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Abstract

For the Chinese track of SemEval-2026 Task
9 (Detecting Online Polarization), we address
two key challenges: polarized content fre-
quently uses implicit language (e.g., homo-
phones and coded terms) to evade moderation,
and class distributions exhibit severe long-tail
imbalance. We propose a metric learning ap-
proach that frames polarization detection as
semantic similarity matching, which captures
implicit language patterns better than linear de-
cision boundaries. We fine-tune an ERNIE-
3.0 encoder with SoftTriple loss and apply
kNN retrieval for binary detection (Subtask 1).
For multi-label categorization (Subtasks 2 and
3), we transfer learned representations from
the detection model and fine-tune with Asym-
metric Loss. A priority-based stratified cross-
validation strategy ensures minority classes ap-
pear across all training folds despite extreme
label skew. Evaluated on the official 1,927-
sample test set using an end-to-end pipeline,
our system achieved Macro-F1 scores of 0.9190
(Rank 6) on Polarization Detection, 0.8244
(Rank 5) on Type Classification, and 0.6670
(Rank 4) on Manifestation Identification.

1 Introduction

Online polarization—the divergence of political
and social attitudes to extremes—has become a
critical challenge for platform governance, often
preceding hate speech and social fragmentation
(Naseem et al., 2026b). Unlike simple toxicity,
which can frequently be identified via explicit key-
words, polarization relies on implicit "us-vs-them"
rhetoric, group identity, and stance.

This complexity is magnified in the Chinese lan-
guage track of SemEval-2026 Task 9. Chinese
social media is notorious for high-context commu-
nication and rapid linguistic evolution. To evade
automated moderation, polarized communities fre-
quently employ linguistic obfuscation—using ho-
mophonic puns, acronyms, and cultural markers to

signal allegiance without triggering keyword filters.
Consequently, standard classification models often
struggle to capture the semantic nuances required
to detect these implicit divisions.

We propose a metric learning framework for po-
larization detection. We hypothesize that polarized
texts form distinct semantic clusters that are bet-
ter separated by distance-based metrics than linear
boundaries. Our system utilizes an ERNIE-3.0
backbone with a SoftTriple metric learning objec-
tive for binary detection (Subtask 1).For the multi-
label tasks (Subtasks 2 & 3), we initialize the back-
bone using weights from the best Subtask 1 model
and fine-tune on the polarized subset using Asym-
metric Loss (ASL) and class-specific threshold op-
timization to handle the severe label imbalance.

Our approach achieves strong performance on
the complex Chinese dataset. Evaluated on the
official test set using a strict end-to-end pipeline
(where Subtasks 2 and 3 rely entirely on the predic-
tions of Subtask 1), our system obtained a Macro-
F1 of 0.9190 (Rank 6) on Polarization Detection,
0.8244 (Rank 5) on Type Classification, and 0.6670
(Rank 4) on Manifestation Identification. We re-
lease our code to facilitate future research on mul-
tilingual polarization.'

2 Background

2.1 Task Definition

SemEval-2026 Task 9 (POLAR) (Naseem et al.,
2026a) establishes a hierarchical pipeline for an-
alyzing online polarization. We participate in the
Chinese track, which consists of three cascaded
subtasks:

1. Subtask 1 (Detection): Binary classification
identifying whether a text exhibits polarized
rhetoric.

1https://github.com/lmhoang%/
Alphalyrae-SemEval-2026-Task-9
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2. Subtask 2 (Type): Multi-label classification
of the polarization topic (e.g., Gender/Sexual,
Political, Racial/Ethnic).

3. Subtask 3 (Manifestation): Multi-label clas-
sification of the rhetorical strategy (e.g., Vilifi-
cation, Dehumanization).

The specific difficulty of the Chinese track is ex-
emplified by training sample zho_715...476: “%L
=2z ZE=UIF=E N\ ” (lit. “Feminism = ‘Fem-
fists’ [homophone] = Traitors = Enemy”). Here,
the author uses a homophone (quan for ‘fist’ rather
than ‘rights’) to implicitly equate gender identity
with political subversion. Detecting this requires
the model to simultaneously recognize Gender and
Political topics (Subtask 2) while identifying Vilifi-
cation and Extreme Language (Subtask 3).

2.2 Dataset Statistics

The dataset aggregates content from Chinese plat-
forms including Weibo, Zhihu, and Tieba. The
organizers provided a training set of 4,280 samples,
a development set of 214 samples, and a held-out
test set of 1,927 samples.

Class Imbalance The Chinese subset exhibits
severe distributional challenges. While Subtask
1 is balanced (49.5% polarized), the downstream
multi-label tasks suffer from extreme long-tail im-
balance within the 2,121 polarized training sam-
ples. In Subtask 2, Racial/Ethnic polarization dom-
inates (45.6%), whereas Religious polarization is
exceedingly rare (4.0%). Similarly, in Subtask 3,
Stereotype accounts for over 60% of cases, while
Invalidation accounts for under 10%. This extreme
skew necessitates specialized cross-validation and
Asymmetric Loss strategies detailed in Section 4.

3 Methodology

3.1 Shared Model and Training Strategy

Backbone Encoder We adopt ERNIE-3.0 (Sun
et al., 2021) as our shared encoder. ERNIE-3.0
employs knowledge-enhanced pre-training, which
improves the representation of Chinese entities and
concepts. We extract the [CLS] embedding from
the final layer as the global sentence representation,
which serves as input to the task-specific methods
(§3.2 and §3.3).

Layer-wise Learning Rate Decay (LLRD) To
stabilize fine-tuning, we apply LLRD (Howard and
Ruder, 2018) where 1, = npeqq- €L, This assigns

higher learning rates to upper layers, allowing the
classification head to adapt quickly while preserv-
ing representations in lower layers.

Adversarial Training We employ the Fast Gra-
dient Method (FGM) (Miyato et al., 2017) to im-
prove robustness against label noise. We perturb
input embeddings by rqq, = € - g/||g|l2, where
g = V.L(f(x;0),y), to promote smoother deci-
sion boundaries.

K-Fold Ensemble Strategy We use 5-fold cross-
validation across all subtasks. We train K = 5
independent models, one per fold. At inference, we
average the probability outputs from all K models
to reduce prediction variance.

3.2 Subtask 1: Polarization Detection via
Metric Learning

We frame polarization detection as a metric learn-
ing task. Metric learning groups semantically sim-
ilar texts by distance, providing more flexible de-
cision boundaries than linear classification for di-
verse polarized topics.

Metric Projection & Loss We use a projection
head (Linear - GELU — LayerNorm — Linear)
to map the [CLS] representation to R? (see §4).
The output z is Lo-normalized to the unit hyper-
sphere. We fine-tune the model end-to-end using
SoftTriple loss (Qian et al., 2019). SoftTriple main-
tains multiple centers per class to represent the
diversity of topics within the "Polarized" and "Neu-
tral" categories. We select checkpoints based on
Precision@1 (P@1) on the validation set, the stan-
dard metric for evaluating metric learning models.

Ensemble Retrieval Inference We use the
shared K-fold ensemble (§3.1) with kNN retrieval.
For a test sample x, each fold model f projects x
and retrieves the k nearest neighbors Ny (x) from
its corresponding training fold. The final polar-
ization probability is the average vote across all
folds:

) 1 &1
gy =2 7 D v (1)
1

=1 iENf (z)

where y; € {0,1} is the label of neighbor ;. We
apply a classification threshold 7 to obtain binary
predictions: pred(x) = 1[g(xz) > 7]. The values
of k and 7 are specified in §4.
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3.3 Subtasks 2 & 3: Multi-Label
Classification

We formulate Polarization Type (Subtask 2) and
Manifestation (Subtask 3) as multi-label classifica-
tion tasks. We use the shared strategies (K-Fold
ensemble, LLRD, FGM) described in §3.1.

Transfer Learning & Architecture. We ini-
tialize the backbone with weights from the best-
performing Subtask 1 fold model (selected by val-
idation P@1). This transfers learned representa-
tions to the multi-label tasks. The classification
head consists of: Linear — LayerNorm — GELU
— Dropout — Linear.

Asymmetric Loss. We train using Asymmetric
Loss (ASL) (Ben-Baruch et al., 2020), which ex-
tends Focal Loss with separate focusing parame-
ters for positive and negative samples. ASL down-
weights easy negatives to focus on hard examples
and positive classes, addressing the label imbalance
in multi-label settings.

Threshold Optimization. We tune class-specific
thresholds to balance precision and recall. For each
class, we select the threshold minimizing | P — R|
(with F1 as tie-breaker); see §4 for grid search
details.

4 Experimental Setup

4.1 Evaluation Protocol

Data Splitting We evaluate all models using
Stratified 5-Fold Cross-Validation. We use a fixed
random seed (42) for all stochastic operations (fold
splitting, model initialization, and batch shuffling)
to ensure strict reproducibility.

For Subtask 1, stratifying solely on binary labels
fails to preserve the distribution of specific polar-
ization types across folds. We construct single-
label proxy targets from Subtask 2 labels using a
priority hierarchy: Gender/Sexual (34.1%) > Reli-
gious (4.0%) > Racial/Ethnic (45.6%) > Political
(11.8%) > Other (17.4%).

This hierarchy captures distinct polarization
modes. We prioritize Gender/Sexual first as it
forms a distinct semantic cluster. We prioritize Re-
ligious next to prevent fold starvation of the rarest
minority class. Finally, we prioritize Racial/Ethnic
over Political to group frequent overlaps (e.g., na-
tionalist rhetoric) under the dominant Racial cate-
gory, reserving the Political target for distinct ideo-
logical content. Samples with multiple labels are

assigned to the highest-priority category.

For Subtasks 2 & 3, we filter the dataset to
the 2,121 polarized samples and apply Multilabel
Stratified K-Fold directly on the target labels.

Metrics For Subtask 1, we use Precision@1
(P@1) as the primary metric for early stopping.
We specifically chose P@1 over Macro-F1 for val-
idation because it directly aligns with our metric
learning objective, which optimizes distance-based
retrieval rather than linear decision boundaries. For
Subtasks 2 & 3, we use Macro-F1. All metrics for
early stopping and threshold optimization are com-
puted on the validation fold of each cross-validation
split.

4.2 Implementation Details

All experiments were conducted on a single
NVIDIA RTX 4060 Laptop GPU (8GB) using
PyTorch and bf16 mixed precision. All reported re-
sults were obtained on this configuration to demon-
strate the feasibility of the method on consumer-
grade hardware.

Shared Configuration We use
nghuyong/ernie-3.0-xbase-zh? (12 layers,
1024 hidden size) as the backbone. We set the
maximum sequence length to 96 tokens, which
covers 100% of the training and test samples
without truncation. Models are trained for a
maximum of 3,000 steps per fold with evaluation
every 100 steps. We use Early Stopping with a
patience of 5 evaluations (500 steps) based on the
validation fold performance.

We optimize using AdamW (Loshchilov and
Hutter, 2017) with a weight decay of 0.01 and a
warmup ratio of 0.1. The peak learning rate is set
to 2 x 10~ for the classification head and the top
encoder layer (Layer 12). To preserve pre-trained
knowledge, we apply Layer-wise Learning Rate
Decay (LLRD) with £ = 0.95, where the learn-
ing rate for layer [ is LR; = 2 x 107° - 0.95127,
Adversarial Training (FGM) with perturbation
e = 0.2 is also applied to improve robustness.

4.3 Task-Specific Configuration

Subtask 1 Settings We train with a batch size
of 24. The metric projection head consists of two
linear layers (1024 — 1024 — 256) to map em-
beddings to a 256-dimensional unit hypersphere.

%A PyTorch-converted version of the official Baidu ERNIE
3.0 model, available on HuggingFace.
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For our official submission, we set k = 49 for
kNN retrieval and applied a classification threshold
of 7 = 0.4. These hyperparameters were selected
empirically based on preliminary observations dur-
ing development, prior to systematic optimization.
Post-hoc ablation analysis (§5) explores the impact
of these choices.

Subtasks 2 & 3 Settings We use a batch size
of 8 to accommodate the §GB GPU memory con-
straints. We apply a dropout rate of 0.1. The clas-
sification head projects 1024 — 1024 — N gsses-
We optimize using Asymmetric Loss (ASL) with
v+ = 1.0 and class-specific y_ values tuned on
validation data:

e Subtask 2: . = [4.0,3.0,3.0,4.0,2.0]
for Political, Racial, Religious, Gender, and
Other, respectively.

* Subtask 3: v_ = [4.0,4.0,3.5,3.5,2.0, 2.0]
for Stereotype, Vilification, Dehumanization,
Extreme Lang., Lack of Empathy, and Invali-
dation.

For threshold optimization (described in §3.3), we
perform a grid search over [0.1,0.9] with a step
size of 0.01 on the validation fold.

5 Results and Analysis

5.1 Main Results

Our system achieved Macro-F1 scores of 0.9190
(Rank 6) on Polarization Detection, 0.8244 (Rank
5) on Type Classification, and 0.6670 (Rank 4) on
Manifestation Identification on the official hidden
test set. These results were obtained using an end-
to-end pipeline where Subtasks 2 and 3 rely entirely
on Subtask 1 predictions.

5.2 Ablation Study

To evaluate our design choices, we conduct abla-
tion studies on the development set (Table 1). To
measure the upper-bound performance of each con-
figuration, we report Macro-F1 scores using oracle
thresholds. Specifically, classification thresholds
were optimized directly on the development set via
grid search. While this introduces threshold data
leakage, it isolates the model’s representation learn-
ing from variance in threshold selection. Subtasks
2 and 3 ablations evaluate only the polarized sub-
set (gold labels) to isolate multi-label performance
from binary detection errors. Note that these oracle
scores represent upper bounds on the development

set and do not reflect expected test set generaliza-
tion.

Handling Extreme Imbalance. Asymmetric
Loss (ASL) provided the largest performance im-
provement in our ablations. Replacing ASL with
standard Binary Cross Entropy (BCE) dropped the
Subtask 2 score by 5.79 F1 points (0.8312 —
0.7733), demonstrating that dynamically down-
weighting easy negative samples is essential for
capturing long-tail categories like Religious polar-
ization.

Negative Transfer in Hierarchical Pipelines.
Because Subtasks 2 and 3 train on a subset of Sub-
task 1 data, the encoder has already seen these
texts during binary detection training. We expected
that initializing the model with Subtask 1 weights
would improve downstream performance. How-
ever, we observed minimal differences: without ini-
tialization, Subtask 2 achieved 0.8316 (vs. 0.8312)
and Subtask 3 achieved 0.7448 (vs. 0.7422). Both
differences (A < 0.003) are well within margin of
noise.

More surprisingly, the completely unregularized
baseline outperformed our final system on Subtask
3(0.7642 vs. 0.7422). This suggests that the metric
learning objective in Subtask 1 may create embed-
ding spaces that are less suitable for fine-grained
multi-label classification, though controlled experi-
ments are needed to confirm this hypothesis.

Regularization Trade-offs. FGM and LLRD
showed contrasting effects across the tasks. In Sub-
task 1, removing only FGM slightly improved the
development F1 to 0.9437, suggesting slight overfit-
ting prevention comes at a small performance cost.
In contrast, Subtask 3 performance dropped sharply
without FGM (0.7422 — 0.6470), but removing
both FGM and LLRD recovered much of this loss
(0.7282). This pattern indicates that FGM is par-
ticularly important for Subtask 3 when combined
with LLRD’s conservative learning rates, possibly
by helping the model adapt from the Subtask 1
initialization to the multi-label objective.

6 Limitations

While our system demonstrates strong empirical
performance, several limitations provide avenues
for future work. First, the ablation study utilizes
oracle thresholds tuned on the development set to
isolate representation learning; performance using
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Model Configuration Subtask 1 Subtask2  Subtask 3
(Dev F1) (Dev F1) (Dev F1)

Final System 0.9392 0.8312 0.7422

— Task-Specific Components —

w/o Asymmetric Loss (uses BCE) - 0.7733 0.7365

w/o Subtask 1 Initialization - 0.8316 0.7448

— Shared Regularization —

w/o FGM 0.9437 0.8274 0.6470

w/o FGM & w/o LLRD 0.9393 0.8034 0.7282

Unregularized Baseline™ 0.9346 0.7839 0.7642

Table 1: Ablation study on the development set with oracle thresholds (tuned directly on the evaluation set). Subtasks
2 and 3 evaluate only the polarized subset. Bold indicates the highest dev score per subtask. *The Unregularized
Baseline for Subtask 1 uses a standard linear classification head (no metric learning), no FGM, and no LLRD. For
Subtasks 2 and 3, it removes Subtask 1 initialization, ASL (uses BCE), FGM, and LLRD.

thresholds tuned strictly on training folds may ex-
hibit slight degradation in real-world generaliza-
tion. Second, while our metric learning approach
was designed to capture implicit language (e.g., ho-
mophones), conducting a granular robustness eval-
uation separating direct insults from obfuscated
slang requires a specialized, human-annotated sub-
corpus, which we leave for future work. Finally,
our ablations suggest a potential representation
conflict when transferring weights from binary de-
tection to multi-label classification. Future work
could investigate decoupling representation learn-
ing across stages—such as utilizing adapter layers
or freezing the backbone—to mitigate this negative
transfer.

7 Conclusion

We present a metric learning framework for the
Chinese track of SemEval-2026 Task 9, address-
ing the challenges of implicit language and severe
class imbalance. On the official test set, our end-to-
end system achieved competitive rankings: 6th for
Polarization Detection (0.9190), 5th for Type Clas-
sification (0.8244), and 4th for Manifestation Iden-
tification (0.6670). These results were achieved en-
tirely on consumer-grade hardware (an 8GB RTX
4060), demonstrating that effective polarization de-
tection is feasible on consumer hardware. Our ab-
lation studies underscore that Asymmetric Loss is
critical for capturing rare long-tail categories, and
that standard cross-entropy baselines fail to prop-
erly regularize the severe label skew inherent in
Chinese social media discourse. They also reveal
a representation conflict when transferring metric
learning embeddings to fine-grained multi-label
tasks, suggesting that decoupled training strategies

merit future investigation.
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