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Abstract

This study addresses SemEval-2026 Task 9
on Detecting Multilingual, Multicultural, and
Multievent Online Polarization, exploring the
performance differences between monolingual
and multilingual LoRA (Low-Rank Adapta-
tion) fine-tuning techniques when processing
online polarization phenomena. The research
points out that online polarization is not only
a language phenomenon, but a complex social
language problem highly influenced by cultural
contexts and event backgrounds. To address
the limitation of existing research that only
treats polarization as a binary classification, this
study participates in three levels of subtasks:
Subtask 1: Polarization Detection, Subtask 2:
Polarization Type Classification (e.g., politics,
religion), and Subtask 3: Manifestation Iden-
tification (analyzing rhetorical strategies that
construct polarization, such as stereotypes and
dehumanization narratives). This study aims to
establish a more contextually grounded and di-
agnostic model analysis framework to enhance
the model’s generalization ability and fairness
in cross-lingual environments. By exploring
different fine-tuning configurations to build a
robust ensemble system, the experimental re-
sults show that our approach demonstrates ex-
ceptional proficiency in the Chinese domain,
securing the 1st place ranking in Subtask 1
(Polarization Detection) for Chinese. Further-
more, we observe that while the monolingual
LoRA strategy exhibits strong performance in
specific languages like Chinese, integrating it
with multilingual LoRA models via ensembling
provides the diverse features crucial for identi-
fying complex cross-cultural rhetoric.

1 Introduction

In contemporary online public discourse, polariza-
tion is a pervasive, complex sociolinguistic phe-
nomenon constructed through diverse rhetorical
strategies—such as collective stigmatization and
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exclusionary narratives—across specific cultural
and event contexts (Naseem et al., 2026a). Its mani-
festations and social orientations vary significantly;
for instance, election discourse revolves around po-
litical stances, while ethnic conflicts often employ
dehumanization or intergroup antagonism. Fur-
thermore, cultural norms dictate whether conflict
is expressed directly or through subtle rhetorical
devices, necessitating strong contextual grounding
for accurate analysis. Consequently, treating polar-
ization merely as a binary classification falls short
of revealing its diverse social orientations and lin-
guistic constructs. Authentic discourse often simul-
taneously targets multiple entities through varied
rhetoric. Without more granular levels of analysis,
cross-cultural comparisons and concrete diagnos-
tics for model error patterns remain unattainable
(Vidgen and Derczynski, 2020).

To address this research need, SemEval-2026
Task 9 proposes a tiered, multilingual benchmark
that decomposes polarization analysis into three in-
terconnected subtasks. Subtask 1 provides founda-
tional binary identification of polarization. To eluci-
date deeper social implications, Subtask 2 identifies
specific target orientations (e.g., political or ethnic
groups), enabling the analysis of systematic biases
across contexts. Furthermore, Subtask 3 captures
the underlying rhetorical constructs (e.g., stereo-
types, dehumanization narratives), linking model
predictions with concrete linguistic evidence. By
combining multilingual data with this hierarchical
structure, Task 9 transcends aggregate performance
metrics. It provides an operationalizable analytical
platform that supports granular cross-lingual error
analysis, model bias diagnostics, and event-level
comparisons across diverse linguistic cultures.

2 Related work

Polarized language exacerbates societal fragmen-
tation through dichotomous narratives, boundary
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Figure 1: System Framework
ID Model Fine-tuning Strategy Training Data / Logic

M1 | Llama-3.1-8B-Instruct

Task-Specific (3.3.1)

Multilingual data, separate tasks

M2 Qwen2-7B-Instruct

Task-Specific(3.3.1)

Multilingual data, separate tasks

M3 Qwen2-7B-Instruct

Task-Fused(3.3.2)

Chinese only, combined tasks

M4 | ensemble(M1+M2+M3)

Weighted Ensemble(3.4)

Performance-based weighting

Table 1: M1, M2, and M3 serve as the core models, while M4 represents the ensemble of M1, M2, and M3.

delineation, and implicit normative evaluations,
making it far more strategic and context-dependent
than explicit hate speech (Vidgen and Derczyn-
ski, 2020; Van Dijk, 1998; Wodak, 2015). Con-
sequently, coarse-grained harmful speech detec-
tion is insufficient to capture its complexity (Vid-
gen et al.,, 2021). Addressing this, SemEval-
2026 Task 9 proposes a benchmark that decom-
poses polarization analysis into three hierarchi-
cally distinct subtasks—Polarization Detection,
Polarization Type Classification, and Manifesta-
tions—echoing the need to analyze targeted social
orientations and pragmatic strategies to evaluate
social impact (Naseem et al., 2026a).

Linguistic mechanisms like dehumanization and
stereotypes propel polarization by compressing di-
verse stances into in-group versus out-group di-
chotomies, effectively reducing empathetic engage-
ment (Haslam, 2006; Wodak, 2015). Because
these manifestations exhibit strong event-specific
dependency, automated identification requires fine-
grained language understanding (Vidgen et al.,
2021). Furthermore, cross-cultural contexts elevate
detection difficulty; different linguistic communi-
ties employ vastly different discursive strategies

(Ribeiro et al., 2020). Low-resource languages face
additional hurdles due to insufficient data and the
difficulty of transferring cultural metaphors from
high-resource languages (Joshi et al., 2020). The
22 languages covered by Task 9 thus provide a criti-
cal benchmark for cross-lingual evaluation(Naseem
et al., 2026b).

At the model level, while large pre-trained lan-
guage models possess robust shared semantic rep-
resentations, their performance heavily relies on
training data configurations (Pfeiffer et al., 2021).
Although multilingual joint training can benefit
low-resource languages, pragmatic differences may
lead to negative transfer in fine-grained tasks (Chen
et al., 2024). Consequently, Parameter-Efficient
Fine-Tuning (PEFT) methods like LoRA are ideal
for exploring cross-lingual generalization (Hu et al.,
2022).

Building upon this, we address the complexities
of cross-lingual polarization detection by utiliz-
ing Llama-3.1-8B-Instruct and Qwen2-7B-Instruct
with LoRA fine-tuning. We construct diverse
model configurations, encompassing both Chinese
monolingual and multilingual joint models across
the three subtasks. Rather than conducting a strictly
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1D amh arb ben deu eng fas hau hin ita khm mya
Ml 0.681 0.8415 0.8119 0.7423 0.8132 0.8088 0.7156 0.8281 0.6464 0.568 0.8391
M2 0.5055 0.8318 0.8217 0.7389 0.8019 0.7006 0.698 0.7642 0.5888 0.5303 0.831
M3 0.2488 0.7745 0.7633  0.699 0.7386  0.456 0.5046 0.6395 0.7432 0.1132 0.3398
M4 0.6891 0.8399 0.8205 0.7465 0.8153 0.7705 0.6993 0.8111 0.6674 0.5747 0.8394
Baseline 0.7151 0.7957 0.8528 0.6714 0.7802 0.8424 0.7753 0.7379 0.6773 0.6592 0.821
Table 2: Macro F1 scores of the four core models on the Subtask 1 test set.
ID nep ori pan pol rus spa swa tel tur urd zho
M1 0.8837 0.7102 0.7872 0.8148 0.8134 0.7799 0.7775 0.8286 0.8015 0.7866 0.9258
M2 0.8604 0.7529 0.7148 0.8021 0.806 0.7787 0.7825 0.8226 0.7812 0.7366 0.9185
M3 0.6562 0.5907 0.4845 0.7176 0.6098 0.6646 0.5443 0.5587 0.746 0.5853  0.9248
M4 0.8712 0.6897 0.722 0.8058 0.8138 0.779 0.775 0.827 0.8055 0.7758 0.9315
Baseline 0.8798 0.7765 0.7898 0.7241 0.7457 0.7266 0.7571 0.644 0.6957 0.789 0.8691

Table 3: Macro F1 scores of the four core models on the Subtask 1 test set.

controlled variable analysis, our primary objective
is to leverage the structural and strategic differences
of these models to build a highly robust weighted
ensemble system, aiming to maximize detection
performance, particularly in the Chinese domain.

3 Methodology

3.1 Experimental Design and Model
Architecture

Addressing the multilingual Polarization Detec-
tion challenge defined by SemEval 2026 Task 9,
this study aims to evaluate the efficacy of differ-
ent model architectures in capturing nuanced se-
mantic orientations. The experiment selects two
representative open-source Large Language Mod-
els (LLMs) as the foundation: Qwen2-7B-Instruct
and Llama-3.1-8B-Instruct. These two models
represent current high-performance multilingual
instruction-tuned architectures. This study treats
them as independent experimental pipelines to
mitigate framework-specific confounding factors,
thereby analyzing the differences in polarization
feature extraction attributed to the base model ar-
chitectures and fine-tuning strategies.

3.2 Low-Rank Adaptation (LoRA) and
Fine-Tuning Strategy

To achieve Parameter-Efficient Fine-Tuning
(PEFT) under constrained computational budgets,
this study employs the LoRA technique. By
integrating low-rank matrices into the attention
mechanisms of the Transformer layers, this
study is able to maintain the pre-trained model’s
generalization ability while tailoring the model
to the domain-specific knowledge of Polarization

Detection.

3.3 Experimental Model Configurations

Based on the experimental results on the develop-
ment set in Appendix A, and targeting the data
distribution and task attributes, this study designed
two comparative data configuration schemes, and
constructed the following three core model config-
urations based on the subsequent fine-tuning strate-
gies for comparative analysis. Table 1 summarizes
the four model configurations (M1 to M4) imple-
mented in this study. To comprehensively evaluate
the effectiveness of different base models and fine-
tuning strategies, we designed three single models
(M1-M3) and one ensemble model (M4). It is im-
portant to note that M1, M2, and M3 differ across
multiple dimensions (base architecture, language
data, and task integration) simultaneously; this de-
liberate variance aims to maximize feature diversity
for the subsequent ensemble process rather than
serving as strictly controlled variables for causal
inference.

Regarding the single models, M1 and M2 aim
to compare the performance of different large lan-
guage models in cross-lingual environments. M1
utilizes Llama-3.1-8B-Instruct, while M2 utilizes
Qwen2-7B-Instruct; both are independently fine-
tuned using the cross-lingual task-specific fine-
tuning strategy. In contrast, M3 is also based on
Qwen2-7B-Instruct but adopts a monolingual multi-
task joint fine-tuning strategy, training exclusively
on pure Chinese data, thereby exploring the poten-
tial advantages of single-language and joint-task
training.

To optimize feature extraction for these
instruction-tuned models, highly customized

1623



1D amh arb ben deu eng fas hau hin ita khm mya
Ml 0.319 0.5257 0.1456 0.4168 0.4644 0.4519 0.0904 0.5693 0.1393 0.2344  0.2908
M2 0.353 0.5436 0.23 0.4598 0.4747 0.4903 0.0931 0.6944 0.24 0.5651 0.3712
M3 0.021 0481 0.2416 0.4955 0.4804 0.2955 0.1099 0.3508 0.5018 0.0658 0.0651
M4 0.4142 0536  0.2699 04717 0.479 0.5228 0.1312 0.7028 0.4836 0.5651 0.3998
Baseline 0.3716 0.4855 0.2887 0.4078 0.3333 0.4626 0.2038 0.7911 0.3759 0.6268 0.4772
Table 4: Macro F1 scores of the four core models on the Subtask 2 test set.
ID nep ori pan pol rus spa swa tel tur urd zho
Ml 0.5654 0.1334 0.4206 0.457 04109 04912 03364 0.2783 0.5467 0.675 0.6381
M2 0.7071 0.3349 0.3372 0.4567 0.5213 0.5634 0.3309 0.1574 0.5091 0.7633 0.7892
M3 0.4484 0.2533 0.1361 04706 0472 0.4818 0.2347 0.1276 0.4985 0.2306 0.8262
M4 0.6844 03493 0.4117 0.5061 0.5903 0.5545 0.3807 0.2503 0.5875 0.7183 0.8245
Baseline  0.7219 0.56 0.365 0.4491 0.5904 0.5935 0.4417 0.3145 04708 0.7127 0.6697

Table 5: Macro F1 scores of the four core models on the Subtask 2 test set.

prompts were designed (detailed in Appendix B).

Finally, to further enhance the stability and accu-
racy of the overall predictions, we proposed the en-
semble model M4. M4 employs a weighted ensem-
bling strategy, assigning different weights based
on the respective performance (F1-Macro scores)
of M1, M2, and M3 to aggregate the predictive
outputs of the three models.

3.3.1 Cross-Lingual Task-Specific
Fine-Tuning

Adopting a "task-decoupled" strategy, independent
models are trained separately for the three subtasks.
Each model integrates all language data under its re-
spective task. The core motivation is to enhance the
models’ shared semantic representations of a sin-
gle task across different linguistic manifestations,
thereby reducing cross-task target interference.

3.3.2 Monolingual Multi-Task Joint
Fine-Tuning

Adopting a "task-integrated" strategy, this approach
utilizes exclusively Chinese language data but in-
tegrates the labels of the three subtasks for uni-
fied fine-tuning. This scheme aims to evaluate the
model’s ability to learn cross-task logical depen-
dencies within a monolingual environment, and to
further verify the transfer efficacy of this knowl-
edge in cross-lingual scenarios.

3.4 Performance-Oriented Weighted
Ensembling Strategy

To further optimize the stability of system out-
puts, this study developed a performance-based
weighted ensembling mechanism. This mecha-
nism dynamically determines weights based on

the predictive outputs of the three model config-
urations (M1, M2, M3), and through weight nor-
malization, ensures the sum of weights equals 1,
realizing multi-model decision-level fusion.

3.4.1 Subtask 1 (Binary Classification)

The F1-Macro scores of the three model configu-
rations (M1, M2, M3) across various languages in
Subtask 1 serve as the foundational weights.

3.4.2 Subtasks 2 and 3 (Multi-Label
Classification)

A more fine-grained label-level weighting is
adopted. The F1-Macro performance of each inde-
pendent label within the three model configurations
(M1, M2, M3) is extracted separately, and normal-
ized weights are calculated for each specific label,
thereby capturing the discriminative superiority of
different models on specific polarization dimen-
sions.

4 Results

Tables 2 to 3 present the results of the four core
models of this study across various languages in
Subtask 1.

Tables 4 to 5 present the results of the four core
models of this study across various languages in
Subtask 2.

Tables 6 to 7 present the results of the four core
models of this study across various languages in
Subtask 3.

From these tables, the performance under dif-
ferent models and different fine-tuning strategies
can be observed. In Subtask 1 and Subtask 3, the
aggregate performance of M1 is the best, while
in Subtask 2, the aggregate performance of M2 is
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ID amh arb ben deu eng fas hau hin khm
M1 0.3044 0.5735 0.0805 0.4555 0.4916 0.3763 0.0762 0.6682 0.1322
M2 0.1958 0.4869 0.0792 0.3211 0.2608 0.1374 0 0.7184 0.2163
M3 0.0181 0.3261 0.1386 0.2695 0.3232 0.1687 0.0273 0.2759 0.0238
M4 0.3677 0.5594 0.1198 0.401 04222 0.3742 0.0828 0.6947 0.2248
Baseline 0.4433 0.3902 0.0868 0.3485 0.41 0.2004 0.7456 0.2348 0.6095
Table 6: Macro F1 scores of the four core models on the Subtask 3 test set.
ID nep ori pan spa swa tel tur urd zho
Ml 0.4592 0.0709 0.4668 0.4658 0.5388 0.1522 0.4547 0.7483 0.4879
M2 0.5139 0.0435 0.16 0.2385 0.3949 0.127 03598 0.7856 0.511
M3 0.2126 0.0778 0.0688 0.2637 0.1347 0.0953 0.2784 0.1899 0.6915
M4 0.5122 0.0701 0.4668 0.4307 0.515 0.1586 0.4633 0.7562 0.7004
Baseline 0.1314 0.3841 0.4561 0.5088 0.2205 0.6738 0.7693 0.5316 O

Table 7: Macro F1 scores of the four core models on the Subtask 3 test set.

the best. However, in terms of performance on
zho (Chinese), M3’s performance is the most out-
standing. This indicates that although the LLM
was fine-tuned using another language, it exhibits
substantial cross-lingual transferability.

M4 is the result of the weighted ensembling strat-
egy of this study and also represents our official
submission results. While M4 does not necessarily
achieve the highest scores across all languages, it
demonstrates exceptional proficiency in Chinese.
In Subtask 1, this study ranked first in the Chinese
language track, indicating that applying an ensem-
bling strategy to multiple well-performing models
can lead to further performance enhancements.

5 Conclusion

Through the experimental framework of SemEval-
2026 Task 9, this study developed a highly ef-
fective system for detecting complex polarized
language. Our approach was empirically driven:
based on extensive evaluations on the Develop-
ment data (Configurations D1-D9), we identi-
fied that specific LoORA fine-tuning strategies on
Llama-3.1 and Qwen?2 yielded superior contextual
understanding (Configurations D3, D4 and D9).
Consequently, we deliberately selected three dis-
tinct, high-performing configurations (M1, M2,
and M3)—which differ in base architecture, lan-
guage data, and task integration—to construct a
performance-weighted ensemble (M4).

The formal Test set results concretely validate
this strategy, demonstrating exceptional predictive

power particularly in the Chinese context. Our
ensemble model (M4) significantly outperformed
the official baseline and secured the 1st place rank-
ing in Subtask 1 (Polarization Detection) for the
Chinese (zho). These empirical results prove that
strategically ensembling models with diverse induc-
tive biases is highly effective for capturing nuanced
sociolinguistic phenomena across varying cultural
contexts.
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A Development Set Experimental Design
and Results

A.1 Experimental Design

Prior to the official model submission, this study
conducted comprehensive testing on the Develop-
ment Set to evaluate the efficacy of models with
different architectures in the multilingual polariza-
tion detection task. The experiments encompassed
the performance of multilingual pre-trained models
(e.g., XLM-RoBERT?2) and Large Language Mod-
els (LLMs) (e.g., Llama-3.1, Qwen2) under vari-
ous data fine-tuning strategies. Table 8 summarizes
the nine sets of experimental configurations (desig-
nated D1 to D9) designed in the development set
for this study, aiming to comprehensively evaluate
the performance of different model architectures,
language strategies, and task construction meth-
ods when processing multi-contextual tasks. The
overall experimental design breaks away from the
limitations of a single baseline model, focusing on
comparing the "efficacy differences between cross-
lingual and monolingual strategies," as well as "per-
formance comparisons among different Large Lan-
guage Model (LLM) architectures." The specific
dimensions of the experimental design are as fol-
lows:

A.2 Model Architectures and Training
Methods

This study adopted two distinct model paradigms.
D1 and D2 employ the encoder-based XILM-
RoBERTa for traditional full fine-tuning, serving
as one methodological pipeline. D3 through D9
introduce current mainstream decoder-only Large
Language Models (LLMs), including different it-
erative versions of the Qwen series (Qwen2-7B-
Instruct, Qwen2.5-7B, Qwen3-8B) and Llama-3.1-
8B. To efficiently adapt to downstream tasks under
constrained computational budgets, all LLMs uti-
lize LoRA (Low-Rank Adaptation) for Parameter-
Efficient Fine-Tuning (PEFT).

A.3 Language Strategies

To verify the effectiveness of different language
strategies, we designed three language configura-
tions for the training data:

A.3.1 Cross-Lingual Strategy (all languages)

Configurations such as D2, D4, D5, and D9 mix the
training data of all languages for joint training, aim-
ing to explore the models’ cross-lingual knowledge
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ID | Model Training data Language | Training data Subtask | Training Method
D1 | XLM-RoBERTa eng separate 1,2 & 3 fine-tuning
D2 | XLM-RoBERTa all language separate 1,2 & 3 fine-tuning

D3 | Qwen2-7B-Instruct | zho

combined 1,2 & 3 LoRA fine-tuning

D4 | Qwen2-7B-Instruct | all language

separate 1,2 & 3 LoRA fine-tuning

D5 | Qwen2.5-7B all language

separate 1,2 & 3 LoRA fine-tuning

D6 | Qwen3-8B zho

combined 1, 2 & 3 LoRA fine-tuning

D7 | Qwen3-8B each language

combined 1, 2 & 3 LoRA fine-tuning

D8 | Llama3.1-8B eng

separate 1,2 & 3 LoRA fine-tuning

D9 | Llama3.1-8B all language

separate 1,2 & 3 LoRA fine-tuning

Table 8: Employed models, training data configurations, and training methods.

transfer and generalization capabilities.

A.3.2 Specific Monolingual Strategy (eng,
zho)

Configurations such as D1 and D8 use exclusively
English (eng) data; D3 and D6 use exclusively
Chinese (zho) data for fine-tuning.

A.3.3 Comprehensive Monolingual Strategy
(each language)

D7 adopts a strategy of independently training a
dedicated monolingual model for "each language"
in the dataset, thereby conducting a rigorous effi-
cacy comparison with the cross-lingual strategy.

A.4 Subtask Strategies

When addressing the three different subtasks, this
experiment compared two construction methods

A.4.1 Task-Decoupled Strategy (Separate 1, 2
& 3)

Most configurations (e.g., D1, D2, D4, D5, D8, D9)
adopt the approach of training independent models
separately for the three subtasks.

A.4.2 Task-Integrated Strategy (Combined 1,
2&3)

D3, D6, and D7 explore a concept similar to multi-
task learning, completely merging the training data
of the three subtasks to train a unified model to
handle the three subtasks simultaneously.
Through this multi-dimensional experimental
matrix of D1 to D9, we can deeply analyze which
language strategy (cross-lingual joint training vs.
independent languages) achieves the optimal bal-
ance in this task, and objectively compare the pros
and cons of the Qwen family and the Llama-3.1
architectures under different settings.

A.5 Experimental Results

Tables 9 to 14 present the Macro F1 scores for
all the aforementioned models across their corre-
sponding languages. Given that our native lan-
guage is Chinese, this study selected three mod-
els (D3, D4, D9) that demonstrate relatively high
Macro F1 scores in Chinese and also perform well
across other languages to serve as the core models
used in our test set. As seen in the tables, D3’s
performance in Chinese is the most outstanding,
while D4 and D9 are the two models with relatively
high average scores. Therefore, to compare the
differences between identical models with different
fine-tuning strategies, as well as different models
with identical fine-tuning strategies, this study uti-
lized these three core models in the test set.

B Prompt Templates

In this appendix, we detail the specific prompt tem-
plates utilized for each of the core models (M1,
M2, and M3). Recognizing that models with differ-
ent base architectures (Llama-3.1 vs. Qwen2) and
fine-tuning paradigms (Task-Decoupled vs. Task-
Integrated) exhibit varying instruction-following
behaviors, we tailored the prompt formulations to
optimize the feature extraction capabilities of each
specific model configuration. The input texts are
denoted by the placeholder {Input Text]}.

B.1 Prompts for M1: Llama-3.1-8B-Instruct
(Task-Decoupled)

For M1, which employs a cross-lingual task-

specific fine-tuning strategy, the following indepen-

dent prompts were utilized for the three subtasks:
Subtask 1: Polarization Detection

System Prompt: |
e ESCF o MR o
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ID amh arb ben deu eng fas hau hin ita khm mya
D1 0.72 0.6816 0.8315  0.691 0.7229 0.8274 0.4709 0.725  0.3688 0.61 0.8881
D2 0.7425 0.7943 0.8154 0.6916 0.7724 0.8724 0.7729 0.7658 0.6602 0.6305 0.8725
D3 02913 0.7495 0.7672 0.6914 0.7587 0.4557 0.5081 0.6211 0.4864 0.0995 0.318
D4 05019 0.8178 0.8181 0.7483 0.8077 0.84 0.7945 0.7365 0.6458 0.5057 0.8218
D5 0587 0.8153 0.8655 0.767 0.7986 0.8274 0.7501 0.791 0.5885 0.5534 0.7571
D6 0.4757 0.8145 0.8 0.7346  0.6437 0.5658 0.5246 0.7697 0.4169 0.1498 0.6972
D7 0.7099 0.7962 0.8962 0.7546 0.7743 0.8333 0.7943 0.775 0.6352 0.5897 0.8708
D8 0.3378 0.5834 0.5802 0.5865 0.7862 0.4287 0.5036 0.5627 0.5768 0.2312  0.386
D9 0.4831 0.52 0.4926 0.5345 0.696 0.6822 0.4836 0.3851 0.6843 0.4547 0.7005
Table 9: Macro F1 scores across various languages on the Subtask 1 development set.

ID nep ori pan pol rus spa swa tel tur urd zho
D1 0.87 0.7274 0.6862 0.7538 0.683  0.6662 0.7737 0.8641 0.7477 0.7186 0.8692
D2 0.88 0.7728 0.8298 0.7789 0.7236  0.6951 0.7765 0.8214 0.7561 0.7383  0.8551
D3 05783 0.5616 0.4792 0.6973 0.6401 0.6886 0.4783 0.4373 0.7207 0.557  0.9439
D4 0.8598 0.5623 0.7494  0.781 0.76 0.6964 0.8106 0.8301 0.7651 0.6713  0.9299
D5 0.8098 0.6878 0.719 0.8448 0.8185 0.7439 0.8108 0.8641 0.7999 0.7521 0.9159
D6 0.7672 0.7374 0.6656 0.7438 0.6166 0.67 0.5745 0.6767 0.8346 0.6467 0.9299
D7 0.85 0.8738 0.8399 0.8538 0.8184 0.7182 0.8161 0.9067 0.8087 0.7659 0.9159
D8 0.4831 0.7986 0.8714 0.7667 0.794 0.8333 0.6574 0.7655 0.6198 0.5325 0.8307
D9 0.86 0.7037 0.7689 0.8521 0.7988 0.7325 0.8216 0.8808 0.8258 0.7659 09112

Table 10: Macro F1 scores across various languages on the Subtask 1 development set.

"GH AR BE H O\ AU text | BT polariza-
tion ° "

"R —ET T 0B e
"N B AR S e A
For

]

(English Translation: [

"You are a text classifier.”

"Please determine the polarization based
on the input text."

"You must only output a single character:
Oorl.”

"Do not output any explanations, do not
output any other words."

)

User Prompt: [{Input Text}]

Subtask 2: Polarization Type Classification

System Prompt: [

"R —EZ R T A (multi-
label )
ERIEE AR text HIBTLLT 5 {EEH
BlEAHE (08i1) "

"political, racial/ethnic, religious, gen-
der/sexual, other ° "

"R A e —1T 0 AR ESE 2
L

"political=<0/1>, racial/ethnic=<0/1>,
religious=<0/1>, gender/sexual=<0/1>,
other=<0/1>"

o "
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"N B AR TR S i A
o

1

(English Translation: [

"You are a multi-label text classifier.”
"Please determine whether the following
5 categories appear (0 or 1) based on the
input text:"

"political, racial/ethnic, religious, gen-
der/sexual, other."”

"You must only output a single line, and
the format must be exactly as follows:"
"political=<0/1>, racial/ethnic=<0/1>,
religious=<0/1>, gender/sexual=<0/1>,
other=<0/1>"

"Do not output any explanations, do not
output any other words."

)

User Prompt: [{Input Text}]

Subtask 3: Manifestations Classification

System Prompt: [ "1R7&—1H 228
ForREaT o "

"EEAR AR AR text » FIETLLN 6 TR
REB RIS FAE (081)
"stereotype, vilification, dehumanization,
extreme_language, "

"lack_of_empathy, invalidation ° "

"R A g 1T MRVET W
L



ID amh arb ben deu eng fas hau hin ita khm mya
D1  0.4551 0.417  0.1994 0.3756 0.2739 0.5783 0.0727 0.7362 0.4163 0.6883 0.4555
D2 04179 04405 0.1719 0.3424 0.38 0.5446  0.1444 0.7955 0392 0.7074 0.5073
D3 0.0336 0.4821 0.3137 0.4588 0.4652 0.2489 0.0805 0.341 0.234  0.1207 0.0061
D4 0.3109 0.5514 0.2866 0.4541 0.3914 0.5455 0.125 0.7787 0.3949 0.358  0.4237
D5 0.4015 0.6605 02477 0.4954 0.3801 0.4137 0.1111 0.7823 0.3955 0.4922 0.4773
D6 0.2196 04983 0.2933 04756 0.3682 0.324 0.0587 04266 0.2388 0.2221 0.1988
D7 0.4566 0.604 02717 0.5398 0.382 0.5341 0.4434 0.7544 0.369 0.6841 0.487
D8 0.1809 0.0837 0.125 0.0372 0.15 0.069 0 0.1831 0.0933 0.1548 0.1525
D9 0.3027 0.5062 0.1463 0.4144 0.3906 0.4184 0.8221 0.5118 0.2737 0.226  0.2687
Table 11: Macro F1 scores across various languages on the Subtask 2 development set.

ID nep ori pan pol rus spa swa tel tur urd zho
D1  0.8056 0.2083 0.2878 0.4057 0.5093 0.5792 0.4198 0 0.4542  0.6526 0.7245
D2 0.6902 04701 02878 04733 0.4413 0.5528 0.5275 03138 0.4791 0.6902 0.6396
D3 0.415 0.2128 0.0857 0.4646 0.4939 0.5229 0.153 0.0733 0.4452 0.2262 0.8273
D4  0.7401 0.4995 0.2656 0.582 0.5417 0.5668 0.4533 0.1254 0.5873 0.7495 0.7671
D5 0.746 03133 0.2483 0.5465 0.5687 0.5951 0.4349 0.1317 0.5215 0.7357 0.8614
D6 0.7029 04853 03196 0.5352 0.4733 0.5303 0.2353 0.2314 0.4829 0.3193 0.74
D7 0.7498 0.7374 0.3954 0.6204 0.6187 0.6179 0.4489 0.3342 0.612 0.7908 0.7763
D8 0.0571 0.1829 0 0.0255 0.0943 0.1379 0.0031 0.1505 0.092 0.0768 0.0873
D9 04603 0.1429 04006 0.429 0.3813 0.5268 0.1733 0.2824 0.4506 0.7253 0.5117

Table 12: Macro F1 scores across various languages on the Subtask 2 development set.

"stereotype=<0/1>, vilification=<0/1>,
dehumanization=<0/1>, "
"extreme_language=<0/1>,

B.2 Prompts for M2: Qwen2-7B-Instruct
(Task-Decoupled)

Similarly utilizing a cross-lingual task-specific

lgck_of_empathy=<0/ 1>, invalida- strategy, M2 (based on the Qwen2 architecture)
F’10n=<04/ 1> N " was guided by the following distinct set of prompts:
j: 22 AR (TARRE ~ A2 At Subtask 1: Polarization Detection

% o ll]

System Prompt: ["Task 1: Binary Po-
larization Classification (O = Not Polar-
ized, 1 = Polarized). A text is polar-
ized if it expresses divisive, hostile, or
extreme attitudes toward out-groups, or

(English Translation: [

"You are a multi-label text classifier."”
"Please determine whether the following
6 types of hateful or polarized manifes-
tations exist (0 or 1) based on the input

text:"

"stereotype, vilification, dehumanization,
extreme_language, "

"lack_of _empathy, invalidation."

"You must only output a single line, and
the format must be exactly as follows:"
"stereotype=<0/1>, vilification=<0/1>,
dehumanization=<0/1>, "
"extreme_language=<0/1>,
lack_of _empathy=<0/1>,
tion=<0/1>"

"Do not output any explanations, do not
output any other words."

)
User Prompt: [{Input Text}]

invalida-

Subtask 2: Polarization Type Classification
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shows blind support toward in-groups.
Polarization includes stereotyping, vili-
fication, dehumanization, extreme or ab-
solutist language, intolerance of others’
identities or viewpoints, or calls for harm.
The input text may appear in any lan-
guage; apply the same criteria regardless
of language. Do not rely on language-
specific cues—base the decision only on
the meaning and intent of the text. If any
polarized characteristics appear, output
1; otherwise output 0. Always judge the
overall meaning and context, not isolated
words. Return only a single label: O or
1."]

User Prompt: [{Input Text}]

System Prompt: ["Task 2: Polarization
Type Classification (Multi-label Output).



ID

amh

arb

ben

deu

eng

fas hau hin

khm

D1
D2
D3
D4
D5
D6
D7
D8
D9

0.3145
0.3309
0.0408
0.2308
0.2693
0.1268
0.3126
0.3007
0.3678

0.3118
0.4457
0.3091
0.4979
0.4837
0.2969
0.5631
0.4754
0.5287

0.1
0.0905
0.1925
0.0997

0.087
0.2493
0.112
0.138
0.0414

0.1852
0.2883
0.2826
0.365
0.424
0.2952
0.4858
0.4144
0.4015

0.189
0.3979
0.3197
0.3386
0.3679
0.2923
0.4307
0.4414
0.3489

0.2454 0
0.2493 0
0.1558 0.0202
0.2411 0
0.2551 0
0.1671 0.0833
0.146  0.146
0.2886 0.047
0.2385 0

0.7323
0.7327
0.2645
0.7633
0.7376
0.2873
0.7622
0.6502
0.71

0.2165
0.2961
0.0159
0.1356
0.1601
0.0651
0.2844
0.1236
0.1528

Table 13:

Macro F1 scores across various languages on the Subtask 3 development set.

ID

nep

ori

pan

spa

Swa

tel tur urd

zho

D1
D2
D3
D4
D5
D6
D7
D8
D9

0.5759
0.6271
0.1038
0.5717
0.6229
0.3024
0.6428
0.3644
0.4687

0
0.119
0.2226
0.0222
0.0996
0.0714
0.1763
0.0831
0.0469

0.3356
0.3356
0.0762
0.3131
0.4051
0.1726
0.5298
0.45
0.4145

0.3368
0.3779
0.2291
0.4162
0.4466
0.2362
0.4592
0.3631
0.3617

0.5088
0.3874
0.0841
0.4679
0.4554
0.1262
0.4624
0.411
0.43

0.1061
0.2704
0.0751
0.1864
0.2118
0.163
0.3085
0.1459
0.2296

0.319
0.3844
0.2494
0.4285

0.458
0.1958
0.4059
0.4164
0.4503

0.7442
0.732
0.1743
0.8085
0.7263
0.2297
0.8122
0.7169
0.7234

0.5422
0.5319
0.7243
0.6184
0.6861
0.6073
0.714
0.333
0.5519

Table 14: Macro F1 scores across various languages on the Subtask 3 development set.

Given a social media text, identify which
types of polarization it targets. A text
may contain zero, one, or multiple types.
Return a 5-label binary vector in the fol-
lowing fixed order:

1. Political/ideological polarization

2. Racial or ethnic polarization

3. Religious polarization

4. Gender or sexual identity polarization
5. Other types of polarization (economic,
media, technology, etc.)

Output format: five comma-separated
digits (each O or 1), e.g., "0,1,0,0,0".
Guidelines:

- Select a type if the text contains direct
or implied hostility, intolerance, stereo-
typing, blame, or conflict targeting that
group.

- Multiple labels may apply simultane-
ously.

- If none apply, output "0,0,0,0,0".

- The input text may be in any language;
apply the same criteria regardless of lan-
guage.

- Return only the 5 numeric labels, noth-
ing else."]
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User Prompt: [{Input Text}]
Subtask 3: Manifestations Classification

System Prompt: ["Task 3: Polarization
Manifestation Classification (Multi-label
Output).

Given a social media text, identify which
rhetorical tactics or manifestations of po-
larization appear in the message. A text
may contain zero, one, or multiple mani-
festations. Return a 6-label binary vector
in the following fixed order:

1. Stereotype

2. Vilification

3. Dehumanization

4. Extreme language and absolutism

5. Lack of empathy or understanding

6. Invalidation

Output format: six comma-separated dig-
its (each O or 1), e.g., "1,0,0,1,0,0".
Guidelines:

- Select a label if the text contains the
corresponding rhetorical tactic.

- Multiple labels may apply simultane-
ously.

- If none apply, output "0,0,0,0,0,0".



- The input text may be in any language;
apply the same criteria consistently.

- Return only the six numeric labels, noth-
ing else."]

User Prompt: [{Input Text}]

B.3 Prompt for M3: Qwen2-7B-Instruct
(Task-Integrated)

For M3, which adopts a monolingual (Chinese)
multi-task joint fine-tuning strategy, we designed a
unified prompt to concurrently extract labels across
all three subtasks.

Unified Multi-Task Prompt (Chinese)

System Prompt: (VR — K5 £ B 35
EMHEETEER -
HREIEEDHHWESTZ ¢
(Chinese) °
AEARIERZAE B UL E = 0 HIET LU
@?% @@ﬁ%%?&%ﬁﬁ%°
oH B ) JSON RS AR -
(Englzsh Translation: [You are a soci-
olinguistic expert proficient in multiple
languages.
The language currently being analyzed
is: Chinese.
Please determine whether the following
sentence contains polarized language
and specific categories based on the
cultural background of this language.
Please output the results directly in
JSON format.])

User Prompt: [{F & — L ¥ £
BIRE S A ERE S S ER -
EWET\WW%E%I%%EA
FEE] H*Eﬁﬁnxnn S LER
FIETLL N )2 A S s 5 SR
TERAR o
E&%BON%i?ﬁm% RE
EAEAT Z ERAVFRE  {Input Text}]
(English Translation: [You are a soci-
olinguistic expert proficient in multiple
languages.
The language currently being analyzed
is: [Dynamically inserted language].
Please determine whether the following
sentence contains polarized language
and specific categories based on the
cultural background of this language.
Please output the results directly in
JSON format, do not include any
redundant explanations. {Input Text}])
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