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Abstract

This paper describes our submission to
SemEval-2026 Task 9, Subtask 1: Multilin-
gual Text Classification Challenge — Polariza-
tion Detection. Our focus is on how classical
and transformer-based models compare when
applied to multilingual polarization detection.
We aim to understand where each type tends
to do well and where it breaks down, partic-
ularly once you move from high-resource to
low-resource settings. Our experimental setup
evaluates classical machine learning models
(TFIDF with Naive Bayes, Logistic Regres-
sion, and Linear SVM) alongside language-
specific transformer models across multiple
languages. For Arabic, Bengali, German, Ital-
ian, and Spanish, we leveraged both multilin-
gual and monolingual pre-trained transform-
ers such as mBERT, XLM-R, AraBERTvV2,
BanglaBERT, and BETO. We compare indi-
vidual classical and transformer-based models
to identify which modeling choices work best
for each language. Our results varied substan-
tially across languages. We achieved our best
leaderboard rankings in Bengali (6th out of 48
teams) and Italian (6th out of 43 teams), while
performance was lower in Arabic (33rd out of
44), German (41st out of 44), and Spanish (46th
out of 48). The study highlights the value of
comparing classical and transformer-based ap-
proaches for multilingual polarization detection
and identifies language-specific challenges for
future improvement.

1 Introduction

Polarization detection in text identifies differing
opinions or stances within a text. In multilingual
settings, this task is challenging due to language-
specific patterns, varying resource availability,

and cultural differences. SemEval-2026 Task 9
(Naseem et al., 2026b), Subtask 1 provides a multi-
lingual benchmark covering Arabic, Bengali, Ger-
man, Italian, and Spanish.

To address these challenges, we compare classi-
cal machine learning models (TF-IDF with Naive
Bayes, Logistic Regression, and Linear SVM)
with transformer-based models, including mBERT,
XLM-R, and language-specific variants. Our exper-
iments evaluate how different modeling approaches
perform across languages.

Our results show that model effectiveness is
highly language-dependent, with simpler models
remaining competitive in certain settings, while
transformers perform better in others.

The contributions of this work are as follows:

1. A systematic comparison of classical and
transformer-based models across five lan-
guages.

2. Identification of cases where simpler models
match or outperform transformers.

3. Analysis of how dataset size, linguistic com-
plexity, and domain alignment affect perfor-
mance.

4. Evidence that model effectiveness is language-
dependent rather than universally dominated
by transformers.

2 Related Work

Early approaches to text categorization relied on
classical machine learning models combined with
statistical features such as TF-IDF. Harrag et al.
(2009) demonstrated the effectiveness of decision

2120

Proceedings of the The 20th International Workshop on Semantic Evaluation (2026), pages 2120-2125
July 3-4, 2026 ©2026 Association for Computational Linguistics



trees and SVMs for Arabic text categorization,
highlighting the importance of feature selection in
morphologically rich languages. With the shift to-
ward dense representations, word embedding tech-
niques such as Word2Vec, FastText, and GloVe fur-
ther improved classification performance. (Rollo
et al., 2024) showed that embedding choice sig-
nificantly impacts Italian news categorization, re-
inforcing the value of language-specific modeling
strategies.

In the context of sentiment analysis and opin-
ion mining, Pang and Lee (2008) provided one of
the foundational surveys outlining traditional super-
vised approaches for polarity classification. Their
work established baseline methodologies that later
influenced multilingual sentiment and stance detec-
tion systems. Similarly, Mohammad et al. (2016)
introduced shared-task benchmarks for stance de-
tection in tweets, highlighting the challenges of do-
main adaptation and short-text classification, which
are closely related to polarization detection.

With the emergence of contextual language mod-
els, Devlin et al. (2019) introduced BERT, demon-
strating substantial improvements across a wide
range of NLP tasks through bidirectional trans-
former pretraining. Building on this, Conneau
et al. (2020) proposed XLM-R, trained on large-
scale CommonCrawl corpora across 100 languages,
significantly improving multilingual transfer per-
formance. Their findings showed that large-scale
multilingual pretraining reduces the performance
gap between high-resource and low-resource lan-
guages.

Language-specific transformer models have fur-
ther improved performance in morphologically rich
and low-resource languages. Antoun et al. (2020)
introduced AraBERT, specifically designed for Ara-
bic NLP tasks, demonstrating strong gains in sen-
timent and classification benchmarks. Similarly,
Bhattacharjee et al. (2022) presented BanglaBERT,
a pre-trained Bengali language model optimized
for downstream classification tasks. These studies
reinforce the importance of domain- and language-
specific pretraining for improved performance in
multilingual classification tasks.

3 Dataset

We participated in SemEval-2026 Task 9 (POLAR),
Subtask 1: Polarization Detection. The dataset
(Naseem et al., 2026a) is multilingual and covers di-
verse events and sociopolitical contexts. Instances

Table 1: Dataset statistics for SemEval-2026 Task 9
Subtask 1.

Language #Train #Dev  # Test
Arabic 3380 169 1521
Bengali 3333 166 1501
German 3180 159 1432
Italian 3334 166 1538
Spanish 3305 165 1488

Pre-Processing

Stemming &
Lemmatization

Stop-word Emoji Pre-
Raw Text ! Lowercasing o Ramo) > Processed
Text

Figure 1: Pre-processing steps for the classical TF-IDF
pipeline.

are collected from multiple online sources such
as news websites, Reddit, blogs, Bluesky, and re-
gional forums. Each example in train and dev in-
cludes an identifier, the raw text, and a binary label
indicating the presence of polarized opinion. The
organizers indicate that each language contains on
the order of a few thousand annotated instances.
The number of train, dev and test samples are given
in Table 1.

4 Pre-Processing

We used different preprocessing strategies for clas-
sical machine learning models and transformer-
based models.

For the classical TF-IDF-based models, we ap-
plied standard text normalization steps. These
included lowercasing, punctuation removal, stop-
word removal, emoji removal, and stemming or
lemmatization. These steps were used to reduce vo-
cabulary sparsity and improve the quality of sparse
lexical features for Naive Bayes, Logistic Regres-
sion, and Linear SVM.

For transformer-based models, we did not apply
the same aggressive preprocessing pipeline. In-
stead, the raw text was passed directly to the corre-
sponding pretrained tokenizer for each model, such
as mBERT, XLLM-R, AraBERTv2, BanglaBERT,
BETO, MARBERT, and other language-specific
models. We preserved casing, punctuation, emo-
jis, and other surface-level markers because these
elements can provide useful syntactic, semantic,
and sentiment-related cues for contextual models.
The transformer tokenizers handled subword seg-
mentation, special tokens, padding, and truncation
according to each model’s requirements.

All these preprocessing steps, as shown in Fig-
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Figure 2: Methodology for Polarization Detection.

ure 1, were therefore primarily applied to the clas-
sical machine learning pipeline. This distinction
is important because aggressive normalization can
benefit TF-IDF models but may remove useful con-
textual signals required by transformer-based mod-
els.

5 Models and Results

SemEval 2026 Task 9 focuses on multilingual
text classification in noisy, user-generated con-
tent, which requires models capable of capturing
subtle semantic cues across different languages
and domains. Because of this cross-lingual and
domain-sensitive setting, we evaluated a combina-
tion of traditional machine learning baselines and
transformer-based models across Spanish, Italian,
German, Bengali, and Arabic to better understand
how different modeling strategies perform under
the same task conditions. The classical models
used the normalized TF-IDF inputs described in
Section 4, whereas transformer models used min-
imally processed raw text with model-specific to-
kenization. The methodology steps are shown in
Figure 2.

TFIDF+NB (TF-IDF with Multinomial Naive
Bayes) served as one of our foundational base-
lines. TF-IDF converts text into weighted numeri-
cal representations that highlight important words
in each document, while Multinomial Naive Bayes
estimates class probabilities under a conditional
independence assumption. We selected this ap-
proach because it is simple, efficient, and often sur-
prisingly competitive for sparse text classification
tasks. In our experiments, it achieved F1 scores of
0.681481 (Spanish), 0.132450 (Italian), 0.539554
(German), 0.464286 (Bengali), and 0.632124 (Ara-
bic), as shown in the respective tables.

TFIDF+LR combines TF-IDF features with Lo-
gistic Regression, a linear classifier that models
class probabilities through the logistic function.
This model is widely used due to its stability, inter-
pretability, and strong performance on linearly sep-

arable data. We included it as a reliable traditional
baseline for comparison with transformer mod-
els. It achieved F1 scores of 0.683230 (Spanish),
0.429245 (Italian), 0.616725 (German), 0.649087
(Bengali), and 0.633166 (Arabic).

TFIDF+SVM uses TF-IDF representations with
a linear Support Vector Machine. SVMs aim to
find the optimal separating hyperplane that max-
imizes the margin between classes, making them
particularly effective in high-dimensional feature
spaces such as text data. We selected this model
because SVMs are known to perform strongly in
text classification tasks and are robust against over-
fitting. It achieved F1 scores of 0.689231 (Spanish),
0.547206 (Italian), 0.607330 (German), 0.676417
(Bengali), and 0.654028 (Arabic).

BETO (“dccuchile/bert-base-spanish-wwm-
cased”) is a Spanish-specific BERT model
trained using whole word masking. Since it was
pre-trained exclusively on large Spanish corpora, it
is well-suited to capturing language-specific syntax
and semantics. We selected BETO to examine
whether a dedicated monolingual transformer
could outperform multilingual alternatives for
Spanish in SemEval 2026 Task 9. It achieved F1
scores up to 0.581470.

mBERT (“bert-base-multilingual-cased”) is the
multilingual version of BERT trained on over 100
languages using a shared subword vocabulary. Its
design enables cross-lingual knowledge transfer
and shared semantic representations. We included
mBERT to evaluate how well a single multilingual
model can generalize across different languages
within the task. It achieved F1 scores of 0.580227
(Spanish), 0.640809 (German), 0.777778 (Bengali),
and 0.725000 (Arabic).

XLM-R (“xIm-roberta-base”) builds upon the
RoBERTa architecture and is trained on large-scale
multilingual data from CommonCrawl. By remov-
ing the next sentence prediction objective and using
dynamic masking, it learns richer contextual repre-
sentations. We selected XLM-R due to its strong
reputation for multilingual robustness, especially
in noisy data scenarios. It achieved F1 scores of
0.537906 (Spanish), 0.661808 (German), 0.793157
(Bengali), and 0.753012 (Arabic).

BERT-Italian-Base-Uncased (“dbmdz/bert-
base-italian-uncased”) is a monolingual Italian
BERT model trained on extensive Italian corpora.
By lowercasing text, it reduces vocabulary sparsity
and improves robustness to informal writing. We
selected it to capture Italian-specific linguistic
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Table 2: Scores for Arabic.

Model Accuracy  Precision  Recall F1
MARBERT 0.79 0.75 0.77 0.76
XLM-R 0.76 0.69 083 0.75
AraBERTV2 0.78 0.76 0.74 0.75
mBERT 0.74 0.69 0.77 0.73
TFIDF+SVM 0.68 0.63 0.69 0.65
TFIDF+LR 0.68 0.64 0.63 0.63
TFIDF+NB 0.68 0.66 0.61 0.63
Table 3: Scores for Bengali.
Model Accuracy Precision Recall F1
BanglaBERT 0.84 0.79 0.84 0.81
XLM-R 0.80 0.71 0.89 0.79
mBERT 0.81 0.79 0.76  0.78
MuRIL 0.80 0.79 0.74 0.76
TFIDF+SVM 0.73 0.71 0.65 0.68
TFIDF+LR 0.74 0.77 0.56 0.65
TFIDF+NB 0.69 0.85 032 046

patterns in the task. It achieved F1 scores up to
0.580952.

BERT-Italian-Base-Cased (“‘dbmdz/bert-base-
italian-cased”) preserves capitalization information,
which can carry semantic meaning in certain con-
texts. We included it to compare the effect of casing
on performance in Italian classification. It achieved
an F1 score of 0.538760.

UmBERTo-Base-Cased
(“Musixmatch/umberto-commoncrawl-cased-
v17) follows a RoBERTa-style pretraining strategy
and is trained on large Italian CommonCrawl data.
Its optimized training procedure enables stronger
contextual understanding compared to standard
BERT variants. In our experiments, it achieved the
highest F1 score for Italian at 0.593592.

RoBERTa-Italian-Base (“dbmdz/roberta-base-
italian-uncased”) adapts the RoBERTa architec-
ture to Italian and benefits from improved pretrain-
ing strategies such as dynamic masking and larger
batch training. We included it to evaluate the im-
pact of RoOBERTa-style improvements on Italian
performance.

GermanBERT (“bert-base-german-cased”) is a
monolingual German BERT model trained on large
German corpora. It effectively captures German
morphology and compound word structures. We
selected it to test whether language-specific pre-
training improves performance over multilingual
alternatives. It achieved an F1 score of 0.661157.

GELECTRA (“deepset/gelectra-base-
germanquad”) is based on the ELECTRA
framework, which replaces masked language
modeling with replaced token detection during

Table 4: Scores for German.

Model Accuracy  Precision  Recall F1
GELECTRA 0.69 0.69 0.64 0.67
XLM-R 0.64 0.59 0.75 0.66
GermanBERT 0.68 0.66 0.66 0.66
mBERT 0.67 0.65 0.63 0.64
TFIDF+LR 0.65 0.65 0.59 0.62
TFIDF+SVM 0.65 0.64 0.58 0.61
TFIDF+NB 0.64 0.70 0.44 0.54
Table 5: Scores for Italian.

Model Accuracy Precision Recall F1
UmBERTo 0.64 0.55 0.64 0.59
-Base-Cased

BERT- 0.63 0.55 0.59 0.57
Italian-Base

-Uncased

BERT-Italian 0.64 0.57 0.51 0.54
-Base-Cased

TFIDF+SVM 0.65 0.58 0.52 0.55
TFIDF+LR 0.64 0.61 0.33 043
TFIDF+NB 0.61 0.71 0.07 0.13

pretraining. This makes training more sample-
efficient and often leads to strong downstream
performance. It achieved the highest F1 score in
German at 0.665517.

BanglaBERT (‘“csebuetnlp/banglabert™) is a
Bengali-specific transformer trained on extensive
Bangla corpora. It captures script-level and mor-
phological features unique to Bengali. Given
the linguistic complexity and relatively limited re-
sources for Bengali, BanglaBERT was particularly
well-suited for this task, achieving the highest Ben-
gali F1 score of 0.813675.

MuRIL (“google/muril-base-cased”) is a multi-
lingual model optimized for Indian languages and
trained using translated and transliterated data to
strengthen cross-lingual alignment. We selected it
to evaluate its effectiveness for Bengali classifica-
tion, where it achieved an F1 score of 0.762250.

AraBERTv2 (“aubmindlab/bert-base-
arabertv2*) is a refined Arabic-specific BERT
model trained on large Modern Standard Arabic
and dialectal corpora. Its preprocessing and
vocabulary adaptations make it particularly
effective for Arabic NLP tasks. It achieved an F1
score of 0.752941.

MARBERT (“UBC-NLP/MARBERT”) is an
Arabic transformer trained primarily on Arabic
Twitter data, making it especially robust to dialec-
tal variation and noisy social media text. Since
SemEval 2026 Task 9 involves user-generated con-
tent, MARBERT aligned closely with the task do-
main and achieved the highest Arabic F1 score of
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Table 6: Scores for Spanish.

Model Accuracy  Precision  Recall F1
TFIDF+SVM 0.69 0.70 0.67 0.69
TFIDF+LR 0.69 0.71 0.66  0.68
TFIDF+NB 0.67 0.67 0.69 0.68
BETO 0.63 0.54 0.62 0.58
mBERT 0.61 0.52 0.65 0.58
XLM-R 0.62 0.53 0.54 0.54
0.762684.

The accuracy, precision, recall and F1 scores of
respective models for each language are presented
in Tables 2, 3, 4, 5 and 6.

5.1 Analysis of Model Behavior Across
Languages

In high-resource languages like Spanish and Ger-
man, classical TF-IDF-based models often perform
comparably to transformers and occasionally out-
perform them. This is largely because TF-IDF
captures lexical cues effectively, which can be suf-
ficient for polarization tasks when certain opinion-
ated words consistently align with labels. Addition-
ally, with moderately sized datasets, linear models
can identify reasonable decision boundaries with-
out overfitting, whereas transformers may strug-
gle to generalize, leaving their capacity underuti-
lized. Standard preprocessing, such as stop-word
removal and token normalization, further enhances
the signal-to-noise ratio in favor of classical mod-
els.

In contrast, transformer-based models excel in
low-resource or linguistically complex languages
like Bengali and Arabic. Here, TF-IDF struggles to
represent rich morphology and contextual depen-
dencies, leading to sparse features that fail to gener-
alize. Transformers, leveraging contextual embed-
dings, subword tokenization, and language-specific
pretraining (e.g., BanglaBERT, MARBERT), cap-
ture semantic relationships beyond surface-level
word frequency and transfer knowledge effectively
even with limited labeled data.

The pattern that emerges is that model perfor-
mance depends less on complexity alone and more
on how data availability, linguistic properties of
the language, and pretraining alignment interact.
Transformers are often treated as the best default
choice, but our results show that simpler models
remain competitive in several multilingual settings.
This points toward a more pragmatic approach to
model selection, one that accounts for language-
specific constraints rather than assuming that a

large pretrained architecture is always necessary.

6 Conclusion

The findings from SemEval 2026 Task 9 highlight
that there is no single model that dominates across
all languages. Traditional approaches such as TF-
IDF combined with SVM and Logistic Regression
remained surprisingly strong, particularly for Span-
ish and German. Their simplicity, efficiency, and
robustness in high-dimensional text spaces make
them reliable and practical baselines, especially
when computational resources are limited or fast
experimentation is required.

At the same time, transformer-based models
showed clear advantages in more linguistically
complex or lower-resource settings. Language-
specific models like BanglaBERT, MARBERT, and
GELECTRA delivered the strongest results in Ben-
gali, Arabic, and German, demonstrating the value
of targeted pretraining on relevant corpora. Multi-
lingual models such as mBERT and XLM-R of-
fered stable cross-lingual performance, but did
not consistently outperform specialized models.
Overall, our results emphasize that careful model
selection-guided by language characteristics and
domain alignment—is more important than simply
choosing the most complex architecture.

7 Ethics Statement

This work uses the publicly available dataset pro-
vided as part of the SemEval 2026 - Task 9 shared
task. Care has been taken to respect data privacy
and avoid misuse of potentially sensitive or iden-
tifiable information. The analysis aims to be fair
and unbiased, but limitations in the dataset may
introduce unintended biases.
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