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Abstract

We present a two-stage hybrid system for
SemEval-2026 Task 9 on multilingual and mul-
tievent online polarization detection. The first
stage employs DeBERTa for high-recall binary
filtering to mitigate severe class imbalance. The
second stage leverages Mistral for fine-grained
polarization classification, enabling improved
semantic reasoning over candidate instances.
This coarse-to-fine design enhances robustness
and efficiency while preserving minority-class
performance. UIT-Polar system achieves Top-5
results on the English test set, demonstrating
the effectiveness of integrating encoder-based
screening with LLM-based refinement.

1 Introduction

Online polarization is increasingly common on so-
cial media, especially around political, cultural,
and event-related topics. SemEval-2026 Task 9
(Naseem et al., 2026b) focuses on detecting polar-
ized content across different languages and events.
This is challenging due to linguistic variation, cul-
tural differences, and context. In addition, most
data is non-polarized, creating a strong class im-
balance. Detecting polarization is important for
content moderation and understanding online dis-
cussions.

The UIT-Polar system uses a two-stage approach.
First, DeBERTa (He et al., 2023) is used as a binary
classifier to filter out non-polarized posts, helping
reduce noise and handle imbalance. Then, Mistral
(Jiang et al., 2023) performs fine-grained classifi-
cation on the filtered data. This setup combines
efficiency with deeper contextual understanding,
improving detection of minority polarized cases.

Results show that this two-stage method is more
stable under imbalanced and multilingual data. The
system ranked Top-5 on the English test set. It
improves minority-class recall compared to single-
stage models. However, it performs best on clear

polarization and struggles with subtle, sarcastic, or
culturally nuanced expressions.

2 Background

In SemEval-2026 Task 9, we participated in Sub-
task 1 (Naseem et al., 2026a): Polarization Detec-
tion (True/False), formulated as a binary classifi-
cation problem. Given a social media post, the
system must determine whether it contains polar-
ized content (True = 1) or not (False = 0). A post
is labeled as polarized only if it clearly reflects atti-
tude polarization in its overall meaning and context,
rather than based on isolated keywords. For exam-
ple, strongly antagonistic or divisive statements
toward a group are considered polarized, whereas
neutral reporting or factual descriptions are labeled
as non-polarized.

The shared task covers multiple languages and
events, reflecting multilingual and multicultural
online discourse. In this work, we focus exclu-
sively on the English track. The organizers provide
annotated training data for this subtask, and the
dataset exhibits substantial class imbalance, with
non-polarized instances forming the majority class.
System performance is evaluated using Macro F1-
score, which emphasizes balanced performance
across both classes.

3 UIT-Polar: A Two-Stage Polarization
Detection System

3.1 Overall Architecture

The UIT-Polar system adopts a two-stage coarse-
to-fine architecture for binary polarization detec-
tion. Given an input post x, the system predicts a
binary label y € {0, 1}, where 1 denotes polarized
content and 0 denotes non-polarized content.

Rather than relying on a single classifier, UIT-
Polar decomposes the task into two complementary
modules:
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UIT-Polar: A Two-Stage Polarization Detection System
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Figure 1: Overview of the UIT-Polar two-stage architecture. The Initial Screening Module directly classifies
high-confidence instances, while low-confidence inputs are routed to the LLM-based Refinement Module. The final
prediction is a binary label (0: Non-Polarized, 1: Polarized).

e Initial Screening Module (Stage 1): a
DeBERTa-based encoder that performs high-
recall polarization screening and directly clas-
sifies high-confidence instances.

¢ LLM-based Refinement Module (Stage 2):
an instruction-tuned large language model that
processes low-confidence or ambiguous cases
requiring deeper semantic reasoning.

The interaction and information flow between
modules are illustrated in Figure 1

3.2 Stage 1: Initial Screening Module

The first stage of UIT-Polar system performs high-
recall polarization screening using a DeBERTa-
based encoder. Given an input post x, the model
outputs a probability distribution over the binary
labels y € {0, 1} (non-polarized, polarized):

p(y | ©) = Softmax(W hicLs; + b), (D

where hcLs) denotes the contextual representa-
tion of the input sequence produced by DeBERTa,
and W, b are trainable parameters. The model is
fine-tuned on the provided English training data
using cross-entropy loss.

Confidence-Aware Routing. For an input z, the
Initial Screening Module produces class probabil-

ities Ppos(2) and ppeg (). The confidence score is
defined as:

c(r) = max (ppos(x)apneg($))' (2)
Given a threshold 7, the final prediction is:
. Jargmaxyeqo1y py(x), ifc(z) >, 3)
Ja(z), otherwise,

where f2(z) denotes the output of the LLM-
based Refinement Module. High-confidence in-
stances are classified directly for efficiency, while
uncertain cases are forwarded for refined reason-
ing.

Design motivation. The dataset exhibits substan-
tial class imbalance, with non-polarized instances
dominating the distribution. Training a single-stage
classifier tends to bias predictions toward the major-
ity class, negatively affecting Macro F1. By intro-
ducing a confidence-based screening mechanism,
Stage 1 acts as a lightweight filter that confidently
classifies easy cases while deferring ambiguous in-
stances to a more expressive large language model
in Stage 2. This design improves computational ef-
ficiency and stabilizes minority-class performance.
The threshold 7 is selected on the development set
to balance coverage and precision. Increasing 7 re-
duces the number of instances accepted by Stage 1
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and increases reliance on Stage 2, while decreasing
7 improves efficiency but may propagate uncertain
predictions.

3.3 Stage 2: LLM-based Refinement Module

The second stage performs refined classification on
instances that are deemed uncertain by Stage 1. We
employ an instruction-tuned Mistral model as a gen-
erative binary classifier. The model is fine-tuned
using a fixed instruction-style prompt to align gen-
eration with the polarization detection objective.

Instruction fine-tuning. Instruction tuning has
been shown to significantly improve the ability of
large language models to follow task-specific in-
structions and generalize to unseen tasks (Ouyang
et al., 2022; Wei et al., 2022; Chung et al., 2024).
Each training instance is formatted using a fixed
prompt template:

You are a specialized Al for detecting ATTITUDE
POLARIZATION in social media text.

### DEFINITION:
Polarization is the process where opin-
ions/behaviors become extreme, leading to

hostility and "us vs. them" division. It is
characterized by:

- Stereotyping, vilification, dehumanization, or
intolerance of others’ views/identities.

- Blind support for an in-group while inciting

hatred/conflict toward an out-group.

### CLASSIFICATION CRITERIA:

- Label 1 (Polarized): If the text clearly incites
division, groupism, or displays extreme negative
attitudes toward a specific group.

- Label 0 (Non-Polarized): If the text is neutral,
factual, a general insult without group-based
division, or a descriptive analysis of social issues.

### CRITICAL RULES:

1. Ignore the reader’s possible reaction.

2. Ignore opinions of third parties mentioned in
the text.

3. Do NOT infer hidden intent; judge only what
is explicitly written.

4. If the polarization is ambiguous or not clearly
"Attitude Polarization", you MUST default to 0.

### OUTPUT FORMAT:
- Return ONLY the digit O or 1.
- No explanation, no intro, no punctuation.

Text: "{x}"
Output:

The target output is constrained to either
Polarized or Non-Polarized. Fine-tuning is con-
ducted on the English training data to adapt the

model to the task-specific label space while pre-
serving its general reasoning ability. To enable
parameter-efficient adaptation, we fine-tune the
Mistral model using Low-Rank Adaptation (LoRA)
(Hu et al., 2021), updating only a small set of rank-
decomposed matrices while keeping the backbone
parameters frozen.

Retrieval-based Few-shot Inference. During in-
ference, we augment the fixed instruction template
with dynamically retrieved in-context examples
(Zhao et al., 2021; Liu et al., 2022). For each input
instance x, we compute its dense representation us-
ing a Qwen embedding model (Zhang et al., 2025)
and retrieve a ranked list of candidate training sam-
ples based on cosine similarity. To reduce class im-
balance effects in in-context learning, we enforce a
balanced selection strategy.

Let n denote the number of positive—negative
example pairs (i.e., num_pairs). We select the
top-n most similar positive samples and the top-n
most similar negative samples from the retrieved
pool. The final few-shot block therefore contains
2n examples.

To mitigate label priming bias, the selected
examples are arranged in alternating order
(Pos—Neg—Pos—Neg-—. . . ) before being prepended
to the fixed instruction template. The final prompt
is structured as follows:

### EXAMPLES:

Text: {pos_1}
Output: 1

Text: {neg_1}
Output: ©

Text: {pos_n}
Output: 1

Text: {neg_n}
Output: @

Text: "{query}"

Output:

The hyperparameter n controls the number of
in-context demonstrations used during inference.

Final prediction. The model generates a textual
label, which is mapped to binary output (1 for po-
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larized, O for non-polarized). By restricting gen-
eration to the two valid label tokens, we reduce
decoding ambiguity.

Design motivation. Stage 2 focuses exclusively
on ambiguous cases passed from Stage 1. The com-
bination of instruction fine-tuning and balanced
retrieval-based few-shot prompting enhances se-
mantic reasoning and reduces majority-class bias.
Empirically, this refinement stage improves Macro
F1 by better handling subtle and context-dependent
polarization signals that are difficult for encoder-
only classifiers.

4 Experimental Setup

All experiments are implemented using PyTorch
and the HuggingFace Transformers library.
Parameter-efficient fine-tuning with LoRA is imple-
mented using the PEFT framework. Experiments
are conducted on NVIDIA GPUs with mixed-
precision training.

4.1 Data Splits

We follow the official train—test split provided by
the shared task. For Stage 1, we further reserve
10% of the training data as an internal validation
set for model selection and threshold tuning. This
validation split is sampled from the training data
and is not used for final evaluation. The validation
set is used for early stopping and for selecting the
confidence threshold 7 in the two-stage framework.

4.2 Preprocessing

For Stage 1 (DeBERTa), input texts are tokenized
using the HuggingFace tokenizer corresponding to
microsoft/deberta-v3-large. We set the max-
imum sequence length to 128 tokens. Sequences
longer than this limit are truncated, and shorter se-
quences are padded to the maximum length within
each batch.

For Stage 2 (LLM refinement), texts are format-
ted into an instruction-style prompt with optional
retrieval-based few-shot examples. No additional
normalization or text simplification is applied in
order to preserve the original semantic cues.

4.3 Model Configuration
4.3.1 Stage 1: DeBERTa-based Screening

We fine-tune microsoft/deberta-v3-large for
binary classification using a batch size of 16 and
a learning rate of 5 x 10~%. The model is trained
for 3 epochs using the AdamW optimizer. The best

checkpoint is selected based on validation perfor-
mance.

The classifier outputs class probabilities ppos and
Pneg- Predictions with max(ppos, Pneg) > 7 are
accepted directly, while uncertain instances are for-
warded to Stage 2.

4.3.2 Stage 2: Mistral with LoRA Adaptation

We use Mistral-7B-Instruct-v0.2 (Jiang et al.,
2023), a 7-billion-parameter decoder-only Trans-
former with 32 layers and 4096 hidden dimensions.

To enable parameter-efficient adaptation, we
apply Low-Rank Adaptation (LoRA) with rank
r = 32, scaling factor & = 64, and dropout rate
0.05. LoRA modules are injected into attention pro-
jection layers (q_proj, k_proj, v_proj, o_proj)
and the gate_proj module, while backbone pa-
rameters remain frozen.

We configure LoRA with rank » = 32, scal-
ing factor o = 64, and dropout rate 0.05. LoRA
layers are applied to the attention projection mod-
ules (q_proj, k_proj, v_proj, o_proj) and the
gate_proj module.

Only LoRA parameters are updated during
training, while the backbone model remains
frozen.Training is conducted with a batch size of 8
using a standard causal language modeling objec-
tive under the instruction-tuning format.

4.4 Evaluation Metrics

We report Accuracy and Macro-F1 as the primary
evaluation metrics. Macro-F1 is particularly impor-
tant due to class imbalance in the dataset.

All experiments are implemented using PyTorch
and the HuggingFace Transformers library, with
LoRA adaptation implemented via the PEFT frame-
work.

5 Results

5.1 Main Results

Table 1 presents the official test set results accord-
ing to the shared task evaluation protocol. Our
two-stage framework achieves strong performance
in terms of Accuracy and Macro-F1, outperforming
the official baseline.

System Macro-F1
Baseline 78.02
Our Two-Stage System 81.62

Table 1: Results on the official test set.
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In the final competition ranking, UIT-Polar sys-
tem placed 5-th among all participating teams.

5.2 Ablation Study

Effect of Few-shot Prompting (Pretrained
LLM). We first evaluate the impact of retrieval-
augmented few-shot prompting using the pre-
trained Mistral model without LoRA fine-tuning.
All results in this section are reported on the devel-
opment set.

Setting Macro-F1
Zero-shot (pretrained LLM) 80.61
Few-shot (1+1) 81.32
Few-shot (2+2) 81.43
Few-shot (3+3) 82.54
Few-shot (4+4) 82.01
Few-shot (5+5) 81.65

Table 2: Impact of balanced few-shot prompting using
the pretrained LLM (Dev set).

Few-shot prompting consistently improves per-
formance over zero-shot inference, demonstrating
that in-context demonstrations help calibrate the
model’s decision boundary. We observe that us-
ing three positive—negative pairs yields the best
results, while increasing the number of examples
beyond this point does not consistently improve
performance, possibly due to prompt length satura-
tion.

Effect of LoRA Fine-tuning. We further evalu-
ate the impact of instruction fine-tuning with LoRA
on the Mistral model.

Model Macro-F1
Pretrained LLLM (Zero-shot) 80.61
Pretrained LLM (Few-shot 3+3) 82.54
Fine-tuned LLM (Few-shot 3+3) 84.83

Table 3: Impact of LoRA fine-tuning on development
set performance.

LoRA adaptation provides additional gains
beyond in-context learning, suggesting that
parameter-efficient fine-tuning helps the model bet-
ter internalize the task definition and decision crite-
ria.

5.3 Analysis of the Two-Stage Framework

We analyze the behavior of the confidence-based
routing mechanism. On the development set, Stage
1 directly classifies approximately 70% of instances

with confidence above threshold 7 = 0.8, while the
remaining 30% are forwarded to Stage 2.

Among the forwarded instances, Stage 2 im-
proves Macro-F1 by approximately 6.93 points
compared to Stage 1 alone. This indicates that
the refinement stage is particularly effective for
ambiguous or borderline cases.

System Variant Macro-F1 (Dev)

Stage 1 only (DeBERTa) 79.64
Stage 2 only (LLM) 84.83
Two-Stage Framework 86.57

Table 4: Comparison of system components on develop-
ment set.

The two-stage framework achieves 86.57 Macro-
F1, outperforming both Stage 1 (79.64) and Stage
2 (84.83) when used independently. This improve-
ment suggests that the two models exhibit comple-
mentary strengths. Stage 1 provides reliable predic-
tions for high-confidence instances, while Stage 2
refines ambiguous cases through instruction-based
reasoning and contextual understanding. By rout-
ing only uncertain instances to the LLM, the frame-
work effectively reduces error propagation and
leverages the strengths of both discriminative and
generative modeling paradigms.

6 Limitations

Our system uses a strong classification strategy, but
the threshold 7 is difficult to tune. This leads to
a drop in performance on the test set compared to
the validation set (81.62 vs 86.57). Since the num-
ber of test submissions is limited to 5, we cannot
effectively tune this hyperparameter.

7 Conclusion

We propose a two-stage framework that combines
a DeBERTa-based classifier with an instruction-
tuned LLM for attitude polarization detection. The
confidence-aware routing mechanism enables the
system to leverage the efficiency of a discriminative
encoder while refining ambiguous cases through
instruction-guided reasoning.

Experimental results show that this hybrid ap-
proach consistently outperforms single-stage base-
lines. However, the overall performance is sensitive
to the confidence threshold 7, which controls the
trade-off between precision and LLM refinement.
Careful tuning of 7 is therefore essential to fully
realize the benefits of the two-stage design.
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