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Abstract

The prevalence of the use of the Tamil lan-
guage on social media has heightened the need
to address the issue of online harassment of
women. As a result, there is a heightened need
to develop a system to automatically iden-
tify abusive content in the Tamil language to
promote a safe online communication plat-
form. This paper presents a model to iden-
tify abusive content using a binary classifi-
cation model to identify Abusive and Non-
Abusive content. In this work, we experi-
mented with several multilingual transformer
models including DistilBERT, mBERT, and
XLM-RoBERTa. From the experiments, it
was observed that the XLM-RoBERTa model
performed better than the others, achieving a
validation accuracy of 91.17% and a validation
macro F1 score of 0.8865. In this paper, ab-
lation experiments are conducted to show that
structured preprocessing, balancing the minor-
ity class, and tuning the hyperparameters con-
tribute to the model’s performance.

1 Introduction

With the rise of social media platforms, the way
Tamil-speaking users communicate online has
changed quite noticeably. Though social media
enables the sharing of ideas and the maintenance
of interpersonal contacts, it also offers scope for
the dissemination of abusive and gender-related
content targeting women. In this context, online
harassment occurs through the use of direct insult,
aggressive undertones, sarcasm, and other forms
of subtle communication. It may also reflect the
social inequality among the genders. It is not fea-
sible to depend only on human evaluators for the
task. It is therefore necessary to explore the possi-
bilities offered by machines. Abusive content de-
tection in the Tamil script is a task with a unique
set of challenges. The script is morphologically
complex and not fully covered by the existing lit-
erature. Online social media messages also of-

ten contain spelling and grammar mistakes, words
and expressions from different dialects, and words
with unconventional spellings. Abusive content is
also complex and context-dependent. It is not fea-
sible to adopt a rule-based and keyword-based ap-
proach for the task.

Recent studies indicate that multilingual
transformer-based  language models show
promising results for detecting abusive content,
especially in low-resource and cross-lingual
settings. It is also possible to capture the mean-
ing of words with the help of the transformer
architecture. Transformer-based models such as
BERT (Devlin et al., 2019), DistilBERT (Sanh
etal., 2019), and XLM-RoBERTa (Conneau et al.,
2020) have significantly improved performance
in multilingual natural language processing tasks.
In this study, we aim to examine how different
multilingual transformer architectures perform
in detecting abusive content written in the Tamil
language.

2 Related Work

Previous research on Tamil abusive and offen-
sive language classification using machine learn-
ing techniques has demonstrated the effectiveness
of contextualized word embeddings. For example,
Kalaivani et al. (2021) compared traditional ma-
chine learning methods, deep learning approaches,
and multilingual transformer models for identi-
fying offensive Tamil-English code-mixed com-
ments. Their results showed that Multilingual
BERT achieved the best macro F1 score, high-
lighting the effectiveness of contextualized em-
beddings for code-mixed language classification.

In another study, (Patankar et al., 2022)
explored abusive comment detection in Tamil
and Tamil-English social media text using en-
semble models, recurrent neural networks, and
transformer-based approaches. Their find-
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ings showed that MuRIL and XLM-RoBERTa
achieved strong performance for abusive language
classification in low-resource settings. Multilin-
gual models designed specifically for Indian lan-
guages, such as MuRIL, have shown promis-
ing performance in cross-lingual natural language
processing tasks Kakwani et al. (2021). Re-
cent studies on abusive language detection in
Dravidian languages have shown that multilin-
gual transformer-based approaches are effective
for handling low-resource and code-mixed text.
Shared tasks such as DravidianLangTech have en-
couraged the development of robust abusive lan-
guage detection systems for Tamil social media
data.

A new shared task on the detection of offensive
language in Dravidian languages was proposed by
Chakravarthi et al. (2021). An analysis of abu-
sive comments in Tamil directed towards women
on social media was carried out by Sivagnanam
et al. (2026), and the results indicated that women
were being targeted based on gender. Hate speech
detection has been widely studied in natural lan-
guage processing.

Hate speech detection has been widely studied
in natural language processing, with surveys by
Davidson et al. (2017), Fortuna and Nunes (2018),
and Zhang et al. (2022) providing comprehensive
overviews of detection techniques and datasets.

3 Dataset

The dataset includes abusive language directed to-
wards women in the form of social media com-
ments in the Tamil language. It is a binary clas-
sification problem with two classes: Abusive and
Non-Abusive. The training set contains 3,652 in-
stances, while the test set contains 913 instances.

The dataset exhibits class imbalance, with the
Non-Abusive class containing more instances than
the Abusive class. To solve this problem, data aug-
mentation was performed on the Abusive class, in-
creasing the instances in this class. This resulted
in a total of 7,190 instances.

The dataset was split into training and valida-
tion sets in an 80:20 ratio, giving 5,752 instances
in the training set and 1,438 in the validation set.
Due to class imbalance, the evaluation metric used
was the macro-average metric to assess model per-
formance. Several shared tasks and benchmark
datasets have been created to promote the study of
abusive language detection in Dravidian languages

(Chakravarthi et al., 2021).

4 Methodology

4.1 Data Preprocessing and Augmentation

Significant noise is present in social media text,
such as HTML tags, Unicode characters, and
repetitive punctuation and spelling varieties. In
order to reduce these noise-related problems, a
preprocessing pipeline is applied before training
the model, including HTML entity decoding and
HTML tag removal.

The overall workflow of the proposed abusive
content detection system is illustrated in Figure 1.
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Figure 1: Proposed system workflow

Unicode normalization was applied to normal-
ize the Unicode character set. This includes the
removal of zero-width characters and the con-
version of Tamil numerals to regular numerals.
URLSs, emails, and user mentions were removed.
However, the removal of hashtags was avoided
since they play an essential role in determining
the lexical content. Obfuscated abusive words
were replaced with a predefined word. Repeated
punctuation marks were suppressed, and repeated
words were smoothed. Emojis were avoided since
they are helpful in determining the sentiment of
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the content. Classes with small instance counts
were balanced using techniques like Classes with
small instance counts were balanced using tech-
niques such as random deletion, random word
swapping, and back-translation. Back-translation
was performed using English as the intermedi-
ate language, and approximately equal proportions
of augmented samples were generated from each
augmentation technique.

4.2 Model Architecture

Three different transformer model architectures
were tested: DistilBERT, mBERT, and XLM-
RoBERTa. For each model architecture, the model
was fine-tuned on the binary sequence classifica-
tion task with the same preprocessing and training
settings.

The XLM-RoBERTa model architecture is
based on a transformer model with multiple
stacked layers in the encoder. For the classification
task, the token representing the input sequence
is passed through a dropout layer with a dropout
probability (p = 0.1), and then passed through
a linear classification layer. The maximum se-
quence length is 256 tokens. Cross-entropy class
weighting is used to compute the loss.

5 Experiments

5.1 Model Comparison

For selecting the best architecture, we conducted
a side-by-side test for DistilBERT, mBERT, and
XLM-RoBERTa under the same conditions. The
validation accuracy results are summarized in Ta-
ble 1. The results indicate that XLLM-RoBERTa
achieves the highest performance among the eval-
uvated models, demonstrating its stronger capabil-
ity to capture the morphological characteristics of
the Tamil language and code-mixed patterns.

Table 1: Validation accuracy of evaluated models

Model Validation Accuracy (%)
DistilBERT 87.4
mBERT 89.2
XLM-RoBERTa 91.17

5.2 'Training Strategy

XLM-RoBERTa was trained for six epochs with
a learning rate of 2e-5, batch size of 16, weight
decay of 0.01, and a smoothing level of 0.1. In

order to handle the class imbalance, class weights
were used, and early stopping was based on the
macro F1 score obtained during validation. In the
next step, we trained again on the entire data set
to maximize exposure before making the final test
predictions.

Hyperparameter tuning was performed by ex-
perimenting with multiple learning rates, batch
sizes, and epoch settings. The final configuration
was selected based on the highest validation macro
F1 score.

All experiments were conducted using PyTorch
and HuggingFace Transformers on an NVIDIA
Tesla T4 GPU.

6 Results and Analysis

6.1 Validation Performance

The wvalidation performance of the optimized
XLM-RoBERTa model is summarized below.

Table 2: Validation performance of the optimized
XLM-RoBERTa model

Metric Score
Accuracy 91.17%
Weighted F1 0.9119
Macro F1 0.8865
F1 (Abusive) 0.94
F1 (Non-Abusive) 0.83

The reported results correspond to the local
validation set. Final predictions for the official
shared-task evaluation were generated separately
using the organizer-provided blind test set.

6.2 Training Dynamics

The training dynamics of the model are illustrated
in Figure 2, which presents both the training and
validation loss as well as accuracy trends across
epochs.
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Figure 2: Training and validation accuracy and loss
curves

The curves indicate stable convergence during
training without significant overfitting. The vali-
dation accuracy improves steadily while the loss
decreases across epochs, demonstrating effective
learning behavior of the model.

6.3 Error and Confidence Analysis

The classification performance of the model is fur-
ther analyzed using the confusion matrix shown in
Figure 3.
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Figure 3: Validation confusion matrix

The confusion matrix indicates that the model
achieves strong recall for abusive content detec-
tion. However, some misclassifications occur in
comments containing sarcasm, implicit abuse, di-
alectal variations, and code-mixed Tamil-English
expressions. Non-abusive comments containing
emotionally intense language were occasionally
misclassified as abusive. These observations sug-
gest that contextual and pragmatic understanding
remains challenging for multilingual transformer
models. For example, certain sarcastic Tamil
comments containing indirect abusive expressions
were incorrectly classified due to contextual ambi-

guity.

6.4 Ablation Study

The ablation study considered four different sce-
narios:

* No preprocessing or augmentation
* Preprocessing only
* Preprocessing with data augmentation

* Preprocessing and augmentation followed by
hyperparameter tuning

The performance improvements across these
configurations are illustrated in Figure 4.
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Figure 4: Ablation performance stages

Table 3: Ablation study performance across different
configurations

Configuration Acc. Macro F1
Base Model 0.78 0.78
Preprocessing 0.88 0.85

Preprocessing + Aug. 0.92 0.89
Hyperparameter Tuned  0.93 0.91

The ablation study demonstrates that prepro-
cessing significantly reduces noise in social media
text, while augmentation improves minority class
representation. Hyperparameter tuning further sta-
bilizes convergence and improves macro F1 per-
formance.

7 Conclusion

This paper undertook an in-depth assessment
of the effectiveness of multilingual transformer-
based models in abusive language detection in
the Tamil language. Comparative experiments
show the effectiveness of the XLM-RoBERTa
model over DistilBERT and mBERT. The XL.M-
RoBERTa model showed an accuracy of 91.17%
on the validation set and a macro F1 of 0.8865.
Future work will focus on improving contextual
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understanding of sarcasm, implicit abuse, and di-
alectal variations in Tamil social media text.

8 Limitations

The dataset used in this paper remains limited in
scale. This may limit the generalization of the
results to other online Tamil contexts. The aug-
mentation strategy may not capture the full range
of variation in natural language. The model may
have relatively poor performance in Non-Abusive
instances and may have difficulty perceiving sar-
casm and bias. In addition, this approach may
have to be adapted to other social media sites for
it to be applicable.

9 Ethical Considerations

Abuse detection using this model may have the
potential to enable protection of users. However,
false positives may limit freedom of expression.
False negatives may allow abusive content to es-
cape detection. Bias in diverse dialects and com-
munities may have to be closely monitored. This
model may have to be used in conjunction with
human operators.

10 Code Availability

Code and implementation details are publicly
available at:

https://github.com/Nandhinibalu05/

SocialMediaTamilAbuse
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