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Abstract

In this paper, we present our system for
SemEval-2026 Task 9, which focuses on the
fine-grained identification of polarization mani-
festations in multilingual social media content.
Our approach combines transformer-based en-
coders (RoBERTa-base for English and Afro-
XLM-R-small for Hausa) within a One-vs-Rest
(OvR) framework, complemented by controlled
oversampling, Adaptive Focal Loss, and label-
wise threshold optimization. To mitigate severe
class imbalance and label sparsity, we adopt
language-specific optimization strategies sup-
ported by pairwise y? independence analysis.
Our system achieves macro-F1 scores of 0.464
in English and 0.192 in Hausa on the official
test sets, ranking 5% in Hausa and 14™ in En-
glish on the official leaderboard. Our code is
publicly available .

1 Introduction

Social media messages often reflect strong and op-
posing attitudes related to social, political, or iden-
tity divisions, which contribute to online polariza-
tion (Conover et al., 2011; Garimella et al., 2018;
Barbera, 2020; Kubin and von Sikorski, 2021).
Subtask 3 of the POLAR 2026 shared task(Naseem
et al., 2026a), Manifestation Identification, focuses
on classifying messages according to multiple man-
ifestations of polarization, such as Vilification, De-
humanization, Extreme Language, Lack of Empa-
thy, Invalidation and Stereotype.

This task is particularly challenging due to se-
vere class imbalance, sparse annotations, and low-
resource languages such as Hausa, where training
data is limited. Traditional joint multi-label ap-
proaches can often underperform in this setting, as
rare labels generate sparse gradients that are domi-
nated by frequent manifestations, resulting in poor
recall for minority classes.
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DeepSemantics-SemEval
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To address these challenges, we adopt a One-
vs-Rest (OVR) strategy that models each manifes-
tation independently. This label-wise formulation
is complemented by language-specific optimiza-
tion: Adaptive Focal Loss for English dynamically
reweights gradients to emphasize rare classes, and
weighted Binary Cross-Entropy with controlled
oversampling for Hausa compensates for extreme
imbalance. Thresholds for each label are optimized
via stratified K-fold validation to improve deci-
sion calibration. Transformer encoders (RoOBERTa-
base for English and Davlan Afro-XLM-R-small
for Hausa) provide contextual embeddings that en-
hance multilingual representation learning.

Experimental comparisons confirm that OvR
consistently outperforms joint multi-label mod-
els, particularly for rare manifestations where joint
modeling often fails. Our system achieves macro-
F1 scores of 0.464 in English and 0.192 in Hausa
on the official test sets, ranking 5" in Hausa and
14" in English. These results demonstrate robust
performance under label sparsity and low-resource
conditions, and motivate our label-wise modeling
approach, which effectively captures fine-grained
polarization manifestations while mitigating gradi-
ent interference in highly imbalanced multi-label
settings.

2 Related Work

Fine-grained polarization analysis extends beyond
binary detection by identifying specific manifesta-
tions expressed in text. This formulation naturally
leads to a multi-label classification setting, where
instances may exhibit multiple manifestations si-
multaneously. Prior work in multi-label learning
has shown that joint modeling approaches often
struggle under severe class imbalance and sparse
label co-occurrence (Tsoumakas and Katakis, 2007;
Read et al., 2011).

Transformer-based models such as BERT and
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multilingual variants like XLM-R have become
the dominant backbone for text classification tasks
(Devlin, 2019; Conneau, 2020). While these mod-
els provide strong contextual representations, their
effectiveness remains sensitive to imbalance in fine-
grained classification scenarios.

To mitigate imbalance, previous studies have ex-
plored data-level strategies such as oversampling
and text augmentation (Wei and Zou, 2019a; Feng
et al., 2021), as well as loss-level approaches in-
cluding Focal Loss (Lin et al., 2017). Problem-
transformation methods such as One-vs-Rest classi-
fiers have also been shown to improve robustness in
highly imbalanced multi-label settings (Tsoumakas
and Katakis, 2007).

Building on these findings, our approach inte-
grates transformer representations with controlled
oversampling, data augmentation, Adaptive Focal
Loss, and a One-vs-Rest formulation, explicitly tar-
geting the extreme sparsity and imbalance observed
in manifestation identification.

3 System Overview

For manifestation identification, the focus shifts to
label heterogeneity and rare classes. Traditional
monolithic multi-label frameworks, which predict
all labels jointly, often underperform on rare labels
and fail to capture label-specific decision bound-
aries (Read et al., 2011; Tsoumakas and Katakis,
2007).

To address these limitations, we adopt a One-vs-
Rest (OvVR) strategy, modeling each manifestation
independently.

To further address class imbalance, we com-
bine controlled minority oversampling with loss-
based reweighting strategies. For English, Adap-
tive Focal Loss dynamically down-weights easy
examples and emphasizes rare manifestations. For
Hausa, because of severe imbalance, we employ
cost-sensitive learning via weighted binary cross-
entropy combined with controlled oversampling.

3.1 Controlled Oversampling and
Augmentation

To address the severe class imbalance, we imple-
ment a label-wise controlled oversampling strat-
egy within our OvR framework. For each binary
classifier, oversampling is triggered only when the
imbalance ratio (negative-to-positive) exceeds a
threshold of 5:1.

Specifically, the number of duplications R is dy-

namically calculated as: R = [(Nyeq/Npos)/5] —
1, where N,y and N, are the counts of negative
and positive instances for the target label, respec-
tively. Positive instances are then duplicated R
times to ensure the final training ratio does not ex-
ceed 5:1. To prevent the model from overfitting on
identical samples, we follow duplication with Easy
Data Augmentation (EDA) (Wei and Zou, 2019b),
applying synonym replacement and random inser-
tion to the oversampled set. This approach ensures
that sampling is controlled independently for each
manifestation, providing the necessary gradient sig-
nal for rare labels like lack_of empathy without
introducing the noise associated with full class bal-
ancing.

3.2 Dynamic Gradient Optimization via
Adaptive Focal Loss

As introduced in the previous section, data augmen-
tation and controlled oversampling mitigate class
imbalance at the data level. However, these tech-
niques alone are insufficient to address imbalance
during optimization, particularly in One-vs-Rest
settings where rare polarization labels generate
sparse and noisy gradients. We therefore comple-
ment data-level balancing with a loss-level strategy
based on Adaptive Focal Loss, which dynamically
reweights gradient contributions according to pre-
diction difficulty and class distribution (Lin et al.,
2017).

Let x; denote an input text with binary label
y; € {0,1}, and let y; = o(z;) be the predicted
probability. Unlike standard Binary Cross-Entropy
(BCE), which assigns equal importance to all sam-
ples, focal loss down-weights well-classified in-
stances and emphasizes hard examples. The loss
for a single instance is defined as:

Lry(w;) = —ay, (1 —p;)7 log(ps), (1)

where

piz{y’ . @)
1-— Yi if Y = 0.

The focusing parameter v > 0 controls the de-
gree to which easy examples are down-weighted,
thereby preventing dominant negative samples
from driving the optimization. In addition, class-
dependent weights ay,, are used to explicitly com-
pensate for label imbalance:
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where w, and w_ are dynamically computed from
inverse class frequencies.

From an optimization perspective, this formula-
tion induces a form of dynamic gradient reweight-
ing. For confidently predicted samples (p; — 1),
the gradient magnitude decreases proportionally to:
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which stabilizes training and prevents gradient dom-
ination by frequent classes. Consequently, rare po-
larization manifestations exert a stronger influence
during learning.

Within our One-vs-Rest architecture, Adaptive
Focal Loss is applied independently to each bi-
nary classifier, enabling label-specific optimization
dynamics. In combination with data augmenta-
tion and oversampling, this strategy substantially
improves recall for rare labels while maintaining
precision on frequent ones.

3.3 Cost-Sensitive Optimization for Hausa

Preliminary experiments applying Adaptive Focal
Loss to Hausa resulted in gradient vanishing and
unstable convergence. We attribute this instability
to the extreme label sparsity of the Hausa dataset
(< 1% positive instances for several classes) — a
regime in which the focal modulation term (1 —
p;)” suppresses gradients for the dominant negative
class, leaving insufficient signal for minority class
learning. Weighted BCE, by directly scaling the
loss via wy = Nyeq /Npos, provides more stable
gradient updates under such extreme imbalance.
For an instance x;, the loss is defined as:

Lpce(zi) = —wiy;log(9i) —w-(1-y;) log(1—4;)

“4)
where w; = Npeq/Npos scales the contribution
of the minority class and w_ = 1. This cost-
sensitive approach compensates for the imbalance
by directly inflating the loss of rare manifestations,
preventing the model from stagnating on the domi-
nant negative class.

3.4 Threshold Optimization

Even with data-level balancing and loss reweight-
ing, using a fixed decision threshold (e.g., 0.5) can

be suboptimal, particularly for rare polarization la-
bels. To address this, we perform a complementary
threshold optimization step at inference time.

Thresholds are selected independently for each
One-vs-Rest classifier by maximizing the F1-score
on the validation set. To improve robustness, the
validation data is split into stratified X = 5folds,
thresholds are computed per fold, and the final
threshold is obtained by averaging across folds.

It is applied uniformly across English and Hausa
classifiers.

4 Data Exploration

In this section we begin by analyzing the distribu-
tional properties of the datasets , with a particular
focus on class imbalance and label co-occurrence
patterns. These aspects are critical, as they di-
rectly influence model design choices and evalua-
tion strategies.

4.1 Subtask 3: Manifestation Identification

4.1.1 Imbalance analysis in dataset

We analyze the manifestation-level annotations,
which further increase the granularity and spar-
sity of the task. Figures 1 and 2 show a highly
imbalanced label distribution in both languages.
Most manifestations are extremely rare, reinforc-
ing the need for label-specific learning strategies.

4.2 Independence Analysis of Manifestation
Identifications

To examine label interactions, we conduct pair-
wise x? independence tests on manifestation labels.
As shown in Table 3, the English dataset exhibits
statistically significant dependencies across nearly
all label pairs, indicating frequent co-occurrence
of manifestations. In contrast, the Hausa dataset
shows significant dependencies for only a subset
of pairs, while several others display high p-values,
suggesting weaker or approximate independence.
Overall, the dependency structure is heterogeneous
and language-dependent.

Importantly, statistical dependence between la-
bels does not necessarily imply that joint multi-
label modeling is optimal. Prior work in multi-
label learning highlights that explicitly modeling
label correlations is not universally beneficial and
may depend on data characteristics (Tsoumakas
and Katakis, 2007). Under severe class imbalance,
joint optimization can amplify gradient dominance
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of frequent labels, potentially limiting the learning
of rare manifestations.

Given the imbalance-sensitive nature of the PO-
LAR task and the uneven dependency patterns
observed across languages, we adopt a One-vs-
Rest formulation. This approach enables label-
specific optimization, stabilizes training for minor-
ity classes, and remains robust to varying levels of
inter-label dependence.

5 Experimental Setup

For Subtask 3 (manifestation identification), we
split the initial training data into training and valida-
tion sets using a Multilabel Stratified Shuffle Split
(80/20), preserving the distribution of all polariza-
tion labels. The validation set was used for model
selection, hyperparameter tuning, and threshold
optimization.

Hyperparameters such as learning rate, batch
size, number of epochs, and loss-specific parame-
ters were tuned on the validation set. Thresholds
for each One-vs-Rest classifier were optimized per
label via grid search over [0.01, 0.99] using strat-
ified K -fold splits, with final thresholds averaged
across folds to improve robustness.

To address class imbalance, different strategies
were adopted for each language. For English, Adap-
tive Focal Loss dynamically reweighted gradients
to improve recall for rare manifestations while pre-
serving precision. For Hausa, cost-sensitive learn-
ing with weighted BCE combined with controlled
oversampling (triggered when imbalance ratio ex-
ceeded 5:1) was applied.

RoBERTa-base (Liu et al., 2019) (English) and
Afro-XLM-R-small (Hausa) (Alabi et al., 2022)
encoders were fine-tuned for Subtask 3.

6 Results

6.1 Validation results and model selection

We first compare the One-vs-Rest (OvR) and Multi-
label (ML) approaches on the English validation
set. As shown in Table 1, OvR consistently outper-
forms the joint Multi-label formulation across most
manifestations.

In particular, substantial gains are observed for
Extreme Language (+0.27), Invalidation (+0.24),
and Lack of Empathy (+0.36). The latter is espe-
cially notable, as the Multi-label model completely
fails to detect this rare class (F1 = 0.00), while OvR
achieves 0.36.

English Hausa
Label OvR  Multi-label OvVR
Stereotype 0.560 0.420 0.286
Vilification 0.590 0.580 0.111
Dehumanization 0.430 0.380 0.364
Extreme Language 0.570 0.300 0.375
Lack of Empathy 0.360 0.000 0.057
Invalidation 0.530 0.290 0.000
Macro-F1 0.500 0.330 0.200

Table 1: Validation set F1-scores for Subtask 3. The
One-vs-Rest (OvR) approach consistently outperforms
the joint Multi-label baseline across both languages.

Overall, OvR reaches a macro-F1 of 0.50, com-
pared to 0.33 for the Multi-label approach. This
17-point improvement confirms that independent
label modeling is better suited to the sparse and
weakly co-occurring manifestation structure of the
dataset.

These findings support our hypothesis that joint
modeling struggles under extreme label imbalance
and limited co-occurrence patterns, as minority-
class gradients become dominated by frequent man-
ifestations.

For Hausa, only the OvR framework was
adopted based on the strong validation results ob-
tained in English. Using Davlan Afro-XLM-R-
small, the model achieves a macro-F1 of 0.20 on
the validation set (Table 1). Performance varies
considerably across labels. Extreme Language
(0.375) and Dehumanization (0.364) show rela-
tively stronger detection capability, whereas Lack
of Empathy (0.057) and Invalidation (0.00) remain
highly challenging.

6.2 Test Results

Based on validation performance, the OvR ap-
proach was selected for official submission in both
languages. Table 2 reports the test results.

In English, the system achieves a macro-F1 of
0.464. Strongest performance is observed for Vil-
ification (0.625) and Extreme Language (0.564),
while Dehumanization (0.378) and Lack of Empa-
thy (0.356) remain comparatively difficult.

For Hausa, the macro-F1 reaches 0.192. Al-
though lower than English, the model achieves non-
trivial detection across most manifestations, though
performance remains limited throughout, with
Stereotype (0.297) and Dehumanization (0.252)
showing relatively stable performance.
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Label English F1  Hausa F1
Stereotype 0.420 0.297
Vilification 0.625 0.165
Dehumanization 0.378 0.252
Extreme Language 0.564 0.185
Lack of Empathy 0.356 0.102
Invalidation 0.442 0.154
Macro-F1 0.464 0.192

Table 2: F1-scores for Subtask 3 (Manifestation Identifi-
cation) on the test set: English vs Hausa (One-vs-Rest).

7 Error Analysis

Analysis of model predictions reveals distinct struc-
tural challenges across both languages.

English System As shown in Figure 9, closely
related categories such as dehumanization and
stereotype are frequently absorbed into the broader
vilification class. Furthermore, invalidation and
lack_of_empathy act as attractor classes, being con-
sistently over-predicted. Error rate analysis (see Fig
6 in Appendix) indicates that performance degra-
dation is triggered by the mere presence of polar-
ization (error rates > 92%) rather than multi-label
complexity. Sensitivity to contextual length is also
high, with error rates increasing by +1.18% per
additional word(Figure 7).

Hausa System The Hausa system exhibits a pre-
diction collapse into a limited subset of classes.
Figure 10 shows that stereotype and dehumaniza-
tion are frequently misclassified as invalidation.
Unlike the English case, the primary bottleneck in
Hausa is positive-class sparsity rather than seman-
tic boundary modeling; 92.5% of polarized texts
contain only a single label (Figure 8a). Contex-
tual length plays a secondary role (+0.45% error
increase per word, Figure 8b) compared to the ex-
treme data imbalance documented in Section 4. To
address potential concerns regarding the highly op-
timized thresholds (0.990) for certain Hausa labels
like Vilification and Extreme Language, our error
analysis confirms the model does not degenerate
into a trivial majority-class (all-negative) classifier.
As shown in the FP Co-confusion matrix (Figure
10), the model actively triggers positive predictions
that cross this strict threshold. For instance, it gen-
erates at least 45 positive predictions for Vilifica-
tion and 7 for Extreme Language just among its
inter-class confusions alone. This confirms that

the threshold effectively isolates the strongest sig-
nals in a severely imbalanced setting (e.g., 1.3%
prevalence for Vilification) rather than suppressing
predictions entirely, which is further validated by
the non-zero macro-F1 scores.

8 Conclusion

In this work, we presented our system for the PO-
LAR 2026 shared task on multilingual manifes-
tation identification of polarization in social me-
dia. Our approach integrates transformer-based
encoders with controlled oversampling, Adaptive
Focal Loss, and label-wise threshold optimization
within a One-vs-Rest framework, explicitly de-
signed to address severe class imbalance and label
sparsity.

On the validation set, the One-vs-Rest frame-
work achieved a macro-F1 of 0.50 for English and
0.20 for Hausa. On the official test set, the sys-
tem obtained macro-F1 scores of 0.464 for English
and 0.192 for Hausa, demonstrating stable behav-
ior across both languages despite the severe class
sparsity of the Hausa setting.

Future work will explore hybrid strategies com-
bining label-wise optimization with structured mod-
eling of label dependencies, enhanced cross-lingual
transfer techniques for low-resource languages
such as Hausa, access to larger models and GPUs
and additional data collection.

9 Limitations

Our study has three main limitations. First, the free
Google Colab environment prevented us from ex-
ploring larger transformer models or extensive hy-
perparameter tuning. Second, the small and highly
imbalanced Hausa dataset limits generalization for
rare manifestations. Finally, results rely on a single
run (seed = 42), though our stratified K-fold thresh-
old optimization demonstrated stable convergence,
supporting the reliability of the reported metrics.
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A Appendix

A.1 Subtask 3: Manifestation Identification

The third subtask (Naseem et al., 2026a) focuses
on identifying the rhetorical and linguistic man-
ifestations of polarization in social media posts.
Each instance can be associated with one or more
labels, including , Vilification, Dehumanization,
Extreme Language, Lack of Empathy, and Invalida-
tion (Naseem et al., 2026b) .This subtask is formu-
lated as a multi-label classification problem, aiming
to capture how polarized opinions are expressed
rather than just whether they exist.

Table 4 summarizes the final configurations for
English and Hausa models.

A.2 Optimized Decision Thresholds

Table 5 reports the label-wise optimized thresholds
for English and Hausa datasets.

A.3 Figures

Error analysis :Qualitative examples. Table 6
illustrates representative error cases for each sys-
tem. For English, texts discussing political or
geopolitical topics without explicit hostility such as
analytical commentary on denazification or culture
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Label 1 Label 2 EN HA
vilification extreme_language 3.70e-271 2.76e-04
stereotype vilification 1.04e-168 5.59¢-02
vilification dehumanization  8.80e-147 4.44e-01
vilification invalidation 491e-143 1.00e+00"
extreme_language invalidation 2.44e-124  1.64e-02
vilification lack_of_empathy  6.90e-124 1.00e+00"
stereotype extreme_language 1.57e-122 8.82e-16
extreme_language lack_of_empathy 2.85e-120 1.11e-01
stereotype dehumanization  1.29e-113  6.89e-02
dehumanization  extreme_language 2.61e-100 5.81e-23
stereotype invalidation 3.06e-76  6.57e-02
dehumanization  lack_of_empathy 1.05e-71 1.03e-03
lack_of_empathy invalidation 8.57¢-68 1.00e+00"
dehumanization  invalidation 1.22e-56  1.00e+007
stereotype lack_of_empathy 6.46e-56 2.85e-04

Table 3: P-values of pairwise x? independence tests for
manifestation labels in English (EN) and Hausa (HA).
TValues of 1.00 indicate zero observed co-occurrence in
the Hausa dataset; the X2 statistic is undefined for these
pairs, which are treated as independent.
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Figure 1: Distribution of manifestation labels in the
English dataset.

wars — are systematically over-predicted across
all six labels, revealing that the model conflates po-
litically charged discourse with polarization mani-
festations. Conversely, highly polarized short texts
such as “Kamala Harris has the easiest job ever” are
entirely missed, suggesting that implicit or ironic
framing falls below the model’s detection thresh-
old. For Hausa, the dominant error pattern is label
substitution: the model predicts plausible but incor-
rect labels, reflecting unstable decision boundaries
under low-resource conditions.
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Figure 2: Distribution of manifestation labels in the
Hausa dataset.

EN HA
Model RoBERTa-base  Afro-XLM-R-small
LR le—5 le—5
Batch size 4 4
Grad. Accum. 1 2
Epochs 5 3
Weight decay 0.01 0.01
Max length 512 512
Loss Focal Weighted BCE
~y 2.0 -
« 0.25 -
Class weight - Nueg / Npos
Oversampling - ratio > 5
Threshold search [0.01-0.99] [0.01-0.99]

Table 4: Final training configurations (EN = English,
HA = Hausa).

Manifestation English  Hausa
Vilification 0.18 0.990
Extreme Language 0.41 0.990
Stereotype 0.57 0.900
Invalidation 0.21 0.500
Lack of Empathy 0.07 0.010
Dehumanization 0.31 0.090

Table 5: Label-wise optimized thresholds.
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Figure 3: Thematic Analysis of Bigrams by Hausa Dis-
course Category
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1.0
ereo.
O onumenz
050
045 08
Ulang
0| e
2
3 06
H g
% 035 g
=
2 nvalid L
@
@ 030 e, 04
w
025
02
0.20
Ohf
00
0.150 0175 0200 0225 0.250 0275 0.300
False Positive Rate
Figure 4: FP vs FN rate scatter (English)
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Figure 5: FP vs FN rate scatter (Hausa)

Error Rate by Label Complexity
(Does the model struggle more on multi-label samples?)
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Figure 6: Model error rate (English case) by number of
gold labels per text
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Figure 7: Error rate of RoBERTa-base (English case) as
a function of text length
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(a) Model Error Rate (Hausa case) by number of labels in the
text
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(b) Error rate of Afro-XLMR-small (Hausa case) as a function
of text length

Figure 8: Error analysis for the Hausa system.

Text Gold Pred.
EN — False Positive

“fear and ignorance.. encouraged () all 6
by populism to push for culture

wars.”

EN — False Negative

“Kamala Harris has the easiest job all 6 0

ever”’

HA — Label substitution

vilif., stereo.,
invalid.,
lack_emp.

“Mun aura amarar yai da aidun ad- ext_lang
dinin Islama — Faransa”

Table 6: Error cases. () = no label predicted or expected.
“all 6” = full manifestation set.
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Figure 9: Confusion matrices for Subtask 3. English shows semantic overlap with vilification.

FP Co-confusion — Hausa FN Co-confusion — Hausa
(predicted X, gold was Y) (missed X, dicted Y i d)
vilif. 0 13 16 1 3 wilif. 0 0 6 0 1 5
20
ext_lang 1 0 3 0 1 2 ext_lang - 0 - 1 3 17
15
stereo. 24 0 3 4 stereo. 4 ] 0 0 3 9
invalid. 0 1 1 0 1 10 invalid. 0 0 2 0 0 2
lack_emp. 2 4 3 0 0 3 lack_emp. 2 1 4 0 0 4
5
dehumaniz. - 17 3 6 0 dehumaniz. 5 2 - 0 3 0
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Figure 10: Confusion matrices for Subtask 3. Hausa shows prediction collapse due to sparsity.
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