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Abstract

The rapid growth of the internet and social me-
dia has given people an open space to share
their opinions, but it has also led to a rise in hate
speech targeting different social, cultural, and
political groups. While much of the research
on hate speech detection has focused on widely
spoken languages, languages like Tamil, which
are less commonly studied, still face significant
gaps in this area. To tackle this, the Shared
Task on Caste and Migration Hate Speech De-
tection was organized at the Fifth Workshop
on Language Technology for Equality, Diver-
sity, and Inclusion (LT-EDI-2025). This paper
aims to create an automatic system that can
detect caste and migration-related hate speech
in Tamil-language social media content. We
broke down our approach into two phases: in
the first phase, we tested seven machine learn-
ing models and five transformer-based mod-
els. In the second phase, we combined the
predictions from the fine-tuned transformers
using a majority voting technique. This en-
semble approach outperformed all other mod-
els, achieving the highest macro F1 score of
0.81682, which earned us 4th place in the com-
petition.

1 Introduction

Social media is a crucial platform for accessing up-
to-date information while also providing a space
for individuals to exchange ideas, opinions, and
thoughts, fostering meaningful conversations and
building connections (Yamin et al., 2024). Al-
though this democratization of expression enables
people to express viewpoints and participate in de-
bates, it has also contributed to the emergence of
a major problem: the widespread transmission of
hate speech (Watanabe et al., 2018).

Hate speech fuels division and polarization, esca-
lating tensions between caste and migrant groups,
and triggering discrimination and violence based
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on race, religion, gender, migration status, or other
factors, threatening societal harmony and well-
being (Al-Hassan and Al-Dossari, 2019). It can
deeply psychologically affect its victims, hence
generating emotional damage like fear, anxiety, de-
pression, and a sense of isolation (Saha et al., 2019).
Therefore, it is essential to implement automatic
regulation of hateful content online to minimize
the harm it can cause to society.

Significant study on the automatic identification
of hate speech in text has been prompted by re-
cent natural language processing (NLP) develop-
ments. Events to discover better techniques for
automated hate speech detection have been held in
major contests including SemEval-2019 (Zampieri
et al., 2019) , SemEval-2020 (Zampieri et al., 2020),
and GermEval-2018 (Wiegand, 2018). From many
sources, researchers have built large-scale datasets
that have inspired more research in this field, in-
cluding studies on non-English languages and other
online communities. These initiatives have opened
up several processing pipelines for investigation,
including different feature sets, machine learning
techniques (supervised, unsupervised, and semi-
supervised), and classification algorithms such as
Naive Bayes, Logistic Regression (LR), Convolu-
tional Neural Networks (CNN), LSTM, and BERT
deep learning models (Jahan and Oussalah, 2023).

Our work aims to develop a system capable
of distinguishing caste and migration hate speech
from non-caste and migration hate speech, fo-
cusing on a low-resource language like Tamil
(Chakravarthi et al., 2023), which belongs to the
Dravidian language family (Krishnamurti, 2003).
The primary contributions of our work are:

• Evaluated various machine learning and
transformer models for hate speech detec-
tion in the Tamil language.

• Proposed a majority voting-based ensem-
ble transformer approach for detecting hate
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speech in the Tamil language

Codes are available at GitHub Repository.

2 Related Work

Recent works have explored various computational
approaches for automated detection of online hate
speech targeting caste identities and migrant com-
munities, ranging from traditional machine learn-
ing to advanced deep learning architectures.

(Alam et al., 2024) evaluated several models
for Tamil hate speech detection. Their exper-
iments showed M-BERT achieved an F1-score
of 0.8049, outperforming BiLSTM (0.7490) and
Tamil BERT (0.7847). In the context of Tamil-
English code-mixed hate speech detection, (Pokry-
wka and Jassem, 2024) evaluated various trans-
former models, with google/muril-large-cased
demonstrating strong performance with an F1-
score of 0.81 on the challenge test set. They also
experimented with xlm-roberta-large, bert-base-
multilingual-cased, and roberta-base models. Tak-
ing a different approach, (Shanmugavadivel et al.,
2024) explored traditional machine learning tech-
niques for abusive comment detection in Tamil, re-
porting performance metrics for K-Nearest Neigh-
bor (0.0772), Decision Tree (0.5862), and Naive
Bayes (0.5905). (Singhal and Bedi, 2024) utilized
an ensemble approach based on transformer models
for Tamil hate speech detection, with MuRIL cased
achieving an F1-score of 0.60, while also experi-
menting with XLM RoBERTa Large. (Sangeetham
et al., 2024) combined traditional machine learn-
ing approaches for Tamil hate speech detection,
with Support Vector Machines (SVM) performing
remarkably well with an F1-score of 0.80, along-
side Random Forest Classifier (RFC) and Decision
Tree implementations. (Shanmugavadivel et al.,
2023) proposed a machine learning approach for
abusive comment detection in Tamil, achieving a
macro-F1 score of 0.35. Their research revealed
an important insight: traditional machine learning
models can sometimes outperform sophisticated
deep learning techniques when datasets are limited
in size and complexity. Deep learning approaches
tailored for code-mixed environments have shown
promising results. (Anbukkarasi and Varadhagana-
pathy, 2023) employed a synonym-based Bi-LSTM
model for Tamil-English code-mixed hate speech
detection, achieving an F1 score of 0.8169. Their
model demonstrated particular effectiveness in dis-
tinguishing between hate (F1 score: 0.8110) and

non-hate texts (F1 score: 0.8050). (Subramanian
et al., 2022) evaluated traditional machine learn-
ing models against transfer learning approaches
for offensive language detection in Tamil YouTube
comments.

3 Task and Dataset Description

The shared task on Caste and Migration Hate
Speech Detection is part of LT-EDI@LDK 20251.
In this task, we focused mainly on Tamil-language
content and aimed to build an automatic classi-
fication model that can analyze text from social
media platforms and determine whether it contains
caste-based or migration-related hate speech. The
dataset was provided by the organizers of the com-
petition (Rajiakodi et al., 2025). The training and
development datasets consist of three columns: id
(unique identifier), text (comment content), and
label (1 for caste/immigration hate speech, 0 for
non-hate speech). The test dataset includes only
id and text. Figure 1 displays some samples of the
training dataset.

Figure 1: Sample entries from the training dataset

Table 1 presents the class-wise distribution of the
dataset across three subsets: Train, Dev, and Test.
The training dataset consists of 5,512 instances,
with 3,415 labeled as non-hate speech (label 0) and
2,097 as caste/immigration hate speech (label 1).
The development dataset contains 787 instances,
with 485 labeled as non-hate speech and 302 as
hate speech. The test dataset includes 1,576 in-
stances, with 970 non-hate speech and 606 hate
speech instances. The datasets show an imbalance,
with non-hate speech being more prevalent in each
subset.

4 System Overview

Our approach included two stages. Figure 2 pro-
vides an overview of the first stage, which com-

1https://sites.google.com/view/lt-edi-2025
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Dataset Label Total
0 1

Train 3,415 2,097 5,512
Dev 485 302 787
Test 970 606 1,576

Table 1: Class-wise distribution of the dataset

bines the application of various machine learning
algorithms and the fine-tuning of transformers. In
the second stage, we employed an ensemble trans-
former technique, combining the fine-tuned models
with majority voting, which outperformed all other
evaluated models.

Figure 2: ML and transformer-based approaches for
caste and migration hate speech detection in Tamil lan-
guage

4.1 Data Preprocessing

In our preprocessing phase, we found that the cor-
pus contains Latin characters of both upper and
lowercase. Additionally, various emojis and emoti-
cons were also used. We converted the text to low-
ercase and also removed emojis and punctuations.
We took extra caution by replacing chat abbrevia-
tions (e.g., "LOL", "BRB", "IMO") with their full
meanings.

4.2 Textual Feature Extraction:

ML algorithms cannot learn from raw texts. So
Feature Extraction is necessary. We used TF-
IDF (Tokunaga, 1994) technique to extract features
from ML models

4.3 Classifiers

We used seven machine learning models and five
transformer-based models to classify hate speech.

4.3.1 ML-based Approaches:
The experimented system used traditional ML ap-
proaches such as Logistic Regression, Support Vec-
tor Machine, KNN, Gausian Naive Bayes, Stochas-
tic Gradient Descent (SGD), Random Forest and
Decision Tree to establish the caste and migration-
related hate speech detection system.

4.3.2 Transformer-based Approaches:
We conducted a comparative study using multi-
ple transformer-based models to identify the most
effective architecture for Tamil hate speech detec-
tion. We evaluated several state-of-the-art multilin-
gual and language-specific models: MURIL (Mul-
tilingual Representations for Indian Languages)
(Khanuja et al., 2021), XLM-RoBERTa (Conneau
et al., 2019), mBERT (Multilingual BERT) (Pires
et al., 2019), IndicBERT (Dabre et al., 2021), and
TamilBERT (Joshi, 2022).

To address class imbalance in the dataset, we
computed class weights using the scikit-learn
class_weight module. These weights were used
in the cross-entropy loss function to appropriately
penalize the misclassification of minority classes.
A training loop was built using the following param-
eters: a learning rate of 1e-5, AdamW optimizer,
a maximum sequence length of 115 tokens, and a
batch size of 16. Each model was trained for up
to 100 epochs with an early stopping criterion that
halted training if no improvement in validation F1
score was observed for 5 consecutive epochs. The
entire process utilized two T4 GPUs.

4.3.3 Proposed Majority Voting based
Ensemble Approach:

To improve performance, we created an ensem-
ble model (figure 3) that combines several top
transformer models, including MURIL, XLM-
RoBERTa, mBERT (Multilingual BERT), In-
dicBERT, and TamilBERT. Here’s how it works:
each model in the ensemble makes its own pre-
diction, and the final decision is made through a
majority voting system. In simple terms, the model
that gets the most "votes" from the individual mod-
els becomes the final prediction. This method helps
to balance out the weaknesses of any single model,
making the overall predictions more reliable and
consistent. Each model in the ensemble was fine-
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tuned separately with the same training setup dis-
cussed earlier, ensuring that they work together
effectively.

Figure 3: Proposed ensemble method for caste and mi-
gration hate speech detection in Tamil language

5 Results and Analysis

The table 2 shows the performance of several Ma-
chine Learning (ML) and Transformer models,
hence highlighting the success of our suggested
ensemble approach. Among the ML models, Ran-
dom Forest has the highest precision (0.81401) and
F1-score (0.77275), while Support Vector Machine
performs best in recall (0.74413). Our suggested
ensemble approach, which shows the strength of
combining models for enhanced accuracy, beats ev-
eryone with the greatest precision (0.82492), recall
(0.81139), and F1-score (0.81682). Though our en-
semble approach performs better across all criteria,
other Transformer models such as XLM-RoBERTa
and MuRIL-BERT also produce good outcomes.

6 Conclusion

In this task, we created an automatic model to
detect caste and migration-related hate speech
in Tamil-language content on social media. By
combining traditional machine learning techniques
with transformer models, our ensemble approach
achieved impressive results with a precision of
0.82492, recall of 0.81139, and an F1-score of
0.81682, outperforming all other models.

Machine Learning Models
Model Precision Recall F1-score
Logistic Regression 0.72576 0.64925 0.64976
Support Vector Machine 0.82221 0.74413 0.75720
K-Nearest Neighbors 0.62712 0.52435 0.45024
Gaussian Naive Bayes 0.67062 0.66554 0.62345
Stochastic Gradient Descent 0.71073 0.69837 0.70249
Random Forest 0.81401 0.76053 0.77275
Decision Tree 0.72792 0.73169 0.72953

Transformer Models
Model Precision Recall F1-score
Tamil BERT 0.79411 0.78602 0.78947
M-BERT 0.78880 0.78933 0.78996
MuRIL-BERT 0.80655 0.79252 0.79799
Indic-BERT 0.77295 0.76746 0.76988
XLM-RoBERTa 0.81258 0.80871 0.81051
Ensemble (Proposed) 0.82492 0.81139 0.81682

Table 2: Performance of various models on the test set

Looking ahead, we plan to improve the model
by expanding the dataset and incorporating mul-
timodal data like images and emojis, which are
common in social media posts. We also aim to
explore more advanced transformer-based models
for better context understanding, handling of infor-
mal language and classifying implicit hate speech.
Lastly, implementing real-time detection for social
media could make the model even more effective
in addressing hate speech as it emerges

Limitations

Our study has limitations, such as a small, un-
balanced dataset that makes it hard to generalize
findings. Handling text with mixed languages,
slang, emojis, regional dialects, and subtle hate
speech is also tricky. The model would do better
with some knowledge of Tamil hate speech, im-
proved handling of casual language, dialects, and
sarcasm. Methods like SMOTE, focal loss, and
cost-sensitive learning could also help resolve class
imbalance. The analysis needs statistical testing,
ablation studies, and error analysis, especially for
model interpretability and unique Tamil patterns.
Future work should grow the dataset, add multi-
modal data, and advance real-time hate speech
detection, stressing better linguistic models and
cultural context.
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A Error Analysis

To obtain deeper insights by means of both quanti-
tative and qualitative approaches, we carried out a
thorough error analysis of our suggested ensemble
model.

A.1 Quantitative Analysis
Figure 4 the confusion matrix for our proposed en-
semble model indicates that it correctly recognized
865 cases of non-caste/migration hate speech (la-
bel 0) and 443 instances of caste/migration hate
speech (label 1), for a total of 1308 accurate predic-
tions. The model produced 268 erroneous predic-
tions, comprising 105 false positives, where non-
hate speech was misidentified as hate speech, and
163 false negatives, where hate speech was inac-
curately categorized as non-hate speech. The er-
rors likely arise from data imbalance and the va-
riety of languages (English, Tamil, code-mixed,
and code-switched) in the dataset, which hinder
the model’s capacity to accurately differentiate be-
tween hate and non-hate speech, particularly in
intricate, context-dependent scenarios.

A.2 Qualitative Analysis
Figure 5 shows some random examples from the
test data where the model’s predictions are com-
pared with the true labels. While it gets some right,

Figure 4: Confusion matrix for our proposed ensemble
model

it misses the mark on others, especially when the
text is a mix of Tamil and English. This code-mixed
text, often full of slang, abbreviations, and informal
expressions, can confuse the model, leading to in-
correct predictions. Emojis and other non-standard
characters add another layer of complexity, which
the model might not always handle well. Another

Figure 5: Some randomly selected samples from the
dataset along with predictions from our model

issue that affects the model’s performance is the
class imbalance in the dataset. There are more ex-
amples of non-hate speech than hate speech, which
can cause the model to favor predicting the major-
ity class. This means it might struggle more when
it comes across less obvious hate speech, or more
subtle expressions of hate, especially when these
are mixed with sarcasm or indirect language. So,
the model’s tendency to focus on non-hate speech
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and its struggle with understanding the nuances of
mixed-language content are some of the key rea-
sons for these misclassifications. Improving how
the model deals with imbalanced data and mixed,
informal language could help it perform much bet-
ter.

139


