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Abstract

Detecting polarization in online discourse is
important for understanding social fragmenta-
tion, yet it remains difficult for Arabic due to
dialect variation, informal writing, and implicit
framing. In this paper, we study Arabic polar-
ization modeling in the SemEval-2026 Task 9
(POLAR) setting, focusing on polarization de-
tection (ST1) and polarization type classifica-
tion (ST2). We compare three approaches: en-
coder fine-tuning, zero-shot prompting, and
retrieval-augmented in-context learning (RAG-
ICL), across six Arabic encoders and differ-
ent LLMs. For ST1, RAG-ICL with Gemma-
3-27b-it achieves the best result (test macro
F1 = 0.83), while remaining competitive with
the best fine-tuned encoder (0.82), and sub-
stantially outperforming zero-shot prompting.
For ST2, a pipeline that first applies the best
ST1 encoder as a hard filter and then per-
forms RAG-ICL achieves an F1macro = 0.62.
Prompt-language effects are model- and task-
dependent, with some settings doing better
with English prompts and others with Arabic
prompts. Chain-of-thought, self-refinement,
and contrastive prompting do not outperform
standard RAG-ICL.

1 Introduction

Polarizing online content has become a critical
concern on social media, with effects on public
debate and social cohesion across many settings
(Cinelli et al., 2021; Naseem et al., 2026b). This
concern is also clear in Arabic-speaking spaces,
where political, religious, and social tensions are
often discussed in highly charged language. De-
spite this, building reliable detectors for Arabic is
still difficult. The language is morphologically in-
tricate, highly inflected, and diglossic, and posts
often mix Modern Standard Arabic (MSA) with

regional dialects (Levantine, Maghrebi, Egyptian,
Gulf). In practice, texts also include informal
spelling and code-switching (Hamed et al., 2025),
as well as indirect signals such as sarcasm and eu-
phemistic wording (Abu Farha et al., 2021, 2022).

While significant progress has been made in
hate speech and offensive language detection for
Arabic (Mubarak et al., 2020; Zaghouani et al.,
2024), polarization detection remains a distinct
and less-explored problem. Unlike hate speech,
which targets individuals or groups with explicit
hostility, polarization captures a broader phe-
nomenon of “us vs. them” framing that may mani-
fest subtly through narrative construction, selective
emphasis, or implicit group vilification.

SemEval-2026 Task 9 (POLAR) (Naseem et al.,
2026b) is a multilingual shared task on online po-
larization with three subtasks (ST): polarization
detection (ST1), polarization type classification
(ST2), and polarization manifestation identifica-
tion (ST3). In this work, we tackle Arabic polariza-
tion through the POLAR framework, focusing on
the Arabic track of ST1 and ST2. To study this set-
ting from complementary angles, we evaluate three
modeling families: zero-shot prompting with large
language models (LLMs), retrieval-augmented in-
context learning (RAG-ICL), and encoder fine-
tuning. This approach provides a direct compari-
son between generative, retrieval-augmented, and
discriminative approaches, and helps clarify how
retrieval quality, prompt design, and model archi-
tecture affect performance across the two subtasks.

Our results show that domain-adapted encoder
fine-tuning achieves competitive ST1 performance
with RAG-ICL, making encoders a practical alter-
native when the higher inference cost of retrieval-
augmented generation is a concern. We also
find that LLM-based data augmentation helps ST1
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encoder performance, but its impact is model-
dependent rather than uniformly positive. For ST2,
RAG-ICL with pipeline filtering (using the best
ST1 encoder to filter non-polarized texts) yields
the best results. Prompt-language effects are not
uniform across models and tasks, and pipeline fil-
tering substantially reduces hallucination on non-
polarized samples. Other evaluated methods–
Chain-of-thought, self-refinement, and contrastive
prompting–do not surpass standard RAG-ICL.

2 Related Work

Computational approaches to polarization have
primarily focused on network-level phenomena
such as echo chambers and ideological sorting,
with text-level detection remaining less developed
(Cinelli et al., 2021; Barberá, 2015). Closest to our
work are stance detection and political ideology
classification (Mohammad et al., 2016; Iyyer et al.,
2014). POLAR is the first shared task to frame po-
larization as a multilingual, multicultural, and mul-
tievent text classification problem spanning 22 lan-
guages (Naseem et al., 2026b,a). Our work focuses
on the Arabic partition of this dataset.

ArabicNLP has advanced considerablywith pre-
trained encoder-only models such as AraBERT,
MARBERT, and CAMeLBERT (Antoun et al.,
2020; Abdul-Mageed et al., 2021; Inoue et al.,
2021), applied to tasks such as sentiment analysis,
offensive language, hate speech, and stance detec-
tion (Mubarak et al., 2020; Zaghouani et al., 2024;
Alturayeif et al., 2024). Polarization detection in
Arabic, however, remains underexplored.

LLMs have been applied to text classification
through a range of prompting strategies, from zero-
shot and few-shot in-context learning to chain-of-
thought reasoning and self-refinement (Wang et al.,
2025; Singh et al., 2025). Retrieval-augmented ap-
proaches extend ICL by dynamically selecting rel-
evant demonstrations (Pradhan et al., 2026). Data
augmentation via LLMs has also been explored
to expand training data for numerous tasks (Arık
et al., 2026; Cegin et al., 2025). We empirically
compare all of these approaches for Arabic online
polarization detection and type classification.

3 Task Description

POLAR (Naseem et al., 2026b) is a shared task on
multilingual, multicultural, and multi-event online
polarization encompassing 22 languages across
three subtasks. ST1 is binary polarization detec-

tion: given a text, predict polarized (1) or not
(0). ST2 is multi-label polarization type classifi-
cation, assigning one or more labels from Polit-
ical, Racial/Ethnic, Religious, Gender/Sexual, or
Other. ST3 is multi-label polarization manifesta-
tion identification, classifying how polarization is
expressed via labels such as Stereotype, Vilifica-
tion, Dehumanization, Extreme Language, Lack of
Empathy, or Invalidation. This work focuses ex-
clusively on the Arabic track of ST1 and ST2.

4 Methods

Figure 1 provides an overview of all methods eval-
uated for both subtasks.

4.1 Subtask 1

4.1.1 Encoder Fine-Tuning
We fine-tune six Arabic BERT-based encoders—
AraBERT v02, AraBERT v02-Twitter (Antoun
et al., 2020), MARBERT v2 (Abdul-Mageed
et al., 2021), QARiB (Abdelali et al., 2021),
CAMeLBERT-Mix (Inoue et al., 2021), and
AraModernBERT (Elshehy et al., 2026)—for ST1
binary classification. Each model is trained un-
der two data conditions: the original training set
and an augmented version. The augmented data
is generated with DeepSeek V3.2 (DeepSeek-AI
et al., 2025) through a two-phase pipeline. First,
a random sample of training texts is analyzed to
produce a reusable style guide capturing dialect
variation, tonal patterns, and writing conventions.
This guide then conditions the generation of two
sample types per polarized training instance: hard
negatives—offensive or critical texts rewritten to
remove group-directed hostility while preserving
surface form—and paraphrases—rewritings that
preserve the polarization signal under dialect or
stylistic variation. The prompts used for augmen-
tation, alongside all prompts used in later exper-
iments, are provided in Appendix F. The best-
performing encoder is then used as the pipeline fil-
ter in all ST2 variants that apply filtering.

The augmented data is generated with DeepSeek
V3.2

4.1.2 Zero-Shot Prompting
We evaluate five open-weight LLMs—DeepSeek
V3.2 (DeepSeek-AI et al., 2025), Qwen3-235B-
A22B (Yang et al., 2025), Gemma-3-27b-it (Team
et al., 2025b), Llama-3.3-70B-Instruct (Dubey
et al., 2024), and Fanar, an Arabic-centric model
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Subtask 1
Binary Classification

Encoder Fine-Tuning Zero-Shot RAG-ICL

6 Arabic encoders
Original training data

+ Augmented data

LLM runs (5 models)
EN + AR prompt ablations

Thinking-mode variants
(Qwen3-235B-A22B,

DeepSeek V3.2)

Gemma-3-27b-it + Fanar
k ∈ {3, 5, 7}, EN

Prompt-language ablations
EN and AR

Subtask 2
Multi-Label Classification

Zero-Shot RAG-ICL Advanced Variants

4 LLMs, EN
(model selection)

Gemma-3-27b-it
EN + AR prompt ablation

Filtered zero-shot
(best ST1 encoder gate)

No filtering
k ∈ {3, 5, 7}, EN

+ Pipeline filtering
k ∈ {3, 5, 7}, EN

AR prompt ablation
(best k, filtered)

Contrastive RAG-ICL
(filtered, best k)

Chain-of-Thought
(filtered, best k)

Self-Refinement
(filtered, best k)

ST2 pipeline filtering;
uses the best ST1 encoder

Figure 1: Overview of the ST1/ST2 experiment space, including method families, configuration settings, and abla-
tions.

(Team et al., 2025a). Eachmodel receives a task de-
scription, a definition of polarization, and the input
text, with no labeled examples, and must produce
a binary label. Primary runs use English prompts,
and we add Arabic-prompt ablations for both the
best-performing model and Fanar. We addition-
ally test a thinking-mode variant for models that
support it, in which internal step-by-step reason-
ing precedes the final answer, to assess whether ex-
tended reasoning benefits polarization detection.

4.1.3 Retrieval-Augmented In-Context
Learning

RAG-ICL grounds each prediction in semantically
similar labeled examples retrieved from the train-
ing set. All training instances are encoded offline
with a multilingual sentence encoder and stored
in a vector index. At inference time, the k near-
est neighbors of a test input are retrieved by co-
sine similarity and inserted before the input as la-
beled demonstrations. Retrieved examples carry
binary labels. We evaluate the best-performing
LLM together with Fanar using English prompts,
and we additionally test Arabic-prompt ablations
across the evaluated models and k values. We set
k ∈ {3, 5, 7} to study the effect of the number of
retrieved demonstrations.

4.2 Subtask 2
4.2.1 Zero-Shot Prompting
We use the same prompting structure as in ST1,
adapted for multi-label prediction: the prompt de-
fines all five polarization categories and asks the
model to output the applicable label set. We first
compare four LLMs—Gemma-3-27b-it, Qwen3-
235B-A22B, Llama-3.3-70B-Instruct, and Fanar—
under zero-shot conditions with English prompts

and no filtering, in order to select the primary best-
performing model for the remaining experiments.
Based on this comparison, we perform targeted
zero-shot ablations: (1) English vs. Arabic prompt-
ing for both Fanar and the top-performing LLM,
and (2) pipeline filtering for the best-scoringmodel
under English prompting.

Pipeline Filtering. LLMs may assign non-zero
type labels to non-polarized inputs, thereby inflat-
ing false positives. To mitigate this, we apply
a two-stage pipeline. First, the best fine-tuned
ST1 encoder predicts whether an input is polar-
ized. Inputs predicted as non-polarized are as-
signed an all-zero type vector without invoking the
LLM, while inputs predicted as polarized proceed
to LLM-based type classification.

4.2.2 Retrieval-Augmented In-Context
Learning

We use the same indexing and retrieval procedure
as in ST1 (Section 4.1.3), except that retrieved
examples now carry full multi-label annotations.
The LLM produces a single prediction over all
five categories in one call—rather than one call
per category—to avoid inter-category inconsisten-
cies. We evaluate RAG-ICL both with and with-
out pipeline filtering across all k values. For the
best configuration, we additionally run an Arabic-
prompt ablation.

We further evaluate three prompting variants un-
der the best-performing setting. Contrastive RAG-
ICL retrieves both positive and negative examples
for each category to expose the model to the de-
cision boundary. Chain-of-thought (CoT) prompt-
ing asks the model to reason through each category
before predicting. Self-refinement is a two-pass ap-
proach in which the model first generates a predic-
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Model ST1 ST2
FT ZS RAG ZS RAG+

Encoders (×6) 3 — — gate only
Large Language Models

DeepSeek V3.2 — 3 7 7 7
Qwen3-235B-A22B — 3 7 3 7
Fanar — 3 3 3 7
Gemma-3-27b-it — 3 3 3 3
Llama-3.3-70B-Instruct — 3 7 3 7

Table 1: Model coverage per setting and subtask.
FT = fine-tuning (encoder models only); ZS = zero-
shot; RAG+ = RAG-ICL and advanced variants.
7 = not evaluated in that setting.

tion with reasoning and then reviews and revises
it.

5 Experimental Setup

Dataset. We use the Arabic partition of the PO-
LAR dataset (Naseem et al., 2026b). The split con-
tains 3,380 training, 169 development (dev), and
1,521 test samples. In the development set, 44.4%
(75/169) are polarized. For ST2, the label counts
are Political (42), Racial/Ethnic (29), Other (28),
Gender/Sexual (18), and Religious (14). We use
the training split for both encoder fine-tuning and
the RAG-ICL retrieval index. The development
split is used for all evaluations and ablations. See
Appendix A for a detailed dataset analysis.

Models. Table 1 summarizes the models used in
each setting. For ST1, six Arabic BERT-based
encoders (Section 4.1.1) are fine-tuned, and five
LLMs are evaluated in the generative settings. For
ST2, a subset of four LLMs (excluding DeepSeek
V3.2) is evaluated. Full model identifiers and infer-
ence providers are given in Table 10 (Appendix B).

Experimental Settings. Embeddings are com-
puted with multilingual-e5-large (Wang
et al., 2024) using the prefix "query: {text}".
All LLM inference uses temperature = 0.3; stan-
dard runs use max_tokens = 256 and thinking-
mode runs use 1024. Encoder fine-tuning hyperpa-
rameters along with other model/LLM details are
given in Appendix B.

Evaluation. Our primary metric is macro F1.
We also report precision and recall. For ST2, we
additionally report hallucination rate (Hall.): the
fraction of non-polarized inputs assigned at least
one type label (lower is better). Additional met-
rics are provided in the full results tables in Ap-
pendix C.

Model Data F1mac Prec. Rec.
AraBERT v02 Orig. 0.7684 0.7143 0.8000
AraBERT v02 Aug. 0.7986 0.7303 0.8667
AraBERT v02-Twitter Orig. 0.8260 0.8108 0.8000
AraBERT v02-Twitter Aug. 0.8516 0.7976 0.8933
MARBERT v2 Orig. 0.8098 0.7590 0.8400
MARBERT v2 Aug. 0.7905 0.7632 0.7733
QARiB Orig. 0.7806 0.7209 0.8267
QARiB Aug. 0.8014 0.7917 0.7600
CAMeLBERT-Mix Orig. 0.7887 0.8596 0.6533
CAMeLBERT-Mix Aug. 0.7822 0.7826 0.7200
AraModernBERT Orig. 0.7557 0.7125 0.7600
AraModernBERT Aug. 0.7495 0.7089 0.7467

Table 2: ST1 encoder fine-tuning results on dev. Best
model (AraBERT v02-Twitter + Aug.) is used as the
ST2 pipeline filtering gate.

6 Results

6.1 Subtask 1
6.1.1 Encoder Fine-Tuning
Table 2 reports fine-tuning results across all six
encoders and both data conditions. AraBERT
v02-Twitter trained on augmented data achieves
the best dev performance (F1mac=0.8516), and is
used as the ST2 pipeline gate. We find that
augmentation is beneficial but model-dependent:
AraBERT variants and QARiB improve consis-
tently, whileMARBERT v2 and AraModernBERT
show marginal degradation. CAMeLBERT-Mix
achieves the highest precision with a much lower
a recall.

6.1.2 Zero-Shot Prompting and RAG-ICL
Table 3 shows the main ST1 generative results. In
the zero-shot setting, most models are conserva-
tive, achieving high precision (above 0.81) but low
recall (below 0.20), which means they rarely pre-
dict the polarized class. Fanar is the exception,
reaching an F1mac of 0.7905 with Arabic prompts.
It maintains a much better balance between preci-
sion and recall, suggesting stronger zero-shot per-
formance for Arabic text.

For models evaluated in both languages, Ara-
bic prompts consistently perform better in the zero-
shot setting. Fanar improves from 0.7524 to 0.7905
F1mac, and Gemma-3-27b-it rises from 0.5113 to
0.5327, with both gains driven mostly by higher
recall. Interestingly, thinking mode hurts per-
formance for Qwen3-235B-A22B and DeepSeek
V3.2, likely due to “overthinking”. This suggests
that explicit reasoning does not benefit this specific
detection task.

RAG-ICL considerably improves Gemma-3-
27b-it, boosting its recall from 0.17 to 0.84 and its
F1 by 0.33, with the best results at k=7. Across
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Model Method Pr. k F1mac Prec. Rec.
Fanar Zero-Shot EN – 0.7524 0.7429 0.6933
Fanar Zero-Shot AR – 0.7905 0.7632 0.7733
Gemma-3-27b-it Zero-Shot EN – 0.5113 0.8125 0.1733
Gemma-3-27b-it Zero-Shot AR – 0.5327 0.8333 0.2000
Llama-3.3-70B-Instruct Zero-Shot EN – 0.4815 0.8333 0.1333
Qwen3-235B-A22B Zero-Shot EN – 0.4735 0.9000 0.1200
Qwen3-235B-A22B Zero-Shot† EN – 0.4331 0.7500 0.0800
DeepSeek V3.2 Zero-Shot EN – 0.4490 0.8750 0.0933
DeepSeek V3.2 Zero-Shot† EN – 0.4000 1.0000 0.0400
Gemma-3-27b-it RAG-ICL EN 3 0.8202 0.8000 0.8000
Gemma-3-27b-it RAG-ICL EN 5 0.8149 0.7821 0.8133
Gemma-3-27b-it RAG-ICL EN 7 0.8446 0.8182 0.8400
Fanar RAG-ICL AR 3 0.7546 0.7237 0.7333
Fanar RAG-ICL AR 5 0.7419 0.7162 0.7067
Fanar RAG-ICL AR 7 0.6230 0.6667 0.4267

Table 3: Key ST1 generative results on dev. †Thinking
mode. Full results are given in Appendix C.

Model Pr. Filt. F1mac Prec. Rec. Hall.↓
Gemma-3-27b-it EN 7 0.5425 0.5080 0.6070 0.6064
Gemma-3-27b-it AR 7 0.5315 0.4840 0.6037 0.8085
Gemma-3-27b-it EN 3 0.5643 0.6711 0.5366 0.1702
Fanar EN 7 0.4290 0.4507 0.4204 0.5957
Fanar AR 7 0.3817 0.4124 0.3959 0.7128
Qwen3-235B-A22B EN 7 0.5273 0.6151 0.4677 0.2447
Llama-3.3-70B-Instruct EN 7 0.4976 0.5482 0.4794 0.3511

Table 4: ST2 zero-shot results comparison on dev.
Gemma-3-27b-it EN is selected as the primary ST2
model. Full results in Appendix C.

RAG-ICL runs, the effect of prompt language is
mixed. Arabic prompts are stronger at lower k val-
ues, but English yields the best overall results for
both Gemma-3-27b-it and Fanar at k=7. However,
Fanar’s performance generally worsens as k in-
creases. Its zero-shot setup remains stronger than
all RAG-based variants for each prompt language
evaluated, suggesting that retrieved examples may
often introduce noise rather than helpful guidance.

6.2 Subtask 2

6.2.1 Zero-Shot Prompting

Table 4 compares four LLMs in the zero-shot
ST2 setting. Among the unfiltered zero-shot runs,
Gemma-3-27b-it with an English prompt gives
the best macro F1. Qwen3-235B-A22B is more
precise and produces fewer hallucinations, but its
lower recall reduces overall F1. Fanar performs
worst overall in this comparison. For the two
models tested in both languages, English prompts
outperform Arabic prompts, with lower hallucina-
tion and higher macro F1 in each case. Applying
pipeline filtering to Gemma-3-27b-it (EN) further
reduces hallucination from 0.61 to 0.17 and im-
proves macro F1 from 0.54 to 0.56, despite a small
drop in recall. We therefore use this filtered con-
figuration in the following experiments.

Method Pr. Filt. k F1mac Prec. Rec. Hall.↓
ZS (ref.) EN 3 – 0.5643 0.6711 0.5366 0.1702
RAG-ICL EN 7 3 0.5590 0.5442 0.5826 0.5213
RAG-ICL EN 7 5 0.5935 0.5447 0.6607 0.5745
RAG-ICL EN 7 7 0.5457 0.5190 0.5856 0.5745
RAG-ICL EN 3 3 0.6044 0.6620 0.5689 0.1702
RAG-ICL EN 3 5 0.6146 0.6539 0.5909 0.1702
RAG-ICL EN 3 7 0.6304 0.6903 0.5927 0.1702
RAG-ICL AR 3 7 0.6161 0.6562 0.5895 0.1702
CoT EN 3 7 0.6196 0.6790 0.5818 0.1702
Contrastive EN 3 7 0.6062 0.6521 0.5771 0.1702
Self-Refinement EN 3 7 0.5692 0.6129 0.5678 0.1702

Table 5: ST2RAG-ICL and advanced prompting results
on dev (Gemma-3-27b-it). ZS (ref.) is the best zero-shot
result from Table 4.

6.2.2 RAG-ICL and Advanced Prompting

All RAG-ICL and advanced prompting results are
summarized in Table 5. Without filtering, k=5 is
optimal, while performance drops at k=7. A larger
retrieved set likely brings in more non-polarized
examples, which increases false positives. With
pipeline filtering, this pattern becomes more sta-
ble and performance rises to F1mac=0.6304 at k=7.
The ST1 gate noticeably improves the hallucina-
tion rate, bringing the it down to 0.1702 across all
filtered runs. At the best k, the prompt-language
ablation shows that English prompts outperform
Arabic prompts, mainly because Arabic prompts
reduce precision.

None of the advanced variants beats standard
RAG-ICL. CoT comes closest, with F1mac=0.6196
versus 0.6304 for the standard setup. Contrastive
prompting also stays below the baseline (0.6062),
while self-refinement performs worst among the
advanced variants (0.5692), only slightly above
the filtered zero-shot baseline (0.5643). Overall,
the best ST2 results come from standard filtered
RAG-ICL, not from adding extra reasoning or re-
vision steps. This suggests that such extensions
may struggle to correct sufficiently complex errors,
such as those arising from implicit framing or di-
alectal nuance.

6.3 Test Set Results

Table 6 shows the results for selected test-set runs,
which largely mirror our findings on the develop-
ment set. For ST1, the official encoder submission
is competitive with the (non-submitted) RAG-ICL
system, which scored slightly higher at 0.8314. For
ST2, our official submission used the non-filtered
zero-shot Gemma-3-27b-it system (0.5292). The
non-submitted filtered versions performed better,
with filtered zero-shot at 0.5686 and filtered RAG-
ICL at 0.6196.
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ST Configuration F1mac Off.
1 AraBERT-v02-Tw + Aug. 0.8249 3
1 Zero-Shot (Gemma-3-27b-it, EN) 0.5221 7
1 RAG-ICL (Gemma-3-27b-it, EN, k=7) 0.8314 7

2 Zero-Shot (Gemma-3-27b-it, EN) 0.5292 3
2 Zero-Shot (Gemma-3-27b-it, EN, filtered) 0.5686 7
2 RAG-ICL (Gemma-3-27b-it, EN, k=7, filtered) 0.6196 7

Table 6: Selected test-set runs. 3 = official submission;
7 = non-submitted.

7 Error and Linguistic Analysis

We manually audited 40 predictions across both
subtasks (20 each) from the best system per sub-
task, reviewed by an Arabic linguist and a compu-
tational linguist. More details and annotated exam-
ples are in Appendix E.

ST1. The most common failure is conflating per-
sonal insults with group-level hostility. Subtle
“us vs. them” framing and rhetorical provocations
are sometimes missed, while false positives clus-
ter around sports banter and analytically charged
vocabulary. Dialect variation compounds this fur-
ther, with Gulf, Egyptian, and Iraqi posts mostly
affected by unresolved region-specific idioms.

ST2. Models rely too heavily on surface tokens
over pragmatic intent. The Religious label over-
activates on routine expressions like “Մ៰Ղا” (Al-
lah/God) in non-polarized posts, while texts with-
out obvious keywords are under-detected. More
critically, models lack deep cultural context, mak-
ing them miss the sectarian weight of regional
terms and producing incorrect label combinations
even when polarization is correctly detected.

8 Conclusion

We compared encoder fine-tuning, zero-shot
prompting, and retrieval-augmented in-context
learning for Arabic polarization detection and type
classification. For ST1, RAG-ICL with Gemma-3-
27b-it achieved the best test performance, but fine-
tuned encoders were very nearly as effective and
offer a more efficient alternative. For ST2, the
best setup used the highest-scoring ST1 encoder as
a gate for pipeline filtering combined with RAG-
ICL. This shows that filtering is crucial for re-
ducing spurious type predictions on non-polarized
text.

More broadly, our findings show that prompt-
language effects are inconsistent across models
and tasks, and that advanced prompting strategies
do not always improve performance. This high-

lights the need for careful empirical validation. We
hope this study provides a useful benchmark for fu-
ture work on Arabic polarization, especially in im-
proving cultural grounding and type-level reason-
ing for fine-grained classification.

Limitations

Our study has several limitations. First, the
small development set (169 samples) may limit
the reliability of our ablation results. Second,
RAG-ICL is much slower than zero-shot inference
(∼2.2 s/sample vs. 0.2 s) due to embedding and
retrieval overhead, which could make real-time de-
ployment difficult. Additionally, due to time con-
straints and the scope of the study, we did not in-
vestigate how different embedding models or re-
trieval quality affect performance, nor did we ex-
plore efficiency trade-offs. Finally, the observed
prompt-language effects are model-specific and
may change with stronger Arabic-aligned or mul-
tilingual models.

Ethics Statement

Polarization detection systems carry inherent risks.
False positives may lead to unjustified content
moderation, while false negatives may allow harm-
ful content to persist. Moreover, our system oper-
ates at the text level and does not perform user pro-
filing. The definition of polarization used in this
work may not capture all social and cultural per-
spectives on what constitutes polarizing discourse.
We encourage careful human oversight in any de-
ployment context.
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Polarization Detection – Class balance (A).
The training set is near-balanced at the ST1 level
(55.3% non-polarized, 44.7% polarized), which
is favorable for fine-tuning. The development set
shows a similar ratio (44.4% polarized), so dev-set
ablations are not distorted by class skew.

Table 7 shows six representative instances (three
per class) to illustrate the range of content and
the annotation difficulty. Non-polarized texts may
still mention sensitive topics (religion, geopolitics)
without containing any polarization markers like
group-directed hostility.

Polarization Type Frequency (B). Among po-
larized instances, Political is the most frequent
type (780), followed by Racial/Ethnic (583) and
Other (565). Religious is the rarest (283), nearly
three times less frequent than Political. This im-
balance directly predicts the per-category results in
Table 13: the best-performing categories (Political,
Racial/Ethnic) are also the most represented.

Polarization Type Co-occurrence (C). Politi-
cal and Racial/Ethnic co-occur most frequently
(348 instances), forming the dominant label pair.
The Political +Racial/Ethnic +Religious triplet is
the most common three-label combination (88
instances). Gender/Sexual has relatively low
co-occurrence with Political (68) but high co-
occurrence with Other (175), suggesting it cap-
tures a qualitatively distinct phenomenon from
overtly ideological polarization. These patterns
motivate a joint multi-label prediction strategy
over per-category binary calls.

Label Cardinality (D). ST2 labels are sparse:
most polarized instances carry 1 or 2 labels (684
and 620, respectively), with very few carrying 4 or
5. ST3 manifestation labels are denser, peaking at
3 labels per instance and extending to 6, reflecting
that a single polarizing text typically employs mul-
tiple rhetorical strategies simultaneously.

Text Length (E). Texts are short overall (median
14 words), consistent with a social-media origin.
Polarized texts are modestly longer (median 15 vs.
13 words for non-polarized), suggesting that po-
larizing content requires more elaboration. The
heavy right tail for non-polarized texts indicates
some lengthy neutral posts, but the bulk of classi-
fication decisions involve short, dense texts where
implicit cues dominate.

Manifestation Type Frequency (F). Although
ST3 is outside the scope of this work, we include it
for completeness. Vilification (1,256) and Stereo-
type (1,127) are the dominant manifestation types,
together covering the vast majority of polarized in-
stances. Extreme Language (1,027) is also preva-
lent. Dehumanization (370) and Invalidation (274)
are rarer and likely more severe forms. The high
frequency of Vilification and Stereotype aligns
with the group-directed hostility patterns observed
in our ST1 error analysis.

A.1 Lexical Fingerprints (ST1 & ST2)

Table 8 lists the most frequent content words (after
Arabic stopword removal) for the ST1 binary split
and for each ST2 type. Several patterns are note-
worthy.

• The dual role of “ҵ᝛ҳا” (God). The word “Մ៰Ղا”
is the most frequent unigram across almost all
categories, including both polarized and non-
polarized texts. While often used in everyday
Arabic expressions, its high prevalence in po-
larized text reflects its use in curses, religious
vilification, and sectarian othering (as seen in
Examples 3 and 6).

• Geopolitical salience. Country and
region names dominate polarized text:
اࠍ੅ܹ٭ھ (the Gulf), ل؇ ݿިر (Syria), ๤ཡ݁ (Egypt),
ྵฺިّ (Tunisia). These map directly onto the
Political and Racial/Ethnic categories.

• Sectarian markers in Religious.
اܳލ٭أ۰ (Shia), اܳـܝٷ྘ފ۰ (the church),
ඔ൹గఒފৎ৊ا (Muslims), and اܳފٷ۰ (Sunni) are
the top terms for this label—all four directly
name religious groups.

• Gender discourse. اఈః༡م (Ahlam, a pop-

culture figure), اৎ৊ݠأة (the woman),اܳٺۜݠش (ha-
rassment), and اৎ৊ټܹ٭۰ (homosexuality) surface
under Gender/Sexual, spanning celebrity gos-
sip to social issues.

• Entertainment in Other. اఈః༡م (Ahlam)
and Ⴄ၍ޖܾ (Kazem, i.e. the singer Kazem
Al-Saher) indicate that celebrity-related dis-
course is a notable source of polarization in
Arabic social media.
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# Arabic (original) English (translation) Label

1 اࠍ੅ܹ٭ھ دول ڢ؇دة ؕᆇ໶໕ ودي ܳگ؇ء ل؇ض.. ීෂا ሒᇭ
ا৙৑ردن ጥ጑݁و ا๤ཡৎ৊ي وا྘ཬීෂݴ

“In Riyadh…a friendly meeting brings to-
gether Gulf leaders, the Egyptian president,
and the King of Jordan.”

0

2 اܳگڎم ாணة اݿޚިرة ߓߵނߺࠊ۰َ. ً؇ܳـܝިن َ؇دي اڣݯܭ
ாணة ۊٺ݄ٷ۰ و༠ܹݧ .๴ཏ྘݁ ྵะاࢾࣖر ܳ٭ਃ಻ިܭ ި۱
اܳگڎم

“The best club in the universe is Barcelona.
The legend of football is Lionel Andrés
Messi. End of discussion.”

0

3 ً؇ܳྥފ؇وي؛ لިز؜۳؇ ቕረو ً؇ܳأڎل، ا৙৑رزاق وزعّ Մ៰Ղا إن
اৎ৊ފ؇واة ݆݁ ްᆙᆊأ ݁ٴڎأ اܳأڎل ৕৑ن

“God distributed sustenance with justice,
not equally; for justice is a higher principle
than equality.”

0

4 ܾ۳ይዧا ۰ਃಸਵ؜ ᄭᄟدو أڣگݠ ොູ؇رب ۰ਃಸਵ؜ ᄭᄟدو ปฃؗأ
اܳٴଫଐول أਵਦاء اܳأ݆

“The richest Arab country is fighting the
poorest Arab country—may God curse the
oil princes.”

1

5 َ۬৖৑ اܳٺܹ٭ڰިن ሒᇭ ೓ಱڎ੆اࠍ ݁گ؇ޗأ۰ ඔ൹ل๤ཡৎ৊ا ঌॻ༟
اෑෂا༥ܭ ࠯࠵࠺݄؇م وَأިد اܳـܝڰ؇ر.. اଫଐ༠اع

“Egyptians should boycott phone calls since
it’s an infidel invention…let’s go back to
carrier pigeons.”

1

6 اৎ৊ڍا۱ص ඔ൹ً ّڰݠقّ أن ۱ڍه ਐಸ؞ݠࢴ۹ّࣖ ߙߵࢴࣖ ذً؇۰ً ೑಻أ
ሌᇿ؇ّأ Մ៰Ղا ݿٴ༲؇ن !!ଫ଒أ܋ ৖৑

“You are a fly trying to divide the sects
with this tweet, nothing more!! Glory be to
God.”

1

Table 7: Examples of training instances (3 non-polarized, 3 polarized).

Category Top unigrams (Arabic / English)

Polarized Մ៰Ղا (God), اࠍ੅ܹ٭ھ (Gulf), اఈః༡م (Ahlam), ل؇ ݿިر (Syria),اܳأݠب (Arabs)

Non-Pol. Մ៰Ղا (God),سႧ၍ (cup), ቕረ؇اܳأ (world), اఈః༡م (Ahlam),دي؇َ (club)
Political Մ៰Ղا (God), ل؇ ݿިر (Syria), ᄭᄟوᄴᄟا (state),اܳأݠب (Arabs), اܳٷޙ؇م (regime)

Racial/Eth. اࠍ੅ܹ٭ھ (Gulf), Մ៰Ղا (God),اܳأݠب (Arabs), ๤ཡ݁ (Egypt), ل؇ ݿިر (Syria)

Religious Մ៰Ղا (God), اܳލ٭أ۰ (Shia), اܳـܝٷ྘ފ۰ (church), ඔ൹గఒފৎ৊ا (Muslims), اܳފٷ۰ (Sunni)
Gender/Sex. Մ៰Ղا (God), اఈః༡م (Ahlam), اৎ৊ݠأة (woman),اܳٺۜݠش (harassment), اৎ৊ټܹ٭۰ (homosexuality)

Other Մ៰Ղا (God), اఈః༡م (Ahlam), اࠍ੅ܹ٭ھ (Gulf), Ⴄ၍ޖܾ (Kazem), ঌॻ༟ (Ali)

Table 8: Top-5 content words per category (stopwords
removed).

A.2 Qualitative Examples

Table 9 presents five representative polarized texts
selected to span different topics, events, and label
configurations.

The following observations can be made:

• Examples 1 and 2 show how political and re-
gional identity polarization can surface even
in seemingly mundane contexts (sports, diplo-
macy).

• Example 3 illustrates religious vilification
with direct cursing.

• Example 4 highlights how gender-based
harassment is a systemic, pragmatic phe-
nomenon.

• Example 5 criticizes religious education
rather than a religious group itself, carrying
both Political and Religious labels and illus-
trating the blurred boundaries between cate-
gories.

B Experimental Setup Details

Encoder fine-tuning settings. We fine-tune all
models for 12 epochs with a batch size of 128,
using AdamW with a learning rate of 5 × 10−5,
weight decay of 0.1, and a warmup ratio of 0.1. La-
bel smoothing is set to 0.1, and early stopping is
applied with a patience of 3 epochs.

Software and hardware resources. Encoder
fine-tuning is conducted on anNVIDIA P100GPU
using the Hugging Face (Transformers, Sentence-
Transformers) and PyTorch frameworks. All LLM
evaluations are performed through API (see be-
low).

LLMs. Table 10 lists all LLMs evaluated with
their full model identifiers and providers.

Name Model ID Provider
Qwen3-235B-A22B qwen/qwen3-235b-a22b NVIDIA NIM
DeepSeek V3.2 deepseek-ai/deepseek-v3.2 NVIDIA NIM
Gemma-3-27B-it google/gemma-3-27b-it NVIDIA NIM
Llama-3.3-70B-Instruct meta/llama-3.3-70b-instruct NVIDIA NIM
Fanar Fanar Fanar API

Table 10: Evaluated LLMs with full identifiers.

LLM inference configuration. All models use
a temperature of 0.3 (0.7 for data augmenta-
tion). Standard and thinking-mode runs use
max_tokens = 256 and 1024 respectively.

C Full Results Tables

Tables 11 and 12 provide the complete ranking
of all generative / RAG-based experiments con-
ducted for both Subtask 1 and Subtask 2, respec-
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# Topic Arabic (original) English (translation) ST2

1 Sports / regime اৎ৊ފٺۜ٭ܭ ڣأܭ ܋ٴଫଃة ݁ٴ؇راة ڢڎم ڣ؇ܳྡྷފ٭؇
َ؇دي ྘ྲྀٷ݄؇ اܳڰިز، ොູگ٭ݑ ݆݁ റണ೭ܝ݆ ቕረو
཯ྡྷٺޙݠ وًࠔࠫ و݁گݞزة ݁گݠڣ۰ ாணة ڢڎم اܳٷޙ؇م
ુળ੆اࠍ ݁ފ؇༟ڎات

“Valencia played a great match and
did the impossible but couldn’t win,
while the regime’s club played disgust-
ing football, waiting for referee help.”

OTH

2 Gulf identity اࠍ੅ܹ٭ھ..݁ިاڢژ دول ᆇᅹ٭ؕ ݆݁ ؕ෠ஙوا ار༥ܭ
اࠍ੅ܹ٭ھ ᄴᄟول ل۰ ෛ੼ݞ

“Braver than all Gulf
states…disgraceful stances by Gulf
countries.”

POL, RAC, OTH

3 Sectarianism ૭૜ٺۜݑ. ؇݁ Մ៰Ղا ݆݁ ༟ܹ٭۹ Մ៰Ղ ᄎჼل๤ཇ ۏأ۳ܹ؇ ۱ڍا
Մ៰Ղوا اܳٷڰ؇ق ݆݁ ا৖৑ݿߺࠊب༥ڎࢴࣖ ݁ٴٺڎع ݁ٷ؇ڣݑ
واܳأڍاب ؇ਃ಻ᄴᄟا ሒᇭ اࠍ੅ݞي ݿިى ݁ٷ۬ ዻዧ؇਍ಱ ݆ܳ
اරඝ৚৑ة ሒᇭ

“He made her a partner of God…you
hypocrite innovator…you will earn
nothing but disgrace in this life and tor-
ment in the hereafter.”

REL

4 Gender ،؇ዝ๎ืఈః݁ اܳލ؇رع ሒᇭ اܳٺۜݠش ݿྟص أن لگ؇ل
݁ިاڢؕ ሒᇭ ً؇ৎ৊ݠأة اܳٺۜݠش ݿྟص ؇݁ ߙߵى ل؇
ఈః݁ټ ۊޚ۳؇ ᆇᅹ؇ل ا৖৑ۏٺ݄؇ሒᇼ..؟ اܳٺިاݬܭ

“They say street harassment is caused
by her clothes—then what causes on-
line harassment of women…her hand-
writing maybe?”

GEN

5 Religion / education ݁ݷ ఈዳዧݿژ દઊᄴᄟا ݁أ޺޾ ৖৑ن اواڣݑ ৖৑
ܾ۱ިగఒ۱؇لأ دول ݿߺࠊভ঒؇تۋފٷ۬ و৖৑دَ؇ ਃಸأగఒިا
ܾ۱ިොຳاذ ڢ؇ّߺࠊ۱ܾ. واܳٺޚݠف. اܳأٷژ

“I disagree because religion teach-
ers unfortunately don’t teach our kids
good behavior—they teach them vi-
olence and extremism: ‘fight them’,
‘slaughter them”’

POL, REL

Table 9: Diverse polarized examples with original Arabic and English translation (by the authors. Label abbrevia-
tions: POL=Political, RAC=Racial/Ethnic, REL=Religious, GEN=Gender/Sexual, OTH=Other.

tively, on the development set, comparing all mod-
els, prompt variants, and configuration choices.

D Per-Category Breakdown (ST2)

Category Prec. Rec. F1 TP FP FN TN
Political 0.7556 0.8095 0.7816 34 11 8 116
Racial/Ethnic 0.6667 0.6897 0.6780 20 10 9 130
Religious 0.7500 0.6429 0.6923 9 3 5 152
Gender/Sexual 0.7500 0.5000 0.6000 9 3 9 148
Other 0.5294 0.3214 0.4000 9 8 19 133
Macro 0.6903 0.5927 0.6304 – – – –

Table 13: Per-category results for best ST2 sys-
tem (RAG-ICL, k=7, filtered, Gemma-3-27b-it, EN).
Green : well-detected categories. Orange : difficult
categories. Low recall on Other (0.32) might suggest
label ambiguity and class imbalance.

Table 13 shows a clear performance gap across la-
bels. Political is the strongest category (F1 = 0.78),
while Racial/Ethnic and Religious are relatively
stable (F1 = 0.68 and 0.69). Gender/Sexual de-
creases mainly because of lower recall (0.50),
suggesting the model misses many valid cases.
The Other label is the hardest by a wide margin
(F1 = 0.40, recall = 0.32, 19 FN).
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Rank Method Model Pr. Lang. k F1mac Prec. Rec. Acc. Spec.

1 RAG-ICL Gemma-3-27b-it EN 7 0.8446 0.8182 0.8400 0.8462 0.8511
2 RAG-ICL Gemma-3-27b-it AR 3 0.8442 0.8267 0.8267 0.8462 0.8617
3 RAG-ICL Gemma-3-27b-it AR 5 0.8388 0.8077 0.8400 0.8402 0.8404
4 RAG-ICL Gemma-3-27b-it AR 7 0.8211 0.7848 0.8267 0.8225 0.8191
5 RAG-ICL Gemma-3-27b-it EN 3 0.8202 0.8000 0.8000 0.8225 0.8404
6 RAG-ICL Gemma-3-27b-it EN 5 0.8149 0.7821 0.8133 0.8166 0.8191
7 Zero-Shot Fanar AR – 0.7905 0.7632 0.7733 0.7929 0.8085
8 RAG-ICL Fanar AR 3 0.7546 0.7237 0.7333 0.7574 0.7766
9 Zero-Shot Fanar EN – 0.7524 0.7429 0.6933 0.7574 0.8085

10 RAG-ICL Fanar AR 5 0.7419 0.7162 0.7067 0.7456 0.7766
11 RAG-ICL Fanar EN 3 0.7403 0.7286 0.6800 0.7456 0.7979
12 RAG-ICL Fanar EN 5 0.7299 0.7027 0.6933 0.7337 0.7660
13 RAG-ICL Fanar EN 7 0.6520 0.6667 0.5067 0.6686 0.7979
14 RAG-ICL Fanar AR 7 0.6230 0.6667 0.4267 0.6509 0.8298
15 Zero-Shot Gemma-3-27b-it AR – 0.5327 0.8333 0.2000 0.6272 0.9681
16 Zero-Shot Gemma-3-27b-it EN – 0.5113 0.8125 0.1733 0.6154 0.9681
17 Zero-Shot Llama-3.3-70B-Instruct EN – 0.4815 0.8333 0.1333 0.6036 0.9787
18 Zero-Shot Qwen3-235B-A22B EN – 0.4735 0.9000 0.1200 0.6036 0.9894
19 Zero-Shot DeepSeek V3.2 EN – 0.4490 0.8750 0.0933 0.5917 0.9894
20 ZS (Think) Qwen3-235B-A22B EN – 0.4331 0.7500 0.0800 0.5858 0.9787
21 ZS (Think) DeepSeek V3.2 EN – 0.4000 1.0000 0.0400 0.5740 1.0000

Table 11: Complete ranking of all LLM-based (generative/RAG-ICL-based) 21 experiments conducted for Subtask
1 on the development set.

Rank Method Model Pr. Lang. k Filt. F1mac F1mic Pmac Pmic Rmac Rmic Acc Ham. Hall.

1 RAG-ICL Gemma-3-27b-it EN 7 3 0.6304 0.6559 0.6903 0.6983 0.5927 0.6183 0.6272 0.1006 0.1702
2 CoT Gemma-3-27b-it EN 7 3 0.6196 0.6475 0.6790 0.6991 0.5818 0.6031 0.6272 0.1018 0.1702
3 RAG-ICL Gemma-3-27b-it AR 7 3 0.6161 0.6429 0.6562 0.6694 0.5895 0.6183 0.6095 0.1065 0.1702
4 RAG-ICL Gemma-3-27b-it EN 5 3 0.6146 0.6454 0.6539 0.6750 0.5909 0.6183 0.6331 0.1053 0.1702
5 Contrastive Gemma-3-27b-it EN 7 3 0.6062 0.6320 0.6521 0.6639 0.5771 0.6031 0.6154 0.1089 0.1702
6 RAG-ICL Gemma-3-27b-it EN 3 3 0.6044 0.6311 0.6620 0.6814 0.5689 0.5878 0.6331 0.1065 0.1702
7 RAG-ICL Gemma-3-27b-it EN 5 7 0.5935 0.5993 0.5447 0.5361 0.6607 0.6794 0.4497 0.1408 0.5745
8 Self-Refine Gemma-3-27b-it EN 7 3 0.5692 0.6215 0.6129 0.6500 0.5678 0.5954 0.6272 0.1124 0.1702
9 Filtered ZS Gemma-3-27b-it EN – 3 0.5643 0.6192 0.6711 0.6852 0.5366 0.5649 0.6036 0.1077 0.1702

10 RAG-ICL Gemma-3-27b-it EN 3 7 0.5590 0.5591 0.5442 0.5270 0.5826 0.5954 0.4320 0.1456 0.5213
11 RAG-ICL Gemma-3-27b-it EN 7 7 0.5457 0.5655 0.5190 0.5157 0.5856 0.6260 0.4083 0.1491 0.5745
12 Zero-Shot Gemma-3-27b-it EN – 7 0.5425 0.5586 0.5080 0.5094 0.6070 0.6183 0.3964 0.1515 0.6064
13 Zero-Shot Gemma-3-27b-it AR – 7 0.5315 0.5281 0.4840 0.4651 0.6037 0.6107 0.3846 0.1692 0.8085
14 Zero-Shot Qwen3-235B-A22B EN – 7 0.5273 0.5487 0.6151 0.6526 0.4677 0.4733 0.5503 0.1207 0.2447
15 Zero-Shot Llama-3.3-70B-Instruct EN – 7 0.4976 0.5388 0.5482 0.5789 0.4794 0.5038 0.5207 0.1337 0.3511
16 Zero-Shot Fanar EN – 7 0.4290 0.4656 0.4507 0.4656 0.4204 0.4656 0.3728 0.1657 0.5957
17 Zero-Shot Fanar AR – 7 0.3817 0.4179 0.4124 0.4088 0.3959 0.4275 0.3018 0.1846 0.7128

Table 12: Complete ranking of all 17 experiments conducted for Subtask 2 on the development set. Acc (Exact
Match): fraction of samples where all 5 labels are exactly correct (strictest metric). Ham. (Hamming Loss):
fraction of individual label slots predicted incorrectly (lower is better; e.g., 0.10 means 10% wrong label slots).
Hall. (Hallucination Rate): among truly non-polarized samples (all 5 labels are 0), fraction where the model
predicts at least one category.
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Figure 2: Dataset analysis of the Arabic training partition. (A) ST1 class distribution. (B) ST2 type frequencies
among polarized instances. (C) ST2 co-occurrence matrix (diagonal =marginal counts). (D) Label cardinality
distributions for ST2 and ST3 among polarized instances. (E) Text length density by class. (F) ST3 manifestation
frequencies (included for completeness; not covered in this work).
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E Detailed Linguistic Analysis

To gain deeper insights into our system’s limitations and reasoning capabilities, we conducted a manual
qualitative audit of the model’s outputs. Two experts, an Arabic linguist and a computational linguist,
reviewed a stratified sample of 40 instances (20 for each subtask, from the best system of each of them).
The annotators evaluated the linguistic nuances of the Arabic texts, the validity of the LLM-generated
rationales (for ST2), and the accuracy of the ground-truth labels. Following independent review, the
linguists reconciled their findings to identify recurring model blind spots, linguistic patterns (dialectal
correlations, keyword bias, ...), and annotation inconsistencies. Examples are grouped by error pattern,
with annotations on dialect, framing, and failure mode.

E.1 ST1: Binary Detection

3 Correct — Political Polarization (Levantine)

Text: ม฀ؗو ܳݧ ا৙৑ݿڎ ૰૖؇ر ۹గఒ݁أ ܳـܝ݆ ቕረ؇اܳأ دول ႟ၽܳ ل۰ ݿިر ً؇؜ިا ا৖৑ݿڎ ال ݆݁ ଫ଒ا܋ ሒᇬఈఃّ رح ؇݁ وا๤དྷܳاء اܳٴ٭ؕ আॻ༟ ௧ௌොູ ࢻࣖك اذا Մ៰Ղوا
Gold: Polarized Model: Polarized 3
Analysis: Explicit political attack on Assad (and the Assad family) with insulting language (ม฀ؗو thief“—ܳݧ and stupid”).
The second-person pronoun ۹గఒ݁أ (“your teacher/master”) creates clear “us vs. them” framing. Levantine dialect markers:ࢻࣖك, .رح

3 Correct — Group Hostility (Gulf)

Text: ޗٴ؇ل ި݁ ިܳ ا༥ܭ ނߺࠊن ،ଫଊ༠ ુળܳـ ޗݑ ৖৑و ዛኡ؇ر ܳ٭ܭ ොຳ؇਍ಾިن ુળܹ٭ෛ੼و ુળًߺࠊڣ ቕቆႤ၍و ુળݪ؇ؗޚ ޗٴ؇ل و۱ި ᄩႍၽލৎ৊ا [2 ROFL emojis]
Gold: Polarized Model: Polarized 3
Analysis: Group-directed hostility via plural pronoun ቕመ. Dehumanizing verbިنොຳ؇਍ಾ (“you bark at each other”). Gulf dialect:
,ނߺࠊن .ا༥ܭ Sarcasm reinforced by emojis.

3 Correct — Reporting on Division (MSA)

Text: ሒᇭ ا༚৙৑ܹٴ٭۰ ݆݁ اܳޚިافژ ෛຬިفّ وႤ၍ن ݿٷ۰ 54 ఈః༠ل اܳޚ؇فࠕࠫ ا৖৑َگފ؇م আॻ༟ ا؜ٺ݄ڎ اܳފ؇ًݑ اܳٷޙ؇م إن لگިل ا๤དྷܳع أᆇᅵڎ اܳފިري ا྘ཬීෂݴ
ل؇ ݿިر
Gold: Not polarized Model: Not polarized 3
Analysis: Reports a political statement about sectarian division without adopting a hostile stance. Model correctly separates
meta-discussion of polarization from polarizing content itself.

7 Error (False Negative) — Missed Non-Political Target (Egyptian)

Text: ۏ٭ڎ ᆇᅦܭ ปฆۋ ৖৑و ఈఃأݬ ۱ި݁ٴ۬ ሒᇭ ݁ٴگ؇ش ؜ލ؇ن ڢܹ٭ܭ ݆݁ وً؇ظ ۱ٴޔ اܳڰ݆ ި۱
Gold: Polarized Model: Not polarized 7
Analysis: Attacks an entire professional group (artists) with sweeping generalizations: “no talent at all.” The model fails to
recognize group-directed hostility when the target is non-political. Egyptian dialect: .ً؇ظ,݁ٴگ؇ش,؜ލ؇ن
Failure mode: Political-bias in polarization concept.

7 Error (False Negative) — Implicit Polarization via Questions (MSA)

Text: ؟ ܋٭ژ ۰਍ಱ݁ٺڎ ሒሃو اৎ৊ݠأة ۋگިق ؜݆ ଫଊّأ ان ஓ୷ܝ݆ و܋٭ژ اৎ৊ݠأة ොູݠر ب ؇ዛውڢఈః༟ و݁؇ ؟ ل۰ ި૭૙ ܋٭ژ
Gold: Polarized Model: Not polarized 7
Analysis: Though phrased as questions, the text attacks feminists by implying feminism contradicts religion— delegitimiza-
tion through rhetorical skepticism. The model struggles with polarization in question form rather than direct attack.
Failure mode: Implicit framing not detected.

7 Error (False Negative) — Implicit “Us vs. Them” (MSA)

Text: اܳأٷژ. ሌᇿا لݱܭ ڢڎ ይዧލ؇رع ڣިران ੯ُ੩༱ݿٺ ඔ൹ٷٺڰأৎ৊ا ݆݁ وزਵਦة اܳڰگݠاء ඔ൹ފۜިڢৎ৊ا ඔ൹لఈః݁ ඔ൹ً ᄭᄥف؇ୖ୒ا اܳڰ۠ިة
Gold: Polarized Model: Not polarized 7
Analysis: Divides society into two opposing groups: اܳڰگݠاء ඔ൹ފۜިڢৎ৊ا ඔ൹لఈః݁ (“millions of crushed poor”) vs. ඔ൹ٷٺڰأৎ৊ا ݆݁ زਵਦة
(“a group of profiteers”). Creates sharp “us vs. them” framing through social analysis rather than explicit attack.
Failure mode: Structural polarization missed.
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7 Error (False Positive) — Individual Attack (Gulf)

Text: ۰༟؇ීڢෂوا اܳٺڰ؇۰۱ ᄎჼڎارة..ܹ݁ـ༥ ؜݆ ᄎჼܹ݁ـ ܳگص ૭૜ٺۜݑ ሒሃ ݁؞ٷ٭۰... وݬ؇رت ݁أݞة
Gold: Not polarized Model: Polarized 7

Analysis: Insults one specific singer —݁أݞة) “goat”, اܳٺڰ؇۰۱ ᄎჼܹ݁ـ— “queen of triviality”). No group generalization. Model
cannot distinguish individual attacks from group-directed hostility.
Failure mode: Individual/group confusion.

7 Error (False Positive) — Sports Humor (Iraqi)

Text: ۬۳۳۳۳۳۳۱ َگݠاه ؇݁ د༟؇ء ঌॻෛຶا ؇݁ ܾୖ୒؇঴঒ َܹأص ݆݁ واۋٷ۬ لܭ اଫଊܳاز ঴঒؇ل ม฀ނأ لݑ ڣݠ ݬ؇رت ل؇ ܋ިر ނިف
Gold: Not polarized Model: Polarized 7
Analysis: Sports banter comparing Korean and Brazilian football teams with Iraqi humor. Playful exaggeration (“we read
every prayer”), not group-directed hostility. Model misreads passionate tone and dialect markers as polarization.
Failure mode: Tone/register misinterpretation.

7 Error (False Positive) — Social Commentary (Levantine)

Text: ༟؇ܳݯۜ٭۰ اࠍ੆ݑ ྘ྲྀٷۜޔ ۱٭۹ ؕ݁ ྵื ݿ؇ࢱࣖ. ؇ዛዀڣ اܳٷگ؇ب ً؊݁؇܋݆ პაႰن ਐಸܝިن ا৖৑ؗٺݱ؇ب ৖৑؇༡ت اَ۬ ᄭႍၽލৎ৊ا
Gold: Not polarized Model: Polarized 7
Analysis: Discusses victim-blaming in sexual assault cases. Sensitive keywords ,ا৖৑ؗٺݱ؇ب) (اܳٷگ؇ب trigger the model, but
the text is analytical social commentary, not group-directed attack.
Failure mode: Keyword sensitivity without context.

E.2 ST2: Type Classification

3 Exact Match — Political + Racial + Religious

Text: ޗ༲؇ن ނأص ༠؇ޗݠو ݿ؇܋ب واܳލأص Ⴄ၍ڣݠ ᄭᄟوᄴᄟا ر྘ཬݴ
Gold: political, racial/ethnic, religious
Model: political, racial/ethnic, religious 3
LLM Rationale: The text explicitly attacks the president (political), uses the term ”kafir” / infidel (religious), and insults
the people as ”tahhan” (racial/ethnic/social).
Analysis: All three labels correctly captured from explicit cues. The model’s rationale aligns perfectly with the pragmatic
intent of the text, successfully parsing the intersection of political critique and religious/social slurs.

7 Keyword Bias — Appearance → Religious Hallucination

Text: ሒሃو و࿭੗؇ب ؜ٴ؇ل۬ ۬૭૖৖৑ اଫଊًܳިك و۱؇ي إ༟ڎام ۱ڍول اৎ৊ڰݠوض ؜گܹ٭؇ ෛ੼ٺܭ ݿ؇ڢޔ ... ༂وࡷ اܳލ݄ݠ ًޚ݆ ዻዧ؇؜ٴ ًޚٷ۬ ނިف اܳފ؇ڢޔ
؇ዛ዇ᚶذ ނٷި ඔ൹ݿ؇ڢޚ ل؇ ݿٷިات ݿب ᆇᅦݠ۱؇ ᄩᄥޗڰ ુળوܳـ ݿ؇ڢޚ۬ و༡ڎه
Gold: gender/sexual, other, political
Model: gender/sexual, other, religious 7 (hallucinated religious; missed political)
LLM Rationale: The text mentions ”abaya” and ”hijab” و࿭੗؇ب) ,(؜ٴ؇ل۬ indicating that the attack is based on religious
appearance, thus constituting religious polarization.
Analysis: The LLM explicitly cites clothing items as evidence for a religious label. However, these are visual appearance
markers used here in a moral and gendered condemnation context (attacking the hypocrisy of the individuals). This is a clear
case of keyword bias: surface-level vocabulary triggered a religious classification without any contextual understanding.

7 Clever Hans & Intersectionality — Misread Intent

Text: وا༡ڎ ඹජا߉ߵي દઊႤ၍ Ⴄ၍ن Ⴄ၍ިن ܳ ނܝިن আॻ༟ ًݱں ؇ዛኡو؇༟ ৖৑و ݿܹـ۳᠌؇ ሒᇿ ܾዛዀڣ ྸฺႤၽ݁ را༥ܭ 100 ாணا۰݁ ৖৑و ෛຶިة ৖৑و ๤ཇف ৖৑و ؜ਲ਼ة ৖৑
݁ިاܳ٭۬ ؜ٷڎ اܳٷ٭ژ و اܳأݞة لިڢڰ۳ܾ ؇ஓ஄
Gold: gender/sexual, racial/ethnic
Model: racial/ethnic 7 (missed gender/sexual)
LLM Rationale: ”The text expresses a lack of honor and courage, specifically contrasting it with what a ඹජا߉ߵي (Alge-
rian) would do. This targets Algerians as a group and implies a negative judgment about their character, thus constituting
racial/ethnic polarization.”
Analysis: The LLM completely hallucinates the intent. It sees the keyword ”Algerian” alongside negative words (”no
honor”) and assumes it insults Algerians, when the text actually praises them while attacking the masculinity and chivalry
(ෛຶިة) of the ”100 men” who failed to protect a woman. The model misses the intersectional gender dimension entirely and
gets the ethnic sentiment backwards despite predicting the correct label.
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7 Cultural Gap — Sectarian Context Missed

Text: ዛውྡྷ཯ިن ዛው݁ݠي دا؜ݷ رداء ܾ۱ ਊಾࠔࠥ و݁؇ اෑෂور ودߌߵ ྘ཹٷިى ොູݠߌߵ ًأڎ دا؜ݷ ೑ಾ؇݁ ܳگڎ ا݁ݴ ᄴᄟا؜ݷ ا݁ٺڎاد ሒሃ ྘ܳݴ اܳ٭ިم دا؜ݷ
اࠍ੆ލڎ ً؇ዛውᚶ؇ء
Gold: political, racial/ethnic
Model: political, religious 7 (hallucinated religious; missed racial/ethnic)
LLM Rationale: The text discusses ISIS, an Islamic extremist group, which inherently constitutes religious and political
polarization.
Analysis: The model interprets ISIS as a religious group (surface-level association), missing the ethnic/sectarian dimension
of the regional conflict (Iraq, Nineveh, Deir ez-Zor). Crucially, it fails to recognize the cultural and sectarian weight of اࠍ੆ލڎ
(Popular Mobilization Forces), treating the conflict as purely religious/political and missing the localized ethnic/sectarian
nuances.
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F Complete Prompt Templates

All prompts are shown verbatim as used in experiments. Placeholders are marked with {braces}.

F.1 Data Augmentation (ST1)
Used with DeepSeek V3.2 to generate augmented training data for encoder fine-tuning. The pipeline has
two phases.

Phase 1: Style Analysis. A random sample of 20 training texts is analyzed to produce a reusable style
guide.

System — Style Analysis

You are a computational linguist.

User — Style Analysis

Analyze the following Arabic Social Media samples.
DATASET SAMPLES:
{examples_text}
OUTPUT FORMAT:
Provide a concise “Style Guide” paragraph describing:

1. Dialects present.
2. Swearing/Insult patterns in Polarized text.
3. Tone differences.

This guide is for a generative model to mimic this exact distribution.

Phase 2: Augmentation. For each polarized training sample, two variants are generated.

System — Augmentation

You are an expert Arabic Data Augmentor.
STYLE GUIDE: {style_guide}

User — Augmentation

TASK: Generate 2 variations of the Target Text.

1. PARAPHRASE (Label 1): Rewrite in a different dialect/style from the dataset. MUST remain POLARIZED (hate-
ful/divisive).

2. HARD NEGATIVE (Label 0): Rewrite to contain the same criticism but REMOVE hate/insults/generalization. Must
be CRITICAL but NOT POLARIZED.

REFERENCE EXAMPLES (Mimic Style):
{few_shot_text}
TARGET TEXT:
“{text}”
RESPONSE FORMAT (JSON ONLY):

{``paraphrase'': ``Arabic text'', ``paraphrase_dialect'': ``dialect'', ``hard_negative'':
``Arabic text''}

Generation uses temperature = 0.7 and max_tokens = 2048.
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F.2 Subtask 1 — Binary Polarization Detection
Zero-Shot (EN)

System — Zero-Shot (EN)

You are an expert in Arabic sociolinguistic analysis, specializing
in detecting social polarization.

=== TASK ===
Determine whether an Arabic text contains POLARIZING content
(binary: yes or no).

=== DEFINITION OF POLARIZATION ===
Polarization is content that creates "us vs. them" social division by:
1. TARGETING a specific SOCIAL GROUP (not just an individual person)
2. EXPRESSING negative sentiment through stereotyping, vilification,

or dehumanization

=== WHAT IS NOT POLARIZATION ===
- Personal insults against individuals (without group generalization)
- Criticism or disagreement without hate/vilification
- Neutral discussion of controversial topics
- Positive or encouraging content

=== RESPONSE FORMAT ===
Output ONLY valid JSON:
{"polarized": 0 or 1, "reasoning": "brief explanation"}

0 = Text does NOT contain polarization
1 = Text DOES contain polarization

User — Zero-Shot (EN)

Classify this Arabic text for polarization.

TEXT:
"""{text}"""

Does this text target a specific SOCIAL GROUP with negative sentiment
(stereotyping, vilification, or dehumanization)?

If YES -> polarized: 1
If NO -> polarized: 0

Output ONLY JSON: {"polarized": 0 or 1, "reasoning": "brief explanation"}

Zero-Shot (AR)

System — Zero-Shot (AR)

.ሒᇼ؇݄ۏٺ৖৑ا ا৖৑ݿٺگޚ؇ب ؜݆ ይዧـܝލژ ሒᇀاܳأݠ اࠍ੅ޚ؇ب ොູܹ٭ܭ ሒᇭ ଫଃۊٴ ೑಻أ
=== ۰݄۳ৎ৊ا ===
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.(৖৑ أو َأܾ :ሒᆶ؇਍ು) ሒᇀ؇اݿٺگޚ ො੼ٺިى আॻ༟ ොຬٺިي ሒᇀاܳأݠ اܳٷݧ Ⴄ၍ن إذا ؇݁ ༡ڎد
=== ا৖৑ݿٺگޚ؇ب لژ ّأݠ ===

ఈః༠ل: ݆݁ ("ܾ۱ ݪڎ ݆ොຶ") اۏٺ݄؇؜٭ً؇ اَگފ؇ً݁؇ ੯੩ෛຬ ො੼ٺިى ި۱ ا৖৑ݿٺگޚ؇ب
ڣگޔ) ڣݠداً (و྘ܳݴ ො੼ڎدة اۏٺ݄؇؜٭۰ ۰༟ިᆇ୞୘ اݿዛውڎاف .١

۰ਃ಻؇૭૙৕৑ا ݆݁ اܳٺ۠ݠࢴࣖ أو ل۬ اܳྥލި أو اܳٺٷ݄٭ޔ ఈః༠ل ݆݁ ݿܹٴ٭۰ ਵ݁ލ؇؜ ؜݆ ଫଃاܳٺأٴ .٢

=== ؇ً࿓؇اݿٺگޚ ྘ܳݴ ؇݁ ===
(۰༟ި݄௵௯௫ا আॻ༟ ّأ݄ࡗࡲ (ࢻࣖون ఋዳዧڣݠاد اܳލۛݱ٭۰ ا۱৕৑؇َ؇ت -

ل۬ ި૰૜/۰ا۱٭ாண ࢻࣖون ا৖৑ۊٺఈఃف أو اܳٷگڎ -
࠯࠵࠾ڎل اৎ৊ټଫଃة గጻዧިاݪ٭ؕ ا௱௯௫؇ࢴࣖة اৎ৊ٷ؇ڢލ۰ -

اৎ৊ލ۠ؕ أو ሒᇀ؇෠ຬ৕৑ا ا௱௯௫ٺިى -
=== اරඝ৕৑اج ོྡྷފ٭ݑ ===

ڣگޔ: JSON ًـ أۏص
{"polarized": 0 أو 1, "reasoning": "๤ཡٺෛ੼ ଫଃّڰފ"}

اݿٺگޚ؇ب আॻ༟ ොຬٺިي ৖৑ اܳٷݧ = 0
اݿٺگޚ؇ب আॻ༟ ොຬٺިي اܳٷݧ = 1

User — Zero-Shot (AR)

ا৖৑ݿٺگޚ؇ب. ۋ٭ت ݆݁ ሒᇀاܳأݠ اܳٷݧ ۱ڍا ݬٷژّ
اܳٷݧ:

"""{text}"""

ا۰ਃ಻؇૭૙৕৑)؟ ݆݁ ෠ູݠࢴࣖ أو ل۬، ި૰૜ (റഠ೺٭ޔ، ݿܹٴ٭۰ ਵލ؇؜ஓ୾ ො੼ڎدة اۏٺ݄؇؜٭۰ ۰༟ިᆇ୞୘ اܳٷݧ ۱ڍا ዛው૭૏ڎف ۱ܭ
1 polarized: <- َأܾ إذا
0 polarized: <- ৖৑ إذا

{"polarized": 0 أو 1, "reasoning": "๤ཡٺෛ੼ ଫଃّڰފ"} ڣگޔ: JSON ًـ أۏص

RAG-ICL (EN)
System Prompt: same as Zero-Shot (EN) above.

User — RAG-ICL (EN)

Below are similar examples from the training data with their ground
truth labels.

=== SIMILAR TRAINING EXAMPLES ===

--- Example {i}: {POLARIZED/NOT POLARIZED} (similarity: {score}) ---
"{example_text}"
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[repeated for k examples]

=== TEXT TO CLASSIFY ===
"""{text}"""

Does this text contain social polarization? Compare with the similar
examples above.
Remember: Polarization requires targeting a GROUP (not individual)
with negative sentiment.

Output ONLY JSON:
{"polarized": 0/1, "reasoning": "Brief explanation"}

RAG-ICL (AR)
System Prompt: same as Zero-Shot (AR) above.

User — RAG-ICL (AR)

.؇ዛኤ؇ّݱྡྷ٭ڰ ؕ݁ ೞಱاܳٺڎر ਃಸ؇َ؇ت ݆݁ ۰ዛኞ؇݁ލ ᄭᄥأ݁ټ ঌॻل ڣ٭݄؇

=== ۰ዛኞ؇݁ލ ೞಱࣁࣖر ᄭᄥأ݁ټ ===

--- {score}) :ً۬؇૰૜( ݁ފٺگޚص{ ଫଃ༚/݁ފٺگޚص{ {i}: ݁ټ؇ل ---
"{example_text}"

[ᄭᄥأ݁ټ k ܳـ [ଲਐಱ୍ر
=== ّݱྡྷ٭ڰ۬ اৎ৊ޚߺࠊب اܳٷݧ ===

"""{text}"""

أఈః༟ه. ᄭᄥ݁ټ৙৑ا ؕ݁ ڢ؇رن اۏٺ݄؇ሒᇼ؟ اݿٺگޚ؇ب আॻ༟ اܳٷݧ ۱ڍا ොຬٺިي ۱ܭ
ݿܹٴ٭۰. ਵލ؇؜ஓ୾ ڣݠداً) (و྘ܳݴ ۰༟ިᆇ୞୘ اݿዛውڎاف ਐಱޚܹص ا৖৑ݿٺگޚ؇ب :ாணࣕ ࣁ

ڣگޔ: JSON ًـ أۏص
{"polarized": 0/1, "reasoning": "๤ཡٺෛ੼ ଫଃّڰފ"}

F.3 Subtask 2 — Multi-Label Polarization Type Classification
ST2 system prompts are composed of two blocks that are concatenated: (1) aCore Definition Block shared
by all ST2 methods, and (2) a Task Block that varies depending on whether pipeline filtering from ST1 is
applied. Both blocks are shown first; the per-method user prompts follow.

System Prompt — Core Definition Block (EN)

System Prompt — Core Definition Block (EN)

You are an expert in Arabic sociolinguistic analysis, specializing
in detecting social polarization.

=== DEFINITION OF POLARIZATION ===
Polarization is content that creates "us vs. them" social division by:
1. TARGETING a specific SOCIAL GROUP (not just an individual person)
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2. EXPRESSING negative sentiment through stereotyping, vilification,
or dehumanization

=== WHAT IS NOT POLARIZATION ===
- Personal insults against individuals (without group generalization)
- Criticism or disagreement without hate/vilification
- Neutral discussion of controversial topics
- Factual reporting of events or conflicts

=== CRITICAL DISTINCTIONS ===
1. INDIVIDUAL vs GROUP: Insulting one person =/= polarization.

Insulting their GROUP = polarization.
2. FACTUAL vs HOSTILE: Reporting conflict =/= polarization.

Adding hostile generalizations = polarization.
3. OPINION vs ATTACK: Disagreeing with ideas =/= polarization.

Attacking people for their identity = polarization.

System Prompt — Core Definition Block (AR)

System Prompt — Core Definition Block (AR)

.ሒᇼ؇݄ۏٺ৖৑ا ا৖৑ݿٺگޚ؇ب ا܋ྥލ؇ف ሒᇭ ݁ٺۛݱݧ ،ሒᇀاܳأݠ ሒᇼ؇݄ۏٺ৖৑ا اይዧ؞ިي اܳٺ༲ܹ٭ܭ ሒᇭ ଫଃۊٴ ೑಻أ
=== ا৖৑ݿٺگޚ؇ب لژ ّأݠ ===

ఈః༠ل: ݆݁ "ܾ۱ ݪڎ ݆ොຶ" ஓ୾ٷޚݑ ً اۏٺ݄؇؜٭؇ ً اَگފ؇݁؇ ੯੩ෛຬ ො੼ٺިى ި۱ ا৖৑ݿٺگޚ؇ب
ڣݠد) ෠੼ݠد (و྘ܳݴ ො੼ڎدة اۏٺ݄؇؜٭۰ ۰༟ިᆇ୞୘ اݿዛውڎاف .١

۰ਃ಻؇૭૙৕৑ا ߖ߳ع أو ل۬ اܳྥލި أو اܳٺٷ݄٭ޔ ଫଊ༟ ݿܹٴ٭۰ ਵ݁ލ؇؜ ؜݆ ଫଃاܳٺأٴ .٢

=== ً اݿٺگޚ؇ً؇ ྘ܳݴ ؇݁ ===
(۰༟ި݄௵௯௫ا আॻ༟ ّأ݄ࡗࡲ (ࢻࣖون ఋዳዧڣݠاد اܳލۛݱ٭۰ ا۱৕৑؇َ؇ت -

ل۬ ި૰૜ أو ாணا۱٭۰ ࢻࣖون ا৖৑ۊٺఈఃف أو اܳٷگڎ -
࠯࠵࠾ڎل اৎ৊ټଫଃة గጻዧިاݪ٭ؕ ا௱௯௫؇ࢴࣖة اৎ৊ٷ؇ڢލ۰ -

اৎ৊ިݪި؜٭۰ ل۰ ا৕৑ۊٴ؇ر اܳٺگ؇رߌߵ -
=== ل۰ ۏ۱ިݠ ஓ஄٭଩ଃات ===

اݿٺگޚ؇ب. = ᆇ୞୘ި؜ٺ۬ إ۱؇۰َ اݿٺگޚ؇ب. =/= وا༡ڎ ෛஙݧ إ۱؇۰َ :۰༟ިᆇ୞୘ ݁گ؇ًܭ ڣݠد .١
اݿٺگޚ؇ب. = ۰ਃಮڎا༟ ّأ݄٭݄؇ت إݪ؇ڣ۰ اݿٺگޚ؇ب. =/= ا༡৙৑ڎاث َگܭ ༟ڎاء: ݁گ؇ًܭ ۋگ؇فݑ .٢

اݿٺگޚ؇ب. = ܾዛውᚬި۱ ૭૖ྟص اܳٷ؇س ۰ᆇᅹ؇ዛᔻ اݿٺگޚ؇ب. =/= ا৙৑ڣႤၽر ؕ݁ ا৖৑ۊٺఈఃف ෠඾ިم: ݁گ؇ًܭ رأي .٣

System Prompt — Task Block, Unfiltered (EN)
Appended to the Core Definition Block (EN) when no ST1 filter is applied.

System Prompt — Task Block, Unfiltered (EN)

=== TASK ===
Classify Arabic text into polarization types. A text can have
ZERO, ONE, or MULTIPLE types.
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=== CATEGORIES ===
1. POLITICAL -- Targets political groups, governments, ideologies
2. RACIAL/ETHNIC -- Targets nationalities, ethnic groups, races,

regional origins
3. RELIGIOUS -- Targets religious groups, sects, beliefs
4. GENDER/SEXUAL -- Targets based on gender, sexual orientation
5. OTHER -- Targets professional groups, social classes,

or ambiguous collective targets

=== RESPONSE FORMAT ===
Output ONLY valid JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

System Prompt — Task Block, Unfiltered (AR)
Appended to the Core Definition Block (AR) when no ST1 filter is applied.

System Prompt — Task Block, Unfiltered (AR)

=== ۰݄۳ৎ৊ا ===
݁ٺأڎدة. أَިاع أو وا༡ڎ َިع أو ݬڰݠ আॻ༟ اܳٷݧ ොຬٺިي أن ஓ୷ܝ݆ ا৖৑ݿٺگޚ؇ب. أَިاع ۋފص ሒᇀاܳأݠ اܳٷݧ ݬٷژّ

=== اܳڰ٪؇ت ===
أࢴࣖلިܳިۏ٭؇ت أو ༡ܝި݁؇ت أو ݿ٭؇ݿ٭۰ ༟ިᆇ୞୘؇ت ዛው૭૏ڎف -- ๴ང؇ݿ٭ .١

إڢܹ٭݄٭۰ أݬިل أو ؜ਵڢ٭۰ ༟ިᆇ୞୘؇ت أو ༥ྡྷފ٭؇ت ዛው૭૏ڎف -- ॷख़शإ/ሒᇬਵ؜ .٢
݁أٺگڎات أو ޗިافژ أو د཯ྡྷ٭۰ ༟ިᆇ୞୘؇ت ዛው૭૏ڎف -- ॷख़दد .٣

๴ཏྡྷ੊اࠍ ۬༥ިاܳٺ أو اࠍ੊ྡྷݴ أݿ؇س আॻ༟ ዛው૭૏ڎف -- ሒᇼިَ/๴ཏྡྷ༥ .٤
༚؇݁ݯ۰ ᆇᅹ؇؜٭۰ أ۱ڎاف أو اۏٺ݄؇؜٭۰ ޗٴگ؇ت أو ዛᔻٷ٭۰ ༟ިᆇ୞୘؇ت ዛው૭૏ڎف -- أරඝى .٥

=== ۰ً؇༥৕৑ا ݬ٭؞۰ ===
:ဦݬ؇ࠍ JSON ًـ ڣگޔ أۏص

{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,
"gender/sexual": 0/1, "other": 0/1,

"reasoning": "๤ཡٺෛ੼ {"๤ཇح

System Prompt — Task Block, Filtered (EN)
Appended to the Core Definition Block (EN) when ST1 pipeline filtering is active.

System Prompt — Task Block, Filtered (EN)

=== TASK ===
The input text has ALREADY been identified as containing polarized
content. Your task is to classify WHICH TYPE(S) of polarization it
contains. A text can have ONE or MULTIPLE types simultaneously.

=== CATEGORIES ===
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1. POLITICAL -- Targets political groups, governments, ideologies
2. RACIAL/ETHNIC -- Targets nationalities, ethnic groups, races,

regional origins
3. RELIGIOUS -- Targets religious groups, sects, beliefs
4. GENDER/SEXUAL -- Targets based on gender, sexual orientation
5. OTHER -- Targets professional groups, social classes,

or ambiguous collective targets

=== RESPONSE FORMAT ===
Output ONLY valid JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

IMPORTANT: At least ONE category should be 1.

System Prompt — Task Block, Filtered (AR)
Appended to the Core Definition Block (AR) when ST1 pipeline filtering is active.

System Prompt — Task Block, Filtered (AR)

=== ۰݄۳ৎ৊ا ===
.ሒᇀ؇اݿٺگޚ ො੼ٺިى আॻ༟ ොຬٺިي أَ۬ আॻ༟ ً ݁ފٴگ؇ ሒᇿ؇اܳٺ اܳٷݧ ොູڎࢴࣖ ቕቆ

.؇ዛዀܹ༟ ොຬٺިي ا৖৑ݿٺگޚ؇ب ݆݁ أَިاع) (أو َިع أي ّݱྡྷ٭ژ ሒሃ ዛᔻ݄ٺ۹
وا༡ڎ. آنٍ ሒᇭ ݁ٺأڎدة أَިاع أو وا༡ڎ َިع আॻ༟ اܳٷݧ ොຬٺިي أن ஓ୷ܝ݆

=== اܳڰ٪؇ت ===
أࢴࣖلިܳިۏ٭؇ت أو ༡ܝި݁؇ت أو ݿ٭؇ݿ٭۰ ༟ިᆇ୞୘؇ت ዛው૭૏ڎف -- ๴ང؇ݿ٭ .١

إڢܹ٭݄٭۰ أݬިل أو ؜ਵڢ٭۰ ༟ިᆇ୞୘؇ت أو ༥ྡྷފ٭؇ت ዛው૭૏ڎف -- ॷख़शإ/ሒᇬਵ؜ .٢
݁أٺگڎات أو ޗިافژ أو د཯ྡྷ٭۰ ༟ިᆇ୞୘؇ت ዛው૭૏ڎف -- ॷख़दد .٣

๴ཏྡྷ੊اࠍ ۬༥ިاܳٺ أو اࠍ੊ྡྷݴ أݿ؇س আॻ༟ ዛው૭૏ڎف -- ሒᇼިَ/๴ཏྡྷ༥ .٤
༚؇݁ݯ۰ ᆇᅹ؇؜٭۰ أ۱ڎاف أو اۏٺ݄؇؜٭۰ ޗٴگ؇ت أو ዛᔻٷ٭۰ ༟ިᆇ୞୘؇ت ዛው૭૏ڎف -- أරඝى .٥

=== ۰ً؇༥৕৑ا ݬ٭؞۰ ===
:ဦݬ؇ࠍ JSON ًـ ڣگޔ أۏص

{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,
"gender/sexual": 0/1, "other": 0/1,

"reasoning": "๤ཡٺෛ੼ {"๤ཇح

.١ = ا৙৑ڢܭ আॻ༟ وا༡ڎة ڣ۰٪ ّܝިن أن ෠ຬص :ܾዛᔻ

Zero-Shot (EN)
System Prompt: Core Definition Block (EN) + Task Block, Unfiltered (EN).
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Classify the following Arabic text for polarization types.

TEXT:
"""{text}"""

ANALYSIS CHECKLIST:
1. Does this text target a specific SOCIAL GROUP (not just an individual)?
2. Does it express negative sentiment through stereotyping, vilification,

or dehumanization?
3. Which categories apply? (Can be zero, one, or multiple)

Output ONLY JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

Zero-Shot (AR)
System Prompt: Core Definition Block (AR) + Task Block, Unfiltered (AR).

ا৖৑ݿٺگޚ؇ب. أَިاع ۋފص ሒᇿ؇اܳٺ ሒᇀاܳأݠ اܳٷݧ ݬٷژّ
اܳٷݧ:

"""{text}"""

اܳٺۜگݑ: ۰ஓ୴؇ڢ
ڣگޔ)؟ ً ڣݠدا (و྘ܳݴ ො੼ڎدة اۏٺ݄؇؜٭۰ ۰༟ިᆇ୞୘ اܳٷݧ ۱ڍا ዛው૭૏ڎف ۱ܭ .١
ا۰ਃ಻؇૭૙৕৑؟ ߖ߳ع أو ل۬ اܳྥލި أو اܳٺٷ݄٭ޔ ଫଊ༟ ݿܹٴ٭۰ ਵ݁ލ؇؜ ؜݆ ଫّଊلأ ۱ܭ .٢

(ଫ଒أ܋ أو وا༡ڎة أو ݬڰݠ ّܝިن أن (ஓ୷ܝ݆ ਍ಾޚٴݑ؟ اܳڰ٪؇ت أي .٣
JSON: ًـ ڣگޔ أۏص

{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,
"gender/sexual": 0/1, "other": 0/1,

"reasoning": "๤ཡٺෛ੼ {"๤ཇح

RAG-ICL (EN)
System Prompt: Core Definition Block (EN) + Task Block, Filtered (EN).

Below are similar examples from the training data with their ground
truth labels.

=== SIMILAR TRAINING EXAMPLES ===

--- Example {i} (similarity: {score}) ---
Text: "{example_text}"
Categories: {active_categories}
Labels: political={0/1}, racial/ethnic={0/1}, religious={0/1},

gender/sexual={0/1}, other={0/1}

[repeated for k examples]

=== TEXT TO CLASSIFY ===
"""{text}"""

Based on the similar examples above, classify this text for ALL five
polarization types.
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ANALYSIS CHECKLIST:
1. Does this text target a specific SOCIAL GROUP?
2. Does it express negative sentiment through stereotyping, vilification,

or dehumanization?
3. Which categories apply? Compare with the examples above.

Output ONLY JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

RAG-ICL (AR)
System Prompt: Core Definition Block (AR) + Task Block, Filtered (AR).

.۰༲اܳݱۜ٭ ؇ዛኤ؇ّݱྡྷ٭ڰ ؕ݁ ೞಱاܳٺڎر ਃಸ؇َ؇ت ݆݁ ۰ዛኞ؇݁ލ ᄭᄥأ݁ټ ঌॻل ڣ٭݄؇

=== ۰ዛኞ؇݁ލ ࣁࣖر཯ྟ٭۰ ᄭᄥأ݁ټ ===

--- {score}) :ً۬؇૰૜( {i} ݁ټ؇ل ---
"{example_text}" اܳٷݧ:

{active_categories} اܳڰ٪؇ت:
religious={0/1}, racial/ethnic={0/1}, political={0/1}, اܳٺݱྡྷ٭ڰ؇ت:

other={0/1} gender/sexual={0/1},

[ᄭᄥأ݁ټ k ܳـ [ଲਐಱ୍ر
=== ّݱྡྷ٭ڰ۬ اৎ৊ޚߺࠊب اܳٷݧ ===

"""{text}"""

ا৵৤ৠފ۰. ا৖৑ݿٺگޚ؇ب أَިاع ৵৩ৠ٭ؕ اܳٷݧ ۱ڍا ݬٷژّ أఈః༟ه، ۰ዛኞ؇ލৎ৊ا ᄭᄥ݁ټ৙৑ا আॻ༟ ً ਍ಸ؇ء
اܳٺۜگݑ: ۰ஓ୴؇ڢ

ො੼ڎدة؟ اۏٺ݄؇؜٭۰ ۰༟ިᆇ୞୘ اܳٷݧ ۱ڍا ዛው૭૏ڎف ۱ܭ .١
ا۰ਃ಻؇૭૙৕৑؟ ߖ߳ع أو ل۬ اܳྥލި أو اܳٺٷ݄٭ޔ ଫଊ༟ ݿܹٴ٭۰ ਵ݁ލ؇؜ ؜݆ ଫّଊلأ ۱ܭ .٢

أఈః༟ه. ᄭᄥ݁ټ৙৑ا ؕ݁ ڢ؇رن ਍ಾޚٴݑ؟ اܳڰ٪؇ت أي .٣

JSON: ًـ ڣگޔ أۏص
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "๤ཡٺෛ੼ {"๤ཇح

Contrastive (EN)
System Prompt: Core Definition Block (EN) + Task Block, Filtered (EN).

Below are POSITIVE examples (polarized with specific categories) and
NEGATIVE examples (not matching those categories).

=== POSITIVE EXAMPLES (polarized) ===
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1. "{text}" -> {categories}
[...]

=== NEGATIVE EXAMPLES (not polarized or different type) ===
1. "{text}" -> not polarized / different categories
[...]

=== TEXT TO CLASSIFY ===
"""{text}"""

Compare with both positive and negative examples to make your decision.

Output ONLY JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

Contrastive (AR)
System Prompt: Core Definition Block (AR) + Task Block, Filtered (AR).

اܳڰ٪؇ت). ጥ጑ّ ّޚ؇ًݑ ৖৑) ݿܹٴ٭۰ ᄭᄥوأ݁ټ ො੼ڎدة) ڣ٪؇ت ؕ݁ (݁ފٺگޚٴ۰ ۰ਃಸ؇෠ຬإ ᄭᄥأ݁ټ ঌॻل ڣ٭݄؇

=== (݁ފٺگޚٴ۰) ۰ਃಸ؇෠ຬإ ᄭᄥأ݁ټ ===
{categories} -> "{text}" 1.

[...]

=== ෛ੼ٺܹژ) َިع أو ݁ފٺگޚٴ۰ ଫଃ༚) ݿܹٴ٭۰ ᄭᄥأ݁ټ ===

أරඝى ڣ٪؇ت / ݁ފٺگޚص ଫଃ༚ -> "{text}" 1.
[...]

=== ّݱྡྷ٭ڰ۬ اৎ৊ޚߺࠊب اܳٷݧ ===
"""{text}"""

ڢݠارك. ෛູ৖৑؇ذ واܳފܹٴ٭۰ ۰ਃಸ؇෠ຬ৕৑ا ᄭᄥ݁ټ৙৑ا ؕ݁ ڢ؇رن

JSON: ًـ ڣگޔ أۏص
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "๤ཡٺෛ੼ {"๤ཇح

Chain-of-Thought (EN)
System Prompt: Core Definition Block (EN) + Task Block, Filtered (EN). User Prompt: identical to
RAG-ICL (EN) above, with the ANALYSIS CHECKLIST block replaced by the following.

Below are similar examples from the training data with their ground
truth labels.

=== SIMILAR TRAINING EXAMPLES ===

--- Example {i} (similarity: {score}) ---
Text: "{example_text}"
Categories: {active_categories}
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Labels: political={0/1}, racial/ethnic={0/1}, religious={0/1},
gender/sexual={0/1}, other={0/1}

[repeated for k examples]

=== TEXT TO CLASSIFY ===
"""{text}"""

Based on the similar examples above, classify this text for ALL five
polarization types.

Think step by step:
1. What social group (if any) is being targeted in this text?
2. What negative sentiment (if any) is expressed?

(stereotyping, vilification, dehumanization)
3. How does this compare to the similar examples above?
4. Which specific categories apply?

Output ONLY JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

Chain-of-Thought (AR)
System Prompt: Core Definition Block (AR) + Task Block, Filtered (AR). User Prompt: identical to RAG-
ICL (AR) above, with اܳٺۜگݑ ۰ஓ୴؇ڢ replaced by the following.

.۰༲اܳݱۜ٭ ؇ዛኤ؇ّݱྡྷ٭ڰ ؕ݁ ೞಱاܳٺڎر ਃಸ؇َ؇ت ݆݁ ۰ዛኞ؇݁ލ ᄭᄥأ݁ټ ঌॻل ڣ٭݄؇

=== ۰ዛኞ؇݁ލ ࣁࣖر཯ྟ٭۰ ᄭᄥأ݁ټ ===

--- {score}) :ً۬؇૰૜( {i} ݁ټ؇ل ---
"{example_text}" اܳٷݧ:

{active_categories} اܳڰ٪؇ت:
religious={0/1}, racial/ethnic={0/1}, political={0/1}, اܳٺݱྡྷ٭ڰ؇ت:

other={0/1} gender/sexual={0/1},

[ᄭᄥأ݁ټ k ܳـ [ଲਐಱ୍ر
=== ّݱྡྷ٭ڰ۬ اৎ৊ޚߺࠊب اܳٷݧ ===

"""{text}"""

ا৵৤ৠފ۰. ا৖৑ݿٺگޚ؇ب أَިاع ৵৩ৠ٭ؕ اܳٷݧ ۱ڍا ݬٷژّ أఈః༟ه، ۰ዛኞ؇ލৎ৊ا ᄭᄥ݁ټ৙৑ا আॻ༟ ً ਍ಸ؇ء

ෛຳޚިة: ۊޚިة ୍ّଲڣ
اܳٷݧ؟ ۱ڍا ሒᇭ اৎ৊ފዛውڎڣ۰ و༥ُڎت) (إن ا৖৑ۏٺ݄؇؜٭۰ ۰༟ި݄௵௯௫ا ؇݁ .١

(۰ਃ಻؇૭૙إ ߖ߳ع ل۬، ި૰૜ (റഠ೺٭ޔ، ؜ዛዊ؇؟ ଫّଊأৎ৊ا و༥ُڎت) (إن اܳފܹٴ٭۰ ਵލ؇؜ৎ৊ا ؇݁ .٢
أఈః༟ه؟ ۰ዛኞ؇ލৎ৊ا ᄭᄥ݁ټ৙৑؇ً ۱ڍا لگ؇رن ܋٭ژ .٣

਍ಾޚٴݑ؟ ا௱௯௫ڎدة اܳڰ٪؇ت أي .٤
JSON: ًـ ڣگޔ أۏص
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{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,
"gender/sexual": 0/1, "other": 0/1,

"reasoning": "๤ཡٺෛ੼ {"๤ཇح

Self-Refinement (EN)
System Prompt: Core Definition Block (EN) + Task Block, Filtered (EN). Pass 1 uses the RAG-ICL (EN)
user prompt above. Pass 2 uses the following user prompt.

User Prompt — Pass 2

You previously classified this text as:
{previous_json_output}

TEXT:
"""{text}"""

Review your classification. Consider:
1. Did you correctly identify the targeted group?
2. Could any categories be missing or incorrectly assigned?
3. Is your reasoning consistent with the definitions?

If your classification is correct, output the same JSON.
If it needs correction, output the corrected JSON.

Output ONLY JSON:
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
"reasoning": "brief explanation"}

Self-Refinement (AR)
System Prompt: Core Definition Block (AR) + Task Block, Filtered (AR). Pass 1 uses the RAG-ICL (AR)
user prompt above. Pass 2 uses the following user prompt.

User Prompt — Pass 2

:ሒᇿ؇ܳٺႤ၍ ً ݿ؇ًگ؇ اܳٷݧ ۱ڍا ݬٷڰّب
{previous_json_output}

اܳٷݧ:
"""{text}"""

:ሒᇭ ୍ّଲڣ ّݱྡྷ٭ڰ۹. راۏؕ
ොේ٭ں؟ ႟ၽ૰૖ اৎ৊ފዛውڎڣ۰ ۰༟ި݄௵௯௫ا ༡ڎدت ۱ܭ .١

༠؇ޗ޴؟ ႟ၽ૰૖ ݁أُ٭ٷ۰ّ أو َ؇ڢݱ۰ ڣ٪؇ت ۱ٷ؇ك ۱ܭ .٢
لڰ؇ت؟ اܳٺأݠ ؕ݁ ݁ྥފݑ ଫଊّߌߵك ۱ܭ .٣

JSON. اܳـ َڰݴ أ༟ڎ ،ً؇༲٭ොේ ّݱྡྷ٭ڰ۹ Ⴄ၍ن إذا
اৎ৊ݱۜں. JSON اܳـ أරඝج ،ً؇༲ّݱۜ٭ ොຬٺ؇ج Ⴄ၍ن إذا

JSON: ًـ ڣگޔ أۏص
{"political": 0/1, "racial/ethnic": 0/1, "religious": 0/1,

"gender/sexual": 0/1, "other": 0/1,
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"reasoning": "๤ཡٺෛ੼ {"๤ཇح
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