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Abstract

Polarization in online discourse poses signifi-
cant challenges for natural language process-
ing, particularly in multilingual and culturally
diverse environments. In this paper, we ad-
dress the SemEval-2026 POLAR shared task
on multilingual polarization detection across
22 languages. We adopt a staged experimen-
tal strategy that first investigates the prob-
lem in a controlled monolingual English set-
ting before extending the approach to multi-
lingual modeling. Our system evaluates sev-
eral transformer-based architectures, includ-
ing RoBERTa, XLM-RoBERTa, MPNet, and
mDeBERTa-v3, combined with techniques de-
signed to mitigate class imbalance such as
weighted loss functions, focal loss, and data
augmentation using back-translation and large
language models. Experimental results show
that no single configuration consistently domi-
nates across all languages. However, focal loss
and augmentation frequently improve perfor-
mance in languages with skewed label distri-
butions. Our findings highlight the importance
of contextual representations, imbalance-aware
training strategies, and language-specific con-
siderations for robust multilingual polarization
detection.

1 Introduction

Social media platforms have significantly trans-
formed interpersonal communication. While they
facilitate rapid information exchange, they also con-
tribute to the spread and reinforcement of polarized
narratives, which can intensify social divisions and
hinder constructive dialogue. Consequently, detect-
ing and analyzing polarization in online messages
has become an important challenge in natural lan-
guage processing (NLP).

Recent advances in transformer-based language
models have substantially improved performance
across many NLP tasks, including text classifi-
cation, sentiment analysis, and stance detection.

These models provide strong contextual represen-
tations that can capture subtle linguistic signals
associated with polarization. However, polariza-
tion is strongly shaped by linguistic, cultural, and
socio-political factors that vary across languages
and regions, making multilingual polarization de-
tection particularly challenging.

To support research in this area, (Naseem et al.,
2026a) introduces POLAR, a multilingual dataset
designed to capture diverse forms of polarized con-
tent across multiple languages and cultural contexts.
The task (Naseem et al., 2026b) encourages the de-
velopment of robust models capable of generalizing
beyond language-specific patterns and addressing
real-world multilingual scenarios.

In this work, we evaluate several transformer-
based approaches and investigate strategies for han-
dling class imbalance in both monolingual and mul-
tilingual settings, with particular attention to under-
represented and highly imbalanced languages.

2 Related Work

Early work on polarization and related phenomena
in online discourse has focused on tasks such as
hate speech, stance, and offensive language detec-
tion, often within monolingual and event-specific
settings. These studies typically relied on super-
vised learning methods and targeted explicit signals
of hostility or strong opinion polarity in social me-
dia texts.

More recently, transformer-based language mod-
els have become the dominant approach for treating
these tasks. Multilingual pretrained models such
as mBERT (Devlin et al., 2019), XLM-R (Con-
neau et al., 2020), and mDeBERTa (He et al., 2021)
have demonstrated strong performance in cross-
lingual text classification tasks (Conneau et al.,
2020; Arango et al., 2021), enabling transfer learn-
ing across languages with limited annotated data.

Experimental results reported by the POLAR
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Figure 1: Train Samples per Language

benchmark (Naseem et al., 2026a) dataset authors
show that multilingual transformer models achieve
reasonable performance on binary polarization de-
tection but exhibit substantial performance degra-
dation on fine-grained tasks such as type and mani-
festation classification, especially in cross-lingual
evaluation scenarios. These findings highlight the
inherent complexity of polarization as a socially
and culturally grounded phenomenon.

Related research has also explored multi-task
learning as a means of improving performance on
closely related objectives, such as jointly mod-
eling hate speech, stance, and target detection
(Rodriguez-Garcia and Centeno, 2024; Kang et al.,
2025). Multi-task transformer architectures have
been shown to benefit from shared representations
across tasks, particularly when annotated data is
limited. Additionally, domain-specific multilingual
representations have been proposed to better cap-
ture culturally sensitive language patterns, outper-
forming general-purpose multilingual embeddings
in zero-shot transfer settings (Arango et al., 2021).

Overall, existing work suggests that while large
multilingual models provide a strong foundation for
polarization detection, effectively modeling the lin-
guistic diversity, cultural specificity, and rhetorical
strategies involved in polarized discourse remains
an open challenge.

Motivated by these observations, we explore
transformer-based architectures combined with
data augmentation techniques and imbalance-aware
training strategies in order to improve robustness
in multilingual polarization detection.

3 POLAR Task

This work addresses the SemEval-2026 POLAR
shared task (Naseem et al., 2026b), which aims to
automatically identify polarized content in online
messages across multiple languages and cultural
contexts. Given a short text extracted from social
media platforms, systems are required to determine
whether the text contains polarization and, depend-
ing on the subtask, further characterize its nature.

3.1 Task Definition

The POLAR dataset (Naseem et al., 2026a) defines
three complementary subtasks: binary polarization
detection, polarization type classification, and po-
larization manifestation identification.

In this work, we focus on the binary polarization
detection subtask. For each input message, the
system predicts whether the content is Polarized or
Not Polarized.

3.2 Dataset

The dataset includes 22 languages spanning di-
verse linguistic and regional contexts, with data
sourced from multiple platforms such as Twitter/X,
Facebook, BlueSky, Reddit, and local news out-
lets (Naseem et al., 2026a). Each instance consists
of a unique identifier, the input text, and a binary
polarization label.

The languages are represented in different pro-
portions across the dataset, as shown in Figure 1.

3.3 Exploratory Analysis

To better characterize the challenges of multilin-
gual polarization detection, we conduct an ex-
ploratory analysis of the training data, focusing on

3609



Figure 2: Label Distribution

cross-lingual label distributions, text length prop-
erties, and their relationship with the polarization
label. Due to space constraints, we focus here on
the cross-lingual label distribution and defer the
analysis of text length properties to Appendix A.

Cross-lingual label imbalance. Although the
full dataset, comprising 73,681 entries, is approxi-
mately balanced with respect to polarization labels
(Figure 2), the label distribution varies substantially
between languages, which strongly affects model
performance and results.

Figure 3 illustrates this variability, with polar-
ization rates ranging from around 10% in Hausa
to over 90% in Khmer. Several languages exhibit
near-balanced distributions (e.g., Chinese, Span-
ish, Swahili), whereas others are strongly skewed
toward one class. This pronounced heterogene-
ity suggests that polarization manifests differently
across linguistic and cultural contexts and moti-
vates the use of macro-averaged evaluation metrics
to avoid bias toward languages with extreme class
imbalance.

Figure 3: Label Distribution per Language

We adopt a staged strategy combining monolin-
gual and multilingual modeling for polarization
detection. We first conduct experiments in English

to establish baselines and validate architectural
choices in a controlled setting, and then extend
the approach to the full multilingual scenario.

3.4 Data Preprocessing

The dataset requires minimal preprocessing. All
instances contain valid text and labels, with no
missing values. No additional normalization or
filtering is applied; social media artifacts such as
URLs, mentions, hashtags, and emojis are retained.
Tokenization is performed using the tokenizer as-
sociated with each model, and input sequences are
truncated to a fixed maximum length during train-
ing.

3.5 Data Augmentation

To improve robustness and increase minority-class
diversity, we experiment with several augmentation
strategies. First, we use back-translation through
an English–Spanish–English pipeline based on
Helsinki-NLP models (Tiedemann and Thottingal,
2020). Second, we generate paraphrases with the
OpenAI GPT-4.1 API (Achiam et al., 2023) while
preserving the original semantic content and label.
Third, we use the gemini-2.5-flash-lite API
(Comanici et al., 2025) in a few-shot setting to
generate additional minority-class examples. Aug-
mented samples are used only in training and are
excluded from validation and test splits.

For GPT-4.1 augmentation, we employ a con-
strained paraphrasing prompt designed to preserve
the original stance, target group(s), sentiment po-
larity, and overall polarization intensity of each
example, while explicitly prohibiting the introduc-
tion of hedging, neutrality, or new semantic content.
The prompt also instructs the model to retain stylis-
tic markers such as hashtags, mentions, emojis,
and informal language when present, ensuring that
generated paraphrases remain close to the original
discourse style.

For Gemini augmentation, we use a few-shot
generation prompt conditioned on the target lan-
guage and class label. The model is provided with
a small set of in-language minority-class examples
and instructed to generate new social media com-
ments that match their tone, length, and linguistic
style, while remaining consistent with the desired
polarization label (polarized or neutral/objective).
This approach is intended to enrich minority-class
diversity while preserving language-specific dis-
course patterns.
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To verify sample quality, we apply both auto-
matic and manual filtering. For GPT-4.1 para-
phrases, we enforce length-ratio constraints rela-
tive to the source text and reject generations con-
taining banned hedging expressions (e.g., “some
people say”, “it seems”, “allegedly”) that could
weaken polarization cues or alter label semantics.
For Gemini-generated examples, we monitor gen-
eration outputs for formatting correctness, linguis-
tic plausibility, and label consistency. In addition,
manual inspection of random subsets of generated
samples is performed to confirm semantic coher-
ence, preservation of intended label characteristics,
and the absence of obvious artifacts, duplicates, or
off-topic generations.

3.6 Monolingual Models

We first study English-only polarization detection
to validate modeling choices before moving to mul-
tilingual classification. As lightweight baselines,
we train Naive Bayes and Logistic Regression mod-
els using Bag-of-Words features. We then evaluate
contextual encoder models, including RoBERTa
(Liu et al., 2019) and DeBERTa-v3 (He et al., 2021),
with RoBERTa-large providing the strongest vali-
dation performance.

Training is initially performed using a sin-
gle train–validation split, followed by a 5-fold
stratified cross-validation setup with soft-voting
over fold predictions. Optimization uses AdamW
(Loshchilov and Hutter, 2019) with cross-entropy
loss, and class weights are incorporated to mitigate
moderate label imbalance in the English subset.

We also explore MPNet-based sentence rep-
resentations (Song et al., 2020) (Appendix C),
prompt-based classification with GPT-4.1, and
layer-wise learning rate decay; however, these alter-
natives do not consistently outperform RoBERTa-
large. Motivated by the potential usefulness of
sentence embedding models such as MPNet, we
design a hybrid architecture that aims to combine
the strengths of RoBERTa-large with MPNet rep-
resentations. Specifically, the model integrates
RoBERTa [CLS] representations with MPNet sen-
tence embeddings through feature concatenation,
followed by a lightweight classifier. The architec-
ture of the model is illustrated in Figure 4. How-
ever, this system was not evaluated in the multi-
lingual setting because of time and computational
constraints.

Figure 4: Hybrid Model

3.7 Multilingual Models
For multilingual classification, we evaluate mul-
tilingual transformer models including XLM-
RoBERTa (Conneau et al., 2020) and mDeBERTa-
v3 (He et al., 2021) under different training con-
figurations. In addition, we explore a sentence-
embedding–based approach based on MPNet (Song
et al., 2020).

To address class imbalance, we experiment
with cost-sensitive learning using weighted cross-
entropy:

LWCE(y, ŷ) = −
C∑

c=1

wcyc log(ŷc) (1)

where yc denotes the ground-truth indicator, ŷc
the predicted probability, and wc the class-specific
weight.

We additionally evaluate focal loss (Lin et al.,
2020), which emphasizes harder examples during
training:

LFocal(pt) = −αt(1− pt)
γ log(pt) (2)

where pt is the probability assigned to the gold
label and γ controls the focusing strength.

In the multilingual setting, we also assess
LLM-based semantic augmentation using the
gemini-2.5-flash-lite API to increase linguis-
tic diversity while preserving label semantics (Ding
et al., 2020; Dai et al., 2025).
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4 Experimental Setup

Dataset Splits. For monolingual experiments, we
train models on the English portion of the training
data. Model selection is performed using a strat-
ified validation split, and final performance is es-
timated using a 5-fold stratified cross-validation
protocol. For multilingual experiments, models
are trained on the full multilingual training set pro-
vided by the task organizers, in both cases with a
(90% / 10%) train–validation split.

Evaluation Metric. Following the official task
guidelines, system performance is evaluated us-
ing macro-averaged F1-score across classes. This
metric equally weights both polarized and non-
polarized categories and is therefore suitable for
imbalanced datasets.

Training Details. All transformer models are
fine-tuned using the AdamW optimizer with cross-
entropy loss. We evaluate two main configura-
tions: a baseline setup corresponding to the de-
fault training configuration provided by the task
organizers, and a modified configuration obtained
through hyperparameter tuning. Hyperparameters
are selected through Bayesian optimization on the
validation set. The search space includes learn-
ing rates in the range [10−6, 3× 10−5], weight de-
cay values {0.0, 0.01, 0.05}, label smoothing fac-
tors {0.0, 0.05, 0.1}, and per-device batch sizes
of {4, 8}. Training uses gradient accumulation
when necessary to accommodate GPU memory
constraints. More details on the parameters are
presented in Appendix B.

Implementation. Experiments are implemented
using the HuggingFace Transformers library (Wolf
et al., 2020) and PyTorch (Paszke et al., 2019). Hy-
perparameter optimization and experiment tracking
are conducted using Weights & Biases (Lukas et al.,
2020).

5 Results

In Table 1 we report the main test-set results across
all languages. The scores present on the official
leaderboard are marked with "*". Table 2 presents
our official leaderboard results together with the
POLAR baseline.

For XLM-R and MPNet we evaluate two param-
eter configurations: the default baseline setup and
a modified configuration. The modified configura-
tion corresponds to the training setup that yielded

the best performance for RoBERTa-large in the
monolingual English experiments.

Overall, no single model or configuration consis-
tently outperforms the others across all languages.
Instead, performance varies depending on both the
architecture and the target language, highlighting
the inherent difficulty of multilingual polarization
detection.

Nevertheless, several trends can be observed.
The modified configurations generally improve per-
formance for a subset of languages, suggesting that
training settings optimized on English can trans-
fer partially to multilingual models. In addition,
the mDeBERTa-based models demonstrate strong
performance across many languages, particularly
when combined with focal loss or ensemble strate-
gies.

Notably, configurations that incorporate focal
loss and data augmentation frequently achieve the
best results for individual languages. Focal loss
helps emphasize harder or underrepresented ex-
amples during training, which appears particularly
beneficial in languages with skewed class distribu-
tions. Similarly, augmentation-based approaches
improve performance in several languages by in-
creasing training diversity and reducing overfitting.

However, these techniques do not yield univer-
sal improvements, and their effectiveness remains
language-dependent. Taken together, the results
suggest that while focal loss and augmentation can
provide meaningful gains, no single configuration
dominates across the entire multilingual setting.

Overall, the test-set results are largely consis-
tent with those observed on the validation dataset
(Appendix D). The main discrepancy occurs for En-
glish: although the hybrid architecture with 5-fold
cross-validation achieved the best validation per-
formance, the RoBERTa-large model with 5-fold
cross-validation proved to be the most stable on the
test set.

6 Conclusions

In this work, we investigated multilingual polariza-
tion detection in the context of the SemEval-2026
POLAR shared task. The dataset presents several
challenges, including strong cross-lingual variation
in label distributions, heterogeneous text lengths,
and culturally grounded manifestations of polar-
ization. Our exploratory analysis highlighted the
limited predictive power of surface-level features
and motivated the use of contextual representations
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Experiment amh arb ben deu eng fas hau hin ita khm mya nep ori pan pol rus spa swa tel tur urd zho
XLM-R - Baseline 0.7505 0.807 0.8205 0.6664 0.7618 0.7966 0.7278 0.804 0.5848 0.6231 0.8476 0.8837 0.7354 0.7499 0.7721 0.7570 0.7530 0.7629 0.8655 0.7635 0.7593 0.8614
XLM-R - Modified Config 0.727 0.7822 0.84 0.6834 0.7824 0.7979 0.7842 0.7562 0.5931 0.5778 0.8098 0.8399 0.7037 0.7290 0.8092 0.7483 0.6776 0.7593 0.8559 0.7561 0.7415 0.8785
XLM-R - Modified Config (Subset) – – – 0.7095 0.7929 – – – 0.6153 – – – – – 0.8065 0.7768 0.7584 – – – – –
MPNet - Baseline 0.706 0.7710 0.8187 0.6784 0.7664 0.8102* 0.7318 0.7878 0.5796 0.5419 0.8567 0.8781 0.7651 0.7428 0.7545 0.7055 0.7563 0.7667 0.806 0.7368 0.7392 0.8416
MPNet - Modified Config 0.7425 0.7681 0.8329 0.6961 0.7832 0.7904 0.7406 0.7985 0.6214 0.6065 0.8409 0.8670 0.7576* 0.7414 0.7473 0.7474 0.7424 0.7664 0.8534 0.7636 0.7356 0.8712
mDeBERTa-v3-base weighted training 0.7491 0.8144 0.8233 0.7065 0.7945 0.7905 0.7696 0.7794 0.672* 0.761* 0.86 0.9092* 0.7336 0.7761* 0.7864 0.7578 0.7581 0.7733 0.8799 0.7613 0.7564 0.8707
mDeBERTa-v3-base ensemble + Focal Loss 0.7664* 0.8247* 0.8261 0.7053* 0.7892 0.798 0.7407 0.814 0.6411 0.7245 0.8756* 0.8992 0.7325 0.7737 0.7837 0.7771* 0.7722* 0.7919* 0.8818* 0.7723* 0.7624 0.8791
mDeBERTa-v3-base ensemble + Augmentation 0.7653 0.8139 0.8318* 0.7032 0.7825 0.8004 0.7922* 0.8167* 0.6457 0.685 0.8605 0.8992 0.7504 0.7651 0.7908* 0.7754 0.768 0.7828 0.8618 0.7644 0.7703* 0.8827
RoBERTa-large + 5 fold cross-validation – – – – 0.8112 – – – – – – – – – – – – – – – – –
Hybrid Architecture – – – – 0.8008* – – – – – – – – – – – – – – – – –
Chinese RoBERTa – – – – – – – – – – – – – – – – – – – – 0.9019*

Table 1: Per-language performance comparison across different training configurations on the test set.

amh arb ben deu eng fas hau hin ita khm mya nep ori pan pol rus spa swa tel tur urd zho

Our results (rank) 0.7664 (17) 0.8247 (17) 0.8318 (18) 0.7053 (25) 0.8008 (13) 0.8102 (13) 0.7922 (16) 0.8167 (5) 0.6720 (2) 0.7610 (2) 0.8756 (12) 0.9092 (8) 0.7577 (28) 0.7761 (11) 0.7908 (23) 0.7771 (18) 0.7722 (16) 0.7919 (10) 0.8818 (15) 0.7723 (23) 0.7703 (24) 0.9019 (11)
POLAR baseline (rank) 0.7151 (27) 0.7957 (30) 0.8528 (4) 0.6714 (30) 0.7802 (35) 0.8424 (1) 0.7753 (19) 0.7379 (32) 0.6773 (2) 0.6592 (22) 0.8210 (29) 0.8798 (28) 0.7765 (21) 0.7898 (8) 0.7241 (30) 0.7457 (29) 0.7266 (33) 0.7571 (29) 0.6440 (33) 0.6957 (29) 0.7890 (9) 0.8691 (28)

Table 2: Our results compared with the POLAR baseline on the test set.

and imbalance-aware evaluation.
We adopted a staged experimental strategy, start-

ing with a controlled monolingual setting in En-
glish before extending to multilingual modeling. In
the monolingual experiments, transformer-based
models substantially outperformed Bag-of-Words
baselines, highlighting the importance of contex-
tual semantics for detecting polarized discourse.
Increasing model capacity and incorporating data
augmentation further improved performance, par-
ticularly for the minority class. Experiments with
prompt-based large language models showed that,
without task-specific fine-tuning, these approaches
remain unstable and underperform encoder-based
models.

In the multilingual setting, we evaluated several
transformer architectures and training strategies,
including weighted losses, focal loss, data augmen-
tation, and ensembling. Results indicate that no sin-
gle configuration consistently outperforms others
across all languages; instead, performance varies
depending on language characteristics and data dis-
tribution.

Overall, our findings highlight the importance
of contextual modeling, careful handling of class
imbalance, and macro-averaged evaluation for mul-
tilingual polarization detection. Future work will
focus on reducing language-specific performance
variability in multilingual settings.
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A Text Length and Polarization

Text length by polarization label. We analyze
text length in terms of word counts across the En-
glish data. Figure 5 shows that polarized posts tend
to be slightly longer on average than non-polarized
ones; however, the overlap between the two distri-
butions is substantial. Although a small number of
long outliers are present in both classes, most texts
remain relatively short. This indicates that while
length may weakly correlate with polarization, it is
insufficient as a standalone predictive signal.

Length-feature correlations. To further assess
the informativeness of surface-level features, we
compute correlations between polarization, charac-
ter length, and word length. As shown in Figure 6,
character and word counts are strongly correlated
with each other, while their correlation with the
polarization label is weak (absolute correlation be-
low 0.1). This confirms that surface-level length
features alone do not capture the complexity of po-
larization and highlights the need for models that
leverage semantic and contextual information.
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Figure 5: Text length (in words) by polarization label.

Figure 6: Correlation between polarization and length-
based features.

Cross-lingual variation in text length. Text
length distributions differ markedly across lan-
guages, as illustrated in Figure 7. Languages such
as Bengali, Hindi, and Russian exhibit longer me-
dian word counts, while others, including Chinese
and Khmer, contain substantially shorter texts due
to differences in writing systems and tokenization
granularity. These discrepancies underline the lin-
guistic diversity of the dataset and pose an addi-
tional challenge for multilingual modeling, as a
single representation must accommodate highly
heterogeneous input characteristics.

Figure 7: Word length by language

Language-specific length distributions. Fig-
ure 8 presents the word-length distribution for En-
glish as an illustrative example. The distribution is

heavily right-skewed, with most texts containing
fewer than 20 words and a long tail of rare but very
long posts. Similar patterns are observed across lan-
guages, reflecting the social-media-driven nature
of the data. The prevalence of short texts increases
ambiguity, while the presence of long outliers mo-
tivates the use of input truncation during training
to ensure computational efficiency and robustness.

Figure 8: Word-length distribution for English.

Overall, this exploratory analysis highlights
three key aspects of the dataset: strong cross-
lingual variation in label distributions, substantial
heterogeneity in text length across languages, and
the limited predictive power of surface-level length
features. These observations motivate the adop-
tion of multilingual, contextual models capable of
capturing semantic cues beyond simple lexical or
structural statistics.

B Experimental Setup

B.1 Monolingual Settings (English)

Monolingual experiments are conducted on the
English subset of the dataset and evaluated using
macro-averaged F1.

Initial Training Configuration. Initial experi-
ments are performed using a single train–validation
split (90% / 10%) to guide model selection. The
training setup is as follows:

• Optimizer: AdamW

• Learning rate: 5× 10−6

• Scheduler: cosine with warmup ratio 0.10

• Weight decay: 0.01

• Training epochs: 3

• Batch size: 4 (train), 8 (evaluation)
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• Gradient accumulation: enabled

• Maximum sequence length: 256

• Label smoothing: 0.05

Cross-Validation Setup. After identifying a sta-
ble configuration, we adopt stratified k-fold cross-
validation with k = 5. Each fold is trained in-
dependently using the same hyperparameters, and
predictions are aggregated via soft-voting by aver-
aging class probabilities. All reported monolingual
results are obtained using this cross-validation en-
semble.

B.2 Multilingual Settings
As an initial experiment, we fine-tuned XLM-
RoBERTa on a multilingual dataset obtained by
combining instances from all available languages.
This experiment followed the default configuration
provided in the official baseline, using a learning
rate of 2 × 10−5 and a per-device training batch
size of 64. Training was conducted for 5 epochs.

Subsequently, we explored a more refined train-
ing configuration to improve performance. In this
setup, we applied weight decay (0.01), a warmup
ratio of 0.10, and label smoothing with a factor of
0.05. Training was again performed for 5 epochs,
using a reduced per-device batch size of 4 com-
bined with gradient accumulation over 4 steps. A
lower learning rate of 5 × 10−6 was adopted to
stabilize optimization.

We further evaluated this refined configuration
on a subset of languages, namely English, Italian,
Spanish, German, Russian, and Polish.

Building on these configurations, we also exper-
imented with the sentence-embedding–based ap-
proach described in the previous section, using the
sentence-transformers/paraphrase-multi-
-lingual-mpnet-base-v2 model. This model
was evaluated under the first two training configu-
rations described above.

C Sentence-Level Representations

We evaluated a sentence-
embedding–based classifier using
sentence-transformers/all-mpnet-base-v2,
where token representations are aggregated via
mean pooling before classification (Figure 9). This
approach simplifies the representation to a single
sentence vector, but consistently underperformed
token-level fine-tuning, indicating that polarization
cues benefit from richer token-level interactions.

Input Text

Tokenizer

Transformer Encoder

Mean Pooling

Linear Classifier

Class Logits

Figure 9: Sentence-Embedding–Based Classification
Architecture with Mean Pooling.

D Experimental Results on Validation
Dataset

D.1 Monolingual Results (English)

Baseline Results We first evaluate lightweight
baseline models on the English subset to estab-
lish a lower bound for polarization detection. As
shown in Table 3, Naive Bayes achieves a macro-F1
score of 0.686, while Logistic Regression attains
higher accuracy but a lower macro-F1 of 0.652,
reflecting a strong bias toward the majority class.
Overall, both models struggle to reliably capture
polarized content, highlighting the limitations of
bag-of-words representations.

Model Acc. Macro-F1
Naive Bayes (Count) 0.712 0.686
Logistic Regression (TF–IDF) 0.719 0.652

Table 3: Baseline performance on the English subset.

Hyperparameter Tuning. We performed
Bayesian hyperparameter optimization to identify
effective training configurations for our models.
Hyperparameters were selected using Bayesian
search, with the objective of maximizing macro-F1
on a held-out validation split derived from the
training data. Each trial consisted of a full training
run under a sampled hyperparameter configuration,
followed by evaluation on the validation split. The
resulting macro-F1 score was then used to guide
subsequent hyperparameter selection.

The search space covered both optimization-
related and regularization-related hyperparameters.
The learning rate was sampled from a log-uniform
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Figure 10: Parameter effect

distribution in the range [10−6, 3×10−5], enabling
exploration across multiple orders of magnitude.
Regularization was controlled via weight decay,
with values selected from {0.0, 0.01, 0.05}, and
label smoothing factors from {0.0, 0.05, 0.1}.

We additionally varied the training dynamics by
exploring per-device batch sizes of 4 and 8, com-
bined with gradient accumulation steps of 1, 2, or
4, which allowed effective batch size scaling under
GPU memory constraints. Learning rate warmup
was applied using warmup ratios of 0.05 and 0.10.
Finally, we evaluated strategies for handling class
imbalance by toggling the use of class-weighted
loss functions and optionally balancing the evalua-
tion split.

This Bayesian optimization setup enabled the
search procedure to efficiently focus on promis-
ing regions of the hyperparameter space, leading
to stable high-performing configurations without
requiring an exhaustive grid search.

In addition, the influence of individual hyper-
parameters on the validation macro-F1 score is
illustrated in Figure 10. Based on the Bayesian
hyperparameter optimization, the best-performing
configuration was obtained with a learning rate of
7.5 × 10−6, weight decay set to 0.01, and a label
smoothing factor of 0.1. Training was performed
using a per-device batch size of 8, a warmup ratio
of 0.05, and gradient accumulation set to 1. In ad-
dition, both class balancing on the evaluation set
and the use of class weights during training were
activated. This configuration consistently achieved
the highest validation macro-F1 score within the
sweep and was therefore selected for subsequent
experiments.

Additional Experiments We report intermediate
monolingual experiments that guided the develop-
ment of the final system, focusing on progressively
stronger RoBERTa-based configurations.

RoBERTa-base without augmentation. We
first fine-tune RoBERTa-base on the English sub-
set without data augmentation. This configuration
yields a clear improvement over bag-of-words base-
lines, achieving an accuracy of 0.79 and a macro-F1
score of 0.76. Performance remains stronger for
the non-polarized class (F1 = 0.84) than for the
polarized class (F1 = 0.69), indicating that con-
textual representations capture meaningful polar-
ization cues but still struggle with minority-class
detection in the absence of explicit imbalance han-
dling.

RoBERTa-large with data augmentation.
Building on these results, we adopt RoBERTa-large
and augment the training data using GPT-based
paraphrasing. This setup further improves perfor-
mance, reaching an accuracy of 0.83 and a valida-
tion macro-F1 score of 0.81. The observed gains
suggest that increased model capacity combined
with data augmentation leads to better generaliza-
tion, particularly for polarized content.

Training dynamics for this configuration are
shown in Figures 11, 12, and 13. The training
loss (Figure 11) decreases smoothly, indicating sta-
ble optimization. Validation macro-F1 (Figure 12)
improves rapidly during early training and remains
stable thereafter, suggesting effective convergence.
The validation loss curve (Figure 13) exhibits mod-
erate fluctuations, which are consistent with the
increased variability introduced by augmented sam-
ples rather than overfitting.
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Figure 11: Training loss over steps for RoBERTa-large
with data augmentation.

Figure 12: Validation macro-F1 over steps for
RoBERTa-large with data augmentation.

GPT-4.1 Prompt-Based Classification. We
additionally evaluate a prompt-based classification
approach using GPT-4.1 in a zero-/few-shot setting
on the English subset. This setup achieves an aver-
age accuracy of 0.61 and a macro-F1 score of 0.38.
Despite reasonable accuracy, the low macro-F1 in-
dicates poor balance between classes, suggesting
that the model struggles to reliably distinguish po-
larized from non-polarized content.

These results highlight the limitations of prompt-
based large language models for this task when
used without task-specific fine-tuning. In particular,
predictions are sensitive to prompt formulation and
tend to favor the majority class, leading to unstable
and inconsistent performance compared to fine-
tuned encoder models.

Sentence-Embedding Models. We eval-
uated a sentence-level approach based on the
sentence-transformers/all-mpnet-base-v2
model using the 5-fold cross-validation protocol.
Across the five folds, the model achieved macro-F1
scores of 0.803, 0.793, 0.792, 0.782, and 0.826,
respectively. This resulted in a mean macro-F1 of
0.799 with a standard deviation of 0.015, indicating
relatively stable performance across folds. While
this sentence-embedding-based approach does
not outperform the best token-level models in the

Figure 13: Validation loss over steps for RoBERTa-large
with data augmentation.

English setting, its consistent results suggest that it
captures relevant global semantic information and
serves as a strong baseline for further multilingual
and hybrid modeling experiments.

Best Model on Validation Dataset. Based on
the results of our exploratory fusion experiments,
the hybrid architecture combining token-level rep-
resentations from RoBERTa with sentence-level
embeddings from MPNet emerged as our best-
performing model. Using a 5-fold cross-validation
protocol, the hybrid model achieved fold-level
macro-F1 scores of 0.884, 0.904, 0.909, 0.920, and
0.878, resulting in a mean macro-F1 of 0.899 with
a standard deviation of 0.016 on the training data.
This indicates both strong overall performance and
stable behavior across folds.

When evaluated on the validation set, the hy-
brid model achieved a macro-F1 score of approxi-
mately 0.83, confirming that the gains observed dur-
ing cross-validation generalize beyond the training
data. In addition to macro-F1, the model attained
an accuracy of approximately 0.88, with balanced
precision and recall across classes. Specifically,
precision values exceeded 0.88 for both classes,
while recall remained consistently high, reaching
over 0.91 for the non-polarized class and approxi-
mately 0.81–0.90 for the polarized class.

The confusion matrices further indicated that the
hybrid model substantially reduces false negatives
for the polarized class compared to sentence-level
or token-level models alone, while maintaining
strong performance on the majority class. These re-
sults suggest that integrating global sentence-level
semantics from MPNet with fine-grained token-
level contextual representations from RoBERTa en-
ables a more robust decision boundary, particularly
for detecting minority-class instances.
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Result Comparison. Table 4 summarizes the
performance of a wide range of models and config-
urations evaluated on the validation set. Traditional
machine learning baselines, such as Naive Bayes
with count features and logistic regression with TF–
IDF, provide reasonable but clearly inferior perfor-
mance compared to transformer-based approaches,
with macro-F1 scores below 0.70. Prompt-based
inference using GPT-4.1 performs substantially
worse, indicating that zero-shot prompting is in-
sufficient for this task without task-specific fine-
tuning.

Among transformer models, we observe a consis-
tent improvement when scaling model capacity and
incorporating data augmentation. RoBERTa-based
models exhibit strong and stable performance, with
RoBERTa-large outperforming its base variant and
further gains obtained through augmentation strate-
gies. In particular, RoBERTa-large with back-
translation achieves the highest validation perfor-
mance among non-cross-validation settings, reach-
ing a macro-F1 of 0.844.

Cross-validation experiments further highlight
the relative strengths of different architectures.
While DeBERTa V3 models achieve competitive
macro-F1 scores on the validation folds during
training, with DeBERTa V3 large reaching 0.821,
these improvements do not consistently translate to
better generalization on the validation set. In fact,
despite slightly stronger validation performance in
some configurations, DeBERTa models were con-
sistently outperformed by RoBERTa-large by over
one percentage point on the validation set across
all comparable settings.

A similar discrepancy between the performance
observed during training and that observed on
the validation set is observed for augmentation-
based models. Although RoBERTa-large with
back-translation achieves a macro-F1 of 0.844 dur-
ing training, this configuration attains only 0.812
macro-F1 on the validation set, indicating a de-
gree of overfitting to the training data. Notably,
the RoBERTa-large + LLM augmentation config-
uration achieves a macro-F1 score of 0.935 under
cross-validation on the training data; however, this
strong validation performance does not translate
to comparable generalization on the validation set,
where the same model attains a macro-F1 of ap-
proximately 0.79. This further emphasizes the im-
portance of evaluating generalization performance
beyond validation metrics alone.

In general, these results suggest that strong per-

formance on a single validation split does not neces-
sarily guarantee superior generalization. RoBERTa-
large-based models demonstrate more robust and
consistent performance compared to alternative ar-
chitectures, while the hybrid model achieves the
highest macro-F1 under cross-validation. Conse-
quently, our final model selection prioritizes ar-
chitectures that exhibit stable performance across
validation and cross-validation evaluations, rather
than those that optimize a single validation metric
in isolation.

Additional Monolingual Setting Motivated by
the strong performance of RoBERTa-large on
English, we evaluated a comparable large-scale
Chinese model, hfl/chinese-roberta-wwm-ext-large
(Cui et al., 2020). The model obtained an F1 score
of 0.9164 on the validation set, suggesting that
RoBERTa-style pretraining with whole-word mask-
ing is highly effective for Chinese as well.

Setup Accuracy Macro-F1
Naive Bayes (Count) 0.712 0.686
Logistic Regression (TF–IDF) 0.719 0.652
GPT-4.1 Prompt-Based 0.61 0.38
RoBERTa-base 0.79 0.76
RoBERTa-large 0.83 0.81
RoBERTa-large + LLM aug 0.85 0.85
RoBERTa-large + backtrans 0.88 0.844
MPNet + fold 0.79
DeBERTa V3 base + fold 0.804
DeBERTa V3 large + fold 0.821
RoBERTa-large + fold 0.8159
RoBERTa-large + LLM aug + fold 0.935
Hybrid Model + fold 0.89

Table 4: Results of Different Configurations on Valida-
tion Data

D.2 Multilingual Results
Table 5 presents per-language macro-F1 scores on
the validation set for the multilingual models under
the different experimental configurations. Overall,
the XLM-RoBERTa baseline demonstrates compet-
itive performance across a wide range of languages,
with particularly strong results for high-resource
languages such as Persian, Nepali, Punjabi, and
Chinese. However, performance remains substan-
tially lower for several low-resource or morpholog-
ically complex languages, including Khmer and
Italian, highlighting the inherent difficulty of multi-
lingual polarization detection.

The refined XLM-RoBERTa configuration
yields improvements for a subset of languages,
most notably Arabic, English, Persian, Polish, and
Turkish. At the same time, these gains are not
uniform: for some languages, such as German
and Italian, performance slightly decreases com-
pared to the baseline. This variability suggests that
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Experiment amh arb ben deu eng fas hau hin ita khm mya nep ori pan pol rus spa swa tel tur urd zho
XLM-R - Baseline 0.7099 0.7361 0.8239 0.7184 0.7541 0.874 0.7842 0.8171 0.6442 0.5505 0.8453 0.85 0.7594 0.8699 0.7715 0.7374 0.7088 0.7907 0.8643 0.7123 0.7532 0.8738
XLM-R - Modified Config 0.727 0.7822 0.84 0.6834 0.7824 0.8843 0.7842 0.7562 0.5931 0.5778 0.8098 0.8399 0.7037 0.8599 0.8092 0.7483 0.6776 0.7593 0.8559 0.7561 0.7415 0.8785
XLM-R - Modified Config (Subset) – – – 0.6869 0.7721 – – – 0.6528 – – – – – 0.7918 0.8002 0.7272 – – – – –
MPNet - Baseline 0.734 0.7718 0.8373 0.6997 0.7884 0.8874 0.7405 0.8032 0.6193 0.5627 0.8598 0.89 0.7375 0.8397 0.7519 0.7091 0.6787 0.7987 0.8273 0.72 0.7388 0.883
MPNet - Modified Config 0.7425 0.7681 0.8329 0.6961 0.8122 0.8602 0.7443 0.8006 0.6458 0.5594 0.8516 0.8599 0.7485 0.8298 0.7146 0.7374 0.6463 0.8104 0.8557 0.7477 0.6856 0.8831
mDeBERTa-v3-base weighted training 0.762 0.8091 0.816 0.6971 0.8133 0.8274 0.7606 0.8293 0.6324 0.6846 0.8254 0.8292 0.7602 0.8091 0.8091 0.7214 0.7015 0.7707 0.805 0.8173 0.71 0.8551
mDeBERTa-v3-base ensemble Focal Loss 0.7347 0.8071 0.8336 0.6997 0.7803 0.8424 0.7534 0.8803 0.6418 0.673 0.8734 0.8296 0.7642 0.79 0.7918 0.7312 0.6776 0.7994 0.8559 0.8261 0.7224 0.9019
Ensemble + Augmentation 0.7158 0.7848 0.8277 0.7014 0.7922 0.8739 0.8034 0.8375 0.6793 0.6394 0.8725 0.8496 0.8086 0.7698 0.804 0.7481 0.6822 0.7904 0.8133 0.8172 0.7277 0.883

Table 5: Per-language performance comparison across different multilingual training configurations.

global optimization strategies may benefit certain
language groups while being less effective for oth-
ers, likely due to differences in data size, linguistic
structure, and label distribution.

Results obtained on the language subset largely
follow the same trends observed in the full multilin-
gual setting. For English, Italian, and Polish, per-
formance remains comparable to that of the corre-
sponding full multilingual configuration, indicating
that the refined model retains reasonable robustness
when trained on a smaller set of languages. Further-
more, performance improvements are particularly
pronounced for Russian and Spanish, with Rus-
sian showing the most substantial gains among the
subset languages. Nevertheless, the absence of con-
sistent improvements across all subset languages
further underscores the challenges of balancing
multilingual generalization with language-specific
optimization.

The sentence-embedding–based MPNet models
exhibit competitive performance across several lan-
guages, particularly English and Chinese, where
they match or exceed the XLM-RoBERTa base-
line. However, their performance is more uneven
across languages, with notable drops for lower-
resource settings. This behavior suggests that while
sentence-level semantic representations can be ef-
fective in multilingual contexts, they may be more
sensitive to data scarcity and language-specific
characteristics than token-level multilingual en-
coders.

Taken together, the results in Table 1 indicate
that no single multilingual configuration consis-
tently outperforms the others across all languages.
Instead, performance varies substantially depend-
ing on both the modeling approach and the target
language, highlighting the importance of consid-
ering language-specific behavior when designing
and evaluating multilingual polarization detection
systems.

In addition to the XLM-RoBERTa and MPNet
configurations, Table 1 also reports results for more
advanced training strategies based on mDeBERTa-
v3 and ensemble models. The mDeBERTa-v3-base
model trained with class-weighted loss achieves

competitive performance across several languages,
particularly Amhranic, Arabic, English, Hindi,
Polish, and Turkish, indicating that explicit re-
weighting can be beneficial for handling class im-
balance in multilingual settings. However, its per-
formance remains uneven across languages, with
comparatively lower scores for languages such as
Italian and German.

The ensemble variant of mDeBERTa-v3-base
trained with focal loss further improves perfor-
mance for a subset of languages, most notably
Hindi, Chinese, Burmese , and Turkish, suggesting
that focal loss can help emphasize harder or under-
represented examples. Nevertheless, these gains
are not consistent across all languages, and in some
cases performance slightly degrades compared to
the weighted-loss variant. This variability indi-
cates that while focal loss can be effective in mul-
tilingual contexts, its benefits are highly language-
dependent and sensitive to data distribution.

Finally, the ensemble model combined with
data augmentation yields strong results for sev-
eral high-resource languages, including Persian,
Hindi, Burmese, and Chinese, and achieves more
balanced performance across a broader set of lan-
guages. At the same time, the augmented ensemble
does not consistently outperform the best single-
model configurations for all languages, and for
some lower-resource languages the improvements
remain limited. This observation aligns with earlier
findings that augmentation-heavy and ensemble-
based approaches may improve robustness for cer-
tain languages, but do not uniformly translate into
superior generalization across the entire multilin-
gual spectrum.

Overall, the results of the final configurations
reinforce the conclusion that increasingly complex
training strategies, such as loss re-weighting, focal
loss, and ensembling, can yield localized improve-
ments, but do not guarantee consistent gains across
all languages. These findings highlight the trade-
off between model complexity and cross-lingual
robustness, and motivate the need for language-
aware or adaptive multilingual modeling strategies.
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