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Abstract

This paper describes our system for Subtask 1
of SemEval-2026 Task 9: POLAR, which fo-
cuses on multilingual polarization detection.
The task is formulated as a binary classifi-
cation problem across 22 languages drawn
from diverse online platforms and real-world
events. We investigate three complementary
approaches: supervised fine-tuning of multi-
lingual encoder-only transformer models, zero-
and few-shot classification using large language
models (LLMs), and transfer learning from
related harmful language tasks such as hate
speech, toxicity, abusive language, and gender-
based violence.

Among the supervised models, mDeBERTa
achieved the strongest baseline performance.
Prompt-based methods with open-weight
LLMs showed limited effectiveness, particu-
larly in zero-shot settings. The best results
were obtained using transfer learning, where
the model was first fine-tuned on related task
datasets and then adapted to the polarization
task, achieving a Macro-F1 score of 0.781. Our
findings indicate that supervised multilingual
encoders remain highly effective for polariza-
tion detection and that incorporating related
harmful language tasks can substantially im-
prove performance, especially for nuanced and
context-dependent expressions of polarization.

1 Introduction

Online polarization leads to hostility between so-
cial, political, or identity groups and has also been
linked to real world violence (Zelalem and Guest,
2021). Polarized online discourse frequently con-
tains harmful content, including hate speech, toxic-
ity, sarcasm, misogyny, profanity, and other forms
of abusive language (Das et al., 2024). Developing
automated systems capable of detecting polariza-
tion is therefore essential for improving content
moderation on digital platforms. However, existing
automated moderation tools are predominantly de-

signed and perform substantially better in English
and struggle for low-resource languages (Nicholas
and Bhatia, 2023). A significant resource gap per-
sists for many non-English languages, limiting the
development of robust multilingual moderation sys-
tems. SemEval-2026 Task 9: POLAR addresses
this gap by introducing a multilingual, multicul-
tural, and multi-event dataset for polarization de-
tection, comprising over 110,000 instances across
22 languages drawn from diverse online platforms
and real-world events (Naseem et al., 2026a)1. The
shared task contains 2 subtasks. Subtask 1 is a
binary classification task to determine whether a
post contains polarized content. Subtask 2 is a
multi-label classification task to classify the type or
target polarization for a given text (categories like
Political, Racial/Ethnic, Religious, Gender/Sexual
or Other). Subtask 3 is also a multi-label classifica-
tion task to classify how polarization is expressed,
with multiple possible labels including Stereotype,
Vilification, Dehumanization, Extreme Language,
Lack of Empathy, or Invalidation.

In this work, we present our system for multilin-
gual polarization detection for Subtask 1. Our ap-
proach leverages transfer learning by fine-tuning a
pretrained encoder-only transformer model on aux-
iliary tasks closely related to polarization, like hate
speech detection, implicit abusive language identifi-
cation, toxicity, offensive speech and gender-based
violence (Mozafari et al., 2019). By incorporating
task related data, we aim to improve the model’s
ability to capture nuanced and context-dependent
forms of polarized text. In addition, we also
evaluate different classification approaches, like
zero-shot and few-shot polarization detection using
large language models (LLMs), as well as safety-
oriented LLMs such as Llama-Guard (Kumar et al.,
2024; Saha et al., 2022; Melis et al., 2025; Ran-
jan et al., 2025). These experiments assess the

1https://polar-semeval.github.io/
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effectiveness of general-purpose instruction-tuned
models and specialized safety classifiers on the
multilingual polarization detection task. Our sys-
tem focuses on detection for all 22 languages in
Subtask 1.

2 Dataset

The dataset is constructed by aggregating multi-
ple resources related to hate speech, toxicity, po-
larization, and other forms of online harm across
different languages. It consists of textual data
collected from social media and online platforms,
including news websites, Reddit, blogs, Bluesky,
and regional forums (Naseem et al., 2026b). The
content spans a range of topics such as elections,
conflicts, gender rights, and migration. Each lan-
guage includes approximately 3,000–5,000 anno-
tated instances. Overall, the task covers 22 lan-
guages representing diverse cultural and geograph-
ical contexts: Amharic, Arabic, Bengali, Burmese,
Chinese, English, German, Hausa, Hindi, Italian,
Khmer, Nepali, Odia, Persian, Polish, Punjabi, Rus-
sian, Spanish, Swahili, Telugu, Turkish, and Urdu.
The dataset statistics for Subtask 1 are reported in
Table 1.

Statistic Value
Training Data 73,681
Development Data 3,687
Test Data 33,288

Table 1: Dataset Statistics

3 Methodology

Subtask 1 is formulated as a multilingual binary
text classification problem. Given an input text
sequence x from a set of languages L, the objective
is to predict whether the text contains polarized
content. The task is to learn a function f(x) →
y, where y ∈ {0, 1}, with 1 indicating that the
text is polarized and 0 indicating its not. Model
performance is evaluated using F1-macro score.

3.1 Fine-tuning Encoder-Only Models
Looking at prior work (Ragab et al., 2025), encoder-
only language models (LMs) have been widely
used for natural language understanding tasks, in-
cluding classification, and have achieved state-of-
the-art performance (Marone et al., 2025). Mul-
tilingual extensions of these models, such as
mBERT (Devlin et al., 2019) and XLM-RoBERTa

(XLM-R) (Conneau et al., 2020), further enable
cross-lingual modelling. Recent analyses indicates
that encoder-only models are significantly more
effective for classification tasks than decoder-only
models (e.g., large language models) at comparable
parameter sizes, and can outperform decoder mod-
els that are an order of magnitude larger (Weller
et al., 2025; Gisserot-Boukhlef et al., 2025). To set
a baseline we fine-tuned the models for Subtask 1.

The models were selected based on prior
work (Plaza-del Arco et al., 2023; Aluru et al.,
2020; Naseem et al., 2026b). Specifically,
seven well-performing multilingual encoder mod-
els were chosen: XLM-RoBERTa-base (Con-
neau et al., 2020), mBERT-base (Devlin et al.,
2019), mDeBERTa-base (He et al., 2021), GTE-
multilingual-MLM-base (Zhang et al., 2024),
MMBERT-base (Marone et al., 2025), Glot500-
base (Imani et al., 2023), and HateBERT (Caselli
et al., 2021). All models were fine-tuned using a
standard sequence classification setup with a task-
specific classification head. Training employed
cross-entropy loss with commonly used hyperpa-
rameters, like tuned learning rates, batch sizes,
number of epochs, validation-based model selec-
tion, and early stopping to prevent overfitting.

3.2 Zero and Few-Shot Classification using
LLMs

We additionally evaluated the ability of LLMs to de-
tect polarization without task-specific fine-tuning.
Due to computational and budget constraints, we
focused on open-weight multilingual LLMs. Many
publicly available models exhibit strong perfor-
mance primarily in high-resource languages; there-
fore, we selected models with broader multilin-
gual coverage. Specifically, we evaluated Qwen2.5-
8B, Llama-3.1-8B, and LlamaGuard-3-8B. Llam-
aGuard was included to assess whether models
trained for safety and content moderation tasks gen-
eralize to polarization detection. For zero-shot clas-
sification, the model was prompted with the input
text and asked to determine whether it contained
polarized content. For few-shot classification, the
prompt additionally included 15 labeled examples
of polarized text and 15 examples of non-polarized
text sampled from the training set. Predictions
were obtained by mapping the model’s generated
responses to binary labels.
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Dataset Type Lang Size
Hate

Check
HIn

Hate Speech Hindi 4.75K

HateXplain
Hate/

Offensive
Speech

English 20.15K

Implicit Hate
Implicit Hate

Speech
English 21.48K

MACD
Explicit
Abuse

Hindi 33.64K

OLID
Offensive
Speech

English 14.1K

ToxiGen Toxicity English 9.91K

Uli
Gender

Violence
Hindi 14.78K

Table 2: Dataset Description for Transfer Learning

3.3 Transfer Learning from Related Tasks

Polarized discourse often overlaps with other forms
of harmful language, such as hate speech, toxicity,
abusive language, and gender-based violence. We
explored a transfer learning approach in which a
model is first fine-tuned on related tasks before
being fine-tuned on the polarization dataset. We
compiled multiple datasets covering hate speech
detection, implicit abuse, offensive language, tox-
icity, and gender-based violence across English
and Hindi. To keep the focus limited, we decided
to only select languages spoken by the authors
i.e. English and Hindi. Table 2 summarizes these
datasets. The datasets used are HateCheckHIn (Das
et al., 2022), HateXplain (Mathew et al., 2021), Im-
plicit Hate (ElSherief et al., 2021), MACD (Gupta
et al., 2022), OLID (Davidson et al., 2017), Toxi-
Gen (Hartvigsen et al., 2022) and Uli (Arora et al.,
2024).

Based on the baseline experiments, mDeBERTa
achieved the best performance among encoder mod-
els and was therefore selected as the base model
for transfer learning.

The training procedure consisted of sequential
fine-tuning: the model was first trained on the ag-
gregated auxiliary datasets and subsequently fine-
tuned on the Subtask 1 training data. This approach
aims to provide the model with richer representa-
tions of harmful discourse, potentially improving
its ability to detect nuanced and implicit forms of
polarization.

4 Results

Table 3 presents the Macro-F1 scores obtained by
the different approaches evaluated in this work.
Among the supervised encoder-only models, mDe-
BERTa achieved the best performance (0.759), out-
performing other multilingual encoders such as
XLM-RoBERTa and mBERT.

Zero-shot classification using LLMs yielded sub-
stantially lower performance compared to super-
vised fine-tuning, indicating that polarization de-
tection remains challenging without task-specific
adaptation. Few-shot prompting improved per-
formance, particularly for Qwen2.5-8B, but still
did not match the best supervised models. Safety-
oriented LLMs such as LlamaGuard showed lim-
ited effectiveness on this task, this means that such
models are trained for explicit safety hazards and
do not necessarily transfer well to polarization de-
tection which is impliict and contexual in nature.

The transfer learning approach achieved the high-
est overall performance, with mDeBERTa reaching
a Macro-F1 score of 0.781 after pretraining on re-
lated harmful language tasks. This result indicates
that auxiliary supervision from related domains
provides useful signals for detecting polarization,
especially for implicit or context-dependent cases.
Overall, our findings highlight the effectiveness
of supervised multilingual encoder models and
demonstrate that transfer learning from related
tasks can substantially improve performance, while
prompting-based approaches with LLMs remain
less competitive in this setting.

5 Conclusion

In this paper, we presented our system for mul-
tilingual polarization detection for Subtask 1 of
SemEval-2026 Task 9. We explored three modeling
paradigms: supervised fine-tuning of multilingual
encoder-only models, zero and few-shot classifi-
cation using large language models, and transfer
learning from related harmful language tasks. Our
experiments show that supervised encoder-only
models provide strong performance for multilin-
gual polarization detection, with mDeBERTa out-
performing other evaluated architectures. Prompt-
based approaches using LLMs were less effective,
particularly in zero-shot settings, suggesting that
polarization detection remains challenging without
task-specific supervision. The best performance
was achieved through sequential transfer learn-
ing, demonstrating that knowledge from related
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Model F1-macro
Fine-tuning Encoder-only models

XLM-RoBERTa 0.693
mBERT 0.660
mDeBERTa 0.759
GTE-multilingual-MLM 0.664
mmBERT 0.708
Glot500 0.670
HateBERT 0.639

Zero Shot Classification

Qwen-2.5-14B 0.600

Few Shot Classification

Qwen2.5-8B 0.694
Llama-3.1-8B 0.579
LlamaGuard-3-8B 0.557

Transfer Learning

mDeBERTa 0.781

Table 3: Results

domains such as hate speech and abusive language
can significantly enhance the detection of polarized
discourse.
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We thank Dr. Çağrı Çöltekin for the feedback and
proofreading of the work. The authors acknowl-
edge support by the state of Baden-Württemberg
through bwHPC for providing compute and GPU
access.

References
Sai Saketh Aluru, Binny Mathew, Punyajoy Saha, and

Animesh Mukherjee. 2020. Deep learning models
for multilingual hate speech detection. arXiv preprint
arXiv:2004.06465.

Arnav Arora, Maha Jinadoss, Cheshta Arora, Denny
George, Haseena Khan, Kirti Rawat, Seema Mathur,
and 1 others. 2024. The uli dataset: An exercise in
experience led annotation of ogbv. In Proceedings
of the 8th Workshop on Online Abuse and Harms
(WOAH 2024), pages 212–222.

Tommaso Caselli, Valerio Basile, Jelena Mitrović, and
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Language
Encoder-only

Zero
Shot

Few shot Safety

xlm-
roberta-

base

m-
bert-
base

m-
deberta-

base

m-
gte-

multi
lingual-

mlm-base

glot-
500

-base

mm-
bert

-base

hate-
bert

qwen2.5
-14B

llama3.1
-8B

qwen2.5
-8B

llama
guard3

-8B

Amharic 0.5356 0.4196 0.6927 0.4448 0.482 0.6082 0.4613 0.4825 0.5377 0.528 0.4944

Arabic 0.7751 0.7565 0.8149 0.7681 0.7569 0.78 0.6744 0.7375 0.7243 0.7809 0.661

Bengali 0.818 0.7303 0.8336 0.798 0.7636 0.8459 0.6684 0.7908 0.7372 0.8251 0.7594

German 0.7168 0.6918 0.6967 0.6603 0.679 0.7037 0.679 0.6902 0.6389 0.7547 0.5428

English 0.7208 0.7543 0.7956 0.7101 0.7208 0.7506 0.7506 0.7587 0.7001 0.7491 0.5931

Persian 0.7073 0.7494 0.856 0.6342 0.674 0.7916 0.5085 0.5115 0.6184 0.6508 0.4091

Hausa 0.6301 0.665 0.708 0.708 0.6123 0.6131 0.7945 0.5836 0.1187 0.4647 0.5089

Hindi 0.7562 0.6861 0.8057 0.6482 0.7122 0.6162 0.6642 0.5692 0.5291 0.6545 0.4681

Italian 0.5607 0.562 0.6619 0.5804 0.5843 0.5531 0.5715 0.517 0.4547 0.5599 0.5575

Khmer 0.4747 0.5075 0.535 0.4739 0.4747 0.504 0.504 0.0889 0.1132 0.4917 0.1139

Burmese 0.7402 0.7363 0.8806 0.7677 0.737 0.8009 0.5174 0.608 0.5657 0.7695 0.6019

Nepali 0.8084 0.6768 0.798 0.7874 0.7864 0.8286 0.7199 0.6349 0.8279 0.8095 0.712

Odia 0.6878 0.5373 0.7563 0.41 0.7156 0.6775 0.5807 0.6161 0.5873 0.7783 0.5493

Punjabi 0.6991 0.7172 0.7698 0.6604 0.6511 0.7196 0.6186 0.5386 0.655 0.7778 0.6435

Polish 0.7224 0.6531 0.8103 0.6454 0.6558 0.6779 0.6531 0.7141 0.6271 0.6877 0.6351

Russian 0.7068 0.6767 0.7623 0.6554 0.686 0.7459 0.566 0.7149 0.4729 0.6603 0.5999

Spanish 0.6596 0.6718 0.7073 0.6662 0.6202 0.636 0.6248 0.7043 0.603 0.6591 0.5425

Swahili 0.6625 0.7156 0.7306 0.7115 0.6509 0.7612 0.8165 0.4782 0.6781 0.6371 0.7019

Telugu 0.6946 0.644 0.749 0.6525 0.6606 0.6941 0.6615 0.4161 0.6562 0.5887 0.3699

Turkish 0.7038 0.6515 0.7823 0.7212 0.7116 0.7391 0.6348 0.7718 0.6062 0.7877 0.6174

Urdu 0.6173 0.5192 0.6934 0.6672 0.5873 0.6723 0.6722 0.591 0.602 0.7799 0.5582

Chinese 0.8458 0.7944 0.858 0.836 0.8081 0.8505 0.7103 0.6873 0.6906 0.8831 0.6154

Table 4: Language Performance for all 22 languages
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