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Abstract

The increasing prevalence of social media has
also correlated with an increase in abusive con-
tent targeting women, particularly for regional
languages such as Tamil. The automatic identi-
fication of abusive content is critical for the
creation of safer online spaces. In this pa-
per, we focus on the abusive text detection of
women in the context of binary text classifi-
cation. We evaluated the performance of the
proposed system on the abusive text detection
of women using the IndicBERT, MuRIL, and
Tamil-BERT models. Additionally, we propose
the use of grapheme-aware normalization for
the proposed system. Grapheme-aware nor-
malization aims to maintain the structural in-
tegrity of Tamil characters at the Unicode level.
The experimental results reveal that the pro-
posed system using the Tamil-BERT model
with grapheme-aware normalization achieves
the best performance among the evaluated mod-
els. The proposed system achieved the third
position in the shared task. !

1 Introduction

The rapid growth of social media has transformed
online communication by enabling large-scale in-
teraction and information exchange. However,
these platforms have also become spaces where
abusive language is frequently directed towards
women, leading to significant psychological and
social consequences. This increasing prevalence
of online abuse highlights the need for automated
systems capable of identifying harmful content.
Although abusive language detection has been
widely studied for high-resource languages such as
English, research for low-resource languages like
Tamil remains limited. Tamil is a morphologically
rich Dravidian language with a complex writing

'Code and

implementation are available
at: https://github.com/The-Silly-Glitch/
GraphemeAware-Tamil-Abuse-Detection

system, agglutinative structure, and frequent code-
mixing with English, which makes abusive lan-
guage detection challenging. Recent studies have
shown that transformer-based models can improve
Tamil abusive text classification performance (Ra-
jalakshmi et al., 2023; Hanif and Rahman, 2025).

Transformer-based models such as IndicBERT,
MuRIL, and TamilBERT have advanced natural
language processing for Indian languages by captur-
ing contextual information from multilingual cor-
pora. However, their performance is influenced by
preprocessing and tokenization quality. Prior work
highlights the importance of tokenization for repre-
senting morphologically rich and low-resource lan-
guages effectively (Velayuthan and Sarveswaran,
2023). Preserving consistent Tamil character rep-
resentation at the Unicode and grapheme level is
therefore important for improving model under-
standing.

In this work, abusive Tamil text targeting women
is treated as a binary classification task. We eval-
uate IndicBERT, MuRIL, and TamilBERT under
standard and grapheme-aware preprocessing set-
tings. Unlike prior work that primarily focuses
on tokenizer analysis, our approach investigates
grapheme-aware normalization as a preprocessing
strategy for Tamil abusive text classification. Exper-
imental results show that grapheme-aware normal-
ization is most beneficial for TamilBERT, and the
proposed system secured third place in the shared
task.

2 Related Work

Abusive language detection on social media has
been widely studied, particularly for high-resource
languages such as English. Early approaches re-
lied on traditional machine learning models includ-
ing Support Vector Machines (SVM) and Logistic
Regression using handcrafted features such as n-
grams and lexical patterns. While these methods
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provided strong baselines, they struggled to capture
contextual and implicit forms of abusive language
(Mozafari et al., 2024).

Deep learning models such as Convolutional Neu-
ral Networks (CNN) and Long Short-Term Mem-
ory (LSTM) networks later improved contextual
modeling for abusive language detection. However,
their effectiveness in low-resource and multilingual
settings remained limited due to linguistic variabil-
ity and insufficient annotated data (Mnassri et al.,
2024).

Transformer-based models have since become the
dominant approach for text classification tasks.
Models such as BERT and its variants leverage
self-attention mechanisms to capture contextual
relationships effectively (Ashish, 2017). Multilin-
gual transformer models including mBERT, XLM-
RoBERTa, IndicBERT, and MuRIL have shown
strong performance across several Indian language
processing tasks.

Research on abusive language detection in Tamil
has expanded through the DravidianLangTech
shared tasks. Multilingual transformer models for
abusive comment detection in Tamil was explored
in (Rajalakshmi et al., 2022) and they demon-
strated the effectiveness of fine-tuned transformer
architectures. Earlier work (Rajalakshmi et al.,
2021) investigated transformer-based methods for
offensive language identification in code-mixed
Tamil, highlighting the challenges of multilingual
and informal social media text. Other studies have
also examined transformer-based approaches and
preprocessing strategies for Tamil abusive language
detection (Hanif and Rahman, 2025).

Recent work has emphasized the importance of to-
kenization quality for morphologically rich and
underrepresented languages.  Velayuthan and
Sarveswaran (Petrov et al., 2023) analyzed how
tokenization strategies influence language represen-
tation in multilingual models. Unlike prior work
that focuses primarily on tokenizer analysis and
vocabulary representation, our work investigates
grapheme-aware normalization as a preprocessing
strategy for Tamil abusive text classification.
Although prior studies have explored transformer-
based models for Tamil abusive language detection,
comparatively fewer works examine grapheme-
level normalization and character representation
consistency for Tamil text.

3 Dataset Description

The dataset used in this study was released as part
of the shared task on detecting abusive Tamil text
targeting women on social media (Sivagnanam
et al., 2026). It consists of Tamil social media
comments annotated under a binary classification
setting as either Abusive or Non-Abusive.

Class Instances
Non-Abusive 1883
Abusive 1768
Total 3652

Table 1: Class distribution of the training dataset.

The training split contains 3,652 Tamil com-
ments, with 1,883 labeled as Non-Abusive and
1,768 labeled as Abusive. A small number of
samples contained inconsistent label formatting,
which was normalized during preprocessing. Over-
all, the dataset is relatively balanced, supporting
stable model training and evaluation.

The dataset mainly consists of user-generated
comments written in Tamil script. The com-
ments frequently contain informal language, slang,
spelling variations, and code-mixing with English
words and numerals. These characteristics reflect
real-world social media communication but also
increase the complexity of automatic abusive lan-
guage detection.
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Figure 1: Example comments from the dataset illustrat-
ing non-abusive and abusive Tamil text.

Figure 1 presents example comments from the
dataset. The examples illustrate the variation in
writing style and the presence of implicit abusive
expressions commonly found in social media text.

Class Instances
Non-Abusive 472
Abusive 441
Total 913

Table 2: Class distribution of the test dataset.

For model development, the training data was
further divided into training and validation subsets.
The labeled test dataset contains 913 comments,
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with 472 labeled as Non-Abusive and 441 labeled
as Abusive, and was used for final evaluation.

4 Methodology

Abusive Tamil text detection is formulated as a
supervised binary classification task, where each
social media comment is classified as either Abu-
sive or Non-Abusive. The overall workflow of the
proposed system is shown in Figure 2.

- Tamil Comments
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Figure 2: System workflow. Tamil text undergoes either
baseline preprocessing or grapheme-aware normaliza-
tion before classification using transformer-based mod-
els.

4.1 Preprocessing

Basic preprocessing steps including URL removal,
whitespace normalization, and Unicode normaliza-
tion were applied to ensure consistent Tamil text
encoding. Since social media comments often con-
tain irregular formatting and inconsistent character
representations, normalization was necessary be-
fore training.

In addition to baseline preprocessing, we investi-
gate a grapheme-aware normalization strategy for
Tamil text. Tamil characters may consist of multi-
ple Unicode code points that together form a single
visible grapheme. Direct Unicode-level tokeniza-
tion can therefore lead to inconsistent character seg-
mentation. To address this issue, grapheme segmen-
tation was applied before tokenization to preserve
linguistically meaningful character boundaries.

Figure 3 compares TamilBERT tokenization
with and without grapheme-aware preprocessing.
Standard tokenization follows sub word segmenta-
tion directly on the input text, while grapheme-

aware preprocessing preserves character bound-
aries before tokenization.

4.2 Models

Three transformer-based models were fine-tuned
for the classification task: IndicBERT, MuRIL, and
TamilBERT. IndicBERT and MuRIL are multilin-
gual models pretrained on Indian languages, while
TamilBERT is specifically pretrained on Tamil text.
In all experiments, the original pretrained architec-
tures were retained and only the classification layer
was fine-tuned.

4.3 Training Setup

All models were trained using identical hyper pa-
rameters for fair comparison. A learning rate of
2 % 1075, batch size of 16, and 5 training epochs
were used. The AdamW optimizer and cross-
entropy loss were employed for training. The
dataset was divided into training and validation
splits. No data augmentation, class weighting, or
ensemble methods were used.

4.4 Evaluation

Model performance was evaluated using the F1-
score. Each model was evaluated under both pre-
processing configurations, resulting in six experi-
mental settings. The configuration achieving the
highest validation F1-score was selected for gener-
ating predictions on the test dataset.

5 Results and Discussion

We evaluated IndicBERT, MuRIL, and TamilBERT
under two preprocessing settings: baseline normal-
ization and grapheme-aware normalization. Perfor-
mance was first measured using the F1-score on
the validation set.

Model Baseline F1  Grapheme F1
IndicBERT 0.8201 0.8156
MuRIL 0.7958 0.7956
TamilBERT 0.7941 0.8476

Table 3: Validation Fl-scores under baseline and
grapheme-aware preprocessing.

As shown in Table 3, grapheme-aware normal-
ization substantially improved TamilBERT, result-
ing in the highest overall validation F1-score. In
contrast, IndicBERT and MuRIL showed little im-
provement under grapheme-aware preprocessing.

To further analyze model behavior, predictions
from each model were evaluated on the labeled test
dataset.
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Figure 3: Comparison of TamilBERT tokenization with and without grapheme-aware preprocessing for a Tamil

sentence.
Model Base Acc.  Grapheme Acc.
IndicBERT 0.7919 0.8039
MuRIL 0.7766 0.7777
TamilBERT 0.8018 0.8105

Table 4: Test set accuracy under baseline and grapheme-
aware preprocessing.

The test results follow a similar trend.
Grapheme-aware normalization improved Tamil-
BERT and slightly improved IndicBERT, while
MuRIL showed minimal change. TamilBERT with
grapheme-aware preprocessing achieved the best
overall test accuracy.

One possible explanation is the difference in
pretraining objectives and vocabulary construction
across the models. TamilBERT is pretrained specif-
ically on Tamil text and therefore benefits more
from consistent grapheme-level character represen-
tation. In contrast, IndicBERT and MuRIL are
multilingual models trained across multiple Indian
languages and scripts, which may already provide
greater robustness to Unicode and tokenization vari-
ations.

5.1 Error Analysis

A qualitative analysis of misclassified samples re-
vealed several common error patterns. Implicit or
context-dependent abusive comments were often
misclassified as non-abusive, especially when ex-
plicit offensive terms were absent. Code-mixed
Tamil-English comments also introduced tokeniza-
tion inconsistencies. These observations suggest
that although grapheme-aware normalization im-
proves character representation, implicit meaning
and contextual understanding remain challenging
for automated systems.

Based on the validation results, TamilBERT with
grapheme-aware preprocessing was selected for the
shared task test set, where the proposed system
secured third place.

6 Conclusion

This work explored abusive Tamil text detection tar-
geting women on social media using transformer-
based models. IndicBERT, MuRIL, and Tamil-
BERT were evaluated under both standard and
grapheme-aware preprocessing settings. The re-
sults show that multilingual models such as In-
dicBERT and MuRIL remain relatively stable
across preprocessing methods, while TamilBERT
benefits more from grapheme-aware normalization.

TamilBERT with grapheme-aware preprocess-
ing achieved the best overall performance, obtain-
ing a test accuracy of 0.8105 and securing third
place in the shared task. Unlike prior work that
primarily focuses on tokenizer analysis or multilin-
gual representation learning, this study investigates
grapheme-aware normalization as a preprocessing
strategy for Tamil abusive text classification. The
findings suggest that preserving grapheme-level
character structure can improve representation qual-
ity for Tamil-specific transformer models.

Overall, the study highlights the importance of
linguistically informed preprocessing for morpho-
logically rich languages such as Tamil. Future work
may explore larger datasets, additional transformer
architectures, and more fine-grained abusive lan-
guage categories.

Limitations

Although the proposed approach achieved promis-
ing results, several limitations remain. First, the
experiments were conducted on a relatively limited
shared-task dataset, which may affect generaliza-
tion to broader social media contexts. Second, the
study focuses on binary classification and does not
capture finer-grained forms of abusive language
such as sarcasm, implicit abuse, or harassment.
Third, only three transformer-based models and

261



two preprocessing strategies were evaluated. Fi-
nally, abusive language is often context-dependent
and culturally nuanced, which remains challenging
for automated systems to model effectively.
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