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Abstract
Polarization detection in low-resource and mid-
resource languages remains a significant chal-
lenge for social understanding. This paper
presents the first comprehensive benchmark
to evaluate transformer-based models for de-
tection of polarized language in Persian (also
called Farsi) social media. The aim is to eval-
uate 1) how and if finetuning the pre-trained
models have substantial impact; 2) how Per-
sian specific monolingual models compare to
multilingual for this task; 3) how and if trans-
fer learning from models trained on other lan-
guages such as culturally-distant English, and
culturally-close[er] Turkish, and Arabic can
be of interest for this task; and 4) how com-
petitive Large Language Models (LLMs) are
in a zero-shot setting. Our evaluation of ten
transformer-based models and two LLMs on
a publicly available Farsi polarization dataset
shows promising findings, highlighting both
the strengths and limitations of each approach.

1 Introduction
Polarization is the fragmentation of society into an-
tagonistic groups with fundamentally opposed val-
ues and identities (Stewart and Tingley, 2020). Po-
larization in online discourse has emerged as a chal-
lenge for social media platforms and content mod-
eration systems (Shen and Rose, 2019). Polariza-
tion is often discussed under the umbrella of toxic
or hateful language, but it captures a different phe-
nomenon. Hate speech focuses on how a target is
spoken about, while polarization focuses on how
sharply groups are separated in public discourse.
For example, a polarized sentence in Persian might
say:

ஓ஁޳ ّިاࢾࣖ ۱چۉ وڢب ሏᇧ ܔٷڎ، دڣ؇ع ༡ܦި݁ب દતا از ᄊჳ ๱ཏܔ»
ܾ۱ از ً ఈః݁Ⴄၖ ؇݁ دਜ಻؇ی ًڰ۳݄ڎ؛ را ݁أଫଐض ਵਦدم درد
༥1ڎاݿب.»

1Translation: “Someone who defends this government can
never understand the pain of the protesting people; our worlds

This sentence clearly separates us from them and
presents the groups as unable to understand each
other, but they do not directly insult each other. In
contrast, a hate-oriented sentence might be:

ؕᆇᅹ ༥؇݁أ۬ از ࣖ࣎؇ً و ۱ފྥٷڎ ܔټچࠕࠨ آدم ۱؇ی «݁أଫଐض ۱؇
2ނިࢾࣖ.»

Here, a group is directly attacked, which turns the
statement into hateful or abusive content.

While significant progress has been made in
detecting polarization in high-resource languages
like English (Juvino Santos et al., 2025), low-
resource and mid-resource languages such as Per-
sian remain understudied despite having large, po-
litically active online communities. This gap repre-
sents a critical limitation: millions of Farsi speak-
ing users express polarized views on Twitter, Insta-
gram, and other platforms regarding politics, reli-
gion, women’s rights, and social issues. Yet, tools
to systematically detect and analyze this polariza-
tion remain largely unavailable. The recent ex-
pansion of the POLAR dataset to include Persian
(Naseem et al., 2025) presents an opportunity to
evaluate polarization detection models for this lan-
guage.

This paper presents the first comprehensive
benchmark for the detection and categorization of
Persian polarization in both binary and multilabel
settings. We investigate four key research ques-
tions. First, to what extent does fine-tuning im-
prove performance compared to pretrained mod-
els? This question examines whether domain-
specific training substantially enhances model ca-
pabilities. Second, how do monolingual (specifi-
cally pretrained for Persian) models compare with
multilingual models on Persian polarization detec-
tion and categorization? Third, does cross-lingual
transfer from models trained on languages such as
Arabic and Turkish, which are spoken in countries
are completely separate.”

2Translation: “The protesters are filthy people and should
be cleared away from society.”
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with some level of cultural similarity, outperform
transfer from the culturally distant English lan-
guage? Fourth, how well are LLMs for both binary
polarization detection and multilabel polarization-
type classification?

In the rest of this paper, we first review related
works in Section 2. Section 3 and Section 4 present
the datasets used in our study, the models em-
ployed, and the experimental setup and results. Fi-
nally, Section 5 outlines the limitations and direc-
tions for future work, and Section 6 concludes the
paper.

2 Related Work

Polarization detection has emerged as an impor-
tant research area in Natural Language Process-
ing (NLP), particularly given its implications for
understanding online discourse and social dynam-
ics. Early work focused primarily on English-
language contexts, examining ideological expres-
sion in political debates and social media (Kubin
and Von Sikorski, 2021; Hohmann et al., 2023;
Kreiss and McGregor, 2024). (Naseem et al.,
2025) introduced POLAR, the largest multilingual
polarization benchmark with more than 23,000 in-
stances across 7 languages, including multi-level
annotations for binary detection, type classifica-
tion, and manifestation identification. The dataset
addresses a critical gap in multilingual NLP by pro-
viding balanced coverage of diverse languages and
social phenomena related to political, ethnic, reli-
gious, and gender-based polarization. The recent
expansion of the POLAR framework includes a
Persian dataset, offering an unprecedented oppor-
tunity to evaluate polarization detection models for
low and mid-resource languages.

Persian NLP has seen growing attention, partic-
ularly in toxic language detection, hate speech de-
tection, and offensive language identification. A
foundational contribution to Persian hate speech re-
search is the PHATE dataset (Delbari et al., 2024),
which consists of over 7,000 manually-annotated
Persian tweets with multi-label hate speech an-
notations. What distinguishes PHATE from pre-
vious Persian datasets is its inclusion of annota-
tors’ explanations that justify each hate speech la-
bel alongside information about targeted groups.
This enriched annotation approach facilitates not
only supervised classification but also research on
model interpretability. The dataset encompasses
a hierarchical multi-label structure with three sub-

categories: violence, vulgarity, and hate. (Ke-
briaei et al., 2023) contributed to Persian offen-
sive language detection research by constructing
a large-scale 38,000-tweet corpus using keyword-
based data selection techniques combined with
crowdsourced annotations and a curated Persian
insulting lexicon. This dataset represents one
of the largest openly available resources for Per-
sian harmful language detection and demonstrates
the feasibility of scaling Persian offensive lan-
guage annotation. The study employed both clas-
sical machine learning approaches and modern
transformer-based models to establish baselines
on this dataset. Their work shows that Persian-
specific models outperform multilingual alterna-
tives, reinforcing the importance of language-
specific pre-training for this task.

Cross-lingual transfer has proven effective for
many NLP tasks. Recent work by (Bokaei et al.,
2025) provides particularly relevant insights for
cross-lingual transfer learning in Persian toxic lan-
guage detection. In their comprehensive study on
the PHATE dataset, they investigated the role of
cultural context in transfer learning effectiveness.
Critically, they found that transfer from languages
originating from culturally similar countries (Ara-
bic, Indonesian) yields significantly better results
than transfer from culturally distant yet resource-
rich languages like English.

However, the focus of prior work on toxic lan-
guage and hate speech detection has left polariza-
tion detection, a distinct phenomenon with differ-
ent manifestations and social implications, largely
unexplored in Persian.

3 Experimental Plan
We structure our experimental plan around the fol-
lowing research questions on Persian polarization
detection and polarization categorization:

• RQ1: Does fine-tuning on Persian polariza-
tion data improve performance compared to
using pretrained models alone? Which fine-
tuned model outperforms the others among
monolingual and multilingual models?

• RQ2: How do Persian-specific monolingual
models compare with multilingual models?

• RQ3: Does cross-lingual transfer from cul-
turally related languages, such as Arabic and
Turkish, outperform transfer from culturally
distant languages such as English?
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Table 1: Dataset statistics for polarization detection and category classification. For Persian, values are averages
over 5 CV folds with 80% for training and 20% test (10% of training data is considered as validation dataset).
Samples can belong to multiple categories.

Polarization Detection Category Classification
Language Split Total Non-Polarized Polarized Political Racial Religious Gender Other

Persian
Train 2,372 632 1,740 1,043 58 229 142 574
Validation 264 70 194 116 6 25 16 64
Test 659 171 488 289 16 63 39 160

English Train 2,676 1,674 1,002 996 264 106 67 121
Turkish Train 2,364 1,209 1,155 1,057 400 360 113 114
Arabic Train 3,379 1,868 1,511 780 583 283 369 565

• RQ4: Are zero-shot LLMs performing bet-
ter than transformer-based models in both
binary polarization detection and multilabel
polarization-type classification?

Polarization Detection We first examine
whether a given text contains polarizing content.
Each sample is assigned a binary label indicating
the presence (1) or absence (0) of polarization.
This setting reflects a common real-world scenario
in which systems must distinguish polarized
discourse from neutral content before any further
analysis.

Polarization Categorization We then study a
more fine-grained setting that focuses on identify-
ing the types of polarization expressed in a text.
Each sample is evaluated independently across five
dimensions: Political, Racial/Ethnic, Religious,
Gender/Sexual, and Other. The Other category
captures content that does not fall into the prede-
fined categories. Since multiple forms of polar-
ization can co-occur within the same text, this is
formulated as a multi-label classification problem.
For example, gender-related polarization may over-
lap with religious arguments, which makes this set-
ting more challenging than binary detection.

Dataset Overview We use POLAR dataset
(Naseem et al., 2025) for both polarization detec-
tion and categorization tasks. Table 1 presents
dataset statistics across Persian, English, Turk-
ish, and Arabic languages. It is shown that the
dataset is highly imbalanced among labels, and
models need to tackle this challenge. Figure 1
presents the sentence length distribution across dif-
ferent languages. Word counts range from an aver-
age of 11 words in English to 22 words in Turk-
ish, while character counts vary more, from 70

characters (English) to 172 characters (Turkish).
This difference in character/word count reflects the
distinct morphological properties of different lan-
guages. Persian exhibits a unique pattern where
non-polarized content is longer compared to po-
larized content. In contrast, English, Turkish, and
Arabic show the opposite trend, with polarized con-
tent being longer than non-polarized content.

Model Selection We evaluate ten transformer-
based models, grouped into monolingual Persian
models and multilingual models. This design
allows us to directly compare language-specific
pretraining with multilingual representations and
to analyze their strengths and limitations for Per-
sian polarization analysis. In addition, we in-
clude two zero-shot LLM baselines, Gemini-2.5
flash lite (Google Cloud) and GPT-5 nano (Ope-
nAI) to assess how instruction-tuned LLMs per-
form without task-specific training. Table 2 shows
all transformer-based models and their categories
used in this study.

Monolingual Persian Models We include four
models that are pretrained exclusively on Per-
sian data. These models are expected to capture
Persian-specific syntax, vocabulary, and discourse
patterns more effectively than multilingual models.

ParsBERT is a BERT-style encoder pretrained
on a large and diverse Persian corpus and has
shown strong performance across multiple Persian
NLP tasks (Farahani et al., 2021). ALBERT-fa is
a lightweight alternative based on ALBERT, pre-
trained on billions of Persian tokens, and is in-
cluded to study the trade-off between model size
and performance (Farahani, 2022). RoBERTa-fa
follows the RoBERTa training strategy adapted to
Persian, enabling us to examine the impact of more
aggressive pretraining compared to standard BERT
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Figure 1: Comparison of sentence length distributions between non-polarized and polarized data across four lan-
guages. The top row shows word count distributions, while the bottom row displays character count distributions.
Each language is represented with a distinct color scheme: Persian (red), English (blue), Turkish (green), and Ara-
bic (orange), with lighter shades for non-polarized content and darker shades for polarized content. Numbers in
small red boxes are median and numbers in small blue boxes are mean.

(HooshvareLab, 2021b). DistilBERT-fa applies
knowledge distillation to produce a smaller and
faster Persian model while retaining much of the
representational power of BERT (HooshvareLab,
2021a).

These models have been widely used and shown
strong performance in related classification and
representation learning tasks, making them ideal
candidates for polarization analysis.

Multilingual Models We also evaluate six multi-
lingual models that differ in architecture, pretrain-
ing objectives, and cross-lingual design. These
models enable us to assess how well multilingual
representations transfer to Persian and how archi-
tectural choices affect polarization detection.

mBERT is the original multilingual BERT
model trained on Wikipedia data from over 100
languages and serves as a strong baseline for mul-
tilingual transfer (Devlin et al., 2019). XLM-
R extends mBERT by using larger and more di-
verse training data and is widely regarded as a
strong multilingual encoder (Conneau et al., 2020).
InfoXLM builds upon XLM-R by incorporating
information-theoretic objectives and parallel data,
making it particularly suitable for cross-lingual
transfer scenarios (Chi et al., 2021). RemBERT
revisits multilingual embedding design and rebal-
ances pretraining data across languages, achiev-

ing strong performance on cross-lingual bench-
marks (Chung et al., 2020). mDeBERTaV3 en-
hances cross-lingual generalization through disen-
tangled attention and ELECTRA-style pretraining
(Replaced Token Detection), which is particularly
effective in low-resource settings (He et al., 2023).
Finally, LaBSE is included as a sentence-level en-
coder trained with translation-ranking objectives,
allowing us to study how language-agnostic sen-
tence representations perform compared to token-
level encoders (Feng et al., 2022).

Large Language Models Gemini-2.5 flash lite
is a cost and latency optimized Gemini 2.5 model
designed for high throughput with multimodal in-
put support. GPT-5 nano is the fastest and most
cost efficient GPT-5 variant, aimed at high volume
workloads like classification and summarization,
with text (and image) inputs and text outputs.

Overall, this selection is based on POLAR
benchmark and covers a diverse range of model
sizes, architectures, and pretraining strategies.

Training Configuration We performed 5-fold
crosss-validation with 72-8-20 splits for training,
validation, and test. For cross-lingual training, we
used a 90-10 split of the source language data for
training and validation, then evaluated the trained
models on all 5 Persian test folds to assess cross-
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Table 2: Overview of models evaluated in this study. The Cross-lingual column indicates if the model was fine-tuned
on other languages (English, Turkish, Arabic, and Turkish+Arabic) in addition to Persian. In total, we evaluate 10
pretrained models, 10 finetuned models on Persian, and 24 cross-lingual models.

Model Family Size Pretrained Models Fine-tuned Models on Persian Cross-lingual
Multilingual Models
mBERT 178M mBERT mBERT-fa ✓
XLM-RoBERTa 278M XLM-R XLM-R-fa ✓
RemBERT 575M RemBERT RemBERT-fa ✓
mDeBERTa 278M mDeBERTa mDeBERTa-fa ✓
InfoXLM 270M InfoXLM InfoXLM-fa ✓
LaBSE 471M LaBSE LaBSE-fa ✓
Monolingual (Persian) Models
ParsBERT 118M ParsBERT ParsBERT-fa –

ALBERT 12M ALBERT-fa ALBERT-fa-ft –

DistilBERT 66M DistilBERT-fa DistilBERT-fa-ft –

RoBERTa 125M RoBERTa-fa RoBERTa-fa-ft –

lingual transfer capabilities. It is important to note
that samples can belong to multiple polarization
categories simultaneously, as reflected in the over-
lapping category counts shown in Table 1.

All models were fine-tuned with early stopping
(patience=5) based on validation performance,
with a maximum of 50 training epochs. We used
the AdamW optimizer with a learning rate of 2 ×
10−5, a batch size of 32, and a maximum se-
quence length of 128 tokens. We also applied class
weights during training to address label imbalance.
Binary cross-entropy loss was used to handle the
multi-label nature of categorization task. 3

For both binary polarization detection and multi-
label categorization, we use the weighted F1 score
as the primary evaluation metric, which provides
a balanced measure of precision and recall. It ac-
counts for class imbalance by weighting each cat-
egory’s F1 score by its number of true instances,
making it more suitable for datasets with varying
category frequencies.

4 Results and Analysis
4 In this section, we present the results and address
our research questions. Figure 2 compares pre-
trained vs finetuned models’ performance on two

3The source code is available at https://github.com/
dsaeedeh/Polarization_Detection

4When evaluated on the official SemEval 2026 Task 9
blind test set, our fine-tuned system achieved highly compet-
itive results. Specifically, our submission ranked 7th among
44 systems in the first subtask (XLM-RoBERTa model), and
14th among 27 in the second (ParsBERT model).

related but distinct tasks: detecting whether con-
tent is polarized (binary classification), identify-
ing which specific categories it belongs to (multi-
label classification). The evaluation indicates that
fine-tuning is essential for both tasks. While pre-
trained models struggle, fine-tuned models achieve
strong results, with the best models reaching 82.7%
and 77.9% F1 scores, respectively (RQ1). Also,
different models excel at different tasks; category
identification is inherently more difficult than po-
larization detection, with all models showing a
consistent performance gap between the two tasks.
RoBERTa-fa performs best at detecting polariza-
tion (82.7%), while LaBSE-fa leads in identifying
specific categories (77.9%) (RQ1). Monolingual
models outperform multilingual models in polar-
ization detection. This suggests that for simpler
settings such as binary classification, monolingual
models are sufficient and well suited to the task
(RQ2).

Figure 3 examines whether models trained on
polarized content in other languages can detect po-
larization in Persian without ever seeing Persian
training examples. We trained models on English,
Arabic, Turkish, and combinations of Arabic and
Turkish languages, then tested them on Persian
data. The results show that cross-lingual transfer
works remarkably well. For binary polarization de-
tection, training on English data produces the best
results, with XLM-R achieving 71.5% weighted F1
on Persian test data. This is impressive consider-
ing the model never saw any Persian examples dur-

54

https://github.com/dsaeedeh/Polarization_Detection
https://github.com/dsaeedeh/Polarization_Detection


Figure 2: Performance comparison between transformer baselines and zero-shot LLMs for polarization detection
(left chart) and categorization (right chart). The plots show that fine-tuning consistently improves performance over
pretrained models, while zero-shot LLMs provide strong training-free baselines. Identifying specific categories re-
mains more challenging than detecting whether content is polarized. All bars report 5-fold cross-validation averages,
and LLM results are computed by aggregating predictions across folds.

ing training. For multilabel category classification,
combining Turkish and Arabic training data yields
the best transfer performance at 71.9% weighted
F1 using RemBERT (RQ3).

Different models show varying cross-lingual ca-
pabilities. XLM-R and RemBERT consistently
perform well across different source languages,
while other models show more variability. Inter-
estingly, the performance of the ”Turkish+Arabic”
transfer model likely benefits from cultural prox-
imity. These languages share similar political dis-
course patterns, religious references, and social is-
sues with Persian, making polarization strategies
more transferable across these culturally connected
regions (RQ3). These findings show that polariza-
tion detection systems can work in new languages
without requiring labeled training data in those lan-
guages. The 71-72% weighted F1 scores achieved
through cross-lingual transfer fall midway between
pretrained (37-53%) and fully fine-tuned models
(78-83%), offering a practical middle ground when
labeled data is scarce.

Figure 4 presents the best performing models for
each of the three approaches we evaluated. For bi-
nary polarization detection, the results show a clear
advantage for fine-tuning. RoBERTa-fa achieves

the highest performance at 82.7% when fine-tuned
on Persian data. Among pretrained models, Rem-
BERT performs best at 64.9%. Cross-lingual trans-
fer using XLM-R trained on English data achieves
71.5% weighted F1, falling between pretrained and
fine-tuned approaches. Turning to multi-label cat-
egory classification, LaBSE proves to be the supe-
rior model, achieving a weighted F1 of 77.9% after
fine-tuning. In the pretrained setting, mDeBERTa
demonstrates the strongest capability, reaching
53.0%, though a significant gap remains between
the fine-tuned and pretrained baselines. Finally,
cross-lingual transfer from ”Turkish+Arabic” lan-
guages using RemBERT yields 71.9%. This pat-
tern can be further understood by examining the
cross-lingual category confusion heatmap (see Fig-
ure 5). The heatmap reveals that models trained
on Turkish and Arabic languages transfer more ac-
curately across culturally salient categories such
as Political and Religious, where discourse pat-
terns and topical content are regionally shared with
Persian. In contrast, English-trained models ex-
hibit higher confusion, particularly misclassifying
Religious, Gender/Sexual, and Political categories.
This suggests that the English models lack expo-
sure to the specific cultural and thematic nuances
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Figure 3: Cross-lingual transfer learning results showing how models trained on other languages perform when
tested on Persian. Different colored bars represent training on English, Arabic, Turkish, or Turkish and Arabic data
together. For binary polarization detection (left), English training data works best, with XLM-R reaching 71.5% F1.
For multi-label categorization (right), Turkish and Arabic combined training achieves 71.9% F1 using RemBERT.

Figure 4: Best performing models for each approach. Each bar shows the top model from three approaches: pre-
trained, fine-tuned on Persian data, and cross-lingual transfer for binary polarization detection (left) and multi-label
category classification (right).

present in Middle Eastern contexts, leading to
more frequent misclassifications in categories that
are less prominent or differently framed in Western
discourse. These findings support the hypothesis
that cultural proximity, reflected in shared regional
issues and discourse, enhances cross-lingual trans-
fer for fine-grained category classification.

In addition to these transformer-based baselines,
we evaluated two zero-shot LLMs, gemini-2.5-
flash-lite and gpt-5-nano (Figure 2. For binary po-
larization detection, gemini-2.5-flash-lite reaches
71.9% weighted F1 and gpt-5-nano reaches 71.0%,
placing them close to the cross-lingual transfer re-
sult with English-trained XLM-R. This indicates
that zero-shot LLMs can provide a strong training-
free alternative for polarization detection, outper-
forming the best pretrained transformer baseline
(RemBERT), but still falling notably short of the
best fine-tuned model (RoBERTa-fa)(RQ4).

Turning to multi-label category classification,
gpt-5-nano achieves 70.3% weighted F1, approach-

ing the culturally proximate transfer result and sub-
stantially outperforming the pretrained baseline,
while gemini-2.5-flash-lite reaches 62.1%, improv-
ing over pretrained transformers but remaining
clearly below cross-lingual transfer and fine-tuning
models (RQ4).

These results highlight four key findings: First,
fine-tuning consistently yields the best perfor-
mance for both tasks, improving over pretrained
models by 27-47% relative. Second, cross-lingual
transfer is particularly effective for multi-label clas-
sification, closing most of the gap between pre-
trained and fine-tuned approaches. Third, two
zero-shot LLMs provide strong training-free base-
lines: they outperform the best pretrained trans-
formers, though both remain below fine-tuning.
Last, different models excel at different tasks and
approaches: RoBERTa-fa dominates binary clas-
sification when fine-tuned, while LaBSE leads in
multi-label classification, and RemBERT shows
strong cross-lingual transfer capabilities.
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Figure 5: Cross-lingual category confusion matrix comparing best models trained on English, Turkish, Arabic, and
Turkish+Arabic. The heatmap highlights that Turkish+Arabic models achieve lower confusion and higher accuracy
in culturally salient categories (Political, Religious), while English-trained models more frequently misclassify
these categories, especially as Other or Political, reflecting the impact of cultural proximity on fine-grained polar-
ization classification.

5 Limitations

While our study provides comprehensive insights
into polarization detection across multiple ap-
proaches, several limitations should be acknowl-
edged. Our evaluation focuses on Persian as the
primary target language, with cross-lingual exper-
iments on English, Arabic, and Turkish. Expand-
ing to additional languages, particularly those from
different language families and cultural contexts,
would strengthen claims about cross-lingual trans-
ferability. Despite strong gains from fine-tuning,
there remains room for improvement, especially
for multi-label categorization. Our zero-shot LLM
evaluation is limited to two models and a specific
prompt setup; performance may vary with prompt-
ing strategies, decoding choices, and model ver-
sions, and we do not study robustness to such fac-
tors. In future work, we plan to extend the LLM
setting to few-shot and to develop explainability

methods to better understand which linguistic and
cultural cues models rely on when detecting polar-
ization across languages.

6 Conclusion

This study benchmarks polarization detection in
Persian social media through binary classification
(polarized vs. non-polarized) and multi-label cat-
egorization (specific polarization types). To com-
pare performance across different learning stages,
we tested 10 transformer models under pretrained,
fine-tuned, and cross-lingual transfer settings and
2 zero-shot LLMs (gemini-2.5-flash-lite and gpt-5-
nano), totaling 46 model instances. Fine-tuning
achieves the best results, reaching 82.7% F1 for
binary detection and 77.9% weighted F1 for cat-
egorization. When labeled data is unavailable,
cross-lingual transfer provides a practical alterna-
tive, achieving 71-72% F1 and performing particu-
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larly well for multi-label categorization when trans-
ferring from culturally related languages (Turk-
ish+Arabic). Zero-shot LLMs offer a complemen-
tary training-free baseline. They are competitive
for binary detection and, for categorization. Over-
all, these findings show that effective polariza-
tion detection is possible in low and mid-resource
languages, either through fine-tuning when data
is available or through culturally informed cross-
lingual transfer and strong zero-shot LLM base-
lines when data is scarce.
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