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Abstract. Large Language Models (LLMs) are now embedded in widely used applications worldwide, yet their
evaluation still centers on narrow, discriminative benchmarks. These pipelines often overlook key generative aspects
such as discourse coherence, linguistic transformations, and adequacy, which are crucial for real-world applications.
In addition, most large-scale evaluations remain heavily biased toward English, limiting our understanding of LLM
performance in other languages. This research addresses these gaps by presenting a comprehensive analysis of
Brazilian Portuguese LLMs across three core Natural Language Generation tasks: summarization, simplification,
and generative question answering. We evaluate six Brazilian models and compare them to the widely used GPT-4o.
Our findings, supported by diverse automatic metrics, an LLM-as-a-judge framework, and human evaluation, show
that GPT-4o series achieves the best generative performance in Portuguese, followed closely by the Sabiá-3 family.
While slightly behind, the open-weight model Tucano stands out for its computational efficiency, making it a strong
candidate for deployment in resource-constrained settings. The code used to conduct all experiments is publicly
available at https://github.com/MeLLL-UFF/brfauna-gen-eval.
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1 Introduction
Large Language Models (LLMs) have transformed a wide
range of tasks and applications in Natural Language Process-
ing (NLP), with their influence extending across domains
such as law [Malaquias-Junior et al., 2024; Pereira et al.,
2025], finance [Assis et al., 2024b; Xie et al., 2024], health-
care [Schneider et al., 2021; Paiola et al., 2024b], and cre-
ative fields like music [Yuan et al., 2024] and image under-
standing and generation [Lee et al., 2024]. Once a topic pri-
marily confined to academic and industrial research, LLMs
are now embedded in widely used technologies, increas-
ingly serving as the backbone of everyday digital services
and applications across the globe1 — for example, through
Google’s search tools powered by Gemini [Gemini-Team
et al., 2023]2, assistants integrated into messaging applica-
tions such asWhatsApp3, or popular chatbots like ChatGPT4.
This widespread impact also resonates within the Brazil-
ian context, where the development and adaptation of lo-
cal LLMs have accelerated in recent years. In this work,
we refer to this emerging ecosystem as the LLM Fauna, re-
flecting a trend in the international open-source community
(e.g., LLaMA [Touvron et al., 2023a], Vicuna [Chiang et al.,
2023], Falcon [Almazrouei et al., 2023]) of naming models

1https://www.technollama.co.uk/a-gemini-report-how-
many-people-are-using-generative-ai-on-a-daily-basis-a-
gemini-report

2https://blog.google/products/search/generative-ai-
google-search-may-2024/

3https://cohere.com/research/aya/whatsapp
4https://chatgpt.com/

after animals. Brazilian LLMs often follow this tradition,
adopting names of native species such as Bode [Garcia et al.,
2024], Boto [Santa Brígida, 2024a], Tucano [Corrêa et al.,
2024b], and Sabiá [Pires et al., 2023].

Despite this increasing deployment of LLMs in broad-
range applications, their evaluation often remains mostly
restricted to controlled, task-specific, and discriminative
benchmarks typically designed for academic or research set-
tings [Zellers et al., 2019; Wang et al., 2019; Chen et al.,
2021; Hendrycks et al., 2021a; Rein et al., 2024]. While
this focus is understandable, considering the cost and com-
plexity of evaluating large-scale models, it may obscure im-
portant aspects of model behavior. Benchmarks targeting
multiple-choice knowledge, code generation, or mathemati-
cal reasoning naturally provide valuable insights into factual
performance and logical capabilities. However, they do not
capture more nuanced features, such as dialogue coherence,
writing quality, and other pragmatic skills that are essential
in real-world use cases [Chiang et al., 2024].

Some evaluations attempt to measure these conversational
capabilities of generative models [Zheng et al., 2023; Chiang
et al., 2024], nonetheless, they remain overwhelmingly cen-
tered on English [Singh et al., 2025]. This reinforces a signif-
icant gap with respect to other languages, for instance, Por-
tuguese [Joshi et al., 2020; Longpre et al., 2025]. Moreover,
delivering solutions for specific audiences requires align-
ment not only in linguistic terms but also in cultural and
strategic dimensions [Pires et al., 2023; Pawar et al., 2025].

Given that users tend to interact with LLMs in their native
language, they may naturally expect these systems to align
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with locally situated communicative norms, pragmatic con-
ventions, and culturally grounded expectations [Pawar et al.,
2025]. This alignment is especially relevant in tasks involv-
ing naturalistic interaction, which encompass a significant
portion of generation-based applications. Prior studies in
multilingual NLP have shown that models trained or adapted
to specific languages and cultural settings tend to produce
outputs that are more appropriate, intelligible, and aligned
with user expectations [Hovy and Spruit, 2016; Joshi et al.,
2020; Pawar et al., 2025]. Accordingly, assessing how ef-
fectively LLM-powered applications capture such contextual
conditions is not only a matter of performance but of linguis-
tic equity and inclusiveness. In this work, we take a step in
this direction by focusing on Brazil and its official language,
Portuguese (PT-BR).

Additionally, the training and deployment of LLMs re-
quire significant infrastructure [Corrêa et al., 2024b], which
developing countries like Brazil often struggle to estab-
lish [Lehdonvirta et al., 2025]. To illustrate this disparity,
Meta’s planned AI infrastructure spending for 2025 alone
amounts to $65 billion USD5, while Brazil’s national AI
plan [Government of Brazil, 2025] allocates less than $5
billions USD for the entire 2024–2028 period. Likewise,
the environmental costs are also concerning, involving sub-
stantial electricity usage, freshwater consumption, and large-
scale CO2 emissions [Li et al., 2023]. Despite their impor-
tance, these impacts are often overlooked, even in dominant-
language settings such as English [Luccioni et al., 2025].

Within this scope, we raise the following central question:
What is the generative performance of LLM-powered solu-
tions specifically designed for Brazilian Portuguese? We
complement this investigation with an analysis of environ-
mental impact, measuring carbon emissions, computational
time, and energy consumption. To empirically explore this
question, we evaluate nine LLMs: (i) Sabiá-3 [Abonizio
et al., 2024], (ii) Sabiazinho-3 [Abonizio et al., 2024], (iii)
Tucano [Corrêa et al., 2024b], (iv) Bode [Garcia et al., 2024],
(v) Cabra [BotBot-AI, 2024a], (vi) Periquito [Gibaut, 2023],
and (vii) Boto [Santa Brígida, 2024b]. For comparative pur-
poses, we also include two general-purpose state-of-the-art
models: (viii) GPT-4o [OpenAI et al., 2024b] and its com-
pact variant, (ix) GPT-4o-mini. Our goal is to understand
how these Brazil-driven models perform beyond traditional
discriminative benchmarks, by also analyzing the nature and
quality of their generative outputs.

We adopt three tasks in the Natural Language Genera-
tion (NLG) setting, namely text summarization [Souza et al.,
2024b], text simplification [Leal and Aluísio, 2024], and
question answering (QA) [Cortes et al., 2024]. These tasks
serve as proxies to evaluate different key model attributes.
For example, summarization can assess the ability to retain
essential content; simplification evaluates the model’s capac-
ity tomanipulate and transform language effectively; andQA
examines its ability to answer context-sensitive questions.
To provide a comprehensive evaluation across these tasks,
we employ a broad set of metrics that cover lexical [Papineni
et al., 2002; Lin, 2004; Lavie and Agarwal, 2007; Leal et al.,

5https://www.nytimes.com/2025/01/24/technology/meta-
data-center.html

2024], syntactic [Leal et al., 2024], and semantic [Zhang
et al., 2020b; Vasilyev et al., 2020] aspects. Additionally, we
incorporate LLM-as-a-judge [Zheng et al., 2024; Liu et al.,
2023] evaluations as well as careful human inspection. This
combined approach allows for a robust and multi-angle as-
sessment of model generative performance.

Our findings suggest that:

• Unsurprisingly, models from the GPT-4o series top-
rank in Portuguese generative tasks.

• The Sabiá-3 family closely follows, standing out as a
nationally developed alternative that achieves state-of-
the-art performance.

• Available open-weight models do not match the gener-
ative performance of proprietary solutions but offer vi-
able options in terms of computational efficiency, with
Tucano being a notable example.

• Open-weight models do not generalize their perfor-
mance across all evaluated criteria, showing divergent
strengths and weaknesses. This highlights the impor-
tance of evaluating them according to the specific re-
quirements of each use case.

• Our human review of generated texts and evaluation
outputs suggests that robust automatic evaluation bene-
fits from combining LLM-powered and traditional NLG
metrics, as each helps to offset the other’s weaknesses.
It also shows that certain nuances remain detectable
only through human judgment.

Our contributions include:

• To the best of our knowledge, the first large-scale anal-
ysis of generative performance covering six Brazilian
LLMs;

• A historical overview of the development of generative
solutions for Brazilian Portuguese;

• An extensive evaluation plan for three NLG tasks, cov-
ering lexical, semantic, morphosyntactic, and genera-
tive metrics;

• A complementary evaluation of computational perfor-
mance and environmental impact during inference with
LLMs used at scale for generative tasks in Portuguese.

Beyond the introduction, this article contains seven sec-
tions: Section 2 defines the research goal; Section 3 re-
views generative models in Brazil; Section 4 discusses re-
lated work; Section 5 explains the methodology; Section 6
covers experimental settings; Section 7 presents results; and
Section 8 concludes with final remarks.

2 Problem Statement
The objective of this research can be formulated as follows:

Let M = {M1, M2, . . . , Mi} denote the set of language
models under evaluation, T = {T1, T2, . . . , Tj} the set of
generative tasks, and E = {E1, E2, . . . , Ek} the set of eval-
uation metrics. Our goal is to systematically analyze the gen-
erative performance of eachmodel Mi when addressing each
taskTj , asmeasured by the correspondingmetricsEk. Based
on the results, we intend to assess the generative capacity of
the currently available Brazilian LLMs.

https://www.nytimes.com/2025/01/24/technology/meta-data-center.html
https://www.nytimes.com/2025/01/24/technology/meta-data-center.html
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In particular, in this work, the task set is defined as

T = {summarization, simplification, question answering}

as briefly delineated below. The details regarding the sets
M and D are discussed in the next sections.

Text Summarization is the process of generating con-
densed versions of existing texts, resulting in summaries or
abstracts [Souza et al., 2024b]. Typically, summarization is
based on a source text that conveys a central idea, structured
information, a clear communicative purpose, and a coherent
narrative. The process then involves identifying key content
and reformulating it into a concise yet cohesive summary
while preserving the original intent [Rino and Pardo, 2003].
Additionally, summarization can be classified into two
major types: extractive — where elements from the original
text are directly selected and used in the summary — and
abstractive — where a new textual piece is generated. In
line with the objectives of this research, we focus on the
abstractive approach.

Text Simplification is the process of reducing a text’s
complexity while preserving its meaning and content [Al-
Thanyyan and Azmi, 2021]. The literature identifies at
least three dimensions for adjusting textual complexity:
cognitive — related to a reader’s ability to recognize the
global and local structure of a text; conceptual — associated
with the background knowledge required to understand
certain topics; and linguistic — the most widely explored
by automatic systems — focused on lexical and syntactic
modifications [Leal and Aluísio, 2024]. Our study focuses
on the use of LLMs for linguistic-level simplification.

Question Answering (QA) refers to automatically answer-
ing questions posed in natural language. QA systems are usu-
ally grouped by the nature of questions they handle (factual
or open-ended), their subject domain (general or specialized,
e.g., legal [Hu et al., 2025] and environmental [Paschoal
et al., 2021]), and their source of information (ranging from
unstructured data accessed through retrieval techniques to
structured sources or alternative methods) [Cortes et al.,
2024]. Considering the objective of evaluating the genera-
tive abilities of Brazilian LLMs, we adopt data associated
with the country in an open-ended configuration. For the
knowledge source, we restrict the evaluation to the informa-
tion inherently encoded in the models.

3 Generative Large LanguageModels
for Brazilian Portuguese

Since the consolidation of the Transformer architec-
ture [Vaswani et al., 2017] and the establishment of the
Pre-Trained Language Model (PTLM) paradigm [Wang
et al., 2023] — where models are trained on large cor-
pora and subsequently made available for direct use or
fine-tuning in downstream tasks — a plethora of language
models tailored to Brazilian Portuguese (PT-BR) have
emerged. Corrêa et al. [2024b] undertakes the effort of

chronologically enumerating key language models de-
veloped for the language, including the well-established
encoder-only model BERTimbau [Souza et al., 2020], the
decoder-only models Sabiá [Pires et al., 2023] and the
pioneering GPorTuguese-2 [Guillou, 2020], as well as the
encoder-decoder model PTT5 [Carmo et al., 2020]. While
that study provides a broad overview of language models for
Brazilian Portuguese, the present article focuses specifically
on text generative-oriented models for the language, thus
emphasizing decoder-only and encoder-decoder solutions.

The approaches applied to build those PTLMs range from
general-purpose models — such as Sabiá-3 [Abonizio et al.,
2024] and InternLM-ChatBode [Recogna-NLP, 2024g]— to
domain-specific models, including Juru [Malaquias-Junior
et al., 2024] for legal contexts and GPT2-Bio-Pt [Schnei-
der et al., 2021] and DrBode [Recogna-NLP, 2024b; Paiola
et al., 2024b] for biomedical and medical domains. Most
approaches rely on fine-tuning available open-weight mod-
els [Henrique, 2023b,a; BotBot-AI, 2023, 2024c,a,b], such
as Falcon [Almazrouei et al., 2023], Llama [Touvron et al.,
2023a,b; Meta-AI, 2024], Qwen [Bai et al., 2023; Yang et al.,
2024], InternLm [Cai et al., 2024], and earlier versions of
GPT [Radford et al., 2019]. However, some efforts involve
pre-training models from scratch, as represented by architec-
turally Llama-based models TeenyTinyLlama [Corrêa et al.,
2024a] and Tucano [Corrêa et al., 2024b].

Figure 1 presents a chronological record of initiatives in
the development of generative PT-BR-models6. The time-
line begins with GPortuguese-2 [Guillou, 2020], a fine-tuned
version of GPT-2 small [Radford et al., 2019] (≈120 million
parameters) trained on the Portuguese portion of Wikipedia.
Building on this as a base model, GPT2-Bio-Pt [Schneider
et al., 2021] is a specialized variant further fine-tuned on
a 16-million-token biomedical corpus, enhancing its gener-
ative capabilities within this domain.

Beyond these models, PTT5 [Carmo et al., 2020] adapts
the encoder-decoder T5 [Raffel et al., 2020] architecture for
Portuguese, having been trained on the BrWaC corpus [Wag-
ner Filho et al., 2018], which comprises over 2 billion tokens.
Thismodel family includes six versions, ranging from 60mil-
lion to over 700 million parameters, with some implementa-
tions initialized from themultilingual vocabulary of the origi-
nal model and others trained from scratch on Portuguese text.
More recently, Piau et al. [2024] introduced PTT5-v2, built
with the same Portuguese vocabulary as its predecessor while
leveraging Continued Learning techniques on the Portuguese
portion of mC4 [Xue et al., 2021], a significantly larger cor-
pus than the one previously used. This version also intro-
duces a new parameter size option, featuring approximately
3 billion parameters. Notably, PTT5 represents a milestone
as a “command-oriented” option for the language, given its
ability to generate outputs based on the prefix accompanying
the input. Previous models had purely focused on next-token
prediction.

6Although we strive to cover as many models as possible, we acknowl-
edge that numerous other model versions are available on platforms such as
Hugging Face. OnOpen-PT-LLM-Leaderboard alone, there are over 100 en-
tries specializing in Portuguese. Here, we focus on those that have been con-
solidated and have documented their development, including details such as
the datasets used.

https://huggingface.co
https://huggingface.co/spaces/eduagarcia/open_pt_llm_leaderboard
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Figure 1. Timeline of initiatives for creating generative language models for Brazilian Portuguese, trained on the autoregressive task.

While 2022 marks a gap in the emergence of key PT-BR
solutions, it also saw the global release of the proprietary
GPT-3.5 [Brown et al., 2020], which captivated the world
with its remarkable ability to generalize and respond to in-
structions. During the early months of 2023, the open-source
community initiated a response, with the launch of the first
versions of models like LLaMA [Touvron et al., 2023a] and
Falcon [Almazrouei et al., 2023].

Driven by these open initiatives, the development of
Brazilian solutions experienced significant growth. One
important development was the release of the first ver-
sions of the Sabiá model family [Pires et al., 2023]. At
the time, fine-tuned versions were introduced based on the
7B and 65B parameter models from the LLaMA family,
along with an adaptation of GPT-J [Wang and Komatsuzaki,
2021]. These models were trained on the ClueWeb 2022
dataset [Overwijk et al., 2022]. Over time, the Sabiá fam-
ily has expanded and now includes proprietary models such
as Sabiá-2 [Almeida et al., 2024], Sabiá-3, and Sabiazinho-
3 [Abonizio et al., 2024], which currently stand as the state
of the art in generative models for PT-BR. While only the
initial Sabiá-7B model has been made publicly available,
details regarding subsequent versions, including their base
models and training corpora, remain undisclosed. Moreover,
Juru [Malaquias-Junior et al., 2024], a legally specialized
model, is a fine-tuned adaptation of Sabiá-2, which is also
unreleased to the public.

Similarly to the first version of Sabiá, the Caramelo [Hen-
rique, 2023a] and Harpia [Henrique, 2023b] models repre-
sent fine-tuned alternatives based on the Falcon-7B model,
utilizing, respectively, the machine-translated Portuguese
version of the Alpaca corpus [Taori et al., 2023]7 and a sub-

7Hugging Face: dominguesm/alpaca-data-pt-br

set of the OASST18 dataset. Additionally, other models have
been built on the OpenLLaMA 3B [Geng and Liu, 2023] ar-
chitecture, namely Cabrita [Larcher et al., 2023]— also fine-
tuned using the PT-BR portion of mC4 [Xue et al., 2021] —
and Periquito [Gibaut, 2023]—which has also been adapted
with the Portuguese-language data from Wikipedia.

The release of the Llama-2 architecture [Touvron et al.,
2023b] led to the development of several fine-tuned adap-
tations, including Canarim [Domingues, 2023], a 7B-
parameter model fine-tuned on the CommonCrawl 2023-
23 dataset9; Gervásio-PTBR [Santos et al., 2024], another
7B-parameter model fine-tuned on the PT-BR ExtraGLUE-
instruct dataset10; and the initial versions of Bode and Cabra.
The first Bode models [Garcia et al., 2024] (7B and 13B pa-
rameters) were trained on PT-BR Alpaca resources [Taori
et al., 2023]7, while Cabra [BotBot-AI, 2023] was developed
as a 7B-parameter model fine-tuned on the Portuguese Dolly
Instruct dataset11.

The Bode model family has expanded through the
replication of its methodology across various base
models, including Phi-2 [Javaheripi et al., 2023] and
Phi-Bode [Recogna-NLP, 2024f], Mistral-7B [Jiang
et al., 2023] and Mistral-Bode [Recogna-NLP, 2024e],
Gemma-7B [Gemma-Team et al., 2024] and Gem-
Bode [Recogna-NLP, 2024c], Qwen-1.8B [Bai et al.,
2023] and Qwen-Bode [Recogna-NLP, 2024g], Llama-
3.1 [Meta-AI, 2024] and Bode-3.1-8B [Recogna-NLP,
2024a], as well as InternLm2 [Cai et al., 2024] and
InternLm-ChatBode [Recogna-NLP, 2024d]. The latter

8Hugging Face: timdettmers/openassistant-guanaco
9Hugging Face: dominguesm/CC-MAIN-2023-23

10Hugging Face: PORTULAN/extraglue-instruct
11PT-BR translation of Databricks Dolly [Conover et al., 2023].

https://huggingface.co/datasets/botbot-ai/PortugueseDolly
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also features a further fine-tuned version on a corpus of
medical texts, namely DrBode [Recogna-NLP, 2024b;
Paiola et al., 2024b]. Similarly, a range of Cabra model
variants has emerged, including CabraMistral [BotBot-AI,
2024b], CabraQwen [BotBot-AI, 2024c] (based on Qwen
1.5 7B [Qwen Team, 2024]) and CabraLlama3-8B [BotBot-
AI, 2024a]. These recent versions of Cabra were trained
on self-curated datasets, referred to as the Cabra datasets12.
Likewise, the Boto series introduced other PTLMs based on
Gemma. This includes a 7B version trained on the initial
Gemma release, as well as 9B and 27B variants developed
using Gemma-2 [Gemma-Team, 2024]. All Boto models
have been trained on the Cetacean-PTBR dataset13.

Although also based on Llama-2, Corrêa et al. [2024a,b]
adopts a distinct experimental setup in their development,
specifically performing pre-training from scratch rather than
focusing on fine-tuning. In the first duo of released mod-
els, two versions named TeenyTinyLlama [Corrêa et al.,
2024a] — one with 160 million and another with 460 mil-
lion parameters — are introduced, both trained on the con-
structed Portuguese-Corpus Instruct dataset. Meanwhile,
the Tucano [Corrêa et al., 2024b] model family comprises
four versions, with approximately 160M, 630M, 1.1B, and
2.4B parameters each. Notably, its training is based on Gi-
gaVerbo [Corrêa et al., 2024b], the largest publicly available
unified Portuguese corpus introduced to date. This dataset
consolidates a range of corpora, including many previously
mentioned, alongside other curated Portuguese-language re-
sources. These model series also stand out for explicitly eval-
uating GPU usage and associated carbon emissions during
pre-training.

Overall, it is evident that most efforts toward developing
generative models for Brazilian Portuguese focus on adapt-
ing foreign solutions to the language. The importance and
impact of open-source initiatives in fostering the local de-
velopment ecosystem are particularly noteworthy. Addition-
ally, most models developed so far do not exceed a few
dozen billion parameters, a trend that may be linked to pre-
vious findings indicating that countries like Brazil — or lan-
guages such as Portuguese — often lack the resources nec-
essary to build robust and high-performing solutions when
compared to more resource-unrestricted environments, such
as those associated with the English language [Joshi et al.,
2020; Lehdonvirta et al., 2025; Longpre et al., 2025]. This
brief historical contextualization highlights the significant
progress made while underscoring that there is still a crucial
path ahead to be explored.

4 Related Work
This section reviews traditional approaches to LLM bench-
marking. It also outlines the research conducted on their ap-
plication to the NLG-oriented tasks examined in this study,
specifically summarization, text simplification, and question
answering, with a special focus on PT-BR.

12Hugging Face: botbot-ai/Cabra3k
13Hugging Face: lucianosb/cetacean-ptbr

4.1 Large Language Model Evaluation

Evaluations on benchmarks accompany the release of most
top-tier LLMs, to assess key capabilities and dimensions
such as truthfulness [Lin et al., 2022], harmlessness [Zhang
et al., 2024], reasoning and knowledge [Zellers et al., 2019;
Hendrycks et al., 2021a; Wang et al., 2019; Srivastava et al.,
2023; Mialon et al., 2024; Rein et al., 2024; Sprague et al.,
2024]. These benchmarks vary in scope, with some cover-
ing general content, while others target specific areas such as
mathematics [Cobbe et al., 2021; Hendrycks et al., 2021b],
coding [Chen et al., 2021; Austin et al., 2021; Patil et al.,
2024], and conversational abilities [Chiang et al., 2024;
Zheng et al., 2023; Zhou et al., 2023]. Moreover, certain
benchmarks are designed for specialized domains, including
finance [Xie et al., 2024], law [Guha et al., 2023], and health-
care [Singhal et al., 2023].

Some benchmarks are based on traditional NLP tasks.
For instance, HellaSwag [Zellers et al., 2019] is a multiple-
choice question-answering dataset designed to measure mod-
els’ commonsense natural language inference capabilities, re-
quiring them to select themost coherent sentence completion.
Among the most widely used benchmarks, MMLU (Mas-
sive Multitask Language Understanding) [Hendrycks et al.,
2021a] provides a large multiple-choice question set cover-
ing 57 diverse subjects, including mathematics, history, law,
and computer science. MMLU includes over 15,000 ques-
tions ranging from high school to expert level.

Furthermore, extending the GLUE benchmark [Wang
et al., 2018], SuperGLUE [Wang et al., 2019] is designed
to evaluate LLMs across multiple text-based tasks, such as
natural language inference and question-answering, incor-
porating formats like multiple-choice and binary answers.
Another notable benchmark, WinoGrande [Sakaguchi et al.,
2021], builds upon the Winograd Schema Challenge, a natu-
ral language understanding task that assesses models’ ability
to resolve pronoun ambiguities in sentences. It is structured
as a binary-choice problem. Meanwhile, BIG-bench [Srivas-
tava et al., 2023] serves as a large-scale collaborative bench-
mark that evaluates LLMs’ generalization across more than
200 diverse tasks, ranging from translation error detection
and textual inference to arithmetic and logical reasoning. A
particularly specialized benchmark, TruthfulQA [Lin et al.,
2022], focuses on measuring LLMs’ ability to generate factu-
ally accurate responses while minimizing the propagation of
misinformation and misconceptions. It includes texts related
to false beliefs, myths, pseudoscience, and misinformation
in contexts such as health, law, finance, and politics. Truth-
fulQA features both multiple-choice and generative-oriented
evaluation formats, initially requiring human assessment but
also applicable with LLM-as-a-judge [Zheng et al., 2024]
evaluation scenarios.

Focusing on mathematical reasoning, GSM8K [Cobbe
et al., 2021] evaluates LLMs’ ability to perform multi-step
arithmetic operations expected of school students, evaluat-
ing accurate final results. In contrast, MATH [Hendrycks
et al., 2021b] assesses advanced mathematical problem-
solving skills in competition-style settings, requiring profi-
ciency in algebra, calculus, geometry, and statistics. In par-
allel, for code generation, HumanEval [Chen et al., 2021]
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is one of the most established benchmarks, testing LLMs’
ability to generate correct and functional code based on
provided specifications. The correctness of the generated
code is verified through unit tests. Another programming-
related benchmark, MBPP (Mostly Basic Python Program-
ming) [Austin et al., 2021], evaluates LLMs’ ability to pro-
duce basic Python scripts from natural language descrip-
tions, assessing concepts such as list manipulation, condi-
tional logic, fundamental algorithms, and string operations.
The dataset includes test cases to validate output correctness.

Other benchmarks further explore the expanding capa-
bilities of LLMs, particularly those related to multimodal
functionalities, function calling, web access, and enhanced
reasoning over extended contexts. GAIA [Mialon et al.,
2024] presents real-world challenging questions that typi-
cally require models to access online resources, integrate
multimodal inputs (e.g., visual reasoning), and engage in
multi-step reasoning to arrive at a single answer. SWE-
bench [Jimenez et al., 2024] extends the evaluation of
code-generation abilities by tasking LLMs with resolving
full-fledged GitHub issues, necessitating the generation of
patches that effectively fix reported problems. Meanwhile,
the Gorilla benchmark [Patil et al., 2024] assesses models’
capacity to execute function calls and interact with APIs.
Additionally, MuSR [Sprague et al., 2024] introduces inno-
vative tasks requiring multi-step reasoning, such as solving
murder mysteries, determining object placements, and mak-
ing team allocation decisions.

As safety became a key area of evaluation, bench-
marks were also developed to assess potential risks. Agen-
tHarm [Andriushchenko et al., 2025] evaluates whether mod-
els can appropriately refuse to engage in harmful activi-
ties, such as fraud, cybercrime, and harassment. Similarly,
SafetyBench [Zhang et al., 2024] employs multiple-choice
question-answering as a proxy to measure risks related to
bias, illegal activities, offensive content, and mental health
concerns associated with LLM usage.

Certain benchmarks are designed for highly specialized
domains. GPQA [Rein et al., 2024] consists of challeng-
ing multiple-choice questions authored by subject-matter
experts in biology, physics, and chemistry, intended for
individuals pursuing at least a Ph.D. in their respective
fields. Additionally, traditional exams have also been re-
purposed for LLM evaluation, including the Law Bar Exam,
which assesses legal knowledge and reasoning for prospec-
tive lawyers [Martínez, 2024; Katz et al., 2024]; the SAT
(Scholastic Assessment Test), a standardized test used for col-
lege admissions in the United States; the LSAT (Law School
Admission Test), which evaluates logical reasoning, reading
comprehension, and analytical thinking for law school appli-
cants; and the Gaokao, China’s highly competitive national
college entrance exam [Zhong et al., 2024]. Each of these as-
sessments presents unique domain-specific challenges, mea-
suring LLMs’ proficiency in specialized fields and their abil-
ity to match human performance.

A comparative and publicly accessible option for evaluat-
ing the performance of LLMs was the Open LLM Leader-
board [Fourrier et al., 2024]14, which aggregates the perfor-

14In March 2025, the leaderboard’s discontinuation was an-

mance of open-source models across various benchmarks, in-
cluding some previously mentioned or derived from those
cited here, such as MuSR, MATH, GPQA,MMLU, and BIG-
Bench. It also includes performance metrics for the IFEval
benchmark [Zhou et al., 2023], which assesses instruction-
following capabilities, with scoring tied to the strict adher-
ence to the requested format. Notably, it reports the carbon
footprint of each model’s evaluation.

Another well-known leaderboard is ChatBot
Arena [Zheng et al., 2023; Chiang et al., 2024]. It fo-
cuses on evaluating the conversational capabilities of
models through a crowdsourced framework, where human
annotators compare responses from different LLMs in a
blind pairwise setting. Users interact with two anonymized
models side by side, selecting the response they find superior.
These comparisons are then aggregated to generate rankings,
providing a dynamic and human-in-the-loop assessment of
model performance. The results are compiled based on user
input prompts, with dedicated sections for code generation,
creative text generation, and other task-specific or language-
based evaluations. Built upon the results of ChatBot Arena
and following a conversational approach, MT-Bench [Zheng
et al., 2023] focuses on evaluating models’ capabilities in
writing, extraction, reasoning, and other skills based on
multi-turn dialogues between users and the models. The
benchmark employs an LLM-as-a-Judge framework to
perform evaluations, comparing its assessments with human
preferences from ChatBot Arena to measure alignment and
consistency, ultimately demonstrating its applicability.

Although some of the previously mentioned resources
provide support for multiple languages — such as ChatBot
Arena, which includes a section for results in languages like
English, Spanish, Korean, Chinese, Russian, German, and
French (but not Portuguese as of now), and SafetyBench,
which offers a Chinese version alongside English — the
majority of benchmarks remain English-oriented. As a re-
sult, various efforts have been made to translate these re-
sources into multiple languages, including Portuguese, such
as Global-MMLU [Singh et al., 2025], MMMLU [OpenAI
et al., 2024a], and m-ArenaHard [Dang et al., 2024]. How-
ever, coverage for Portuguese across a broader range of these
resources remains limited.

In this context, the evaluation of Brazilian LLMs remains
diverse, with each work utilizing the available resources
at the time. In this regard, Pires et al. [2023], alongside
the introduction of the Sabiá model, also presented Poeta
(Portuguese Evaluation Tasks), a benchmark encompassing
14 downstream NLP datasets in Portuguese, covering tasks
such as classification, multiple-choice question answering,
sentiment analysis, and sentence entailment. The bench-
mark includes ASSIN 2 RTE and STS [Real et al., 2020],
ENEM Challenge [Cataneo Silveira and Deratani Mauá,
2018], ENEM 2022 [Nunes et al., 2023], FaQuAD [Sayama
et al., 2019], TweetSentBr [Brum and Volpe Nunes, 2018],
AG News [Zhang et al., 2015], IMDB [Maas et al., 2011],
MASSIVE [FitzGerald et al., 2023], MKQA [Longpre et al.,

nounced, citing concerns that its evaluations might not capture all
necessary dimensions for assessing advanced LLMs. More details
at https://huggingface.co/spaces/open-llm-leaderboard/
open_llm_leaderboard/discussions/1135

https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard/discussions/1135
https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard/discussions/1135
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2021], BoolQ [Clark et al., 2019], SST2 [Socher et al., 2013],
WSC [Melo et al., 2019], and BLUEX [Almeida et al., 2023],
with some datasets being natively in Portuguese (ASSIN 2
RTE and STS, BLUEX, ENEM Challenge, ENEM 2022,
FaQuAD, and TweetSentBr), while the others were trans-
lated. The first Bode [Garcia et al., 2024] models were
also evaluated using the same benchmark. However, Poeta
was not explicitly released as a public benchmark, limiting
reproducibility for evaluating other models, as reported by
Corrêa et al. [2024a]. Nonetheless, Larcher et al. [2023]
utilized available subsets of Poeta in isolation, while Cor-
rêa et al. [2024b,a] incorporated translations of HellaSwag
and TruthfulQA on it, along with additional datasets such as
HateBR [Vargas et al., 2022] and PT Hate Speech [Fortuna
et al., 2019], for evaluating their models.

Moreover, national exams have also been employed in
the Brazilian context for model assessment [Almeida et al.,
2023; Corrêa et al., 2024b; Abonizio et al., 2024; Almeida
et al., 2024], including the previous mentioned ENEM (Ex-
ame Nacional do Ensino Médio) — a multiple-choice exam
used for university admissions in Brazil, designed to eval-
uate high school students’ proficiency in subjects such as
mathematics, languages, sciences, and humanities — and
the OAB Exam (Ordem dos Advogados do Brasil) — a
mandatory bar exam for law graduates in Brazil. Lastly, the
Open Portuguese LLM Leaderboard [Garcia, 2024] serves
as a centralized platform for evaluating LLMs on Portuguese-
language tasks, encompassing the ENEM,BLUEX,OABEx-
ams, ASSIN 2 RTE and STS, FaQuAD NLI, HateBR, PT
Hate Speech, and TweetSentBR. This leaderboard provides
a platform for visualizing LLM performance on Portuguese
tasks and allows model submissions to be evaluated.

Despite the diversity of domains and contexts, most exist-
ing evaluations focus on discriminative, structured and con-
trolled tasks, such as classification, multiple-choice or binary
question answering, sentiment analysis, and language entail-
ment. Even in mathematical and programming assessments,
correctness is typically determined through predefined an-
swers or automated compilation checks. Furthermore, con-
versational evaluation approaches — more aligned with the
objectives of this research — are more scarce in general and
highly limited in Portuguese. This constraint is reasonable,
as large-scale assessments often require structured environ-
ments to ensure systematic evaluation, and NLG metrics of-
ten lack direct interpretability [Sai et al., 2022]. However,
this paradigm overlooks key aspects of a model’s generative
capabilities, such as writing quality, tone consistency, and
appropriateness in more open-ended tasks. Given that LLMs
are not only expected to performwell on benchmarks but also
to support real-world conversational systems— like chatbots
— we evaluate the Brazilian LLMs in inherently generative
tasks in this work, specifically generative question answer-
ing, summarization, and text simplification. Further details
are provided in the following sections.

4.2 Natural Language Generation Tasks
NLG focuses on enabling machines to automatically pro-
duce coherent, contextually appropriate, and human-like text
from structured or unstructured data. It encompasses a wide

range of tasks, including automated report generation, dia-
logue systems, translation, transduction, text summarization,
question answering, and text simplification, each with exten-
sive applications and possibilities [Gatt and Krahmer, 2018].
This section examines explicitly the last three tasks, as they
fall within the scope of this work. We concentrate on ex-
ploring existing approaches that employ LLMs and examin-
ing the methodologies used to evaluate them, emphasizing
Portuguese-centered developments.

Previous research on PTLM [Rehman et al., 2022] evalua-
tion in abstractive summarization has explored Transformer-
based models such as T5, Pegasus [Zhang et al., 2020a],
and BART [Lewis et al., 2020] on English-based bench-
marks. These approaches resonate with work done in Por-
tuguese, such as [Paiola et al., 2024a], which introduced
RecognaSum, a new dataset for automatic news summa-
rization, and evaluated it using PTT5 as a strong baseline.
More recently, Sarmento and de Oliveira [2024] fine-tuned
PTT5 and explored Flan-T5-based [Chung et al., 2024] ap-
proaches for Portuguese abstractive summarization. Their
study compares these models with open LLMs like Gemma-
2 and Llama-3, as well as proprietary models such as GPT-
3.5 and GPT-4o [OpenAI et al., 2024b], concluding that they
remain competitive with larger models. These findings align
with our previous work [Assis et al., 2024a], which inves-
tigated PTT5 and OPT-PTBR15 under efficient fine-tuning
conditions for summarization, also leveraging RecognaSum,
and demonstrated their strong performance even in resource-
constrained settings.

In general, works on summarization employ metrics such
as BERTScore [Zhang et al., 2020b] to assess the seman-
tic similarity between generated pieces and reference texts.
However, ROUGE [Lin, 2004] remains a predominant eval-
uation metric in summarization research, as observed in the
works above. Jorge et al. [2025], however, highlight its lim-
itations — both due to its reliance on reference summaries
and its emphasis on lexical overlap as the primary indicator
of summary quality— advocating for alternative approaches
such as the reference-free BLANC metric [Vasilyev et al.,
2020]. Souza et al. [2024b] similarly argue for the need for
qualitative assessments based on criteria such as grammat-
icality, non-redundancy, referential clarity, focus, structure,
and coherence.

Kew et al. [2023] conducts a systematic evaluation of
LLMs for sentence simplification, assessing 44 models on
English-based datasets and demonstrating that these lan-
guage models often outperform traditional simplification
baselines such as MUSS [Martin et al., 2022]. These find-
ings align with those of Feng et al. [2023], who evaluate
simplification in multiple idioms, including Portuguese, and
highlight the strong performance of models like GPT. Focus-
ing entirely on Portuguese, Scalercio et al. [2024] proposes a
T5-basedmethod incorporating adapters that capture stylistic
markers. Their study also compares the proposed approach
with the MUSS baseline and GPT-3.5, showing that both the
new method and the use of an LLM like GPT surpass the
baseline. In fact, the traditional MUSS system itself is built
on a language model, BART [Lewis et al., 2020], further re-

15Hugging Face: monilouise/opt125M_portuguese
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inforcing the strong performance of LLM-based approaches
in simplification tasks. Likewise, Pereira et al. [2025] evalu-
ate T5- and Flan-T5-based approaches in comparison with
GPT-3.5 and GPT-4o, but focused on the legal context in
Portuguese, providing evidence of their applicability even in
specialized domains. Scalercio et al. [2025] assessed a broad
range of LLMs for Portuguese sentence simplification, high-
lighting that general models such as GPT-4o, Qwen-2.5, and
Sabiá can even outperform task-specific approaches.

Regarding evaluation metrics for this context, again,
BERTScore is commonly used to evaluate semantic preserva-
tion concerning reference texts [Kew et al., 2023; Scalercio
et al., 2024; Pereira et al., 2025]. However, the SARI met-
ric [Xu et al., 2016]—which accounts for addition, deletion,
and retention operations during simplification—has become
the primary indicator in recent studies due to its explicit de-
sign for assessing these transformations [Dong et al., 2019;
Kumar et al., 2020; Kew et al., 2023; Scalercio et al., 2024;
Pereira et al., 2025]. Works such as [Kumar et al., 2020] and
[Pereira et al., 2025] also report BLEU scores [Papineni et al.,
2002], as previous research has shown it may correlate with
human judgments of fluency and meaning preservation [Xu
et al., 2016]. Nonetheless, other studies indicate that BLEU
should not be used as a general indicator for text simplifica-
tion [Sulem et al., 2018]. In addition to these metrics, a range
of linguistic indicators — based on syllable and character
counts, the presence of specific grammatical classes, among
other features — are also applied in this context [Leal and
Aluísio, 2024]. Moreover, qualitative analyses performed by
human evaluators, considering criteria such as fluency, ade-
quacy, and simplicity, are also employed [Dong et al., 2019;
Kumar et al., 2020; Feng et al., 2023].

Within the scope of Question Answering (QA) research,
while traditional approaches primarily rely on supporting tex-
tual contexts or retrieve relevant documents from external
sources [Cortes et al., 2024; Srivastava and Memon, 2024;
Souza et al., 2024a], Pirozelli et al. [2024] propose assess-
ing models under the closed generative question answering
(GCQA) setting. In this configuration, generative models
are instructed to answer questions without auxiliary context,
relying solely on the knowledge encoded in their weights
(from pre-train or after fine-tuning). Their study conducts
a bilingual evaluation in Portuguese and English, using T5
and PTT5 models for the respective languages. As expected,
their findings confirm that this task is significantly more
challenging for models, particularly in specialized domains.
However, this setup is also valuable for assessing the knowl-
edge embedded within these models. Additionally, it evalu-
ates the language model’s ability to answer questions, reduc-
ing dependence on the assessment of retrieval components
or function calls, for example. This approach aligns with the
one implemented in this work, as we intend to focus on the
generative capacity of the models.

Srivastava and Memon [2024] conduct a comprehensive
review of QA evaluation methods, considering the advance-
ments brought by LLMs. For lexical assessment, they high-
light variations of precision, recall, and F1-score, which mea-
sure the proportion of correctly predicted words relative to
both predictions and references. They also discuss metrics
such as ROUGE, BLEU, and METEOR [Lavie and Agar-

wal, 2007], which rely on n-gram overlap, each with distinct
considerations. For semantic evaluation, they examine ap-
proaches like BERTScore, BARTScore, and BLEURT [Sel-
lam et al., 2020], which leverage language models to cap-
ture the semantic similarity between generated responses
and references. Additionally, they explore the emergence
of LLM-based evaluation metrics [Zheng et al., 2024], such
as G-Eval [Liu et al., 2023], where state-of-the-art models
act as judges, serving as proxies for human feedback align-
ment. Lastly, they also highlight the importance of qualita-
tive evaluation, considering aspects such as factuality, rele-
vance, completeness, clarity, and insightfulness in assessing
system-generated responses.

The aforementioned studies demonstrate that summariza-
tion, simplification, and question answering are essential
tasks for evaluating various attributes in generative contexts.
Furthermore, prior research provides methodologies for as-
sessing the performance of generative LLMs in these set-
tings, including frameworks applicable to Portuguese. While
some studies incorporate Brazilian LLMs in their evalua-
tions, to the best of our knowledge, no work has yet con-
sidered such a broad range of PT-BR models within this con-
text. Therefore, we aim to assess their generative capabili-
ties comprehensively, extending beyond numerical accuracy
on traditional and more “closed-system” benchmarks. The
methodology applied to evaluate these models is detailed in
the following section.

5 Evaluating the Generative Perfor-
mance of BR-LLMs

This section describes the methodology applied in evaluating
the generative abilities of PT-BR LLMs. It establishes the cri-
teria for model selection, discusses their implementation in
the examined generative tasks, and details the adopted eval-
uation approach.

5.1 Model Selection
The primary reference for selecting themodels used in this re-
searchwas theOpen Portuguese LLMLeaderboard16, which,
as previously stated in the earlier section, provides a com-
prehensive overview of generative language models’ perfor-
mance on Portuguese tasks. While none of the tasks featured
in the leaderboard are purely generative, as intended in this
work, the leaderboard still serves as a centralized platform
that compiles general evaluations of LLMs for Portuguese-
language tasks. In fact, this apparent limitation may present
an additional analytical opportunity to assess whether the
ranking of models in generative tasks aligns with their po-
sitioning in the leaderboard.

To assess Brazilian models, a filtering criterion was first
applied to the leaderboard, restricting it to LLMs for which
Portuguese is the primary language, meaning they underwent
a specific training (or tuning) stage for this language. Conse-
quently, multilingual models, such as the original Llama and

16Hugging Face: eduagarcia/open_pt_llm_leaderboard
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Qwen families, were excluded from the analysis. Addition-
ally, most models in the leaderboard are open-weight, mean-
ing their parameters are publicly available. While this facili-
tates accessibility, it demands local computational resources
for deployment. Given the hardware constraints of this study
(see Section 6), only models available via remote API or
those with fewer than 10 billion parameters were retained.
Moreover, as the leaderboard is an open platform where any
user can submit a model, we established a minimum docu-
mentation criterion by selecting only those accompanied by
a textual reference, such as a report, article, system descrip-
tion, or model card detailing the training dataset. Lastly, only
one representative per model family was selected to ensure
diversity in the evaluation. For instance, sincemultiple Sabiá
models are present in the leaderboard, the selection was lim-
ited to the highest-ranked and yet accessible version.

Directly based on these restrictions, the top-ranking
models selected were (i) Sabiá-3 [Abonizio et al.,
2024], (ii) Boto-9B [Santa Brígida, 2024b], (iii) Bode-
3.1-8B [Recogna-NLP, 2024a], and (iv) CabraL-
lama8B [BotBot-AI, 2024a]. Also, to investigate whether
model size, in terms of parameters, correlates with the gen-
erative capacity of Brazilian models, we also included two
additional models from the leaderboard that ranked lower:
(v) Tucano [Corrêa et al., 2024b] and (vi) Periquito [Gibaut,
2023] — both with less than 4 billion parameters, compared
to the 8–9 billion in the previous selections. Additionally,
for comparative purposes and as general state-of-the-art
baselines, we incorporated (vii) GPT-4o [OpenAI et al.,
2024b] and (viii) GPT-4o-mini [OpenAI et al., 2024b].
Lastly, we included the smaller version of Sabiá, (ix)
Sabiazinho-3 [Abonizio et al., 2024], since it has been re-
ported to achieve performance comparable to GPT-4o-mini,
allowing us to analyze it as a more compact and efficient
alternative to its larger counterpart.

5.2 Task Design and Model Application
The models are evaluated on three generative tasks, namely,
abstractive text summarization, linguistic text simplification,
and closed generative question answering. The selection of
these tasks is motivated by the fact that we conjecture that
they may be applicable as proxies for assessing key dimen-
sions of LLMs related to their generative capabilities.

For instance, text summarization enables the evaluation
of a model’s ability to extract and condense essential infor-
mation while preserving the core meaning of longer textual
pieces, requiring both content retention and proper structur-
ing [Souza et al., 2024b]. The simplification task directly
assesses how LLMs handle idiomatic and linguistic transfor-
mations in Portuguese, as it involves syntactic, lexical, and
structural modifications [Cortes et al., 2024]. Meanwhile,
the question-answering task offers insight into both the mod-
els’ encoded knowledge and their reasoning capabilities, as
they must comprehend the question and generate a coher-
ent and cohesive response [Leal and Aluísio, 2024]. Collec-
tively, these tasks enable a robust and multidimensional anal-
ysis of the generative potential of Brazilian LLMs, encom-
passing various aspects of language comprehension, trans-
formation, and structured text generation.

We use the instruction-tuned checkpoints available for the
selected models to enable the models to perform these tasks,
leveraging their pre-existing in-context capabilities [Brown
et al., 2020]. In addition, no fine-tuning of themodel weights
is performed for any of the tasks. Although fine-tuning could
improve performance and optimize results for specific tasks,
this is not the primary aim of our research. Instead, we argue
that evaluating the models without additional adjustments
provides a more precise and more direct understanding of
their generative performance in their default state, while
also revealing their natural strengths, which could later
guide more targeted refinements. Similarly aligned with this
premise, we instruct the models using zero-shot prompts,
as outlined below. The design of each prompt, while kept
simple, was crafted based on insights from previous research
for each task [Assis et al., 2024a; Sarmento and de Oliveira,
2024; Pirozelli et al., 2024; Scalercio et al., 2024].

Summarization Prompt

Summarize the following {text_type} concisely
and directly.
{text_type}: {original_text}
Summary:

Simplification Prompt

Replace the complex sentence with a simple one.
Maintain the same meaning but make it simpler.
Complex sentence: {text}
Simple sentence:

Question Answering Prompt

Answer the following question based on your gen-
eral knowledge about {subject}.
Be objective.
Question: {question}
Answer:

Within each prompt, variables were replaced with their re-
spective content based on the datasets used. Specifically, in
the summarization task, the variable text_type corresponds
to options such as “News” or “Report”, while in question an-
swering, subject aligns with the central theme of the dataset,
such as “Law” or “Climate Change”. These elements serve
as subtle cues to facilitate in-context learning, simulating
how typical users would naturally provide context in gener-
ative conversational scenarios. Finally, the Portuguese ver-
sions of the prompts are available in Appendices A, B, and
C, respectively.

5.3 Generative Evaluation
Our evaluation framework includes a diverse set of metrics
designed to capture the generative capacity of the models,
covering lexical [Papineni et al., 2002; Lin, 2004; Lavie
and Agarwal, 2007; Leal et al., 2024], syntactic [Leal et al.,
2024], and semantic [Zhang et al., 2020b; Vasilyev et al.,
2020; Leal et al., 2024] dimensions while also addressing
some communicative aspects like readability, insightfulness
and completeness [Liu et al., 2023; Zheng et al., 2024; Leal
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et al., 2024]. Alongside the generative metrics, we report
inference time, estimated energy consumption, and equiv-
alent CO2 emissions, computed using the eco2AI [Buden-
nyy et al., 2023] library, to provide a broader perspective
on model efficiency. We consider these consumption and
impact indicators particularly important, especially in low-
resource computational settings, where resource limitations
necessitate careful consideration, and also given the scale of
the adopted models.

Although some NLG metrics were designed initially for
particular applications — such as BLEU [Papineni et al.,
2002] for text translation and ROUGE [Lin, 2004] for text
summarization—, their use has expanded, making them stan-
dard evaluation tools across multiple tasks. Thus, we report
their values for the three applied tasks, detailing any excep-
tions as necessary17.

5.3.1 Lexical Metrics

Among the lexical metrics used, we selected (i) BLEU,
which computes a precision-based score between the pre-
dicted text and the references. It incorporates a brevity
penalty to discourage excessively short generations relative
to the reference; (ii) ROUGE, another metric based on n-
gram overlap between the reference and the generated text,
applied in this work in its ROUGE-1, ROUGE-2, ROUGE-L,
and ROUGE-Lsum variants, all of which are reported as per-
centages. Each of these variants differs in how the overlap is
measured: ROUGE-1 is based on unigram (1-gram) match-
ing, ROUGE-2 on bigram (2-gram) matching, ROUGE-L
on the longest common subsequence, and ROUGE-Lsum,
which splits the text using “\n”18. Additionally, we com-
pute (iii) METEOR [Lin, 2004], which, like the previous
metrics, relies on term overlap but differs from BLEU by in-
corporating both precision and recall into its mechanism.

Furthermore, some of the mentioned metrics are already
based on traditional scoring methods such as precision and
recall. However, in the case of the question-answering task,
the (iv) F1-score is often reported explicitly [Srivastava and
Memon, 2024; Pirozelli et al., 2024], which we also adopt
in this work. The F1-score represents the harmonic mean be-
tween precision and recall. It is important to note that, in this
context, these scores are computed by considering the num-
ber of correctly predicted words relative to the references.
Precisely, precision is calculated as the ratio of correctly pre-
dicted words to the total number of generated words. At the
same time, recall is the ratio of correctly predicted words to
the total number of words in the reference [Srivastava and
Memon, 2024].

To assess the simplification task, we adopt the (v)
SARI [Xu et al., 2016], which evaluates text transforma-
tions by comparing the generated output to both the original
complex text and reference simplifications. SARI measures
three key aspects: adding relevant words that enhance clar-
ity, deleting unnecessary or complex words, and retaining
essential words that preserve meaning.

17Appendix D provides implementation details for each metric to ensure
reproducibility.

18https://huggingface.co/spaces/evaluate-metric/rouge

5.3.2 Semantic Metrics

Unlike lexical metrics, which primarily focus on term co-
occurrence, semantic metrics aim to bridge the gap by eval-
uating generations that may not use the exact same words
but remain semantically aligned. Among the semantic met-
rics, we adopt the widely used (vi) BERTScore [Zhang et al.,
2020b], considering its precision, recall, and F1 components.
This metric is built upon BERT-based models and first ob-
tains contextual word representations by independently pro-
cessing both the generated and reference texts through a lan-
guage model. It then computes pairwise cosine similarity
scores between the embeddings, effectively capturing seman-
tic similarity beyond surface-level lexical matches.

Specifically for summarization, we compute the (vii)
BLANC [Vasilyev et al., 2020] metric in its BLANC-help
configuration. This metric is also BERT-based and measures
how much a summary improves a masked language model’s
ability to fill in missing words in a given text. The idea
is that a high-quality summary should enhance the model’s
contextual understanding, thereby increasing its accuracy in
predicting masked tokens. BLANC differs from the widely
used summarization metric ROUGE, as it does not require
reference summaries and is not dependent on exact n-gram
overlap, making it a more flexible alternative for evaluating
summarization quality.

5.3.3 NILC-Metrix

The (viii) NILC-Metrix [Leal et al., 2024] is an extensive set
of 200 metrics designed for linguistic analysis in Portuguese,
extracting a wide range of indicators to evaluate different di-
mensions of textual quality. These indicators include, for
example, morphosyntactic features, cohesion measures, co-
herence metrics, and text complexity indices. By integrating
these linguistic features, NILC-Metrix offers a comprehen-
sive assessment of text quality beyond traditional generative
metrics, thereby also being computed within our evaluation
framework.

Although the full set of 200 indicators can be computed
automatically, large-scale processing remains time-intensive.
To address this, we applied NILC-Metrix to a sampled subset
of model generations, constructed as follows. For each task,
we selected a representative supporting metric based on its
prominence and relevance in the literature — as discussed
in Section 4. Specifically, we employed BLANC for sum-
marization, SARI for text simplification, and F1 score for
question answering. Model generations were then ranked ac-
cording to the corresponding metric, and one example was
randomly sampled from each percentile, up to a total of 10%
of the generations per model had been collected, yielding a
stratified sample. This sampling strategy allows for repre-
sentative coverage across the full performance spectrum to
be maintained for each task.

Furthermore, the high dimensionality of the indica-
tors space complicates both interpretation and presentation.
We address this by adopting a previously established ap-
proach [Assis et al., 2024a,b], which groups indicators by
evaluation criterion into normalized vectors. The Euclidean
distance to the reference vector is then computed, offering a

https://huggingface.co/spaces/evaluate-metric/rouge
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quantitative estimate of model alignment, where lower val-
ues denote stronger agreement.

5.3.4 LLM-based Metric

A recent trend in evaluation methods involves leveraging
LLMs as reference-free evaluators, based on the rationale
that their fine-tuning and reinforcement learning aligned
with human preferences allow them to generate assessments
that approximate human judgment [Bavaresco et al., 2024].
This approach, termed LLM-as-a-judge [Zheng et al., 2024],
takes advantage of these models’ built-in reasoning abilities
to perform dynamic evaluations. We instantiate a frame-
work grounded in this premise, (ix) G-Eval [Liu et al., 2023],
which instructs the LLM to assess specific dimensions as in-
dicated by the prompt, enabling more adaptable and context-
sensitive evaluations. The choice of which model to use as
a judge can directly impact the results; nevertheless, GPT4o
has been widely adopted due to its state-of-the-art conver-
sational alignment [Liu et al., 2023; Mitchell et al., 2023;
Aakanksha et al., 2024a,b], which we also employ in this re-
search. However, given the cost of relying on this top-tier
judge and the substantial volume of generations, we applied
the same sampling strategy described in the previous section
to remain within our budget constraints.

The G-Eval framework requires the evaluation criteria to
be specified in natural language and, usually, following a 1–
5 Likert format hint to guide the LLM judge. The resulting
scores are then normalized, considering the model’s output
probabilities when generating the ratings. To define these
criteria, we grounded our approach in a literature review —
covering summarization [Souza et al., 2024b]19, simplifica-
tion [Dong et al., 2019; Kumar et al., 2020; Feng et al., 2023],
and question answering [Srivastava andMemon, 2024]— to
formulate instructions inspired by guidelines designed for hu-
man evaluation. The final criteria are listed below, with their
Portuguese translations available in Appendices E, F, and G.

Summarization Evaluation Criteria

A. Grammaticality
Grammaticality (1-5) - The summary should not
contain capitalization errors and obviously un-
grammatical sentences (e.g., fragments, missing
components) that make the text difficult to read.

B. Non-redundancy
Non-redundancy (1-5) - The summary should
not contain unnecessary repetition. Repetition
might appear as whole sentences being repeated,
repeated facts, or excessive use of a noun when a
pronoun would suffice.

C. Referential Clarity
Referential Clarity (1-5) - It should be easy to
identify who or what the pronouns and noun
phrases in the summary refer to. If a person or
entity is mentioned, their role in the story should

19https://www-nlpir.nist.gov/projects/duc/duc2006/
quality-questions.txt

be clear. A reference would be unclear if an
entity is mentioned without making its identity or
relation to the story evident.

D. Focus
Focus (1-5) - The summary should have a clear
focus; sentences should only contain information
relevant to the rest of the summary.

E. Structure and Coherence
Structure and Coherence (1-5) - The summary
should be well-structured and well-organized. It
should not just be a heap of related information
but should build from sentence to sentence into a
coherent body of information about a topic.

Simplification Evaluation Criteria

A. Adequacy
Adequacy (1-5) - To what extent is the meaning of
the original sentence preserved in the simplified
version? The simplified sentence should retain the
essential content of the original without significant
loss of information.

B. Simplicity
Simplicity (1-5) - Is the simplified sentence actu-
ally simpler than the original? The simplification
should reduce the structural complexity of the
sentence, making it easier to understand without
introducing incorrect or redundant information.

C. Fluency
Fluency (1-5) - Is the simplified sentence gram-
matically correct and well-formed? The syntactic
structure should be natural and readable, with no
errors that hinder understanding.

Question Answering Evaluation Criteria

A. Answer Quality
Answer Quality (1-5) - Scoring Guidelines:
- 1: The answer is completely incorrect. It is en-
tirely different from or contradicts the reference.
- 2: The answer shows some degree of semantic
similarity and includes partially correct informa-
tion. However, it still contains significant discrep-
ancies or inaccuracies compared to the reference.
- 3: The answer correctly addresses some aspects,
aligning partially with the reference. However,
there are still omissions or minor inaccuracies.
- 4: The answer is mostly correct. It provides ac-
curate information but may contain one or more
minor omissions or inaccuracies.
- 5: The answer is correct. It demonstrates a high
degree of accuracy and semantic similarity to the
reference.

Lastly, also according to the related instructions found in
the literature, the input provided to the model varies by task:

https://www-nlpir.nist.gov/projects/duc/duc2006/quality-questions.txt
https://www-nlpir.nist.gov/projects/duc/duc2006/quality-questions.txt
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for summarization, only the summary is given; for simplifi-
cation, the original sentence is provided along with the gen-
erated text; and for QA, the model receives the question, the
generated answer, and the reference.

5.3.5 Human Evaluation

To complement the automatic evaluation with a human-
centered perspective, we conducted amanual review of a sub-
set of model generations. Following a sampling procedure
similar to the one described in Subsection 5.3.3, we ranked
the instances based on a supporting metric — this time using
the G-Eval score. Each human annotator was then presented
with the same information available to the LLM-as-a-judge
framework. Additionally, they were provided with the ra-
tionale generated by the automatic judge and the final score
assigned to each instance.

The annotators were tasked with verifying whether the ra-
tionale was appropriate in light of the generation and the
evaluation criterion, and whether it plausibly justified the
assigned score. In addition, they were required to indepen-
dently rate the generation on a Likert scale for the given crite-
rion and to provide a brief explanatory comment. This setup
allowed for both an assessment of generation quality and a
validation of the reliability of the LLM-grading approach.

All three authors of the article contributed to the process,
eachwith at least a bachelor’s degree (two holding PhDs) and
with academic or professional backgrounds in computational
linguistics or natural language processing.

6 Experimental Setup
This section outlines the experimental configurations used
to instantiate the generative evaluation of BR-LLMs, detail-
ing the datasets, the hardware setup, hyperparameter settings,
and model implementation specifics.

6.1 Data
We selected an established dataset well-suited to the respec-
tive evaluation objectives for each adopted task. Despite
only one dataset being applied per task, we emphasize the
thorough evaluation process. The specifics of dataset usage
are detailed below.

RecognaSumm [Paiola et al., 2024a] (Summarization)
This dataset originates from diverse sources, comprising
news articles from various information providers. Such di-
versity results in a collection of documents covering various
topics and journalistic styles. Moreover, RecognaSumm con-
tains approximately 135,000 instances in Portuguese, from
which only the columns corresponding to the news text and
its summary were selected for this study, with the latter serv-
ing as the reference for evaluation metrics. In the dataset’s
standard split, 27,100 instances are allocated for testing. In
this study, we sampled 600 instances to adhere to our cost
limitations associated with running the adopted language
models. To ensure diversity and broader coverage, a new
sampling round was conducted for each execution.

PorSimplesSent [Leal et al., 2018] (Text Simplification)
APortuguese dataset composed of aligned sentence pairs and
triplets, originally created to investigate sentence readabil-
ity assessment in the language. Although its initial purpose
was sentence pair classification — where the model must de-
termine whether one sentence is simpler than the other or if
both share the same level of simplicity — the corpus can
be adapted for the text simplification task. For this purpose,
only the more complex sentence was considered as the in-
put, while the simpler one served as the target, disregarding
cases where both sentences had equivalent simplification lev-
els. After this preprocessing step, as in the previous dataset,
the Portuguese instances from the test set were used, ensur-
ing a consistent basis for evaluating the models’ ability to
perform meaningful text simplification.

Pirá 2.0 [Paschoal et al., 2021; Pirozelli et al., 2024] (QA)
This dataset focuses on topics related to the ocean, the Brazil-
ian coast, and climate change. Constructed from scientific
abstracts and reports on these subjects, Pirá represents a ver-
satile and highly specialized linguistic resource, ideal for test-
ing the ability of language models to acquire specialized sci-
entific knowledge. It is a bilingual dataset, with instances
available in both Portuguese and English. In this study, only
the Portuguese test instances were used to evaluate the gen-
erative performance of the language models, following the
standard dataset split.

6.2 Computational Environment
Each model was executed under the same inference con-
ditions, running independently on an NVIDIA RTX 4090
GPU. Notably, the computational resources were physically
located in Rio de Janeiro, which influences the reported en-
ergy consumption and equivalent CO2 emissions.

6.3 Model Implementation
The Sabiá and GPT models were accessed through their
respective APIs20/21, whereas the openly available mod-
els were implemented using the Hugging Face Transform-
ers library [Wolf et al., 2020]. Specific hyperparame-
ters were selected for each task based on insights from
the literature, data analysis, and empirical experiments.
For summarization, we set max_new_tokens to 85 while
maintaining temperature at 0.3, top_p at 0.95, and
repetition_penalty at 2.5. In the task prompt, the
text_type parameter was configured as 'News'. Similarly,
for text simplification, we used max_new_tokens of 100 but
increased temperature to 0.8 while keeping top_p at 0.95
and repetition_penalty at 2.5. Meanwhile, for question
answering, we set max_new_tokens to 100, temperature
to 0.3, top_p to 0.95, and repetition_penalty to 2.5.
Additionally, the LLM-as-a-judge evaluation using GPT-4o
leveraged the G-Eval framework implemented by DeepE-
val [Ip and Vongthongsri, 2025]. Finally, to ensure consis-
tency, all generative runs were repeated three times.

20Maritaca AI (Sabiá) API: https://www.maritaca.ai/
21Open AI API: https://openai.com/index/openai-api/

https://www.maritaca.ai/
https://openai.com/index/openai-api/
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Table 1. Computational impact indicators and generative results for summarization on the RecognaSumm dataset.

Model Rank
(Gen.)

Inference Consumption (↓) Generative Metrics (↑)

Time
(h)

Energy
(kWh)

CO2eq
(kg)

BLANC METEOR BLEU ROUGE BERTScore G-Eval
R1 R2 RL RLs prec. recall f1

Tucano
(2.44B params) 4 0.699 0.142 0.016 0.059 0.109 0.000 12.750 1.530 8.300 8.560 0.648 0.681 0.664 0.399
Periquito
(3.55B params) 8 0.575 0.134 0.015 0.018 0.043 0.000 6.870 0.500 5.160 5.160 0.616 0.636 0.625 0.322
Bode
(8.03B params) 6 1.325 0.349 0.040 0.037 0.068 0.000 9.590 0.790 6.870 7.370 0.620 0.656 0.637 0.228
Cabra
(8.03B params) 7 1.334 0.352 0.040 0.025 0.057 0.000 8.590 0.670 6.190 6.870 0.609 0.648 0.628 0.225
Boto
(9.24B params) 5 1.997 0.515 0.058 0.043 0.074 0.000 10.710 1.160 7.430 7.460 0.649 0.675 0.661 0.306
Sabiazinho-3
(#params unknown) 1 – – – 0.243 0.294 0.055 37.010 14.910 24.650 24.660 0.721 0.742 0.731 0.495
GPT4o-mini
(#params unknown) 2 – – – 0.268 0.314 0.051 36.540 14.740 24.080 24.080 0.713 0.750 0.731 0.503
Sabiá-3
(#params unknown) 3 – – – 0.242 0.291 0.052 36.950 14.690 24.490 24.500 0.718 0.741 0.729 0.500
GPT4o
(#params unknown) 2 – – – 0.271 0.313 0.053 36.420 14.750 24.020 24.020 0.713 0.749 0.731 0.518

Table 2. NILC-metrix distances between the LLM generations and the reference summaries on RecognaSumm. Lower is better.

Model Simplicity Readability Morphosyntax Referential
Cohesion

Semantic
Cohesion

Syntactic
Complexity

Semantic
Information

Tucano
(2.44B params) 0.929 0.759 1.739 0.653 0.644 0.386 0.708
Periquito
(3.55B params) 1.026 0.592 1.639 0.641 1.165 0.501 0.748
Bode
(8.03B params) 1.046 0.511 1.841 0.582 1.083 0.454 0.706
Cabra
(8.03B params) 1.024 0.472 1.635 0.750 1.194 0.468 0.740
Boto
(9.24B params) 0.991 0.637 1.731 0.557 1.101 0.486 0.734
Sabiazinho-3
(#params unknown) 0.868 0.522 1.536 0.476 0.556 0.577 0.720
GPT4o-mini
(#params unknown) 0.792 0.524 1.394 0.476 0.470 0.461 0.667
Sabiá-3
(#params unknown) 0.833 0.556 1.540 0.626 0.673 0.467 0.653
GPT4o
(#params unknown) 0.863 0.513 1.570 0.518 0.551 0.439 0.655

7 Results
This section presents the experimental results for generative
tasks using LLMs, combining automatic evaluation metrics
with, when applicable22, estimates of energy consumption
and carbon impact. It also includes findings from human
inspection of the generated outputs. Boldface in the result
tables indicates the best-performing scores, accounting for
statistical ties based on significance testing.

7.1 Quantitative Results
Table 1 presents the comparative results for the summa-
rization task on the RecognaSumm dataset. Among the
Portuguese-focused models, Sabiazinho-3 and Sabiá-3 stand
out, with Sabiazinho-3 achieving the best results across most
metrics, while its larger counterpart, Sabiá-3, follows closely.
This is particularly noteworthy given that Sabiazinho-3 is a
smaller model than Sabiá-3. These results suggest that both
models are effective for PT-BR summarization, successfully
balancing lexical and semantic adequacy.

Notably, the Sabiá-3 series even outperforms or matches
the general-purpose GPT4o models, except for the BLANC

22API-based models are excluded from energy and carbon assessments
due to lack of hardware and location transparency.

and METEOR metrics, where the OpenAI solutions achieve
slightly better — though not substantially superior — scores.
However, a substantial gap persists between proprietary and
open-weight models. This is particularly evident in metrics
such as BLANC and ROUGE, and although the differences
are smaller in BERTScore and G-Eval, they remain distin-
guishable, with the proprietary models — GPT and Sabiá—
consistently occupying the top ranks.

Among the open-access models, Tucano stands out due to
its low CO2 equivalent emissions while also leading in per-
formance across several metrics within its tier. In contrast,
Bode and Boto achieve comparable results in some gener-
ative metrics, such as ROUGE and BERTScore, but at the
cost of significant energy and time consumption. It is worth
noting that both Bode and Boto have considerably more pa-
rameters than Tucano, which may partially explain their per-
formance advantage. However, this trend of efficient perfor-
mance in smaller models does not extend to Periquito, which
records the lowest scores overall. Given the similarity in size
and architecture between Tucano and Periquito, differences
in pretraining corpora or strategies may be key factors un-
derlying their divergent outcomes.

Table 2 presents the NILC-Metrix linguistic indicators for
the summarization task. Overall, with a few exceptions, the
results are relatively close across most models and metrics in
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Table 3. Computational impact indicators and generative results for simplification on the PorSimplesSent dataset.

Model Rank
(Gen.)

Inference Consumption (↓) Generative Metrics (↑)

Time
(h)

Energy
(kWh)

CO2eq
(kg)

SARI METEOR BLEU ROUGE BERTScore G-Eval
R1 R2 RL RLs prec. recall f1

Tucano
(2.44B params) 5 0.084 0.015 0.002 22.376 0.175 0.000 17.760 3.840 14.390 15.170 0.689 0.741 0.713 0.424
Periquito
(3.55B params) 7 0.071 0.016 0.002 20.107 0.098 0.000 11.210 1.400 8.860 8.860 0.679 0.714 0.696 0.289
Bode
(8.03B params) 8 0.255 0.067 0.008 20.996 0.121 0.000 10.860 1.000 7.840 9.240 0.617 0.698 0.655 0.378
Cabra
(8.03B params) 9 0.257 0.068 0.008 20.261 0.096 0.000 8.540 0.670 6.390 6.950 0.614 0.694 0.651 0.222
Boto
(9.24B params) 6 0.168 0.036 0.004 20.362 0.114 0.000 13.510 1.890 11.340 11.370 0.713 0.738 0.725 0.448
Sabiazinho-3
(#params unknown) 2 – – – 40.091 0.547 0.237 59.980 40.300 53.710 53.710 0.870 0.856 0.863 0.841
GPT4o-mini
(#params unknown) 1 – – – 41.104 0.563 0.261 61.990 43.330 56.630 56.630 0.882 0.858 0.869 0.814
Sabiá-3
(#params unknown) 4 – – – 37.849 0.487 0.180 54.660 33.580 49.290 49.290 0.861 0.844 0.852 0.838
GPT4o
(#params unknown) 3 – – – 38.710 0.498 0.204 56.650 37.470 51.290 51.290 0.873 0.843 0.857 0.829

Table 4. NILC-metrix distances between the LLM generations and the reference simplifications on PorSimplesSent. Lower is better.

Model Simplicity Readability Morphosyntax Referential
Cohesion

Semantic
Cohesion

Syntactic
Complexity

Semantic
Information

Tucano
(2.44B params) 0.877 0.583 1.605 0.315 1.162 0.391 0.727
Periquito
(3.55B params) 0.898 0.545 1.714 0.233 0.670 0.465 0.740
Bode
(8.03B params) 1.109 0.831 2.294 0.658 2.035 0.522 0.750
Cabra
(8.03B params) 1.078 0.861 1.934 0.433 1.704 0.521 0.721
Boto
(9.24B params) 1.048 0.487 1.526 0.167 0.332 0.414 0.760
Sabiazinho-3
(#params unknown) 0.701 0.316 0.920 0.000 0.122 0.328 0.555
GPT4o-mini
(#params unknown) 0.782 0.343 1.124 0.000 0.079 0.418 0.566
Sabiá-3
(#params unknown) 0.802 0.441 0.950 0.000 0.112 0.384 0.552
GPT4o
(#params unknown) 0.910 0.408 0.999 0.000 0.092 0.404 0.545

dimensions such as simplicity, readability, and morphosyn-
tax. However, more pronounced differences emerge in the
semantic cohesion dimension, where GPT4o-mini leads, fol-
lowed by its larger counterpart, the Sabiá models, and Tu-
cano. The remaining open-weight models trail further be-
hind. Additionally, there is a recurring trend toward propri-
etary models maintaining a slight dominance in dimensions
such as semantic information, simplicity, and morphosyntax.
Still, this tendency is not absolute: Cabra achieves the top
score in readability, and Tucano outperforms all others in the
syntactic complexity indicator.

Table 3 shows that GPT4o-mini, closely followed by
Sabiazinho-3, achieves the highest overall scores acrossmost
generative metrics for sentence simplification on the Por-
SimplesSent dataset. In contrast, smaller open-weight mod-
els such as Tucano, Periquito, and Boto register noticeably
lower scores across several generative metrics. Particularly
striking are the differences in the simplification-specific indi-
cator SARI and in the LLM-powered G-Eval evaluation and
the traditional BLEU metric, where the gap between propri-
etary and open models can reach up to double the score. Nev-
ertheless, certain open models show distinct results within
their class. Tucano, in particular, leads among open-weight
models in generative quality while maintaining consistent ef-
ficiency. Once again, Boto follows in terms of generative

performance, though with higher resource consumption.
Similarly, the sentence simplification task on the PorSim-

plesSent dataset reveals a clear stratification in model perfor-
mance, as detailed in Table 3. GPT4o-mini achieves the high-
est scores across most generative metrics, with Sabiazinho-3
following closely. Interestingly, these smaller models consis-
tently outperform their larger versions, indicating that scale
is not always the decisive factor in quality. On the other hand,
smaller open-weight models — including Tucano, Periquito,
and Boto — record significantly lower scores. The contrast
is especially evident in SARI, BLEU, and G-Eval, where
the gap can reach up to 100%. Nonetheless, performance
within the open-weight category is not homogeneous. Tu-
cano demonstrates better generative capabilities with high
efficiency, while Boto offers a similar output quality at the
expense of greater computational demand. In contrast to the
summarization task, however, Periquito ranks as the third-
best simplifier among open-weight models, whereas Cabra
consistently underperforms, emerging as the weakest model
overall in this scenario.

Further observations are presented in Table 4, which re-
ports NILC-metrix distances between generated and refer-
ence simplifications. Once again, Sabiazinho-3 and GPT4o-
mini stand out, achieving the lowest distances in dimensions
such as simplicity, readability, and morphosyntax. Although
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Table 5. Computational impact indicators and generative results for question answering on the Pirá dataset.

Model Rank
(Gen.)

Inference Consumption (↓) Generative Metrics (↑)

Time
(h)

Energy
(kWh)

CO2eq
(kg)

F1 METEOR BLEU ROUGE BERTScore G-Eval
R1 R2 RL RLs prec. recall f1

Tucano
(2.44B params) 8 0.091 0.017 0.002 0.057 0.122 0.001 9.390 1.280 6.700 7.260 0.596 0.676 0.633 0.167
Periquito
(3.55B params) 9 0.090 0.021 0.002 0.047 0.092 0.000 8.060 0.720 5.570 5.570 0.606 0.682 0.641 0.126
Bode
(8.03B params) 6 0.161 0.043 0.005 0.063 0.114 0.002 10.250 1.720 7.720 8.270 0.607 0.682 0.642 0.221
Cabra
(8.03B params) 5 0.150 0.039 0.004 0.075 0.123 0.003 11.430 2.000 8.660 8.900 0.624 0.690 0.655 0.170
Boto
(9.24B params) 7 0.279 0.061 0.007 0.064 0.120 0.002 10.140 1.640 7.570 7.980 0.606 0.683 0.641 0.159
Sabiazinho-3
(#params unknown) 3 – – – 0.123 0.189 0.010 16.040 4.760 12.640 12.830 0.636 0.711 0.671 0.300
GPT4o-mini
(#params unknown) 2 – – – 0.125 0.197 0.010 16.440 5.450 13.140 13.510 0.641 0.720 0.678 0.334
Sabiá-3
(#params unknown) 4 – – – 0.120 0.189 0.008 15.830 4.530 12.310 12.480 0.630 0.710 0.667 0.297
GPT4o
(#params unknown) 1 – – – 0.128 0.208 0.013 17.300 5.880 13.980 14.150 0.644 0.723 0.681 0.360

Table 6. NILC-metrix distances between the LLM generations and the reference answers on Pirá. Lower is better.

Model Simplicity Readability Morphosyntax Referential
Cohesion

Semantic
Cohesion

Syntactic
Complexity

Semantic
Information

Tucano
(2.44B params) 1.090 0.782 2.068 0.686 2.217 0.565 0.983
Periquito
(3.55B params) 0.995 0.803 1.968 0.776 1.471 0.551 0.995
Bode
(8.03B params) 1.084 0.857 2.182 0.532 1.979 0.560 1.013
Cabra
(8.03B params) 1.076 0.790 2.040 0.824 2.028 0.626 1.075
Boto
(9.24B params) 1.221 0.894 1.970 0.572 1.724 0.724 1.077
Sabiazinho-3
(#params unknown) 1.150 0.761 1.745 1.112 1.607 0.720 0.940
GPT4o-mini
(#params unknown) 1.073 0.795 1.856 0.828 1.812 0.752 0.934
Sabiá-3
(#params unknown) 1.170 0.837 2.131 0.740 1.717 0.857 2.131
GPT4o
(#params unknown) 1.039 0.747 1.921 0.751 1.569 0.752 0.966

smaller open-weight models occasionally approach the per-
formance of larger ones in certain aspects of cohesion or
syntactic complexity, they generally yield slightly higher dis-
tances across metrics. A noteworthy observation is that, un-
like the summarization task (Table 2), all models tend to
perform better in referential and semantic cohesion indices.
Remarkably, the Sabiá and GPT models often reach near-
optimal or even perfect alignment in these dimensions. How-
ever, such differences are likely a consequence of the task de-
sign — summarization entails constructing broader textual
structures that integrate multiple propositions, whereas, on
PorSimplesSent dataset, simplification typically operates at
the sentence level.

Table 5 presents the QA outcomes on the Pirá dataset.
Once again, the top ranks are dominated by proprietary mod-
els from the GPT4o and Sabiá-3 families. GPT4o leads the
question answering task, withGPT4o-mini following closely
in second place. Sabiá-3 ranks just below its smaller counter-
part, Sabiazinho-3, completing the top four. In this task, the
open-access model that stands out as the best generative per-
former is Cabra, followed by Bode and Boto, respectively.
Notably, despite their efficiency, Tucano and Periquito did
not appear among the top results this time— even within the
open-weight category. Taken together with previous results
(Tables 1 and 3), this outcome suggests that the performance

of open-access solutions for Portuguese generation remains
variable across tasks.

Although the proprietary Sabiá and GPT models perform
slightly better than open solutions in this task, the overall
lower scores in metrics such as F1 and G-Eval are consistent
with the findings of [Pirozelli et al., 2024], which highlight
that question answering in settings relying solely on inter-
nally encoded information within LLMs — without access
to external context or tools — is particularly challenging, es-
pecially in specialized domains.

Turning to the NILC-metrix results for QA answers in Ta-
ble 6, we observe a notably different pattern in this case. Al-
though, once again, the overall results across models are rel-
atively close, within this task, open-weight models occasion-
ally lead in specific criteria — Bode in referential cohesion,
and Periquito in simplicity and semantic cohesion. That said,
despite more reference-aligned scores in dimensions such as
syntactic complexity, readability, and referential cohesion,
higher distances — often approaching a value of 2 — are
more frequently observed in semantic indicators.

Figure 2 offers a visual overview of both generative per-
formance and computational impact across the evaluated
tasks. The chart echoes earlier findings: the Sabiá and GPT
model families consistently occupy the top positions, while
a gap remains between them and open-weight alternatives.
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Figure 2. Comparative performance in relation to Time and Generative Metrics for the RecognaSumm, Pirá, and PorSimples datasets. Commercial models
accessed via API and run on external hardware are shown in the shaded area, as their runtime is not directly comparable.

Among the open models, performance varies considerably
across tasks, with Tucano, Bode, Cabra, and Boto alternat-
ing among themselves as the top performers within their cat-
egory. Despite these fluctuations, Tucano consistently bal-
ances moderate performance with lower computational foot-
print, positioning it as an attractive open-weight solution.

By comparing performance on classification and more dis-
criminative tasks— as reflected in the Open PTLLMLeader-
board (OPLL) [Garcia, 2024] —with results obtained in this
research, Table 7 provides notable observations. Although
superior performance on discriminative tasks may occasion-
ally indicate strong generative capabilities, as demonstrated
by Sabiá-3 and GPT4o-mini, this correlation is not absolute.
Rankings can vary significantly across tasks. A clear exam-
ple is Tucano, which ranks second-to-last among seven mod-
els on discriminative tasks but excels in generative evalua-
tions, trailing only Sabiá-3 and GPT4o-mini, and surpassing
Boto, Bode, and Cabra. This also reinforces the observation
that a model’s parameter count does not consistently corre-

late with generative task performance, considering that Tu-
cano is smaller than many of its counterparts.

Even among generative tasks, performance rankings vary
considerably. For instance, models positioned just below the
top tier exhibit fluctuating performance depending on the spe-
cific generative task. Tucano, despite performing strongly
in summarization and simplification, ranks second-to-last in
QA. Conversely, Cabra leads among open-weight models in
QA but falls to the bottom ranks in other generative tasks.

Overall generative rankings place GPT4o-mini at the
forefront, followed closely by a tie between GPT4o and
Sabiazinho-3, with Sabiá-3 in third position. Subsequently,
Tucano stands out within the open-weight group, being fol-
lowed by Boto. These findings underscore the importance of
directly evaluating generative capabilities, as model suitabil-
ity may differ substantially across different evaluation sce-
narios.

Extending beyond the results provided by automatic NLG
metrics, Table 8 includes the average number of words in
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both the generated texts and their references, offering a
complementary perspective on model behavior across tasks.
These indicators generally show that LLMs produce longer
texts compared to their references, except for the proprietary
Sabiá-3 andGPT4omodel families in the simplification task.

Such verbosity indicates a misalignment between the gen-
erated outputs and the expectations established by the refer-
ence texts. However, this discrepancy may stem from sev-
eral factors. For instance, in the context of question answer-
ing — where lower performance was previously observed
— this misalignment may indicate that models are deviating
from the reference answers by including extraneous or inap-
propriate information. Conversely, it might also reflect that
models produce paraphrased responses that are, in certain
cases, more detailed or comprehensive than the references
— a scenario that was corroborated by some manual inspec-
tions. These aspects are further analyzed through human as-
sessments in the following section.

Table 7. Comparison of rankings between the Open PT LLM
Leaderboard (OPLL) and those from the evaluated tasks, including
the sum of ranks for generative tasks (G-Sum) and their correspond-
ing order (G-Rank).

Model OPLL Summ. Simp. QA G-Sum G-Rank

Sabiá-3
(#params unknown)

1 3 4 4 11 3
GPT4o-mini
(#params unknown)

2 2 1 2 5 1
Boto
(9.24B params)

3 5 6 7 18 5
Bode
(8.03B params)

4 6 8 6 20 6
Cabra
(8.03B params)

5 7 9 5 21 7
Tucano
(2.44B params)

6 4 5 8 17 4
Periquito
(3.55B params)

7 8 7 9 24 8
Sabiazinho-3
(#params unknown)

– 1 2 3 6 2
GPT4o
(#params unknown)

– 2 3 1 6 2

Table 8. Average Word Count per Generative Task.

Souce Summarization Simplification Question Answering

Reference 36.192 18.095 14.401
Tucano 62.880 39.537 77.866
Periquito 38.252 33.214 69.665
Bode 40.042 56.255 53.655
Cabra 42.993 57.109 49.446
Boto 46.428 26.312 66.740
Sabiazinho-3 47.613 16.158 53.126
GPT4o-mini 57.135 14.953 56.332
Sabiá-3 47.171 15.516 54.617
GPT4o 57.449 13.674 54.659

7.2 Human Inspection
This section discusses human perceptions regarding the out-
puts generated by the LLMs. It also includes a human review
of the automatic LLM-based metric used to evaluate gener-
ations in Portuguese. Lastly, it discusses how these human
insights relate to the quantitative results obtained from tradi-
tional NLG metrics, as reported in Section 7.1.

7.2.1 Generated Texts Inspection

Figure 3 presents the human ratings for all criteria covered
by the LLM-based G-Eval metric, aiming to complement the
automatic evaluation conducted using traditional and recent
NLG indicators. First, it shows that the trend observed in pre-
vious quantitative results—where proprietary models Sabiá-
3 andGPT4o stand out— also aligns with human perception.
These models receive the majority of their ratings as 5 or 4
on the Likert scale (the highest and second-highest possible
scores, respectively), while the remaining models more fre-
quently receive scores around 2 or even as low as 1.

Furthermore, a human interpretation that slightly diverges
from the quantitative results concerns the Sabiá-3model and
its smaller variant, Sabiazinho-3. The larger version more
frequently received higher ratings than the smaller one —
and never received scores below 3, unlike the latter — even
though, in the quantitative results, the smaller version ranked
higher. This difference is particularly notable in the QA task,
where the larger Sabiá-3 stands out overall, even outperform-
ing GPT-4o. In this specific context, the result may suggest
that the specialized information required to answer questions
in the Pirá dataset — rooted in Brazilian-specific content —
is more effectively encoded in the larger Brazilian model, a
nuance that may not have been fully captured by the auto-
matic metrics.

As a general negative highlight, the Cabra model concen-
trates a large number of ratings of 1 assigned to its genera-
tions across tasks. A common observation made by the an-
notators in their comments is the presence of spelling and
grammatical agreement errors in the outputs produced by this
model. The following examples illustrate some cases.

Cabra Error Examples

Summarization
Um grupo dos cidadã̃oSobrevivendo à Guer-
reiros nde Demidov (Ucraína) criarà-lhes
artificialmenteeles trancando portonas [...]

Simplification
Portando isso para videogames (jogar em um
computador ou console), androidezinhão/robota
chatona que falam apenas com você sozinhas [...]

Question Answering
A formação de jandaíras esta localizada na
regiā oceântica aberta da plataforma continental
sul-atlantICA. [...]

Still referring to Figure 3, Tucano is the open model that
most consistently receives human ratings on the favorable
end of the spectrum across tasks — though its scores are not
as high as those of the proprietary Sabiá and GPT models,
and it is not always the very top performer among open mod-
els. Exceptions include the criteria of simplicity and fluency,
where it is outperformed by Boto, as well as the QA task,
which proved challenging for all models. Importantly, Tu-
cano is also among the most computationally efficient mod-
els. However, even this model is not exempt from incon-
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Figure 3. Combined Likert-scale ratings (1–5) for each model across summarization (a–e), simplification (f–h), and QA (i) criteria.

sistencies in its generations, with frequent reports of out-of-
context information, distortions, or hallucinations, as illus-
trated in the simplification example below.

Tucano Error Example

Reference
Há 75 vagas para um universo estimado em pelo
menos mil moradores de rua.

Tucano
Existem 750 lugares num Universo Estimado que
tem cerca dos 1000 residentes sem-abrigo. [...]

For all models, most of the human ratings on the nega-
tive scale (scores 1 and 2) were accompanied by comments
pointing to grammatical, spelling, agreement, or factual in-
consistencies. Another frequent observation concerned the
tendency of LLMs to produce long outputs.This pattern often
caused the generations to exceed the configured token limit,
resulting in incomplete sentences. Such outputs frequently
led to inconsistencies that negatively impacted the evaluated
criteria, mainly in summarization and QA.

This increased length was even more evident in the QA
task (as shown in Table 8), where annotators frequently left
comments such as “The answer strays from the question” or
“The response lacks substance and is overly wordy.” How-
ever, in other cases, a different pattern emerged: the model-

generated responses often paraphrased the references or in-
cluded more specific and detailed information (and were
therefore longer). While still correct and appropriate, these
responses were penalized by the automatic metrics due to
their misalignment with the reference texts.

Example of a Longer Generation that is Appropriate

Question (English-translated)
Who are the people who benefit the most from a
fish-based diet?

Reference Answer (English-translated)
Poor rural populations.

GPT-4o Answer (English-translated)
People living in coastal communities, fishers, and
populations that rely on fishing as their main
source of protein and livelihood are those who
benefit the most from a fish-based diet. Addition-
ally, regions with limited access to other sources
of protein may also depend significantly on fish.

The example above illustrates a case where the gener-
ated response correctly answers the given question. Specif-
ically, we consulted the dataset context and verified its cor-
rectness. However, the reference answer originally present
in the dataset is extremely concise— arguably excessively so
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— and lacks relevant details. It could also be argued that the
reference answer is inaccurate, as the context makes no ex-
plicit mention of rural areas, despite referring to regions with
limited resource access. The automatic evaluator assigned
this response a score of 0.280, whereas one human annotator
gave it a 4, and another even assigned the maximum score.

This further underscores the challenges inherent in the
evaluation of open-ended text generation. Our inspection
of the model outputs also reveals instances in which the
generated texts complement the existing benchmark ref-
erences. The example below, drawn from the simpli-
fication task, illustrates such a case. While the refer-
ence transforms the term “zoning” into “division of
the territory into zones”, the automatic generation
preserves the original term but proposes a valid simplifi-
cation (“represents the first step in shaping” →
“marks the beginning of”). Thus, it becomes evident
that, while reference texts in evaluation datasets may serve as
useful guides, they should not always be treated as absolute
“ground truths”, as is often the case in more discriminative
benchmarks.

Example of a Complementary Simplification23

Original Sentence (English-translated)
Zoning represents the first step in shaping a forest
policy in Rio Grande do Sul.

Original Reference (English-translated)
The division of the territory into zones represents
the first step in preparing a forest policy in Rio
Grande do Sul.

GPT-4o Generation (English-translated)
Zoning marks the beginning of a forest policy in
Rio Grande do Sul.

As a final observation, overall, human evaluators showed
a preference for the generations produced by Sabiá-3 and
GPT-4o, with their smaller variants ranking just behind, com-
pleting the group of top performers. In contrast, open-weight
models often displayed perceptible flaws, as previously dis-
cussed, indicating that further refinement is needed for these
LLMs to reach the level of the proprietary group.

7.2.2 Human Agreement with the LLM-based Metric

We leveraged the human inspection not only to evaluate the
model generations for the tasks in Portuguese, but also to
assess the performance of the LLM-as-a-judge approach im-
plemented using the G-Eval framework. Table 9 presents the
average agreement between human annotators and the LLM
judge’s reasoning for each criterion, along with the percent-
age of inter-annotator agreement specifically regarding the
model’s reasoning and its corresponding score. Annotators
were asked to evaluate both aspects, as the automatic judge
may, for instance, provide a reasonable justification but as-
sign a final score that is entirely inconsistent, even with its
own reasoning.

23Translation in Portuguese in Appendix H

Table 9. Average agreement with G-Eval reasoning, along with
Inter-Annotator Agreement (IAA) percentages for reasoning and fi-
nal score alignment.

Criteria
AVG Agreement

w/G-Eval
Reason
(IAA)

Score
(IAA)

summarization:grammaticality .833 .694 .833

summarization:non-redundancy .657 .638 .750

summarization:referential clarity .639 .638 .917

summarization:focus .648 .500 .667

summarization:structure & coherence .472 .556 .750

simplification:adequacy .852 .722 .778

simplification:simplicity .787 .639 .667

simplification:fluency .722 .472 .639

question answering: answer quality .843 .639 .694

Moreover, percentage agreement values are reported as in-
dicators of consistency, given that the number of fully exam-
ined samples may occasionally lead to unstable agreement
coefficients, with compromised reliability. This metric still
provides a signal of consistency for future scenarios that
may include annotators drawn from a population with back-
grounds similar to those considered in this work, specifically
a more specialized group of annotators [Artstein and Poesio,
2008]. Lastly, the sampling strategy employed, as described
in Section 5.3.5, also ensures broad coverage of the metric’s
evaluations.

A general alignment is observed when analyzing the av-
erage human agreement with the reasoning provided by G-
Eval. Notably, we highlight that agreement values in less
objective tasks are typically, and naturally, lower than those
observed in more objective ones [Reidsma and op den Akker,
2008]. A very low agreement value appears, however, in the
summarization criterion of structure & coherence.

In this case, the LLM judge occasionally penalizes sum-
maries for lacking an explicitly segmented structure, e.g., an
introduction, body, and conclusion. While such an organiza-
tion could be valuable in certain contexts, it is not a stated
requirement of the evaluation criterion and appears to reflect
an assumption made exclusively by the evaluator model. No-
tably, this expectation is also not reflected in the reference
summaries.

Furthermore, annotator comments frequently indicate that
the judge model tends to over-penalize incomplete genera-
tions (likely due to token limits), which in turn affects its
assessments across multiple criteria. An illustrative example
is provided below, where the model evaluates the output as
lacking focus in the overall text. The negative aspect raised
by the model is the abrupt ending. However, human anno-
tators noted that this could be acceptably resolved with the
insertion of a final period, preserving a coherent idea over-
all. If penalized at all, the issue would be more appropri-
ately categorized under other criteria, such as grammatical-
ity. Nonetheless, the metric assigned a final score of 0.3 to
the focus criterion.
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G-Eval Focus Judgment

GPT-4o Summary (Portuguese)
O atacante brasileiro Vinícius Júnior foi nova-
mente vítima de racismo durante uma partida
contra o Valencia no estádio Mestalla, somando
onze casos de racismo sofridos na Espanha em
menos de dois anos. O episódio mais recente
levou à paralisação do jogo e à expulsão de
Vinícius. Ao longo desse período, o jogador
enfrentou insultos racistas em diversas ocasiões,
incluindo partidas contra Barcelona,

GPT-4o Summary (English-translated)
The Brazilian forward Vinícius Júnior was once
again the target of racism during a match against
Valencia at the Mestalla stadium, bringing the
number of racist incidents he has suffered in
Spain to eleven in less than two years. The most
recent episode led to the suspension of the match
and to Vinícius being sent off. Over this period,
the player has faced racist abuse on several
occasions, including matches against Barcelona,

G-Eval Reason
The Actual Output highlights recurring incidents
of racism suffered by Brazilian player Vinícius
Júnior during matches in Spain, with the most re-
cent taking place against Valencia at the Mestalla
stadium. However, the summary ends abruptly
and lacks a proper conclusion.

The fluency criterion in the simplification task exhibited a
higher degree of disagreement among annotators regarding
the reasoning provided by G-Eval. According to annotator
comments, one evaluator did not penalize the inclusion of ad-
ditional observations on certain aspects, while the other two
considered these remarks more relevant to different criteria
and therefore evaluated them more critically.

Similarly, a comparable pattern was observed for the fo-
cus criterion in the summarization task. Two annotators fre-
quently noted in their comments that the main focus of the
generation could still be identified in many cases, even when
some lexical or grammatical inconsistencies were present. In
contrast, the third annotator more often agreed with the judge
model’s rationale that such errors could hinder the evaluation
of focus. These cases highlight how subjective interpreta-
tions can influence not only machine-based evaluations but
also human judgment in the assessment of text generation.

Conversely, human evaluation also showcases the positive
capabilities of the automatic evaluation framework. Gram-
matical errors and adequacy problems are frequently identi-
fied correctly by the LLM-based judge, as evidenced by the
high alignment in these criteria and the corresponding inter-
annotator agreement. On the other hand, human annotators
noted that similar errors are not always scored consistently,
as illustrated in the following example. Both texts associated
with these reasons received a score of 5 from all human an-
notators.

G-Eval Grammaticality Judgment

G-Eval Reason on Summary A
The Actual Output mostly follows the rules of
capitalization and syntax but has a sentence
fragment causing incomplete information at the
end.
→ G-Eval Score = 0.400

G-Eval Reason on Summary B
Most sentences in the Actual Output start with
a capital letter and are grammatically correct.
However, the last sentence is incomplete, possibly
due to an abrupt ending, affecting sentence
structure and overall completeness.
→ G-Eval Score = 0.827

These overall challenges align with findings in the liter-
ature showing that evaluations performed by LLMs are not
free from limitations and biases [Chen et al., 2024]. In this
regard, it becomes essential not to rely exclusively on such
metrics, but rather to complement them with additional in-
dicators that can address these shortcomings. These results
also suggest that evaluation becomes more robust when ap-
plied to larger volumes of text, thereby grounding the find-
ings in statistical relevance. Both of these aspects were ad-
dressed in this research.

7.2.3 Traditional NLG Metrics & Human Feedback

While human annotators were not explicitly instructed to as-
sess scores provided by traditional NLG metrics beyond the
LLM-judge-based method, it remains valuable to explore
how well these metrics align or not with human judgments.
Generally, automatic metrics underscored a clear distinc-
tion between open-weight and proprietary solutions, a trend
confirmed by human perceptions. However, within each
group, these metrics did not reveal substantial internal vari-
ations. Such a pattern might initially suggest similar model
strengths; nevertheless, when considered alongside human
judgments, they likely indicate the limited sensitivity of au-
tomatic metrics in some contexts, as previously noted in pre-
vious research [Freitag et al., 2023, 2024].

In particular, the NILC-Metrix indicators could be inter-
preted as suggesting that all evaluated models demonstrate
comparable lexical-syntactic strengths, even though seman-
tic discrepancies remain evident. Human evaluations, on the
other hand, clarified that models scoring similarly to top-
ranked approaches according to these metrics still exhibited
noticeable shortcomings in their generated texts. Therefore,
while NILC-Metrix may be effective at detecting the pres-
ence of lexical and syntactic structures, caution is warranted
in interpreting its scores, as the metric does not capture how
these structural components are articulated.

In general, this comparison between human evaluations
and automatic metrics highlights the inherent limitations of
relying solely on automated measures. Consequently, these
metrics should be interpreted with caution and used in com-
plementary combinations, as explored in this work, to bet-



Exploring Brazil’s LLM Fauna: Investigating the Generative Performance
of Large Language Models in Portuguese Assis et al. 2025

ter account for and mitigate their individual shortcomings.
Furthermore, human evaluation remains an important com-
ponent in this process.

8 Conclusion
Addressing the central question posed — What is the gen-
erative performance of LLM-powered solutions specifically
designed for Brazilian Portuguese? — this work concludes
that performance can vary depending on the task and the
specific Brazilian LLM adopted. Specifically, we eval-
uated six families of Brazilian models, including Sabiá-
3 and its smaller counterpart Sabiazinho-3, Bode-3.1-8B,
CabraLlama-8B, Boto-9B, Tucano, and Periquito. In addi-
tion, we included the GPT family representatives, GPT4o
and GPT4o-mini, as state-of-the-art generalist baselines. We
designed an evaluation framework involving NLG tasks,
namely summarization, simplification, and generative ques-
tion answering, as proxies to assess key criteria related to the
generative capabilities of these models.

Drawing on a broad set of lexical, morphosyntactic, and
semantic metrics, as well as incorporating the recent LLM-
as-a-judge paradigm and human evaluation, this work con-
tributes valuable insights into the current generative capacity
of Brazilian LLM solutions and into evaluation practices, par-
ticularly in a context that has thus far been centered around
large-scale, however, discriminative benchmarks. Our find-
ings demonstrate that previously reported results from dis-
criminative tasks in the literature do not directly map to gen-
erative performance. This reinforces the importance of evalu-
ating specifically generative aspects, as done in this research,
for developing robust conversational applications.

Moreover and perhaps unsurprisingly, our results indicate
that the GPT4o models — with outstanding performance by
the mini version — extend their well-established general-
purpose strengths to Portuguese generative tasks, despite
not being explicitly designed for this language. Further-
more, they are closely followed by Sabiá-3 and Sabiazinho-3,
which stand out as the best-performing Brazilian models in
generative terms. Nevertheless, all of these are proprietary
solutions. Among the openly available models, Boto and Tu-
cano emerge as the most competitive, with Tucano further
distinguished as a viable option in terms of environmental
impact and computational efficiency. With 2.4 billion param-
eters, it consistently ranks among the most efficient models
while at timesmatching the performance of the 9B-parameter
Boto. Despite these promising outcomes, we observed a ten-
dency among smaller and open-weight models to struggle
with generalization across the various evaluated dimensions.
While proprietary solutions show little fluctuation in top-tier
rankings, open models such as Tucano and Cabra vary more
substantially.

Curating high-quality Portuguese datasets across diverse
tasks and domains is a crucial step toward empowering open
national solutions to reach commercial-level performance.
Given that most national advancements currently rely on ad-
justing pre-trained foreign models, an open question arises:
to what extent could fully developing models tailored to na-
tional contexts better address the particularities and demands

of local applications? This remains as an interesting research
and technological avenue, yet one that is highly costly to pur-
sue and verify. Moreover, it is important to acknowledge
that while general-purpose solutions can be effective, they
are not the sole viable option. It is our view that smaller
models exhibiting high performance in specialized domains
and tasks also constitute a valuable alternative. For instance,
Tucano shows strong results in summarization and simpli-
fication tasks, yet ranks second-to-last in QA. Conversely,
Cabra leads among open-weight models in QA but remains
less competitive in other generative tasks.

In addition to evaluating model generations, we also con-
ducted a human inspection of the judgment produced by the
LLM-powered metricG-Eval, usingGPT-4o as its backbone.
We highlight that despite showing promising and useful re-
sults, particularly for enabling large-scale evaluation, LLM-
as-a-judge frameworks still present limitations regarding ad-
herence to the intended criteria and, ideally, should not be
used in isolation. We further explored how traditional NLG
metrics relate to human judgments, noting their limitations
in detecting fine-grained distinctions among model outputs.
Our results underscore the importance of a robust, multi-
indicator evaluation strategy.

In future work, we intend to expand the scope of human
evaluation, both by increasing the number of annotators and
by examining a broader set of instances. These aspects are
acknowledged as current limitations and we emphasize that
a more comprehensive and expressive evaluation is essen-
tial to better align model assessments with end-user prefer-
ences. We further emphasize the importance of revising cur-
rent benchmarks to reflect the capabilities of modern LLMs,
especially given the complexities involved in open-ended
generation. Complementarily, a future path involves releas-
ing the structured evaluation process as a framework, en-
abling its replication in the assessment of generative capa-
bilities across models. Additionally, in light of the limited
generalization observed in open-weight models across mul-
tiple criteria, we suggest that efficient fine-tuning represents
a promising strategy to improve performance in applications
that rely on current models, as previously demonstrated in
other Portuguese-language contexts [Assis et al., 2024a]. Hy-
brid approaches that integrate and leverage the individual
strengths of these models, such as agent-based systems [Mas-
terman et al., 2024], also offer a promising avenue to narrow
the gap between open-weight and proprietary solutions.
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{text_type}: {original_text}
Sumário:

B PT-BR Simplification Prompt
Substitua a frase complexa por uma frase simples.
Mantenha o mesmo significado, mas torne-a mais
simples.
Frase complexa: {text}
Frase Simples:

C PT-BR QA Prompt
Responda à seguinte pergunta com base em seu
conhecimento geral sobre {subject}.
Seja objetivo
Pergunta: {question}
Resposta:

D Metrics Implementation Details
To ensure reproducibility, we describe the computation of
each evaluation metric used in this work. The Hugging
Face evaluate24 library (version 0.4.1) was used to com-
pute BLEU, ROUGE, BLANC (phucdev/blanc_score),
METEOR, and BERTScore, with only the language param-
eter adjusted to Portuguese when applicable. For SARI,
we employed the public implementation available in the
EASSE [Alva-Manchego et al., 2019] GitHub repository25.
G-Eval was applied using the implementation provided by
DeepEval26. The NILC indicators were computed based on
their official repository27.

For the QA F1 score, following Srivastava and Memon
[2024], we compute it as the harmonic mean of precision and
recall, defined in this context as:

Precision = Number of Correctly Predicted Words
Number of Words in the Prediction

Recall = Number of Correctly Predicted Words
Number of Words in the Reference

Finally, the metrics related to carbon emissions, runtime,
and energy consumption were calculated using the official
implementation of eco2AI28.

E PT-BR Summarization Evaluation
Criteria
A. Gramaticalidade
Gramaticalidade (1-5) - O sumário não deve
conter erros de capitalização ou frases claramente

24https://huggingface.co/docs/evaluate/
25https://github.com/feralvam/easse
26https://github.com/confident-ai/deepeval
27https://github.com/nilc-nlp/nilcmetrix
28https://github.com/sb-ai-lab/Eco2AI

agramaticais (como fragmentos ou componentes
ausentes) que dificultem a leitura.

B. Não-redundância
Não-redundância (1-5) - O sumário não deve
conter repetições desnecessárias. A repetição
pode ocorrer na forma de frases inteiras repetidas,
fatos repetidos ou o uso excessivo de um sub-
stantivo quando um pronome poderia ser utilizado.

C. Clareza Referencial
Clareza Referencial (1-5) - Deve ser fácil identi-
ficar a quem ou a quê os pronomes e expressões
nominais do sumário se referem. Se uma pessoa
ou entidade for mencionada, seu papel na história
deve estar claro. Uma referência será considerada
pouco clara se uma entidade for citada sem que
sua identidade ou relação com a história fique
evidente.

D. Foco
Foco (1-5) - O sumário deve ter um foco claro;
as frases devem conter apenas informações rele-
vantes para o restante do sumário.

E. Estrutura e Coerência
Estrutura e Coerência (1-5) - O sumário deve
ser bem estruturado e organizado. Não deve
ser apenas um amontoado de informações rela-
cionadas, mas sim construir um corpo coerente de
informações sobre um tópico.

F PT-BR Simplification Evaluation
Prompt

A. Adequação
Adequação (1-5) - Quantos significados da frase
original são preservados na versão simplificada?
A frase simplificada deve manter o conteúdo
essencial da original sem perda significativa de
informações.

B. Simplicidade
Simplicidade (1-5) - A frase simplificada é de fato
mais simples do que a original? A simplificação
deve reduzir a complexidade da estrutura da frase,
tornando-a mais fácil de entender sem introduzir
informações erradas ou redundantes.

C. Fluência
Fluência (1-5) - A frase simplificada é gramat-
icalmente correta e bem formada? A estrutura
sintática deve ser natural e legível, sem erros que
dificultem a compreensão.

https://huggingface.co/docs/evaluate/
https://github.com/feralvam/easse
https://github.com/confident-ai/deepeval
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G PT-BR QA Evaluation Prompt
A. Qualidade da Resposta
Qualidade da Resposta (1-5) - Diretrizes de
pontuação:
- 1: A resposta está completamente incorreta. É
totalmente diferente da referência ou a contradiz.
- 2: A resposta apresenta algum grau de similari-
dade semântica e inclui informações parcialmente
corretas. No entanto, ainda contém discrepâncias
significativas em relação à referência ou impre-
cisões.
- 3: A resposta aborda corretamente alguns aspec-
tos, alinhando-se à referência. No entanto, ainda
há omissões ou pequenas imprecisões.
- 4: A resposta está majoritariamente correta.
Fornece informações precisas, mas pode conter
uma ou mais omissões ou imprecisões menores.
- 5: A resposta está correta. Demonstra um alto
grau de precisão e similaridade semântica com a
referência.

H Example of a Complementary Sim-
plification in Portuguese

Original Sentence
O zoneamento representa o primeiro passo na
formatação de uma política florestal no Rio
Grande do Sul.

Original Simplification Reference
A divisão do território em zonas representa o
primeiro passo na preparação de uma política
florestal no Rio Grande do Sul.

Simplification Generated by GPT-4o
O zoneamento é o começo de uma política flore-
stal no Rio Grande do Sul.
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