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Abstract
This paper presents the IReL_IIT(BHU) sub-
mission to SemEval-2026 Task 9 for the Chi-
nese language track. We participated in all
three subtasks: binary polarization detection,
multi-label polarization type classification, and
multi-label manifestation identification. Our
approach is based on a unified transformer-
based framework with cross-validation, predic-
tion aggregation, and threshold optimization to
improve robustness across tasks. On the offi-
cial evaluation, our systems achieved Macro-F1
scores of 0.9081, 0.7962, and 0.6484 for Sub-
tasks 1, 2, and 3, respectively on test data.

1 Introduction and Related Work

Online polarization poses a significant challenge
for natural language processing, as it shapes pub-
lic discourse, intensifies inter-group conflict, and
amplifies harmful narratives. Recent benchmarks
such as SemEval-2026 Task 9 move beyond bi-
nary detection to require fine-grained modeling of
polarization, including its targets and manifesta-
tions across multilingual and multicultural settings
(Naseem et al., 2026a,b).

Recent advances further emphasize multilingual,
multi-dimensional, and context-aware formulations
of polarization, as reflected in large-scale bench-
marks such as POLAR (Naseem et al., 2025) and
extensions to low-resource and real-world settings
(Davoudi and Goharian, 2026; Sermpezis et al.,
2026). Concurrently, studies on real-world geopo-
litical discourse highlight the dynamic and evolv-
ing nature of polarization across events and con-
texts (Sermpezis et al., 2026). Moreover, recent
analyses show that large language models often
inherit and amplify political biases (Feng et al.,
2023), motivating the need for robust, calibrated,
and evaluation-aware approaches for reliable polar-
ization detection (Rim et al., 2026).

Transformer-based models have become the stan-
dard for such tasks due to their strong contextual

representations (Devlin et al., 2019; Liu et al.,
2019). In Chinese NLP, pretrained models such
as MacBERT (Cui et al., 2020) and Erlangshen-
DeBERTa (Zhang et al., 2022; He et al., 2021)
provide robust foundations. However, existing
approaches largely adopt task-specific pipelines,
treating binary detection and multi-label classifi-
cation independently. In multi-label settings, stan-
dard sigmoid-based formulations (Zhang and Zhou,
2014) with class weighting (Lin et al., 2017) are
commonly used, but they often rely on fixed thresh-
olds and lack systematic calibration. Similarly,
while cross-validation and ensembling are widely
applied to improve robustness (Kohavi, 1995; Diet-
terich, 2000), they are typically used in an ad-hoc
manner, without fully exploiting out-of-fold (OOF)
predictions for unified calibration and model com-
bination (Niculescu-Mizil and Caruana, 2005; Guo
et al., 2017). As a result, prior systems often lack
consistency, reproducibility, and principled opti-
mization across subtasks. We propose a unified
transformer framework leveraging cross-validation,
OOF-based calibration, and ensembling for robust,
reproducible multi-dimensional polarization detec-
tion.

2 Data and Preprocessing

We use the official Chinese training and test sets
provided by the shared task (Naseem et al., 2026b).
The training split contains input texts with gold
labels, while the test split includes only text and
instance identifiers.

We apply minimal preprocessing to preserve the
original text, including handling missing values,
casting inputs to string, collapsing repeated whites-
pace, and removing corrupted characters. We avoid
aggressive normalization, as transformer tokenizers
already capture surface-level variation and exces-
sive preprocessing may discard useful signals for
polarization detection.
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Figure 1: Architectural Pipeline

3 System Overview

Although the three subtasks differ in their output
structure, all systems follow a unified workflow as
shown in Figure 1. We fine-tune pretrained Chinese
transformer encoders using stratified 5-fold cross-
validation and collect out-of-fold (OOF) probabili-
ties for validation samples. These OOF predictions
serve as a common basis for both threshold calibra-
tion and ensemble weight selection. At inference
time, fold-wise predictions are averaged, optionally
combined via weighted ensembling, and converted
to final labels using tuned decision thresholds.

3.1 Backbone Models

We experiment with two pretrained Chinese en-
coders: IDEA-CCNL/Erlangshen-DeBERTa-v2-
320M-Chinese (Zhang et al., 2022) and hfl/chinese-
macbert-large (Cui et al., 2020). Erlangshen-
DeBERTa consistently provides the strongest
single-model performance, while MacBERT of-
fers complementary behavior, particularly in multi-
label settings.

3.2 Unified Training and Calibration Strategy

All experiments use 5-fold cross-validation. For
each fold, the model is trained on four partitions
and validated on the remaining split. Validation
probabilities and indices are stored and merged to
reconstruct full OOF predictions.

These OOF predictions are used for: (i) thresh-
old tuning, and (ii) ensemble weight selection.

Instead of using a fixed threshold (e.g., 0.5), we

directly optimize decision thresholds on OOF pre-
dictions to maximize Macro-F1. For multi-model
systems, we perform a grid search over candidate
ensemble weights, followed by threshold tuning on
the resulting OOF probabilities as shown in Table 1.
The best configuration is selected based on OOF
Macro-F1.

Table 1: Summary of thresholding and ensemble
strategies across subtasks.

Subtask Thresholding Ensemble Strategy
Subtask 1 Single threshold Single model (DeBERTa)
Subtask 2 Per-label thresholds 0.6 / 0.4 (DeBERTa / MacBERT)
Subtask 3 Per-label thresholds 0.9 / 0.1 (DeBERTa / MacBERT)

3.3 Subtask-Specific Modeling

This section describes the specific settings for each
subtask.

Subtask 1: Binary Polarization Detection We
formulate this task as binary sequence classi-
fication and fine-tune Erlangshen-DeBERTa-v2-
320M-Chinese with a 2-way classification head
using stratified 5-fold cross-validation. Although
MacBERT and simple ensembling slightly improve
OOF performance, they do not generalize as well
on the hidden test set. Therefore, we adopt a single
DeBERTa model with fold-wise probability aver-
aging and an OOF-tuned threshold (slightly below
0.5).

Subtask 2: Multi-Label Polarization Type Clas-
sification This task is modeled as a 5-label multi-
label classification problem using a sigmoid out-
put layer and BCEWithLogitsLoss with per-label
pos_weight to address class imbalance. We train
both DeBERTa and MacBERT under the same
setup.

Final predictions are obtained via global
weighted probability averaging, followed by per-
label threshold tuning on OOF predictions. A
DeBERTa-dominant ensemble (0.6/0.4) achieves
the best performance, indicating complementary
modeling of polarization types.

Subtask 3: Multi-Label Manifestation Identi-
fication For this task, we use a sigmoid-based
multi-label formulation over six manifestation cat-
egories, trained with a BCE-based objective and
per-label pos_weight.

We explore both global and per-label ensemble
weighting strategies. Although per-label weighting
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improves OOF performance, it does not general-
ize well. A DeBERTa-dominant global ensemble
(0.9/0.1) provides more stable results, suggesting
higher sensitivity of this task to overfitting and
train-test mismatch.

4 Experimental Setup

This section describes the implementation details,
training configurations, and evaluation protocol
used to assess the proposed unified framework
across all subtasks.

4.1 Implementation and Evaluation Protocol
All experiments were implemented in Python using
PyTorch and Hugging Face Transformers. Train-
ing was conducted in a Conda environment on an
NVIDIA GeForce RTX 4060 Laptop GPU with
FP16 mixed-precision when supported. To ensure
consistency across subtasks, we employed a unified
training strategy based on stratified 5-fold cross-
validation with seed 42. Common hyperparameters
are summarized in Table 2.

We participated in the Chinese (zho) track for all
subtasks, using the official training split for devel-
opment and generating predictions on the hidden
test set without altering the provided data partitions.
Performance was evaluated using Macro-F1, which
also served as the model selection criterion.

Table 2: Shared training configuration across
subtasks.

Component Setting
Cross-validation 5-fold (stratified)
Random seed 42
Optimizer AdamW
Learning rate 1.5e-5 (DeBERTa), 1.5e-5–1.8e-5 (MacBERT)
Weight decay 0.01
Warmup ratio 0.06
Dropout 0.1
Precision FP16
Loss (multi-label) BCEWithLogitsLoss
Class imbalance handling Per-label pos_weight
Early stopping Patience = 2
Inference aggregation Fold-wise probability averaging
Calibration OOF-based threshold tuning

4.2 Subtask-Specific Settings
Although the overall pipeline is shared, subtasks
differ in sequence length, batch size, and modeling
strategy.

Subtask 1: Binary Polarization Detection
We evaluated multiple pretrained encoders, in-
cluding Erlangshen-DeBERTa-v2-320M-Chinese,
MacBERT, mDeBERTa-v3, and XLM-R. The final
system uses Erlangshen-DeBERTa-v2-320M as a
single-model solution.

Training was performed with a maximum se-
quence length of 128 and batch size 16. Final
predictions were obtained by averaging fold-wise
probabilities, followed by tuning a single decision
threshold on OOF predictions to maximize Macro-
F1.

Subtask 2: Polarization Type Classification
This task is formulated as multi-label classifica-
tion with a sigmoid output layer. We trained both
Erlangshen-DeBERTa-v2-320M and MacBERT us-
ing a maximum sequence length of 192.

Final predictions were obtained via weighted
probability averaging (DeBERTa/MacBERT), fol-
lowed by per-label threshold tuning on OOF pre-
dictions.

Subtask 3: Manifestation Identification Sim-
ilar to Subtask 2, this task uses a multi-label for-
mulation with sigmoid outputs and BCE-based op-
timization. Models were trained with a longer se-
quence length of 256.

We explored both global and per-label ensemble
weighting strategies. While per-label weighting
improved validation performance, global weighted
averaging generalized better to the test set. Final
predictions were obtained using OOF-tuned per-
label thresholds.

5 Results

This section presents the experimental results of
our approach across all subtasks.

5.1 Development-Phase Results

Table 3 summarizes the performance of our best
systems on the visible development phase of Cod-
abench for the Chinese track.

Table 3: Development-phase performance on
the visible Codabench split (Chinese track).

Subtask Model Macro-F1
Subtask 1 DeBERTa 0.9205
Subtask 2 DeBERTa + MacBERT (0.6 / 0.4) 0.8110
Subtask 3 DeBERTa + MacBERT (0.9 / 0.1) 0.7136

As shown in Table 3, a consistent pattern
emerges across tasks. For Subtask 1, the single
DeBERTa model achieves the best performance, in-
dicating that binary polarization detection benefits
from a strong and well-calibrated model without re-
quiring ensembling. Although ensembling slightly
improves the OOF proxy, it does not translate into
better generalization.
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In contrast, Subtask 2 benefits from weighted
ensembling, with the DeBERTa-dominant (0.6/0.4)
configuration achieving the best performance. This
suggests that different models capture complemen-
tary aspects of polarization targets. Label-wise
analysis shows strong performance on religious,
gender/sexual, and racial/ethnic categories, while
the other category remains the most challenging,
likely due to its residual and overlapping nature.

For Subtask 3, a more DeBERTa-dominant en-
semble (0.9/0.1) performs best, while more flexible
strategies such as per-label weighting improve OOF
scores but do not generalize well. This indicates a
higher sensitivity to overfitting and train–test mis-
match. Among the labels, vilification, dehumaniza-
tion, and stereotype achieve higher scores, whereas
lack of empathy remains the most difficult category.

We further observe that threshold tuning based
on OOF predictions consistently improves perfor-
mance, particularly in multi-label settings where
fixed thresholds are suboptimal under Macro-F1
evaluation.

Overall, tasks relying on explicit lexical cues
(Subtasks 1 and 2) are more stable, while mani-
festation identification (Subtask 3) remains chal-
lenging due to its reliance on implicit and context-
dependent signals.

5.2 Test-Phase Results

Table 4 summarizes the official results on the hid-
den test set. Our approach achieves strong per-
formance across all subtasks, with the most stable
results in binary polarization detection, while multi-
label tasks benefit from ensembling.

Table 4: Official test-phase results on the hidden
test set (Chinese track).

Subtask Macro-F1 Rank
Subtask 1 0.9081 10th
Subtask 2 0.7962 8th
Subtask 3 0.6484 7th

Subtask 3 exhibits a clear generalization gap
(0.7136 → 0.6484), highlighting the difficulty of
modeling manifestation categories. Label-wise
trends indicate that stereotype remains relatively
stable, whereas dehumanization and invalidation
degrade more noticeably, and lack of empathy re-
mains the most challenging class. This suggests
that manifestation labels rely more on implicit and
context-dependent cues.

We also observe that OOF-based threshold tun-

ing contributes to consistent performance, particu-
larly in multi-label settings under Macro-F1 eval-
uation. Overall, while well-calibrated transformer
models provide strong baselines, tasks requiring
implicit semantic understanding remain challeng-
ing.

6 Conclusion

We presented a unified transformer-based frame-
work for SemEval-2026 Task 9 (Chinese track),
addressing binary polarization detection, multi-
label type classification, and manifestation iden-
tification. Our approach integrates cross-validation,
OOF-based probability reconstruction, threshold
calibration, and lightweight ensembling within a
single pipeline.

The results demonstrate strong performance
across all subtasks, with a single well-calibrated
model sufficient for binary detection, while multi-
label tasks benefit from ensembling. How-
ever, manifestation identification remains challeng-
ing due to its reliance on implicit and context-
dependent cues, leading to a noticeable general-
ization gap.

Overall, our findings highlight the importance of
calibration and disciplined validation design, and
suggest that future work should focus on better
modeling implicit semantics in polarization.

7 Limitations and Ethical Considerations

Our work uses standard pretrained transformer
models and a unified pipeline without explicitly
modeling dependencies between labels, which may
limit its ability to capture structured polarization
patterns. While OOF-based calibration improves
performance, threshold tuning may be sensitive to
validation data and may not generalize under distri-
bution shifts, particularly for manifestation identifi-
cation. The system operates on potentially sensitive
content (e.g., political, religious, and social top-
ics), and misclassification could affect downstream
moderation or analysis. As with most data-driven
approaches, the model may inherit biases present
in the training data, including cultural or linguistic
biases in the Chinese track. We do not release any
new dataset and use only publicly provided shared-
task data. No personally identifiable information is
introduced by our pipeline.
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