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Abstract
The development of robust hate speech detection systems remains limited by the lack of large-scale, fine-grained
training data, especially for languages beyond English. Existing corpora typically rely on simplistic toxic and non-toxic
labels, and the few that capture hate directed at specific minority groups lack the positive counterexamples required to
distinguish genuine hate from mere discussion. In this work, we introduce ToxSyn-PT, the first Portuguese large-scale
corpus explicitly designed for multi-label hate speech detection across nine protected minority groups, including
the non-toxic counterexamples absent in all other public datasets. Generated via a controllable four-stage pipeline,
ToxSyn contains discourse-type annotations to capture rhetorical strategies of toxic/non-toxic language, such as
sarcasm, dehumanization, and cultural appreciation. Our experiments reveal a catastrophic, mutual generalization
failure compared to existing datasets from social-media domains: models trained on social media struggle to
generalize to minority-specific contexts, and vice-versa. This finding indicates they are distinct tasks and exposes
summary metrics like Macro F1 can be unreliable indicators of true model behavior, as they completely mask model
failure. We publicly release ToxSyn on Hugging Face to support reproducible research on synthetic data generation
and benchmark progress in hate-speech detection for low- and mid-resource languages.

Keywords: Hate speech detection, synthetic data generation, low-resource NLP

1. Introduction

The task of identifying and mitigating online hate
speech is a critical challenge for building safe and
inclusive digital spaces, from social media plat-
forms to nascent virtual reality ecosystems (Albladi
et al., 2025; Weerasinghe et al., 2025). However,
progress is limited by severe limitations in avail-
able training corpora. Most existing datasets frame
toxicity detection as a binary classification prob-
lem, lacking the multi-label annotations needed to
identify specific protected classes, such as racial,
religious, or gender groups (Vargas et al., 2022).
Furthermore, while some English datasets have be-
gun to include both explicit and implicit toxicity, the
fundamental aspect of discourse type remains un-
addressed in existing corpora, failing to capture cru-
cial contextual features. Consequently, the field is
constrained to developing models that may achieve
high performance on coarse-grained benchmarks,
but lack the necessary robustness and contextual
understanding to address the nuanced ways hate
speech targets vulnerable communities.

This data-centric challenge is further com-
pounded by a linguistic bias that permeates the field.
Despite the global nature of the problem, the vast
majority of research and technological progress
remains restricted to Anglocentric contexts, rely-
ing on models trained with informal English data

scraped from a handful of platforms (Jahan and
Oussalah, 2023). As a result, these models often
fail to generalize across different linguistic and cul-
tural contexts, leading to a significant performance
gap, not only restricting the development of uni-
versally effective moderation tools but also leaves
speakers of most languages, particularly those in
low-resource settings, disproportionately vulnera-
ble to online toxicity (Kargaran et al., 2024).

These interconnected issues of data granular-
ity and linguistic focus are particularly pronounced
in the Portuguese context. Existing datasets suf-
fers from a several limitations, as the few works
that attempt to identify hate speech for specific pro-
tected groups contains only dozens or hundreds of
labeled samples, fail to include benign text about
minorities to serve as non-toxic counterexamples,
and remains confined in the social media domain,
whose linguistic patterns differ markedly from other
contexts where toxicity manifests, such as news
commentary or transcribed dialogues (De Pelle
and Moreira, 2017; Leite et al., 2020; Vargas et al.,
2022). These omissions and reliance on a sin-
gle domain fundamentally limit a model’s ability
to distinguish genuine hate from mere discussion,
and prevent the training and evaluation of minority-
aware toxicity detection models, highlighting the ne-
cessity of better Portuguese classifiers and bench-
marks.

https://huggingface.co/datasets/AKCIT/ToxSyn-PT
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In this work, we introduce ToxSyn-PT1, a large-
scale Portuguese dataset addressing minority
hate speech detection. Comprising 53,274 LLM-
generated samples annotated for toxicity, discourse
type, and minority group, ToxSyn covers nine pro-
tected communities, including racial, religious, gen-
der, and ability-based categories, all underrepre-
sented in existing resources. Furthermore, the
dataset is composed by toxic samples (harmful
texts against minority groups), non-toxic samples
(positive and neutral sentences referencing minority
groups) and neutral samples (texts not referencing
any minority groups). To the best of our knowl-
edge, it is the first corpus in Portuguese explicitly
designed to support hate-speech detection across
multiple protected groups.

We evaluate the effectiveness of ToxSyn by
fine-tuning open-source models and testing them
on toxic vs. non-toxic classification and minority-
targeted toxicity detection. The results show that
Portuguese toxicity detection models are strongly
domain-dependent, performing well within their
training domain but showing substantial degrada-
tion in out-of-domain settings. This finding high-
lights the need for robust, balanced, and minority-
aware datasets to achieve reliable generalization
across diverse linguistic domains and demographic
targets.

Our main contributions are:
1. Dataset. We introduce ToxSyn, the first pub-

licly available Portuguese corpus designed to
support hate-speech classification across mul-
tiple minority targets, comprising over 50K syn-
thetic instances annotated with toxicity, target
group, and discourse-type labels.

2. Generation Pipeline. We present a control-
lable LLM-based data generation pipeline that
enables balancing class distributions, inject-
ing low-frequency expressions, and applying
safety constraints.

3. Evaluation. We demonstrate that toxicity
detection in Portuguese is strongly domain-
dependent, with model performance degrad-
ing sharply when applied to out-of-distribution
contexts.

2. Related Works

Synthetic corpora have been explored as a means
to augment limited hate speech datasets. ToxiGen
(Hartvigsen et al., 2022) combines a classifier-in-
the-loop framework with GPT-3 (Brown et al., 2020)
to adversarially generate over 250,000 examples
across 13 demographic targets, yielding measur-
able improvements in classification performance.

1https://huggingface.co/datasets/AKCIT/ToxSyn-PT

ToxiCraft (Hui et al., 2024) extends this line of work
by using GPT-4 (Achiam et al., 2023) with struc-
tured prompting and self-evaluation to generate text
with greater controllability. Despite their technical
sophistication, both approaches are constrained to
English, which limits their applicability to languages
that differ in sociolinguistic norms and expressions
of toxicity.

In the context of Portuguese, HateBR (Vargas
et al., 2022) provides a multilabel dataset of 7,000
Instagram comments, annotated for binary of-
fensiveness, severity (in three levels), and nine
hate speech categories. Although the annotation
schema is comprehensive, the category distribu-
tion is highly uneven: only 727 category labels are
assigned in total, with 496 corresponding to party-
ism and fewer than 100 for any other class (e.g.,
just two antisemitic samples and a single exam-
ple of xenophobic text). This imbalance limits the
dataset’s utility for training models with generaliza-
tion capacity.

Several additional Portuguese-language corpora
have been proposed, but often suffer from limited
scale and class coverage. OFFCOMBR-3 (De Pelle
and Moreira, 2017) includes 1,250 comments anno-
tated across six categories by three annotators, but
only 19.5% of the samples are toxic and most cat-
egories have very few labeled instances marking
harmful content against a minority group. ToLD-BR
(Leite et al., 2020) provides annotations for four
minority classes, although it includes less than 30
examples per class. OLID-BR (Trajano et al., 2024)
improves on label balance by annotating between
92 and 461 samples per category across five tar-
get classes. Therefore, the dataset size remains
limited for training deep learning models without
additional data augmentation.

TuPy-E (Oliveira et al., 2023) merges three anno-
tated Portuguese corpora (Fortuna et al., 2019;
Leite et al., 2020; Vargas et al., 2022) with the
TuPy dataset into a unified collection of 43,668
social-media comments. Among them, 11,547
are labeled as toxic, and only 3,327 carry anno-
tations indicating offense toward a protected minor-
ity2. Although TuPy-E’s multilabel schema spans
nine categories (e.g., ageism, aporophobia, ca-
pacitism, LGBT-phobia), its utility is undermined
by severe class imbalance: some categories are
represented by fewer than one hundred instances
(e.g. ageism and aporophobia has 57 and 66 ex-
amples, respectively), whereas there is categories
such as misogyny that comprises 1,675 samples.
This extreme sparsity degrades the performance of
encoder-based multilabel classifiers in the original
study, highlighting the urgent need for larger, more

2Although TuPy-E contains Political hate category, we
disconsider it since this class do not offend any minority
group.

https://huggingface.co/datasets/AKCIT/ToxSyn-PT


3910

3) Paraphrase Augmentation...1) Seed Dataset 4) Enrichment2) Prompt-Based Expansion

Strategies

Obtain a seed dataset
capturing diverse forms of
toxic language.

Few-shot prompting with
enriched templates generates
more diverse samples.

Examples of strategies:

Few-shot prompting creates
minority-focused sentences that
expand group representation.

Paraphrase each sample to
generate new positive and
negative variants.

Harassment
Victim Blaming
Supportive Allyship

Figure 1: Overview of ToxSyn generation pipeline.

evenly distributed resources to train and evaluate ro-
bust hate-speech detection models in Portuguese.

Additionally, existing Portuguese corpora exhibit
an additional blind spot: they annotate only hostile
mentions of protected groups and omit neutral or
supportive references. Consequently, a sentence
that praises Black resilience or affirms LGBTQIA+
rights is either absent or, at best, indistinguishable
from non-minority content. This omission prevents
classifiers from learning the difference between the
absence of hate and the presence of endorsement,
limiting applications such as allyship detection and
fine-grained content moderation in both formal and
informal domains. Filling this gap is essential for
building context-aware systems that recognise not
just toxicity, but also positive engagement with mi-
nority communities.

3. ToxSyn

Our approach to construct ToxSyn emphasizes con-
trolled representation of protected groups and lin-
guistic diversity across both toxic and non-toxic
expressions. As illustrated in Figure 1, the dataset
is produced through a structured four-stage gener-
ation pipeline, designed to ensure broad coverage
of different target communities while capturing a
range of implicit and explicit toxic language. To
further enhance generalization and reduce poten-
tial overfitting to specific groups, we also incorpo-
rate neutral content unrelated to minority identity,
increasing topical variety across the dataset. De-
tailed descriptions of each stage of the pipeline are
provided in the following subsections.

3.1. Seed Dataset
We hypothesize that exposing a language model to
a rich spectrum of perspectives and expressions of
toxicity for a compact set of minority targets enables
better generalization to additional, unseen commu-
nities. Guided by this principle, we constructed
a focused seed dataset centered on two targets,
Black people and women. Selecting a small set of

groups allowed us to pursue depth over breadth,
systematically exploring intra-group variation in how
hostility and positivity are expressed while keep-
ing the seed compact and semantically coherent
for use as in-context demonstrations during later
prompt-based expansion.

Concretely, the seed comprises 40 toxic and 40
non-toxic human written examples for each target,
finalizing with 160 sentences in total. The sam-
ples were crafted to vary across multiple axes (i.e.
tone, topical content, and syntactic structure), max-
imizing intra-group diversity and providing clear
positive and counterfactual instances that help the
model distinguish targeted hostility from benign ref-
erences. These high-quality seed examples form
the foundation for our subsequent controlled LLM
generation and augmentation stages. Examples of
samples present in the seed dataset are available
in Appendix A.

3.2. Prompt-Based Expansion

In this stage, we employ GPT-4o Mini (Achiam et al.,
2023) in a few-shot prompting configuration to gen-
erate new samples conditioned on minority identity.
The model is prompted with representative seed
examples and instructed to produce linguistically
diverse toxic and non-toxic statements for one of
nine target communities: Black people, Jews, Mus-
lims, Indigenous Brazilians, women, LGBTQIA+
individuals, elderly people, and people with disabil-
ities. These categories were selected to achieve
both broad demographic coverage and equitable
representation of groups that are typically under-
sampled or totally absent from existing Portuguese
hate-speech datasets.

To ensure wide topical and stylistic coverage
across all minorities, we developed 26 distinct dis-
course type templates (14 non-toxic, 12 toxic) that
systematically vary the ideological frame and tone
of the outputs. For example, the Real Problems
Minimization discourse guides the model to down-
play the hardships of marginalized communities,
whereas the non-toxic template Problem Acknowl-
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edgment promotes constructive framing of societal
challenges. The full list of discourses are shown
in Appendix B. To further enhance textual diversity,
each generation prompt also includes a random-
ized length constraint (short, medium, or long).

We guarantee both representational balance and
conceptual robustness by generating an evenly dis-
tributed dataset across both demographic groups
and toxicity labels. This deliberate sampling design
not only prevents asymmetric group representa-
tion but also supports fairer evaluation of language
models across demographic dimensions. The re-
sulting corpus comprises 10,790 unique sentences
that combine linguistic richness with demographic
diversity, forming a solid foundation for subsequent
stages of large-scale synthetic expansion.

3.3. Paraphrase Augmentation
Each sentence produced in the expansion stage
was paraphrased twice, once through a toxic and
once through a non-toxic transformation, enriching
lexical and pragmatic variation. These transforma-
tions were randomly sampled from a new prede-
fined discourse strategy pool, introducing diverse
rhetorical and stylistic shifts that reflect how tox-
icity and neutrality manifest in natural discourse.
Toxic transformations simulate linguistic mecha-
nisms such as victim-blaming, ambiguous framing,
appeal to authority, and hyperbolic exaggeration,
while non-toxic transformations leverage strategies
like questioning, contrastive emphasis, nuanced
ambiguity, and positive negation (see Appendix C
for more detailed descriptions). This procedure
enhances linguistic heterogeneity and pragmatic
realism, providing the model with broader expo-
sure to the subtle ways toxicity and neutrality are
expressed.

Because our transformations are applied sym-
metrically (i.e., non-toxic rewriting patterns are ap-
plied to originally toxic inputs and toxic patterns to
originally non-toxic inputs), we frequently obtain
instances that are effectively detoxified but retain
residual pragmatic or referential ambiguity regard-
ing intent and target, as well as instances where
originally non-toxic inputs become ambiguous toxic
samples. These ambiguous examples increase
the corpus realism by reflecting positive text but
with terms usually associated with natural hostility
discourse, serving as valuable edge cases as they
reduce reliance on lexical heuristics by encouraging
models to exploit contextual and pragmatic cues,
providing hard examples useful for both training
and evaluation phases.

Furthermore, our paraphrasing process enabled
systematic swapping of the original minority tar-
get across the nine predefined groups. How-
ever, LLMs outputs occasionally hallucinated un-
supported targets or produced non-standard sur-

face forms. To enforce consistency, we applied a
regular-expression based normalization that maps
variant forms to our nine canonical labels (e.g.,
all “immigrant from [...]” variants were mapped
to “immigrant”). This normalization resulted in the
discarding of approximately 8% of generated sen-
tences that lacked a valid mapping.

After normalization and filtering, this stage pro-
duced 20,799 additional paraphrases. When
combined with the previous samples, the corpus
achieves 14,521 toxic and 17,068 non-toxic in-
stances, a total of 31,589 exemplars. These pro-
cedures substantially broaden ToxSyn’s stylistic
and rhetorical diversity while preserving precise
minority-target annotations.

3.4. Enrichment
In the final generation round we repeat the few-
shot procedure from Section 3.2, but draw our
in-context examples from the 31,589 sentences
produced rather than the 160 examples from the
original seed dataset. By exposing GPT-4o Mini
(Achiam et al., 2023) to this richer demonstration
pool, already populated with a spectrum of explicit
and implicit rhetoric, we encourage the model to
imitate a broader range of discourse styles while
preserving the label fidelity established earlier.

To further broaden the corpus’s coverage of im-
plicit hate speech, we extend the template cata-
logue from 26 to 28 by adding two new toxic dis-
courses: Ambiguous Prejudice (double-meaning
language to convey prejudice in an implicit but per-
ceptible way) and Justification Prejudice (frames
discriminatory attitudes as ostensibly reasonable,
presenting bias as a matter of common sense, eco-
nomic necessity, or cultural tradition). Although
earlier stages included implicit hate, these two tem-
plates diversify the rhetorical tactics used to con-
ceal prejudice, producing harder-to-classify exam-
ples that increase the dataset’s linguistic complex-
ity.

The generation process produced a minority-
targeted corpus of 50,074 sentences, including
24,707 toxic and 25,367 non-toxic examples with
automatically generated labels. A portion of this
dataset was subsequently reviewed by human an-
notators to validate label quality. The resulting cor-
pus spans a range of hateful expressions, from ex-
plicit slurs to more subtle forms of prejudice, along-
side neutral or benign statements that provide con-
trast for hate speech detection research.

3.5. Neutral Samples
To improve generalization to content where demo-
graphic cues are absent, we design a two-phase
neutral-text augmentation module. In Phase 1, we
curated 60 fully neutral handwritten sentences and
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Group Train Count Test Count Total
Black

Toxic 2,688 308 2,996
Non-toxic 2,714 299 3,013
Count 5,402 607 6,009

Women
Toxic 2,703 320 3,023
Non-toxic 2,307 248 2,555
Count 5,010 568 5,578

LGBTQIA+
Toxic 2,653 303 2,956
Non-toxic 2,668 285 2,953
Count 5,321 588 5,909

Native Brazilian
Toxic 2,615 293 2,908
Non-toxic 2,659 292 2,951
Count 5,274 585 5,859

Muslim
Toxic 2,601 287 2,888
Non-toxic 2,592 285 2,877
Count 5,193 572 5,765

Jewish
Toxic 2,514 289 2,803
Non-toxic 2,569 269 2,838
Count 5,083 558 5,641

Elderly
Toxic 2,039 237 2,276
Non-toxic 2,433 257 2,690
Count 4,472 494 4,966

Disabled People
Toxic 2,400 270 2,670
Non-toxic 2,489 269 2,758
Count 4,889 539 5,428

Immigrants
Toxic 2,022 236 2,258
Non-toxic 2,400 249 2,649
Count 4,422 485 4,907

Neutral
Toxic 0 0 0
Non-toxic 3,000 212 3,212

Total 48,066 5,208 53.274

Table 1: Final distribution of ToxSyn-PT across
groups. Labels in the test set were validated by
human annotators, whereas train set labels were
automatically generated during the dataset genera-
tion process.

expand each via a five-shot prompting routine using
four randomly chosen domain templates (conversa-
tional, news, policy, and academic). Each five-shot
input return five new samples as output, resulting
in 300 domain-varied variants.

In Phase 2, we further diversify those 300 sen-
tences through 20 distinct style-transformation
prompts, ranging from social-media vernacular to
formal editorials, resulting on 6,000 neutral candi-
dates. To maintain emphasis on minority-targeted
hate speech, we stratify this pool by seed, domain,
and style, then uniformly sample 3,200 sentences
for integration. This procedure injects rich topical
and stylistic diversity while preserving the dataset’s
core focus on protected-group samples.

Datasets Source Groups Target
OffcomBR-3 News comments 6 19
ToLD-BR Twitter 4 124
HateBR Instagram 9 727
OlidBR Social media 5 1,390
Tupy-E Social media 9 3,742
ToxSyn (ours) Controlled generation 9 50,062

Table 2: Comparison of hate-speech datasets in
Portuguese by source, number of target groups,
and number of samples targeting a minority group.

3.6. Human Annotation
To create a high-quality, human-verified benchmark,
we constructed a test set of 5,208 examples. This
set was originally composed of 200 neutral sam-
ples and a 10% sample of the generated minority-
targeted data (5,008 examples). To ensure com-
prehensive representation of our fine-grained cate-
gories, this sample was stratified across the Toxic
Label, Minority, and Discourse Type features.

A red team of three native Portuguese-speaking
annotators labeled each sample as toxic or non-
toxic and identified the targeted minority group. To
ensure an unbiased gold standard and prevent the
cognitive bias introduced by pre-annotation (Beck
et al., 2025), annotators were kept blind to the ma-
chine labels, annotating from scratch all 5,208 sam-
ples from the raw text. This approach served a dual
purpose: 1) to efficiently produce a gold-standard
test set and 2) to directly quantify the quality of our
synthetic generation pipeline.

Annotators were instructed to label a sentence
as toxic if it contained toxic content without explicit
criticism or rejection of the statement. For instance,
"my brother thinks black people are inferior" should
be labeled toxic, whereas "my brother thinks black
people are inferior, but this view is wrong because
all people are equal" should be labeled non-toxic.
Prior to annotation, participants received detailed
guidelines and content warnings about the offen-
sive nature of the data, along with the option to skip
items or withdraw at any time without penalty.

The results of this validation strongly affirm the
high fidelity of our synthetic data. The human an-
notators modified around 6% of the primary toxi-
city labels and fewer than 1% of the specific mi-
nority target labels. This high level of agreement
between the generated labels and the human judg-
ment demonstrates the robustness and accuracy
of our controllable pipeline.

3.7. Final Dataset
The final ToxSyn corpus distribution is shown in
Table 1. It comprises 53,274 synthetic sentences,
including 24,778 toxic examples and 25,284 non-
toxic sentences referencing minority groups, and
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3,212 non-toxic neutral samples, resulting in a near-
balanced split (47% toxic vs. 53% non-toxic), with
each of the nine protected groups represented by
at least 4,907 instances and at most 6,009 sam-
ples. Every entry contains annotations for toxic
label, minority group, and discourse type, support-
ing both supervised model training and corpus-level
analyses. In Table 2, we contrast ToxSyn’s source,
group coverage, and sample counts with existing
Portuguese datasets. Representative examples il-
lustrating diversity in target, toxicity, and discourse
style are provided in Table 3.

4. Experiments

We evaluate the effectiveness of the ToxSyn
dataset under two classification settings: (1) multi-
domain classification, which determines whether
a given text is toxic or non-toxic in both general
and minority targeted benchmarks, and (2) group-
specific classification, where a separate model
is trained for each protected group to determine
whether a text is toxic toward that group.

Given the lack of Portuguese benchmarks with
detailed multi-label annotations, we translated the
human-annotated portion of ToxiGen (Hartvigsen
et al., 2022) into Portuguese using GPT-4 (Achiam
et al., 2023). These experiments aim to assess the
impact of synthetic data generated by our pipeline
across multiple evaluation settings and model ca-
pacities.

4.1. Experimental Setup
Implementation. All experiments were con-
ducted on a single NVIDIA RTX 4090 GPU using
the Hugging Face Transformers library3. We used
a batch size of 32, a learning rate of 5e-5 with lin-
ear scheduling, and no weight decay. Models were
trained for 3 epochs.

Model. For both multi-domain and group-specifi
tasks, we fine-tuned the BERTimbau base model
(Souza et al., 2020), which has demonstrated
strong performance in prior Portuguese NLP bench-
marks (da Silva Oliveira et al., 2024).

Classification. In the multi-domain classification
setup, the model was trained on all training ex-
amples and evaluated on both social media and
synthetic data domains. For the group-specific
classification setting, we constructed a separate
training set for each protected group. All toxic sam-
ples targeting the group were retained as positive
instances, while 3,000 counterexamples were ran-
domly sampled as negatives: 1,000 non-toxic sam-

3https://huggingface.co/

ples from the same group, 1,000 toxic samples
targeting other groups, and 1,000 neutral samples.

4.2. Evaluation Benchmarks

Existing Portuguese hate-speech corpora are insuf-
ficient for robust target-group evaluation because
they contain only tens to hundreds of examples
per protected class, which is far too few for reliable
performance assessment. To mitigate this, we con-
catenated public datasets that contain group anno-
tations (HateBR (Vargas et al., 2022), OFFCOMBR-
3 (De Pelle and Moreira, 2017), OLID-BR (Trajano
et al., 2024), and TuPy-E (Oliveira et al., 2023)),
merging related groups to increase the number of
test samples. For example, all nationality-based
groups were grouped under immigrants, while An-
tisemitic and Islamophobic references were sub-
sumed into religious intolerance given the limited
number of samples available for each category.
The merged dataset contains 6,002 samples, of
which 2,318 share at least one protected-group la-
bel with ToxSyn. For simplicity, we mention this set
as Portuguese Merged in the rest of the paper.

To improve minority coverage for evaluation,
we utilize GPT-4o Mini (Achiam et al., 2023) to
translate the human-annotated portion of ToxiGen
(Hartvigsen et al., 2022). This set contains multi-
label examples for six protected groups that are
also present in ToxSyn. The resulting dataset con-
tains 8,960 samples of both toxic and non-toxic text
mentioning specific groups, of which 6,166 sam-
ples contains minority groups label that intersects
with ToxSyn.

Although Portuguese Merged set constitutes
the largest multi-label test set for hate speech
in Portuguese, it is constrained by its informal
social-media register and by only marking protected
groups when content is toxic; neutral or supportive
references remain unlabeled, and no existing cor-
pus covers enough minority-targeted examples for
training. The translated ToxiGen dataset mitigates
some of these gaps by supplying formal, multi-label
examples, but it introduces unnaturalized phrasing
and culturally mismatched slurs (for instance, the
English "watermelon" stereotype against Black peo-
ple does not translate meaningfully in Portuguese).

4.3. Multi-Domain Classification

We assess cross-domain generalization by fine-
tuning BERTimbau on the full training sets of ToLD-
BR, HateBR, OLID-BR, and our ToxSyn dataset,
subsequently evaluating each model against the
test sets of all other benchmarks. To effectively
capture performance across these diverse distribu-
tions, we employ the Macro F1-score to account for
class imbalance, alongside Toxic-Class Recall to
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Comment Offensive Minority Discourse Type
Os muçulmanos frequentemente clamam por respeito, mas será que sua história de
conflitos não complica essa busca por aceitação?

Translation: Muslims often call for respect, but doesn’t their history of conflicts complicate
this quest for acceptance?

Yes Muslims Ambiguous Prejudice

Se as mulheres realmente quisessem ajudar, ao invés de criarem mais divisão, poderiam
ter contribuído positivamente para os movimentos sociais.

Translation: If women truly wanted to help, instead of creating more division, they could
have contributed positively to social movements.

Yes Women Victim Blaming

Não se pode ignorar que a comunidade judaica é frequentemente reconhecida por sua
resiliência, mesmo em situações desafiadoras.

Translation: It cannot be ignored that the Jewish community is often recognized for its
resilience, even in challenging situations.

No Jewish Positive Negation

Às vezes, dá até um nó na cabeça ver a rapidez que as fofocas rolam nas redes sociais,
mas é massa perceber como isso mexe com a cabeça da galera.

Translation: Sometimes it’s mind-boggling how fast gossip spreads on social media, but
it’s cool to see how it really messes with people’s minds.

No Neutral -

Table 3: Samples from ToxSyn labeled with Hate-Speech, Minority and Discourse Type. In regionalism
discourse, it is possible to see some Brazilian Portuguese slugs.

specifically prioritize the model’s sensitivity to harm-
ful instances. As detailed in Table 4, our evaluation
reveals distinct performance patterns where mod-
els excel within their specific domains but struggle
to generalize across the boundary between general
social media and minority-focused content.

Initial results demonstrate that models perform ro-
bustly when tested on data that matches their train-
ing domain or rhetorical style. Models trained on so-
cial media (ToLD-BR, HateBR, OLID-BR) achieve
strong in-domain recall (ranging from 0.60 to 0.95),
indicating they effectively capture the explicit na-
ture of online harassment. Similarly, the model
trained on ToxSyn corpus performs well on its own
test while effectively generalizes to the translated
ToxiGen dataset, achieving a strong 0.69 F1-score
and 0.77 Toxic-Class Recall. This transferability
suggests that while ToxSyn is synthetic, it success-
fully encodes the underlying, structural patterns of
group-targeted hate, allowing it to identify toxicity in
other minority-focused contexts that share a similar
objective.

However, moving outside these specific domains
reveals a catastrophic, mutual generalization fail-
ure. When models trained on general social media
are tested on minority-focused data, they appear
nearly blind to the toxicity. For instance, the ToLD-
BR model identifies only 10 of the 2,472 toxic sam-
ples in the ToxSyn test set, and even the strongest
social media model (trained on OLID-BR dataset)
captures only 20% of toxic samples in ToxSyn and
19% in ToxiGen. This failure is reciprocal: the
ToxSyn model also struggles with out-of-domain
corpora, achieving a toxic-class recall of only 0.17
on ToLD-BR.

These findings indicate that social media toxic-
ity, which is often explicit and impulsive, contrasts

with minority-targeted hate, which tends to be more
structural or implicit, resulting in fundamentally dif-
ferent linguistic signatures. Consequently, models
overfit to their specific rhetorical contexts, highlight-
ing a massive reliability gap and the critical need
for diverse, minority-aware datasets to build truly
robust classifiers.

Test Data Finetune Data
ToLD-BR HateBR OLID-BR ToxSyn (Ours)

F1
-S

co
re

ToLD-BR 0.79 0.69 0.80 0.46
HateBR 0.77 0.91 0.63 0.46
OLID-BR 0.60 0.62 0.69 0.42
ToxiGen* 0.41 0.46 0.48 0.69
ToxSyn (Ours)* 0.35 0.36 0.37 0.94

R
ec

al
l

ToLD-BR 0.78 0.78 0.95 0.17
HateBR 0.60 0.89 0.91 0.51
OLID-BR 0.70 0.88 0.94 0.47
ToxiGen* 0.09 0.17 0.19 0.77
ToxSyn (Ours)* 0.00 0.18 0.20 0.94

Table 4: Cross-domain generalization results. We
report Macro F1-score and Recall for the Toxic
class. Datasets marked with * belong to the do-
main of group-targeted data.

4.4. Group-Specific Classification
We next evaluated our ToxSyn-trained model’s abil-
ity to perform fine-grained, multi-label classification
of which protected group is being targeted, using
the Portuguese Merged and the translated sub-
set of ToxiGen as evaluation sets. A critical chal-
lenge in this evaluation is that existing Portuguese
datasets contain only toxic instances for each minor-
ity group, lacking any neutral or benign counterex-
amples. This data structure makes precision-based
metrics like F1-score mathematically unreliable, as
there are no true negatives for the group-specific
task. We therefore report Macro Recall, which prop-
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Group Macro-Recall Support
PT

M
er

ge
d

Black 0.63 230
Women 0.63 961
LGBTQIA+ 0.64 734
Religious 0.80 68
Elderly 0.54 44
Immigrants 0.59 281
Average 0.64 -

To
xi

G
en

Black 0.72 713
Women 0.74 717
LGBTQIA+ 0.67 714
Muslim 0.69 688
Jewish 0.76 688
Immigrants 0.60 2,646
Average 0.70 -

Table 5: Group-specific classification performance
per target group on ToxiGen Translated and Por-
tuguese Merged.

erly measures the model’s sensitivity to detecting
targeted hate. In addition, the lack of suitable public
Portuguese resources make it impossible to train
comparable minority-aware baselines, highlighting
the novelty of our work.

As shown in Table 5, the resulting model
achieved a strong average macro recall of 0.70
on the translated ToxiGen set, reflecting the close
conceptual alignment between the two minority-
focused resources. The model achieves a mod-
erate 0.64 macro recall on Portuguese Merged,
demonstrating a solid capability to transfer its knowl-
edge to the noisier, out-of-domain social media con-
text. However, the performance on this set varies
significantly across groups, often correlating with
data scarcity (e.g., 0.80 recall for "Religious" with
68 samples vs. 0.54 for "Elderly" with 44 samples).
These results confirm that ToxSyn can serve as a
foundational resource for training robust, minority-
aware models in Portuguese, while also highlight-
ing the need for more balanced, multi-group data
collection.

5. Discussion

Our experiments reveal a profound domain de-
pendency in Portuguese toxicity detection. The
cross-domain evaluation demonstrates a mutual
and catastrophic generalization failure, in which
models trained on general social media corpora are
incapable of detecting minority-targeted hate and,
conversely, our ToxSyn-trained model, while highly
effective in its own domain, also fails to generalize
to general-domain datasets. This mutual failure
strongly suggests that toxicity is not a monolithic
concept. The rhetorical and contextual patterns of
minority-targeted hate are fundamentally different
from the lexical cues of social-media insults. This

finding exposes a critical methodological risk in tox-
icity evaluation, revealing that Macro F1 scores can
be dangerously deceptive by masking a model’s
complete failure to perform its primary task.

Given this domain-specificity, the primary con-
tribution of ToxSyn is not as a general-purpose
solver, but as the first resource to enable a pre-
viously impossible task in Portuguese: building
and evaluating fine-grained, minority-aware mod-
els. Our group-specific experiments underscored
this, as the lack of non-toxic counterexamples in
all other public corpora made it impossible to even
train comparable baselines.

ToxSyn’s success in this task, and its ability
to generalize to other minority-focused dataset,
is a direct result of our controllable generation
pipeline. By systematically creating fine-grained
annotations (discourse types, target groups) and,
crucially, their corresponding detoxified counterex-
amples, we compel the model to learn the deeper
contextual features that distinguish genuine harm
from benign discussion of identity, rather than brit-
tle, surface-level heuristics.

6. Conclusion

In this paper, we introduced ToxSyn, a large-scale,
fine-grained synthetic dataset that fundamentally
addresses a critical resource gap in Portuguese.
It is the first Portuguese corpus to enable the fine-
grained classification of hate against specific mi-
nority groups, a task previously impossible due to
the critical absence of non-toxic counterexamples
in all other public data. Our controllable four-stage
pipeline was designed to systematically generate
these balanced and nuanced instances, providing
a unique resource for the community.

The empirical investigation using ToxSyn re-
vealed that toxicity detection is not a monolithic
problem. We demonstrated a catastrophic, mutual
generalization failure between general-domain and
minority-targeted hate speech, proving that even
within the general toxicity domain, there are mul-
tiple manifests of harmful content and, therefore,
multiple sub-domains. This finding also serves as
a crucial methodological warning: our results show
that summary metrics like Macro F1 are danger-
ously deceptive, as they can completely mask a
model’s total failure to detect the target toxic class.
We thus argue that future benchmarks must in-
corporate more granular metrics. Our generation
pipeline provides a generalizable protocol for cre-
ating such resources, and we release ToxSyn as a
new benchmark to stimulate more rigorous, context-
aware evaluation in the pursuit of genuinely equi-
table online safety.
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7. Future Work

Our work on ToxSyn opens several promising av-
enues for future research. First, our four-stage gen-
eration pipeline serves as a generalizable frame-
work. A clear next step is to adapt this methodology
to other low-resource languages that face similar
data scarcity, enabling the creation of fine-grained,
balanced hate speech corpora globally. Second,
our experiments confirmed a severe, mutual gener-
alization failure between social-media and minority-
focused domains. Future work should focus on
bridging this domain gap. This could involve do-
main creating hybrid datasets that mix different do-
mains to train a single, robust classifier that oper-
ates effectively across diverse linguistic contexts.
Third, our dataset contains rich discourse-type la-
bels (e.g., Ambiguous Prejudice, Justification Prej-
udice). While we used these for generation and
stratification, they remain an untapped resource.
Training models to explicitly classify these rhetorical
strategies, moving beyond if a text is toxic to how
and why it is toxic, would enrich the research in the
field. Finally, while ToxSyn is validated against hu-
man annotation, it remains a synthetic resource. A
crucial next step is to address this gap by collecting
in-the-wild, human-authored data and annotating it
using ToxSyn’s detailed, multi-label schema.

8. Limitations

While ToxSyn substantially advances Portuguese
hate-speech resources, it carries several impor-
tant caveats. First, each sentence is annotated
with a single target group, precluding the analysis
of intersectional or multi-target cases; overlapping
abuses (e.g., simultaneously sexist and racist lan-
guage) thus remain unmodeled. Second, the cor-
pus lacks severity tiers (e.g., mild versus severe
toxicity), which limits studies requiring fine-grained
harm assessment. Third, our four-stage genera-
tion pipeline relies on a fixed set of prompts and
normalization rules. Although this ensures control
and class balance, it may constrain the emergence
of novel or context-specific hate-speech patterns
not captured in our templates.

Moreover, as a fully synthetic dataset, ToxSyn
inherits potential biases from the underlying LLM,
including repetitive phrasing and distributional arti-
facts that may diverge from authentic human lan-
guage. Finally, while our human-in-the-loop vali-
dation of the 5,208 sample test set allowed us to
quantify the pipeline’s high fidelity, the remaining
training samples did not undergo this same rigor-
ous human review and may contain a similar level
of labeling noise.

9. Ethics Statement

The use of generative models to create synthetic
toxic data must be approached with great caution
to prevent harmful applications, such as deliber-
ately offending minority groups or training language
models to produce hate speech. Nevertheless, re-
sponsible use of this methodology can significantly
enhance online communication by improving the
identification of toxic content and specifying the
particular minority groups being targeted. To en-
sure ethical deployment, applications that intend
to use ToxSyn should be validated by a under mul-
tidisciplinary team, providing critical guidance on
responsible usage and preventive measures for
potential misuse.
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A. Seed Dataset Samples

To exemplify the composition of the initial seed
dataset, we provide a subset of representative sam-
ples below (translated to English). The examples
are grouped by target demographic and sentiment
polarity, illustrating the type of linguistic patterns
included in the dataset.

A.1. Black People

Positive: Many people have racist sayings, such
as "that’s something Black people would do,"
but they are wrong and should not be spread.

Positive: Some individuals have tried to associate
certain negative characteristics with the black
race, but this is a myth, as well as being offen-
sive.

Negative: Will we ever see a successful film that
doesn’t need to include a Black character just
to please the audience?

Negative: Black athletes always have more physi-
cal strength; what they lack is in terms of men-
tal skills."
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A.2. Women

Positive: Women who excel in sports are not chal-
lenging norms, but rather showing that talent
has no gender.

Positive: The presence of women in leadership
positions should not be seen as an exception,
but as an evolving norm.

Negative: Even though they are great at multi-
tasking, when it comes to difficult decisions,
women tend to get a little lost.

Negative: It’s like they say, right? A woman be-
hind the wheel is dangerous. Just kidding, but
really, sometimes when I’m with my girlfriend
and she’s driving, I get scared.

B. Discourse Types

B.1. Harmful strategies

Violence Generate text that explicitly incites vio-
lence against a specific group, promoting aggres-
sive behavior in a clear and direct form.

Hostile Create a heated debate narrative ex-
pressing intensely negative, prejudiced, and toxic
views against a group, reflecting strong hostility and
biased arguments.

Hate Speech Compose fictional accounts of hate
speech directed at a specific group in a creative
and detailed way that reflects the intensity of the
prejudice.

Harassment Develop scenarios of workplace ha-
rassment targeting a specific group, illustrating per-
sistent behaviors of humiliation or marginalization.

Authoritative Argument Formulate arguments
that cite alleged authorities, studies, or distorted
statistics (even if false) to justify prejudiced view-
points, lending a veneer of legitimacy to discrimi-
natory statements.

Moral Superiority Criticize a specific group
based on a supposed ethical or moral superior-
ity, suggesting that the group is inherently inferior
or corrupt.

Legal Discrimination Defend arguments that
use legal reasoning or formal language to justify dis-
crimination against a group, framing biased claims
as legitimate under the law.

Historical Revisionism Reinterpret historical
events to belittle or criticize a group, suggesting
that the group was less important or even harmful
in certain contexts.

Equal Rights Denial Argue against granting
equal rights to a specific group, promoting inequal-
ity as natural or necessary.

Dehumanization Create dehumanizing compar-
isons that reduce a group to something less than
human, using metaphors or degrading language.

Segregation Defend the idea of separating a
group from society, suggesting that exclusion is
necessary to protect social values without explicitly
using the word "separation."

Real Problems Minimization Downplay the gen-
uine difficulties faced by a group by portraying their
struggles as exaggerated or irrelevant, thereby de-
valuing their experiences.

Ambiguous Prejudice Use double meanings
and coded language to convey prejudice implic-
itly but perceptibly, making hostility less overt yet
still recognizable. Strategy added only in the last
phase of our pipeline.

Justification Prejudice Create sentences that
normalize prejudiced attitudes by presenting them
as justifiable or socially acceptable in a subtle, im-
plicit manner. Strategy added only in last phase of
our pipeline.

B.2. Harmless templates
History Create historical sentences about
minority-related events that, while not prejudiced,
can be interpreted negatively if taken out of context,
maintaining an informative tone.

Inspirational Figures Celebrate the achieve-
ments and legacies of historical figures from mi-
nority groups, highlighting their positive impact on
society.

Cultural Appreciation Emphasize the cultural
contributions of different minority communities,
showcasing the diversity and richness each group
brings to society.

Community Strength Highlight the resilience
and solidarity of minority communities, celebrat-
ing cooperation, mutual support, and progress
achieved.
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Positive Inclusivity Promote acceptance and re-
spect for individuals from all minority groups, ad-
dressing sensitive topics in an explicitly positive
manner and encouraging equality.

Equal Rights Advocacy Advocate for equal
rights and respect for all groups by underscoring
the importance of recognizing and guaranteeing
equal rights, thereby fostering inclusion and social
justice.

Problem Acknowledgment Acknowledge and
validate the challenges faced by a specific group,
promoting solutions and support in a positive and
constructive way.

Humanization Emphasize shared humanity by
highlighting common qualities and experiences that
unite individuals, fostering empathy and mutual re-
spect.

Thought Provoking Statements Craft factually
correct statements about minority groups that may
be misinterpreted if not read carefully, challenging
preconceptions.

Extremely Positive Create unambiguously posi-
tive narratives that celebrate a specific group’s con-
tributions and importance in a clear, direct manner.

Positive Stereotypes Employ common stereo-
types explicitly but subvert them to promote accep-
tance and respect for the group, thereby disarming
prejudice.

Economic Development Demonstrate how the
inclusion of minority groups drives economic growth
and sustainable development, underscoring their
crucial role in society.

Supportive Allyship Actively support and de-
fend the rights of a specific group, promoting soli-
darity and amplifying their voices to foster inclusion
and justice.

Historical Documentaries documentary-style
scripts that narrate the history and contributions of
minority groups in an engaging, educational, and
respectful manner.

C. Rewriting Discourse Types

C.1. Harmful
Victim Blaming Reformulate texts to blame the
minority group itself for the problems it faces, in-

sinuating that they are responsible for their own
discrimination or hardships.

Doubt or Ambiguity Rewrite toxic texts to insin-
uate prejudice ambiguously or suggest doubt, mak-
ing the offense less direct while remaining percep-
tible.

Appeal to Authority Reformulate toxic texts by
citing supposed authorities, studies, or statistics
(even when fabricated) to legitimize discriminatory
claims.

Hyperbole or Exaggeration Rewrite toxic texts
to intensify or exaggerate prejudice in an overt man-
ner, using hyperbole and amplification without re-
sorting to explicit slurs.

C.2. Harmless
Contrast Emphasis Rewrite sentences to high-
light apparent contradictions that initially seem con-
flicting but ultimately underscore positive aspects
of the mentioned group.

Question Format Transform statements into
rhetorical or direct questions that emphasize posi-
tive aspects of a group, engaging the reader inter-
actively.

Nuanced Ambiguity Reformulate sentences to
introduce ambiguity, allowing multiple interpreta-
tions that might seem prejudiced at first glance but
in fact carry no bias.

Positive Negation Rewrite sentences by negat-
ing negative assertions, resulting in neutral or af-
firming statements that avoid prejudice.

D. Prompts Utilized

The prompts presented in Figure 2 corresponds
to the core generation prompt used in our experi-
ments. While the study involved strategies to by-
pass model safety guardrails in order to elicit harm-
ful outputs, those jailbreaking techniques are inten-
tionally not disclosed in this paper. This decision
was made to prevent potential misuse while still
allowing readers to understand the structure and
role of the base prompt used in the generation pro-
cess. As a result, the prompt shown here does not
by itself reproduce the full experimental setup with-
out the additional, undisclosed steps used during
interaction with the model.
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f “Nós estamos trabalhando para gerar um dataset em português de toxicidade.

Portanto, devemos gerar frases que possuem uma conotação preconceituosa.
Suas frases devem criadas para capturar sutilezas na linguagem, um preconceito
não utilize palavrões.

O grupo almejado para suas frases é o grupo de {minority}, portanto, suas frases
devem possuir conotação preconceituosa sobre estas pessoas.

Suas frases devem ter até {sentence_size} palavras, e devem ser totalmente
diferentes umas das outras. Observe os 5 exemplos abaixo:
{examples}

Você pode fazer perguntas, pode usar de hipérboles, pode até mesmo deixar mais
implicito ou explicito.

Não utilize o formato "[...], mas [...]", explore outras formas de texto e não apenas
essa.

É importante manter o teor pedido e variar bastante suas mensagens em
comparação aos exemplos, sem repetir trechos ou comentários. Nesta etapa, o
objetivo é ter comentários novos para generalizar melhor.”

Prompt for Expansion & Enrichment

f “Estamos criando um dataset de toxicidade em português, com frases
preconceituosas direcionadas aos grupos {unique_minorities}.

Neste momento, a partir da frase fornecida, retorne um JSON com uma
reformulação que mantenham o mesmo viés preconceituoso. As reformulações
devem seguir as categorias abaixo:
{reformulations}

Essas categorias são apenas para te guiar, não as coloque na saída final. Todas as
reformulações devem manter o mesmo preconceito original, mas apresentá-lo sob
novas perspectivas. O formato de saída deve ser um JSON com a key sendo a
minoria e o value sendo o texto reformulado.

*Importante:*
- Os textos devem mudar em relação ao texto inicial, não repita nenhum texto
- Seja preconceituoso nos seus textos, claro e objetivo no preconceito, mesmo
que o texto original não seja.
- Você pode alterar a minoria para qualquer uma dos grupos disponíveis. Você não
pode gerar um texto para qualquer outro grupo.”

Prompt for Paraphrase

Figure 2: Core prompts used for dataset generation:
Expansion/Enrichment (top) and Paraphrasing (bot-
tom).
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