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Abstract

This paper describes our participation in Se-
mEval 2026 Task 9: Multilingual Text Polariza-
tion. The task requires estimating polarization
levels across languages, where linguistic vari-
ability and limited annotated data pose signif-
icant challenges. To address data scarcity, we
propose a pipeline that combines cross-lingual
translation, synthetic data augmentation via
LLMs, and domain-specific pre-trained models.
Our approach leverages the hypothesis that po-
larization signals can transfer across languages
without substantial loss of semantic alignment,
enabling effective data augmentation through
translation. Notably, one-shot synthetic exam-
ple generation emerges as a viable strategy for
enriching training data in topic-specific sce-
narios. Experimental results demonstrate high
stability and competitive performance, achiev-
ing a macro Fl-score of 0.7869 for Spanish
and 0.7939 for English on the test set, rank-
ing 21th on the official English leaderboard,
while our Spanish results are competitive with
top-performing systems, corresponding to 7th
place.

1 Introduction

Digital platforms have changed public discourse
into a fragmented space where differences of opin-
ion turn into isolated groups that define themselves
by rejecting opposing voices (Sunstein, 2017; Bak-
shy et al., 2015; Pariser, 2011). This division be-
comes a social problem when conflict stops being
about ideas and starts targeting people: the other
side is no longer someone who thinks differently,
but an enemy to be excluded through stereotypes
(Bramson et al., 2016; Mason, 2015). The result is
attitude polarization—a deep hostility that reduces
empathy, encourages hate speech, and weakens
public debate (Cinelli et al., 2021; Quattrociocchi
etal., 2016).

Detecting polarization automatically is particu-
larly challenging because hostile discourse rarely

presents itself as such. Polarized language often
hides behind opinions, making the line between
critical expression and antagonistic intent hard to
draw (Davidson et al., 2017). Unlike explicit hate
speech, polarization works through framing, insin-
uation, and in-group signals—subtle patterns that
require contextual and cultural knowledge to iden-
tify (Bail et al., 2018; Basile et al., 2019).

This makes supervised models hard to train: they
need large amounts of labeled data to learn these
subtle patterns, but annotated datasets are scarce,
especially outside English (Rottger et al., 2021; Ma-
gueresse et al., 2020). A direct response is data aug-
mentation. Since polarization is tied to real social
context, translating existing datasets from other lan-
guages provides authentic examples (Kumar et al.,
2020; Conneau et al., 2020), while using LLMs to
generate examples across underrepresented topics
helps the model cover a wider range of domains
(Mgller et al., 2024).

This study introduces a binary classification
method for polarization, using cross-lingual data
augmentation to address limited training data by
translating polarized datasets into Spanish! and
English and further enriching them with synthetic
examples covering underrepresented topics. Devel-
oped for SemEval 2026 Task 9 - Subtask 1: Mul-
tilingual Text Classification Challenge (Naseem
et al., 2026a)2, this framework provides a scalable
way to detect antagonistic intent and monitor digi-
tal public debate. Our findings suggest that cross-
lingual data supports polarization detection, espe-
cially for closer languages, while synthetic data
expands coverage and improves robustness beyond
conventional domains.

"Due to the submission policy, only the last submitted run
is shown on the leaderboard, corresponding to our English
model. However, our Spanish results were also evaluated
under the official framework.

2Code and resources are available at https://github.
com/miricalderonr/nlpcimat-at-POLAR
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2 Related Work

A central challenge in polarization detection is the
scarcity of labeled data, particularly in languages
other than English (Bender, 2019; Joshi et al.,
2020). Data augmentation has been widely stud-
ied as a mitigation strategy, with back-translation
emerging as the predominant technique: a text is
translated into a pivot language and back, yielding
a paraphrase of the original (Sennrich et al., 2016;
Wei and Zou, 2019; Feng et al., 2021a). However,
back-translation operates within the same language,
primarily preserving the communicative intent and
core semantics of the source (Edunov et al., 2018).

Cross-lingual transfer offers a more diverse al-
ternative. Unlike back-translation, which recycles
existing examples within the source language, an-
notated instances from other languages are trans-
lated directly into the target language, introducing
texts that were originally produced with different
communicative intentions and discourse patterns
(Fadaee et al., 2017; Feng et al., 2021b). This dis-
tinction is particularly relevant for polarization de-
tection, where diversity in rhetorical strategies and
framing may be as important as lexical variation.

SemEval 2026 Task 9 (POLAR) (Naseem et al.,
2026b) provides precisely such a setting, offering
a multilingual framework covering 22 languages
that enables the systematic incorporation of diverse
intentional and rhetorical patterns through cross-
lingual augmentation.

LLM-based synthetic data generation provides a
complementary strategy. Prompted with task defini-
tions and a small number of examples, instruction-
tuned models can produce labeled instances with
variation in framing, tone, and rhetorical strat-
egy (Mgller et al., 2024; Whitehouse et al., 2023),
proving particularly effective in low-resource and
domain-specific settings (Chung et al., 2023).

In this work, we propose a pipeline that com-
bines direct cross-lingual translation from multiple
languages and LLLM one-shot synthetic generation
as complementary augmentation strategies, evalu-
ated through BERT-based ensemble classifiers for
both Spanish and English. We examine whether
polarization signals transfer effectively across lan-
guages and whether synthetic data can serve as a
viable substitute for scarce native annotations.

3 System Overview

The following overview describes the methodology
used to develop the system; for a visual summary,

refer to the pipeline diagram in Figure 1.

3.1 Data augmentation

Polarization is a complex task where the distinction
between polarized and neutral content often relies
on subtle intent-related nuances. Since capturing
these patterns effectively requires a high volume of
training examples (Sun et al., 2017), we expanded
our training set through data augmentation.

3.1.1 Cross-lingual Augmentation

As a first data augmentation strategy, we imple-
mented a cross-lingual approach to address the
limited number of labeled examples. Since po-
larization tends to manifest through rhetorical pat-
terns that transcend specific languages and cultures,
translated examples are expected to preserve the
structural signatures of polarized discourse. As
the primary focus of our system is the Spanish
language, we used the Google Cloud Translation
API to convert polarized texts from all other avail-
able sources into Spanish. This process included
data from Ambharic, Arabic, Bengali, Burmese,
English, German, Hausa, Hindi, Italian, Khmer,
Nepali, Odia, Persian, Polish, Punjabi, Russian,
Swahili, Telugu, Turkish, Urdu, and Chinese. By
projecting the original labels onto the translated
versions, we significantly increased the training
volume, providing the model with a broader range
of patterns to identify polarization. A similar proce-
dure was followed for our second proposed model
in English, where texts from the other available
languages, including Spanish, were translated to
expand the training set.

3.1.2 LLM-driven Data Synthesis

The second strategy involved generating synthetic
data to expand the training set beyond the stan-
dard categories provided in the competition. While
the original dataset focused on traditional conflict
domains such as politics, race, religion, and gen-
der, two additional areas were introduced: science
and technology, and sports. This approach aimed
to demonstrate that polarization is not limited to
commonly debated social categories, but can also
arise in a broader range of contexts. By exposing
the model to this variation, the objective was to
develop a more robust classifier capable of identify-
ing structural features of polarized discourse, such
as in-group and out-group dynamics and antago-
nistic framing, even when vocabulary and thematic
content differ substantially.
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Figure 1: Flowchart of the system architecture, showing the data augmentation process, training phase, and inference

stage.

To generate this content, we used RigoChat 2
(Goémez et al., 2025), a 7B parameter model specif-
ically aligned for Spanish tasks, as this augmenta-
tion strategy was applied exclusively to Spanish.
To ensure the quality of these examples, we applied
a validation process in which the model classified
each generated text using a one-shot approach, em-
ploying a formal definition of attitudinal polariza-
tion and a single example per label. This allowed
the system to learn that polarization is a structural
linguistic pattern that transcends specific thematic
keywords. The prompt used for both generation
and validation, including the one-shot example, is
shown in appendix A.

3.1.3 Data Selection Strategy

To identify the most effective data configurations,
we adopted an incremental greedy selection strat-
egy, starting with the original dataset and adding
new sources — cross-lingual translations and LLM-
generated examples — only when they improved
the F1-score, ensuring a controlled and empirically
grounded expansion of the training data.

3.2 Classification models

This subsection details the architectures selected
for the classification task. = We adopted a
transformer-based ensemble strategy to capture
the linguistic nuances of polarization by merging
the strengths of two specialized models. For the
primary system in Spanish, we developed a soft-
voting ensemble using the following architectures:

* BETO: We used BETO as our foundational
model. It remains the most widely validated
BERT-based architecture for Spanish, provid-
ing a stable understanding of the language’s
formal and syntactic structures through its
Whole Word Masking (WWM) pre-training
(Caniete et al., 2023).

* RigoBERTa 2.0: To complement BETO, we
incorporated RigoBERTa 2.0. This model is
a recent RoBERTa-based architecture specifi-
cally optimized for modern Spanish tasks. It
is particularly effective at processing the infor-
mal and linguistic variations found in social
media contexts (IIC, 2025).

We chose this ensemble to achieve broader lin-
guistic coverage. By averaging the class probabili-
ties of both models, the system balances the formal
syntactic stability of BETO with the modern lin-
guistic sensitivity of RigoBERTa 2.0, effectively
reducing the specific biases that a single model
might inherit from its pre-training data.

For the English experiments, we followed a sim-
ilar logic by combining BERT-large-uncased and
RoBERTa-large. These models serve as a method-
ological mirror, allowing us to evaluate the consis-
tency of our approach across different languages
using high-capacity, standard benchmarks.

4 Experimental Setup

This section describes the tools and parameters
used in our experiments. Our pipeline integrates a
self-validated generation stage followed by a robust
ensemble classification strategy.

4.1 One-Shot Data Generation

To expand the training set, we used RigoChat-7b-
v2 with a one-shot prompting strategy. Specifically,
we provided a single representative example for
each domain (sports and science).

We applied a Self-Consistency filter to ensure
label reliability while preserving data diversity in
the generated data. For each generated text, the
model performed five independent classification
trials using a temperature of 7 = 0.6. We re-
tained only those samples for which the predicted
label achieved confidence ¢ > 0.65. By setting
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Table 1: Performance evolution for Spanish and English using a greedy strategy. Bold indicates the best configuration.
A F1 is the change from the previous best F1, AF'11 according to the original data. N denotes the size.

Language Data Configuration N Accuracy Fl-score A F1 A Flp
O: Original data 3305  0.7212 0.7386 - -
A: O + English 6527  0.7467 0.7628 +0.0242  +0.0242
B: A + Arabic 9907  0.7333 0.7471 -0.0157  +0.0085
C: A + Telugu 8893  0.7333 0.7442 -0.0186  +0.0056
D: A + Odia 8895  0.7333 0.7442 -0.0186  +0.0056
E: A + Persian 9822  0.7091 0.7143 -0.0485 -0.0243

Spanish F: A + Khmer 13167 0.6970 0.7222 -0.0406  -0.0164
G: A + Italian 9861  0.6970 0.7222 -0.0406 -0.0164
H: A + German 9707  0.7515 0.7684 +0.0056 -0.0298
I: H + Russian 13055 0.7273 0.7458 -0.0226  -0.0072
J: H + Chinese 13987 0.7333 0.7500 -0.0184 +0.0114
K: H + Burmese 12596 0.7394 0.7624 -0.0060  +0.0238
L: H+ LLM sports 11256 0.7576 0.7701 +0.0315 -0.1795
M: L + LLM science 11799 0.7212 0.7416 -0.0268  +0.0030
O: Original data 3223 0.8063 0.7680 - -
A: O + Russian 6570  0.8187 0.8000 +0.0320  +0.0320
B: A + Nepali 8575  0.8125 0.7922 -0.0078  +0.0242

English C: A + Spanish 9875  0.8063 0.7824 -0.0176  +0.0144
D: A + Swahili 13561 0.8063 0.7862 -0.0138  +0.0182
E: A + German 9750  0.8250 0.8077 +0.0077 +0.0397
F: E + Turkish 12114 0.8125 0.7904 -0.0173  +0.0224

the threshold below a perfect confidence score, we 5  Results

allow a controlled degree of noise in the dataset.
This design choice encourages the final models to
learn from ambiguous or soft instances of polariza-
tion, ultimately improving robustness in real-world
scenarios.

4.2 Model Training and Ensemble

We fine-tuned the RigoBERTa (IIC/RigoBERTa-
2.0) and BETO (dccuchile/bert-base-spanish-wwm-
cased) models using the following parameters:

e Pre-processing: We normalized the text by
replacing URLs and user mentions. We also
reduce character repetitions.

* Training Settings: Both models were trained
for 3 epochs with a learning rate of 2 x 10~°
and a batch size of 16. We used a fixed seed
(93330) to ensure all experiments are repro-
ducible.

* Soft-Voting Ensemble: The final predictions
are calculated by averaging the probability dis-
tributions from both models. This ensemble
strategy improves system stability and reduces
errors that a single model might introduce.

This section presents the evolution of our model’s
performance under the greedy selection strategy.

5.1 Development Analysis

Results for the Spanish subtask are detailed in Ta-
ble 1. From a baseline F1-score of 0.7386 on the
development set, the inclusion of English and Ger-
man translations, alongside the LLM-generated
sports category, reached a peak F1-score of 0.7701.
In contrast, translations from sociolinguistically
distant languages, such as Persian or Khmer, de-
creased performance by up to 0.0400. A similar
trend was observed in the English subtask in Table
1, where selecting specific linguistic sources led to
a consistent improvement of +0.0397, confirming
the strategy’s generalizability.

Discussion

These findings suggest that polarization is deeply
embedded in cultural context. In their work,
Naseem et al. (2026b) assigned the original gold
labels through native annotators, thereby capturing
locally grounded perceptions of conflict. When
these labels are preserved in translations into lin-
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Table 2: Official competition results on test set. UTokyo
Tsuruoka Lab is the first place on the leaderborad.

Data Configuration F1-macro
Spanish

POLAR baseline 0.7266
UTokyo Tsuruoka Lab 0.8030
Original data 0.7613
+ ENG + DEU 0.7746
+ ENG + DEU + LLM sports 0.7869
English

POLAR baseline 0.7802
UTokyo Tsuruoka Lab 0.8252
Original data + RUSS + DEU  0.7939

guistically and culturally distant languages, they
carry over culturally specific judgments that may
not fully resonate in the target context, potentially
introducing variation. In this light, data augmenta-
tion appears to be most effective when the cultural
understanding of opinionated conflict is closely
aligned between the source and target languages.

On the other hand, the success of the sports do-
main versus the failure of science reflects a fun-
damental difference in how conflict is structured.
The sports category likely improved performance
because it shares an inherent us-versus-them logic
with attitude polarization, where clear, opposing
groups are identifiable. In contrast, while scien-
tific discourse can contain strong or even extremist
opinions, it lacks the well-defined group-based divi-
sions found in other domains. Conflict in science is
often epistemological or focused on individual sen-
timent toward a theory, rather than a confrontation
between established social groups. Consequently,
science data may introduce noise by shifting the
model’s focus toward general sentiment analysis
rather than the group-based adversarial markers
required for polarization detection.

5.2 Official Evaluation

For the official competition phase, Table 2 presents
our proposed models for both languages, alongside
the POLAR baseline and the first-place system.
Our best configuration achieved an F1-macro of
0.7869 in Spanish, only 0.016 points below the
first-place system, demonstrating competitive per-
formance. Furthermore, our result in English of
0.7939 confirms that our approach generalizes ef-

fectively across languages. These results validate
that the configurations derived from the develop-
ment phase remain robust on unseen competition
data.

6 Conclusion

This study presented an approach for the SemEval-
2026 Task 9 on multilingual text polarization, prior-
itizing Spanish as the primary language of analysis
through BETO and Rigoberta. Our results demon-
strate that data augmentation, specifically through
translation for this task, is an effective strategy for
capturing polarized discourse. This method proved
functional even when applied to English, show-
ing that the technique scales successfully to the
language typically regarded as the field’s standard.
However, the success of these techniques is not
necessarily inherent, as it remains subject to local
and cultural contexts. Ultimately, our work high-
lights that while translation-based augmentation is
a practical and robust tool, its effectiveness is me-
diated by the subjective nature of social media and
the specific cultural nuances of the target language.

7 Ethical Considerations

Following responsible data practices, this study
builds on the ethical guidelines of the POLAR
benchmark (Naseem et al., 2026b), whose data was
collected from public sources, anonymized, and
annotated by fairly compensated native speakers.
Our cross-lingual approach introduces additional
ethical complexity, as content that is polarized in
one language may be legally or culturally harm-
ful in another due to divergent laws and norms
around topics such as gender, religion, or ethnicity.
Researchers extending this work should exercise
caution when translating sensitive content across
language pairs, and remain mindful of the dual-use
risks of polarization detection models, which could
be repurposed for censorship or political surveil-
lance.
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A Prompts and One-Shot Examples

This appendix presents the prompts and one-shot
examples in their original language (Spanish)
alongside their English translations.

Generation Prompt

Spanish (original)

Genera un texto breve en espafiol tipo tweet.
Caracteristicas:
- Dominio: opiniones sobre ciencia, tecnologia,
IA, pseudociencia /
Dominio: opiniones sobre deportes (futbol,
equipos, jugadores, partidos)
- Muy informal y esponténeo
- Escritura descuidada a propdsito
- Puede tener:
- faltas ortograficas
- palabras pegadas
- letras cambiadas
- puntuacion incorrecta o ausente
- mayusculas inconsistentes
- Suena impulsivo, no redactado
- Polaridad clara
- NO corrijas el texto
Devuelve SOLO el texto.

English (translation)

Generate a short tweet-like text in Spanish.
Characteristics:
- Domain: opinions on science, technology, AI,
pseudoscience /
Domain: opinions on sports (soccer, teams,
players, matches)
- Very informal and spontaneous
- Deliberately careless writing
- May include:
- spelling mistakes
- merged words
- swapped letters
- incorrect or absent punctuation
- inconsistent capitalization
- Sounds impulsive, not drafted
- Clear polarity
- Do NOT correct the text
Return ONLY the text.

Classification Prompt
Spanish (original)

Clasifica si el texto contiene polarizacion
social o actitudinal.

La polarizacion implica discurso que promueve
division entre grupos,

groupismo (ellos vs nosotros), estereotipos,
vilificacion,

deshumanizacion, intolerancia u odio hacia otros
grupos.

(1=polarizado, @=no polarizado).

English (translation)

Classify whether the text contains social or
attitudinal polarization.

Polarization implies discourse that promotes
division between groups,

in-group dynamics (them vs. us), stereotypes,
vilification,

dehumanization, intolerance or hatred toward
other groups.
(1=polarized, @=not polarized).

One-shot Examples

Science (Spanish):
"yo creo mas en la astrologia q en la ciencia
moderna”. Label: @

"los antivacunas son un peligro, no deberian ni
opinar”. Label: 1

Science (English):
"i believe more in astrology than in modern
science”. Label: @
"anti-vaxxers are dangerous, they shouldnt even
have an opinion”. Label: 1

Sports (Spanish):
"el partido termino 1 a @ con gol de cabeza”.
Label: @

"los hinchas de ese club son todos unos simios
nunca cambian”. Label: 1

Sports (English):
"the match ended 1-0 with a header goal”. Label:
0

"the fans of that club are all a bunch of apes
they never change”. Label: 1
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