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Abstract

The safe deployment of Large Language Mod-
els remains challenging in multilingual settings,
particularly when models are exposed to adver-
sarial or malicious prompts in underrepresented
languages. In this work, we present Curupira,
a Brazilian Portuguese-language guard model
designed to mitigate harmful prompt exploita-
tion. To do this, we establish a three steps
methodology that involves adaptation, data gen-
eration, and fine-tuning. We also evaluate our
model with two state-of-the-art open guardrail
architectures. The results show that targeted
fine-tuning leads to consistent improvements
in safety classification for Portuguese prompts,
with favorable efficiency—performance trade-
offs for compact models and limited degrada-
tion in cross-lingual evaluation.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong performance across a wide range
of natural language processing tasks. However,
their susceptibility to producing harmful, biased, or
unethical outputs when exposed to adversarial or
malicious prompts remains a critical challenge for
safe deployment in real-world applications (Wei-
dinger et al., 2022). To mitigate these risks, mod-
ern LLMs systems increasingly rely on special-
ized moderation components, commonly referred
to as guardrails or safeguards—auxiliary models
designed to filter inputs and outputs according to
predefined safety taxonomies.

Despite their effectiveness in English-centric set-
tings, many guardrail models exhibit a pronounced
safety gap in multilingual scenarios. State-of-the-
art (SOTA) approaches such as Llama-Guard (Inan
et al., 2023) and ShieldGemma (Zeng et al., 2024)
are predominantly trained on English data, lead-
ing to inconsistent behavior when exposed to non-
English inputs (Yang et al., 2024). Even recent mul-
tilingual initiatives, including Qwen3Guard (Zhao

et al., 2025), remain vulnerable to challenges such
as code-mixing and culturally grounded expres-
sions, which can obscure harmful intent and by-
pass safety mechanisms (Banerjee et al., 2025).
For Portuguese, these issues are amplified by the
scarcity of high-quality, safety-aligned corpora, re-
sulting in guardrails that are susceptible to adversar-
ial prompts, regional slang, and culturally specific
linguistic patterns (Brito et al., 2025; Bansal and
Mishra, 2025).

This challenge gains additional relevance in light
of recent advances in the Brazilian LLMs ecosys-
tem. The emergence of open and locally developed
models—such as Sabia, Gaia, Amadeus-Verbo, and
Tucano—marks an important step toward linguis-
tic and technological autonomy (Cruz-Castafieda
and Amadeus, 2025). However, the deployment of
these models in real-world applications also raises
pressing concerns regarding safety, robustness, and
resistance to harmful or manipulative inputs in
Brazilian Portuguese. Ensuring effective guardrails
is therefore a prerequisite for the responsible adop-
tion of national and regional LLMs.

In this work, we address these limitations by
developing Curupira, a Brazilian Portuguese-
language guard model for harmful prompt mitiga-
tion. The name is inspired by the Curupira, a figure
from Brazilian folklore traditionally depicted as
a protector of forests who misleads those intent
on causing harm!. Analogously, our model is de-
signed to protect Brazilian Portuguese LLMs by
identifying and neutralizing harmful or adversarial
inputs before they cause downstream damage.

Methodologically, we adapt established English-
centric safety frameworks to the Lusophone con-
text and demonstrate that Supervised Fine-Tuning
(SFT) with high-quality synthetic data can substan-
tially improve guardrail robustness in Portuguese.
Our contributions are threefold: (i) adapting En-
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glish safety taxonomies to Portuguese through syn-
thetic data generation; (ii) an empirical evaluation
of the effectiveness of SFT in improving guardrail
performance for Portuguese prompts; and (iii) a
comparative analysis of safety adaptation across
SOTA architectures.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work on multi-
lingual LLMs safety and guardrail models. Sec-
tion 3 details the three steps methodology for adap-
tation, data generation and fine-tuning. Section 4
describes the experimental setup and evaluation
protocol. Section 5 presents and analyzes the ex-
perimental results. Finally, Section 6 concludes the
paper and outlines directions for future work on
Brazilian Portuguese-language safety alignment.

2 Related Work

Recent work on safety mechanisms for LLMs has
primarily focused on instruction-based fine-tuning
of specialized guardrails to mitigate vulnerabilities
like prompt injection, where malicious inputs hi-
jack goals or leak system instructions (Perez and
Ribeiro, 2022). Representative approaches include
Llama-Guard (Inan et al., 2023), Aegis (Ghosh
et al., 2024), WildGuard (Han et al., 2024), and
ShieldGemma (Zeng et al., 2024), which differ in
scope and design by targeting harmful user inputs,
unsafe model outputs, or both. These models typ-
ically rely on predefined safety taxonomies and
supervised signals to enforce policy compliance.
From a multilingual perspective, the Qwen3Guard
family (Zhao et al., 2025) represents a notable ad-
vance, supporting numerous languages and intro-
ducing tri-class safety judgments. However, em-
pirical safety evaluations in Portuguese remain
limited. Initial efforts indicate that Portuguese-
focused models better discern cultural nuances,
such as distinguishing harmless slang from ac-
tual toxicity, compared to broader multilingual
LLMs (da Silva Oliveira et al., 2024). Despite
this progress, empirical evaluations of guardrail
adaptation to Portuguese remain limited.

3 Methodology

We focus on bridging the safety gap for Brazilian
Portuguese language through a three steps data-
centric approach, involving taxonomy adaptation,
synthetic data generation, and SFT.

3.1 Safety Taxonomy

The four core safety categories established in the
ShieldGemma technical report (Zeng et al., 2024):
(i) Hate Speech, (ii) Harassment, (iii) Sexually Ex-
plicit, and (iv) Dangerous Content served as the
conceptual foundation. We utilized these categories
as a baseline to drive the creation of a Portuguese-
specific safety corpus. This approach was designed
to incorporate linguistic nuances and cultural con-
texts, such as regional slangs and adversarial pat-
terns prevalent in Lusophone social media.

3.2 Data Generation

We developed a pipeline based on the Al-Assisted
Red-Teaming (AART) framework (Radharapu
et al., 2023). For the generation stage, we imple-
mented a sequential strategy using three distinct
prompting layers: (1) conceptual mapping to es-
tablish specific terminology and slangs native to
the Portuguese language; (2) structural typology
to ensure syntactic variety; and (3) instance syn-
thesis to produce high-fidelity toxic content. This
process yielded a balanced dataset of safe/unsafe
pairs, providing the necessary contrastive signals
to distinguish between benign intent and malicious
prompts in the Portuguese language.

3.3 Supervised Fine-Tuning

In this step, the objective is to adapt a model to
Brazilian Portuguese language while preserving
their original safety reasoning capabilities.

4 Experimental Setup

This section describes the experimental pipeline
adopted to develop and evaluate the Curupira
model. The setup follows the methodological pro-
cedure, a baseline evaluation of pretrained models,
and post-training evaluation.

4.1 Synthetic Dataset Instantiation

Following the methodology described in Sec-
tion 3, we instantiated a Portuguese synthetic safety
dataset comprising 17,513 labeled examples of bal-
anced safe/unsafe pairs. For all experiments, the
dataset was stratified into training, validation, and
test splits using an 80/10/10 ratio. This synthetic
corpus was used exclusively for SFT, internal val-
idation, and controlled comparison between pre-
and post-training model performance.
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Figure 1: Overall macro F1-score comparison between baseline (gray bars) and Curupira models (green bars). Scores
are averaged across all datasets and safety categories. Here "QG" means Qwen3Guard, "SG" means ShieldGemma,

and "Cp" means Curupira.

Large Models (7B - 9B)
(Cp 7B vs QG 8B vs SG 9B)

HateBR

Hate
Speech
OLID-BR

Harassment
Sexually
Explicit
Info
Dangerous
Content

ToLD-BR

Overall

ToxSyn-PT

Medium Models (2B - 4B)
(Cp 3B vs QG 4B vs SG 2B)

HateBR

Hate
Speech
OLID-BR

Harassment
Sexually

Explicit
Info

Dangerous
Content

ToLD-BR

Overall

ToxSyn-PT

Small Models (0.6B)

TuPyE

Toxic-Chat
HateBR

OLID-BR

Sexually
Explicit
Info

TolLD-BR

ToxSyn-PT

Toxic-Chat

(Cp 0.6B vs QG 0.6B)

TuPyE

Toxic-Chat

Hate

Speech

= Curupira (Ours)
—— Qwen3Guard
—— ShieldGemma

Harassment

Dangerous
Content

Overall

TuPyE

Figure 2: Radar plots comparing baselines (blue and orange polygons) and Curupira (green polygons) models
performance profiles. Each axis corresponds to a dataset or safety category, illustrating behavioral trade-offs induced
by fine-tuning. Here "QG" means Qwen3Guard, "SG" means ShieldGemma, and "Cp" means Curupira.

4.2 Evaluation Benchmarks

Model performance was evaluated using a diverse
set of public benchmarks designed to assess robust-
ness under realistic linguistic conditions. These
datasets differ substantially from the synthetic train-
ing data in terms of source, annotation methodol-
ogy, and linguistic variability, and are primarily
composed of user-generated content from social
media platforms.

The evaluation suite includes five Brazilian
Portuguese datasets: ToxSyn-PT (Brito et al.,
2025), OLID-BR (Trajano et al., 2024), TuPy-E

(Oliveira et al., 2023), HateBR (Vargas et al., 2022),
and ToLD-BR (Leite et al., 2020). These cor-
pora exhibit substantial linguistic noise, including
slang, abbreviations, informal syntax, and context-
dependent interpretations. In addition, we include
Toxic-Chat (Lin et al., 2023), an English-language
dataset consisting of real user prompts collected
from an online chatbot demonstration. This bench-
mark is used to assess potential cross-lingual per-
formance degradation and catastrophic forgetting
effects induced by fine-tuning on Portuguese-only
data.
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4.3 Baseline Evaluation

As a first step, we evaluated original pretrained
models to establish a baseline and quantify the in-
herent gap when models trained predominantly on
English are applied directly to Brazilian Portuguese
inputs. This baseline consists of ShieldGemma 1
(2B, 9B variants) and Qwen3Guard-Gen (0.6B, 4B,
and 8B variants) using the full set of synthetic test
data and public benchmarks.

4.4 Supervised Fine-Tuning

All fine-tuning experiments shared the following
configuration: loss computation restricted to gener-
ated completions, bfloat16 precision, a maximum
sequence length of 8,192 tokens, and the paged
AdamW optimizer. We systematically varied the
learning rate, number of epochs, and warmup ratio
across five experimental configurations to analyze
stability, convergence behavior, and generalization.

4.5 Post-Fine-Tuning Evaluation

All adapted models were re-evaluated using the
same synthetic test split and public benchmarks
employed in the baseline phase. This post-training
evaluation enables direct comparison of pre- and
post-fine-tuning performance, isolating the impact
of Portuguese adaptation. Particular attention was
given to changes in false positive and false negative
rates, as well as to potential degradation on the
English Toxic-Chat benchmark, which serves as an
indicator of cross-lingual interference.

4.6 Evaluation Metrics and Output
Normalization

Given the class imbalance typical of public safety
benchmarks, where unsafe instances constitute a
minority of samples, we report F1-score as the pri-
mary evaluation metric. This metric provides a
direct and interpretable assessment of false posi-
tive and false negative trade-offs, which are critical
in safety-sensitive applications. To enable direct
empirical comparison across architectures, we nor-
malized model outputs into a unified binary de-
cision space. ShieldGemma’s generative Yes/No
predictions were aligned with Qwen’s categorical
outputs (Safe, Unsafe, Controversial). For binary
evaluation, both Unsafe and Controversial predic-
tions from Qwen were treated as positive instances
indicating a safety violation.

5 Results and Analysis

This section analyzes the performance of baseline
and Curupira models, focusing on overall effec-
tiveness, robustness across datasets, and behavioral
trade-offs induced by SFT.

Figure 1 provides a global comparison of all
evaluated models, aggregating performance across
datasets and safety categories. SFT consistently im-
proves macro F1-scores across all models, confirm-
ing the effectiveness of the synthetic Portuguese
dataset.

Among all configurations, Curupira-7B achieves
the highest overall performance, followed closely
by Curupira-3B. Notably, Curupira-0.6B exhibits
substantial gains. This result highlights a favor-
able efficiency—performance trade-off, indicating
that compact architectures can achieve competitive
safety performance when properly adapted. Be-
yond aggregate performance, fine-tuning yields
consistent improvements across most evaluation
benchmarks. The largest gains are observed in
categories explicitly targeted during synthetic data
generation, including Overall, Harassment, Sexu-
ally Explicit Information, Dangerous Content, and
Hate Speech. At the same time, consistent im-
provements are also observed across several pub-
licly available Portuguese-language datasets con-
taining naturally occurring harmful content, indi-
cating that the benefits of SFT extend beyond the
synthetic training distribution. Performance regres-
sions are limited and localized, primarily affecting
datasets with greater distributional or linguistic di-
vergence. No model exhibits widespread degrada-
tion across benchmarks, indicating that SFT im-
proves task-specific performance without compro-
mising general safety reasoning. As shown in Fig-
ure 2, Curupira models consistently expand out-
ward relative to their baselines, reflecting gains
across most datasets and safety dimensions. Lo-
calized contractions are observed in specific axes
for Curupira models, including the ToxSyn-PT
dataset in the Curupira-0.6B configuration, consis-
tent with dataset-specific or capacity-related trade-
offs. The absence of abrupt collapses suggests that
fine-tuning does not induce overfitting or catas-
trophic forgetting. Overall, these results indicate
that SFT on a synthetic Portuguese safety dataset
yields stable improvements across model families
and scales, while the strong post-SFT performance
of smaller models supports the feasibility of effi-
cient guardrail deployment.
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6 Conclusion and Limitations

This work investigated the development of open
guardrails models for Brazilian Portuguese using
a data-centric SFT approach. Results show that
fine-tuning on a synthetic safety dataset yields
consistent improvements in safety classification
across public benchmarks, with Curupira models
demonstrating favorable efficiency-performance
trade-offs. Limitations include reliance on syn-
thetic data, which may introduce generation-related
biases and limit coverage of real-world linguis-
tic variability; the absence of human evaluation;
and the restriction to text-based classification. De-
spite these constraints, the findings highlight the
relevance of open, locally adapted safety mod-
els, particularly in reducing dependence on closed
and English-centric moderation systems. Future
work will explore parameter-efficient fine-tuning
for larger models, the integration of human evalua-
tion protocols, and the extension of the proposed
approach to multimodal and generative safety set-
tings.
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