliding Win-

dow Strategy exactly as proposed in RankGPT, but using

Sabiá-3 [Abonizio et al., 2024], a language model specifi-

cally trained for Brazilian Portuguese. This adaptation allows

us to evaluate whether a Portuguese-specific LLM can out-

perform or match the performance of multilingual models in

reranking tasks. By implementing these strategies, Sabiá-3 is

used to consider multiple ranking permutations, leveraging its

Figure 3. Sliding Window Strategy. An example demonstrating the re-

ranking of eight passages using a sliding window approach with a window

size of four and a step size of two. The blue-colored segments indicate the

first two windows, while the yellow segment represents the final window.

The sliding windows are applied in a back-to-first sequence, ensuring that the

first two passages from the preceding window contribute to the re-ranking

process in the subsequent window. [Sun et al., 2023]

ability to discern nuanced relevance relationships among re-

trieved passages. Additionally, the Sliding Window Strategy

is crucial in handling longer passage lists while maintain-

ing global ranking consistency. To ensure a comprehensive

comparison, we benchmark Sabiá-3 against RankGPT using

GPT-4, examining their reranking effectiveness on Brazilian

Portuguese datasets, such as Quati [Bueno et al., 2024] and

Pirá 2.0 [Pirozelli et al., 2024].

Dynamic In-Context Learning. Building upon the listwise

reranking paradigm, we introduce a novel method to enhance

the zero-shot performance of LLMs through dynamic In-

Context Learning [Brown et al., 2020]. The core objective

of this approach is to provide the model with highly relevant,

task-specific examples at inference time, thereby guiding

its reasoning process and adapting it to the nuances of the

retrieval task without the need for expensive fine-tuning. Un-

like static few-shot approaches, in which the same examples

are used for all queries, our method customizes the prompt

for each query. This strategy was applied to both RankGPT

and Sabiá-3, allowing us to evaluate its effectiveness across

different LLM architectures and its potential to improve per-

formance on culturally-specific queries.

The dynamic nature of our method lies in the selection

of few-shot examples. We first constructed a candidate

pool of few-shot demonstrations from the Quati training set,

where each demonstration consists of a query, a list of can-

didate passages, and the corresponding ground-truth ranked

list. For each incoming query from the test set, we calcu-

late the semantic similarity between its embedding and the

embeddings of all queries in the candidate pool, using a pre-

trained sentence-transformer model (MiniLM-L6 [Sentence-

Transformers, 2021]). The top-k most similar demonstrations

are then selected and formatted into the prompt. This process

ensures that the examples provided to the LLM are contextu-

ally aligned with the current query, a technique hypothesized

to produce more accurate and robust reranking performance.

Figure 4 presents the proposed method.

3.2 Experimental Setup

Fine-tuning. Our fine-tuning experiments are based on the

ptT5-base model [Carmo et al., 2020], a T5 variant specifi-

cally pre-trained on the large-scale Brazilian Portuguese Web

as Corpus (BrWac). To adapt this model for reranking, we

used the training set of the Quati dataset [Bueno et al., 2024],
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Figure 4. Proposed dynamic In-Context Learning (DICL) strategy. The

process compares an incoming query against a pool of few-shot examples

using a sentence-transformer model (MiniLM-L6) to find the most semanti-

cally similar demonstrations. These selected examples are then appended

to the final reranking prompt, providing the Large Language Model with

contextually relevant, in-domain examples to guide its ranking process at

inference time.

a benchmark specifically designed for information retrieval

in Brazilian Portuguese consisting of 200 queries each with

98 candidate passages, featuring relevance scores annotated

by native speakers. The fine-tuning process was conducted

using two distinct approaches. In the first approach, a classi-

fication head was used, where the original relevance scores

from Quati were treated as classification labels, allowing the

model to learn the association between queries and their re-

spective relevance levels. In the second approach, a sequence-

to-sequence task was implemented by adapting the original

relevance labels into a binary classification scheme. In this

case, documents with a relevance score of 0 were assigned

the token ”false”, while those with a score greater than 0

were assigned the token ”true”, following the sequence-to-

sequence fine-tuning strategy proposed by Nogueira et al.

[2020], where models generate discrete tokens to indicate

document relevance.

For the fine-tuning process, both approaches employed a

batch size of 64, trained for 500 epochs, and used a learning

rate of 0.001. The maximum sequence length was set to 512

tokens. Regarding the computational costs, fine-tuning the

ptT5-base model on a NVIDIA T4 GPU took approximately

6 hours.

Datasets and Evaluation. To ensure a diverse evalua-

tion of the rerankers under different retrieval conditions,

we employed two information retrieval datasets in Brazil-

ian Portuguese: Quati [Bueno et al., 2024] and Pirá 2.0

[Pirozelli et al., 2024]. The Quati dataset was devel-

oped by native Brazilian Portuguese speakers, focusing on

open-domain question-answering and passage retrieval, with

human-annotated relevance judgments. Meanwhile, Pirá 2.0

is a reading comprehension dataset covering topics such as

the ocean, the Brazilian coast, and climate change [Pirozelli

et al., 2024]. This dataset provides a domain-specific re-

trieval benchmark, allowing us to analyze reranker perfor-

mance beyond general-purpose IR tasks. By leveraging both

datasets, we ensure a comprehensive evaluation of the fine-

tuned models, considering both general-purpose and special-

ized retrieval scenarios in Brazilian Portuguese.

We evaluated model performance on two distinct test sets:

the Quati [Bueno et al., 2024] test set, which is composed of

50 queries with 98 passages each, and the Pirá 2.0 [Pirozelli

et al., 2024] dataset, containing 40 queries with 40 passages

each. To ensure a rigorous assessment of generalization, these

evaluation sets are entirely disjoint from the Quati training

data used for fine-tuning, with no intersection between them.

The models’ performance was measured using three widely

adopted information retrieval (IR) metrics: Normalized Dis-

counted Cumulative Gain (nDCG), Recall@10, and Mean

Reciprocal Rank (MRR@10). These metrics were chosen to

provide a comprehensive assessment of the ranking effective-

ness of each model across different evaluation criteria [Caseli

and Nunes, 2023].

nDCG is a graded relevance metric that measures how well

the ranking produced by a reranker reflects the true relevance

scores of documents. It considers both the position of relevant

documents in the ranking and the degree of their relevance,

with higher-ranked highly relevant documents contributing

more to the final score [Caseli and Nunes, 2023]. This met-

ric is particularly useful in graded IR tasks, such as Quati

[Bueno et al., 2024], where documents are not simply classi-

fied as relevant or non-relevant, but rather rated on a scale of

relevance.

Recall@10 measures the proportion of truly relevant docu-

ments that appear within the top 10 retrieved results. A higher

Recall@10 score indicates that the reranker is successful at

capturing relevant documents early in the ranking, ensuring

that users have quick access to relevant information. This

metric is especially important in practical retrieval scenar-

ios, where users typically do not browse beyond the first few

results [Caseli and Nunes, 2023].

MRR@10 assesses the ranking position of the first relevant

document within the top 10 retrieved results. It is computed as

the reciprocal of the rank of the first relevant document, mean-

ing that higher MRR values indicate that relevant documents

appear earlier in the ranking. This metric is particularly useful

for question-answering and passage retrieval tasks, where the

goal is to quickly surface the most relevant document for a

given query [Caseli and Nunes, 2023].

By evaluating the rerankers with these three complemen-

tary metrics, we ensure a robust comparison of their perfor-

mance across different retrieval criteria, capturing their ability

to both retrieve relevant documents and rank them effectively.

In addition to evaluating the metrics for the dataset as a

whole, a separate assessment was conducted considering only

the queries and passages related to sociocultural aspects of

Brazil. To create this subset, we performed a qualitative anal-

ysis of the entire 50-query Quati test set, aiming to isolate

queries whose relevance assessment depends on understand-

ing local idioms, discourse structures, and culturally-specific

knowledge. We deliberately excluded queries that required

only factually direct answers or could be easily resolved

through direct translation. This rigorous filtering process re-

sulted in a curated subset of 25 queries, each retaining its origi-

nal 98 candidate passages. These selected queries are strongly
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associated with cultural aspects—such as sports, music, arts,

fauna, flora, local history, and tourist attractions. Figure 5

illustrates examples of sociocultural and non-sociocultural

query-passages fromQuati dataset [Bueno et al., 2024]. Table

1 presents a thematic analysis of the 25 queries selected for our

sociocultural subset that categorizes the types of knowledge

they require.

4 Experimental Results

4.1 Quati dataset

Table 2 presents the average and standard deviation of the

evaluated IR metrics (nDCG, MRR@10, and Recall@10)

for the different models assessed on the full Quati dataset.

The models include RankGPT [Sun et al., 2023] and Sabiá-3

[Abonizio et al., 2024] as LLM-based rerankers, BGE M3

[Chen et al., 2024] and mT5 [Xue et al., 2021] as multilingual

neural models, and ptT5 [Carmo et al., 2020] fine-tuned on

either multilingual datasets or Brazilian Portuguese-specific

datasets. Figures 6 and 7 illustrate the distribution of nDCG

and Recall@10 for full Quati test set.

Overall, RankGPT achieved the best performance across

all three evaluated metrics, with 86.0% for nDCG, 64.5% for

MRR@10, and 32.0% for Recall@10, confirming its status as

the state-of-the-art method in the literature [Sun et al., 2023].

Among the LLM-based reranking approaches, RankGPT out-

performed Sabiá-3 despite being a multilingual model. An-

other model that demonstrated competitive performance on

the Quati dataset was BGEM3, which achieved 83.2% nDCG,

58.1% MRR@10, and 29.8% Recall@10. This result high-

lights the effectiveness of the self-knowledge distillation-

based embedding model approach for language-specific IR

tasks, such as Portuguese, as previously reported in the litera-

ture [Chen et al., 2024].

Regarding the ptT5 fine-tuned models, we observed that

those fine-tuned on the Quati dataset outperformed the models

specialized in the multilingual mMARCO dataset translated

into Portuguese, particularly in nDCG and MRR@10. When

comparing the classification head fine-tuning approach and

the sequence-to-sequence task approach, we found that the

nDCG values were nearly identical. However, the sequence-

to-sequence task approach outperformed the classification

head in MRR@10 by 4.7 percentage points (reaching 35.8%)

and in Recall@10 by 1.3 percentage points (reaching 19.8%).

These results support findings in the literature, indicating that

this fine-tuning approach enables models to learn context-

aware relevance assessments more effectively [Nogueira

et al., 2020].

Thus, regarding the research hypotheses, we observed that,

overall, LLMs as rerankers achieved superior IR performance

compared to smaller models fine-tuned specifically for the

reranking task. A possible explanation for this result is that

their large-scale pretraining endows them with enhanced ca-

pabilities for text processing and reasoning, which may out-

weigh the benefits of task-specific fine-tuning in smaller mod-

els [Zhu et al., 2024] [Sun et al., 2023].

Notably, the first evaluation of the Sabiá 3 model, a Brazil-

ian Portuguese-specific LLM as a reranker, demonstrated

Figure 5. Examples illustrating the distinction between fact-based and

culturally-contextual queries in the Quati dataset. The non-sociocultural

queries (top) are objective and solvable through direct information extraction.

In contrast, the sociocultural queries (bottom) are more complex, as their

corresponding passages are richer in local idioms, employ more intricate

discourse structures, and are dense with culturally-specific knowledge. This

requires the model to go beyond simple fact-finding, forcing it to interpret

cultural importance (”principais intérpretes”) or synthesize information from

comparative statements (”Qual a maior torcida”), a process reliant on a deeper

grasp of the local context. [Bueno et al., 2024]
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Table 1. Thematic analysis of queries from the sociocultural subset of Quati. This categorization highlights the linguistic and contextual

challenges inherent in the native dataset compared to translated, fact-centric corpora.

Category Description, Analysis, and Query Examples

Cultural Figures & Entities These queries require not just recognizing an entity, but understanding its

cultural significance and hierarchy. A translated dataset might ask for

a list of teams, but a native query asks for the one with the largest,

most passionate fanbase—a concept deeply embedded in culture. The

model must synthesize opinions, historical context, and social identity.

• ”Qual a maior torcida de futebol do Brasil?” (Which soccer team has the

largest fanbase in Brazil?)

• ”Quais são os principais intérpretes da música brasileira?” (Who are the

main interpreters of Brazilian music?)

• ”Qual é a principal cidade do basquete brasileiro?” (What is the main city

for Brazilian basketball?)

Social &Historical Context Relevance depends on understanding complex, multi-faceted narratives specific

to Brazilian history. These are not simple date/event lookups; they require com-

prehending cause, effect, and socio-political interpretation. The language used

in relevant passages is often analytical and interpretive rather than purely factual.

• ”Por que os anos de 80 são considerados a década perdida no Brasil?”

(Why are the 80s considered the ’lost decade’ in Brazil?)

• ”Qual foi a importância da usina de Volta Redonda RJ para a industrializa-

ção brasileira?” (What was the importance of the Volta Redonda plant for

Brazilian industrialization?)

Regionalisms & Local

Knowledge

These queries demand familiarity with uniquely Brazilian geography, biomes, and

specialized vocabulary (e.g., Cerrado, Caatinga). Beyond terminology, they often

seek practical, local advice that is absent from generic encyclopedic sources and is

typically expressed in informal, colloquial language found in blogs or local guides.

• ”Quais são os biomas do Brasil?” (What are the biomes of Brazil?)

• ”Qual a melhor cidade para ficar no Jalapão?” (What is the best city to

stay in Jalapão?)

• ”Como podemos classificar o relevo brasileiro?” (How can we classify the

Brazilian relief?)

Implicit Context & Collo-

quial Phrasing

While not always containing dictionary-defined idioms, these queries (and their

relevant passages) rely on understanding implicit, culturally-understood con-

text. A query about taking children to a challenging natural landmark im-

plies a need for information about safety, difficulty, and accessibility, often de-

scribed using informal, colloquial language (e.g., ”é puxado,” ”é tranquilo”).

• ”É possível conhecer o Pico da Bandeira com crianças?” (Is it possible to

visit Pico da Bandeira with children?)

• ”Como transformar uma cidade pacata em um polo turístico?” (How to turn

a quiet town into a tourist hub?)

competitive performance compared to state-of-the-art tech-

niques in the literature, surpassing smaller models fine-tuned

for the reranking task. Sabiá 3 achieved scores of 81.9%

nDCG, 55.7% MRR@10, and 27.1% Recall@10, highlight-

ing its effectiveness for Portuguese IR tasks.

Regarding the second research hypothesis, we observe that

ptT5 models fine-tuned on the Quati dataset, a Portuguese-

specific dataset, outperformed those fine-tuned on multilin-

gual translated datasets such as mMARCO in IR evaluation

metrics for the Quati dataset. This finding reinforces the im-

portance of training rerankers on data that better captures

the linguistic and sociocultural nuances of the target lan-

guage [Bueno et al., 2024]. The distinction is particularly

evident when analyzing the tasks illustrated in Figure 5. While

non-sociocultural queries are objective and can be answered

through straightforward information extraction, their socio-

cultural counterparts are inherently more nuanced. Their

corresponding passages are often more complex, replete with

local idioms, intricate discourse structures, and culturally-

specific knowledge. Consequently, resolving these queries

requires the model to move beyond simple fact-finding and

demonstrate a deeper understanding of the local context, such

as interpreting cultural importance or synthesizing informa-

tion from comparative statements.
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Table 2. Information Retrieval Metrics (nDCG, MRR@10, Re-

call@10) for full Quati test set.

Model nDCG MRR@10 Recall@10

Avg Std Avg Std Avg Std

RankGPT 86.0 9.7 64.5 38.7 32.0 11.7

BGE M3 83.2 14.5 58.1 39.3 29.8 14.7

Sabiá 81.9 11.8 55.7 42.4 27.1 9.7

mT5 76.9 13.6 29.3 34.7 26.7 13.6

ptT5 Quati 71.9 15.2 30.1 38.9 18.5 8.5

ptT5 Quati S2S 71.9 15.8 35.8 39.7 19.8 8.0

ptT5 mMARCO 68.7 15.4 27.0 33.3 18.6 8.7

The careful separation of the fine-tuning and evaluation

datasets provides a crucial lens for interpreting the source

of the performance gains. This experimental design is sig-

nificant because it shifts the focus away from simple factual

memorization and towards a more profound form of adapta-

tion rooted in the dataset’s linguistic integrity. With no direct

data overlap, the model is not merely learning what topics are

relevant to Brazil; it is learning how relevance is expressed,

structured, and sought in Brazilian Portuguese. By training

on Quati, the model becomes attuned to the genuine syntactic

patterns, colloquialisms, and culturally-embedded contexts

that are inherently present in native-generated data. This

suggests the learning is focused on acquiring a generalized

capability to interpret the language’s natural form, a more

robust and transferable skill than simple topical alignment.

Figure 6. nDCG for full Quati test set [Bueno et al., 2024]

Figure 7. Recall@10 for full Quati test set [Bueno et al., 2024]

Table 3 presents the performance metrics of the same mod-

els but considering only the queries related to sociocultural as-

pects from the Quati dataset. Unlike the overall results shown

in Table 2, we observe that Sabiá 3 outperforms state-of-the-

art multilingual models, such as BGE M3, by 1.5 percentage

Table 3. Information Retrieval Metrics (nDCG, MRR@10, Re-

call@10) for sociocultural Quati test set.

Model nDCG MRR@10 Recall@10

Avg Std Avg Std Avg Std

RankGPT 87.7 7.8 66.1 38.7 31.4 12.7

Sabiá 83.9 10.9 56.4 42.8 26.7 11.3

BGE M3 82.4 20.0 56.4 45.4 25.8 12.4

mT5 77.1 17.7 32.2 39.5 22.8 7.5

ptT5 Quati 74.2 17.0 30.1 35.6 19.4 7.6

ptT5 Quati S2S 74.6 14.1 39.3 37.3 22.9 9.6

ptT5 mMARCO 69.2 15.8 29.7 35.2 18.6 9.2

points in nDCG, reaching 83.9%, and by 0.9 percentage points

in Recall@10, achieving 26.7%. The MRR@10 obtained was

the same for both models. These results suggest that Sabiá

3, a Portuguese-specific LLM, demonstrates a competitive

advantage in handling queries that require deeper linguistic

and sociocultural understanding. Figure 8 and 9 illustrate the

distribution of nDCG and Recall@10 for sociocultural Quati

test set.

Furthermore, the improvement in nDCG, MRR@10, and

Recall@10 for models fine-tuned on Brazilian Portuguese-

specific datasets, compared to those specialized in trans-

lated multilingual datasets, becomes even more pronounced

when evaluated on queries related to sociocultural aspects.

This finding reinforces the importance of training on native

datasets to enhance the model’s ability to capture linguistic

nuances, local idioms, and culturally specific knowledge in

information retrieval tasks [Bueno et al., 2024].

In this case, the ptT5 Quati models outperformed the ptT5

mMARCO model, achieving a 5.4 percentage point increase

in nDCG (reaching 74.6%), a 9.6 percentage point improve-

ment in MRR@10 (reaching 39.3%), and a 4.3 percentage

point gain in Recall@10 (reaching 22.9%). These results

further highlight the advantages of fine-tuning on native Por-

tuguese datasets for improving retrieval performance in tasks

involving sociocultural aspects [Bueno et al., 2024].

Table 4. Information Retrieval Metrics (nDCG, MRR@10, Re-

call@10) for Pirá 2.0 dataset.

Model nDCG MRR@10 Recall@10

Avg Std Avg Std Avg Std

RankGPT 83.4 26.5 78.6 36.6 87.5 29.4

Sabiá 75.9 31.6 66.4 43.7 78.8 40.7

BGE M3 62.8 34.5 50.5 44.9 75.0 43.1

ptT5 Quati 81.0 28.9 74.2 39.0 90.0 30.4

ptT5 Quati S2S 80.6 30.0 70.4 45.8 84.6 50.4

ptT5 mMARCO 75.8 14.6 63.4 42.6 78.7 43.9

4.2 Pirá 2.0 dataset

Table 4 presents the same evaluation metrics (nDCG,

MRR@10, and Recall@10) measured for the Pirá 2.0 dataset.
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Figure 8. nDCG for sociocultural Quati test set [Bueno et al., 2024]

Figure 9. Recall@10 for sociocultural Quati test set [Bueno et al., 2024]

We employed this approach to verify whether the results ob-

tained for the Quati dataset could be reproduced in other spe-

cific datasets for Information Retrieval. Similar to the results

obtained for the Quati dataset, we observe the same pattern

of better performance for RankGPT, an LLM-based reranker

approach, utilizing a multilingual model. RankGPT achieved

scores of 83.4% nDCG, 78.6% MRR@10, and 87.5% Re-

call@10.

Furthermore, once again, the Sabiá 3 model achieved com-

petitive results compared to other state-of-the-art methods,

even surpassing the BGE M3 model. Thus, we demonstrate

that Sabiá 3 as an LLM-based reranker is a highly promising

alternative for Information Retrieval tasks when dealing with

datasets specific to Brazilian Portuguese. Sabiá 3 achieved

scores of 75.9% nDCG, 66.4% MRR@10, and 78.8% Re-

call@10.

Regarding the ptT5 models fine-tuned on specific datasets

for Information Retrieval tasks, the models fine-tuned on

datasets produced in Brazilian Portuguese (Quati) once again

outperformed themodel specialized in themultilingual dataset

translated into Portuguese (mMARCO). In particular, the

model with the classification head fine-tuning approach out-

performs in nDCG by 5.2 percentage points, reaching 81.0%,

surpasses in MRR@10 by 10.8 percentage points, reaching

74.2%, and exceeds in Recall@10 by 11.3 percentage points,

reaching 90.0%. This further reinforces the hypothesis re-

garding the importance of fine-tuning rerankers on data that

better captures the linguistic and sociocultural nuances of the

target language [Bueno et al., 2024].

In particular, in the case of the Pirá 2.0 dataset, the ptT5

models fine-tuned on the Quati dataset show competitive per-

formance with the state-of-the-art method (RankGPT) and

outperform others, such as Sabiá 3 and BGE M3, demonstrat-

ing the effectiveness of this approach. While the classification

head approach of the ptT5 model demonstrated the strongest

performance on Pirá 2.0, the sequence-to-sequence method

(ptT5 S2S), although effective in general, did not perform

as well on Pirá 2.0. This may be due to the distinct nature

of Pirá 2.0, which, as a domain-specific dataset focused on

oceanography, climate change, and the Brazilian coastline,

requires a different type of understanding than Quati. It’s

possible that the more general and sociocultural training of

the S2S approach of the model fine-tuned on the Quati dataset

was less aligned with the narrower, more technical demands

of the Pirá 2.0 dataset, leading to a competitive, but not su-

perior result, comparing with a broader fine-tuned model. It

reinforces the argument that effectiveness relies on the align-

ment between the nuances captured during fine-tuning and

the specific retrieval context.

While RankGPT exhibits superior performance, the choice

of Sabiá-3 over RankGPT hinges on a crucial trade-off be-

tween effectiveness and practical feasibility. RankGPT,

driven by GPT-4, demands significant computational re-

sources and thus incurs higher costs. Sabiá-3, conversely,

offers impressive results with a smaller scale and lower asso-

ciated costs, making it a more accessible option.

The decision to use Sabiá-3 instead of RankGPT hinges on

a trade-off between performance and practical viability. Table

5 presents a comparison. RankGPT operates on a pay-per-use

basis, where the costs per million input tokens ($2.50) and

million output tokens ($10.00) [OpenAI, 2025] are notably

high for large-scale operations. Conversely, the Sabiá-3 of-

fers a highly competitive token-based pricing structure, with

costs of just $0.94 per million input tokens and $1.88 per

million output tokens [Maritaca AI, 2025]. This makes Sabiá-

3 a more economical alternative for applications with high

data volume, especially where cost optimization is a primary

concern.

Table 5. Comparative analysis of RankGPT (GPT-4) and Sabiá-3

on practical viability metrics. Costs are estimated based on public

pricing data from January 2025. [OpenAI, 2025] [Maritaca AI, 2025]

Metric GPT-4 Sabiá-3

nDCG (Socioc. Quati) 87.7 83.9

Input Cost (per MM tokens) $2.50 $0.94

Output Cost (per MM tokens) $10.00 $1.88

Sabiá-3 demonstrates that achieving near-state-of-the-art

performance is possible without relying on the largest and

most expensive models available. This characteristic lends

Sabiá-3 greater sustainability. For many applications, partic-

ularly those prioritizing cultural relevance and operational

efficiency, a specialized model such as Sabiá-3 represents a

more viable approach. Its ability to handle the cultural and lin-

guistic nuances of Brazilian Portuguese, coupled with lower

operational costs, makes it a strategic choice. In summary,

Sabiá-3 emerges as an attractive alternative for information

retrieval in Portuguese, especially when seeking a balance

between high-quality performance, cultural relevance, and

considerations of cost and efficiency. While RankGPT sets a

high standard in terms of performance, Sabiá-3 exemplifies

the possibility of achieving remarkable results with a more

sustainable and accessible approach.
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4.3 Dynamic In-Context Learning

To further investigate the capabilities of LLM-based

rerankers, we evaluated our proposed prompting strategy:

dynamic In-Context Learning (DICL). As shown in Table 6,

applying this method yielded consistent performance improve-

ments for both RankGPT and Sabiá 3 on the full Quati test set.

The most substantial impact was observed in the MRR@10

metric, which saw a significant uplift for RankGPT (from

64.5% to 73.1%) and for Sabiá 3 (from 55.7% to 63.3%). This

indicates that providing dynamically selected, in-domain ex-

amples is highly effective at helping the models place the

most relevant document at a higher rank. While nDCG also

saw modest but consistent gains for both models, Recall@10

remained unaffected.

This positive trend is further reinforced when analyzing

the sociocultural subset, as detailed in Table 7. On these

culturally-nuanced queries, the DICL method again provided

a notable improvement, particularly for MRR@10. These

results strongly suggest that dynamically providing contextu-

ally aligned examples helps LLMs better grasp the specific

linguistic and cultural subtleties required for such queries.

Ultimately, the evaluation of the DICL method validates

the hypothesis that the zero-shot performance of LLMs in

reranking tasks can be significantly enhanced through ad-

vanced prompting techniques. This approach offers a pow-

erful approach to improve ranking quality by providing rele-

vant context at inference time. The consistent improvements

across both RankGPT and Sabiá 3 highlight the robustness

of the technique. These findings further strengthen the argu-

ment that a specialized, cost-effective model, such as Sabiá 3,

when augmented with intelligent prompting strategies, repre-

sents a highly viable and compelling alternative for achieving

state-of-the-art performance in Portuguese IR.

5 Conclusion

The findings of this study highlight the effectiveness of dif-

ferent reranking strategies for Portuguese Information Re-

trieval (IR), emphasizing the impact of fine-tuning on native

datasets and the role of large languagemodels (LLMs). Our re-

sults confirm that fine-tuning models on Brazilian Portuguese

datasets, such as Quati, significantly improves retrieval perfor-

mance compared to models trained on translated multilingual

corpora. The ptT5 rerankers fine-tuned on Quati consistently

outperformed those fine-tuned on mMARCO, reinforcing the

importance of language-specific training to capture linguistic

and sociocultural nuances.

Our evaluation also supports the hypothesis that LLMs,

particularly RankGPT, achieve superior ranking performance

in general IR tasks due to their extensive pretraining and

instruction-tuned capabilities. However, our results also

demonstrate that Sabiá 3, a Portuguese-specific LLM, is a

viable alternative, particularly for queries involving socio-

cultural aspects. In sociocultural retrieval tasks, Sabiá 3

performed competitively against state-of-the-art multilingual

models such as BGE M3, suggesting that Portuguese-specific

LLMs can offer enhanced retrieval quality for culturally sen-

sitive queries.

Furthermore, our introduction and evaluation of the dy-

namic In-Context Learningmethod revealed another powerful

avenue for enhancing LLM-based reranking. This technique

consistently improved the performance of both RankGPT

and Sabiá 3, with particularly notable gains in MRR@10.

This finding is crucial as it demonstrates that the zero-shot

capabilities of LLMs can be substantially augmented through

prompting strategies. By providing contextually relevant

examples at inference time, DICL not only boosted overall

performance but also further solidified Sabiá 3 as a highly

competitive and resource-efficient alternative, particularly

for culturally-specific tasks.

Table 6. Comparison of Information Retrieval Metrics (nDCG,

MRR@10, Recall@10) for full Quati test set for the dynamic In-

Context Learning (DICL) method.

Model nDCG MRR@10 Recall@10

Avg Std Avg Std Avg Std

DICL RankGPT 87.4 10.2 73.1 35.4 31.9 13.1

DICL Sabiá 83.3 9.5 63.3 37.1 26.0 8.2

Standard RankGPT 86.0 9.7 64.5 38.7 32.0 11.7

Standard Sabiá 81.9 11.8 55.7 42.4 27.1 9.7

Table 7. Comparison of Information Retrieval Metrics (nDCG,

MRR@10, Recall@10) for sociocultural Quati test set for the dy-

namic In-Context Learning (DICL) method.

Model nDCG MRR@10 Recall@10

Avg Std Avg Std Avg Std

DICL RankGPT 88.9 7.3 75.3 34.2 30.5 9.1

DICL Sabiá 85.1 9.2 63.7 40.6 25.2 10.9

Standard RankGPT 87.7 7.8 66.1 38.7 31.4 12.7

Standard Sabiá 83.9 10.9 56.4 42.8 26.7 11.3

Additionally, the experimental results on the Pirá 2.0

dataset further validate our key hypotheses. The consis-

tent advantage of fine-tuned Portuguese-specific rerankers

over multilingual models highlights the potential benefits of

domain-adapted training data. Interestingly, in specialized IR

tasks, the ptT5 fine-tuned on Quati demonstrated competitive

performance, achieving results comparable to LLM-based

rerankers, which suggests that smaller models fine-tuned on

high-quality native datasets can be an efficient alternative to

computationally expensive LLMs.

Despite these promising results, several open questions

remain. One limitation of this study is the computational

cost associated with deploying LLM-based rerankers such as

RankGPT. Future research could explore knowledge distilla-

tion techniques to transfer ranking capabilities from LLMs

to smaller, more efficient models while maintaining retrieval

effectiveness [Laitz et al., 2025] [Chen et al., 2024].

Another avenue for future work is the expansion of Por-

tuguese IR datasets to include a broader range of query types,

particularly in domains such as law, medicine, and finance,

where domain-specific knowledge is crucial.
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Furthermore, an important research direction is the inte-

gration of hybrid reranking strategies that combine the inter-

pretability and efficiency of smaller fine-tuned models with

the contextual reasoning capabilities of LLMs. Exploring

ensemble approaches that leverage the strengths of both cate-

gories of models could lead to even more effective Portuguese

IR systems.

Finally, given the observed improvements in sociocultural

retrieval tasks with Portuguese-specific rerankers, further

investigation is needed into how these models can be adapted

for other low-resource languages with strong cultural nuances.

In summary, our study underscores the value of language-

specific fine-tuning for IR in Portuguese and provides em-

pirical evidence supporting the effectiveness of LLMs and

not-so-large language models in reranking. By demonstrating

the advantages of native dataset training and evaluating the

trade-offs between model size and effectiveness, our findings

contribute to the ongoing development of more efficient and

culturally aware IR systems for the Portuguese language.
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