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Abstract

We describe our system for SemEval-2026
Task 9 (POLAR), Subtask 1 - binary polar-
ization detection. Our approach investigates
polarization detection through monolingual
and cross-lingual experimental settings. We
first utilize a RoBERTa-based architecture en-
hanced with feature fusion, combining contex-
tual sentence representations with handcrafted
sentiment and intensity cues. As for multilin-
gual joint training, we explore it within the
Indo-European family to test whether cross-
lingual transfer can elevate performance in
data-scarce scenarios. Our final fine-tuned
model achieves average F1-score of 0.763 on
the test set, compared to 0.491 for the ran-
dom baseline and 0.769 for the official PO-
LAR baseline. We also report ablations for
augmentation, feature fusion, and class weight-
ing to quantify each component’s contribution.

1 Introduction

Polarization is defined by Cambridge Dictionary
as the "act of dividing something, especially
something that contains different people or opin-
ions, into two completely opposing groups" (Cam-
bridge University Press, n.d.). This concept has be-
come increasingly more prominent in recent years
as political landscapes in various countries have
become more divisive, as has been reported to be
the case in the USA, Poland, Columbia, Britain,
or Indonesia (Simchon et al., 2022). This rise of
political fragmentation coincides with the rapid de-
velopment of social media platforms, which play a
crucial part in the current sociopolitical landscape.
Specifically, platforms that rely on social networks
and news-feed algorithms (like Facebook or Twit-
ter) contribute to the emergence of echo chambers
among its users (Cinelli et al., 2021), which has
been linked to an increase in polarization (Allcott
et al., 2020).

As the organizers of Task 9 in SemEval-2026
note, polarizing speech is often a precursor to hate

and offensive speech and can lead to a highly frag-
mented society (Naseem et al., 2026a). As such
developing a reliable polarization detection tool
should be seen as a very pressing challenge for
Natural Language Processing (NLP) community.
Being able to correctly identify and mitigate po-
larization is crucial for fostering safety and inclu-
sivity in online spaces, which could lead to a more
tolerant society where open and constructive dia-
logue is encouraged.

Within the shared task, participants can choose
among three subtasks: (1) Polarization Detection,
(2) Polarization Type Classification and (3) Polar-
ization Manifestation Identification. This paper
focuses on Subtask 1 for 13 Indo-European lan-
guages (Bengali, German, English, Farsi, Hindi,
Italian, Nepali, Odia, Punjabi, Polish, Russian,
Spanish, Urdu) and is structured as follows: in sec-
tion 2 we review related work; section 3 gives the
system overview; in section 4 we detail the exper-
imental set up and report our results in section 5;
finally, section 6 concludes the paper.

2 Background

2.1 Task Description

POLAR (SemEval-2026 Task 9) provides a mul-
tilingual benchmark for recognizing polarization
in online text, where authors present issues as
zero-sum struggles between groups and signal in-
tolerance or hostility toward out-groups (Naseem
et al., 2026b). The organizers compile short posts
and comments from diverse public sources—news
websites, Reddit, blogs, Bluesky, and regional
forums—and intentionally span multiple cultural
contexts and event types (e.g., elections, conflicts,
migration, and gender rights). The benchmark
covers 22 languages and typically offers roughly
3,000-5,000 annotated instances per language, so
systems must cope with both cross-lingual varia-
tion and domain shifts across events. Subtask 1 is
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binary polarization detection, predicting whether a
text is polarized or not. Macro-F} score was used
as the evaluation metric as it treats each class/label
equally when averaging, making performance on
minority polarization categories directly affect the
final score and encouraging balanced modeling
across languages (Naseem et al., 2026a).

2.2 Related Work

Prior work relevant to our setup can be grouped
into three themes: multilingual encoder adapta-
tion, imbalance-aware learning, and feature fusion.
First, transformer adaptation choices strongly af-
fect downstream classification quality. Sun et al.
(2019) show that optimization and fine-tuning
strategy matter substantially, while Conneau et al.
(2020) demonstrate strong cross-lingual transfer
with XLM-R and analyze the trade-off between
transfer gains and multilingual capacity dilution.

As recent studies have shown, polarization is a
cross-lingual phenomenon influenced by language
and cultural background (Naseem et al., 2026a).
In this setting, multilingual transformer models
such as XLM-R provide a strong starting point, as
they create a shared cross-lingual semantic space
and support effective zero-shot transfer across
typologically diverse languages (Conneau et al.,
2020). Recent analyses of cross-linguistic trans-
fer (Bankula, 2025) further demonstrate that trans-
fer performance correlates with language-family
proximity and morphological similarity, with sub-
stantially higher scores for intra-family transfer
than for cross-family transfer.

Hence, we start with the focus on the Indo-
European subset, as the shared syntactic and mor-
phological structures, along with partially aligned
discourse patterns, can be exploited by aggregat-
ing training data across related languages to al-
leviate the sparsity issue of per-language data
(Bankula, 2025; Naseem et al., 2026a). On the
other hand, we apply LoRA fine-tuning methods
to further complement this data-centric strategy.
Previous work on parameter-efficient fine-tuning
(PEFT) shows that adapter- and LoRA-style meth-
ods can adapt large pretrained encoders to new
text-classification domains under data-scarce con-
ditions while preserving or even improving macro-
F relative to full fine-tuning, especially by avoid-
ing overfitting and maintaining performance on
minority classes (Hu et al., 2021; Nwaiwu, 2025).

Second, class imbalance is central for PO-
LAR because macro-F} penalizes weak minority-

Macro- £
0.491

Setting
13-language mean (random, p = 0.5)

Table 1: Mean random baseline result across the 13
Indo-European languages.

class performance (Naseem et al., 2026a; Henning
et al., 2023) summarize practical remedies, includ-
ing sampling, augmentation, and loss-level adjust-
ments. This motivates our use of data augmenta-
tion and class-weighted training.

Third, fusion architectures suggest that contex-
tual embeddings and explicit lexical cues can be
complementary. Nagar et al. (2019) shows gains
from combining local and global text represen-
tations. This is relevant for polarization, where
intensity markers and group-referencing patterns
may add signal beyond contextual semantics. Our
system therefore combines a RoBERTa backbone
with handcrafted linguistic features.

3 System Overview

We mostly focus on XLM-RoBERTa (XLM-R)
large, which was trained on 2.5TB of filtered Com-
monCrawl data across 100 languages (Conneau
et al., 2020), among which were the languages
we focus on. We apply fine-tuning in different
linguistic configurations to inspect whether cross-
lingual transfer can elevate performance in closely
related languages. Additionally, we train special-
ized monolingual models for English and Polish to
serve as a comparison for the multilingual setups.

3.1 Random Baseline

To document a simple lower bound, we include a
random baseline that predicts the polarized class
with probability p = 0.5. This baseline is in-
dependent of the input text and provides a sanity
check for the task-specific models. Table 1 reports
its mean score, while Table 3 reports the random
baseline for each Indo-European language individ-
ually.

3.2 Monolingual Feature Fusion

Focusing only on English for this variant of the
model, we extracted a 5-dimensional feature vec-
tor as auxiliary input to capture sentiment and
structural cues. The features included: VADER
Compound Score (Hutto and Gilbert, 2014) to rep-
resent sentiment intensity, uppercase character ra-
tio to total text length, exclamation mark count and
emotion counts of tokens associated with anger
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and fear based on the NRC Emotion Lexicon (Mo-
hammad and Turney, 2013).

Let hcrs be the RoBERTa sentence represen-
tation and f the handcrafted 5-dimensional fea-
ture vector. To ensure numerical stability along-
side the dense embeddings, f is first transformed
using standard scaling and clamped to the range
[—5,5]. We fuse them by concatenation, z =
[hews; f1, apply dropout (p = 0.4) to the fused rep-
resentation, and predict the probabilities via § =
softmax(Wz + b). In plain terms, the classifier
jointly uses contextual semantics from RoBERTa
and explicit intensity/emotion cues from f.

To increase minority coverage, we used Easy
Data Augmentation (EDA) with four operations:
synonym replacement, random insertion, random
swap, and random deletion. We set Ny, = 8
augmented sentences per original minority-class
sentence, then mix augmented and original exam-
ples. To additionally reduce the majority-class
bias, we applied proportional class weights in
cross-entropy (Class 0: 1.0; Class 1: 1.67) along-
side a label smoothing factor of 0.1.

Finally, the models were trained using early
stopping with patience of two epochs, evaluated
on the validation macro-F} score to prevent over-
fitting. To improve generalization and robustness,
our final predictions are derived by averaging the
output logits from an ensemble of models trained
across three different random seeds.

3.3 LoRA Finetuning

In the fine-tuning approach, we wanted to ex-
plore both monolingual and multilingual settings.
Therefore, we used XLM-R as the base model
for multilingual analysis, and RoBERTa and Her-
BERT, a BERT-based LM trained on Polish cor-
pora (Mroczkowski et al., 2021), as monolingual
reference points.

We conducted a hyperparameter search for
learning rate, batch size, dropout, weight decay,
the number of epochs, and LoRA rank and alpha
(Hu et al., 2021) to find the best configuration for
each iteration of our models. Additionally, during
training we use Early Stopping based on the F1-
score with patience = 3.

To account for imbalanced data we imple-
mented a custom cross entropy weighted loss with
class weights given by w; = ", where n is the
total number of samples in the dataset and k is the
number of unique classes. We do not use any data
augmentation techniques anymore.

Lang. 0 1 0:1 ratio
ben 1909 1424 1.34
deu 1668 1512 1.10
eng 2047 1175 1.74

fas 855 2440 0.35
hin 398 2346 0.17
ita 1966 1368 1.44
nep 997 1008 0.99
ori 1685 683 2.47
pan 860 840 1.02
pol 1388 1003 1.38
rus 2325 1023 2.27
spa 1645 1660 0.99
urd 1087 2476 0.44
Total 18830 18958 0.99

Table 2: Raw counts showing per-language class distri-
bution in the training set. Class O denotes non-polarized
instances, class 1 - polarized.

4 Experimental Setup

We devise five multilingual configurations for fine-
tuning: all thirteen Indo-European languages to-
gether; English, German, Polish, and Russian, rep-
resenting languages from the same subfamilies —
Germanic and Slavic, respectively; English and
Polish to inspect the result of including two Indo-
European languages from different sub-families;
and English and Chinese in order to evaluate the
influence of an entirely unrelated language on per-
formance of an Indo-European language. We fur-
ther fine-tune on English, Polish, and Russian in
monolingual settings with a multilingual backbone
(XLM-R), and on English and Polish with spe-
cialized monolingual backbones (RoBERTa, Her-
BERT).

4.1 Datasets

We use the datasets provided by the organizers of
SemEval Task 9 (Naseem et al., 2026b). Although
the combined training split of all 13 languages we
are interested in is balanced, the same is not true
for individual language datasets, as shown in Table
2. The most extreme cases include Hindi, where
there are almost six times as many polarized in-
stances compared to unpolarized, or Odia where
there are over twice as many unpolarized examples
as polarized ones.
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4.2 Threshold optimization

To further combat class imbalance in the datasets,
in addition to a custom loss function, we also op-
timize individual decision thresholds for each lan-
guage. We begin by setting the threshold to 0.5
at the beginning of training. After each epoch we
evaluate the model on the development set by itera-
tively searching through the possible threshold val-
ues and calculating the F1 score for each one, sav-
ing the best score with the corresponding thresh-
old. We then apply the winning decision threshold
for each language for test set predictions.

4.3 Training process

Having run the hyperparameter search for each lin-
guistic set-up, the following configurations repeat-
edly emerged as the best ones: learning rate of
1074, batch size of 16, dropout value of 0.1 or
0.05, weight decay of 0.1, the number of epochs
between 5 and 10, LoRA rank of 4 or 8, and al-
pha of 16 or 32. Benchmark baseline settings used
batch size 16, maximum sequence length 128, and
1-2 epochs, For a comprehensive overview see Ta-
ble 4 in Appendix A.

Baseline runs were executed on CUDA on our
CRETE server using a single NVIDIA GeForce
RTX 5090 GPU (32 GB VRAM), with mixed pre-
cision (bf16 AMP) for training baselines. The fine-
tuning of the models was performed in the Baden-
Wiirttemberg high performance computing clus-
ter, using HuggingFace Transformers (Wolf et al.,
2020), PyTorch (Ansel et al., 2024) and scikit-
learn (Pedregosa et al., 2011).

5 Results

In this section, we report our results for the feature
fusion, as well as the LoRA fine-tuned model (see
Table 3). Due to a better performance of the fine-
tuned architecture on the development set, we sub-
mitted that model as our entry to the official com-
petition, achieving the following places in the offi-
cial rankings: 2nd for Odia, 11th for German, 15th
for Spanish, 21st for Nepali and Russian, 22nd for
Farsi, 23rd for Urdu, 27th for English and Polish,
28th for Italian, 30th for Bengali and Punjabi, and
31st for Hindi.

Compared with the official POLAR baseline re-
ported on the task leaderboard (POLAR SemEval
Organizers, 2026), our submitted 13-language
model improves macro-F; for 8 of the 13 Indo-
European languages: German (40.050), English

(+0.006), Hindi (4-0.005), Nepali (4-0.018), Odia
(40.040), Polish (+0.052), Russian (+0.028), and
Spanish (+0.050). Its average score across these
languages is slightly below the official baseline
(0.763 vs. 0.769), mainly because of larger drops
for Italian (—0.138), Punjabi (—0.083), and Farsi
(—0.054). This comparison suggests that our mul-
tilingual LoRA setup is competitive with the orga-
nizer baseline for several languages, but less ro-
bust for languages where the official baseline is
already strong.

5.1 Feature Fusion

After performing permutation feature importance
of our handcrafted features, it became apparent
that they provide almost no predictive gain in a
simple linear model (logistic regression).

When it comes to the effects of EDA, an
ablation experiment showed that augmentation
alone significantly worsened the performance of
RoBERTa with fused handcrafted features on the
development set (0.809 — 0.716).

Overall, this model achieves a score of 0.788
on the test set. Given our analysis and the re-
sult achieved by fine-tuning RoBERTa for the task
(0.791), we conclude that the integration of addi-
tional handcrafted features provides no additional
benefit to the model, while EDA actively harms its
performance.

5.2 LoRA Finetuning

Considering English, we observe that the best per-
forming model for that language is fine-tuned with
English and German data, and it performs on the
same level as a specialized monolingual RoBERTa
model. At the same time, while German benefits
from this configuration in comparison to the mono-
lingual XLM-R set-up (0.685 — 0.707), it scores
higher with our final multilingual model (0.685 —
0.721). For English input from additional 11
languages is also beneficial (0.066 improvement),
while fine-tuning with only Polish still elevates the
score, but to a lesser extent (0.035). Lastly, a
model fine-tuned on English and Chinese shows a
decrease in English F1-score compared to a mono-
lingual set-up (0.720 — 0.713).

For Polish, we achieved the best score (0.827)
with a specialized monolingual model. However,
with XLM-R as the backbone performance in Pol-
ish seems to have benefited significantly from the
Russian data, as its score increased to 0.806 from
0.768 when fine-tuned on its own. This is a consid-
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Model ben deu eng

fas hin ita nep ori pan pol rus spa urd zho

Random baseline (p = 0.5) 0.480 0.499 0.497

0466 0429 0.497 0.534 0.501 0.508 0.518 0.486 0498 0474 —

Official POLAR baseline (POLAR SemEval Organizers, 2026) 0.853 0.671 0.780

0.842 0.738 0.677 0.880 0.777 0.790 0.724 0.746 0.727 0.789 0.869

XLM-R monolingual fine-tuning — 0.685 0.720

0768 0.790 — — —

XLM-R multilingual LoRA fine-tuning
All 13 languages 0.
English & German
English & Polish
English & Chinese
Polish & Russian

1 0721 0.786
0.707  0.792

— 0755

— 0713

[ <

0.788 0.743 0.539 0.898 0.816 0.707 0.776 0.774 0.777 0.770 —

0775 —

0.884
0.806 —

Specialized monolingual training

HerBERT LoRA — — —
RoBERTa fine-tuned — — 0791
RoBERTa + features — — 0788

0827 — — — —

Table 3: Results from all of our experiments.

erable improvement from the Fl-score achieved
after training alongside English (0.775), which is
not as closely related to Polish as Russian. On
the other hand, no similar boost was observed
in Russian — its best score (0.790) was achieved
with monolingual fine-tuning of XLLM-R and it de-
creased after fine-tuning with Polish (0.780), as
well as with the other Indo-European languages
(0.774).

Finally, we note that our final model (fine-tuned
on all Indo-European languages) performed signif-
icantly better on the development set than on the
test set. The average F1-score decreased by 0.053
(0.816 — 0.763), suggesting that the model is
lacking in its ability to generalize to large amounts
of unseen data (there were around 10 times more
elements in test sets than in development sets; see
Appendix A).

6 Conclusion

Overall, we presented our cross-lingual approach
to the detection of polarization, which relied on
two different architectural setups. We started our
research with a feature-fusion system combining
RoBERTa representations with handcrafted senti-
ment/intensity cues, class rebalancing, and EDA-
based augmentation. Having discovered that hand-
crafted features carried little predictive power and
data augmentation harmed model performance,
we reevaluated our approach. We then moved on
to a fine-tuning strategy, an iteration of which be-
came our submission to the SemEval-2026 Task 9
Subtask 1. The final fine-tuned system reached a
mean F1-score of 0.763 on the test set, showing
the benefit of task-specific adaptation.

Across experiments, we found that with a mul-
tilingual transformer backbone, performance can
be boosted by supplying more data from a related
language. Nonetheless, specialized monolingual
models of high resource languages still show the

best performance. These findings motivate more
targeted adaptation and further research to im-
prove performance of resource-scarce languages.
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A Appendix

learning rate | batch size | dropout | weight decay | epochs | rank | alpha
baseline 10~* 16 — — 1-2 — —
XLM-R (all) 1074 16 0.05 0.01 5 8 16
XLM-R (eng-deu) 1074 8 0.05 0.01 10 4 32
XLM-R (eng-pol) 1074 16 0.05 0.0 8 4 32
XLM-R (eng-zho) 1074 8 0.1 0.0 5 4 16
XLM-R (pol-rus) 107° 16 0.05 0.01 8 16 16
XLM-R (eng) 107° 16 0.1 0.01 8 4 32
XLM-R (pol) 1074 16 0.1 0.01 5 4 32
XLM-R (rus) 1074 32 0.1 0.001 10 4 16
XLM-R (deu) 1074 32 0.1 0.01 8 8 16
HerBERT 1074 16 0.05 0.0 8 4 32
RoBERTa fusion 107° 32 0.4 0.3 5 — —

Table 4: Hyperparameter settings for each model.

Language Train Development  Test
ben 3,333 166 1,501
deu 1,668 159 1,432
eng 2,047 160 1,452

fas 3,295 164 1,484
hin 2,744 137 1,236
ita 3,334 166 1,538
nep 2,005 100 903
ori 2,368 118 1,066
pan 1,700 100 809
pol 2,391 119 1,077
rus 3,348 167 1,508
spa 3,305 165 1,488
urd 3,563 177 1,606
Total 35,101 1,898 17,100

Table 5: Per-language dataset split.
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