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Introduction

We are excited to welcome you to the fifth workshop on Speech, Vision, and Language Technologies for
Dravidian Languages (DravidianLangTech 2025), the Nations of the Americas Chapter of the Associ-
ation for Computational Linguistics (NAACL 2025). This year, the workshop will be held in a hybrid
format (both online and at Acoma, The Albuquerque Convention Centre, Albuquerque, New Mexico)
on May 3rd, 2025, alongside NAACL 2025, which will take place from April 29 to May 4, 2025. With
the rapid advancement of technology, digital communication has become a central part of daily life.
While many globally dominant languages have successfully transitioned into the digital era, numerous
regional and low-resource languages continue to face significant technological challenges. A prominent
example of such a language family is the Dravidian language family, which remains underrepresented in
the domains of speech and natural language processing (NLP). The DravidianLangTech-2025 workshop
series aims to address the technological marginalization of Dravidian languages by fostering research
and development in computational linguistics, speech processing, and NLP specific to these languages.
By building inclusive language technologies, the goal is to ensure equitable access to digital information
and communication tools for monolingual speakers of Dravidian languages. These workshops represent
an important step toward preserving linguistic diversity and preventing the digital extinction of these
historically and culturally significant languages. This will be the fifth workshop on speech and language
technologies for Dravidian languages, continuing our mission to advance technological solutions and
promote linguistic inclusivity. The workshop received a total of 204 active submissions. Reviewer re-
cruitment was highly successful with 405 reviewers accepting invitations. Of the 1,371 assigned reviews,
758 were completed, achieving a review submission rate of 55.29%. Additionally, 49.39% of reviewers
(204 out of 413) fulfilled all their assigned tasks. Among the submissions, 81.86% (167 out of 204) re-
ceived at least three reviews, reflecting a comprehensive evaluation process. Decisions were made for all
submissions (100%), resulting in an overall acceptance rate of 57.84% (120 papers). This included 10 pa-
pers (4.90%) accepted for oral presentations and 118 papers (57.84%) accepted for poster presentations.
The remaining 76 papers (37.25%) were rejected after review. These statistics highlight a rigorous yet
inclusive selection process supported by dedicated reviewers and a commitment to academic excellence.
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Keynote Talk: Understanding Attention in Asymmetric
Kernel Point of View

Dr. Soman K. P.
Amrita Vishwa Vidyapeetham, India
2025-05-03 09:15 — Room: Acoma, The Albuquerque Convention Center, Albuquerque, New
Mexico, USA

Abstract: Transformers has redefined deep learning research and has become the most prominent archi-
tecture across domains such as natural language processing, computer vision, and image processing. At-
tention mechanism, particularly self-attention, is central to the success of this architecture, which allows
the model to capture dependencies across the input sequences. However, the fundamental challenge in
understanding self-attention is its intrinsic symmetry. The existing works often consider self-attention as
a kernel method, leveraging symmetric kernels based on Mercer’s theorem. However, the self-attention
matrices used in the transformer architectures are inherently asymmetric, which leads to an inconsistency
between the theoretical formulation and the practical implementation. The primal-attention, a novel
attention mechanism based on kernel singular value decomposition explicitly models the asymmetry.
Therefore, reformulating self-attention using primal-dual representation ensures efficient computation
and low-rank approximation that enhances performance and generalization.

Bio: Dr. Soman K. P. is the Dean of the School of Artificial Intelligence and Head of the Department at
Amrita Vishwa Vidyapeetham, Coimbatore. With over 27 years of experience in research and teaching,
his expertise spans Artificial Intelligence and Data Science. He has published more than 500 papers in
leading journals and conferences, including IEEE Transactions, IEEE Access, and Applied Energy. He
is the author of four books, including Insight into Wavelets, Insight into Data Mining (also translated into
Chinese), Support Vector Machines and Other Kernel Methods, and Signal and Image Processing—the
Sparse Way. Dr. Soman is the most cited researcher with over 10,000 citations. He has consistently
been ranked among the world’s top 2% most influential scientists by Stanford University for the past
three years. His contributions have also been recognized by the Government of India and organizations
like Springer Nature and Career 360. At CEN, he leads M.Tech programs in Computational Engineering
and Networking (Data Science) and Computer Science and Engineering (Artificial Intelligence). A new
B.Tech program in Al and Data Science launched under his leadership in 2023. He has guided over 20
Ph.D. scholars and currently supervises 8+ ongoing doctoral researchers. His current research interests
include Al for DNA sequence analysis, reinforcement learning in robotics, computer vision, and cyber-
physical systems.
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Detection of Religious Hate Speech During Elections in Karnataka
Msvpj Sathvik, Raj Sonani and Ravi Teja Potla

DravLingua @ DravidianLangTech 2025: Multimodal Hate Speech Detection in
Dravidian Languages using Late Fusion of Muril and Wav2Vec Models
Aishwarya Selvamurugan

Overview of the Shared Task on Multimodal Hate Speech Detection in Dravidian
languages: DravidianLangTech@NAACL 2025

Jyothish Lal G, Premjith B, Bharathi Raja Chakravarthi, Saranya Rajiakodi,
Bharathi B, Rajeswari Natarajan and Ratnavel Rajalakshmi
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12:15 - 12:30

12:30 - 14:15

14:15 - 15:30

14:15 - 14:30
14:30 - 14:45
14:45 - 15:00
15:00 - 15:15
15:15 - 15:30

15:30 - 16:00

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

Overview of the Shared Task on Detecting Al Generated Product Reviews in Dra-
vidian Languages: DravidianLangTech@NAACL 2025

Premjith B, Nandhini Kumaresh, Bharathi Raja Chakravarthi, Thenmozhi Du-
rairaj, Balasubramanian Palani, Sajeetha Thavareesan and Prasanna Kumar Ku-
maresan

Lunch Break
Oral Session 3

Findings of the Shared Task on Abusive Tamil and Malayalam Text Targeting
Women on Social Media: DravidianLangTech@NAACL 2025

Saranya Rajiakodi, Bharathi Raja Chakravarthi, Shunmuga Priya Muthusamy
Chinnan, Ruba Priyadharshini, Raja Meenakshi J, Kathiravan Pannerselvam,
Rahul Ponnusamy, Bhuvaneswari Sivagnanam, Paul Buitelaar, Bhavanimeena K,
Jananayagan Jananayagan and Kishore Kumar Ponnusamy
Findings of the Shared Task on Misogyny Meme Detection: Dravidian-
LangTech@NAACL 2025

Bharathi Raja Chakravarthi, Rahul Ponnusamy, Saranya Rajiakodi, Shunmuga
Priya Muthusamy Chinnan, Paul Buitelaar, Bhuvaneswari Sivagnanam and An-
shid K A

Overview of the Shared Task on Sentiment Analysis in Tamil and Tulu
Thenmozhi Durairaj, Bharathi Raja Chakravarthi, Asha Hegde, Hosahalli
Lakshmaiah Shashirekha, Rajeswari Natarajan, Sajeetha Thavareesan, Rat-
nasingam Sakuntharaj, Krishnakumari K, Charmathi Rajkumar, Poorvi Shetty
and Harshitha S Kumar

Overview on Political Multiclass Sentiment Analysis of Tamil X (Twitter) Com-
ments: DravidianLangTech@NAACL 2025

Bharathi Raja Chakravarthi, Saranya Rajiakodi, Thenmozhi Durairaj, Sathiyaraj
Thangasamy, Ratnasingam Sakuntharaj, Prasanna Kumar Kumaresan, Kishore
Kumar Ponnusamy, Arunaggiri Pandian Karunanidhi and Rohan R

Overview of the Shared Task on Fake News Detection in Dravidian Languages-
DravidianLangTech@NAACL 2025

Malliga Subramanian, Premjith B, Kogilavani Shanmugavadivel, Santhiya
Pandiyan, Balasubramanian Palani and Bharathi Raja Chakravarthi

Tea Break
Poster Session

Incepto@ DravidianLangTech 2025: Detecting Abusive Tamil and Malayalam
Text Targeting Women on YouTube
Luxshan Thavarasa, Sivasuthan Sukumar and Jubeerathan Thevakumar

Eureka-CIOL@ DravidianLangTech 2025: Using Customized BERTs for Senti-
ment Analysis of Tamil Political Comments

Enjamamul Haque Eram, Anisha Ahmed, Sabrina Afroz Mitu and Azmine Tou-
shik Wasi XXiii
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16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

Akatsuki-CIOL@ DravidianLangTech 2025: Ensemble-Based Approach Using
Pre-Trained Models for Fake News Detection in Dravidian Languages

Mahfuz Ahmed Anik, Md. Iqramul Hoque, Wahid Faisal, Azmine Toushik Wasi
and Md Manjurul Ahsan

RMKMavericks @ DravidianLangTech 2025: Tackling Abusive Tamil and Malay-
alam Text Targeting Women: A Linguistic Approach
Sandra Johnson, Boomika E and Lahari P

RMKMavericks @ DravidianLangTech 2025: Emotion Mining in Tamil and Tulu
Code-Mixed Text: Challenges and Insights
Gladiss Merlin N.r, Boomika E and Lahari P

JAS @ DravidianLangTech 2025: Abusive Tamil Text targeting Women on Social
Media
B Saathvik, Janeshvar Sivakumar and Thenmozhi Durairaj

Team-Risers@DravidianLangTech 2025: Al-Generated Product Review Detec-
tion in Dravidian Languages Using Transformer-Based Embeddings

Sai Sathvik, Muralidhar Palli, Keerthana Nnl, Balasubramanian Palani, Jobin
Jose and Siranjeevi Rajamanickam

NLPopsCIOL@ DravidianLangTech 2025: Classification of Abusive Tamil and
Malayalam Text Targeting Women Using Pre-trained Models

Abdullah Al Nahian, Mst Rafia Islam, Azmine Toushik Wasi and Md Manjurul
Ahsan

AIMNLP @ DravidianLangTech 2025: Unmask It! AlI-Generated Product Review
Detection in Dravidian Languages
Somsubhra De and Advait Vats

byteSizedLLM @ DravidianLangTech 2025: Fake News Detection in Dravid-
ian Languages Using Transliteration-Aware XLM-RoBERTa and Transformer

Encoder-Decoder
Durga Prasad Manukonda and Rohith Gowtham Kodali

byteSizedLLM @ DravidianLangTech 2025: Fake News Detection in Dravidian
Languages Using Transliteration-Aware XLM-RoBERTa and Attention-BiLSTM
Rohith Gowtham Kodali and Durga Prasad Manukonda

byteSizedLLM @ DravidianLangTech 2025: Multimodal Hate Speech Detection
in Malayalam Using Attention-Driven BiLSTM, Malayalam-Topic-BERT, and
Fine-Tuned Wav2Vec 2.0

Durga Prasad Manukonda, Rohith Gowtham Kodali and Daniel Iglesias

byteSizedLLM @ DravidianLangTech 2025: Detecting AI-Generated Product Re-

views in Dravidian Languages Using XLM-RoBERTa and Attention-BiLSTM
Rohith Gowtham Kodali, Durga Prasad Manukonda and Maharajan Pannakkaran
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16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

byteSizedLLM @ DravidianLangTech 2025: Abusive Tamil and Malayalam Text
targeting Women on Social Media Using XLM-RoBERTa and Attention-BiLSTM
Rohith Gowtham Kodali, Durga Prasad Manukonda and Maharajan Pannakkaran

byteSizedLLM @ DravidianLangTech 2025: Multimodal Misogyny Meme Detec-
tion in Low-Resource Dravidian Languages Using Transliteration-Aware XLM-
RoBERTa, ResNet-50, and Attention-BiLSTM

Durga Prasad Manukonda and Rohith Gowtham Kodali

byteSizedLLM @ DravidianLangTech 2025: Sentiment Analysis in Tamil Using
Transliteration-Aware XLM-RoBERTa and Attention-BiLSTM
Durga Prasad Manukonda and Rohith Gowtham Kodali

SSNCSE@ DravidianLangTech 2025: Multimodal Hate Speech Detection in Dra-
vidian Languages
Sreeja K and Bharathi B

YenCS@DravidianLangTech 2025: Integrating Hybrid Architectures for Fake
News Detection in Low-Resource Dravidian Languages
Anusha M D Gowda and Parameshwar R Hegde

Girma@ DravidianLangTech 2025: Detecting AI Generated Product Reviews
Girma Yohannis Bade, Muhammad Tayyab Zamir, Olga Kolesnikova, José Luis
Oropeza, Grigori Sidorov and Alexander Gelbukh

Beyond_Tech@ DravidianLangTech 2025: Political Multiclass Sentiment Analy-
sis using Machine Learning and Neural Network

Kogilavani Shanmugavadivel, Malliga Subramanian, Sanjai R, Mohammed
Sameer and Motheeswaran K

HTMS @ DravidianLangTech 2025: Fusing TF-IDF and BERT with Dimension-
ality Reduction for Abusive Language Detection in Tamil and Malayalam

Bachu Naga Sri Harini, Kankipati Venkata Meghana, Kondakindi Supriya, Tara
Samiksha and Premjith B

Team_Catalysts @ DravidianLangTech 2025: Leveraging Political Sentiment
Analysis using Machine Learning Techniques for Classifying Tamil Tweets
Kogilavani Shanmugavadivel, Malliga Subramanian, Subhadevi K, Sowbha-
ranika Janani Sivakumar and Rahul K

InnovationEngineers @ DravidianLangTech 2025: Enhanced CNN Models for
Detecting Misogyny in Tamil Memes Using Image and Text Classification
Kogilavani Shanmugavadivel, Malliga Subramanian, Poojasree M, Palanimuru-
gan Palanimurugan and Roshini Priya

MysticCIOL@ DravidianLangTech 2025: A Hybrid Framework for Sentiment
Analysis in Tamil and Tulu Using Fine-Tuned SBERT Embeddings and Custom
MLP Architectures

Minhaz Chowdhury, Arnab Laskar, Taj Ahmad and Azmine Toushik Wasi
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16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30

KEC_AI_DATA_DRIFTERS @ DravidianLangTech 2025: Fake News Detection
in Dravidian Languages

Kogilavani Shanmugavadivel, Malliga Subramanian, Vishali K S, Priyanka B and
Naveen Kumar K

KECEmpower@ DravidianLangTech 2025: Abusive Tamil and Malayalam Text
targeting Women on Social Media

Malliga Subramanian, Kogilavani Shanmugavadivel, Indhuja V S, Kowshik P and
Jayasurya S

KEC_AI_GRYFFINDOR @ DravidianLangTech 2025: Multimodal Hate Speech
Detection in Dravidian languages

Kogilavani Shanmugavadivel, Malliga Subramanian, ShahidKhan S, Shri
Sashmitha.s and Yashica S

KECLinguAlsts@ DravidianLangTech 2025: Detecting Al-generated Product
Reviews in Dravidian Languages

Malliga Subramanian, Rojitha R, Mithun Chakravarthy Y, Renusri R V and
Kogilavani Shanmugavadivel

DII5143@DravidianLangTech 2025: Majority Voting-Based Framework for
Misogyny Meme Detection in Tamil and Malayalam
Sarbajeet Pattanaik, Ashok Yadav and Vrijendra Singh

KEC_AI_VSS_run2@ DravidianLangTech 2025: Abusive Tamil and Malayalam
Text targeting Women on Social Media

Kogilavani Shanmugavadivel, Malliga Subramanian, Sathiyaseelan S, Suresh
Babu K and Vasikaran S

The_Deathly_Hallows @ DravidianLangTech 2025: Al Content Detection in Dra-
vidian Languages

Kogilavani Shanmugavadivel, Malliga Subramanian, Vasantharan K, Prethish G
A and Vijayakumaran S

SSN_MMHS @ DravidianLangTech 2025: A Dual Transformer Approach for
Multimodal Hate Speech Detection in Dravidian Languages
Jahnavi Murali and Rajalakshmi Sivanaiah

InnovateX @ DravidianLangTech 2025: Detecting AI-Generated Product Reviews
in Dravidian Languages
Moogambigai A, Pandiarajan D and Bharathi B

KSK@DravidianLangTech 2025: Political Multiclass Sentiment Analysis of
Tamil X (Twitter) Comments Using Incremental Learning
Kalaivani K S, Sanjay R, Thissyakkanna S M and Nirenjhanram S K

BlueRay@ DravidianLangTech-2025: Fake News Detection in Dravidian Lan-
guages

Kogilavani Shanmugavadivel, Malliga Subramanian, Aiswarya M, Aruna T and
Jeevaananth S

XX Vi
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16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30
16:00 - 17:30

KEC_AI_ZEROWATTS @ DravidianLangTech 2025: Multimodal Hate Speech
Detection in Dravidian languages

Kogilavani Shanmugavadivel, Malliga Subramanian, Naveenram C E, Vishal RS
and Srinesh S

MNLP @ DravidianLangTech 2025: A Deep Multimodal Neural Network for Hate
Speech Detection in Dravidian Languages
Shraddha Chauhan and Abhinav Kumar

MSM_CUET@DravidianLangTech 2025: XLM-BERT and MuRIL Based Trans-
former Models for Detection of Abusive Tamil and Malayalam Text Targeting

Women on Social Media
Md Mizanur Rahman, Srijita Dhar, Md Mehedi Hasan and Hasan Murad

MNLP @ DravidianLangTech 2025: Transformer-based Multimodal Framework
for Misogyny Meme Detection
Shraddha Chauhan and Abhinav Kumar

Code_Conquerors @ DravidianLangTech 2025: Deep Learning Approach for
Sentiment Analysis in Tamil and Tulu

Harish Vijay V, Ippatapu Venkata Srichandra, Pathange Omkareshwara Rao and
Premjith B

KEC_TECH_TITANS @ DravidianLangTech 2025: Abusive Text Detection in
Tamil and Malayalam Social Media Comments Using Machine Learning
Malliga Subramanian, Kogilavani Shanmugavadivel, Deepiga P, Dharshini S,
Ananthakumar S and Praveenkumar C

JustATalentedTeam @ DravidianLangTech 2025: A Study of ML and DL ap-
proaches for Sentiment Analysis in Code-Mixed Tamil and Tulu Texts
Ponsubash Raj R, Paruvatha Priya B and Bharathi B

KEC_TECH_TITANS @ DravidianLangTech 2025:Sentiment Analysis for Low-
Resource Languages: Insights from Tamil and Tulu using Deep Learning and
Machine Learning Models

Malliga Subramanian, Kogilavani Shanmugavadivel, Dharshini S, Deepiga P,
Praveenkumar C and Ananthakumar S

Code_Conquerors @ DravidianLangTech 2025: Multimodal Misogyny Detection
in Dravidian Languages Using Vision Transformer and BERT

Pathange Omkareshwara Rao, Harish Vijay V, Ippatapu Venkata Srichandra,
Neethu Mohan and Sachin Kumar S

YenLP_CS@ DravidianLangTech 2025: Sentiment Analysis on Code-Mixed
Tamil-Tulu Data Using Machine Learning and Deep Learning Models
Raksha Adyanthaya and Rathnakara Shetty P

LinguAlsts @ DravidianLangTech 2025: Abusive Tamil and Malayalam Text tar-
geting Women on Social Media
Dhanyashree G, Kalpana K, Lekhashree A, Arivuchudar K, Arthi R, Bommineni
Sahitya, Pavithra J and Sandra Johnson
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16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

KEC-Elite-Analysts@ DravidianLangTech 2025:  Deciphering Emotions in
Tamil-English and Code-Mixed Social Media Tweets

Malliga Subramanian, Aruna A, Anbarasan T, Amudhavan M, Jahaganapathi S
and Kogilavani Shanmugavadivel

Cyber Protectors@ DravidianLangTech 2025: Abusive Tamil and Malayalam
Text Targeting Women on Social Media using FastText

Rohit VP, Madhav M, Ippatapu Venkata Srichandra, Neethu Mohan and Sachin
Kumar S

LinguAlsts @ DravidianLangTech 2025: Misogyny Meme Detection using multi-
model Approach

Arthi R, Pavithra J, Dr G Manikandan, Lekhashree A, Dhanyashree G, Bommi-
neni Sahitya, Arivuchudar K and Kalpana K

CUET_Agile@DravidianLangTech 2025: Fine-tuning Transformers for Detect-
ing Abusive Text Targeting Women from Tamil and Malayalam Texts
Tareque Md Hanif and Md Rashadur Rahman

Necto@ DravidianLangTech 2025: Fine-tuning Multilingual MiniLM for Text
Classification in Dravidian Languages
Livin Nector Dhasan

CUET-823@DravidianLangTech 2025: Shared Task on Multimodal Misogyny
Meme Detection in Tamil Language

Arpita Mallik, Ratnajit Dhar, Udoy Das, Momtazul Arefin Labib, Samia Rahman
and Hasan Murad

Hermes@ DravidianLangTech 2025: Sentiment Analysis of Dravidian Languages
using XLM-RoBERTa

Emmanuel George P, Ashiq Firoz, Madhav Murali, Siranjeevi Rajamanickam
and Balasubramanian Palani

SSNTrio@ DravidianLangTech 2025: Identification of AI Generated Content in
Dravidian Languages using Transformers
J Bhuvana, Mirnalinee T T, Rohan R, Diya Seshan and Avaneesh Koushik

SSNTrio @ DravidianLangTech 2025: Sentiment Analysis in Dravidian Lan-
guages using Multilingual BERT
J Bhuvana, Mirnalinee T T, Diya Seshan, Rohan R and Avaneesh Koushik

NLP_goats@DravidianLangTech 2025: Detecting Fake News in Dravidian Lan-
guages: A Text Classification Approach
Srihari V K, Vijay Karthick Vaidyanathan and Thenmozhi Durairaj

NLP_goats@DravidianLangTech 2025: Towards Safer Social Media: Detecting

Abusive Language Directed at Women in Dravidian Languages
Vijay Karthick Vaidyanathan, Srihari V K and Thenmozhi Durairaj
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16:00 - 17:30 HerWILL@ DravidianLangTech 2025: Ensemble Approach for Misogyny Detec-
tion in Memes Using Pre-trained Text and Vision Transformers
Neelima Monjusha Preeti, Trina Chakraborty, Noor Mairukh Khan Arnob, Sai-
yara Mahmud and Azmine Toushik Wasi

16:00 - 17:30 Cognitext@ DravidianLangTech2025: Fake News Classification in Malayalam
Using mBERT and LSTM
Shriya Alladi and Bharathi B

16:00 - 17:30 NLP_goats_DravidianLangTech_2025__Detecting_Al_Written_Reviews_for_Consumer_Trust
Srihari V K, Vijay Karthick Vaidyanathan, Mugilkrishna D U and Thenmozhi
Durairaj

16:00 - 17:30 RATHAN@ DravidianLangTech 2025: Annaparavai - Separate the Authentic Hu-
man Reviews from Al-generated one
Jubeerathan Thevakumar and Luheerathan Thevakumar

16:00 - 17:30 DLRG @ DravidianLangTech 2025: Multimodal Hate Speech Detection in Dra-
vidian Languages
Ratnavel Rajalakshmi, Ramesh Kannan, Meetesh Saini and Bitan Mallik

16:00 - 17:30 Team ML_Forge @ DravidianLangTech 2025: Multimodal Hate Speech Detection
in Dravidian Languages
Adnan Faisal, Shiti Chowdhury, Sajib Bhattacharjee, Udoy Das, Samia Rahman,
Momtazul Arefin Labib and Hasan Murad

16:00 - 17:30 codecrackers @ DravidianLangTech 2025: Sentiment Classification in Tamil and
Tulu Code-Mixed Social Media Text Using Machine Learning
Lalith Kishore V P, Dr G Manikandan, Mohan Raj M A, Keerthi Vasan A and
Aravindh M

16:00 - 17:30 CUET_Ignite@DravidianLangTech 2025: Detection of Abusive Comments in
Tamil Text Using Transformer Models
MD.Mahadi Rahman, Mohammad Minhaj Uddin and Mohammad Shamsul Are-
fin

16:00 - 17:30 CUET _Absolute_Zero@ DravidianLangTech 2025: Detecting Al-Generated
Product Reviews in Malayalam and Tamil Language Using Transformer Mod-
els
Anindo Barua, Sidratul Muntaha, Momtazul Arefin Labib, Samia Rahman, Udoy
Das and Hasan Murad

16:00 - 17:30 MNLP @ DravidianLangTech 2025: Transformers vs. Traditional Machine
Learning: Analyzing Sentiment in Tamil Social Media Posts
Abhay Vishwakarma and Abhinav Kumar

16:00 - 17:30 shimig @ DravidianLangTech2025: Stratification of Abusive content on Women in

Social Media
Gersome Shimi, Jerin Mahibha C and Thenmozhi Durairaj
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16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

SSNTrio @ DravidianLangTech2025: LLM Based Techniques for Detection of
Abusive Text Targeting Women
Mirnalinee T T, J Bhuvana, Avaneesh Koushik, Diya Seshan and Rohan R

CUET-NLP_MP @ DravidianLangTech 2025: A Transformer and LLM-Based
Ensemble Approach for Fake News Detection in Dravidian

Md Minhazul Kabir, Md. Mohiuddin, Kawsar Ahmed and Mohammed Moshiul
Hoque

CUET-NLP_Big_O@ DravidianLangTech 2025: A Multimodal Fusion-based Ap-
proach for Identifying Misogyny Memes

Md. Refaj Hossan, Nazmus Sakib, Md. Alam Miah, Jawad Hossain and Mo-
hammed Moshiul Hoque

LexiLogic @ DravidianLangTech 2025: Detecting Misogynistic Memes and Abu-
sive Tamil and Malayalam Text Targeting Women on Social Media
Niranjan Kumar M, Pranav Gupta, Billodal Roy and Souvik Bhattacharyya

CUET-NLP_Big_O@ DravidianLangTech 2025: A BERT-based Approach to De-
tect Fake News from Malayalam Social Media Texts

Nazmus Sakib, Md. Refaj Hossan, Alamgir Hossain, Jawad Hossain and Mo-
hammed Moshiul Hoque

LexiLogic@DravidianLangTech 2025: Detecting Fake News in Malayalam and
Al-Generated Product Reviews in Tamil and Malayalam
Souvik Bhattacharyya, Pranav Gupta, Niranjan Kumar M and Billodal Roy

SSNTrio @ DravidianLangTech 2025: Hybrid Approach for Hate Speech Detec-
tion in Dravidian Languages with Text and Audio Modalities
J Bhuvana, Mirnalinee T T, Rohan R, Diya Seshan and Avaneesh Koushik

Fired_from_NLP@ DravidianLangTech 2025: A Multimodal Approach for De-
tecting Misogynistic Content in Tamil and Malayalam Memes

Md. Sajid Alam Chowdhury, Mostak Mahmud Chowdhury, Anik Mahmud
Shanto, Jidan Al Abrar and Hasan Murad

One_by_zero@ DravidianLangTech 2025: Fake News Detection in Malayalam
Language Leveraging Transformer-based Approach

Dola Chakraborty, Shamima Afroz, Jawad Hossain and Mohammed Moshiul
Hoque

CUET_Novice@DravidianLangTech 2025: A Multimodal Transformer-Based
Approach for Detecting Misogynistic Memes in Malayalam Language
Khadiza Sultana Sayma, Farjana Alam Tofa, Md Osama and Ashim Dey

teamiic @ DravidianLangTech2025-NAACL 2025: Transformer-Based Multi-
modal Feature Fusion for Misogynistic Meme Detection in Low-Resource Dra-
vidian Language

Harshita Sharma, Simran Simran, Vajratiya Vajrobol and Nitisha Aggarwal

XXX
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16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

CUET _Novice@DravidianLangTech 2025: Abusive Comment Detection in
Malayalam Text Targeting Women on Social Media Using Transformer-Based
Models

Farjana Alam Tofa, Khadiza Sultana Sayma, Md Osama and Ashim Dey

SemanticCuetSync @ DravidianLangTech 2025: Multimodal Fusion for Hate
Speech Detection - A Transformer Based Approach with Cross-Modal Attention
Md. Sajjad Hossain, Symom Hossain Shohan, Ashraful Islam Paran, Jawad Hos-
sain and Mohammed Moshiul Hoque

CUET _Novice@ DravidianLangTech 2025: A Bi-GRU Approach for Multiclass
Political Sentiment Analysis of Tamil Twitter (X) Comments
Arupa Barua, Md Osama and Ashim Dey

CIC-NLP @ DravidianLangTech 2025: Detecting Al-generated Product Reviews
in Dravidian Languages

Tewodros Achamaleh, Tolulope Olalekan Abiola, Lemlem Eyob Kawo, Mikiyas
Mebraihtu and Grigori Sidorov

One_by_zero@ DravidianLangTech 2025: A Multimodal Approach for Misogyny
Meme Detection in Malayalam Leveraging Visual and Textual Features

Dola Chakraborty, Shamima Afroz, Jawad Hossain and Mohammed Moshiul
Hoque

CUET-NLP_MP @ DravidianLangTech 2025: A Transformer-Based Approach
for Bridging Text and Vision in Misogyny Meme Detection in Dravidian Lan-
guages
Md. Mohiuddin, Md Minhazul Kabir, Kawsar Ahmed and Mohammed Moshiul
Hoque

CUET _NetworkSociety@ DravidianLangTech 2025: A Transformer-Based Ap-
proach to Detecting AI-Generated Product Reviews in Low-Resource Dravidian
Languages

Sabik Aftahee, Tofayel Ahmmed Babu, MD Musa Kalimullah Ratul, Jawad Hos-
sain and Mohammed Moshiul Hoque

CUET _NetworkSociety@ DravidianLangTech 2025: A Multimodal Framework
to Detect Misogyny Meme in Dravidian Languages

MD Musa Kalimullah Ratul, Sabik Aftahee, Tofayel Ahmmed Babu, Jawad Hos-
sain and Mohammed Moshiul Hoque

CUET _NetworkSociety@ DravidianLangTech 2025: A Transformer-Driven Ap-
proach to Political Sentiment Analysis of Tamil X (Twitter) Comments

Tofayel Ahmmed Babu, MD Musa Kalimullah Ratul, Sabik Aftahee, Jawad Hos-
sain and Mohammed Moshiul Hoque

cantnlp @ DravidianLangTech-2025: A Bag-of-Sounds Approach to Multimodal
Hate Speech Detection
Sidney Wong and Andrew Li

LexiLogic@DravidianLangTech 2025: Multimodal Hate Speech Detection in
Dravidian languages XXX1
Billodal Roy, Pranav Gupta, Souvik Bhattacharyya and Niranjan Kumar M
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16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

16:00 - 17:30

LexiLogic @ DravidianLangTech 2025: Political Multiclass Sentiment Analysis of
Tamil X(Twitter) Comments and Sentiment Analysis in Tamil and Tulu
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Abstract

There is widespread of misinformation on fu-
turistic technology and society. To accurately
detect such news, the algorithms require up-to-
date knowledge. The Large Language Models
excel in the NLP but cannot retrieve the ongo-
ing events or innovations. For example, GPT
and it’s variants are restricted till the knowl-
edge of 2021. We introduce a new methodology
for the identification of fake news pertaining
to futuristic technology and society. Leverag-
ing the power of Google Knowledge, we en-
hance the capabilities of the GPT-3.5 language
model, thereby elevating its performance in
the detection of misinformation. The proposed
framework exhibits superior efficacy compared
to established baselines with the accuracy of
81.04%. Moreover, we propose a novel dataset
consisting of fake news in three languages En-
glish, Telugu and Tenglish of around 21000
from various sources.

1 Introduction

In the rapidly evolving landscape of futuristic tech-
nology, misinformation has become a pervasive and
concerning issue. As groundbreaking innovations
such as artificial intelligence, quantum computing,
and advanced robotics continue to shape the future,
the spread of inaccurate or exaggerated informa-
tion about these technologies can have profound
effects(Marche et al., 2023). Misinformation can
distort public perceptions, creating unwarranted
fears or unrealistic expectations about the capabil-
ities and implications of these technologies. This,
in turn, may lead to misguided policy decisions,
hinder the adoption of beneficial technologies, or
even fuel unnecessary public concerns that impede
the responsible development of emerging innova-
tions(Raponi et al., 2022; Wang et al., 2023).
Moreover, misinformation in the realm of futur-
istic technology can contribute to a lack of trust in
scientific advancements and technological progress.
When individuals are exposed to sensationalized or
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Figure 1: Examples of the fake news related to futuristic
technology and society in Telugu and Tenglish. The text
in blue color is the translation of the news in English.

inaccurate portrayals of futuristic technologies, it
erodes the foundation of public confidence in the
scientific community and the technology industry.
This erosion of trust can impede collaboration be-
tween researchers, policymakers, and the public,
hindering the collective efforts needed to navigate
the ethical, social, and economic challenges associ-
ated with emerging technologies. To address this
issue, it is crucial for scientists, technologists, and
communicators to prioritize accurate and accessi-
ble information, fostering a more informed and
discerning public that can engage with the future
of technology in a responsible and constructive
manner.

To effectively identify and counteract such disin-
formation, detection algorithms need real-time data
to understand the context and verify the accuracy of
the information being circulated. Timely updates
ensure that the models can recognize and respond
to emerging trends, preventing the amplification of
false narratives that may contribute to confusion,
panic, or even influence public opinion and pol-
icy decisions during critical moments in a conflict.
To facilitate this up-to-time knowledge update, on-
tologies and graphs can be employed, offering a
structured representation of information that aids
in discerning patterns and relationships(Xue and
Liu, 2023; Xie et al., 2023).

However, the construction of such ontologies
and graphs is a meticulous process that demands
time and expertise. Additionally, the rigidity of
these structures makes them less adaptable when



transitioning to different domains or subjects. The
intricate task of preparing and maintaining these
knowledge structures poses a challenge to swiftly
respond to evolving scenarios or to seamlessly shift
focus to other areas of concern. To overcome these
challenges, a pragmatic approach involves lever-
aging Google’s extensive and constantly updated
knowledge base. Google serves as a reservoir of
real-time information on a myriad of topics, includ-
ing geopolitical events and war-related develop-
ments. By tapping into this vast repository, we can
circumvent the time-consuming process of manual
ontology creation and instead harness the immedi-
acy and breadth of Google’s knowledge.

By integrating Google’s dynamic knowledge
with the natural language processing (NLP) capabil-
ities of GPT (Generative Pre-trained Transformer),
we create a potent synergy. GPT’s proficiency in
understanding and generating human-like text, cou-
pled with the real-time insights provided by Google,
empowers the system to make more informed and
timely predictions regarding the authenticity or fal-
sity of information related to war.

This fusion of GPT’s linguistic prowess with
Google’s up-to-date knowledge not only enhances
the accuracy of fake news detection but also en-
sures adaptability to the ever-evolving landscape
of information. As a result, this approach not only
improves the predictive capabilities in the context
of war-related news but also establishes a robust
framework that can be extended to different do-
mains, demonstrating a versatility that is crucial
in the fast-paced and diverse world of information
analysis.

How can we seamlessly integrate Google’s
knowledge into GPT? One approach involves
leveraging Langchain, or alternatively, employing
prompting techniques. However, it’s crucial to note
that these techniques are essentially prompts and
might not outperform, especially since GPT isn’t
explicitly trained to detect fake news. Addressing
this necessitates additional training within the con-
text. In this paper, we present a method on how
to effectively infuse GPT with knowledge derived
from Google, enhancing its capabilities.

The key contributions of our work is as follows:

1. Novel dataset: We present a novel dataset
with gold human labelled dataset in three lan-
guages, Telugu, English and Tenglish.

2. We have implemented baselines on latest ap-
proaches like Langchain, GPT-3.5, etc.

3. Novel Approach: We present a new algo-
rithm by leveraging Google’s knowledge and
GPT’s capabilities.

2 Related Work

Several approaches have been proposed for de-
tecting and mitigating the spread of fake news
across diverse linguistic and thematic domains.
Schiitz (2023) introduced a disinformation detec-
tion method that leverages knowledge infusion
through transfer learning and visualizations. Rehm
et al. (2018) presented an infrastructure for han-
dling fake news and online media phenomena, in-
corporating both automatic and manual web an-
notations. Zhu et al. (2022) proposed a memory-
guided multi-view multi-domain fake news detec-
tion framework, emphasizing the importance of
multi-modal information. Duong et al. (2023) uti-
lized knowledge graph, Datalog, and KG-BERT
for fact-checking Vietnamese information.

Ahmed et al. (2022) focused on automatically
generating temporally labeled data using positional
lexicon expansion for the purpose of estimating the
focus time of news articles. Singhal et al. (2022)
established FactDrill, a data repository containing
fact-checked social media content, facilitating the
study of fake news incidents in India. Thaokar et al.
(2022) developed a multi-linguistic fake news de-
tector for Hindi, Marathi, and Telugu, emphasizing
the importance of linguistic diversity in detection
models.

Raja et al. (2023) proposed a method for fake
news detection in Dravidian languages using trans-
fer learning with adaptive fine-tuning, addressing
linguistic nuances. Yigezu et al. (2023) explored
abusive comment detection in Dravidian languages,
employing a deep learning approach. Briskilal et al.
(2023) introduced an ensemble method for classify-
ing Telugu idiomatic sentences using deep learning
models, contributing to the understanding of local
linguistic patterns.

Arya et al. (2022) leveraged question answer-
ing to understand context-specific patterns in fact-
checked articles in the global South. Ren et al.
(2023) proposed fake news classification using ten-
sor decomposition and a graph convolutional net-
work. Xie et al. (2023) introduced a knowledge
graph-enhanced heterogeneous graph neural net-
work for fake news detection, emphasizing the
importance of structured information. Che et al.
(2023) proposed tensor factorization with sparse



and graph regularization for fake news detection
on social networks.

Han et al. (2021) discussed the generation of
fake documents using probabilistic logic graphs,
providing insights into potential adversarial tech-
niques. Ding et al. (2022) introduced Metadetec-
tor, a meta-event knowledge transfer approach for
fake news detection. Zhu et al. (2021) presented a
knowledge-enhanced approach for fact-checking
and verification, highlighting the role of knowledge
graphs. Clark et al. (2021) integrated transformers
and knowledge graphs for Twitter stance detection,
demonstrating the effectiveness of combining these
two powerful techniques.

Our proposed dataset focuses specifically on
fake news related to futuristic technology and so-
ciety, providing a unique thematic perspective.
Moreover, our algorithm incorporates a fusion of
Google’s knowledge and the GPT-3.5 model, offer-
ing a novel and robust approach to fake news detec-
tion in this distinctive domain. This combination
of thematic focus and advanced model integration
contributes to the enrichment and diversification
of the existing landscape of fake news detection
methodologies.

3 Data

Data is sourced from Twitter posts and news arti-
cles, with newspapers such as The Hindu, Eenadu,
Deccan Chronicle, Sakshi, Andhrajyothi, Times of
India, and The Indian Express contributing to the
dataset. To uphold anonymity and adhere to ethical
considerations, the information collected from both
newspapers and social media posts is paraphrased.
For the paraphrasing of English and Telugu data,
a freely available paraphrase tool (paraphrase-
tool.com), accommodating multiple languages, is
employed. Specifically for Tenglish data, anno-
tators are tasked with manual paraphrasing. The
collected data pertains to three languages: Telugu,
English, and Tenglish, all focusing on futuristic
technology and society. All the news articles and
posts gathered are till the May 2023.

Data Annotation: Our goal was to acquire man-
ual ground-truth labels indicating the presence of a
string evidence to claim the information is fake or
real. We distributed the collected data in batches
to annotators, ensuring that each data point was as-
sessed by multiple annotators to minimize labeling
errors. Additionally, we ensured that the same an-
notator did not review the same pairs across batches.

Table 1: Statistics of the Dataset

Source | label 0 label 1 | Overall
Telugu Newspapers | 2792 2864 | 5656
English Newspapers | 2136 2386 | 4522
Twitter (Telugu) | 573 655 | 1228
Twitter (English) | 1258 1372 | 2630
Twitter (Tenglish) ‘ 3538 3850 ‘ 7388
Total | 10297 11127 | 21424

Subsequently, annotators labeled the data, and fi-
nally, we aggregated the labels from all annotators
into a single label.

A total of 6 journalists working for the Telugu
media and are proficient in English are assigned
tasks to complete the annotation, including 4 jour-
nalists of experience 3 to 5 years and two senior
journalists having the experience of 10+ years. To
maintain label quality and reduce subjectivity, a
minimum of two annotators needed to agree for a
label to be included in the dataset. In cases where
the first two annotators did not agree, up to three
additional annotators were assigned to annotate.

In the labeling of annotators had to choose from
the four labels:

1. "True" - The provided information has signifi-
cant evidence to claim as true news.

2. "Requires Advice from Senior Journalist" -
The information provided requires more ex-
pertise to decide whether the information is
true or false.

3. "Fake" - The provided information contradicts
the fact or the information has significant evi-
dence to claim false.

4. "Indeterminate" - There is insufficient evi-
dence to make a clear decision on whether
the information is true or false.

Data labelled as "Indeterminate" by both annota-
tors is excluded. Text labelled as "Requires Advice
from Senior Journalist" is presented to two senior
journalists, who are asked to categorize the infor-
mation as true, false, or indeterminate. The senior
journalists independently provide labels initially,
and in cases of conflicting labels, they engage in
discussions to resolve difference.

We have computed inter annotator scores for
the annotators Krippendorff’s Alpha score as met-
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ric(Krippendorff, 2011). For the four annota-
tors(a,b,c,d) the scores for each pair of annotators
are agqp = 0.863, age = 0.837, a,q = 0.847,
ape = 0.872, apg = 0.861 and aq = 0.854, . To
find out the overall agreement score, the average
score for the four annotators , « = 0.856. The inter
agreement scores for the senior journalists is 0.876.
The overall average score, ar = 0.866.

Statistics: Table I illustrates the statistics of
the dataset. The dataset analysis highlights the
distribution of true and false news across various
sources. Telugu and English newspapers contribute
a balanced representation, with both categories con-
taining over 2000 instances each. Notably, the
Tenglish Twitter category, combining Telugu and
English tweets, stands out with a substantial 7388
instances, underscoring its significance as a major
source of news content. This Twitter category ex-
hibits a higher volume of both true and false news
compared to traditional newspapers.

In total, the dataset comprises 21424 instances,
with 10297 instances labeled as true news and
11127 instances labeled as false news. The findings
underscore the necessity of source-specific consid-
erations in addressing misinformation, as different
platforms exhibit varying levels of reliability. The
insights gleaned from this analysis can guide the
development of more nuanced and effective strate-
gies for detecting and mitigating misinformation
in news content, particularly on dynamic platforms
like Twitter.

4 Methodology

4.1 Proposed Algorithm

The proposed algorithm centers around enhancing
the capabilities of GPT-3.5 to discern fake news
through the integration of information gathered
from Google. This strategic approach involves ini-
tiating the algorithm by forwarding the input text
to Google, retrieving the top five most relevant re-
sults. These selected links serve as repositories of
crucial information germane to the subject matter
of the given news or text. By extracting text from
these links, the algorithm gains access to insights
encompassing technological advancements and so-
cietal developments. This real-time and up-to-date
information proves invaluable, particularly terms
unfamiliar to GPT-3.5 and tracking developments
beyond its training data cut-off in 2021.

The knowledge acquired from these web results
becomes an integral part of the fine-tuning pro-
cess. In this phase, the text obtained from Google
is seamlessly integrated with the original news in-
put provided to GPT-3.5, as illustrated in Figure
2. The main goal during the fine-tuning is to en-
rich the model’s understanding by incorporating
the wealth of information garnered from Google.
This amalgamation enhances the model’s grasp of
context, allowing it to better comprehend and inter-
pret the intricacies of the information it processes.
By training GPT-3.5 with insights from Google,
the algorithm seeks to capitalize on the external
knowledge to bolster the model’s discernment capa-
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bilities. This additional layer of information equips
the model with a broader contextual understanding,
enabling it to explore through news content more
effectively and identify potential instances of misin-
formation. In essence, the integration of real-time
information from Google serves as a dynamic en-
hancement strategy, addressing the evolving land-
scape of information beyond the initial training
scope of the model.

Subsequent to the fine-tuning process, the algo-
rithm seamlessly transitions to the analytical phase
where the news or post targeted for scrutiny is dis-
patched to the Google API for information retrieval.
This interaction initiates a process where the ac-
quired information is systematically fed into the
fine-tuned GPT-3.5 model, as visually depicted in
Figure 3. Given that the model has undergone ex-
plicit training with the infusion of knowledge from
Google, it manifests advanced predictive capabili-
ties in comparison to baseline implementations.

The collaborative synergy between the fine-
tuned model and the information retrieved from
the Google API underscores a sophisticated ap-
proach to tackling the challenges associated with
fake news detection. By leveraging external knowl-
edge, the algorithm not only adapts to the evolving
landscape of information but also enhances its ana-
Iytical prowess, contributing to a more robust and
effective tool for the detection of fake news and
posts in the digital sphere.

To explain in detail we present the mathematical
equations. 7 represents the news from the dataset
and N; the tokens of the news. C'is the represen-
tation of the label. Assuming G is the notation for
the Google search API.

News : = {N1,Na,...,N,} €))

1, if fake news

= . J (2)
0, if true news

m = G(N1,No,...,Nyp) 3)

m represents the results obtained from the
Google search API with 7; as the links. Then the
text Kj; is extracted from 7; using ¢ function while
extracts the text from the web links.

T =AT1,72, ..., Tm} 4
KZ' = E(Ti) (5)
K; = {t1,t2,...,to} (6)

t; are the tokens of the text K;. From the ob-
tained web results the text from first five results
is taken and denoted as K. The knowledge in
addition with the news is fine-tuned on GPT-3.5
with W, B as parameters of the model with loss
function L and F represents the fine-tuned model.

Ke ={K1, Ks,..., K5} (N

F(W,B) = arg IVI‘}}B Le({Ki+ K+ Ks+Ki+Ks+n}, )

®)

7¢ is the news to be predicted with tokens Ny,.

The news is input to the Google search and the
knowledge extracted is K¢, .

e = {Ney, Nigy oo, Ney } 9

KGt = {Ktvitza"'ths} (10)

Py = F({Kt, + Kt, + Kty + Kiy + Keg +1})  (11)

The knowledge and news is input to the fine-tuned
model F' and the models outputs the prediction P;.

4.2 Baselines

The data is multilingual, consists of two different
languages and a mixed language. So, we have
opted multilingual baselines. So, that it could be
suitable to evaluate. The implemented baselines



are: (i) GPT 3.5 (Chen et al., 2023); (ii) GPT 3
(Brown et al., 2020);(iii) LLAMA 2(Touvron et al.,
2023); (iv) multilingual BERT (Pires et al., 2019);
(v)XLM-RoBERTa(Conneau et al., 2020), (vi) In-
tegrating Google and GPT using Langchain(IGL)
and (vii) few shot prompting with GPT-3.5.

For the implementation of IGL we have utilised
the prompting technique the prompt is “Predict
whether the following is fake news or not?: \n \n
(The news/post)". For few shot prompting tech-
nique, we have prompted the GPT model by pro-
viding with five random examples from the dataset.

For the BERT-like models we have used Google
Colab free GPU. For LLAMA 2 7B, 13B we have
used Nvidia GPU of 108GB RAM. For the GPT
models we have utilised the OpenAlI API for fine-
tuning and few shot prompting of the GPT-3.5.The
hyperparameters used for the baselines are epoch
5, learning rate 2e-5, weight decay 0.01, frequency
penalty O, presence penalty 0.

5 Experimental Results

Table 2 presents the experimental results for the
experiments performed in this study. Telugu-
BERT, mBERT, and XLM RoBERTa exhibited
competitive performance in the detection of fake
news, with accuracy values of 62.37%, 68.15%,
and 69.82%, respectively. Among these, XLM
RoBERTa achieved the highest accuracy. This
might be because ROBERTa is multilingual and as
it is enhanced form of BERT. Among the few-shot
learning models, Few shot GPT-4 outperformed
Few shot GPT-3.5 and IGL, achieving an accuracy
of 43.57%. The latter two models demonstrated ac-
curacy values of 41.86% and 51.49%, respectively.
The IGL performed better than other prompting
techniques this is because of accessing web and
gains relevant up to date information.

The LLAMA models, LLAMA 2 7B and
LLAMA 2 13B, exhibited superior performance
compared to the previous models, achieving accu-
racy values of 74.15% and 75.86%, respectively.
Among the GPT-3 models, GPT 3 Davinci demon-
strated the highest accuracy of 75.91%, surpass-
ing GPT 3 Babbage, GPT 3 Curie, and GPT 3
Ada, which achieved accuracy values of 74.57%,
74.36%, and 73.93%, respectively. GPT 3.5 also
performed well, with an accuracy of 76.48%. As it
is a LLM, pretrained on huge textual data and fine-
tuned for detection of the fake news it performed
better. The proposed algorithm performed much

Table 2: Test results: Detection of Fake News

Model \ Precision Recall Accuracy
TeluguBERT 60.27 63.79 62.37
mBERT 65.75 69.56 68.15
XLM RoBERTa 66.72 70.16 69.82
Few shot GPT-3.5 40.62 43.73 41.86
Few shot GPT-4 41.40 43.82 43.57
IGL 50.13 52.32 51.49
LLAMA 2 7B 72.90 76.36 74.15
LLAMA 2 13B 73.61 77.57 75.86
GPT 3 Ada 70.67 74.20 73.93
GPT 3 Babbage 72.45 75.39 74.57
GPT 3 Curie 74.86 73.11 74.36
GPT 3 Davinci 79.26 72.43 7591
GPT 3.5 74.51 77.06 76.48
Proposed method 79.83 82.17 81.04

better than the baselines implemented the main
reason is the algorithm learned accessing web, ex-
tracting knowledge and detecting the fake news.

6 Discussion

In the realm of fake news detection within the fu-
turistic technology landscape, our proposed algo-
rithm, leveraging the fine-tuned GPT-3.5 model
with knowledge infusion from Google, outperforms
other baselines that also integrate GPT-3.5 but lack
dedicated fine-tuning for the specific task of fake
news detection. The effectiveness of our approach
is evident in its nuanced understanding of language,
real-time information retrieval capabilities, and ad-
vanced contextual analysis.

One notable strength of our algorithm lies in its
ability to discern speculative or sensationalized con-
tent that often eludes other baselines. For instance,
when faced with a headline proclaiming "Quantum
Computing Breakthrough Enables Time Travel,"
our algorithm excels at cross-referencing the infor-
mation with recent scientific literature, expert opin-
ions, and official announcements. The fine-tuning
process ensures that it recognizes the nuances in
language that may signal speculative claims, allow-
ing it to accurately identify potential misinforma-
tion where baselines may fall short. Moreover, The
fine-tuning process also equips the algorithm with
a nuanced understanding of language and context,
enhancing its ability to detect subtly misleading
information. Consider the headline "Al Singularity
Imminent: Experts Warn of Global Catastrophe."
Baseline models, integrated with GPT-3.5 but lack-
ing specific fine-tuning, may not grasp the hyper-
bolic nature of the claim. Our algorithm, having



learned from a multitude of sources, recognizes the
speculative tone and lack of substantiated evidence,
contributing to a more accurate identification of
this headline as potential misinformation.

Additionally, the proposed algorithm demon-
strates superior performance in evaluating the cred-
ibility of news related to emerging technologies,
such as blockchain or artificial intelligence. For
instance, when presented with a headline asserting
"Blockchain-Powered Flying Cars Set to Hit the
Market Next Year", our algorithm can thoroughly
analyze the feasibility of such a claim by check-
ing for official statements from industry experts,
regulatory approvals, and technological advance-
ments. In contrast, baselines without dedicated
fine-tuning for fake news detection may struggle to
differentiate between credible and misleading infor-
mation, relying on general language understanding
without the nuanced focus our algorithm provides.
Furthermore, in scenarios involving space explo-
ration and extraterrestrial claims, our algorithm’s
real-time web scraping capabilities ensure that it
can access the latest information from reputable
sources. For example, when confronted with the
headline "NASA Confirms Alien Life on Mars",
our algorithm excels at cross-referencing this infor-
mation with official statements and recent research
findings. The dedicated fine-tuning for fake news
detection enhances its ability to discern credible
sources, enabling it to raise red flags when faced
with sensationalized claims, a capability that might
be lacking in baselines relying solely on GPT-3.5.

In the cases where knowledge retrieved from
Google is incorrect: The Google is not always
correct, sometimes we find blogs containing mis-
information or fake news. The proposed algorithm
performs much better compared to the baselines in
this case. The IGL have false positives as they are
context-based. As the proposed approach is fine-
tuned on data, during the training phase there were
data points where the knowledge from the web is
incorrect/fake but where the label is true news, dur-
ing these cases the web results contradicts with
label, thereby creating confusion when IGL is used.
As the model is fine-tuned it performed well on
these cases as well.

Error Analysis:

While our proposed algorithm demonstrates no-
table strengths in fake news detection within the
futuristic technology domain, there are few scenar-
ios it made errors. The algorithm face challenges

in distinguishing between legitimate speculation
and misinformation in a rapidly evolving field. For
example, if a headline speculates on the potential
future capabilities of a nascent technology, such
as "Experts Predict AI Will Achieve Conscious-
ness Within a Decade," the algorithm struggles
to differentiate between speculative but informed
predictions and baseless claims. Balancing the un-
derstanding of speculative language while avoiding
false positives poses a persistent challenge.

Another potential source of error arises when
the algorithm encounters news that is related to
emerging technologies with limited resources in
Telugu. In this scenario the proposed algorithm
showed lower performance. There are 6 predictions
incorrect for every 10 posts.

From close examination of the predictions we
found that the algorithm struggles to detect posts
in Tenglish language. This might be because the
GPT-3.5 would not have been pretrained on the
Tenglish language and therefore feels difficult to
understand and detect the fake news. Data augmen-
tation or pertaining on Tenglish language would
help in improving the overall performance of the
model.

7 Conclusion and Future Work

In conclusion, this study addresses the issue of
misinformation in the context of futuristic tech-
nology and society. Acknowledging the limita-
tions of existing algorithms, particularly in their
inability to incorporate real-time information, we
proposed a novel methodology that combines the
strengths of Large Language Models, specifically
GPT-3.5, with the dynamic knowledge base pro-
vided by Google Knowledge. By leveraging this
synergy, our framework achieved a commendable
accuracy of 81.04% in detecting fake news.

The future work involves scaling the dataset to
other language like Hindi, Tamil and other Indic
languages. We would also like to develop a pre-
training model especially for Tenglish as it is ex-
pected to perform better. We would like to develop
a dataset in Telugu that also involves the fake news
on investments.

Limitations

This approach is specifically designed for handling
textual data, ensuring optimized performance for
text-based processing. Since it focuses exclusively
on text, image data is not included in the dataset,



allowing for a more streamlined and efficient anal-
ysis. To leverage advanced Al capabilities, we
utilize Google API and OpenAl models, which op-
erate on a structured billing model. This aligns
with standard industry practices for accessing state-
of-the-art machine learning services. While these
models are closed-source, they provide reliable and
high-quality performance for text processing.

Ethics Statement

Our primary goal is to detect fake news while en-
suring that the reputation of sources remains unaf-
fected. To maintain anonymity, we have rephrased
the collected data, preventing any potential repu-
tational impact on sources or users. Additionally,
we strongly oppose any misuse of the dataset for
generating or spreading fake news.
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Abstract

A simile is a powerful figure of speech that
makes a comparison between two different
things via shared properties, often using words
like “like” or “as” to create vivid imagery,
convey emotions, and enhance understanding.
However, computational research on similes is
limited in low-resource languages like Tamil
due to the lack of simile datasets. This work
introduces a manually annotated Tamil Simile
Dataset (TSD) comprising around 1.5k simile
sentences drawn from various sources. Our
data annotation guidelines ensure that all the
simile sentences are annotated with the three
components, namely tenor, vehicle, and con-
text. We benchmark our dataset for simile inter-
pretation and simile generation tasks using cho-
sen pre-trained language models (PLMs) and
present the results. Our findings highlight the
challenges of simile tasks in Tamil, suggest-
ing areas for further improvement. We believe
that TSD will drive progress in computational
simile processing for Tamil and other low-
resource languages, further advancing simile
related tasks in Natural Language Processing.

1 Introduction

A simile is a figure of speech that explicitly com-
pares two different things by saying that one thing
is like another, so it typically contains compar-
ison expressions such as “like” and “as” (Paul,
1970). Similes allow people to create vivid im-
ages and convey emotions in ways that literal lan-
guage cannot. Computational processing of sim-
iles is gaining attention in Natural Language Pro-
cessing (NLP) research which enables the devel-
opment of more engaging conversational systems
(Zheng et al., 2020), creative writing tools (Zhang
et al., 2021) and also enhances applications in sen-
timent analysis (Ge et al., 2023).

Research on simile processing is limited com-
pared to other areas in NLP (Chakrabarty et al.,
2022). Early research lacked dedicated datasets
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[@6m10]veiicLs CUTEVLE [STEEDTEDT |context
[&L6y6iT]renor-

[God]enor [protects]conrext like an
[eyelash]venicre-

SI6U6T [2 LD |renor STHMIEL Sylgul
[LrrIgeneTU]ypmc s GUITEY [ WS ]conrexr-
Her [body]renor [sWayed]conrexr like
[trees]vemce dancing in the wind.

[216960861T]y e CUTELGEU [GLDWQJLb]CONTEXT
2 _h&60T [(6hTLISLD ] rENoR -

Your [memory]gnor [Strikes]conrexr like
[waves]vemcLe-

Table 1: Examples of Tamil simile sentences and com-
ponents.

which made many researchers to create small, task-
specific ones as the field evolved (Ge et al., 2023).
The simile identification task has achieved signif-
icant advances, but other tasks have yet to gain
more traction due to the lack of specifically de-
signed annotated data (Ge et al., 2023). There is
still room for the development of theories that ab-
stractly explain the connection between the com-
pared elements in similes (Lai and Nissim, 2024).
Due to these constraints, simile related tasks are
still challenging for high-resourced languages like
English and Chinese in which most of the research
in similes is centered.

Considering low-resourced languages, research
in computational simile processing is extremely
limited. There are no large datasets or established
resources, and only a few studies have focused
on figurative language like similes in these lan-
guages. Tamil is a language with unique cul-
tural and linguistic expressions due to its agglutina-
tive nature and complex morphological structures
(Keane, 2004). Languages like Tamil are often
overlooked in NLP research due to the lack of suf-
ficient resources like annotated datasets and tools.



The creation of simile datasets has improved
over time with different labeling methods as re-
search and tasks developed (Ge et al., 2023). Dif-
ferent simile tasks require datasets with specifi-
cally annotated components of similes. Currently,
it has become standard to annotate all the compo-
nents, as this can be used across tasks (Yang et al.,
2023; Shao et al., 2024a).

In this work, we present Tamil Simile Datset
(TSD), a simile dataset annotated manually with all
the components of the simile. The contributions of
this paper are:

1. We present the Tamil Simile Dataset (TSD),
which is the first simile dataset for the Tamil
language.

Our monolingual dataset contains 1520 sen-
tences all annotated with TENOR, VEHICLE,
and CONTEXT.

3. We evaluate our dataset for Simile interpreta-
tion and Simile Generation tasks using cho-
sen pre-trained language models and present
the results.

2 Background

A simile (2_suemwwiersfl) is a figure of speech in
which one concept is described in terms of another
known concept that shares similar properties, typi-
cally using comparators like “like” (Guimsv) to em-
phasize the comparison. In a simile, the word or
concept which is being described is the TENOR
(2_6uGwid). The word or concept used to de-
scribe the TENOR is the VEHICLE (2_suwmesrid).
VEHICLE is a component that brings imagery
or qualities to mind for comparison. Addition-
ally, CONTEXT (Qumrgissettenio) is the property
through which the comparison is made. Examples
of simile sentences and annotated components are
shown in Table 1.

3 Related Works

3.1 Simile Datasets

Several datasets have been developed in English
and Chinese, which are high-resourced languages
(Joshi et al., 2020) to support research in simile-
related tasks. Self Labeled Simile (SLS) dataset
(Chakrabarty et al., 2020) and the Writing Polish-
ment Similes (WPS) dataset (Zhang et al., 2021)
consists of automatically annotated sentences and
were used for simile generation tasks. Chinese
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Metaphor (CM) dataset (Su et al., 2016), CMC
dataset (Li et al., 2022), and MSD dataset (Ma
et al., 2023) were annotated with TENOR and VE-
HICLE. These datasets were used for interpreta-
tion and generation tasks. MCP dataset (He et al.,
2022), GraCe dataset (Yang et al., 2023), and the
most recent CMDAG dataset (Shao et al., 2024a)
are annotated with all three components and are
also utilized for both simile interpretation and sim-
ile generation tasks.

Research on similes remains limited in Dravid-
ian languages (Paul et al., 2024). In low-resource
languages, small-scale efforts exist, such as sim-
ile generation in Afrikaans (van Heerden and Bas,
2021), and recently, a Malayalam simile dataset
for identification has been developed (Paul et al.,
2024). Elanchezhiyan et al. (2014) analyzed Tamil
song lyrics to identify simile patterns and attributes
for automatic simile generation, but no dedicated
dataset was released, and further details are un-
available.

3.2 Tasks in Simile Processing

Simile interpretation and simile generation are the
two main directions of the simile study (Yu and
Wan, 2019).

Simile interpretation task focuses on identify-
ing shared properties between the TENOR and
VEHICLE. Early methods relied on word embed-
dings to measure semantic similarity (Zheng et al.,
2020; Bar et al., 2022), but recent work has in-
tegrated knowledge bases like ConceptNet (Gero
and Chilton, 2019; Stowe et al., 2021). PLMs
have further refined interpretation by capturing im-
plicit meanings without predefined rules (Su et al.,
2017). Ma et al. (2023) introduced a task where
models predict the shared property in a simile,
while Chen et al. (2022) used masked language
modeling (MLM) to predict missing simile ele-
ments.

Simile generation task involves constructing
simile expressions. Recent approaches fine-tune
pre-trained language models such as GPT-2 (Li
et al., 2022) or BART (Lewis, 2019) for this task.
Knowledge-driven methods frame it as knowledge
graph completion, generating VEHICLEs based
on relational context (Song et al., 2020). Chen
et al. (2022) refined PLM-based simile matching,
while Yang et al. (2023) used CBART (Shao et al.,
2024b) with multiple constraints for Chinese sim-
ile generation. Ma et al. (2023) extended the task
to dialogue systems, requiring models to select



appropriate VEHICLEs. Recent research under-
scores the importance of PLMs in improving both
simile interpretation and generation tasks.

4 Tamil Simile Dataset

In this section, we present the collection, annota-
tion, and statistics of our manually annotated Tamil
Simile Dataset.

4.1 Data collection

We collected data from various sources. We
used Wikisource API' to get random articles from
Tamil Wikisource and extracted the article con-
tents which contained Tamil simile comparators
such as “Gumsv” (Pola “like”) or “Gumsstm”™ (Pon-
dra “like””). Additionally, we extracted texts
which contained morphemes of “Gumsv” such as
“Gumev” (Pol), “GumrGev” (Pole) and “Gumeyib”
(Polum)—all of which convey the meaning “like”.
This included similes from various kinds of lit-
erature, such as old Tamil scripts like Kambara-
mayanam and Tamil poems, stories, and essays.
We also extracted similes from Tamil song lyrics,
as similes are most frequently used in Tamil songs.
We collected songs from tamil2lyrics.com? and ex-
tracted songs that contained simile comparators as
above.

4.2 Data annotation

We employed 10 annotators to extract meaning-
ful sentences from the collected data. In the
Tamil language, not all the sentences that con-
tain the comparator “Gumev” are similes. For
example, consider the sentence “&g6| ML &S|
o Lymwrss STy mLug Cumey C15fbheg!”
(“Kathavu adaittu utpuramaga thazhittiruppathu
pola therinthathu™) (translates to: “The door
seemed to be locked and slammed inwards™). Here
“Gurmsv” is used to convey a state of appearance
rather than a direct comparison. So our annotators
first extract sentences that are similes and disre-
gard literal sentences.

Sentences annotated as similes are forwarded
to the next stage of the annotation. In this
stage, another 4 annotators annotated the VEHI-
CLE, TENOR, and the CONTEXT of the sen-
tences. When the annotators extract a sentence
as a simile sentence, it will have the comparator
and the VEHICLE word by default. So, annota-
tors are asked to annotate the VEHICLE (it can be

"https://ta.wikisource.org/w/api.php
https://www.tamil2lyrics.com/
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word/phrase/sentence) first. The next step is to an-
notate the TENOR and CONTEXT if it is found in
the sentence. If not, we instructed the annotators
to annotate the TENOR and CONTEXT (both can
be a word/phrase/sentence). We asked the anno-
tators to disregard confusing cases where it is dif-
ficult to find TENOR or CONTEXT. In this way,
we were able to ensure all the simile sentences in
our dataset were annotated with all three compo-
nents. Our annotation process is shown in Figure 1.
Before the components annotation phase, a train-
ing session was conducted, and annotators were
trained with examples and instructed with Tamil
simile principles. A set of 50 sample sentences
sourced from various genres was given to all 4
annotators for component annotation to check the
reliability of their annotation. We computed the
inner-annotator agreement of simile component an-
notation via Krippendorft’s alpha (Krippendorff,
2011). The overall agreement rate was found to
be 0.78. Statistics of TSD are shown in Table 2.

Measurement Value
# Simile Sentences 1520
# Distinct Tenors 706
# Distinct Vehicles 1042
# Distinct Contexts 1077
Average # Words per Sentence 6

Table 2: Statistics of the dataset.

5 Tasks

In this section, we introduce 2 tasks for our Tamil
simile dataset, including the definition of the tasks,
the baselines, evaluation metrics, experimental re-
sults, and analysis.

5.1 Simile Interpretation/Generation Tasks

Following prior work on simile interpretation
(Song et al., 2020; Zheng et al., 2020; He et al.,
2022; Chen et al., 2022; Shuhan et al., 2023) and
simile generation (Song et al., 2020; Chen et al.,
2022; Shuhan et al., 2023), we define Simile Inter-
pretation/Generation (SI/SG) as a fill-mask objec-
tive task. We evaluate the models on 100 samples
from our dataset.

For the simile interpretation task, we remove the
CONTEXT from the simile sentence and replace it
with a blank. The model is required to generate the
missing CONTEXT. Similarly, for the simile gen-
eration task, we remove the VEHICLE from the


https://ta.wikisource.org/w/api.php
https://www.tamil2lyrics.com/

Annotate
source and/or

ikisource |_> target from end to
E:(:;?:itnt;lygs .M:aningful HAnnotate target and/m}j ’ seitence l:ns;l:tt:tne: Y
- possible sm;;te”s‘ecl:it::ce source context exists? J with all three | Remove
Tamil son, similes No Annotate components?
‘ o] S
manually
Figure 1: The data annotation process.

Model Interpretation Generation

MRR! Hits@5! Hits@107 MRR] Hits@5] Hits@101
TamilBERT 0.026 0.05 0.07 0.200 0.27 0.38
IndicBERT v2 0.033 0.06 0.07 0.122 0.20 0.30
MuRIL 0.027 0.06 0.06 0.140 0.21 0.24
XLM-RoBERTa 0.003 0.01 0.01 0.030 0.05 0.06

Table 3: Simile interpretation and generation results (MRR, Hits@5, Hits@10).

simile sentence, leaving a blank, and the model
needs to generate an appropriate VEHICLE. In
both cases, we extract the top 10 predicted words
from the model.

We fine-tune TamilBERT (Joshi, 2022), In-
dicBERT v2 (Doddapaneni et al., 2023), MuRIL
(Khanuja et al., 2021), and XLM-RoBERTa (Con-
neau et al., 2019) on the Tamil Simile Dataset.
These baselines are chosen due to their strong per-
formance in Dravidian and multilingual NLP tasks,
particularly in low-resource settings.

The performance of the models is evaluated us-
ing Mean Reciprocal Rank (MRR), Hits@5, and
Hits@10. MRR measures the average of the recip-
rocal ranks of'the first correct prediction, providing
insight into how well models rank the correct com-
pletion. Hits@5 and Hits@10 measure the propor-
tion of cases where the correct word appears within
the top 5 and top 10 predictions.

6 Results and Discussion

Table 3 presents the results of simile interpretation
and generation tasks. Simile interpretation task
yielded lower results compared to the generation
task, which may be attributed to the structural char-
acteristics of Tamil simile sentences, where con-
textual information is sometimes omitted. This
aspect requires further investigation. The Tamil-
BERT model achieved relatively high scores in
the simile generation task, indicating that a mono-
lingual model trained specifically on Tamil data
can be more effective for simile processing in the

13

Tamil language. Additionally, models pre-trained
on Indian languages, such as IndicBERT v2 and
MuRIL, demonstrated reasonable performance in
simile generation. In contrast, XLM-RoBERTa, a
multilingual model trained on 100 languages, ex-
hibited weaker performance in simile-related tasks.
These findings highlight the impact of language-
specific pretraining in low-resource NLP, particu-
larly for complex tasks like simile processing.

Interestingly, the simile interpretation task
showed significant improvement during the fine-
tuning phase. Initially, the models generated irrele-
vant tokens such as “##:mGg”, ““-”, and “"##:g)”.
After fine-tuning, the predictions were contextu-
ally appropriate, including words like “Limp&@gLb”
(flying), “susmembg” (curved), and “sjpsmesr”
(beautiful). However, we found that many error
predictions occurred when the CONTEXT was not
a noun or when morphemes complicated interpre-
tation. Further investigation into the effect of tok-
enization on this task could provide deeper insights
into these behaviors. For the generation task, mod-
els struggled to predict words that are not so com-
monly occurring in Tamil language. Exploring al-
ternative fine-tuning techniques may improve the
model’s ability to generate more relevant predic-
tions.

Our results and findings indicate that both sim-
ile interpretation and generation are challenging
for the Tamil language. This can be attributed
to Tamil’s linguistic complexities, which make
these tasks more difficult compared to languages



with simpler structures. These challenges present
valuable opportunities for future research, and the
Tamil Simile Dataset (TSD) can serve as a valu-
able resource for advancing simile processing in
low-resource languages.

7 Conclusion

We present a manually annotated Tamil simile
dataset (TSD) comprising 1520 simile sentences
sourced from a wide range of Tamil literary forms,
including poems, short stories, articles, and song
lyrics. Our dataset annotators achieved inter-
annotator agreement of 0.78, underscoring the re-
liability of our dataset. We also benchmark our
dataset for simile interpretation and simile gen-
eration tasks using pre-trained language models.
Our results show that simile-related tasks are chal-
lenging for Tamil Language. This shows that our
dataset has great potential to help improve the un-
derstanding and creation of Tamil similes.

8 Limitations

When annotators annotate components TENOR
and/or CONTEXT that are not in the original sim-
ile sentence manually, there is a possibility of mul-
tiple suitable TENORs and/or CONTEXTs for that
simile. However, in our dataset, the appropri-
ate one, as determined by the annotators is anno-
tated. The 100 examples we used are sentences
that had VEHICLE and CONTEXT within them.
Sentences from our dataset which are sourced from
tamil2lyrics.com, comprise song lyrics from the
1950s to 2023. This covers a wide range of time-
lines and songs, though not every song is included.
In addition, our dataset consists of different Tamil
literary forms such as poems, articles, and other
literary sentences extracted from Wikisource. Our
dataset is limited in terms of coverage as we could
only get sentences from the extracted pages re-
turned by Wikisource API. While Tamil has been
rich in figurative language since ancient times, its
usage has evolved over time. Expanding simile
datasets to include more classical and historical
Tamil literature would enhance coverage and fur-
ther improve computational simile processing in
Tamil.
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A Dataset
A.1 Tamil Simile Dataset (TSD)

Examples in TSD are shown in Table 4.

Sentence Tenor Vehicle Context
&L6v Gumev GLflgmas 15 hlesTmmil. &HL6V i Quifisrs
You stood as big as the sea. sea you big
umensu GUITGsv LIPHEI ClF6vGeUTLD. LImen6L IHITLD UMbHSE
Let’s fly like a bird. bird Let’s fly

@ Camuilsh GuTsL @bs reflens. Gamuilsy wmeflens YevflgLomenTg
This mansion is like a temple. temple mansion sacred
auLflUNGev RIS S8 H GLmsy LletTesflw SHeuener LA () &6L6M6TT LS)edTenflw
555 & C\F6TmE|.

On the way, a frog that glittered like a gold gold plate frog glittered

plate jumped away.

Table 4: Examples of annotated similes in the TSD.
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Abstract

Emotion analysis plays a significant role in
understanding human behavior and commu-
nication, yet research in Tamil language re-
mains limited. This study focuses on build-
ing an emotion classifier for Tamil texts us-
ing machine learning (ML) and deep learning
(DL), along with creating an emotion-annotated
Tamil corpus for Ekman’s basic emotions. Our
dataset combines publicly available data with
re-annotation and translations. Along with tra-
ditional ML models we investigated the use
of Transfer Learning (TL) with state-of-the-
art models, such as BERT and Electra based
models. Experiments were conducted on un-
balanced and balanced datasets using data aug-
mentation techniques. The results indicate that
Multinomial Naive Bayes (MNB) and Support
Vector Machine (SVM) performed well with
TF-IDF and BoW representations, while among
Transfer Learning models, LaBSE achieved
the highest accuracy (63% balanced, 69% un-
balanced), followed by TamilBERT and In-
dicBERT.

1 Introduction

Emotional Analysis (EA), an extended version of
sentiment analysis (SA), extracts emotions from hu-
man output using physiological qualities like voice,
looks, hand motions, body developments, heart-
beat and blood pressure (Chuang and Wu, 2004).
R. W. Picard emphasized computers must under-
stand emotions for effective human-computer in-
teraction (Picard, 1997). In this digital era, the
divide between ethnic groups and communities
has diminished where people love to communicate,
understand and experience diversity. Computer
language translation plays a prominent role here
though it can lead to misinterpretations of emotions
within the context on certain occasions. Ze-Jing
Chuang and Chung-Hsien Wu’s Multi-Modal Emo-
tion Recognition research combining speech and
text produced better results than either input alone
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(Chuang and Wu, 2004). They created the tex-
tual model by defining keywords for emotions with
emotion modification values. EA remains com-
plex when processing only textual data compared
to speech and vision.

To proceed with a structured analysis, selecting a
reliable and widely accepted emotional categoriza-
tion framework is essential. Ekman’s basic emo-
tions—Anger, Disgust, Fear, Joy, Sadness, and Sur-
prise caters the above requirement in the research
community (Ekman, 1992). Proposed by psycholo-
gist Paul Ekman, this scheme was developed based
on cross-cultural studies that demonstrated these
emotions as universal. Also the mentioned schema
found to be consistently recognizable across dif-
ferent societies. The framework has proven highly
valuable in emotion recognition tasks for human-
computer interaction systems, social robotics, and
content analysis.

Creating a well-annotated emotion dataset with
Ekman’s basic emotions spectrum poses a ma-
jor challenge for Tamil language EA, as exist-
ing datasets exhibit significant class imbalances
as well as the emotions not directly aligning with
the schema. The TamilEmo dataset (Vasantharajan
et al., 2021) requires reclassification with linguistic
expert input for Ekman’s basic emotions and po-
tential re-annotation to validate the classification.
While ACTSEA (Jenarthanan et al., 2019) is not
fully publicly available with less than 500 sam-
ples, this research aligns with Ekman’s basic emo-
tions. The rest of the sentences that do not belong
to any of the above is considered Neutral. With
current state of the art (SOTA) transformer-based
approaches, a proper dataset with class balance will
significantly contribute to this research and result in
better accuracy than previous works (Vasantharajan
et al., 2021; Gokhale et al., 2022). This research as-
pires to create a balanced Tamil emotion annotated
corps and improve emotion detection/recognition
by using Natural Language Processing (NLP) with



Machine Learning (ML) and Deep Learning (DL)
techniques.

2 Related Works

Emotions can be understood through punctuation,
catchphrases, syntax, and semantic data (Chuang
and Wu, 2002). The SNoW learning architecture
outperformed baseline Naive model and Bag Of
Words (BoW) approach (Alm et al., 2005), while
Wau et al. presented automatic emotion recognition
through semantic labels and attributes (Wu et al.,
2006).

A hybrid keyword-based and learning-based ap-
proach using SVM achieved 96.43% accuracy (Bi-
nali et al., 2010). Shivhare proposed an Ontology
method based on commonsense knowledge and
interrelationship between entities and core vocabu-
lary (Shivhare and Khethawat, 2012). For Japanese
earthquake-related tweets, Vo B and Collier N con-
cluded that simple N-gram features performed best
using MNB model (Vo and Collier, 2013).

Canales L. and Martinez-Barco’s survey dis-
cussed computational approaches categorized as
lexicon-based and ML-based, noting keyword-
based approaches (Strapparava and Mihalcea,
2008), ontology-based (Shivhare and Khethawat,
2012) and statistical approaches (Chuang and Wu,
2002) as lexical methods. Their findings showed
keyword-based approaches yield higher accuracy,
while supervised learning outperforms unsuper-
vised methods despite requiring resource-intensive
annotated datasets (Canales and Martinez-Barco,
2014). SVM has been a traditional supervised
learning technique for EA (Hakak et al., 2017),
though Nasir A et al. found MNB models perform
better than SVM, decision tree algorithm and k-
nearest neighbour methods (Ab. Nasir et al., 2020).

2.1 Emerging of Transformers

The introduction of transformers revolutionized the
DL field (Vaswani et al., 2017), with BERT becom-
ing SOTA in many NLP implementations despite
higher resource consumption (Devlin et al., 2018).
Various BERT variants emerged, including mBERT
and ALBERT, while XLM-RoBERTa later outper-
formed mBERT (Conneau et al., 2019b).

Electra emerged as a resource-efficient alterna-
tive to BERT (Clark et al., 2020), while Huang
C et al’s ensemble method combining HRLCE
and BERT achieved a macro-F1 score of 0.7709
(Huang et al., 2019). Yang K et al. enhanced pre-
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trained models using MLM and NSP (Yang et al.,
2019). Al Omari H, Abdullah M and Shaikh S
executed a dual model using BiLSTM and BERT,
resulting in an F1 score of 0.748 (Al-Omari et al.,
2020). Acheampong F et al.’s review recommends
exploring more BERT variants and ensemble mod-
els (Acheampong et al., 2021).

Comparative analyses show BERT and Electra
outperform RoBERTa, XLM-R and XLNet in fine-
grained emotions detection with lower training
time (Frye and Wilson, 2022), though Cortiz D
found DistillBERT, RoBERTa and XL.Net superior
to Electra (Cortiz, 2021). Zhang S, Yu H and Zhu
G’s Electra-based model with attention mechanism
and BiLSTM achieved mean accuracies of 94.657
and 93.713 for Chinese language emotion detection
(Zhang et al., 2022).

2.2 Research on Tamil Language

Tamil language EA research remains limited com-
pared to other languages. For sentiment analy-
sis, Padmamala R and Prema V’s RNN approach
achieved 71.1% accuracy (Padmamala and Prema,
2017), while Shanmugavadivel K et al.’s CNN
with Bi-LSTM achieved 0.66 accuracy on tamil
code-mixed texts (Shanmugavadivel et al., 2022).
Sajeetha T’s experiments with multiple approaches
achieved 79% accuracy using fastText (Thava-
reesan and Mahesan, 2019), later improving to 88%
accuracy using Word2vec and fastText with rule-
based approach (Thavareesan and Mahesan, 2020).
Sharmista’s product review sentiment analysis con-
cluded that ensemble methods produced optimal
results (Ramaswami, 2020).

2.3 Research on Tamil Emotion Analysis

Dakshina k and Sridhar R’s LDA-based emotion
recognition for Tamil songs achieved 72% accuracy
using supervised learning with 160 songs and 5 an-
notators (Dakshina and Sridhar, 2014). Charangan
V et al.’s TamilEmo corpus classified 31 emotions
from 42,686 sentences scraped from YouTube com-
ments. These samples were annotated with an inter-
annotator agreement of 0.7452. A major concern
in the dataset is the class imbalance among emo-
tion categories, with the emotion "admiration" hav-
ing the highest sample count of 6,682 samples,
while the emotion "desire" has the lowest sample
count, with only 208 samples. Their ML methods
achieved a maximum 0.42 F1 score (Vasantharajan
et al., 2021). Gokhale O et al. attempted trans-
former ensemble method and could not achieve



significant improvements for the very same dataset
(Gokhale et al., 2022).

Rajalakshmi et al.’s investigation of emoji im-
pact in Tamil Texts showed that replacing emojis
with keywords performed best, followed by emoji-
present and emoji-removed approaches. Their
TF-IDF and XGBoost combination outperformed
the MuRIL pre-trained model (Rajalakshmi et al.,
2022). This shows that containing the emojis in the
dataset is essential for higher results.

3 Dataset Overview

In this study, we adopted Ekman’s basic emotions:
anger, disgust, fear, joy, sadness, surprise, and
neutral since they are widely accepted and fre-
quently used in emotion research, especially in
high-resource languages. This approach is a stan-
dard in emotion classification tasks, making it a
suitable framework to extend to the Tamil language,
where similar work has been limited. By aligning
with this framework, we aim to standardize emo-
tion classification in Tamil and provide a valuable
resource for future research.

3.1 Data Collection

TamilEmo(Vasantharajan et al., 2021) was the only
publicly available dataset which was emotion anno-
tated in Tamil language. The TamilEmo dataset
had 31 emotion classes and they were grouped
into seven primary emotions: Hope, Neutral, Love,
Bewilderment, Disgrace, Pathos and Laughter.
Of these seven emotions, only three could be
mapped directly to Ekman’s basic emotions as
Neutral — Neutral, Pathos — Sad and
Laughter — Joy. For the other emotions, we
had to go with the fine-grained emotions of 31
classes.
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Figure 1: Emotion Mapping of TamilEmo Dataset
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Under the guidance of our language expert panel,
these 31 classes of emotions were mapped to the
emotion categories. If any of the emotions were am-
biguous and could not be directly mapped, so they
were classified into mixed emotions. Few of them
couldn’t be concluded to any set of emotions or
could fall under more than three emotions, so they
were categorized as unclassified. All the mixed
emotions were included under neutral emotion as
well to be sure when annotating. Figure 1 shows
how we categorized the emotions. When validat-
ing the samples with corresponding emotions, we
learned that many samples had been contradictorily
annotated in the original study. Another main issue
with this dataset is the class imbalance. The emo-
tion admiration has 6682 samples, and the emotion
desire has only 208 samples. It was understood that
the samples in this dataset would not be sufficient to
have a balanced dataset. Therefore we had options
to scrape data from the web with keywords and
annotate or translate an available English dataset to
Tamil and validate them.

We used an English Emotion Dataset (Saravia
et al., 2018), which is publicly available in Kaggle
and Huggingface as our secondary dataset. This
dataset contained English Twitter messages with
six basic emotions: anger, fear, joy, love, sadness,
and surprise. Except for the emotion of love, all the
other emotions directly corresponded to our study.
The emotions distributions can be seen in Figure 2

No of Samples vs. Emotion
8000

6000

4000

Mo of Samples

2000

joy sadness anger fear love surprise

Emotion

Figure 2: Class Distribution - English Emotion Dataset

3.2 Data Annotation

The datasets were divided into chunks of a max-
imum of 1000 - 1100 samples to make it easier
for the annotators. Every sample was annotated
by a pair of annotators using separate spreadsheets
without any influence from each other. The an-
notators were instructed to disregard sarcasm and
interpret sentences by their literal meaning since



satire is considered out of scope in our study. The
native Tamil-speaking undergraduates of the Uni-
versity of Colombo School of Computing were the
annotators.

The samples which were explicitly categorized
as in the original study were annotated by selecting
whether it is correctly classified or misclassified.
For the other emotions, the possible emotions were
listed in a drop-down and the annotators were asked
to choose the best option. When both annotators
completed their annotations, the results were com-
pared, and a third one annotated the contradicting
samples. Then the maximum of the emotions se-
lected was made final. In some instances, all three
annotators’ choices differed from each other. In
that case, those samples were filtered out from the
final dataset.

The English Emotion dataset was combined as
one single dataset CSV file which was initially di-
vided into train, test and validation datasets. Trans-
lation was done using Google translate and the an-
notators were asked to annotate whether the trans-
lation made sense or not by selecting either yes
or no. Then they were also asked to give points
according to the samples giving justice to the emo-
tions. When the pair of annotators had done their
work, and checked whether both agreed that the
translation was correct and whether the point to-
tal was above half of the maximum value. If they
contradicted the translation, a third annotator val-
idated those samples. If most of them selected
"yes" for the translation, then again as before, the
total points were checked for more than half the
maximum value. Then the samples were finalized
to their corresponding emotions and the rest were
abandoned. The point format is as follows.

* 0: Does not align with the emotion.

¢ 1-4: Have some context related to the emotion,
but the translation of the sentence is not ap-
propriate (the overall sentence does not make
sense).

¢ 5: Have context related to the emotion, but the
translation is ambiguous, which might exhibit
mixed emotions.

* 6-10: Have descent alignment with the emo-
tion.

As this whole annotation process is manual it
was a huge concern. The time taken to annotate
was longer than anticipated, and it was not easy
to manage the annotators. These are the few main
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challenges we faced during this phase.

* Due to pair wise annotation, the datasets could
be annotated at a rate of half the annotators
only.

Inconsistency and slow process of few annota-
tors, where continuous annotation of the next
dataset assigned to them was not possible with
everyone.

Have to wait for both the annotators to finish
annotating so we can validate it with the third
annotator.

For certain samples, the annotators were not
able to conclude their results to a specific emo-
tion. Those samples were finally excluded.

After continuous annotations and validations, at
the end approximately more than 50,000 annota-
tions were completed and the final dataset ended
with 16804 samples. Figure 3 depicts the final
dataset overview.

1204, 7.16%

1507, 8.97%

2499, 14.87°

2565, 15.26%

3472, 20.66%

3893, 23.17¢

g

Figure 3: Final Dataset Overview

A balanced dataset could not be generated in the
last stage as planned. Several factors contributed
to this such as, inherent class imbalance, language-
specific challenge, annotation challenges, inherent
imbalance in real-world data and time constraints.

The following are the Average Cohen’s Kappa
values for the annotations of all datasets in Table
1.The average inter-annotator agreement between
annotators A and B: 72%, B and C: 69%, A and C:
79% and the average of all inter-annotator agree-
ments is 73%.
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Figure 4: High level approach of the study

A-B B+ C A C  Average
72% 69% 79% 73%

Average Kappa for Annotators

Table 1: Kappa statistics Average for the Final Dataset

4 Experiments and Evaluation

Figure 4 describes the methodology of the research
in a higher level. The following sections have de-
tailed information on the experiments and the re-
sults.

4.1 Preprocessing

Several measures were taken during the preprocess-
ing phase to ensure the quality and consistency of
our dataset. First, the hyperlinks were deleted and
profile tags, as well as the white spaces, because
they do not contribute to the emotional substance of
the text. We also chose against eliminating punctu-
ation and emoticons because they can considerably
alter the emotions represented in the samples. Sim-
ilarly, English terms were not eliminated because
they, too, could reflect feelings in some cases.

4.2 Models Utilized

Both ML and DL approaches were employed in
the study. In addition to that dual model ap-
proach of involving pre-trained models and deep
learning models were also experimented. In the
traditional ML experiments SVM, random for-
est, naive bayes, multinomial naive bayes (MNB),
decision tree, passive aggressive and K-Nearest
Neighbour (KNN) were included. In the other
hand for DL models, Universal Sentence Encoder
CMLM - Multilingual Base (Yang et al., 2021),
MuRIL-Large (Multilingual Representations for
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Indian Languages) (Khanuja et al., 2021), BERT
Multilingual Cased (bert_multi_cased_L-12_H-
768_A-11) (Devlin et al., 2018), XLM-ROBERTa
Multilingual Cased (xIm_roberta_multi_cased_L-
24_H-1024_A-16) (Conneau et al., 2019a), Distil-
BERT (distilbert_multi_cased_L-6_H-768_A-12)
(Sanh et al., 2019), Tamillion (An Electra based
monolingual Tamil pre-trained model), IndicBERT,
LaBSE (Language-agnostic BERT Sentence En-
coder) (Kakwani et al., 2020), LaBSE (Language-
agnostic BERT Sentence Encoder) (Feng et al.,
2020), TamilBERT(Joshi, 2022) were utilized.
Then as mentioned for dual model approach, CNN
with Bi-LSTM, CNN with Bi-GRU and LaBSE
with Bi-LSTM were combined. The architecture
and training source details of the models are at-
tached in the Appendix A

4.3 Unbalanced Final Dataset

When rendering the results, the best-performing
models in this experiment appeared to be SVM
and Passive Aggressive, especially when combined
with TF-IDF Unigram with Bigram and FastText
text representations. The performance of Naive
Bayes and Multinomial Naive Bayes models varied
significantly depending on the text representation
used. They performed better with Bag of Words
Unigram and Bigram representations, consistent
with the previous experiments. However, their
performance dropped when using other text rep-
resentations like the Bag of Words Trigram and TF-
IDF Unigram. This is illustrated in Table 2, where
the best-performing text representations for each
model are highlighted in yellow, and the highest-
performing models for each text representation is



indicated in bold.

Decision Tree, K Nearest Neighbor, and Random
Forest models showed modest improvements in ac-
curacy in the unbalanced dataset experiment com-
pared to their performance in the previous down-
sampled dataset experiment. These models might
have been less sensitive to class imbalance, and
their performance could have depended more on
the quality and quantity of the available data.

Naive Bayes MNB__SVM_ Decision Tree KNN_Random Forest_Passive Aggressive

Bag of Words
Unigram
Bigram
Trigram

0.16
0.36
0.34

0.53
0.49
0.39

0.52
0.50
043

0.44
045
036 -

0.39
0.31

0.51
0.48
0.37

0.44
0.47
0.36

TF-IDF
Unigram
Unigram with Bigram

0.30
0.36

0.34
047

0.44
0.58

0.34
0.45

0.20
0.24

0.37
0.53

0.44
0.54

FastText 040 - 0.56 037 044 0.53 0.56

Table 2: Accuracy comparison of ML Models for the
Final Unbalanced Dataset

In terms of accuracy, most models showed an in-
crease in performance when using the unbalanced
dataset compared to the downsampled one. This
might have been due to the larger amount of data
available for training, which generally helps the
models better understand the patterns and capture
more nuanced relationships between the features
and target emotions. Moreover, the class imbalance
in the unbalanced dataset might have also played
a role in the increased accuracies since the mod-
els were now better exposed to the majority class,
which is more frequently seen in real-life scenarios.

Model Accuracy
Universal Sentence Encoder 61%
MuRIL-Large 60%
BERT Multilingual Cased 51%
XLM-ROBERTa Multilingual Cased 43%
Distil-BERT 49%
Tamillion 62%
IndicBERT 64%
TamilBERT 67%
LaBSE 69 %

Table 3: Accuracy comparison of Transformer Models
for the Final Unbalanced Dataset

When comparing models focused on one lan-
guage (monolingual) and models that worked with
multiple languages (multilingual), we found that
TamilBERT and Tamillion (monolingual models)
had higher accuracies. This could have been be-
cause they were designed specifically for Tamil.
However, LaBSE, a multilingual model, also per-
formed very well, achieving an accuracy of 69%.
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Among Indian language-based models, In-
dicBERT, which was trained on 12 major Indian
languages, achieved an accuracy of 64%. This in-
dicates that a model trained on multiple Indian
languages can still perform well for Tamil lan-
guage classification. When examining different
model types, BERT-based models like TamilBERT,
LaBSE, and BERT Multilingual Cased showed
varying levels of success. TamilBERT and LaBSE
performed significantly better. The ELECTRA-
based model, Tamillion, also produced good results
with an accuracy of 62%. As mentioned in the lit-
erature, ELECTRA models tend to perform well,
but we were unable to find more pre-trained ELEC-
TRA models related to Tamil for experimentation.
Finally, the ALBERT-based model, IndicBERT,
demonstrated strong performance with an accuracy
of 64%.

In the current experiment, we observed a signifi-
cant improvement in the accuracies of the transfer
learning models compared to the machine learn-
ing models on the unbalanced dataset. LaBSE
and TamilBERT achieved higher accuracies of 69%
and 67% respectively, which were considererably
higher than the best machine learning model us-
ing TF-IDF Unigram with Bigram (58%). This
highlights the advantages of utilizing pre-trained
models.

Model Accuracy
CNN with Bi-LSTM 56%
CNN with Bi-GRU 56%

LaBSE with Bi-LSTM  61%

Table 4: Accuracy comparison of Dual Models for the
Final Unbalanced Dataset

Upon examining the outcomes of the hybrid
model approach applied to the same dataset, it
became evident that their effectiveness lay some-
where between the machine learning and transfer
learning models. The CNN combined with a Bi-
LSTM model reached an accuracy of 56%, while
the CNN paired with a Bi-GRU model achieved
a 56% accuracy rate. The LaBSE, alongside a
Bi-LSTM model incorporating transfer learning,
produced a higher accuracy level of 61%. Despite
the enhancements displayed by the hybrid models
compared to the machine learning models, they
failed to outperform transfer learning models like
the fine-tuned models.



4.4 Balanced Final Dataset

To achieve a balanced dataset, a decision was made
to split the original samples into training and test
sets before proceeding with data augmentation.
The split involved allocating 15% of the number
of samples in the minority class (241 samples) as
the test data, while the remaining samples were
retained for training. It was determined that 2250
samples per emotion would be used for the training
data.

Referring to the work of Jie and Gao (Gao, 2020)
on Data Augmentation in Solving Data Imbalance
Problems, it was found that translation proved to be
an effective technique for upsampling textual data.
Based on this finding, translation was chosen as
the upsampling technique. Google Translate was
utilized for the translation process. Initially, the
dataset was translated from Tamil to English and
then back to Tamil. Following the translation, a
careful selection process was implemented to en-
sure that the majority of the samples remained orig-
inal, with only the necessary number of samples
required for balancing the dataset being included
from the translated samples. These samples were
randomly selected from each class within the trans-
lated set.

MNB SVM Random Forest Passive Aggressive
Bag of Words
Unigram 047 046 0.45 0.39
Bigram 045 043 0.43 0.41
TF-IDF
Unigram 040 0.41 0.34 0.40
Unigram with Bigram ~ 0.48  0.48 0.48 0.44

FastText 0.47 0.44 0.44

Table 5: Accuracy comparison of ML Models for the
Final Balanced Dataset

The results of this experiment indicate that the
models performed below expectations compared to
the machine learning experiments conducted on the
unbalanced dataset, with the exception of Multino-
mial Naive Bayes combined with TF-IDF Unigram
with Bigram text representation, which showed a
slight improvement. When compared to the previ-
ous balanced dataset experiment, the differences
in results were relatively minor. The models per-
formed better overall compared to the earlier ex-
periments, except for SVM, Random Forest, and
Passive Aggressive with the text representations
TF-IDF Unigram with Bigram and FastText. How-
ever, when compared to the deep learning (DL)
models, the performance of these models fell sig-
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nificantly below the average.

In this experiment, when analyzing the results ex-
clusively, TF-IDF Unigram with Bigram emerged
as the top-performing text representation, achiev-
ing accuracy ranging from 44% to 48%. Simi-
larly, Multinomial Naive Bayes stood out among
the models, also with accuracy ranging from 44%
to 48%. The Bag of Words (BoW) Unigram and
SVM model provided tough competition to the top-
ranking models.

Model Accuracy
CNN with Bi-LSTM 52%
CNN with Bi-GRU 50%
LaBSE with Bi-LSTM  55%
Tamillion 57%
TamilBERT 62%
LaBSE 63 %

Table 6: Accuracy comparison of Transformer and Dual
Models for the Final Balanced Dataset

As expected, the deep learning (DL) models
performed better than the machine learning (ML)
models. Among the hybrid models, LaBSE with
Bi-LSTM achieved an accuracy of 55%, which
was higher than the other models. CNN with Bi-
LSTM outperformed CNN with Bi-GRU, while
in the unbalanced dataset, they performed at sim-
ilar levels. The transfer learning model, Tamil-
lion, achieved an accuracy of 57%, which was rel-
atively lower than the bert-based models LaBSE
and TamilBERT. Among the fine-tuned combina-
tions, LaBSE achieved the highest accuracy of
63%. Appendix B describes this best performing
model architecture. It is worth noting that these
transfer learning models outperformed some of the
other transfer learning models from the unbalanced
dataset, even though the accuracy of all the models
for this balanced dataset dropped compared to the
previous experiment.

4.5 Error Analysis

For each model outputs, we did observation study
on the confusion matrix followed by the error analy-
sis. The observation pointed out that the confusion
matrices produced throughout the experiment were
quite similar, which suggests that the dataset main-
tains internal consistency. The Confusion matrix
of the best model LaBSE is displayed in Figure 5.
When observing the confusion matrix, commonly
Disgust is confused with Anger and Joy with Neu-
tral even with the balanced dataset. 105 samples



of Disgust have been falsely predicted as Anger
and 57 vice versa. 48 samples of Joy have been
incorrectly predicted as Neutral, and 41 samples in
the other way. Except for Fear and Sadness, other
emotions have some confusion with Neutral emo-
tion, which is obvious that these emotions might
also tend to be neutral on certain occasions.

Confusion Matrix

32 36 4 41 1
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57 2

25 90 1

Disgust ~ Anger  Neutral
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True
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Figure 5: Confusion Matrix of LaBSE model for the
Final Balanced Dataset

The most common thing observed throughout
this experiment is that the emotion Disgust is being
confused with Anger and Neutral with Joy. Since
the emotion Disgust is the minority class with a low
number of 241 samples, and the confused number
of samples is significant and has a huge impact. So
an error analysis was done using the LIME library
for the emotion Disgust, which was predicted as
Anger, and the analysis is attached in Appendix
C. As per the analysis result, the model predicted
this as anger with 97% confidence and showed
Disgust as 0.02% only. So when we look at this
example, the sentence can also actually be said as it
represents Anger because of the presence of words
expressing ’killing’ and ’cursing’. This particular
sentence has some words relating to castism and
extremism based on caste, which might have led
the annotators to annotate it as Disgust which also
makes sense. Because the samples in Disgust or
Anger get confused with each other, they may be
exhibiting both emotions in a way, these confusions
may have occurred, and the results are affected
correspondingly.

5 Discussion

Throughout the study, various text representation
techniques have been utilized. TF-IDF Unigram
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with Bigram yielded higher results in almost all our
experiments. Other than these FastText pre-trained
models also gave fairly competitive results to the
above representations. Considering the transfer
learning models, their own preprocessor should be
used to achieve better results.

Out of the models that were trained, SVM
scored the best and consistently gave better results
throughout the ML experiments, especially com-
bined with TF-IDF Unigrams with Bigrams. MNB,
Random Forest and Passive Aggressive can be con-
sidered alternative models with slightly below-par
performance.

Under transfer learning models, the LaBSE
model is the highest achieving model with an ac-
curacy 69% for the unbalanced and 63% for the
balanced dataset after fine-tuning. Along with that,
TamilBERT and IndicBERT also gave fair results.
The Electra-based Tamillion model did not per-
form as expected from the literature (Zhang et al.,
2022), where Electra models gave a nearly par per-
formance value with the BERT models. Finally,
considering the hybrid models, LaBSE combined
with Bi-LSTM models has served better in the hy-
brid category. Out of all the model categories, trans-
fer learning approaches outperformed every other
category.

We compared our results with the original study,
where our results can be compared with their 7-
class group results. So far in this experiment,
TF-IDF with Unigrams and Bigrams combining
the MINB model for our final balanced dataset of
15,750 samples has performed F1-Score of 0.46,
which is higher than the original study. The size of
the dataset also matters when comparing the results,
as well as the class distribution. The smaller dataset
might also be a reason for us reaching higher re-
sults. Since the original study employs an unbal-
anced dataset, it is fair to compare the results
of our unbalanced dataset. Our best-performing
model, LaBSE scored an F1-Score of 0.64 while
TamilBERT, IndicBERT, and Tamillion scored
0.62, 0.60, and 0.57, respectively, which are signif-
icantly better results than the original study.

6 Limiations and Future work

The limitations include the scarcity of quality
emotion-annotated datasets for the Tamil language,
especially for Ekman’s basic emotions. Along with
that, the fine-grained nature of the available dataset
which did not align with Ekman’s basic emotions



also led to complete re-annotation. Additionally,
due to class imbalance, the emotion with the high-
est sample count had to be reduced to 2,250, en-
abling decent augmentation for the lowest sample
count, which resulted in an overall reduction in
total sample count.

As a continuation of this study, there is a vast
scope to experiment with rule-based preprocessing
where negation words and word polarity can be
considered. This can be extended to code mixed
corpus as well. Investigating more combinations
of hybrid models and ensemble approaches with
the trained models might give better results. On
top of this contrastive learning as well employment
of large language models leveraging prompt engi-
neering can be considered. Identifying sarcasm is
another dimension to explore in this domain. This
textual classification can be integrated with speech-
to-text jobs and evolve into an emotion classifier
for speech. Other than Ekman’s basic emotions,
the writing styles such as formal, casual etc. can
also be classified.
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A Overview of the Transfer Learning Models Used

Table 7: Overview of the Transfer Learning Models

Model

Language Type

Architecture

Preprocessor

Universal Sentence En-
coder CMLM - Mul-

Universal sentence en-
coder for 100+ Ilan-

The base model employs
a 12-layer BERT trans-

universal-sentenc
e-encoder-cmlm/

(Feng et al., 2020)

shared weights to learn a
joint embedding space for
different languages

tilingual Base (Yang | guages trained with | former architecture. multi lingual-
etal., 2021) a conditional masked preprocess
language model.
MuRIL-Large (Mul- | Pre-trained on 17 | A BERT Large (24L) | MuRIL_pre
tilingual ~ Represen- | Indian languages, and | model process
tations for Indian | their transliterated
Languages) (Khanuja | counterparts.
etal., 2021)
BERT  Multilingual | Multilingual BERT architecture. Uses | bert_multi_case
Cased(Devlin et al., L=12 hidden layers, a hid- | d_preprocess
2018) den size of H=768, and
A=12 attention heads
XLM-ROBERTa Multilingual Uses L=24 hidden layers, | xIm_roberta_mu
Multilingual a hidden size of H=1024, | Iti_cased_pre
Cased(Conneau and A=16 attention heads | process
et al., 2019a)
Distil-BERT  (Sanh | Multilingual Uses L=6 hidden layers, a | distilbert_multi_
etal., 2019) hidden size of H=768, and | cased_pre
A=12 attention heads process
Tamillion Monolingual (Tamil) Model trained  with | ElectraTokenizer
Google Research’s | from transformers
ELECTRA library
IndicBERT (Kakwani | Multilingual. Pre- | ALBERT (A Lite BERT | AlbertTokenizer
et al., 2020) trained exclusively on | for Self-supervised Learn- | from transformers
12 major Indian lan- | ing of Language Represen- | library
guages tations) based model
LaBSE  (Language- | Trained for sentence | Based on the BERT | BertTokenizer
agnostic BERT | embedding for 109 lan- | architecture and uses a | from transformers
Sentence  Encoder) | guages Siamese network with | library or universal-

sentenc
e-encoder-cmlm/
multi lingual-
preprocess

TamilBERT
2022)

(Joshi,

Monolingual (Tamil)

Based on the BERT archi-
tecture

BertTokenizer from
transformers library

28




B Best Model Architecture Details

The best performing model architecture consists of the Language-agnostic BERT Sentence Embedding
(LaBSE) as the base model with a custom classification head. The complete architecture and training
configuration are detailed below.

B.1 Model Architecture
* Input Layer: Text input layer accepting string data
* Base Model:

— LaBSE Preprocessor
— LaBSE Encoder

¢ (Classification Head:

— Dropout (rate =0.2)

— Dense Layer (128 units, ReLU activation)
— Dropout (rate = 0.3)

— Dense Layer (64 units, ReLLU activation)
— Dropout (rate =0.1)

— Output Layer (7 units, Softmax activation)

B.2 Training Configuration
* Optimizer: Adam
* Loss Function: Categorical Cross Entropy
* Early Stopping:

— Monitor: Validation Loss

— Training Duration: Stopped at epoch 5

B.3 Model Parameters
* Total Trainable Parameters: 109M*
* Base Model:
— LaBSE Parameters: 109M*
e Classification Head:

— Dense Layer 1: 128 x hidden_size + 128 parameters
— Dense Layer 2: 64 x 128 + 64 parameters
— Output Layer: 7 x 64 + 7 parameters
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C Error Analysis Using LIME
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Figure 6: LIME Error Analysis - Disgust Predicted as Anger
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Abstract

Sentiment analysis in code-mixed languages
poses significant challenges due to the complex
nature of mixed-language text. This study ex-
plores sentiment analysis on Tamil code-mixed
text using deep learning models such as Long
Short-Term Memory (LSTM), hybrid models
like Convolutional Neural Network (CNN) +
Gated Recurrent Unit (GRU) and LSTM +
GRU, along with meta-models including Logis-
tic Regression, Random Forest, and Decision
Tree. The LSTM+GRU hybrid model achieved
an accuracy of 0.31, while the CNN+GRU hy-
brid model reached 0.28. The Random Forest
meta-model demonstrated exceptional perfor-
mance on the development set with an accuracy
of 0.99. However, its performance dropped sig-
nificantly on the test set, achieving an accuracy
of 0.1333. The study results emphasize the po-
tential of meta-model-based classification for
improving performance in NLP tasks.

Keywords: Code-mixed, Dravidian Lan-
guages, Multi-class, Meta-model, Sentiment
Analysis

1 Introduction

In recent years, the analysis of data from social net-
works and microblogging platforms has garnered
significant attention. These platforms are widely
used for discussions on a variety of topics, ranging
from daily activities and plans to feedback on ser-
vices and products(Bouazizi and Ohtsuki, 2016).
Consequently, businesses and organizations are
leveraging such data to extract valuable insights, in-
cluding user interest in specific topics, satisfaction
levels with products and services, and even their
intentions and expectations concerning upcoming
events like elections or sports competitions.
Another prominent area of research focuses on
identifying the attitudes or opinions expressed by
users in their posts on specific topics, a process
known as "sentiment analysis"(Liu, 2022). The
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distinctive features of Twitter, a popular microblog-
ging site, make it perfect for sentiment analysis
(Memis et al., 2024). Twitter users can follow
others unilaterally, which makes information gath-
ering easier than on many other social networks
that require reciprocal connections. It is especially
useful for sentiment analysis because of its open
format, 140 character limit, and heavy hashtag us-
age(Bouazizi and Ohtsuki, 2017). Because of the
character limit, posts are kept concise and targeted,
making it simple to extract insights. Hashtags make
Twitter a valuable tool for sentiment analysis by
assisting companies in keeping an eye on tweets
about their goods or services.

This study investigates hybrid and meta-model
techniques for sentiment analysis of Tamil code-
mixed text, focusing on multi-class classification.
Key contributions include:

* Development of hybrid models (LSTM+GRU,
CNN+GRU) for handling code-mixed senti-
ment data

Implementation of meta-models (Random For-
est, Logistic Regression, Decision Tree) to
improve classification accuracy

Performance evaluation, emphasizing Ran-
dom Forest’s 0.99 accuracy on the develop-
ment set and generalization issues on the test
set

2 Literature Review

This literature review examined sentiment analysis
using hybrid models that integrate deep learning
architectures to enhance feature extraction and clas-
sification, along with meta-models that optimize
performance through ensemble methodologies.

2.1 Sentiment Analysis with Hybrid Model

Sentiment analysis plays a critical role in under-
standing public opinions, particularly from social
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media data (Liu, 2022). However, the challenges
posed by diverse linguistic structures, code-mixed
text, and imbalanced datasets have necessitated the
development of innovative hybrid models and opti-
mization techniques.

Tan et al. (2022) addressed these challenges
by proposing a hybrid model, RoBERTa-LSTM,
which integrates the powerful text encoding capa-
bilities of the pre-trained RoBERTa architecture
with the ability of LSTM to capture long-term
dependencies. To further improve the model’s
performance, data augmentation techniques utiliz-
ing GloVe embeddings were applied to balance
the datasets by oversampling underrepresented
classes. This hybrid approach achieved impressive
F1-scores of 93%, 91%, and 90% on the IMDb,
Twitter US Airline Sentiment, and Sentiment 140
datasets, respectively, highlighting its effectiveness
in processing diverse textual data In their explo-
ration of hybrid approaches.

A Bi-LSTM-GRU model combined with a Fuzzy
Emotion Extractor (FEE) and the Enhanced Aquila
Optimizer (EAQ) proposed by Sherin et al. (2024).
This approach improved accuracy by 5.6%, 9.8%,
and 8.3% on Sentiment 140, T4SA, and Airline
Twitter datasets, respectively. However, limitations
like few emotion categories and scalability issues
were addressed by incorporating BERT and other
optimization techniques

2.2 Sentiment Analysis with Meta-Models

Meta-models, commonly used in stacking ensem-
bles, combine predictions from multiple base mod-
els to enhance overall performance (Mekala et al.,
2020). In stacking, a meta-model is trained on the
outputs of base models to determine the best way
to integrate them for more accurate predictions.
Historically, multi-class text classification, espe-
cially in sentiment analysis, relied on traditional
machine learning methods like Naive Bayes, SVM,
and Random Forests. These models used feature ex-
traction techniques such as bag-of-words, TF-IDF,
and n-grams but faced challenges in capturing com-
plex semantics and managing large-scale data (Yen-
ter and Verma, 2017). Additionally, Support Vector
Regression (SVR) was occasionally applied for
text similarity, though its utility was limited when
handling diverse text sources (Li et al., 2014). In
Yenter and Verma (2017), sentiment analysis was
performed using the Doc2Vec embedding model
with seven classifiers, including KNN, AdaBoost,
and SVM, on the US airline services dataset. The
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AdaBoost classifier achieved 84.5% accuracy, but
the small dataset raised concerns about potential
underfitting. Jiang et al. (2019) used Word2Vec
and GloVe embeddings with LSTM networks for
sentiment analysis on US airline tweets, achiev-
ing 75% accuracy in classifying sentiments into
positive, neutral, and negative categories.

3 Methodology

The proposed study includes text preprocessing,
tokenization, and padding to prepare the data for
effective analysis and model training.

3.1 Pre-processing

To improve the quality of the text data, pre-
processing techniques were used, such as eliminat-
ing user mentions, Tamil stopwords, punctuation,
and numerical values. For multiclass classifica-
tion tasks, the text was tokenized into words and
sentiment labels (positive, negative, and neutral)
were transformed into binary vectors using one-hot
encoding.

3.2 Feature Extraction

Words were converted into numerical indices and
padding sequences to 100 tokens using a Keras to-
kenizer. Word vectors for feature extraction were
supplied by Tamil FastText embeddings; zero vec-
tors were allocated to missing words, and the word
vectors from a pre-trained model formed an em-
bedding matrix. These procedures set up the data
so that machine learning models could process it
efficiently for sentiment analysis.

3.3 Model Building

Three models were developed for multi-class clas-
sification and integrated through a hybrid approach
with a meta-model to enhance performance, as
shown in Figures 1 and 2. The hybrid model
combines individual strengths for a more robust
solution to classification challenges.

Hybrid Models

* LSTM: a type of RNN(Graves and Graves,
2012), model sequences and captures long-
term dependencies, making it effective for text
data. The model used a pre-trained embedding
layer, followed by an LSTM layer with 128
units. To prevent overfitting, dropout layers
were added, along with a dense layer of 64
units and ReL.U activation. The final output
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Figure 1: Framework of the Hybrid Sentiment Analysis Model

layer had 7 units with softmax activation for
multi-class classification.

LSTM+GRU Hybrid: combines the strengths
of both architectures, with the LSTM layer
followed by a GRU layer to capture different
aspects of sequential data (MARCELLINA,
2022). GRU units, similar to LSTM, have
a simplified structure and fewer parameters.
The model uses a pre-trained embedding layer,
followed by an LSTM layer (128 units) and a
GRU layer (64 units). A dropout layer (rate
0.2) regularizes the network, and the final
dense layer (64 units, ReL.U activation) is fol-
lowed by a softmax output layer for class pre-
diction.

CNN+GRU Hybrid: allows the model to learn
both spatial and temporal features by com-
bining CNNss for local feature extraction with
GRU layers for processing sequential depen-
dencies (Wu et al., 2020). A max-pooling
layer, a 1D convolutional layer (128 filters,
kernel size 5), and an embedding layer come
first in the model. Sequential dependencies
are captured by a 128-unit GRU layer, and
the network is regularized by a dropout layer.
Finally, a dense layer (7 units, softmax activa-
tion) is applied to the output.

Meta-Models(Stacking Ensembles)

To enhance classification performance, a meta-
modeling approach was employed, where predic-
tions from base models serve as inputs to a higher-
level model that combines these predictions for the
final decision (Mekala et al., 2020). This study
tested three distinct meta-models:
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Figure 2: Framework of the proposed Meta-Model, con-
sisting of three models. pred1, pred2, and pred3 rep-
resent the predictions generated by the three individ-
ual models in the hybrid system. The final output is
obtained by aggregating these predictions that is new
instance.

* Logistic Regression Meta-Model:A linear
model that integrates the predictions from
base models into a single vector and learns
the decision boundary (Taha and Malebary,
2022). Logistic Regression was trained on
the stacked predictions from the LSTM+GRU,
CNN+GRU, and standalone LSTM models to
generate the final classification outcomes.

Random Forest Meta-Model: An ensem-
ble technique that aggregates the predic-
tions of multiple decision trees (Bjerre et al.,
2022). The predictions from the LSTM+GRU,
CNN+GRU, and standalone LSTM models
served as features for a Random Forest clas-
sifier, which was then trained to produce the
final sentiment prediction.



¢ Decision Tree Meta-Model:A tree-based
model that makes decisions using input fea-
tures (Pavel and Soares, 2002). The stacked
predictions from LSTM+GRU, CNN+GRU,
and standalone LSTM models were used as
input to the Decision Tree classifier.

The performance of all three meta-models was eval-
uated using standard classification metrics includes
accuracy, precision, recall, and F1-score. The Ran-
dom Forest Classifier outperformed the others, de-
livering the best results on the classification task.
The implementation code is available on GitHub

4 Experimental Results

4.1 Dataset

The dataset (Chakravarthi et al., 2025) used in
this study is derived from the Political Mul-
ticlass Sentiment Analysis of Tamil X (Twit-
ter) Comments, shared during the Dravidian-
LangTech@NAACL2025 competition, as outlined
in DravidianLangTech@NAACL2025. Specifi-
cally curated for multi-class classification tasks,
it includes Tamil social media comments with a
range of sentiment categories. The dataset is di-
vided into training (4,352 samples) and testing (544
samples) subsets. The sentiment labels span vari-
ous emotional expressions, and a summary of the
label distribution for both the training and testing
datasets is presented in Table 1.

Label Train Count Test Count
Opinionated 1,361 153
Sarcastic 790 115
Neutral 637 84
Positive 575 69
Substantiated 412 52
Negative 406 51
None of the Above 17 20

Table 1: Label Distribution in Training and Testing
Datasets

4.2 Classification

This study experimented with three meta-models
(Random Forest, Logistic Regression, and Deci-
sion Tree) and three hybrid deep learning models
(LSTM, LSTM+GRU, and CNN+GRU) to evalu-
ate sentiment analysis performance on Tamil code-
mixed text, focusing on both development and test
sets.

The Random Forest meta-model, GRU Hybrid,
and CNN+GRU Hybrid models performed best on
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Class Label Precision Recall F1-Score
Meta Model

Opinionated 1.00 0.98 0.99
Sarcastic 1.00 0.96 0.98
Neutral 1.00 1.00 1.00
Positive 0.99 0.99 0.99
Substantiated 0.99 1.00 0.99
Negative 0.97 1.00 0.98
None of the Above 1.00 0.98 0.99
Accuracy 0.99

Macro Avg 0.99 0.99 0.99
Weighted Avg 0.99 0.99 0.99

LSTM+GRU Hybrid Model

Opinionated 0.00 0.00 0.00
Sarcastic 0.14 0.06 0.08
Neutral 0.47 0.80 0.59
Positive 0.32 0.59 0.42
Substantiated 0.26 0.33 0.29
Negative 0.31 0.30 0.30
None of the Above 0.00 0.00 0.00
Accuracy 0.31

Macro Avg 0.22 0.30 0.24
Weighted Avg 0.23 0.31 0.25

CNN + GRU Hybrid Model

Opinionated 0.02 0.12 0.03
Sarcastic 0.11 0.21 0.14
Neutral 0.80 0.43 0.56
Positive 0.61 0.30 0.40
Substantiated 0.14 0.19 0.16
Negative 0.19 0.24 0.21
None of the Above 0.04 0.50 0.07
Accuracy 0.28

Macro Avg 0.27 0.29 0.23
Weighted Avg 0.45 0.28 0.33

Table 2: Performance metrics for Meta-Model, GRU
Hybrid, and CNN + GRU Hybrid.

the development set, leading to their submission
in the DravidianLangTech@NAACL 2025 com-
petition. The Random Forest model achieved an
impressive 0.99 Macro Average accuracy on the
development set but struggled on the test set, with
accuracy dropping to 0.1333, suggesting overfit-
ting. The LSTM+GRU and CNN+GRU Hybrid
models recorded accuracies of 0.31 and 0.28, re-
spectively, showing potential but not surpassing the
Random Forest meta-model.

4.3 Analysis

The literature review indicates that meta-learning
techniques are underutilized in multi-class classifi-
cation, presenting an opportunity for innovation in
this area. This study also introduces a novel dataset,
publicly available for the first time, which is a sig-
nificant step in addressing political content classi-
fication challenges. By utilizing meta-learning ap-
proaches in a new research area, this study expands
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meta-learning applications and paves the way for
future advancements in multi-class classification
tasks.

The dataset exhibited class imbalance, leading
to overfitting, where models learned biased pat-
terns toward majority classes. This resulted in a
sharp decline in accuracy from the development
set to the test set. Additionally, while hybrid mod-
els are effective, they complicate computational
processes. The study also overlooks transformer-
based models, which have demonstrated potential
for enhancing performance in similar tasks. To
better investigate larger datasets, tackle class imbal-
ance, and examine advanced architectures, further
research is needed.

5 Conclusion

This study used hybrid deep learning models and
sophisticated feature extraction techniques to ex-
amine sentiment analysis on Tamil code-mixed text.
Due to its ability to capture temporal and spatial
dependencies, the LSTM+GRU hybrid performed
better than other models. Despite overfitting on
the test set, the Random Forest meta-model demon-
strated high accuracy during development.

Despite these encouraging outcomes, issues like
overfitting and high processing requirements were
found. The study results highlight the need for reg-
ularization strategies such as dropout, data augmen-
tation, and cross-validation to mitigate overfitting.
For increased accuracy, future studies can investi-
gate transformer-based models like BERT, cross-
validation, and sophisticated regularization. Ad-
dressing class imbalance through techniques like
SMOTE or focal loss will further enhance the ro-
bustness of future models.
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Abstract

The prevalence of misogynistic content on-
line poses significant challenges to ensuring
a safe and inclusive digital space for women.
This study presents a pipeline to classify on-
line memes as misogynistic or non misogynis-
tic. The pipeline combines contextual image
embeddings generated using the Vision Trans-
former Encoder (ViTE) model with text embed-
dings extracted from the memes using Mod-
ernBERT. These multimodal embeddings were
fused and trained using three advanced types
of Kolmogorov Artificial Networks (KAN):
PyKAN, FastKAN, and Chebyshev KAN. The
models were evaluated based on their F1 scores,
demonstrating their effectiveness in addressing
this issue. This research marks an important
step towards reducing offensive online content,
promoting safer and more respectful interac-
tions in the digital world.

1 Introduction

Recent studies have highlighted the role of social
media algorithms in amplifying such harmful con-
tent, thereby normalizing detrimental ideologies
among users. Addressing this issue necessitates
effective detection and mitigation strategies. In
this study, we propose a comprehensive pipeline
for classifying online memes as either containing
misogynistic content or not. This approach inte-
grates multimodal data by combining contextual
image embeddings from the Vision Transformer
Encoder (ViTE) model with text embeddings de-
rived from ModernBERT. The fused embeddings
are then processed through advanced Kolmogorov-
Arnold Networks (KAN), specifically PyKAN,
FastKAN, and Chebyshev KAN, to enhance clas-
sification accuracy. The efficacy of these models
is evaluated using F1 scores, demonstrating their
potential in identifying and mitigating offensive
online content. This research helps create safer and
more inclusive digital environments by providing a
robust method for detecting misogynistic material.
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Kolmogorov-Arnold Network (KAN): A
modern neural network architecture built on
the Kolmogorov-Arnold representation theorem,
which asserts that any continuous multivariate
function can be decomposed into a combination
of single-variable functions. Using a two-layer
structure, KAN approximates the target function by
combining input mappings to a higher-dimensional
space in the inner layer. In KAN, the activation
function consists of a spline function, parameter-
ized as a linear combination of B-splines, a base
function, often referred to as the SiLU (Sigmoid
Linear Unit). KAN is theoretically robust, but
because of the complexity of the spline function, it
can be computationally difficult to train.

Chebyshev KAN :The Kolmogorov-Arnold the-
orem is expanded upon by Chebyshev KAN, which
uses Chebyshev polynomials for function approx-
imation. Using a single-layer Chebyshev interpo-
lation method, KAN models the target function
through a weighted sum of Chebyshev polynomials,
with the input normalized by a hyperbolic tangent
(tanh) function. While following the theoretical
underpinnings of the Kolmogorov-Arnold theorem,
ChebyKAN takes advantage of the superior approx-
imation properties of Chebyshev polynomials. This
method seeks to improve function approximation’s
accuracy and efficiency in comparison to the origi-
nal KAN.

FastKAN: In order to overcome the computa-
tional difficulties of KAN, FastKAN substitutes
B-spline basis with Gaussian Radial Basis Func-
tions (RBFs), greatly lowering the computational
cost. B-splines can be efficiently approximated by
Gaussian RBFs, which removes the computational
bottleneck in the original KAN implementation.
Because of this modification, FastKAN is more
feasible for real-time and large-scale applications
while preserving the approximation capabilities of
KAN and increasing computing efficiency.



2 Literature Review

Previous research (Ponnusamy et al., 2024) has
focused on detecting misogyny and gender bias
in online spaces, with datasets in languages like
English and Spanish. However, there is a lack of
studies focusing on regional languages, particularly
Tamil and Malayalam, where cultural context plays
a significant role. Existing tools often don’t ad-
dress these specific issues effectively. The MDMD
dataset fills this gap by providing a resource for de-
tecting misogyny in Tamil and Malayalam memes,
helping researchers understand and address gender
bias in these communities more accurately.

In recent years, detecting toxic and abusive com-
ments on social media has become crucial to main-
taining a safe online environment. Several mod-
els have been developed to identify hate speech,
toxicity, and bullying, primarily in high-resource
languages like English. However, there is limited
research on detecting such content in low-resource
languages, such as Tamil. Previous work has high-
lighted the challenges of language-specific nuances,
especially when it comes to understanding cultural
contexts. This paper (Bhattacharyya, 2022) con-
tributes to the gap by focusing on Tamil, approach-
ing the problem of abusive comment detection as a
multi-class classification task. The study compares
various pre-processing and modeling techniques,
evaluating their effectiveness based on weighted
average accuracy.

Recent research (Shaun et al., 2024) has explored
the classification of Tamil and Malayalam memes
as misogynistic or non-misogynistic. One approach
involved separately analyzing textual content using
Multinomial Naive Bayes and visual content using
the ResNet50 model. By combining the results
from both modalities, researchers achieved signifi-
cant success in identifying misogynistic content in
memes. This work underscores the importance of
multi-modal analysis in detecting harmful content,
especially in low-resource languages.

Detecting misogynistic memes is challenging
due to the complex interaction between image and
text, where these elements often convey differ-
ent meanings.Prior research (Jindal et al., 2024)
has focused on individual modalities, such as text
or image analysis, but these approaches overlook
the need for multimodal fusion. Recent works
have started exploring fusion techniques, utilizing
models like Vision Transformer for images and
transformer-based models like DistilBERT for text.
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These approaches have shown promise in improv-
ing the detection of harmful content. However,
there remains a gap in combining these modali-
ties effectively, especially in detecting misogyny.
The MISTRA framework addresses this by using
variational autoencoders for dimensionality reduc-
tion and large language models for fusion em-
beddings, enhancing classification performance on
multimodal data.

Additional Studies (Sharma et al., 2024) have
explored the use of deep learning models, such as
recurrent neural networks (RNN), long-short term
memory (LSTM), and bidirectional LSTM, for de-
tecting various categories of hate speech, includ-
ing misogyny, misandry, and xenophobia. These
models are applied to Tamil and Tamil-English
code-mixed comments, and results are analyzed to
evaluate their effectiveness in identifying abusive
content.

Social media memes, combining text and im-
ages, can sometimes contain harmful content like
misogyny, affecting users’ well-being. Detecting
such content, especially in low-resource languages,
is challenging due to the lack of suitable datasets.
This work (Singh et al., 2024) introduces a Hindi-
English code mixed meme dataset of 5,054 anno-
tated memes for two tasks: misogyny detection and
multi-label classification. Results show that mul-
timodal fusion models outperform text-only and
image-only models in identifying misogyny. This
dataset provides a valuable resource for advancing
research in detecting harmful online content.

Misogynistic memes, which target women with
disrespectful language, pose a challenge to main-
taining a healthy online environment. The pa-
per (Mahesh et al., 2024) presents three mod-
els: BERT+ResNet-50, MuRIL+ResNet-50, and
mBERT+ResNet-50, which combine text and im-
age representations for meme classification. The
mBERT-+ResNet-50 and MuRIL+ResNet-50 mod-
els achieved impressive macro F1 scores of 0.73
and 0.87 for Tamil and Malayalam datasets, se-
curing 1st place for both languages in the shared
task.

A system for identifying abusive remarks in
Tamil and Tamil-English is shown in the work
(Duraphe et al., 2022) utilizing three different
approaches: transformer-based modeling, deep
learning, and machine learning. Classifying re-
marks into groups such as misogyny, misandry,
homophobia, and others was their goal. For the
Tamil+English dataset, the system performs best



when employing Random Forest, with a weighted
average F1-score of 0.78. Furthermore, mBERT
produces the best result for Tamil with an F1-score
of 0.7 in Transformer-based modeling, whereas Bi-
Directional LSTM performs better for Deep Learn-
ing.

A unique method for identifying inappropriate
language on social media in multilingual, code-
mixed, and script-mixed contexts is presented in
this study (Saumya et al., 2024). The challenge
makes use of a hybrid multilingual dataset that
was produced by fusing bilingual and monolin-
gual materials. The study assesses the effects of
deep learning models (CNN, Bi-LSTM, Bi-LSTM-
Attention, and fine-tuned BERT) and various in-
put representations (Word2Vec, GloVe, BERT, and
uniform initialization). With a macro average F1-
score of 0.79 for monolingual tasks and 0.86 for
code-mixed/script-mixed tasks, the results show
how well fine-tuned BERT performs, improving
the identification of abusive language in a variety
of multilingual contexts.

3 Dataset Description

The Misogyny Meme Detection dataset consists of
images, corresponding transcriptions, and labels
(Ponnusamy et al., 2024).

For Tamil, the training data includes 1,135 im-
ages and a CSV file containing image IDs, tran-
scriptions, and labels (0 or 1). Out of these, 732
images have matching entries in the CSV file based
on image IDs. The development (dev) set contains
approximately 282 images and a similar CSV file
with image IDs, transcriptions, and labels . Among
these, 252 images have matching entries in the CSV
file based on image IDs. The test set comprises ap-
proximately 356 images, along with a CSV file
containing transcriptions and labels. Among these,
82 images have corresponding entries in the CSV
file based on their image IDs. The images and their
corresponding transcriptions were used to predict
the labels, and the predicted labels were evaluated
against the true labels provided in the CSV file to
measure accuracy.

In the Tamil dataset, some images listed in the
test set were missing from the provided test data.
To address this, the missing images were searched
for in the training and development sets. Once iden-
tified, these images were added to the test set. It
was confirmed that these images had not been used
during training or validation, ensuring the test set
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remained unique and independent. A similar ap-
proach was applied to the training and development
sets. For the training set, missing images were iden-
tified by cross-checking the data entries and were
searched for in the development set. Likewise, for
the development set, any missing images were lo-
cated in the training set. This ensured that all data
was appropriately assigned while maintaining the
uniqueness and integrity of each dataset.

The Malayalam Misogyny Meme Detection
dataset includes 640 images in the training set, ac-
companied by a CSV file containing image IDs,
transcriptions, and labels (0 or 1). The develop-
ment (dev) set consists of 160 images and a cor-
responding CSV file with the same structure. The
test set contains 200 images and a CSV file with
transcriptions and labels. Similar to Tamil, the im-
ages and transcriptions in the test set were used to
predict the labels, and the accuracy of these predic-
tions was evaluated by comparing them with the
true labels from the CSV file.

4 Methodology

As per Figure(1), For the Tamil and Malayalam
dataset, we used training data that contained images
and their corresponding transcriptions, along with
binary labels (0 or 1).

For each image in the dataset, we used the Vi-
sion Transformer Encoder (ViTE) model to extract
high-dimensional embeddings. This allowed us to
represent visual data effectively for downstream
tasks.

The transcriptions associated with each image
were processed using ModernBERT, which gen-
erated text embeddings representing the semantic
content of the text. The image and text embeddings
were fused to create a single representation for each
data point. This fused embedding served as the in-
put for the classification models. We trained three
types of Kolmogorov Artificial Networks (KANs)
using the fused embeddings: PyKAN, Chebyshev
KAN and FastKAN and fine tuned using the hyper-
parameters listed in Table 1.

We utilized ModernBERT to generate text em-
beddings. ModernBERT is an advanced language
model that enhances the original BERT architec-
ture by extending the context length to 8,192 to-
kens, allowing it to process longer documents ef-
fectively. It incorporates Rotary Positional Em-
beddings (RoPE) for improved token position un-
derstanding and replaces traditional MLP layers
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with GeGLU layers, enhancing model performance.
These architectural improvements allow Modern-
BERT to produce more comprehensive and con-
textually rich embeddings, which is crucial for our
classification task.

To generate image embeddings, we employed
the Vision Transformer Encoder (Remya et al.,
2024) (ViTE) model. ViTE operates by dividing an
input image into fixed-size patches, each of which
is linearly transformed into a vector representation.
These patch embeddings are then combined with
positional embeddings to retain spatial informa-
tion. The resulting sequence is processed through
transformer encoder layers, enabling the model to
capture both local and global features of the im-
age. This method allows ViTE to generate compre-
hensive embeddings that effectively represent the
visual content.

S Experiments and Discussion

5.1 Experimental Setup

The experiments were carried out on a MacBook
(M4 Pro) equipped with 24GB of Unified Mem-
ory and a 512GB SSD. This setup, combined with
PyTorch’s support for macOS using the Metal Per-
formance Shaders (MPS) backend, allowed for
smooth model loading and faster training by ef-
ficiently utilizing the Mac hardware capabilities.

5.2 Hyperparameters

The hyperparameters used for training the KAN
models have been discussed below in table 1.
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Model Learning Rate Epochs Batch Size Optimiser
Chabyshev 0.0001 20 32 Adam
KAN (Tamil)

PyKAN 0.001 20 32 Adam
(Tamil)

FastKAN 0.001 55 32 Adam
(Tamil)

Chabyshev 0.0001 20 32 Adam
KAN (Malay-

alam)

PyKAN 0.001 20 32 Adam
(Malayalam)

FastKAN 0.001 55 32 Adam
(Malayalam)

Table 1: Hyperparameters and Optimisers for Different
Models

5.3 Software packages

We used PyTorch and TensorFlow for model train-
ing and related tasks, while scikit-learn was em-
ployed for evaluation metrics. PyTorch and Ten-
sorFlow are prominent deep learning frameworks
that facilitate the development and training of neu-
ral networks. Scikit-learn, on the other hand, is a
widely-used machine learning library that provides
tools for data analysis and model evaluation.

6 Results

The F1 Score—the harmonic mean of precision and
recall—was the main metric we used to assess our
models. Because it ensures that both false positives
and false negatives are taken into account, it is
especially helpful in situations where the dataset
is unbalanced. In our case, we found that class
1, the misogynistic class, had less incidents. The
following formula provides the F1 score:



1 Precision x Recall

(1

Precision + Recall

The ratio of accurately predicted positive obser-
vations to all actual positives is called recall, while
the ratio of properly predicted positive observations
to all predicted positives is called precision.

The F1 Score is preferred in our evaluation for
the following reasons: It balances precision and
recall, making it suitable for imbalanced datasets
where accuracy alone may be misleading. It en-
sures that both false positives and false negatives
are accounted for, which is crucial for our classi-
fication task. Unlike accuracy, F1 Score does not
get skewed when one class is significantly larger
than the other. Thus, using the F1 score provides a
more reliable measure of the model’s effectiveness
in real-world scenarios like these.

6.1 Results for Tamil

As observed in Table 1,2,3, the highest F1-score
of 0.77 for ChebysevKAN, followed by 0.76 for
PyKAN and 0.73 for FastKAN.

ChebysevKAN
Class Precision Recall F1-Score Support
0.0 0.88 0.90 0.89 267
1.0 0.67 0.63 0.65 89
Accuracy 0.83 356
Macro Avg 0.77 0.76 0.77 356
Weighted Avg 0.33 0.33 0.83 356

Table 2: Test Classification Report for ChebyshevKAN
on Tamil dataset

Receiver Operating Characteristic (ROC) Curve
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Figure 2: ROC curve for ChebysevKAN on Tamil
dataset
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PyKAN

Class Precision Recall F1-Score Support
0.0 0.88 0.87 0.88 267
1.0 0.63 0.65 0.64 89
Accuracy 0.82 356
Macro Avg 0.76 0.76 0.76 356
Weighted Avg 0.82 0.82 0.82 356

Table 3: Test Classification Report for PyYKAN on Tamil
dataset
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Figure 3: ROC cureve for PyKAN on Tamil dataset

FastKAN
Class Precision Recall F1-Score Support
0.0 0.84 0.94 0.89 267
1.0 0.74 0.47 0.58 89
Accuracy 0.83 356
Macro Avg 0.79 0.71 0.73 356
Weighted Avg 0.82 0.83 0.81 356

Table 4: Test Classification Report for FastKAN on
Tamil dataset
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Figure 4: ROC curve for FastKAN on Tamil dataset



All three models achieve similar accuracy
(around 0.83) and perform well on class 0, with
high precision and recall (above 0.84). Each model
demonstrates strengths and weaknesses depending
on the classification task.

As observed from Figure (2,3,4) Chebyshev
KAN offers the best balance, PyKAN is a close
alternative, and Fast KAN performs well but needs
recall improvements for class 1. KAN models mis-
classifies a higher number of class 1 samples, likely
due to feature overlaps or data imbalance. Further
tuning and data adjustments can enhance overall
performance, particularly for class 1 detection.

6.2 Results for Malayalam

The same model architecture was applied on Malay-
alam dataset. The results for each model (FastKAN,
ChebysevKAN, and PyKAN) are presented below,
along with their respective classification reports
and ROC curves.

All three models (FastK AN, ChebysevKAN, and
PyKAN) from Table 5,6,7, The models demon-
strated strong performance on the Malayalam
dataset, with FastK AN achieving the highest ac-
curacy (0.88) and F1-score (0.87). ChebysevKAN
and PyKAN followed closely, with accuracies of
0.87 and 0.86, respectively. The ROC curves for all
models as observed from Figure (5,6,7) indicate ex-
cellent discrimination capabilities, with high AUC
values.

Additionally, the classification reports reveal that
FastKAN consistently achieved higher recall for
class 1, making it particularly effective in identi-
fying positive instances. ChebyshevKAN demon-
strated a more balanced performance across both
classes, while PYKAN exhibited slightly lower re-
call but maintained competitive precision. The
ROC curves further validate the model’s classifi-
cation capabilities, with all AUC values exceeding
0.85.

These findings suggest that the proposed archi-
tecture not only generalizes well across different
languages but also adapts effectively to the nuances
of the Malayalam dataset, with FastKAN being the
most effective among the three.
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FastKAN

Class Precision Recall F1-Score Support
0.0 0.88 0.93 0.90 122
1.0 0.87 0.79 0.83 78
Accuracy 0.88 200
Macro Avg 0.87 0.86 0.87 200
Weighted Avg 0.87 0.88 0.87 200

Table 5: Test Classification Report for FastKAN on

Malavalam dataset
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Figure 5: ROC curve for FastKAN on Malayalam data

ChebysevKAN
Class Precision Recall F1-Score Support
0.0 0.87 0.93 0.90 122
1.0 0.87 0.78 0.82 78
Accuracy 0.87 200
Macro Avg 0.87 0.85 0.86 200
Weighted Avg 0.87 0.87 0.87 200

Table 6: Test Classification Report for ChebysevKAN
on Malayalam dataset
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Figure 6: ROC curve for ChebysevKAN on Malayalam
dataset



PyKAN

Class Precision Recall F1-Score Support
0.0 0.88 0.89 0.89 122
1.0 0.83 0.81 0.82 78
Accuracy 0.86 200
Macro Avg 0.85 0.85 0.85 200
Weighted Avg 0.86 0.86 0.86 200

Table 7: Test Classification Report for PyYKAN on
Malayalam dataset
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Figure 7: ROC curve for PyKAN on Malayalam dataset

To mitigate the class imbalance in our dataset,
where misogynistic instances were significantly un-
derrepresented compared to non-misogynistic ones,
we used various oversampling techniques to gen-
erate a more balanced distribution. Specifically,
we applied SMOTE (Synthetic Minority Over-
sampling Technique), KMeansSMOTE, ADASYN
(Adaptive Synthetic Sampling), and BorderlineS-
MOTE, each of which synthesizes new samples
for the minority class using different interpolation
strategies. These methods allowed us to expand the
misogynistic class while preserving the overall data
distribution, ensuring that our KAN models had
sufficient representative samples to learn nuanced
patterns associated with misogynistic content.

After incorporating the oversampled data into
our training pipeline, we retrained our KAN mod-
els and observed that the overall performance re-
mained comparable to our initial results. However,
the class balance improved significantly, leading to
an increase in key metrics for the misogynistic class
(Class 1). This indicates that the model’s ability to
correctly identify misogynistic content improved
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without introducing substantial biases toward the
majority class. The results highlight the effective-
ness of oversampling in handling class imbalances
and ensuring better model performance across both
classes.

7 Inference

From the classification reports, we observe that all
models achieve high precision and recall for class
0 (non-misogynistic text) but exhibit lower recall
for class 1 (misogynistic text), indicating that they
struggle to correctly identify some misogynistic
instances.

Among the models, ChebyshevKAN performed
best relative to F1 score on Tamil dataset and
FastKAN on Malayalam dataset.

We could enhance recall through advanced fea-
ture engineering, leveraging larger and more di-
verse datasets, or incorporating multimodal ap-
proaches to improve robustness and fairness in
misogyny detection.

8 Conclusion

This study shows that combining image and text
features using Vision Transformer Encoder (ViTE)
and ModernBERT with Kolmogorov Arnold Net-
works (KAN) is effective for detecting misogynis-
tic memes in Tamil and Malayalam. Among the
models tested, FastK AN performed best for Malay-
alam (F1 score: 87), while Chebyshev KAN was
the most effective for Tamil (F1 score: 77). Despite
the class imbalance—where misogynistic content
was underrepresented in the dataset—the models
achieved reasonable scores, demonstrating their ro-
bustness. However, further fine-tuning is needed to
address the challenges posed by this imbalance.

Future work can focus on expanding the dataset
to more Indian languages, improving fusion tech-
niques for better accuracy, and optimizing models
for real-time deployment in social media modera-
tion tools. Additionally, incorporating techniques
to handle class imbalance and integrating bias de-
tection and explainability methods can make the
system more transparent and fair. These advance-
ments will help in automating content moderation,
reducing harmful content, and promoting inclusive
online communities.
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Abstract

We propose a novel dataset for detecting reli-
gious hate speech in the context of elections in
Karnataka, with a particular focus on Kannada
and Kannada-English code-mixed text. The
data was collected during the Karnataka state
elections and includes 3,000 labeled samples
that reflect various forms of online discourse
related to religion. This dataset aims to address
the growing concern of religious intolerance
and hate speech during election periods, it’s a
dataset of multilingual, code-mixed language.
To evaluate the effectiveness of this dataset, we
benchmarked it using the latest state-of-the-art
algorithms. We achieved accuracy of 78.61%.

1 Introduction

Religious tensions between Hindus and Muslims
have been a sensitive issue in India, often increas-
ing during elections(Pradhan and Mehta, 2019).
In Karnataka, some political parties have been ac-
cused of spreading religious hatred to gain votes.
This has led to violent incidents, communal clashes,
and even loss of lives. Social media plays a major
role in amplifying hate speech, as people use these
platforms to express strong opinions, sometimes
leading to misinformation, targeted attacks, and
communal propaganda(Kumar and Gupta, 2020).

During elections, the amount of Hindu-
Muslim hate speech on social media rises
sharply(Narayanan et al., 2019). Many users post
content that provokes religious sentiments, caus-
ing division and unrest. Despite social media
companies trying to control harmful content, their
existing detection systems struggle with regional
languages and code-mixed text. Kannada and
Kannada-English code-mixed speech make it even
harder for AI models to identify hate speech accu-
rately.

Motivation:Political campaigns often intensify
religious, ethnic, and ideological divisions, leading
to social unrest and real-world violence. Elections

sonaniraj@gmail.com
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are a time when public opinion is highly influenced,
and the spread of hate speech on social media can
manipulate voters, incite communal tensions, and
weaken democratic values. Unchecked hate speech
can lead to misinformation, voter suppression, tar-
geted harassment, and even violent clashes between
communities. In regions like Karnataka, where reli-
gious polarization is sometimes exploited for polit-
ical gains, identifying and controlling hate speech
can prevent riots, protect vulnerable communities,
and ensure fair and peaceful elections.

How can we detect hate speech? that too for
state elections of Karnataka? Kannada is a low-
resource language, and social media conversations
often involve Kannada-English code-mixed text.
While Al can help predict hate speech, the absence
of a reliable dataset makes it difficult to develop
and evaluate effective models. Although advanced
Al models exist, there is no clear understanding of
which model performs best for this specific task.
To address this gap, we propose a novel dataset
tailored for Hindu-Muslim hate speech detection in
Kannada and Kannada-English text. Additionally,
we benchmark this dataset using state-of-the-art
large language models (LLMs) to compare their
effectiveness, providing valuable insights into the
most suitable Al model for detecting hate speech
in regional and code-mixed languages.

Our key contributions are as follows:

1. As of our knowledge we are the first to de-
velop a dataset for the detection of the hate
speech on religious issues during elections.

2. We have benchmarked the dataset with SOTA
models and presented the results and compari-
son.

2 Related Work

There are several research works focused on Kan-
nada hate speech detection. Chakravarthi et al.
(2021) introduced the Dravidian CodeMix dataset,



which includes Kannada-English code-mixed text,
allowing researchers to develop language models
capable of handling mixed-script data. However,
the dataset primarily focuses on sentiment classi-
fication rather than explicit hate speech detection.
Patil et al. (2022) created a Kannada hate speech
dataset from social media posts, demonstrating
that transformer-based models like mBERT out-
perform traditional models like SVM and LSTMs
in this task.Suryawanshi et al. (2020) built a dataset
for Tamil-English code-mixed sentiment analysis,
which provided valuable insights into handling
mixed-language text. Extending such techniques
to Kannada-English code-mixed data is crucial for
improving detection models. Ramesh et al. (2023)
proposed a hybrid deep learning model combining
LSTMs with attention mechanisms for detecting
hate speech in Tamil-English and Telugu-English
code-mixed tweets. Their findings indicate that
context-aware embeddings such as IndicBERT sig-
nificantly improve performance,

Risch et al. (2021) explored offensive language
detection using multilingual transformer models,
concluding that fine-tuning models on code-mixed
and regional datasets significantly enhances per-
formance. This aligns with recent efforts to apply
pre-trained multilingual models like XLLM-R and
IndicBERT for Kannada hate speech detection.

3 Methodology

3.1 Data Collection and Annotation

For this study, we collected data from Twitter using
the Twitter API, ensuring that the dataset includes
real-time social media conversations in both Kan-
nada and Kannada-English code-mixed text. The
tweets were filtered based on keywords, hashtags,
and engagement metrics to capture a diverse set of
opinions and discussions related to Hindu-Muslim
hate speech.

To ensure high-quality annotations, we em-
ployed a team of three native Kannada-speaking
annotators who were responsible for labeling the
dataset. Each annotator was provided with an Ex-
cel sheet containing the collected data, and they
were instructed to label each text instance as ei-
ther hate speech on religion (1) or non-hate speech
(0). To maintain annotation consistency and relia-
bility, each data point was labeled by at least two
annotators, ensuring that disagreements could be
reviewed and resolved.

To measure the Inter-Annotator Agreement

Table 1: Statistics of the Dataset

Metrics | label 0 label 1 | Total/Overall
Data Size | 1542 1633 | 3175
Number of Words | 38103 42294 | 80397
Words per data point | 24.71 2590 | 25.32

(IAA), we calculated pairwise agreement scores
between annotators. The agreement scores were as
follows: 1(1,2) = 87.2%, 1(2,3) = 89.6%, and I(1,3)
= 86.1%, demonstrating strong agreement among
the annotators. These high agreement values indi-
cate that the dataset is well-annotated and reliable,
making it suitable for training and evaluating Al
models for religious hate speech detection.

Data Annotation Guidelines

To ensure high-quality labeling, three native
Kannada-speaking annotators followed strict an-
notation guidelines. Each text sample was labeled
based on the presence of religious hate speech. The
annotators were given with the data points and were
given to label each and every data point accord-
ingly.
Labeling Criteria:

* Hate Speech on Religion (1): Texts contain-
ing explicit or implicit hate against a religion
(Hindu or Muslim), including:

— Direct insults, slurs, or abusive language
targeting a religious group.

— Calls for violence, discrimination, or ex-
clusion based on religion.

— Misinformation or stereotypes that incite
hatred.

— Provocative statements intending to
cause communal disharmony.

* Not Hate Speech (0): Texts that do not con-
tain religious hate speech, including:

— Political discussions without religious
targeting.

— Opinions, sarcasm, or humor that do not
promote hatred.

— Discussions about religion without intent
to incite violence.

If a sample was unclear, annotators referred to
context and intent. Disagreements between two



Table 2: Overview of the dataset

Text

| Label[0/1]

Deshada Hindu matthu Muslim galu yendu ondu ge barolla avaru olage namma rashtrada vairi Muslim
galu namma desh dushman

1

Muslim galu hamesha Hindu mele droh madtare ivaru namma desh ke khatara ivaranna olage vittu
namma rashtrada surakshya dodda aapathige nuggi bidutte

Kannada naadu belongs to all religions we must promote peace and harmony society flourishes when we
stand together respecting all faiths and backgrounds equally

Muslim galu matthu Hindu galu seridre matra naadu balutte, yava ondu dharmavannu dushisuvudu sari
alla, namma sahane namma balavagi iruvudu.

Religious harmony is important for a strong nation, Hindus and Muslims must coexist peacefully,
respecting each other’s traditions, ensuring equality, and spreading love, not hate.

Muslims get out of our country this land belongs to Hindus they are a threat to our nation they should

leave immediately we cannot trust them anymore

annotators were resolved through discussions. Mis-
information leading to potential hate was labeled
as hate speech.

3.2 Analysis

Table 1 presents the statistical analysis of the
dataset, 3,175 data points with 1,542 labeled as
non-hate speech (0) and 1,633 as hate speech (1),
ensuring a balanced distribution for training Al
models. The dataset contains 80,397 words, with
hate speech samples contributing 42,294 words and
non-hate speech 38,103 words (47.4%), hence the
dataset is balanced. Table 2 represents the overview
of the dataset which displays few examples from
the proposed dataset.

3.3 Baselines

We conducted experiments on the proposed dataset
using various pre-trained language models and
large language models (LLMs), including: (i)
GPT-40(OpenAl, 2023), (ii)) Gemini(DeepMind,
2023), @iii) LLaMA 3(Touvron et al., 2023),
(iv) Kannada-BERT(Khanuja et al., 2021), (v)
IndicBERT(Kakwani et al., 2020), and (vi)
Multilingual-BERT(Devlin et al., 2018).

For baseline experimentation, we implemented
the few-shot prompting technique, where eight
training samples were selected from the dataset.
These examples were provided as context to guide
the LLMs in classifying the input text.

The dataset was randomly split into 80% for
training and 20% for testing. Pre-trained models
were fine-tuned for five epochs with a learning rate
of 0.01, while other parameters were kept at default
settings. GPT variants were fine-tuned using the
OpenAl API key, while BERT-based models were
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Table 3: Test results

Model | Precision Recall | Accuracy
LSTM 58.42 60.19 59.32
Bi-LSTM 62.71 67.02 65.14
CNN Bi LSTM 64.12 70.15 68.22
m-BERT 68.35 72.14 71.48
Kannada BERT 70.92 75.34 73.59
Indic BERT 72.54 76.92 75.36
Gemini 2.0 75.18 79.11 77.51
LLAMA 3 76.24 77.61 77.02
GPT-40 78.36 79.81 78.61

fine-tuned on Google Colab (free GPU version).
Few-shot prompting was executed without GPU on
Google Colab, whereas LLaMA models were fine-
tuned using NVIDIA GPUs with CUDA support.

4 Experimental Results and Discussion

Table 3 presents the test results of several models
across precision, recall, and accuracy. In general,
older models like LSTM, Bi-LSTM, and CNN Bi
LSTM have lower accuracy compared to the more
advanced models. Among these, CNN Bi LSTM
achieves the highest accuracy but still falls short of
the more recent models.

‘When it comes to transformer-based models, m-
BERT shows a noticeable improvement over the
earlier models. Its accuracy is higher than the
LSTM-based models, indicating that transformer
architectures tend to perform better for the given
task. Kannada BERT and Indic BERT further out-
perform m-BERT, with Indic BERT reaching the
highest accuracy among the BERT-based models.

The highest accuracy scores are seen in the lat-
est models Gemini 2.0, LLAMA 3, and GPT-4o.



These models significantly surpass the accuracy of
the previous ones, with GPT-40 achieving the high-
est accuracy overall. This suggests that the most
recent developments in transformer-based models,
particularly those like GPT-40, are highly effec-
tive for the task and represent a significant leap in
performance.

Real time usecases:

The models trained on this dataset can be ap-
plied to various real-time scenarios to help manage
and control hate speech online, particularly during
sensitive times like elections.

1. Election Commission: The model can assist
the Election Commission in identifying and
removing posts that spread religious hate dur-
ing election periods. This helps maintain a
peaceful and unbiased environment, ensuring
that elections remain fair and free from divi-
sive content. For example, if a social media
post targets a particular religious group with
inflammatory remarks, the system can flag it
for removal, promoting a more respectful and
impartial electoral process.

Social Media Platforms: Social media com-
panies can use this model to monitor and reg-
ulate content that may negatively influence
teenagers and children. As young people are
more susceptible to harmful content, the sys-
tem can help identify and restrict posts that
spread religious intolerance or hate speech.
For instance, if a user posts a hate-filled com-
ment targeting a minority religious group, the
platform could use the model to detect it and
either warn the user or remove the post to
protect younger audiences.

Government Agencies and Law Enforce-
ment: The model could be used by govern-
ment bodies or law enforcement agencies to
track and prevent the spread of hate speech
across public forums, particularly during sen-
sitive times like political unrest or elections.
By detecting harmful content early, agencies
can take proactive measures to prevent violent
outbreaks or social division. For example, it
could help identify extremist posts before they
escalate into offline actions.

Media and News Outlets: News organiza-
tions could use this model to monitor and
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manage the spread of biased or harmful re-
ligious narratives in the media, especially dur-
ing election seasons when the risk of divisive
rhetoric is higher. By detecting inflammatory
language, media outlets can avoid amplifying
hate speech or biased content in their reports,
ensuring a more balanced and responsible ap-
proach to news coverage.

. Educational Institutions: Schools and uni-
versities can use the model to monitor online
discussions, forums, or social media groups
where students interact. This helps maintain a
safe and inclusive environment by identifying
and addressing harmful content related to re-
ligion, fostering respectful discourse among
young people. For example, a student might
post hateful comments about another religion
in an online forum, and the system can flag it
for review by administrators.

5 Conclusion and Future Work

The proposed hate speech detection model has sig-
nificant potential to mitigate religious hate speech
in real-time, particularly during elections and on
social media platforms. By using advanced natural
language processing (NLP) techniques, this model
helps various stakeholders, including election com-
missions, social media companies, law enforce-
ment agencies, and educational institutions, to iden-
tify and control harmful speech. The real-world
applications discussed demonstrate the necessity
of such models in maintaining a fair, unbiased, and
safer online environment. Future work includes
developing advanced algorithms for detecting hate
speech in Kannada and other Dravidian languages
while also expanding the scope to explore related
issues such as caste politics and other forms of
social discrimination.

Limitations

This study primarily focuses on text-based hate
speech detection, which means it does not account
for other modalities such as images, videos, or
audio, where hate speech can also be prevalent.
Additionally, the scope of this research is centered
around elections, providing valuable insights into
political discourse but not extending to other im-
portant social contexts such as caste-based discrim-
ination or general communal hate speech outside
election periods. However, this focused approach



allows for a deeper and more precise understanding
of election-related hate speech, laying the ground-
work for future research to expand into multimodal
analysis and broader societal issues.

Ethics Statment

We strongly oppose any potential misuse of this
dataset, such as training models to generate hate
speech or promote religious discrimination. Our
sole aim is to detect religious hate speech during
elections and help mitigate its spread on social
media, fostering a safer and more inclusive online
environment.
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Abstract

Detecting hate speech on social media is
increasingly difficult, particularly in low-
resource Dravidian languages such as Tamil,
Telugu and Malayalam. Traditional approaches
primarily rely on text-based classification, of-
ten overlooking the multimodal nature of online
communication, where speech plays a pivotal
role in spreading hate speech. We propose a
multimodal hate speech detection model using
a late fusion technique that integrates Wav2Vec
2.0 for speech processing and Muril for text
analysis. Our model is evaluated on the Dra-
vidianLangTech@NAACL 2025 dataset, which
contains speech and text data in Telugu, Tamil,
and Malayalam scripts. The dataset is cate-
gorized into six classes: Non-Hate, Gender
Hate, Political Hate, Religious Hate, Religious
Defamation, and Personal Defamation. To ad-
dress class imbalance, we incorporate class
weighting and data augmentation techniques.
Experimental results demonstrate that the late
fusion approach effectively captures patterns
of hate speech that may be missed when ana-
lyzing a single modality. This highlights the
importance of multimodal strategies in enhanc-
ing hate speech detection, particularly for low-
resource languages.

1 Introduction

The rise of hate speech on social media necessi-
tates automated detection for safer online spaces
(Schmidt and Wiegand, 2017). While significant
progress has been made in high-resource languages
like English, research in Tamil, Malayalam, and
Telugu remains limited (Zampieri et al., 2019). The
linguistic complexity of Dravidian languages—rich
morphology, agglutinative structures, and unique
syntax—poses additional NLP challenges (Hegde
et al., 2021). Hate speech is prevalent in both text
and speech, especially on video-sharing and voice-
based platforms (Kumar et al., 2021). Advance-
ments in deep learning and transformer models
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have enabled more accurate multimodal detection
(Kiela et al., 2020).

Dravidian languages suffer from insuffi-
cient labeled data, limiting supervised learning
(Chakravarthi et al., 2021). Hate speech datasets
are highly imbalanced, with fewer hateful instances
(Saha et al., 2021), and complex linguistic features
like phonetic variations and dialectal differences
further challenge text and speech processing (Kr-
ishnan et al., 2022). While Muril shows promise
for Indian language text processing (Khanuja et al.,
2021), speech models like Wav2Vec 2.0 require
adaptation for Dravidian languages.

This study introduces a multimodal hate speech
detection model integrating Muril for text and
Wav2Vec 2.0 for speech, employing a late fusion
technique to address these challenges.

2 Related Works

Historically, hate speech detection relied on text-
based models like SVMs, Naive Bayes, and Ran-
dom Forests (Davidson et al., 2017). Deep learning
models, including LSTM, CNNs, and Transform-
ers (BERT, RoBERTa, XLM-R), improved per-
formance, especially in English (Zampieri et al.,
2019), but struggle with implicit hate, sarcasm, and
multimodal cues.

With the rise of speech-based platforms, self-
supervised models like Wav2Vec 2.0, HuBERT,
and Whisper have replaced MFCC- and HMM-
based methods (Baevski et al., 2020). Multimodal
approaches, such as transformers integrating text
and vision (Kiela et al., 2020) and late fusion com-
bining text and speech at the logit level (Yin and
Zubiaga, 2021), have further enhanced detection.

The HOLD-Telugu shared task (Premjith et al.,
2024a) highlighted transformer effectiveness in Tel-
ugu code-mixed text. Expanding on this, (Premjith
et al., 2024b) demonstrated multimodal advantages
in hate speech detection, while (Lal G et al., 2025)



introduced cost-sensitive learning for class imbal-
ance in Dravidian text. Data augmentation tech-
niques, including back-translation, paraphrasing,
and synthetic generation, have improved text-based
detection (Founta et al., 2018), while speed vari-
ation, pitch shifting, and noise injection enhance
speech model robustness.

3 Dataset and Preprocessing

We use the DravidianLangTech@NAACL 2025
dataset, a benchmark for multimodal hate speech
detection in Tamil, Malayalam, and Telugu. It con-
tains text and speech samples from social media,
labeled into five classes—one non-hate and four
hate categories. Given the skewed class distribu-
tion (Fig. 1), specialized preprocessing and aug-
mentation techniques are applied to improve model
robustness.

3.1 Text Preprocessing

The text data is preprocessed using Unicode Nor-
malization for consistency, Unwanted Character
Removal to retain only meaningful text, Sentence
Splitting and Tokenization for structured segmenta-
tion, and Stopword Removal to enhance relevance.

3.2 Speech Preprocessing

Speech preprocessing involves resampling all au-
dio samples to 16 kHz to match Wav2Vec 2.0’s de-
fault input requirements. Noise reduction is applied
using spectral subtraction to remove background in-
terference and enhance speech clarity. Finally, fea-
ture extraction is performed directly by Wav2Vec
2.0, which generates raw speech embeddings, elim-
inating the need for manual feature engineering
techniques such as MFCCs or spectrogram analy-
sis.

3.3 Data Augmentation

To improve model generalization, data augmen-
tation techniques were employed separately for
speech and text because to the class imbalance
in the data set. We used data augmentation ap-
proaches to improve the generalization and robust-
ness of the model for both audio and textual input.

3.3.1 Text Data Augmentation

* Synonym Replacement: Uses a pre-trained
FastText model for contextual synonym sub-
stitution.
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* Backtranslation: Introduces lexical and syn-
tactic diversity via intermediate language
translation.

3.3.2 Audio Data Augmentation

* Gaussian Noise Addition: Injects noise at
varying levels (0.005, 0.01, 0.03) to enhance
robustness against distortions.

4 Methodology
4.1 Text-Based Model (Muril)

Muril, a transformer-based model pre-trained on
17 Indian languages, excels in Indian language
processing, particularly in Dravidian scripts and
low-resource settings, outperforming mBERT and
XLM-R. It is optimized for hate speech detec-
tion using the DravidianLangTech@NAACL 2025
dataset.

Fine-tuning begins with text preprocessing and
tokenization using Muril’s subword tokenizer. The
tokenized input passes through the Muril encoder
to generate contextualized embeddings, which are
processed by fully connected layers and a soft-
max classifier to predict six hate speech classes:
Non-Hate, Gender Hate, Political Hate, Religious
Hate, Religious Defamation, and Personal Defama-
tion. Training is conducted with a batch size of
32, sequence length of 128, and a 3e-5 learning
rate using the AdamW optimizer for 10 epochs,
with early stopping based on validation loss. Cate-
gorical cross-entropy loss is used to optimize the
classification problem; the loss function is provided
by:

N
L=- yilog(i) e
i=1
where y; represents the ground-truth label, and
1; is the predicted probability for class ii.

4.2 Speech-Based Model (Wav2Vec 2.0)

Wav2Vec 2.0 (Baevski et al., 2020) is used
for speech-based hate speech detection, learning
speech representations directly from raw audio
without phonetic transcriptions. Effective in low-
resource settings, it handles dialectal variations
in Tamil, Malayalam, and Telugu better than tra-
ditional MFCC-based classifiers by capturing nu-
anced phonetic and prosodic features.

The classification pipeline involves preprocess-
ing (Section 3.2), followed by Wav2Vec 2.0 encod-
ing to generate contextualized embeddings, which
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Figure 1: The left side graph depicts the unbalanced data and right side graph is the data distribution after data

augmentation

are processed by fully connected layers and clas-
sified via softmax. The model is trained indepen-
dently on the DravidianLangTech@NAACL 2025
dataset using the AdamW optimizer (batch size:
16, learning rate: 2e-5) for 10 epochs, with class
weighting to address imbalance. Categorical cross-
entropy loss is used for optimization, as in the
Muril model.

4.3 Computational Cost

Training was conducted on Google Colab Free with
an NVIDIA Tesla T4 GPU (16 GB VRAM), In-
tel Xeon CPU (2 vCPUs, 2.3 GHz), and 12 GB
RAM. Fine-tuning Muril and Wav2Vec 2.0 for
Tamil, Malayalam, and Telugu took approximately
1 hour per model over 10 epochs, with GPU utiliza-
tion reaching 40-60% and peak memory usage of
10 GB.

5 Fusion Techniques

5.1 Early Fusion

Early fusion integrates text and speech features at
the representation level by concatenating embed-
dings from Muril and Wav2Vec 2.0 before clas-
sification as shown in Fig. 2. This allows the
model to learn cross-modal interactions early in
the pipeline. The concatenated feature vector is
passed through a shared neural network, which
processes both modalities jointly. While early fu-
sion enables deeper multimodal learning, it may
introduce modality imbalance, where dominant fea-
tures, such as text, overshadow weaker ones, such
as speech. Additionally, the increased feature di-
mensionality can lead to overfitting and higher com-
putational costs.
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Figure 2: Early Fusion of MuRIL and Wav2Vec for
Sentiment Classification

~ Gender (G)

~ Political (P)
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*Non-Hate (N)

Figure 3: Late Fusion of MuRIL and Wav2Vec for Sen-
timent Classification

5.2 Late Fusion

Late fusion combines predictions at the decision
level rather than merging raw features as shown in
Fig. 3. Muril and Wav2Vec 2.0 are trained sepa-
rately, generating independent class probabilities,
P, for text and P for speech. The final classifica-
tion probability is computed as:

Pﬁnal :ajjif"i_(l_a)Ps 2)

where « is a tunable hyperparameter that adjusts
the relative contribution of each modality. This
approach allows the model to optimize each modal-
ity independently before aggregation, reducing the
risk of feature redundancy and overfitting.

5.3 Comparison of Fusion Strategies

Early fusion provides stronger cross-modal feature
interaction but may suffer from modality domi-
nance and increased computational demands. In
contrast, late fusion ensures independent optimiza-
tion of each modality, offering greater flexibility



in weighting text and speech contributions. By ex-
ploring both techniques, we aim to determine the
most effective strategy for multimodal hate speech
detection.

6 Result

The results of our multimodal hate speech detec-
tion model across Tamil, Malayalam, and Telugu
demonstrate variations in performance based on
fusion strategies and training approaches.

Language | F1- Trainset | F1 - Test set
Tamil 0.79 0.48

Malayalam 0.83 0.51
Telugu 0.73 0.40

Table 1: Train and Test Results using Early fusion

Language Text Audio F1
Train | Test | Train | Test | Test set
Tamil 0.84 | 0.74 | 043 | 0.38 0.71
Malayalam | 0.69 | 0.75 | 0.65 | 0.40 0.75
Telugu 0.82 | 0.35 0.4 0.26 0.17

Table 2: F1 Scores using class weighting (Late Fusion)

Language Text Audio Late
Train | Test | Train | Test | Fusion
Tamil 0.84 | 0.69 | 094 | 0.38 0.70

Table 3: F1 Scores - Augmented data (Late fusion)

6.1 Early Fusion Performance and Overfitting

Early fusion results (Table 1) indicate that while
the model achieves relatively high F1-scores on
the train set (0.79-0.83), the test set performance
drops significantly (0.40-0.51), suggesting overfit-
ting. This is likely due to the absence of explicit
regularization techniques such as dropout or weight
decay. The model memorizes training patterns but
fails to generalize well on unseen data.

6.2 Late Fusion Generalization

Unlike early fusion, late fusion achieves better gen-
eralization without explicit regularization. This
suggests that independent training of text and audio
modalities before aggregation helps mitigate over-
fitting. Class weighting further balances the con-
tributions of both modalities, leading to improved
test performance for Tamil (0.71) and Malayalam
(0.75) as shown in (Table 2). However, Telugu’s
performance remains weak across all modalities.
Table 4 highlights that while classes like R and P
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perform well, G suffers from poor recall (0.30), in-
dicating difficulty in identifying certain instances,
which suggests modality-specific challenges.

Class Precision  Recall Fl-score
C 0.58 0.70 0.64
N 0.56 0.90 0.69
R 0.82 0.90 0.86

P 0.88 0.70 0.78
G 1.00 0.30 0.46
Accuracy 0.70

Macro Avg 0.77 0.70 0.69
Weighted Avg 0.77 0.70 0.69

Table 4: Classification report of the model trained using
the late fusion-class weighting approach.

6.3 Impact of Data Augmentation

Data augmentation (Table 3) improves model ro-
bustness, particularly for Tamil, where the test F1-
score for text increases to 0.69, and late fusion
achieves 0.70. However, augmentation has a min-
imal effect on Telugu, reinforcing the hypothesis
that linguistic characteristics and data sparsity play
a larger role in its underperformance.

6.4 Analysis of Telugu’s Underperformance

Telugu shows the weakest performance across all
models, especially in late fusion (0.17), due to its
high phonetic and syntactic diversity, which hin-
ders both text and speech models. Additionally,
Wav2Vec 2.0, trained on high-resource languages,
struggles with Telugu’s unique phonetic structure,
leading to lower classification accuracy.

7 Conclusion

This study examines multimodal hate speech detec-
tion in Tamil, Malayalam, and Telugu using Muril
and Wav2Vec 2.0. Comparing fusion strategies, we
find that early fusion enables cross-modal interac-
tions but suffers from overfitting, while late fusion
generalizes better by optimizing text and speech
models independently.

Class weighting and data augmentation enhance
performance, particularly for Tamil and Malay-
alam, though Telugu remains challenging due to lin-
guistic complexity and data sparsity. Future work
will focus on reducing overfitting with regulariza-
tion techniques, evaluating advanced transformer
models, and improving interpretability for better
linguistic adaptation.

The implementation of our model, including pre-
processing and training scripts, is publicly available
at GitHub Repository.


https://github.com/Aishwarya-Selvamurugan/Multimodal-Hate-Speech-Detection-in-Dravidian-Languages.git

8 Limitations

The class disparity is still a problem in the Dravidi-
anLangTech@NAACL 2025 dataset, especially for
hate categories related to politics and religion. The
lack of pre-trained models for Dravidian languages,
along with background noise and accent fluctua-
tion, make speech processing difficult. Because the
text-based model performs better than the speech-
based model, the modalities’ contributions are un-
balanced, and late fusion is unable to adequately
reflect their complex interconnections. Changes in
hate speech patterns and a lack of discourse-level
knowledge hinder generalization to real-world con-
texts.

9 Ethics Statement

This research focuses on improving multimodal
hate speech detection while ensuring fairness, trans-
parency, and ethical considerations. We acknowl-
edge the potential for bias in dataset distribution,
which may affect classification performance across
different hate speech categories. To mitigate this,
we incorporate class balancing techniques and as-
sess misclassification trends through error analysis.
All data used in this study is publicly available,
and no personally identifiable information was pro-
cessed. While our model aims to enhance online
safety, we recognize the risks of false positives and
false negatives, which highlight the need for human
oversight in real-world applications. We encourage
responsible Al deployment and emphasize that this
work should not be used to unjustly suppress free
speech but rather to foster safer online interactions,
particularly in low-resource languages.
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Abstract

The detection of hate speech in social media
platforms is very crucial these days. This is
due to its adverse impact on mental health,
social harmony, and online safety. This pa-
per presents the overview of the shared task
on Multimodal Hate Speech Detection in Dra-
vidian Languages organized as part of Dravid-
ianLangTech@NAACL 2025. The task em-
phasizes detecting hate speech in social media
content that combines speech and text. Here,
we focus on three low-resource Dravidian lan-
guages: Malayalam, Tamil, and Telugu. Par-
ticipants were required to classify hate speech
in three sub-tasks, each corresponding to one
of these languages. The dataset was curated
by collecting speech and corresponding text
from YouTube videos. Various machine learn-
ing and deep learning-based models, includ-
ing transformer-based architectures and mul-
timodal frameworks, were employed by the
participants. The submissions were evaluated
using the macro F1 score. Experimental re-
sults underline the potential of multimodal ap-
proaches in advancing hate speech detection
for low-resource languages. Team SSNTrio
achieved the highest F1 score in Malayalam
and Tamil of 0.7511 and 0.7332, respectively.
Team lowes scored the best F1 score of 0.3817
in the Telugu sub-task.

1 Introduction

As social networks have become an essential part
of modern life, people use it to share their cre-
ations, opinions, and daily experiences (Paval et al.,
2024). Although it is meant to be a platform
for fun and information sharing, some use it to
spread hate and profane content (Ben-David and
Ferndndez, 2016). Hate posts usually target spe-
cific individuals, groups, or even nations. More-
over, many people use fake profiles to share such
content. This harmful behavior has caused men-
tal distress and conflicts among different groups.
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Addressing this issue requires better detection of
hate speech, which is challenging due to the unique
language styles used in online content (Schmidt
and Wiegand, 2017).

In this context, manually identifying and remov-
ing hate speech is the simplest method, but it is a
time consuming and tedious process (MacAvaney
et al., 2019). Automated methods are becoming
more popular because they are faster and more effi-
cient. Most studies focus on detecting hate speech
in written text, while progress in videos and images
has been made using multimodal datasets. How-
ever, detecting hate speech in spoken language and
its combination with text has not been explored
much due to lack of multimodal datasets, especially
for low-resource Dravidian languages (Anilkumar
et al., 2024).

A lot of research is being done to recognize hate
speech using images, text, and videos (Davidson
et al., 2017; Safaya et al., 2020). Most studies
currently focus on single modality, especially text.
Neverthless, research on speech-based and multi-
modal approaches are also in growing phase. For
example, Abhishek et al. (Anilkumar et al., 2024)
used deep learning models to detect hate speech
in Hindi and Marathi texts from the HASOC 2021
dataset (Velankar et al., 2021). They showed that
transformer models work best, but even simple
models with FastText embeddings can give strong
results. Similarly, Tashvik Dhamija’s (Dhamija
et al., 2021) study on English tweets showed that
RoBERTa embeddings combined with a decision
tree algorithm performed exceptionally well.

A few other studies considered different lan-
guages and techniques for detection of hate-speech.
For example, Vandan Mujadia et al. (Mujadia et al.,
2019) have done hate/offensive content detection
in multiple langauges such as Hindi, English, and
German. The study showed best results while com-
bining a voting system with ML classifier models.
Another work by Joshi et al. (Joshi et al., 2021)



showed that the BERT-based models perform bet-
ter for Hindi data. Furthermore, Badjatiya et al.
showed that a combination of LSTM with gradient-
boosted decision trees gave good results. (Bad-
jatiya et al., 2017). In summary, all the aforesaid
studies show that advanced algorithms from the
ML paradigm can improve the detection of hate
speech, irrespective of the language variations.

The Shared Task on Multimodal Hate Speech
Detection in Dravidian Languages, held at Dra-
vidianLangTech@NAACL 2025, is a step towards
advancing the challenges in hate speech detection.
This task aims to develop and test methodologies
for detecting hate speech in social media using both
speech and text.

2 Task Description

This shared task on hate speech detection focuses
on Malayalam, Tamil, and Telugu, the three impor-
tant Dravidian languages. Consequently, the task
is divided into three sub-tasks as follows:

 Task 1: Multimodal hate-speech detection in
Malayalam

* Task 2: Multimodal hate-speech detection in
Tamil

* Task 3: Multimodal hate-speech detection in
Telugu

Participants are provided with training data sets
that contain multimodal content, including text and
speech. The objective is to develop models capable
of analyzing these components to predict the ap-
propriate labels for hate speech detection. Model
performance will be evaluated using the macro-F1
score, a widely used metric in NLP for classifica-
tion tasks.

3 Dataset description

We collected our dataset from YouTube videos on
channels with more than 50,000 subscribers to en-
sure wide reach and engagement. Instead of using
a predefined list of hate speech terms, we selected
videos based on the context of the spoken audio. In
particular, we focused on topics that likely spark
controversial or polarizing discussions. Examples
include debates on the Ram Mandir inauguration,
defamation of well-known figures. These topics
are chosen for their high engagement and potential
to attract hateful comments. By manually review-
ing the audio for context and intent, we identified

Language Data  Label Count Total

406

186

118 883
91

82

Train
Malayalam

10
10
10
10
10

Test 50

287

65

33 514
61

68

Train
Tamil

10
10
10
10
10

Test 50

198
122
58 556
72
106

Train
Telugu

10
10
10
10
10

Test 50

QORrTvOQOZORTOAZORTOQAZORTOAOZORTOQAZQRTAOZ

Table 1: Distribution of the hate speech data in Train and
Test sets in Malayalam, Tamil, and Telugu languages.
Here, the class labels N, C, P, R and G represent Non
hate, Personal defamation, Political hate speech, Reli-
gious hate speech and Gender-based hate speech, re-
spectively.

nuanced instances of hate speech without relying
on specific keywords. Our study focuses on four
types of hate speech, as defined by YouTube’s Hate
speech policy. They are as follows.

* Gender-based hate speech (G): Content tar-
geting individuals based on their gender iden-
tity, sexual orientation, or personal relation-
ships.

* Political hate speech (P): Negative remarks
directed at individuals based on their national-
ity or political beliefs.

* Religious hate speech (R): Hateful content



aimed at specific individuals or communities
related to their religion.

e Personal Defamation (C): Dehumanizing
comments, such as comparisons to animals,
diseases, or pests.

For sentences with multiple labels, such as per-
sonal defamation and religious content, the context
of the video is used for final labeling. Further, we
collected Non-hate (N) speech data from motiva-
tional videos because they are less likely to include
offensive content.

4 Participants Methodology

A total of 134 teams registered for this shared task.
However, only 19 teams submitted the results for
atleast one sub-tasks. Precisely, 17 teams submitted
the results for Malayalam and Tamil sub-task, and
18 teams submitted for Telugu sub-task. Some of
the teams submitted multiple runs, of which, best
run was taken as their final submission. We eval-
uated the submissions using the macro F1 score,
and then prepared the rank list based on the results.
Tables 1, 2 and 3 show the rank lists for the Malay-
alm, Tamil and Telugu sub-tasks, respectively. The
methodologies used by each team are explained in
following subsections.

4.1 SSNTrio

The team ““‘SSNTrio” extracted speech features
from the spectrogram and appended them to the
corresponding text transcript and used a language-
specific BERT model to complete the classification
of hate speech. This approach achieved a macro
F1 score of 0.7511, 0.7332, and 0.3758 for Task 1,
Task 2, and Task 3, respectively.

4.2 lowes

The team “lowes” fine-tuned language open-source
BERT models, which were pre-trained on the Dra-
vidian languages by 13cube-pune. This approach
achieved a macro F1 score of 0.7367, 0.7225, and
0.3817 for Task 1, Task 2, and Task 3, respectively.

4.3 MNLP

The team “MNLP” has used a deep learning-based
model. Precisely, the model is fine-tuned for the
classification task. This approach reported a macro
F1 score of 0.6135, 0.4877, and 0.2184 for Task 1,
2, and 3, respectively.
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Team

Macro F1 Score

Rank

SSNTrio (J
et al., 2025)
lowes
MNLP
(Chauhan
and Kumar,
2025)

byteSizedLLM

(Manukonda
et al., 2025)

KEC_Tech_Titans

zerowatts
(Shanmu-
gavadivel
et al., 2025a)
gryffindor
(Shanmu-
gavadivel
et al., 2025d)

VKG_VELLORE

NLP_goats

SSN_IT_SPEECH

SSN_MMHS
(Murali and
Sivanaiah,
2025)

The Deathly
Hallows
(Shanmu-
gavadivel

et al., 2025b)
Bright Red
(Shanmu-
gavadivel

et al., 2025¢)
cantnlp
(Wong and
Li, 2025)
Team
ML_Forge
(Faisal et al.,
2025)
KEC-Elite-
Analysts
deanhthin

0.7511

0.7367
0.6135

0.5831

0.5114

0.4726

0.4725

0.4604

0.4105

0.3726
0.348

0.3016

0.2782

0.273

0.2005

0.0812

0.0758

9}

12

13

14

15

16

17

Table 2: Rank list of Malayalam sub-task



Team

Macro F1 Score

Rank

SSNTrio (J
et al., 2025)
lowes

The Deathly
Hallows
(Shanmu-
gavadivel

et al., 2025b)

KEC_Tech_Titans

MNLP
(Chauhan
and Kumar,
2025)
KEC-Elite-
Analysts
NLP_goats

VKG_VELLORE

cantnlp
(Wong and
Li, 2025)
Bright Red
(Shanmu-
gavadivel

et al., 2025c¢)
DLRG (Ra-
jalakshmi

et al., 2025)
zerowatts
(Shanmu-
gavadivel

et al., 2025a)
gryffindor
(Shanmu-
gavadivel

et al., 2025d)

SSN_IT_SPEECH
byteSizedLLM

(Manukonda
et al., 2025)
Team
ML_Forge
(Faisal et al.,
2025)
deanhthin

0.7332

0.7225
0.6438

0.5322
0.4877

0.4281

0.4049
0.3743
0.3186

0.3018

0.2542

0.2432

0.2431

0.2099

0.1596

0.1346

0.0592

1

o]

10

11

12

13

14

15

16

17

Table 3: Rank list of Tamil sub-task

59

Team

Macro F1 Score

Rank

lowes
SSNTrio (J
et al., 2025)
SemanticCuet
Sync_telugu
(Hossain

et al., 2025)
VKG_VELLORE
NLP_goats
KEC_Tech_Titans
gryffindor
(Shanmu-
gavadivel

et al., 2025d)
zerowatts
(Shanmu-
gavadivel

et al., 2025a)
Bright Red
(Shanmu-
gavadivel

et al., 2025¢)
byteSizedLLM
(Manukonda
et al., 2025)
MNLP
(Chauhan
and Kumar,
2025)
cantnlp
(Wong and
Li, 2025)
SSN_IT_SPEECH
SSN_MMHS
(Murali and
Sivanaiah,
2025)

The Deathly
Hallows
(Shanmu-
gavadivel

et al., 2025b)
Team
ML_Forge
(Faisal et al.,
2025)
KEC-Elite-
Analysts
deanhthin

0.3817
0.3758

0.3514

0.3324

0.2991

0.2857
0.264

0.264

0.251

0.2271

0.2184

0.1774

0.1631

0.1567

0.1559

0.1465

0.1326

0

1
2

~N O A

10

11

12

13

14

15

16

17

18

Table 4: Rank list of Telugu sub-task



4.4 byteSizedLLM

The team “byteSized LLM” has used a customized
attention BiLSTM architecture integrated with
XLM-RoBERTa base embeddings for textual fea-
tures. Additionally, The XLLM-RoBERTa was fine-
tuned to handle the complexities associated with
syntax and semantics. For audio features, they used
fine-tuned wav2vec2-base multilingual speech em-
beddings. This approach reported a macro F1 score
of 0.5831, 0.1596, and 0.2271 for Task 1, Task 2,
and Task 3, respectively.

4.5 KEC_Tech_Titans

The team “KEC_Tech_Titans”” employed pre-
trained language models, including BERT, mBERT,
RoBERTza, and XLNet, fine-tuned on task-specific
datasets, along with CNN and BiLSTM to capture
hierarchical and sequential patterns. They also uti-
lized HAN and HGNN for attention-based feature
extraction. For speech, speech-to-text models were
integrated with text-based classifiers, and BILSTM
was applied for sequential feature analysis. Here,
predictions from speech and text were combined
using late fusion. This ensured a balanced classifi-
cation. This method reported a macro F1 score of
0.5114, 0.5322, and 0.2857 for Task 1, Task 2, and
Task 3, respectively.

4.6 zerowatts

The team “‘zerowatts” implemented an audio clas-
sification system by extracting acoustic features
such as MFCC and spectral contrast, followed by
feature normalization and label encoding to prepare
data for model input. This method showed a macro
F1 score of 0.4726, 0.2432, and 0.264 for Task 1,
Task 2, and Task 3, respectively.

4.7 gryffindor

The team “gryffindor’ developed an audio classifi-
cation system by extracting acoustic features. The
features include normalized MFCC and spectral
contrast. This method reported macro F1 scores
of 0.4725, 0.2431, and 0.264 for the three tasks in
order.

4.8 VKG_VELLORE INSTITUTE OF
TECHNOLOGY

The team “VKG_VELLORE INSTITUTE OF
TECHNOLOGY?” adopted a two-stage approach.
In the first stage, language-specific models were
trained using BERT embeddings. These embed-
dings are generated from text transcripts with pre-
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trained models. They have addressed the class im-
balance problem through SMOTE and employed a
CatBoost classifier for prediction. In the final stage,
the whisper model is used for transcribing the au-
dio. Further, the processed text was fed into the
corresponding language-specific CatBoost model
for classification. This method achieved a macro F1
score of 0.4604, 0.3743, and 0.3324 for the three
tasks in order.

4.9 NLP_Goats

The team “NLP_Goats” utilized a TF-IDF-based
approach for text classification, employing logistic
regression to predict class labels. Text preprocess-
ing included tokenization, stopword removal, and
bigram generation, followed by TF-IDF vectoriza-
tion to convert text into numerical features. To
address class imbalance, oversampling techniques
were applied before training the Logistic Regres-
sion model, with performance evaluated using accu-
racy and other classification metrics. This approach
achieved a macro F1 score of 0.4105, 0.4049, and
0.2991 for Task 1, Task 2, and Task 3, respectively.

4.10 SSN_IT SPEECH

The team “SSN_IT_SPEECH” employed a multi-
modal deep learning approach to detect hate speech
by combining features from both audio and text
data. Audio features are extracted using MFCC,
which captures acoustic characteristics, while text
features are derived using TF-IDF to analyze lin-
guistic content. The extracted features are pro-
cessed by a neural network: audio features pass
through dense layers, while text features are han-
dled by LSTM layers, which are well-suited for
sequential data. This method leverages both the
acoustic and textual properties of speech to achieve
robust and nuanced hate speech detection. This
approach achieved a macro F1 score of 0.3726,
0.2099, and 0.1631 for Task 1, Task 2, and Task 3,
respectively.

4.11 SSN_MMHS

The team “SSN_MMHS”’ employed a multimodal
framework for hate speech detection using two
encoder-decoder transformer-based pipelines, each
incorporating LSTM layers for sequential model-
ing. The key idea is to enable cross-modality learn-
ing by reversing the input modalities across the
pipelines. In Pipeline 1, the encoder processes
speech features (MFCCs), while the decoder pro-
cesses text embeddings. Conversely, in Pipeline



2, the encoder processes text embeddings and the
decoder processes speech features, fostering better
interaction between modalities. The outputs from
both pipelines are concatenated to form a unified
representation, which is passed through a linear
layer followed by softmax for classification. This
approach achieved a macro F1 score of 0.348 and
0.1567 for Task 1 and Task 3, respectively.

4.12 The Deathly Hallows

The team ““The Deathly Hallows” implemented a
multimodal approach for classification, combining
audio and text features. Audio data was augmented
with techniques like noise addition, time-stretching,
and pitch-shifting, and MFCCs were extracted for
CNN-based classification. Text features were pro-
cessed using the "xIm-roberta-large" model to gen-
erate embeddings, followed by an FNN for clas-
sification. Both pipelines employed robust archi-
tectures with Dropout, BatchNormalization, and
Adam optimizer, ensuring accurate and generalized
predictions. This approach achieved a macro F1
score of 0.3016, 0.6438, and 0.1559 for Task 1,
Task 2, and Task 3, respectively.

4.13 BrightRed

The team “BrightRed” preprocessed text and au-
dio data for all three languages and evaluated three
models: Random Forest, LSTM, and CNN. Among
these, the Random Forest model achieved the high-
est accuracy. This approach achieved a macro F1
score of 0.2782, 0.3018, and 0.251 for Task 1, Task
2, and Task 3, respectively.

4.14 cantnlp

The team ““cantnlp” trained the multimodal hate
speech classification model using logistic regres-
sion by transforming the audio files as melSpec-
trogram, which implicitly encodes linguistic in-
formation as acoustic features. They compared
the performance with the text data across multiple
statistical language models such as Naive Bayes
Classifier for Multinomial Models, Linear Support
Vector Machine, Logistic Regression, and Random
Forest Classifier. This approach achieved a macro
F1 score of 0.273, 0.3186, and 0.1774 for Task 1,
Task 2, and Task 3, respectively.

4.15 Team ML_Forge

The team “Team ML_Forge” implemented a mul-
timodal training approach, combining text and au-
dio features. Text data was upsampled using back-
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translation, while audio data was processed at a 16
kHz sampling rate and augmented with variations
in sound, pitch, volume, and time-stretching. Miss-
ing audio files in the Tamil and Telugu datasets
were identified and addressed. Text features were
extracted using the mBERT model, and audio fea-
tures were processed with the wav2vec model,
supplemented by MFCC features. The features
from both modalities were concatenated and passed
through a fully connected layer to generate final
predictions. This approach achieved a macro F1
score of 0.2005, 0.1346, and 0.1465 for Task 1,
Task 2, and Task 3, respectively.

4.16 KEC-Elite-Analysts

The team “KEC-Elite-Analysts” employed a com-
bination of machine learning classifiers, including
Random Forest, Support Vector Machine, Naive
Bayes, and XGBoost. These models were used
to capture diverse patterns from textual and multi-
modal inputs, leveraging their strengths for effec-
tive hate speech classification in underrepresented
languages. This approach achieved a macro F1
score of 0.0812, 0.4281, and 0.1326 for Task 1,
Task 2, and Task 3, respectively.

4.17 deanhthin

The team ‘“deanhthin” utilized an LSTM model to
extract text features and a CNN integrated with log-
mel spectrograms to extract audio features. These
features were then fused using the Tensor Fusion
method. This approach achieved a macro F1 score
of 0.0758 and 0.0592 for Task 1 and Task 2, respec-
tively.

4.18 DLRG

The team “DLRG” used the pre-trained model
"ai4bharat/indic-bert" for text classification and
"vasista22/whisper-tamil-medium" for transcrip-
tion of audio. Precisely, the audio was converted to
text using the Whisper model, and the obtained text
were classified using the Indic-BERT model. This
approach achieved a macro F1 score of 0.2542 for
Tamil.

4.19 SemanticCuetSync_Telugu

The team ‘“SemanticCuetSync_Telugu” used
"openai/whisper-small" for audio feature extraction
and "[3cube-pune/telugu-bert-scratch" for textual
feature extraction. The features were combined us-
ing a gated fusion approach to perform hate speech



classification in Telugu. The method achieved a
macro F1 score of 0.3514.

The majority of the submissions to this shared
task centered around transformer-based models
and multimodal frameworks. Leading teams
such as SSNTrio and lowes leveraged fine-tuned
BERT models augmented with speech features
such as spectrograms and MFCC. Teams widely
used late fusion techniques and attention mech-
anisms to fuse the features of text and speech
data. For instance, byteSizedLLM combined XIL.M-
RoBERTa for text with wav2vec?2 for speech, while
KEC_Tech_Titans integrated BERT variants with
CNNs/BiLSTMs and graph networks. The effi-
cacy of oversampling algorithms such as SMOTE
was integrated into the models by some teams to
address the class imbalance problem present in
the data. Speech-to-text pipelines using Whisper
models (DLRG, SemanticCnetSync_Telugu) and
acoustic feature extraction (MFCCs, spectral con-
trast) paired with CNNs/LSTMs (The Deathly Hal-
lows, zerowatts) highlighted the diversity in au-
dio processing. The top-performing approaches
showed the efficacy of fine-tuned transformers and
multimodal integration, achieving superior macro
F1 scores in Malayalam and Tamil, while Telugu
posed greater challenges, with lower overall perfor-
mance. Overall, the submissions reflected a blend
of advanced deep learning architectures, traditional
NLP techniques, and innovative multimodal strate-
gies tailored to low-resource language contexts.

5 Conclusion

The shared task on Multimodal Hate Speech
Detection in Dravidian languages at Dravidian-
LangTech@NAACL 2025 is a platform to ad-
dress the research in detecting hate speech in low-
resource languages such as Malayalam, Tamil, and
Telugu. The task highlighted the effectiveness of
transformer-based models, particularly fine-tuned
language-specific BERT models, and multimodal
approaches that integrate both textual and acous-
tic features. The participation of different teams
showcased various methodologies, from advanced
deep learning architectures to traditional machine
learning techniques, all aimed at addressing the
complexities of hate speech detection in Malay-
alam, Tamil, and Telugu. The creation of a com-
prehensive, multiclass, multimodal dataset further
enriches the resources available for future research.
The results underscore the potential of combining

62

textual and vocal features for robust hate speech
detection, paving the way for more inclusive and
accurate models in the fight against online hate
speech.

Acknowledgments

This work was conducted with the financial support
from Science Foundation Ireland (SFI) under Grant
Number SFI/12/RC/2289_P2(Insight_2).

References

Abhishek Anilkumar, Jyothish Lal G, B Premjith, and
Bharathi Raja Chakravarthi. 2024. DravLangGuard:
A Multimodal Approach for Hate Speech Detection
in Dravidian Social Media. In Speech and Lan-
guage Technologies for Low-Resource Languages
(SPELLL), Communications in Computer and Infor-
mation Science.

Pinkesh Badjatiya, Shashank Gupta, Manish Gupta, and
Vasudeva Varma. 2017. Deep Learning for Hate
Speech Detection in Tweets. In Proceedings of the
26th international conference on World Wide Web
companion, pages 759-760.

Anat Ben-David and Ariadna Matamoros Fernandez.
2016. Hate Speech and Covert Discrimination on
Social Media: Monitoring the Facebook Pages of
Extreme-Right Political Parties in Spain. Interna-
tional Journal of Communication, 10:27.

Shraddha Chauhan and Abhinav Kumar. 2025.
MNLP@DravidianLangTech 2025: A Deep Mul-
timodal Neural Network for Hate Speech Detection
in Dravidian Languages. In Proceedings of the Fifth
Workshop on Speech, Vision, and Language Tech-
nologies for Dravidian Languages. Association for
Computational Linguistics.

Thomas Davidson, Dana Warmsley, Michael Macy, and
Ingmar Weber. 2017. Automated Hate Speech De-
tection and the Problem of Offensive Language. In
Proceedings of the international AAAI conference on
web and social media, volume 11, pages 512-515.

Tashvik Dhamija, Anjum, and Rahul Katarya. 2021.
Comparative Analysis of Machine Learning and
Deep Learning Algorithms for Detection of Online
Hate Speech. In Advances in Mechanical Engineer-
ing: Select Proceedings of CAMSE 2020, pages 509—
520. Springer.

Adnan Faisal, Shiti Chowdhury, Sajib Bhattachar-
jee, Udoy Das, Samia Rahman, Momtazul Are-
fin Labib, and Hasan Murad. 2025. Team
ML _Forge@DravidianLangTech 2025: Multimodal
Hate Speech Detection in Dravidian Languages. In
Proceedings of the Fifth Workshop on Speech, Vi-
sion, and Language Technologies for Dravidian Lan-
guages. Association for Computational Linguistics.



Md Sajjad Hossain, Symom Hossain Shohan, Ashra-
ful Islam Paran, Jawad Hossain, and Mo-
hammed Moshiul Hoque. 2025. SemanticCuet-
Sync@DravidianLangTech 2025: Multimodal Fu-
sion for Hate Speech Detection- A Transformer
Based Approach with Cross-Modal Attention. In
Proceedings of the Fifth Workshop on Speech, Vi-
sion, and Language Technologies for Dravidian Lan-
guages. Association for Computational Linguistics.

Bhuvana J, Mirnalinee T T, Rohan R, Diya Seshan, and
Avaneesh Koushik. 2025. SSNTrio @ Dravidian-
LangTech 2025: Hybrid Approach for Hate Speech
Detection in Dravidian Languages with Text and Au-
dio Modalities. In Proceedings of the Fifth Work-
shop on Speech, Vision, and Language Technologies
for Dravidian Languages. Association for Computa-
tional Linguistics.

Ramchandra Joshi, Rushabh Karnavat, Kaustubh Jira-
pure, and Ravirai Joshi. 2021. Evaluation of Deep
Learning Models for Hostility Detection in Hindi
Text. In 2021 6th International conference for con-
vergence in technology (I2CT), pages 1-5. IEEE.

Sean MacAvaney, Hao-Ren Yao, Eugene Yang, Katina
Russell, Nazli Goharian, and Ophir Frieder. 2019.
Hate Speech Detection: Challenges and Solutions.
PloS one, 14(8):e0221152.

Durga Prasad Manukonda, Rohith Gowtham
Kodali, and Daniel Iglesias. 2025. byte-
SizedLLM @DravidianLangTech 2025: Multimodal
Hate Speech Detection in Malayalam Using
Attention-Driven BiLSTM, Malayalam-Topic-BERT,
and Fine-Tuned Wav2Vec 2.0. In Proceedings of
the Fifth Workshop on Speech, Vision, and Language
Technologies for Dravidian Languages. Association
for Computational Linguistics.

Vandan Mujadia, Pruthwik Mishra, and Dipti Misra
Sharma. 2019. IIT-Hyderabad at HASOC 2019:
Hate Speech Detection. In FIRE (Working Notes),
pages 271-278.

Jahnavi Murali and Rajalakshmi Sivanaiah. 2025.
SSN_MMHS @DravidianLangTech 2025: A Dual
Transformer Approach for Multimodal Hate Speech
Detection in Dravidian Languages. In Proceedings of
the Fifth Workshop on Speech, Vision, and Language
Technologies for Dravidian Languages. Association
for Computational Linguistics.

Ks Paval, Vishnu Radhakrishnan, Km Krishnan,
G Jyothish Lal, and B Premjith. 2024. Multimodal
Fusion for Abusive Speech Detection Using Liquid
Neural Networks and Convolution Neural Network.
In 2024 15th International Conference on Comput-
ing Communication and Networking Technologies
(ICCCNT), pages 1-7. IEEE.

Ratnavel Rajalakshmi, R Ramesh Kannan,
Meetesh Saini, and Bitan Mallik. 2025.
DLRG@DravidianLangTech 2025: Multimodal
Hate Speech Detection in Dravidian Languages.

In Proceedings of the Fifth Workshop on Speech,
Vision, and Language Technologies for Dravid-
ian Languages. Association for Computational
Linguistics.

Ali Safaya, Moutasem Abdullatif, and Deniz Yuret.
2020. KUISAIL at SemEval-2020 task 12: BERT-
CNN for offensive speech identification in social me-
dia. In Proceedings of the Fourteenth Workshop on
Semantic Evaluation, pages 2054-2059, Barcelona
(online). International Committee for Computational
Linguistics.

Anna Schmidt and Michael Wiegand. 2017. A Survey
on Hate Speech Detection using Natural Language
Processing. In Proceedings of the fifth international
workshop on natural language processing for social
media, pages 1-10.

Kogilavani Shanmugavadivel, Malliga Subramanian,
Naveenram CE, Vishal RS, and Srinesh S. 2025a.
KEC_AI_ZEROWATTS @DravidianLangTech 2025:
Multimodal Hate Speech Detection in Dravidian lan-
guages. In Proceedings of the Fifth Workshop on
Speech, Vision, and Language Technologies for Dra-
vidian Languages. Association for Computational
Linguistics.

Kogilavani Shanmugavadivel, Malliga Subramanian,
Vasantharan K, Prethish G A, and Santhosh S. 2025b.
The_Deathly_Hallows @DravidianLangTech 2025:
Multimodal Hate Speech Detection in Dravidian Lan-
guages. In Proceedings of the Fifth Workshop on
Speech, Vision, and Language Technologies for Dra-
vidian Languages. Association for Computational
Linguistics.

Kogilavani Shanmugavadivel, Malliga
Subramanian, Nishdharani P, San-
thiya E, and Yaswanth Raj E. 2025c.

KEC_AI_BRIGHTRED @DravidianLangTech
2025: Multimodal Hate Speech Detection in
Dravidian languages. In Proceedings of the Fifth
Workshop on Speech, Vision, and Language Tech-
nologies for Dravidian Languages. Association for
Computational Linguistics.

Kogilavani Shanmugavadivel, Malliga
Subramanian, ShahidKhan S,
Shri Sashmitha S, and Yashica S. 2025d.

KEC_AI_GRYFFINDOR @DravidianLangTech
2025: Multimodal Hate Speech Detection in
Dravidian languages. In Proceedings of the Fifth
Workshop on Speech, Vision, and Language Tech-
nologies for Dravidian Languages. Association for
Computational Linguistics.

Abhishek Velankar, Hrushikesh Patil, Amol Gore, Shub-
ham Salunke, and Raviraj Joshi. 2021. Hate and
Offensive Speech Detection in Hindi and Marathi.
arXiv preprint arXiv:2110.12200.

Sidney =~ Wong and  Andrew  Li. 2025.
cantnlp@DravidianLangTech2025: A Bag-of-
Sounds Approach to Multimodal Hate Speech



Detection. In Proceedings of the Fifth Workshop on
Speech, Vision, and Language Technologies for Dra-
vidian Languages. Association for Computational
Linguistics.

64



Overview of the Shared Task on Detecting AI Generated Product Reviews
in Dravidian Languages: DravidianLangTech@NAACL 2025

Premjith B!, K Nandhini?, Bharathi Raja Chakravarthi®, Durairaj Thenmozhi*,
Balasubramanian Palani®, Sajeetha Thavareesan®, Prasanna Kumar Kumaresan’,

' Amrita School of Artificial Intelligence, Coimbatore, Amrita Vishwa Vidyapeetham, India,
2School of Mathematics and Computer Sciences, Central University of Tamil Nadu, India,
3School of Computer Science, University of Galway, Ireland,
4Sri Sivasubramaniya Nadar College of Engineering, Tamil Nadu, India,

SIndian Institute of Information Technology Kottayam, Kerala, India,
*Department of Computing, Eastern University, Sri Lanka,

"Data Science Institute, University of Galway, Ireland

Abstract

The detection of Al-generated product reviews
is critical due to the increased use of large
language models (LLMs) and their capabil-
ity to generate convincing sentences. The Al-
generated reviews can affect the consumers
and businesses as they influence the trust
and decision-making. This paper presents
the overview of the shared task on Detect-
ing Al-generated product reviews in Dravid-
ian Languages" organized as part of Dravid-
ianLangTech@NAACL 2025. This task in-
volves two subtasks—one in Malayalam and
another in Tamil, both of which are binary
classifications where a review is to be classi-
fied as human-generated or Al-generated. The
dataset was curated by collecting comments
from YouTube videos. Various machine learn-
ing and deep learning-based models ranging
from SVM to transformer-based architectures
were employed by the participants.

1 Introduction

Customers consider using the reviews posted on
social media and e-commerce platforms to pur-
chase products, read books, and watch entertain-
ment shows such as movies and dramas. The re-
views directly influence the economic outcomes of
the businesses and create perceptions about them
(Luo et al., 2023; Jabeur et al., 2023; Tiwari et al.,
2024). The emergence of large language models
(LLMs) and their capacity to produce human-like
text raises significant concerns about the authen-
ticity of reviews, given their potential to generate
both positive and negative feedback. Users can use
LLM-based tools to fabricate reviews, mislead cus-
tomers, and ultimately impact businesses. There-
fore, it has become crucial to distinguish between
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human and Al-generated reviews, a task that is
challenging due to the high quality of the text gen-
erated by these Al tools. Below are some examples
of Al-generated reviews ':

* Example 1: Love this! Well made, sturdy,
and very comfortable. I love it!Very pretty

* Example 2: It’s very hard to get a pair of
these pants in the stores. They are a bit too
small and too tight.

It is crucial to devise methodologies to detect
Al-generated product reviews to ensure the authen-
ticity of the online customer feedback. Numer-
ous studies have been reported regarding the de-
tection of Al-generated product reviews, ranging
from traditional classifiers to advanced neural net-
work architectures. (Wani et al., 2024) achieved
an accuracy of 98.46% using a hybrid BiLSTM-
Word2Vec model, while (Lee et al., 2022) and
(Venugopala et al., 2024) used machine learning
classifiers such as random forest and support vec-
tor machine (SVM). Though neural models (BiL-
STM, GRU) often outperform traditional methods
in NLP tasks, the absence of standardized bench-
marks complicates direct comparisons. High accu-
racy claims, such as (Wani et al., 2024)’s 98.46%,
risk overfitting concerns unless validated on di-
verse, real-world datasets. (Fayaz et al., 2020) ad-
dress robustness via an ensemble model, yet the
efficacy of majority voting hinges on the diversity
and strength of base classifiers, a nuance not thor-
oughly explored. A critical issue lies in dataset het-
erogeneity. Studies use disparate sources (Amazon
reviews, restaurant reviews) of varying sizes. Most
datasets are English-only, limiting insights into

"https://osf.io/tyue9/



multilingual detection. (Gambetti and Han, 2023)
introduce a GPT-based model focused on linguistic
complexity, a promising feature absent in other
works, but their analysis lacks cross-validation
against existing methods. The reliance on static em-
beddings like Word2 Vec restricted the performance,
as newer embeddings better capture semantic nu-
ances. While these studies demonstrate technical
proficiency, real-world applicability remains under-
explored. (Gambetti and Han, 2023)’s linguistic
complexity analysis offers a novel direction but re-
quires integration with behavioral or metadata fea-
tures for holistic detection. While current methods
show promise, their fragmentation across datasets
and techniques underscores the need for cohesive
frameworks. In addition, gold-standard corpora
and models are unavailable for low-resource lan-
guages, such as Dravidian languages. Bridging
these gaps will be essential to developing robust,
adaptable solutions for Al-generated review detec-
tion.

The shared task on "Detecting Al-generated
product reviews in Dravidian languages: Dravidi-
anLangTech@NAACL 2025" offers an avenue for
the researchers to differentiate the human and Al-
generated reviews in Malayalam and Tamil lan-
guages. This is the first instance of conducting a
shared task specifically for these two languages.
The shared task has two tasks—one in Malayalam
and another in Tamil. This shared task introduces
a novel corpus in the Malayalam and Tamil lan-
guages, which was curated by collecting comments
received for YouTube review videos. We con-
sidered reviews written in Malayalam and Tamil
scripts while excluding those written in Latin let-
ters to maintain the consistency in scripts.

2 Task Description
There are two subtasks in this shared task:

e Task 1: Detecting Al-generated reviews in
Malayalam

e Task 2: Detecting Al-generated reviews in
Tamil

In both tasks, the objective is to classify a given
review into human and Al categories.

3 Dataset Description

The dataset is prepared in Malayalam and Tamil
languages. We created the dataset by maintaining
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an equal number of data points in the human and
Al classes in both languages. This artificially cre-
ated balance prevents the machine learning models
from biasing toward any specific class. However,
in real-world scenarios, Al-generated reviews are
generally less frequent than human-written ones.
Imbalanced data collected from real-world scenar-
ios reflects the practical challenges pertaining to
this task.

We prepared the dataset by considering reviews
collected from various YouTube channels. Dif-
ferent channels were considered for preparing the
training and testing data to ensure separate training
and testing data distribution. We didn’t consider the
reviews from e-commerce platforms, and therefore
we didn’t conduct a cross-domain generalization
test.

Al-generated reviews were found to be lin-
guistically less complex than human-written ones.
However, distinguishing between human and Al-
generated reviews became difficult when Al tools
were fine-tuned to mimic human writing styles ef-
fectively. Since Al-generated text can be para-
phrased or structured to resemble authentic re-
views, models had to rely on subtle textual features,
making classification more challenging. A major
challenge faced during the data collection phase
was to maintain an equal number of human and
Al-generated reviews. We iterated the Al review
generation process multiple times to achieve class
balance. We tried to reduce the bias toward any
class or product by including reviews related to dif-
ferent product categories collected from different
YouTube channels. However, we haven’t addressed
the problems pertaining to the gender and racial
biases.

As generative Al models continue to evolve,
their ability to mimic human writing will im-
prove, which makes the differentiation harder. This
dataset is the first in Malayalam and Tamil related
to this task and provides a benchmark for current
models. By expanding the dataset and collecting re-
views from e-commerce platforms, we can enhance
its generalizability and reduce its various biases.
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We gathered reviews from YouTube channels by
categorizing various product types. To keep the
train and test distribution different, we considered
different sets of categories for training and testing
data, and these data were collected from different
YouTube channels. Table 1 shows the list of cate-

Malayalam data



Data Product Categories Language Data Class Count Total

Train Facewash, Referral products, Dress, . Human 400
Makeup products, Meesho products, Malayalam ~ Train Al 400 800
Furniture, Mobile phone, Movie, TV, Test Human 100 200

Car, Bike, Apple Vision Pro, Laptop, Al 100
Electronic ganets, Airpod, BSNL, In- Tamil Train Human 403 208

ternet connection, Food Al 405

Test  Food, Books, Car, Bike, Movie, Credit Human 52
Test 100

card, Insurance Al 48

Table 1: Categories of products used for creating the
corpus

gories used in training and testing data.

The flow of the dataset creation process is il-
lustrated in Figure 1. Here, we considered two
classes: human and Al. The human class includes
reviews written by humans, while the Al class in-
cludes reviews generated using Al tools. Initially,
the comments were collected from the YouTube
videos discussing the products mentioned in Table
1. While collecting the data, we made sure that
the selected comments contained only Malayalam
characters. We removed all other comments during
the preprocessing step. Additionally, we eliminated
all emojis from the reviews. We prepared the hu-
man class data by using these reviews. We used
ChatGPT to generate Al-based reviews using the
approach put forward by (Xylogiannopoulos et al.,
2024). During this process, we provided ChatGPT
with human-written reviews and instructed it to gen-
erate 20 similar reviews in Malayalam. From the
Al-generated reviews, we removed reviews contain-
ing less than 5 words and created the Al-generated
review corpus. If the number of Al-generated re-
views is less, we repeat the instruction until both
human and AI classes have an equal number of
samples. We ensured that the number of data sam-
ples for both the human and Al classes was equal.

3.2 Tamil data

The product feedback template is created using
Google Forms with 20 products such as soap, sham-
poo, hair oil, footwear, wristwatches, mobiles, cos-
metics, clothing, handbags, bikes, laptops, and so
on. The individuals are advised to submit their
feedback experience, both positive and negative,
in Tamil without using any Al tools. We share
the same template with another set of individuals
and advise them to utilize various Al tools such
as ChatGPT, Julius, Gemini, among others. We
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Table 2: Distribution of the data in Train and Test
datasets in Malayalam and Tamil languages

check user reviews for duplicates and tag it with
appropriate labels such as "human written" or "Al
generated". Figure 2 shows the process of Tamil
dataset creation.

Table 2 explains the distribution of train and test
data used in Malayalam and Tamil tasks.

4 Methodologies used in the Submissions

A total of 130 teams registered for this shared
task. However, only 33 teams submitted the results
in Malayalam, and 37 teams submitted them in
Tamil. Some of the teams submitted multiple runs.
We evaluated the submissions using the macro F1
score, and then prepared the rank list based on the
results. Tables 3 and 4 show the rank lists for the
Malayalam and Tamil tasks, respectively.

The descriptions of the systems used by the par-
ticipating teams are given below.

4.1 Nitiz

The team implemented the multilingual Al-
generated text detection model using the Indic-
BERT transformer, which employs a multimodal
approach with cultural, syntactic, and semantic fea-
ture projections to capture nuanced linguistic char-
acteristics in Malayalam and Tamil.

4.2 byteSizedLLM

The team used a hybrid methodology, combining
a customized BiLSTM network with a fine-tuned
XLM-RoBERTa base model. The XLM-RoBERTa
model was fine-tuned using Masked Language
Modeling on a subset of the Al4Bharath dataset, en-
hancing its multilingual understanding. The dataset
included original, fully transliterated, and partially
transliterated data, allowing the model to learn ro-
bust cross-lingual representations and adapt to vary-
ing transliteration patterns. The BiLSTM layer fur-
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Figure 2: A block diagram explaining the process of creating the Tamil dataset for the shared task.

ther captures sequential dependencies, making it
effective for multilingual tasks.

4.3 Girma

The team used Term Frequency-Inverse Document
Frequency (TF-IDF) and logistic regression classi-
fier for building the model. The other model pro-
posed by this team had a BERT model trained using
Dravidian language data, which outperformed the
machine learning model trained using the TF-IDF
features.

4.4 InnovateX

The proposed models address distinguishing Al-
generated from human-written product reviews in
Tamil and Malayalam using SVM, Logistic Regres-
sion (LR), and BERT-based transformers. Prepro-
cessing involved text cleaning, tokenization, and
label encoding. TF-IDF features (unigrams and
bigrams) were used for SVM and LR, while BERT
was fine-tuned for contextual understanding.

4.5 Cuet_Absolute_Zero

This team conducted experiments using machine
learning models (random forest, support vector ma-
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chine, decision tree and XGBoost), deep learning
models (RNN, GRU, LSTM and BiLSTM) and
transformer-based models. The authors increased
the number of data points in each class by aug-
menting new data generated using backtranslation
approach.

4.6 CODEGEEK

The model classifies Tamil text as Al-generated
or human-generated using a combination of trans-
former embeddings and a Random Forest classifier.
The model uses a pre-trained multilingual BERT
model and tokenizer to generate high-dimensional
numerical representations of the text’s semantic
and contextual meaning. These embeddings are
used to train a Random Forest Classifier, which
learns to classify text based on these embeddings.
This combination of deep learning and traditional
machine learning ensures effective classification
for complex multilingual tasks.

4.7 CIC-NLP

They fine-tuned the XLM-RoBERTa model for
text classification tasks in Malayalam and Tamil.
Datasets were loaded, preprocessed, and tokenized



Team Fl-score  Rank
KaamKro 0.9199 1
Nitiz 0.9150 2
Three_Musketeers 0.9150 2
SSNTrio (J et al., 2025) 0.9147 3
byteSizedLLM (Kodali et al., 2025) 0.9000 4
Lowes 0.9000 4
CUET_NLP_Finitelnfinity (Hasan et al., 0.8999 5
2025)

TeamVision (S R et al., 2025) 0.8999 5
Necto (Dhasan, 2025) 0.8997 6
Cuet_Absolute_Zero-SIDRATUL 0.8996 7
MUNTAHA (Bijoy et al., 2025)
Cuet_Absolute_Zero_run-Anindo Barua 0.8996 7
bijoy

RATHAN (Thevakumar and Thevakumar, 0.8994 8
2025)

AnalysisArchitects (Jayaraman et al., 0.8850 9
2025)

CIC-NLP (Achamaleh et al., 2025) 0.8849 10
Girma (Bade et al., 2025) 0.8849 10
the_deathly_hallows (Shanmugavadivel 0.8797 11
et al., 2025)

CODEGEEK 0.8748 12
MNLP 0.8550 13
Alstudent 0.8350 14
Friends 0.8298 15
Team_Risers (P et al., 2025) 0.8150 16
VKG 0.7834 17
AiIMNLP (De and Vats, 2025) 0.7345 18
CUET_NetworkSociety (Aftahee et al., 0.7287 19
2025)

LinguAlsts 0.7100 20
NLP_goats (V K et al., 2025) 0.6849 21
KECLinguAlsts (Subramanian et al., 0.6697 22
2025)

InnovateX (A et al., 2025) 0.6449 23
powerrangers 0.6348 24
VRCLC 0.6310 25
SemanticCuetSync 0.5713 26
Miracle_makers 0.3333 27
HibiscusBots-CIOL 0.1299 28

Table 3: Ranklist of Malayalam sub-task

using the XLM-RoBERTa tokenizer, with labels
mapped to numerical codes. The data was split
into training and testing sets, and the model was
trained using the Hugging Face Trainer API with
parameters such as learning rate, batch size, and
evaluation strategy. Post-training, we evaluated the
model using metrics like accuracy, F1-score, confu-
sion matrices, and ROC curves on the development
dataset. Prediction CSV files for the test sets were
saved for submission.

4.8 CUET_NetworkSociety

The team used a streamlined machine learning
pipeline based on the DistilBERT model, which in-
volved data preprocessing, tokenization, and model
training. The preprocessing involved cleaning text
to remove HTML tags, punctuation, and numbers,
and normalizing whitespace. The tokenized text
was then converted into a model-ready format us-
ing DistilBERT’s tokenizer, ensuring maximum
sequence length. The training phase involved split-
ting data into training and validation sets, with the
model trained to maximize the F1 score.
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Team Fl-score  Rank
KEC_AI_NLP 0.9700 1
CUET_NLP_FiniteInfinity (Hasan et al., 0.9700 1
2025)

CIC-NLP (Achamaleh et al., 2025) 0.9600 2
KaamKro 0.9500 3
KEC-Elite-Analysts 0.9499 4
byteSizedLLM (Kodali et al., 2025) 0.9400 5
Nitiz - StarAtNyte 0.9300 6
VKG 0.9299 7
the_deathly_hallows (Shanmugavadivel 0.9298 8
etal., 2025)

Team_Risers (P et al., 2025) 0.9197 9
NLP_goats (V K et al., 2025) 0.9099 10
Girma (Bade et al., 2025) 0.8998 11
Three_Musketeers 0.8900 12
AnalysisArchitects (Jayaraman et al., 0.8800 13
2025)

CODEGEEK 0.8678 14
InnovateX (A et al., 2025) 0.8600 15
KECLinguAlsts (Subramanian et al., 0.8598 16
2025)

RATHAN (Thevakumar and Thevakumar, 0.8368 17
2025)

CUET_NetworkSociety (Aftahee et al., 0.8182 18
2025)

Alstudent 0.8140 19
AIMNLP (De and Vats, 2025) 0.7287 20
Lowes 0.7083 21
powerrangers 0.6981 22
Friends 0.6834 23
HibiscusBots-CIOL 0.6745 24
Necto (Dhasan, 2025) 0.6745 24
LinguAlsts 0.6516 25
MNLP 0.6511 26
CUET-NLP_Big_O 0.6419 27
Cuet_Absolute_Zero_run - Anindo Barua 0.6311 28
bijoy

Cuet_Absolute_Zero-SIDRATUL 0.6311 28
MUNTAHA (Bijoy et al., 2025)

SSNTrio (J et al., 2025) 0.5989 29
TeamVision (S R et al., 2025) 0.5586 30
SemanticCuetSync 0.4857 31
Miracle_makers 0.3243 32

Table 4: Ranklist of Tamil sub-task

4.9 KECLinguAlsts

The team preprocessed input data by cleaning, re-
moving unwanted characters, and tokenizing re-
views. They used TF-IDF vectorization to convert
text into numerical features, capturing word impor-
tance in each language context. The training dataset
was split into 80% for training and 20% for testing.
For Tamil, they used Logistic Regression, Random
Forest, and XG Boost, while for Malayalam, they
used Logistic Regression, MNB, and SVM, each
chosen for its ability to handle text data.

410 VKG

The proposed system employed the mBERT
model (bert-base-multilingual-cased configuration)
trained from scratch to classify Tamil and Malay-
alam product reviews as either human-written
or Al-generated. For Tamil reviews, the model
achieved a test accuracy of 98.77% and an F1-score
of 0.99 for both classes after 5 epochs of training,
demonstrating the potential of training multilingual
models from scratch for this task, even with lim-



ited data. For Malayalam reviews, the model was
trained for 8 epochs.

4.11 LinguAlsts

In this work, initially to preprocess the dataset, la-
bels were encoded into binary values (1 for Al,
0 for humans). Each review was tokenized using
BERT, and contextual embeddings were extracted
using the [CLS] token, which captures the text’s
overall semantic meaning. A Support Vector Ma-
chine (SVM) classifier with a linear kernel used
these embeddings as input features. 80% of the
dataset was used to train the model, while the re-
maining 20% was used for evaluation.

4.12 Team_Risers

This team used a pre-trained language model fine-
tuned specifically for Dravidian languages. This
method involved preprocessing a custom dataset for
compatibility with the model, which included text
cleaning, tokenization, and encoding. The model
was then trained on the dataset to adapt to the nu-
ances of the Dravidian languages to correctly clas-
sify reviews as human-written or Al-generated.

4.13 Three Musketeers

The team employed a combination of multilingual
transformer models to classify Al-generated and
human-generated text in both Malayalam and Tamil
datasets. Specifically, for the Malayalam dataset,
they utilized XLM-RoBERTa-Large, mBERT (Mul-
tilingual BERT), and IndicBERT to leverage their
multilingual capabilities and contextual understand-
ing of Indian languages. These models were fine-
tuned on the dataset to optimize performance met-
rics such as F1-score and accuracy. For the Tamil
dataset, they used mBERT due to its robust mul-
tilingual capabilities and proven effectiveness in
handling diverse linguistic structures.

4.14 powerrangers

This team used K-Nearest Neighbor classifier for
classifying the product reviews into human and ai
categories.

4.15 NLP_goats

In this submission, they applied a machine learning
approach for text classification by first preprocess-
ing the text data, which involved removing punctu-
ation, numbers, extra spaces, and converting text
to lowercase. The processed text was then trans-
formed into numerical features using TF-IDF with

70

character-level n-grams (unigrams and bigrams),
which helps capture important features, especially
for languages such as Malayalam. A Logistic Re-
gression classifier was trained on the transformed
data, and the model’s performance was evaluated
using metrics such as accuracy, F1 score, precision,
and recall, providing a comprehensive assessment
of its effectiveness in classifying the text into pre-
defined categories.

4.16 CUET-NLP_Big O

The team utilized the BILSTM+CNN model, which
integrates convolutional and bidirectional recur-
rent layers for text classification. The model starts
with an embedding layer with a vocabulary size of
10,000 and dimension of 128, then uses a ConvlD
layer with 128 filters and a kernel size of 5. It cap-
tures contextual dependencies using a Bidirectional
LSTM with 64 units per direction. The model re-
fines features and ensures precise classification us-
ing a dense layer and softmax layer.

4.17 Rathan

The study used a pretrained multi-model ensem-
ble approach for classification, using mT5-small,
XLM-RoBERTa-base, Sentence-Transformers, and
IndicBERTv2-MLM-only as feature extraction
models. A dense neural network was trained on the
extracted features for classification. A weighted
averaging ensemble was used to combine the pre-
dictions from these models, with softmax proba-
bilities weighted and averaged based on individual
performances on the validation set. The final pre-
diction was determined by selecting the class with
the highest combined probability.

4.18 CIC-NLP

The team fine-tuned the XLM-RoBERTa model for
text classification tasks in Malayalam and Tamil.
Datasets were loaded, preprocessed, and tokenized
using the XLM-RoBERTa tokenizer, with labels
mapped to numerical codes. The data was split
into training and testing sets, and the model was
trained using the Hugging Face Trainer API with
parameters such as learning rate, batch size, and
evaluation strategy.

4.19 TeamVision

This team experimented with models like Bert,
Naive Bayes, Random Forest, KNN, LSTM and
Decision Tree combined with feature extraction



methods such as Bag of Words, TF-IDF, Count Vec-
torization, and n-grams. They identified BERT as
the most accurate model for detecting Al-generated
text in Tamil and Malayalam product reviews.

4.20 CUET_NLP_FiniteInfinity

This team employed Sarvam-1 and Gemma-2-2B,
two advanced language models with capabilities in
Tamil and Malayalam, among other languages.

4.21 HibiscusBots-CIOL

In this work, the team used language-specific mod-
els for each language to encode the text and ob-
tain text embeddings. Additionally, they incorpo-
rated general Indic language embeddings to han-
dle any cross-lingual nuances. These embeddings
were then passed through a Multi-Layer Perceptron
(MLP) for training, which facilitated sentiment pre-
diction. They adopted an adaptive modeling ap-
proach, actively tracking the best model through-
out the training process using the highest F1 score,
and ultimately used the best-performing model for
making predictions on the test data.

4.22 SSNTrio

In this work, the team upsampled teh data to elim-
inate class imbalance. BERT model was used for
tokenization and used Tamil BERT and Malayalam
BERT for classification.

4.23 AnalysisArchitects

They used SVM, IndiaBERT and ALBERT mod-
els to classify the task after encoding labels and
vectorizing the text.

4.24 Lowes

This team used two BERT-based models such as
multilingual BERT and L3Cube’s monolingual
BERT. In addition, then authors used a GPT-2
model with a causal language modeling (CLM)
objective.

4.25 AiMNLP

This team proposed three models for this task:
BERT embedding-based models, CNN+BiLSTM
hybrid model and machine learning and machine
learning ensemble models. BERT embedding-
based models acheieved the highest performance
score in both tasks.
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4.26 KEC-Elite-Analysts

The team utilized a diverse set of models, including
both traditional machine learning algorithms (e.g.,
Logistic Regression, Naive Bayes, SVM, Random
Forest, Gradient Boosting) and deep learning ap-
proaches (e.g., HAN, DAN, mBERT, RoBERTa,
ALBERT). This combination allowed us to com-
pare and integrate the strengths of different tech-
niques for effective classification.

4.27 Miracle_makers

This method leverages advanced NLP techniques,
including preprocessing for Tamil text, feature
extraction using embeddings (TF-IDF, GloVe,
Word2Vec, BERT), and transfer learning with
attention-based transformers (nBERT, RoBERTa).
A fine-tuned binary classifier distinguishes Al-
generated and human-written reviews, evaluated
using metrics like accuracy, F1-score, and macro
F1-score for robust detection.

4.28 The Deathly Hallows

In this work, the team implemented a deep learning-
based approach to determine whether a given text
was written by an Al or a human. They prepro-
cessed the Tamil and Malayalam text data by nor-
malizing, tokenizing, and removing stopwords to
enhance feature extraction. For Tamil, Advertools
was used to extract stopwords, while for Malay-
alam, they created a custom stopword list. After
preprocessing, they used a pre-trained transformer
model, such as BERT, to generate embeddings for
the input text. These embeddings were then passed
through a neural network for classification, where
the model was trained to predict if the text was
Al-generated or human-written.

4.29 SemanticCuetSync

This team used the Llama 3.2-3B model. At first
they used a prompt to let the model know what to
do. Then they finetuned the model with the training
set. They used 10 epochs for Tamil and 45 epochs
for Malayalam. Additionally, we quantized our
Llama model to 4 bits. They used the model from
Unsloth AL

4.30 Friends

They used BERT for classification. This model
leverages its powerful bidirectional contextual un-
derstanding to excel in tasks like natural language
understanding and text classification. By incor-
porating BERT, this system effectively captures



semantic nuances, making it particularly adept at
identifying subtle patterns and relationships in lan-
guage data.

Different teams employed several methodolo-
gies to detect Al-generated reviews in Malayalam
and Tamil. Transformer-based models, particularly
BERT variants, dominated the submissions, lever-
aging their multilingual capabilities. Moreover,
teams used hybrid architectures, such as combin-
ing BiLSTM with XLM-RoBERTa or CNN, to cap-
ture sequential and local patterns. Submissions
based on traditional machine learning classifiers
such as SVM, logistic regression, and random for-
est trained using TF-IDF features provide baselines.
Teams used data augmentation techniques, such
as back translation, to improve robustness. The
models based on multilingual embeddings and en-
semble strategies addressed linguistic nuances in
the corpus. To summarize, teams built the mod-
els using both advanced deep learning and more
traditional machine learning methods. However,
transformer-based models excelled in identifying
reviews generated using Al.

5 Conclusion

The shared task at DravidianLangTech@NAACL
2025 is organized to address the challenges of de-
tecting Al-generated product reviews in Dravidian
languages like Malayalam and Tamil. The mod-
els submitted by various teams to the shared task
demonstrated the efficacy of transformer-based ar-
chitectures in distinguishing human-written and
Al-generated reviews, with top-performing teams
achieving macro F1-scores exceeding 0.97 in Tamil
and 0.91 in Malayalam. Hybrid models combining
BiLSTM, CNN, or ensemble methods were effec-
tive in learning sequential and contextual informa-
tion in the data. The performance of models trained
using traditional machine learning classifiers with
TF-IDF features lagged behind deep learning ap-
proaches, showing the significance of capturing
more semantically rich embeddings. The novel
dataset curated for this shared task is a significant
contribution to the Dravidian language research.
However, the artificial class balancing and lack of
cross-domain generalization highlight the need for
future work to incorporate more real-world charac-
teristics in the data.
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Abstract

This overview paper presents the findings of
the Shared Task on Abusive Tamil and Malay-
alam Text Targeting Women on Social Me-
dia, organized as part of DravidianLangTech
@NAACL 2025. The task aimed to encourage
the development of robust systems to detect
abusive content targeting women in Tamil and
Malayalam, two low-resource Dravidian lan-
guages. Participants were provided with anno-
tated datasets containing abusive and nonabu-
sive text curated from YouTube comments. We
present an overview of the approaches and anal-
yse the results of the shared task submissions.
We believe the findings presented in this pa-
per will be useful to researchers working in
Dravidian language technology.

Disclaimer: This research paper contains of-
fensive/harmful content for research purposes.
Viewer discretion is advised.

1 Introduction

As per United Nations, one in three of all women
experience Gender Based Violence (GBV) at least
once in their lives'. Exposure to abusive content
on social networks significantly affects people’s
emotional states (Soral et al., 2023). However,
systems for detecting abusive content targeting
women have been well developed and widely de-
ployed for English, there is a significant gap in re-
sources and models for Dravidian languages such
as Tamil and Malayalam (Caselli et al., 2020; Park
and Fung, 2017). The motivation behind conduct-
ing this shared task is to address the growing issue
of gender-based online harassment, particularly tar-
geting women, in this digital era of social media
platforms (Pandey, 2024; Battisti et al., 2024).

"https://www.unwomen.org/
en/articles/facts-and-figures/
facts-and-figures-ending-violence-against-women
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This task focuses on identifying abusive text di-
rected at women in YouTube comments. Given a
sentence in Tamil or Malayalam, the goal is to con-
textually analyze the text and determine whether
it contains abusive text that specifically targets
women.

Tamil and Malayalam, both Dravidian languages
rich in literary heritage and agglutinative structures,
are widely spoken in Tamil Nadu, Sri Lanka, Ker-
ala, Singapore and Malaysia. This shared task
of identifying abusive text in Tamil and Malay-
alam languages poses challenges such as handling
grammatical and spelling errors, managing code-
switching between languages, and detecting spe-
cific text patterns that target women. This shared
task provides an avenue for researchers to classify
abusive content in Tamil and Malayalam languages.

Recent growth in multilingual Large Language
Models(LLMs), such as LLaMA, mBERT, XLLM-
R, and IndicBERT, has significantly improved the
accuracy of systems for Indian languages (Touvron
et al., 2023; Devlin et al., 2019; Kakwani et al.,
2020). However, the effectiveness of abusive con-
tent detection is highly dependent on the quality
of training data. This task utilizes a dataset that is
carefully annotated with guidelines in Tamil and
Malayalam languages.

2 Related Works

Recent advances in NLP, driven by open source
language models, have significantly improved per-
formance on a variety of tasks. However, the de-
tection of abusive content, particularly in Indian
languages, is less explored (Mohan et al., 2025;
Shunmuga Priya et al., 2022). Languages like
Tamil and Malayalam present unique challenges
due to their agglutinative nature, frequent code mix-
ing, and the limited availability of large annotated
datasets. However, few works have analyzed the ex-


https://sites.google.com/view/dravidianlangtech-2025/
https://sites.google.com/view/dravidianlangtech-2025/
https://www.unwomen.org/en/articles/facts-and-figures/facts-and-figures-ending-violence-against-women
https://www.unwomen.org/en/articles/facts-and-figures/facts-and-figures-ending-violence-against-women
https://www.unwomen.org/en/articles/facts-and-figures/facts-and-figures-ending-violence-against-women

isting challenges in hate speech detection for Indian
languages (Mandl et al., 2021). Ponnusamy et al.
(2024) has contributed significantly by providing
annotated datasets for offensive content detection,
laying the foundation for improving NLP models
in Dravidian languages.

Subramanian et al. (2022) conducted a compara-
tive study on three variants of transformer models
for the detection of hate speech in Tamil. In 2022,
Chakravarthi et al. (2022) organized a shared task
on the detection of hope speech in Tamil and Malay-
alam, evaluating system performance using the F1
score. In 2024, another shared task on detecting
homophobia and transphobia in social media com-
ments has gained significant attention, addressing
the challenges of identifying hateful content in var-
ious Indian languages, including Tamil and Malay-
alam (Chakravarthi et al., 2024). Another critical
area of research is code mixing in Dravidian lan-
guages, B et al. (2024) work focused on decoding
YouTube comments in code mixed Tamil-English
and Malayalam-English.

Understanding abusive content involves the anal-
ysis of its grammatical structure. Syntactic and
semantic ambiguities play an important role in the
identification of abusive language (Waseem and
Hovy, 2016). This linguistic complexity also com-
plicates the generation of effective word embed-
dings (Miaschi and Dell’Orletta, 2020), making
it challenging to capture the underlying meanings
and relationships, especially in abusive language
directed at women.

Most of the existing work focuses on general
abusive content, but there is a significant gap in
detecting gender-specific abuse, especially directed
toward women. This shared task aims to fill this
gap by encouraging participants to develop models
focused on detecting such targeted abuse.

3 Task Description

The shared task challenge was hosted in Codalab 2.
The task’s goal is to classify YouTube comments
into two categories: Abusive and Non-Abusive in
Tamil and Malayalam languages. Participants were
provided with:

* Training and Validation Sets: These sets were
annotated with labels to allow participants to
train and fine-tune their models effectively.

2https ://codalab.lisn.upsaclay.fr/
competitions/20701
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* Testing Set: This set was unlabeled, requiring
participants to generate predictions without
the aid of ground truth labels, which were
reserved for evaluation purposes.

The availability of pre-trained models can help
participants address the challenge of linguistic, con-
textual, and cultural variations by generating mean-
ingful feature representations.

3.1 Dataset Statistics

The dataset was prepared in Tamil and Malay-
alam, which are low-resource languages. YouTube
comments were scraped using targeted queries fo-
cused on controversial and sensitive topics where
abuse text against women is commonly found. The
dataset collection and annotation process has been
illustrated in the Figure 1.

The Inter-Annotator Agreement(IAA) was an-
alyzed for both Tamil and Malayalam datasets
on Abusive text targeting Women in Social Me-
dia. The annotation process involved six anno-
tators, including four Computer Science students
and two Social Work students, comprising four fe-
males and two males. For Tamil annotation, two
Computer Science Students and a Social Work stu-
dent took part and likewise the same proportion of
Malayalam speaking students were involved in the
Malayalam dataset annotation process. Majority
voting was used to determine the final labels for
each instance. The Krippendorff’s Alpha value for
Tamil annotations was 0.6474, indicating moderate
agreement, while Malayalam annotations achieved
a Krippendorff’s Alpha value of 0.9573, reflecting
near-perfect agreement.

Table 1 shows the dataset statistics. In Tamil,

the dataset consists of a total of 2,790 samples in
training, with 1,424 non abusive samples and 1,366
abusive samples. The average number of words per
sample is approximately 14.5 for Tamil.
The Malayalam training corpus consists of a total
of 2,933 samples, with 1,531 abusive samples and
1,402 non-abusive samples. The average number of
words per sample is approximately 16 for Malay-
alam. The test set in both languages was used for
final evaluation and ranking, providing insights into
how well the model generalizes to unseen data and
its overall performance. Figures 2 and 3 present
sample sentences from the Tamil and Malayalam
corpora, respectively.


https://codalab.lisn.upsaclay.fr/competitions/20701
https://codalab.lisn.upsaclay.fr/competitions/20701

Selection of YouTube Videos
(Tamil and Malayalam)

Scraping YouTube Comments

Preprocessing Text
(Language Identification using
LangDetect, Removing Emojis,
special characters, and user id)

s Inter Annotator Agreement
s | .
== Analysis Annotate Labels
(with Krippendorff’s Alpha (Abusive or Non-Abusive)
Annotated Corpus Value)

Figure 1: Dataset collection and Annotation Process

Language | Dataset | Noof | Vocab
samples | size

Tamil Train 2,790 15,863
Dev/Val 598 4517
Test 598 4841

Malayalam | Train 2,933 16,344
Dev/Val 629 4893

Test 629 4829

Table 1: Dataset Description for Tamil and Malayalam

BLLESEenaT areveun GULL
ahsa AFRELUESSTERELT
BHAIEDT EHSHE"

Don't interview all these women's/items
and make a mockery, it's disgusting

Non-Abusive

“BREATMID GIZ MEUEULE| M 16060160
GBI H&E s QUL waSwih

Nothing to say, this is very important for
the country, huh

The term "items" here refers to slangy
manner of referring to women in a
objectifying and disrespectful way

This comment does not contain any
offensive or disrespectiul language
towards women, so it is non abusive

Tamil

Figure 2: Samples from the corpus for Tamil language

“eruoa6Tl@d (e @alafl : agoo
oM a{leamd @men’ Q3T

Non-Abusive

FENOI0 E3(0] c;.ﬂ:raj@m
nlglemilwo co@ Ry 228
GEPEO 1@

The sister standing at the back: What kind
of irritation are these women causing?

This too, in a Kerala with hunger and
poverty

This comment crilicizes or discusses

The term "E0UQa:0T" has disrespectiul L
about the socio economic censition of

and dismissive tone towards women in this| - R
comment and considered abusive. Kerala and not targeting any individual,

50 it is non abusive

Malayalam

Figure 3: Samples from the corpus for Malayalam lan-
guage

4 Participant’s Methodology

A total of 157 teams registered to participate in this
shared task. However, only 37 teams submitted
their results for the Tamil, while 35 teams submit-

77

ted for the Malayalam. This shows a wide variety
of methodologies for detecting abusive content tar-
geting women. Transformer-based models such
as BERT, mBERT, MuRIL, and XLM-RoBERTa
were widely used, with many teams fine-tuning
these models to improve their performance on the
given dataset. Few teams combined transformer
embeddings with traditional machine learning clas-
sifiers. For instance, HTMS and KECEmPower
used embeddings from models like BERT or TF-
IDF and applied Random Forest, SVM, or Logistic
Regression to make predictions. Below is a detailed
description of each team methodology:

* ANSR (Nishanth et al., 2025): Utilized XLM-
RoBERTa-XL to extract contextual embed-
dings from input text. These embeddings were
fed into Random Forest (Run 1) and XGBoost
(Run 2) classifiers to categorize text as "Abu-
sive" or "Non-Abusive."

ARINDASCI: Employed transformer mod-
els, BERT and mBERT, fine-tuning them on
Tamil and Malayalam text with tokenization
and class label encoding. They applied data
augmentation and hyperparameter tuning to
address class imbalance problem.

Byte-Sized LLM (Kodali et al., 2025): Hy-
brid approach was developed, combining at-
tention BiLSTM network with a fine-tuned
XLM-RoBERTa base model.

Code Crafters: The team used feature ex-
traction techniques such as Word2Vec, GloVe,
and BERT embeddings. Models like Random
Forest, LSTM, and pre-trained transformers
such as DistilBERT were employed.

Courfour IITK (S et al., 2025): The dataset
was normalized, preprocessed to remove in-
complete entries, and cleaned to eliminate



punctuation, special characters, and redundant
words. The team used NLTK for tokenization
and TfidfVectorizer for feature extraction, fol-
lowed by Random Forest, SVM, and Logistic
Regression models.

CUET Agile (Hanif and Rahman, 2025):
Tamil BERT and Malayalam BERT were fine-
tuned for their respective languages, while
IndicBERTV2 was utilized for both. Mod-
els were also fine-tuned on unprocessed texts.
Each model was trained for 5 epochs using
AdamW with a learning rate of 5e-5, with
the best validation F1 score determining the
optimal epoch.

CUET Ignite (Rahman et al., 2025b): Im-
plemented multilingual BERT with mixed-
precision training for faster convergence. The
model was fine-tuned using the AdamW opti-
mizer, cross-entropy loss and dynamic learn-
ing rate adjustment throughout 15 epochs.

CUET NLP FiniteInfinity: Employed
Sarvam-1, Tamil LLaMA 7B Base, and
Gemma-2-2B models for fine tuning the
model.

CUET Novice (Sayma et al., 2025): Used
[3cube-pune/malayalam-bert. To address
class imbalance, the team calculated class
weights and incorporated them into the loss
function to ensure fair training across all
classes.

CUET Raptors (Naib et al., 2025): Fine tun-
ing was performed using the PyTorch-based
Hugging Face Transformers library, optimiz-
ing a single linear classification layer for bi-
nary classification. Training was conducted
over 5 epochs with a batch size of 16, using
the Adam optimizer with weight decay for
regularization and binary cross entropy loss.

CVF@NITT: Devleoped IndicBERT
and LaBSE embeddings with Bi-
GRU(Bidirectional Gated Recurrent Unit),
incorporating external knowledge bases.

Cyber Protectors (Rohit et al., 2025): Fast-
Text embeddings were generated to create vec-
tor representations of the text. Transformed
based architecture is utilized for training the
model.
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Falcons: Fine-tuned MuRIL(Multilingual
Representations for Indian Languages) with
Adam and binary cross-entropy loss.

GS: Utilized a BERT model for fine tuning.

Habiba A, G Aghila (Habiba A, 2025): Team
Habiba A, G Aghila employed a Recurrent
Neural Network (RNN) architecture.

HTMS (Harini et al., 2025): The team con-
ducted three runs for the task using machine
and deep learning techniques. In Run 1, BERT
embeddings were used with a Random For-
est classifier, utilizing 5-fold cross-validation.
Run 2 combined TF-IDF and BERT embed-
dings, with dimensionality reduction and fu-
sion, followed by training a Random Forest
classifier. In Run 3, TF-IDF embeddings were
used with Logistic Regression, employing 5-
fold cross-validation for robust evaluation.

Hydrangea (Thirumoorthy et al., 2025): The
team used BERT, XLM-RoBERTa, and Dis-
tiIBERT for three runs on Tamil and Malay-
alam datasets. Each model was trained for
two epochs.

Incepto (Thavarasa et al., 2025): Combined
XLM-RoBERTa-base model with a four multi-
head attention heads. The extracted features
are processed through a deep feed-forward
network with layer normalization, and ReLU
activation.

KEC Tech Titans (Subramanian et al.,
2025a): The team utilized GRU, FastText, and
XGBoost models for Tamil, and LSTM, BiL-
STM, and XGBoost models for Malayalam in
detecting. XGBoost complemented the deep
learning models by handling non-linear rela-
tionships

KECEmPower (Subramanian et al., 2025b):
Applied Logistic Regression, Random Forest,
and SVM with TF-IDF embeddings.

LinguAlsts (G et al., 2025): Experimented
with SVM, Naive Bayes, and Logistic Regres-
sion using TF-IDF features. Hyperparameter
tuning was performed using GridSearchCV.

Lexi Logic (M et al., 2025): The data was
cleaned to remove noise, and duplicates. The
dataset was balanced using techniques like



oversampling underrepresented classes. The
BERT model was then fine tuned on the data.

MSM-CUET (Rahman et al., 2025a): Incor-
porated MuRIL transformer for malayalam
and XLM-RoBERTa for Tamil. Hyperparame-
ter tuning was applied to optimize the training
process, and early stopping was introduced to
prevent overfitting. Team JAS also fine-tuned
the MuRIL model.

Necto (Dhasan, 2025): Fine-tuned a multilin-
gual SBERT model (microsoft/Multilingual-
MiniLM-L12-H384) using Tamil and Malay-
alam data jointly.

NLP Goats (Vaidyanathan et al., 2025): The
BERTbase model was fine-tuned with hyper-
parameters, including a batch size of 16 and a
learning rate of 2e-5.

NLPopsCIOL (Nahian et al., 2025): Used
custom models specifically trained on Malay-
alam and Tamil hate speech data to encode
the text and extract embeddings. These em-
beddings were passed through a Multi-Layer
Perceptron (MLP) for model training and. A
search-based modeling approach was adopted,
where the best-performing model was tracked
throughout the training process based on the
highest F1 score.

NomoreHate: The team employed a fusion
model for Malayalam, combining mBERT
and Indic-BERT to generate larger and diverse
embeddings. For Tamil, the team used a BiL-
STM model combined with Indic-BERT, to
capture sequential dependencies.

ParsePros: Explored XLM-RoBERTa embed-
dings integrated with a BiLSTM-based au-
toencoder.

RMKmavericks (Johnson et al., 2025):
Adopted BiLSTM and SVM with TF-IDF for
Tamil, and Decision Tree, Random Forest,
Multinomial Naive Bayes for Malayalam.

SSN IT NLP (Maria Nancy et al., 2025): The
mBERT model was fine-tuned using cross-
entropy loss, with periodic evaluations during
training to monitor performance. To address
data imbalance, class weights were applied
during training to ensure effective learning
from both classes.
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SSN Trio (T T et al., 2025): Leveraged
mBERT and MuRIL for multilingual classifi-
cation.

SSN SQUAD: This team fine-tuned the
mBERT model separately for Malayalam and
Tamil using the Hugging Face Trainer. The
training process was optimized with hyperpa-
rameters, including a learning rate of 2e-5 and
a batch size of 16, over five epochs. This team
attained a macro F1 score of 0.751 for Tamil
and 0.667 for Malayalam.

Syndicate IIITK: Utilized TF-IDF embed-
dings with an optimized SVM classifier after
tokenization and normalization.

Techbusters: Addressed class imbalance with
SMOTE(Synthetic Minority Over-sampling
Technique). Multiple classifiers, including
Random Forest, Naive Bayes, and Decision
Tree, were evaluated. Random Forest and
Naive Bayes outperformed others.

Tewodros: Implemented Logistic Regression
using TF-IDF vectorizer, and hyperparameter
tuning using GridSearchCV.

Trix: The preprocessing involved Unicode
normalization using the Indic NLP Library, to-
kenization with Stanza and custom text clean-
ing to remove non-native characters, stop-
words, and standardize spoken-to-written vari-
ations. To address class imbalances, upsam-
pling techniques were applied using Scikit-
learn’s resample function. For feature ex-
traction, CountVectorizer with n-grams was
used. Logistic Regression, Multinomial Naive
Bayes, and Decision Tree Classifier, were
trained and optimized using GridSearchCV.

Yadu: Applied MuRIL with focal loss, la-
bel smoothing, to handle class imbalance and
a custom multilingual trainer. The model is
trained with a batch size of 16, gradient accu-
mulation, a cosine learning rate scheduler and
early stopping.

YenCS: ELMo (Embeddings from Language
Models) embeddings are then used for feature
extraction. The extracted features are fed into
a deep learning based classifier.



Table 2: Rank List of Tamil Language

Team Name F1 Score RANK
CUET_Agile (Hanif and Rahman, 2025) 0.7883 1
MSM_CUET (Rahman et al., 2025a) 0.7873 2
Incepto (Thavarasa et al., 2025) 0.7864 3
Lexi Logic (M et al., 2025) 0.7824 4
Necto (Dhasan, 2025) 0.7821 5
byteSizedLLM (Kodali et al., 2025) 0.7820 6
CUETNLP Finitelnfinity 0.7767 7
techbusters 0.7721 8
Hydrangea (Thirumoorthy et al., 2025) 0.7708 9
JAS 0.7687 10
SSNTrio (T T et al., 2025) 0.7668 11
Code_Crafters 0.7587 12
NLP_goats (Vaidyanathan et al., 2025) 0.7504 13
KEC TECH TITANS (Subramanian et al., 2025a)  0.7447 14
Cyber_Protectors (Rohit et al., 2025) 0.7356 15
GS 0.7293 16
CUET _Ignite (Rahman et al., 2025b) 0.7224 17
Habiba A ,G Agila (Habiba A, 2025) 0.7207 18
cuetRaptors (Naib et al., 2025) 0.7203 19
ANSR (Nishanth et al., 2025) 0.7201 20
NLPOPSCIOL (Nahian et al., 2025) 0.7039 21
PARSPROSE 0.6998 22
KECEmpower (Subramanian et al., 2025b) 0.6903 23
CoreFour_IIITK (S et al., 2025) 0.6901 24
Syndicate_IIITK 0.6872 25
SSN_IT_NLP (Maria Nancy et al., 2025) 0.6519 26
nomorehate 0.6517 27
YenCS 0.6381 28
Falcons 0.6255 29
LinguAlsts (G et al., 2025) 0.6251 30
RMKMavericks (Johnson et al., 2025) 0.6196 31
CVF@NITT 0.6174 32
TRIX 0.6001 33
VSS 0.5881 34
Yadu 0.5099 35
HTMS (Harini et al., 2025) 0.5007 36
Tewodros 0.3378 37
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Table 3: Rank List of Malayalam Language

Team Name F1 Score RANK
Habiba A ,G Agila (Habiba A, 2025) 0.7571 1
CUET_Agile (Hanif and Rahman, 2025) 0.7234 2
CUET_Novice (Sayma et al., 2025) 0.7083 3
Incepto (Thavarasa et al., 2025) 0.7058 4
Lexi Logic (M et al., 2025) 0.7001 5
byteSizedLLM (Kodali et al., 2025) 0.6964 6
Necto (Dhasan, 2025) 0.6915 7
ANSR (Nishanth et al., 2025) 0.6901 8
NLP_goats (Vaidyanathan et al., 2025) 0.6843 9
MSM_CUET (Rahman et al., 2025a) 0.6812 10
LinguAlsts (G et al., 2025) 0.6779 11
Hydrangea (Thirumoorthy et al., 2025) 0.6769 12
VSS 0.6757 13
CVF@NITT 0.6701 14
CUETNLP Finitelnfinity 0.6645 15
SSN_IT_NLP (Maria Nancy et al., 2025) 0.6601 16
Cyber_Protectors (Rohit et al., 2025) 0.6518 17
TRIX 0.6501 18
RMKMaveriks (Johnson et al., 2025) 0.6484 19
KECEmpower (Subramanian et al., 2025b) 0.6454 20
techbusters 0.6452 21
NLPopsCIOL (Nahian et al., 2025) 0.6402 22
nomorehate 0.6401 23
Syndicate_ITITK 0.6295 24
ParsePros 0.6201 25
KEC Tech Titans (Subramanian et al., 2025a) 0.6174 26
CoreFour_IIITK (S et al., 2025) 0.6101 27
YenCS 0.5701 28
HTMS (Harini et al., 2025) 0.4947 29
Yadu 0.4801 30
Falcons 04772 31
Tewodros 0.3396 32
SSNTrio (T T et al., 2025) 0.3094 33
ARINDASCI 0.2201 34
GS 0.2147 35
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5 Results and Discussion

The evaluation metric used was the macro-averaged
F1-score, calculated using the scikit-learn library?.

The Tamil dataset results are shown in table 2.
The top performing team, CUET_Agile, achieved
a macro Fl-score of 0.7883. They have used fine-
tuned Tamil BERT model combined with effective
optimization strategies. MSM_CUET (0.7873) and
Incepto (0.7864) followed closely, utilized multi-
lingual transformer models with fine-tuning tech-
niques. Other notable performers included Lowes,
Necto, and ByteSizedLLM, all achieving macro
F1-scores above 0.78. These teams demonstrated
the effectiveness of pretrained transformer-based
models, including MuRIL, XLLM-RoBERTa, and
BiLSTM.

The Malayalam dataset results are shown in ta-
ble 3. The top-performing team, Habiba A, G
Agila, achieved a macro F1-score of 0.7571, us-
ing a Recurrent Neural Network (RNN) approach.
Their methodology highlights the potential of tradi-
tional deep learning models when combined with
effective preprocessing. The second and third po-
sitions were claimed by CUET_Agile (0.7234)
and CUET_Novice (0.7083), who used fine tuned
transformer-based models. Other teams, such as
Incepto (0.7058) and Lowes (0.7001), performed
well using multilingual pretrained models. The top-
performing teams used transformer-based models
like BERT, mBERT, MuRIL, and XLM-RoBERTa
generally outperformed others. The use of the
macro-averaged F1-score and a detailed classifi-
cation report enabled a fair and comprehensive
evaluation of this shared task.

6 Conclusion

This shared task has provided pivotal insights for
addressing abuse content targeting women in Dra-
vidian languages. It is evident from the results that
the usage of transformer-based models like mBERT
and XLLM-RoBERTa have out performed the other
traditional approaches. In the future, we plan to
enhance this task by multiclass problem such as
stereotype, bias detection, and gender neutral term
analysis. This will enable more contextual analysis
for understanding abusive content.

Shttps://scikit-learn.org/stable/modules/
generated/sklearn.metrics.classification_report.
html
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Abstract

The rapid expansion of social media has fa-
cilitated communication but also enabled the
spread of misogynistic memes, reinforcing gen-
der stereotypes and toxic online environments.
Detecting such content is challenging due to
the multimodal nature of memes, where mean-
ing emerges from the interplay of text and im-
ages. The Misogyny Meme Detection shared
task at DravidianLangTech@NAACL 2025 fo-
cused on Tamil and Malayalam, encouraging
the development of multimodal approaches.
With 114 teams registered and 23 submitting
predictions, participants leveraged various pre-
trained language models and vision models
through fusion techniques. The best models
achieved high macro F1 scores (0.83682 for
Tamil, 0.87631 for Malayalam), highlighting
the effectiveness of multimodal learning. De-
spite these advances, challenges such as bias
in the data set, class imbalance, and cultural
variations persist. Future research should re-
fine multimodal detection methods to improve
accuracy and adaptability, fostering safer and
more inclusive online spaces.

Disclaimer: This research paper contains of-
fensive/harmful content for research purposes.
Viewer discretion is advised.

1 Introduction

The widespread adoption of social media has trans-
formed digital communication, allowing instanta-
neous sharing of ideas and fostering global connec-
tivity (Singh et al., 2023). However, this evolution
has also led to challenges, particularly the prolifer-
ation of harmful content such as misogyny memes
(Gasparini et al., 2022). These memes, often
combining visual and textual elements, propagate
gender-based discrimination, perpetuate stereo-
types, and contribute to toxic online environments.
Their multimodal nature poses significant chal-
lenges for automated detection, as the nuanced in-
terplay between images and text frequently conveys
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implicit and context-dependent meanings (Kumari
et al., 2024). Traditional unimodal detection meth-
ods often fail to address this complexity, under-
scoring the need for advanced multimodal analysis
techniques to effectively identify and mitigate such
content.

Addressing misogyny in online spaces is a crit-
ical step toward fostering inclusive and respect-
ful digital environments. Misogyny memes, by
embedding discriminatory messages in humor or
satire, not only normalize toxic behaviors but also
marginalize women and reinforce societal inequal-
ities. Detecting and moderating these memes is
particularly challenging in low-resource contexts
where annotated datasets and linguistic resources
are scarce (Huang et al., 2024). The task requires
innovative approaches that integrate textual and vi-
sual modalities to capture the implicit biases and
indirect messaging characteristic of these memes.
By advancing research in this area, it is possible
to combat the spread of harmful content and con-
tribute to safer and more equitable online spaces
(Rizzi et al., 2024).

To address this issue, we conducted the second
shared task on "Misogyny Meme Detection"' un-
der the DravidianLangTech@NAACL 202523 ini-
tiative. This shared task focuses on the automatic
detection of misogyny in memes across two lan-
guages, including Tamil and Malayalam which are
low-resourced. The aim is to foster the develop-
ment of computational models capable of identi-
fying misogynistic content while accounting for
linguistic and cultural variations in online commu-
nication.

The task is grounded in several objectives:

1. To encourage the creation of state-of-the-art

1https: //codalab.lisn.upsaclay.fr/
competitions/20856

2https: //sites.google.com/view/
dravidianlangtech-2025/

Shttps://2025.naacl.org/
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systems for misogyny detection in memes us-
ing multimodal approaches.

2. To promote research in low-resource lan-
guages, extending the applicability of NLP
technologies beyond high-resource settings.

The shared task attracted significant participa-
tion from researchers around the world, demon-
strating the growing recognition of the need to ad-
dress misogyny in online spaces. A total of 114
teams registered for the shared task, with 23 teams
successfully submitting their predictions, showcas-
ing a diverse range of methodologies that used
both textual and visual modalities to enhance mul-
timodal classification performance. The results
indicated that the team DLRG_RR achieved the
highest macro F1-score (0.83682) for Tamil, while
CUET_Novice team obtained the top macro F1-
score (0.87631) for Malayalam, emphasizing the
effectiveness of multimodal learning. Despite the
success of fusion-based models, challenges such
as class imbalance, dataset biases, and subtle varia-
tions in misogynistic language remain areas for
further exploration. Future research should fo-
cus on mitigating these biases, addressing cultural
nuances, and improving context-dependent under-
standing to improve the robustness of misogyny
meme detection models, contributing to a safer and
more inclusive digital space.

2 Related Work
2.1

Misogyny detection in online platforms has been
a focal point of research, particularly as the inter-
net continues to foster gender-based hate speech.
Early efforts include the Evalita 2018 and IberEval
2018 shared tasks, which introduced the Automatic
Misogyny Identification (AMI) challenge to de-
tect misogynistic content in English and Italian
texts (Fersini et al., 2018). SemEval 2019 extended
this focus to multilingual hate speech, addressing
misogyny alongside other forms of hate targeting
immigrants and emphasizing the detection of ag-
gressive and non-aggressive speech (Basile et al.,
2019).

Recent advances have embraced transformer-
based models such as BERT and RoBERTa for
misogyny detection, leveraging their capability to
understand nuanced language. Multilingual models
have been particularly effective for tasks involving
diverse linguistic contexts (Devlin et al., 2019; Liu

Misogyny detection
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et al., 2019). In the multimodal space, datasets
such as Facebook Hateful Memes and new mul-
timodal misogyny-specific datasets have encour-
aged combining textual and visual cues, as seen in
approaches utilizing VisualBERT, UNITER, and
CLIP for better classification accuracy (Chen et al.,
2020; Radford et al., 2021).

2.2 Multimodal Classification

Multimodal classification methods have become
pivotal in tackling tasks involving combined vi-
sual and textual data. Traditional approaches used
separate pipelines for image and text processing,
combining the outputs through simple fusion tech-
niques. Suryawanshi et al. (2020) explored an
early fusion technique that combines textual and vi-
sual modalities at the embedding level, demonstrat-
ing its effectiveness compared to unimodal base-
lines focused solely on text or images. Koutlis
et al. (2023) introduced MemeFier, a deep learning-
based framework featuring a dual-stage modal-
ity fusion module. This system captured intri-
cate inter-modal connections by integrating feature-
level alignment with token-level modality inter-
actions, achieving state-of-the-art results in fine-
grained meme classification.

2.3 Related shared tasks

Numerous shared tasks have significantly advanced
research on misogyny detection and multimodal
content analysis. The Evalita 2018 and IberEval
2018 shared tasks introduced the Automatic Misog-
yny Identification (AMI) challenge, focusing on
detecting misogynistic content in English and Ital-
ian (Fersini et al., 2018). These tasks were among
the first to address gender-based hate speech sys-
tematically. SemEval 2019 expanded the focus
to multilingual hate speech detection, including
misogyny and hate against immigrants, with dis-
tinctions between aggressive and non-aggressive
content in English and Spanish (Basile et al., 2019).

Multimodal shared tasks have further enriched
the research landscape. The Memotion shared tasks
(2020, 2022) targeted the sentiment and emotion
analysis of memes, providing valuable benchmarks
for multimodal sentiment classification (Sharma
et al., 2020; Patwa et al., 2022). The MultiOFF
dataset for offensive meme detection highlighted
challenges in integrating text and visual modal-
ities for hate speech classification (Suryawanshi
et al., 2020). TrollsWithOpinion (2023) introduced
a three-level taxonomy for trolling and opinion ma-
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ined, For garding poor-quality food: 9444042322
Bottom Text (Meme Caption): First come and take my wife away, sir! |
don't even know what she's cooking!

(a) Misogyny example from Tamil set
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Translation: (MEME ID: 87)

*Father: You should make gold ornaments for your wedding

*me: Well, father... and... Is it okay if | invented the groom myself?
Father: ppah...!!!!

(b) Misogyny example from Malayalam set

Figure 1: Examples from the Tamil and Malayalam sets

nipulation, emphasizing domain-specific opinion
manipulation in memes (Suryawanshi et al., 2023).

Our previous shared task, organized as part
of LT-EDI@EACL 2024, focused on multitask
meme classification with an emphasis on identify-
ing misogynistic and troll content in memes, specif-
ically in Tamil and Malayalam. This task received
significant participation, with 52 teams registering
and notable submissions. The task A is focused
on misogyny meme detection in Tamil and Malay-
alam language where the top method submitted
by MUCS team (Mahesh et al., 2024) achieving
macro F1 scores of 0.73 (Tamil) and 0.87 (Malay-
alam). This effort demonstrated the importance of
regional language datasets and the effectiveness of
multilingual computational approaches in tackling
misogynistic meme detection (Chakravarthi et al.,
2024).

3 Task Description

The Shared Task on Misogyny Meme Detection,
organized as part of DravidianLangTech@NAACL
2025, aimed to challenge participants to develop
advanced multimodal machine learning systems
capable of analyzing both textual and visual com-
ponents of memes. The primary objective of the
task was to classify memes as either Misogyny or
Non-Misogyny in Tamil and Malayalam languages
(Ponnusamy et al., 2024), emphasizing the nuanced
intersection of multilingualism and multimodality
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in the analysis of social media content. The exam-
ples from the dataset is show in the Figure 1.

Participants were initially provided with training
and development datasets to build and validate their
models. Subsequently, a test dataset without labels
was released for the final evaluation of the mod-
els, which were trained on the previously provided
datasets. Submissions was required in a predefined
CSV format with their model’s prediction using
the test set provided for the evaluation. After the
release of the results, the labeled test set was shared
with participants for personal verification and fur-
ther analysis.

The datasets included an image folder contain-
ing memes in JPG format, accompanied by a CSV
file comprising image_id, labels (indicating misog-
yny or non-misogyny), and transcriptions (text ex-
tracted from memes). Participants were expected
to adhere to strict submission guidelines and pro-
vide their predictions in a predefined format. This
shared task served as a platform for exploring
cutting-edge methodologies in Natural Language
Processing (NLP) and multimodal learning, driv-
ing innovation in the analysis of multilingual and
multimodal social media content.

4 Participant’s Methods

For this shared task, there are total of 114 teams
registered, among them we have received a total
of 23 submissions where all the participants have



used various types of methodologies to address
the task of detecting misogyny and non-misogyny
memes in Tamil and Malayalam languages in a
multimodal settings from the dataset provided. The
participants rank list has been mentioned in the
Table 1 for Tamil language and Table 2 for Malay-
alam language.

* byteSizedLLM (Manukonda and Kodali,
2025): This team proposed a multimodal
approach for misogynistic meme detection
by combining textual and visual features.
They fine-tuned the XLM-RoBERTa Base
model on Tamil and Malayalam text from the
Al4Bharath dataset, using IndicTrans to gen-
erate native script, Romanized, and partially
transliterated text variations. Text embeddings
were mapped to a 768-dimensional space. To
align with this, they modified ResNet-50’s
fully connected layer to extract image fea-
tures in the same dimension. An Attention-
Driven BiLSTM was used to fuse the modal-
ities, capturing sequential dependencies. An
attention mechanism followed by a fully con-
nected layer optimized with cross-entropy loss
enabled accurate classification.

¢ CUET_NetworkSociety: This team extracted
visual features using data augmentation tech-
niques to enhance generalization, employ-
ing ResNetl8 and EfficientNet-B4. For
text processing, they used transformer-based
models including IndicBERT for Indian lan-
guages, LaBSE for multilingual embeddings,
and XLM-RoBERTa for contextual under-
standing. They applied both classical clas-
sifiers—Logistic Regression, SVM, and Ran-
dom Forest—and deep learning models such
as CNN, BiLSTM, and BiLSTM+CNN for
textual classification. To integrate text and
image modalities, they experimented with
concatenation-based fusion (feature-level) and
late fusion (prediction-level).

e DII5143 (Pattanaik et al., 2025): This team
utilized three models—M-CLIP, IndicBERT,
and Google’s MuRIL—each fine-tuned sepa-
rately on Tamil and Malayalam meme data
to detect misogyny from both images and
text. The individual model predictions were
combined using majority voting, which en-
hanced robustness and accuracy by captur-
ing diverse features across modalities and lan-

89

guages. This ensemble approach effectively
fused insights from distinct multilingual and
multimodal models, improving detection ac-
curacy for memes in Tamil and Malayalam.

CUET-NLP_Big O (Hossan et al., 2025):
This team resized images to 224x224 pixels
and normalized them using ImageNet statis-
tics. Tamil and Malayalam texts were to-
kenized with MuRIL (128 tokens). Visual
features were extracted using DenseNet121,
EfficientNetB0O, ResNet50, and VGG19; tex-
tual features used TF-IDF, BoW, and 100-
dimensional GloVe embeddings. Features
were fused via a fully connected classifier.
Training ran for 45 epochs with a 2e-5 learn-
ing rate, batch size of 16, and ReduceLROn-
Plateau scheduler on dual NVIDIA Tesla T4
GPUs, taking 120-150 minutes.

Code_Conquerors (Rao et al., 2025): This
team used CLIP model embeddings for image
features and BERT-base uncased embeddings
for text. For Tamil data, they trained a hy-
brid model combining ResNet for images and
BERT-base uncased for text. For Malayalam
data, Vision Transformer replaced ResNet,
paired again with BERT-base uncased. In both
cases, image and text embeddings were con-
catenated before training, allowing the model
to effectively learn and integrate visual and
textual context for improved misogyny detec-
tion.

Shraddha: Here, text features were extracted
using BiLSTM, and attention mechanisms,
while image features were obtained using the
ImageNet pre-trained MobileNetV2 model
with attention layers. These features were
fused for classification, optimized with focal
loss and class weights to handle class imbal-
ance.

LexiLogic (M et al.,, 2025): This study
uses L3Cube-Malayalam-BERT and L3Cube-
Tamil-BERT for meme categorization and
abusive language detection. Data is prepro-
cessed through tokenization and normaliza-
tion. Fine-tuning uses cross-entropy loss over
five epochs at a 2e-5 learning rate. Language-
specific embeddings and data augmentation
improve performance on low-resource Indian



languages, effectively handling hostile lan-
guage.

* One_by_zero (Chakraborty et al., 2025):
They employed CNN, VGG16, and Vision
Transformer (ViT) models for visual features
extraction, optimizing ViT using the AdamW
optimizer and binary cross-entropy loss. BiL-
STM, TextCNN, LSTM+CNN, Malayalam
BERT, and IndicBERT were used to extract
textual features; they were all trained using
the Adam optimizer and binary cross-entropy
loss. These features were concatenated at a
fusion layer and then run through a fully con-
nected classifier that was tuned with Adam
and binary cross-entropy loss.

e teamiic (Sharma et al., 2025): The XLM-
R model was used to handle text data, and
the Vision Transformer (ViT) was used to ex-
tract features from images. To create a single
representation, the embeddings from the two
modalities were concatenated. For classifica-
tion, a proprietary neural network classifier
with ReLU activation and a fully connected
hidden layer was employed along with cross
Entropy Loss and the Adam optimizer.

e Team_Strikers (Shanmugavadivel et al.,
2025a): This team used LSTM and GRU mod-
els to process Tamil-English code-mixed text
with TF-IDF, GloVe, and Word2Vec embed-
dings, while ResNet and EfficientNet CNNs
extracted visual features. The CNN-LSTM
model combined spatial and sequential learn-
ing. Despite challenges with code-mixed in-
put in ResNet-BERT, the GRU-EfficientNet
model effectively merged text and visuals.

¢ CUET-823 (Mallik et al., 2025): For both
text and image inputs, they used text-based
augmentation (back-translation via Tamil-
English-Tamil and Tamil-Malayalam-Tamil)
and image alterations (brightness adjustment,
grayscale, posterization) to address class
imbalance. They experimented with ViT,
ResNet, and EfficientNet for pictures, train-
ing for 20 epochs (batch size: 16, learning
rate: le-4), and optimized mBERT and In-
dicBERT for text with a 512-token length us-
ing the AdamW optimizer (learning rate: 2e-
5).
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* CUET_Novice (Sayma et al., 2025): This
team developed a multimodal approach to
detect misogyny in Malayalam memes by
combining visual and textual features. They
used an 8-layer CNN, ResNet-50, Vision
Transformer (ViT), and Swin Transformer
for visual feature extraction. Text was pro-
cessed using Malayalam-BERT, generating
768-dimensional embeddings. These were
fused with 1024-dimensional Swin Trans-
former features to create a 1792-dimensional
vector. A two-layer neural network with
ReLU activation and 0.1 dropout was used for
classification. The team trained their model
with the AdamW optimizer, binary cross-
entropy loss, gradient clipping, a batch size of
16, and a 5e-5 learning rate over five epochs.

* InnovationEngineers (Shanmugavadivel
et al., 2025b): This team applied padding to
text sequences up to a length of 100 before
using BERT to extract semantic features. For
visual processing, images were resized to
224%224 pixels, normalized to [0, 1], and
processed in batches using EfficientNetBO
for feature extraction. They combined both
textual and visual features using a Vision-
Language Model (VLM) for classification,
effectively integrating multimodal data to
enhance performance in misogynistic meme
detection.

» Zero_knowledge: This team employed a mul-

timodal approach, extracting image features
using a Convolutional Neural Network (CNN)
and processing text through an embedding
layer followed by an Long Short-Term Mem-
ory (LSTM) to capture sequential and contex-
tual information. Outputs from both branches
were concatenated in a fusion layer to inte-
grate visual and textual data. A fully con-
nected dense layer refined the fused features,
followed by a sigmoid activation for binary
classification. The model was trained using
the Adam optimizer with binary cross-entropy
loss, ensuring stable and effective conver-
gence for misogynistic meme detection.

» LinguAlsts (Arthir et al., 2025): This team

used a Support Vector Machine (SVM) with a
linear kernel for binary classification, leverag-
ing its effectiveness with textual input vector-
ized using TF-IDF. To optimize performance,



they applied GridSearchCV to tune hyperpa-
rameters such as C, kernel, and gamma, using
five-fold cross-validation for robust model se-
lection.

Fired_from_NLP (Chowdhury et al., 2025):
This team implemented a multimodal ap-
proach, extracting visual features using CNN
models like EfficientNetB7, ResNet50, and
MobileNetV2, and processing text with Tamil-
BERT and Malayalam-BERT. Text prepro-
cessing included padding, truncation, and
attention masking via the BERT tokenizer.
Images were resized to 224x224 pixels and
standardized. Transformer models (mBERT,
Indic-BERT, Tamil-BERT, Malayalam-BERT)
handled textual feature extraction, while cross-
modal attention was used to compute attention
scores between text and image features. Out-
puts were fused using concatenation and the
Hadamard product, then passed through dense
layers for binary classification. The model
was trained with binary cross-entropy loss,
early stopping, and a learning rate scheduler.

Magma: For this shared task, They utilized
Google’s Gemini model to generate dense vec-
tor embeddings (’models/embedding-001")
which capture the semantic features of Malay-
alam text. These embeddings were then pro-
cessed through a Random Forest classifier
with 100 estimators, trained on an 80-20 train-
test split. For Tamil text classification, They
employed a BERT (Bidirectional Encoder
Representations from Transformers) model,
fine-tuning it specifically for Tamil language
processing. The BERT model’s bidirectional
self-attention mechanisms were adapted to un-
derstand Tamil linguistic patterns through the
fine-tuning process.

CUET-NLP_MP (Mohiuddin et al., 2025):
This team classified Tamil and Malayalam
memes using both unimodal and multimodal
models. For text, they tested CNN, SVM,
Bi-LSTM, mBERT, and XLM-R; for images,
they used VGG16, VGG19, ResNet50, Vision
Transformer (ViT), and Swin Transformer.
The best models for each language and modal-
ity were combined for multimodal analy-
sis. Their final model integrated IndicBERT
for text and ViT-Base-Patch16-224 for im-
ages, with fused embeddings passed through

a dense classification layer. Trained over five
epochs with a batch size of 16 and a learning
rate of 2e-5, this multimodal setup delivered
the team’s best overall performance.

HerWILL (Preeti et al.,, 2025): This
team adopted a multimodal approach, using
language-specific pre-trained models for text
encoding: hate-speech-CNERG/malayalam-
codemixed-abusive-MuRIL for Malayalam
and Tamil-codemixed-abusive-MuRIL for
Tamil. For visual features, they used
OpenAl’s CLIP model (openai/clip-vit-base-
patch32) alongside an MLP classifier. They
also experimented with a larger vision model
(zerOint/CLIP-GmP-ViT-L-14) to explore per-
formance gains. Both early and late fusion
strategies were evaluated, along with language
models like ai4bharat/IndicBERTv2MLM-
only and PosteriorAl/dravida_llama2_7b.

vemuri_monisha: This team combined both
the image and text features for this classifica-
tion task. The image features were extracted
using Vision Transformer (ViT), while text
features were derived from BERT. These fea-
tures are then fused and passed through a Ran-
dom Forest Classifier.

SemanticCuetSync: They fine-tuned the
large vision models such as LLaMa 3.2 vi-
sion 11b to detect the misogyny content in the
dataset provided.

DLRG_RR: This team have utilized the
mBERT model to improve the contextual un-
derstand in both the Tamil and Malayalam
languages.

MNLP (Chauhan and Kumar, 2025): This
team used XML-RoBERTa and Byte-Pair En-
coding for the extraction of textual features
and ViT for the visual features extraction.
Then the concatenation based fusion mech-
anism has been applied and ML models like
KNN, SVM, RF, NB and DL models such as
LSTM, GRU and Multimodal classifier were
used for classification task along with ReL.U
activation.

5 Results and Discussions

Participants predictions were collected in csv for-
mat and evaluated using the macro F1-score, a ro-



Table 1: Rank List of Tamil Language

Team Name Run F1Score RANK
DLRG_RR 1 0.83682 1
CUET-NLP_Big_O (Hossan et al., 2025) 3 0.81716 2
byteSizedLLM (Manukonda and Kodali, 2025) 3 0.80809 3
CUET-823 (Mallik et al., 2025) 3 0.78120 4
DII5143 (Pattanaik et al., 2025) 2 0.77591 5
CUET-NLP_MP (Mohiuddin et al., 2025) 1 0.77180 6
CUET_NetworkSociety 1 0.76323 7
MNLP (Chauhan and Kumar, 2025) 2 0.73516 8
LinguAlsts (Arthir et al., 2025) - 0.71259 9
Shraddha 1 0.70501 10
teamiic (Sharma et al., 2025) - 0.68830 11
InnovationEngineers (Shanmugavadivel et al., 2025b) 2 0.68782 12
LexiLogic (M et al., 2025) 1 0.68707 13
Fired_from_NLP (Chowdhury et al., 2025) 1 0.67754 14
Code_Conquerors (Rao et al., 2025) 1 0.66142 15
Magma 1 0.65068 16
Team_Strikers (Shanmugavadivel et al., 2025a) 1 0.64776 17
Zero_knowledge - 0.47801 18
SemanticCuetSync 1 0.40692 19
Table 2: Rank List of Malayalam Language
Team Name Run F1Score RANK
CUET _Novice (Sayma et al., 2025) 3 0.87631 1
HerWILL (Preeti et al., 2025) 1 0.87483 2
One_by_zero (Chakraborty et al., 2025) 3 0.86658 3
DII5143 (Pattanaik et al., 2025) 2 0.84927 4
MNLP (Chauhan and Kumar, 2025) 1 0.84237 5
CUET-NLP_MP (Mohiuddin et al., 2025) 1 0.84118 6
teamiic (Sharma et al., 2025) 1 0.84066 7
byteSizedLLLM (Manukonda and Kodali, 2025) 1 0.83912 8
CUET-NLP_Big_O (Hossan et al., 2025) 1 0.82531 9
LexiLogic (M et al., 2025) 1 0.80364 10
Fired_from_NLP (Chowdhury et al., 2025) 1 0.80347 11
CUET_NetworkSociety 1 0.80347 12
Code_Conquerors (Rao et al., 2025) 1 0.75649 13
Shraddha 1 0.75467 14
LinguAlsts (Arthir et al., 2025) - 0.68186 15
Magma 1 0.67552 16
DLRG_RR 1 0.54180 17

92


https://doi.org/10.18653/v1/S19-2007
https://doi.org/10.18653/v1/S19-2007
https://doi.org/10.18653/v1/S19-2007
https://aclanthology.org/2024.ltedi-1.13/
https://aclanthology.org/2024.ltedi-1.13/
https://aclanthology.org/2024.ltedi-1.13/
https://proceedings.mlr.press/v119/chen20j.html
https://proceedings.mlr.press/v119/chen20j.html
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.4000/books.aaccademia.4497
https://doi.org/10.4000/books.aaccademia.4497
https://doi.org/10.1016/j.dib.2022.108526
https://doi.org/10.1016/j.dib.2022.108526
https://doi.org/10.1016/j.dib.2022.108526

bust metric particularly suited for imbalanced clas-
sification tasks, ensuring a fair assessment of per-
formance across all classes. Thirty submissions in
all were received, and each participant used a differ-
ent method to identify misogyny and non-misogyny
memes in multimodal contexts in Tamil and Malay-
alam. As per the Tamil findings displayed in Ta-
ble 1, DLRG_RR obtained the highest rank with a
macro F1 score of 0.83682. In order of precedence,
CUET-NLP_Big_O came in second with 0.81716,
byteSizedLLM with 0.80809, CUET-823 with
0.7812, and D115143 with 0.77591. CUET_Novice
topped the Malayalam findings in Table 2 with an
exceptional macro F1 score of 0.87631. With cor-
responding scores of 0.874833, 0.86658, 0.84927
and 0.84237, HerWILL, One_by_zero, DII5143,
and MNLP all shown strong performance.

The diverse methodologies employed by teams
such as teamiic, byteSizedLLM, Team_Strikers,
InnovationEngineers, Zero_knowledge,
Code_Conquerors, HERWILL, Shraddha,
CUET-NLP__Big_O, CUET-823 ,One_by_zero,
CUET-NLP_MP and CUET_NetworkSociety
highlighted the significance of multimodal
approaches, combining textual and visual features
for effective classification. Many teams leveraged
pre-trained language models such as IndicBERT,
XLM-RoBERTa, MuRIL, and multilingual BERT
for textual feature extraction, often fine-tuned
for Tamil and Malayalam. To capture visual
contexts on the image side, models such as ResNet,
Vision Transformer (ViT), Swin Transformer,
and EfficientNet were frequently employed. In
order to successfully integrate textual and visual
embeddings, fusion techniques included dynamic
attention mechanisms as well as early and late
fusion where used.

The team DI15143 improved the performance of
the model by ensemble methods like majority vot-
ing and concatenation of multimodal embeddings,
while teams such as buteSizedLLM and CUET-
823 used novel approaches such as transliteration-
enhanced datasets, back-translation, and data aug-
mentation for both text and images, tackled is-
sues with low-resource languages and imbalanced
datasets. models with attention mechanisms, Bil-
STM, and GRU captured contextual subtleties, and
most of the teams employed dropout regularization
and adam optimizer along with other hyperparame-
ters. Teams such as Shraddha and Lexil.ogic used
focal loss addressed overfitting and class imbal-
ance.
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The teams such as Magma, LinguAlsts and
DLRG_RR used text based model like SVM,
mBERT and BERT for classifiction task along with
optimizing parameters. The team semanticCuet-
Sync leveraged the LLaMa 3.2 , a large vision
model for classification.

6 Conclusion and Future Work

In this second shared task, we aimed to address
the issue of identifying misogyny memes in Tamil
and Malayalam languages. The results demon-
strated that multimodal fusion-based techniques
yield better results in both the Tamil and Malay-
alam language dataset when compared with other
techniques. Among the teams that submitted the
results, most of them extracted textual and visual
features separately using their appropriate models
such as XLM-RoBERTa, T5, IndicBERT, MURIL
for textual features and ResNet18, ViT, CNN, Ef-
ficientNetBO for visual features. The features are
then has been combined using fusion techniques
and fed to the classifier model. Even though, multi-
modal models performed well for this dataset, we
plan to explore the bias like data, contextual and
algorithmic in data. Models can be trained to under-
stand the local cultural differences and sensitivity
in data by annotating the data set with detailed con-
text information. Fine grained multimodal analysis
is needed for detecting misogyny memes because
of the subtle change in tone, context and nuances
present in the image and text present in the memes
which cannot be detected on the surface level anal-
ysis. Future research in these areas can improve the
detection of misogyny memes for the safer online
environment.
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Abstract

Sentiment analysis is an essential task for inter-
preting subjective opinions and emotions in tex-
tual data, with significant implications across
commercial and societal applications. This pa-
per provides an overview of the shared task on
Sentiment Analysis in Tamil and Tulu, orga-
nized as part of DravidianLangTech@NAACL
2025. The task comprises two components:
one addressing Tamil and the other focusing
on Tulu, both designed as multi-class classifi-
cation challenges, wherein the sentiment of a
given text must be categorized as positive, nega-
tive, neutral and unknown. The dataset was dili-
gently organized by aggregating user-generated
content from social media platforms such as
YouTube and Twitter, ensuring linguistic diver-
sity and real-world applicability. Participants
applied a variety of computational approaches,
ranging from classical machine learning algo-
rithms such as Traditional Machine Learning
Models, Deep Learning Models, Pre-trained
Language Models and other Feature Repre-
sentation Techniques to tackle the challenges
posed by linguistic code-mixing, orthographic
variations, and resource scarcity in these low
resource languages.

1 Introduction

Sentiment Analysis (SA), a computational ap-
proach to deciphering human opinions and emo-
tions through written language, has become increas-
ingly crucial across various domains such as social
media monitoring, market research, and customer
feedback analysis (Wankhade et al., 2022). The
digital communication landscape has witnessed a
growing linguistic phenomenon known as code-
mixing, which is particularly prevalent in multilin-
gual societies (Alam et al., 2024). Code-mixing

97

represents the intricate practice of interweaving
multiple languages within a single communicative
context, a trend that has garnered significant atten-
tion in Natural Language Processing, especially
in linguistically diverse regions like India (Sam-
path and Supriya, 2024). An enhanced sentiment
dictionary that incorporates both labeled and unla-
beled data from source and target domains signifi-
cantly improves sentiment classification in multi-
domain contexts (Sivasankar et al., 2021). This
approach is not only applicable to domain adap-
tation within the same language but can also be
extended to sentiment classification across differ-
ent languages. By leveraging such cross-lingual
adaptation, models can better handle language-
specific nuances, improving sentiment analysis in
low-resource languages like Tamil and Tulu, as
well as facilitating sentiment classification between
languages with distinct linguistic features. Sys-
tems trained on monolingual data face challenges
with code-mixed text because of the intricate na-
ture of code-switching across different linguistic
levels. (Ponnusamy et al., 2023). The complexity
of SA escalates when confronting code-mixed text,
as traditional analysis methods struggle with the
nuanced linguistic variations introduced by script
and language mixing (Perera and Caldera, 2024).
Users frequently leverage Latin script and common
English words, creating hybrid textual landscapes
that challenge conventional sentiment extraction
techniques (Hegde et al., 2022). The intricate na-
ture of code-mixing further compounds sentiment
analysis challenges, with individuals often switch-
ing between scripts and languages in unpredictable
ways (Chakravarthi et al., 2021; Sambath Kumar
et al., 2024). These linguistic complexities high-
light the critical need for more advanced analytical



approaches. Addressing these code-mixed linguis-
tic complexities is important to capture modern
communication’s rich, dynamic nature accurately.

Granted classical language status by the Indian
government in 2004, Tamil boasting a literary her-
itage that spans over two millennia and is one of
the world’s most enduring classical languages (Abi-
rami et al., 2024). Beyond its status as the official
language of Tamil Nadu and Puducherry, the lan-
guage has transcended geographical boundaries,
finding vibrant expression in diverse global com-
munities including Malaysia, Mauritius, Fiji, and
South Africa (Rajalakshmi et al., 2023).

Tulu, a member of the Dravidian language fam-
ily, boasts over three million speakers known as Tu-
luvas, primarily concentrated in Karnataka’s Dak-
shina Kannada and Udupi districts, with additional
communities extending to Mumbai and Gulf coun-
tries (Hegde et al., 2022). The language has carved
out a significant digital footprint, with active en-
gagement across social media platforms and a thriv-
ing film industry that further amplifies its cultural
relevance (Narayanan and Aepli, 2024).

This shared task presents a new corpus in the
Tamil and Tulu languages. We used comments
and posts of Movie reviews from Youtube for this
shared task of Sentiment Analysis.

2 Task Description

The goal of this shared task! is to identify the sen-
timent polarity of the code-mixed dataset of com-
ments or posts in Tamil-English and Tulu-English
collected from social media. The comment or post
may contain more than one sentence but the aver-
age sentence length of the corpora is one. Each
comment or post is annotated with sentiment polar-
ity at the comment or post level. These code-mixed
datasets consist of posts and comments collected
from YouTube comments. Our proposal aims to en-
courage research that will reveal how sentiment is
expressed in code-mixed scenarios on social media.
For every comment in Tamil and Tulu, the objec-
tive is to classify it into positive, negative, neutral,
or mixed emotions.

3 Dataset Description

Recent advancements in natural language process-
ing (NLP), particularly transformer-based models
and multilingual embeddings, have further acceler-
ated research in sentiment analysis. Additionally,

"https://codalab.lisn.upsaclay.fr/competitions/20893
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the integration of large language models (LLMs)
and zero-shot learning techniques has improved
sentiment classification accuracy for underrepre-
sented languages, enabling better contextual under-
standing and real-time analysis. For the analysis of
sentiment in YouTube comments, two meticulously
curated datasets—i) Tamil-English and ii) Tulu-
English—have been introduced to support compu-
tational linguistics research. These resources act
as essential linguistic benchmarks, aiding in the
exploration of hybrid-language processing. By of-
fering diverse and naturally occurring text samples,
they assist scholars and industry professionals in
enhancing machine learning models tailored for
multilingual and phonetically transcribed content.
Additionally, these datasets play a pivotal role in re-
fining Artificial Intelligence systems to better inter-
pret the emotional tone and contextual intricacies
of underrepresented languages in digital discourse.
The dataset is prepared in two languages such as
Tamil and Tulu as listed in Table 1.

3.1 Tamil Data

We gathered comments and posts from YouTube
related to various Tamil films, encompassing dis-
cussions, reviews, and audience opinions. This
data includes user perspectives on different aspects
such as storyline, performances, music, and overall
cinematic experience. A sample set of comments
are listed in the Table 2.

3.2 Tulu Data

We collected comments and posts from YouTube
about various Tulu films, covering discussions, re-
views, and audience opinions. The data reflects
user perspectives on elements such as storyline,
performances, music, and overall cinematic appeal.
A sample set of comments are listed in the Table 3.

4 Methodologies used in the Submission

Team Hermes fine-tuned the pre-trained multi-
lingual transformer model, cardiffnlp/twitter-xIm-
roberta-base-sentiment from Hugging Face. A
PyTorch-based data pipeline with a custom dataset
class and Datal.oaders was used to handle batched
input. The model employed AdamW optimization,
and early stopping based on validation F1 score.
Team byteSizedLLM (Manukonda and Kodali,
2025) used hybrid approach combined a fine-tuned
XLM-RoBERTa base model with a customized at-
tention BiILSTM network to leverage contextual-
ized embeddings and sequential modeling. The



Label Train Set Development Set Test Set
Tamil Tulu Tamil Tulu Tamil Tulu
Positive 18,145 3,769 2,272 470 1,983 453
Negative 4,151 843 480 118 458 88
Neutral 5,164 3,175 619 368 593 343
Mixed 3,662 1,114 472 143 425 120

Table 1: Distribution of data in Train, Development, and Test sets for Tamil and Tulu languages

S.No Text

Label

1

Therikaaa vidalamaanu kealvi yellam keadayadhu... Iranginaale theri dhaaaa

Positive

2 Romba naalaki aprama suriya annana ipdi pakuravanga mattum solluga Unknown_state
3 Aiooo..samy mudilada..yenda 2D ku inoru flop conform Negative
4 The word vera level thalaiva unaku vayase agadha paaaa Mixed_feelings

Table 2: Sample set of Tamil Comments with Labels

XLM-RoBERTa model was fine-tuned using MLM
on a small portion of the Al4Bharat dataset, en-
riched with fully and partially transliterated text to
improve multilingual and transliteration handling.
Attention and BiLSTM layers were used to enhance
sequential dependency capture.

For the Tamil dataset, XNet, Naive Bayes, and
Logistic Regression were employed by Team RMK-
Mavericks to predict sentiment, leveraging their
ability to capture diverse text patterns and nuances.
For the Tulu dataset, they used SVM, Random For-
est, and Logistic Regression. TF-IDF vectorization
transformed text into numerical features, with hy-
perparameter tuning to optimize results.

Team codecrackers (P et al., 2025) system em-
ploys three models—Naive Bayes, SVM, and an
LSTM-based deep learning model—to address sen-
timent analysis in Tamil code-mixed text. Naive
Bayes and SVM leverage TF-IDF vectorization and
traditional machine learning techniques for simpler
patterns, while the LSTM-based model combines
word-level Word2Vec embeddings and character-
level features to capture complex syntactic and se-
mantic nuances.

(Sreeja and Bharathi, 2025) fine-tuned a pre-
trained transformer model, distilroberta-base, for
multilingual sentiment analysis. Their program
preprocesses data by cleaning text, mapping labels
to numeric values, and tokenizing inputs, while
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addressing class imbalances by incorporating cal-
culated class weights into the loss function. Opti-
mized training techniques like gradient accumula-
tion and mixed precision enhanced efficiency.

Team Code Conquerors employed data pre-
processing that involved addressing class imbal-
ance using the class-weight method, and resolving
out-of-vocabulary issues by developing a vocabu-
lary. The hybrid model begins with an embedding
layer, followed by a Conv1D layer and a max pool-
ing layer. A BiLSTM layer was used, with fully
connected dense layers and a softmax layer for
finding the sentiments.

Team ET2025 used mBERT model (Adyanthaya,
2025) fine-tuned for sentiment classification in
Tamil and Tulu. Preprocessed datasets were to-
kenized and split into training and evaluation sets,
with the Hugging Face Trainer API used for train-
ing and evaluation.

Team CIC used Feature extraction with Logis-
tic Regression which involved identifying the top
bigrams and trigrams based on frequency to cap-
ture class similarities effectively. These enabled
the model to distinguish between classes more ac-
curately.

Team SKV Trio combined TF-IDF and BERT
embeddings. TF-IDF embeddings were reduced to
512 dimensions via an RBF Sampler for efficiency,
while the bert-base-uncased model generated con-



S.No Text Label
1 Edde msg koryar prasamsha Positive
2 Enchi pankda comedy Negative
3 Kas ejjande boys yerla hotel popujer. Ponnulu mathra Mixed
4 Padhyana ganapathi bhagavathike Neutral
5 Well done Keep It up!!! Not Tulu

Table 3: Sample set of Tulu Comments with Labels

textual embeddings by averaging token represen-
tations. Random Forest classifier was trained on
the merged features. Model generalizability was
verified through 5-fold cross-validation.

Pre-processing techniques such as tokenization,
special character removal, and stopword filtering
were applied by Team YenLP_CS. TF-IDF was
used for feature extraction (Adyanthaya, 2025), fol-
lowed by training an ensemble of Random Forest
(fine-tuned with GridSearchCV) and SVM (Shan-
mugavadivel et al., 2025). Word2Vec embeddings
were generated, supporting LSTM and BiLSTM
deep learning models. Finally, the multilingual
transformer model mBERT was fine-tuned on the
task data.

Team KECTechTitans used three models - KNN,
SVM, and Decision Tree on data vectorized by
TF-IDE. KNN was selected for its simplicity in
proximity-based classification, SVM for its effec-
tiveness in high-dimensional data, and Decision
Tree for its interpretability. Model performance
compared to determine the most effective approach.

Team Dynamic_Crew cleaned text data and nor-
malized it to remove noise, such as special char-
acters and stop words, while addressing language-
specific nuances. For feature extraction, Count Vec-
torizer and TF-IDF Vectorizer were used. Classi-
fiers like Decision Tree, Random Forest, and KNN
were employed by this team.

Team Team_Mavericks used TF-IDF Vectorizer
to capture term importance with unigrams and bi-
grams. Data preprocessing included combining
training and validation datasets, splitting for evalu-
ation, and vectorizing the text. The Random Forest
model was used, optimized using GridSearchCV
for hyperparameter tuning.

Team JustATalentedTeam (Ponsubash Raj R,
2025) began with transliterating texts to the En-
glish script when necessary. Two methodologies

were used: 1) a Logistic Regression model with
TF-IDF Vectorizer using a character-level analyzer,
and 2) a combined approach involving tokenization,
FastText embeddings, and a deep learning model
for sentiment classification of code-mixed text.

Team Ilemlem used google-bert/bert-base-
multilingual-uncased model, with a classification
head consisting of a dense layer and softmax
activation to predict sentiment categories. By
fine-tuning the model, the system aimed to subtle
syntactic and semantic nuances, performing
sentiment analysis even with limited annotated
data.

Team MysticCIOL’s approach involved us-
ing custom pre-trained models, each specifically
trained on general Tamil and Tulu data. A Multi-
Layer Perceptron was applied on top of the pre-
trained embeddings to fine-tune them for sentiment
classification. The fine-tuned models were then
used to generate predictions on the test data.

In Team Cognitext’s approach, the text data was
preprocessed by converting it to lowercase, remov-
ing URLs, mentions, hashtags, and special charac-
ters. TF-IDF vectorization was applied to extract
feature through unigrams and bigrams. A Logistic
Regression classifier was then trained on it. The
model’s performance was evaluated using a valida-
tion set.

Team TensorTalk (Anishka and J, 2025) used a
combination of SVM, Logistic Regression, and
Random Forest classifiers. The preprocessing
pipeline involved cleaning the text, removing stop-
words, performing lemmatization, and applying
TF-IDF vectorization. To address the class imbal-
ance in the datasets, we used the Synthetic Minor-
ity Oversampling Technique (SMOTE) to generate
synthetic samples for underrepresented classes.

Team SSNTrio (J et al., 2025) explored the use
of Multilingual BERT and language-specific Tamil

100



BERT models. To address the class imbalance,
random upsampling was applied. The text data
was tokenized using the appropriate tokenizer for
each model. The models were fine-tuned using the
training set, with optimized hyperparamters.

Team Anna-CIOL used custom pre-trained mod-
els specifically fine-tuned for Tamil and Tulu to
extract embeddings. They employed a Multi-Layer
Perceptron to fine-tune these embeddings for sen-
timent classification. Once the models were fine-
tuned, they used them to generate predictions.

Team lowes fine-tuned a language-specific
BERT model pre-trained by 13cube-pune using the
provided datasets, implementing class weighting to
handle imbalanced labels and optimizing training
parameters. The model handled class imbalance
through oversampling and by using a weighted
model to compute loss during training.

The preprocessing techniques, feature extrac-
tions, and classifiers used by the participating teams
are summarized below.

4.1 Preprocessing

Teams have used preprocessing techniques namely
stop word removal, removal of hashtags & URLS
and lemmatization in their approaches. They have
used random upsampling and SMOTE methods for
handling data imbalance problems.

4.2 Feature Extraction

Submitting teams used unigrams, bigrams, trigrams
and Character-level features, and vectorized the
text with TF-IDF, Word2Vec, fasttext and BERT
embeddings.

4.3 Classifiers

Participants used traditional classifiers namely,
SVM, logistic regression, multilayer perceptron,
random forest (Gowda, 2025), decision tree, KNN
and Naive Bayes approaches for finding the senti-
ments. Deep learning frameworks namely LSTM
and BILSTM are used by the participants (Srichan-
dra et al., 2025; Rajalakshmi et al., 2023). Trans-
former models namely distilRoberta, Multilingual
BERT and XLM-Roberta are used by the partic-
ipants among which XLLM-Roberta performs bet-
ter when compared to other approaches (Krasitskii
et al., 2025) (G et al., 2025). Further, language
specific BERT pretrained by 13cube-pune performs
better for Tulu language with 0.5938 as F1-score. A
pretrained model finetuned on Al4Bharart dataset

performs better for Tamil language with an F1-
score of 0.5036.

5 Results

The participating teams submitted 2 to 3 runs to the
both Tamil and Tulu tasks. 21 teams participated in
Tamil task and 20 teams participated in Tulu task.
Their submissions were evaluated and ranked based
on macro F1-score. Scores are tabulated in Tables
4 and 5 for Tamil and Tulu sub tasks respectively.

Team Name Macro F1 Score Rank

byteSizedLLM 0.5036 1
ET2025 0.4986 2
Hermes 0.4957 3
JustATalentedTeam 0.4919 4
Lemlem 0.4709 5
SSNTrio 0.4461 6
CIC 0.4409 7
codecrackers 0.4389 8
KECTechTitans 0.4386 9
RMKMavericks 0.4354 10
MysticCIOL 0.4299 11
KEC-Elite-Analysts 0.4131 12
YenLLP_CS 0.4117 13
Team_Mavericks 0.4011 14
Dynamic_crew 0.3852 15
lowes 0.3834 16
SSN_IT_SENTI 0.3799 17
CodeConquerors 0.3357 18
Anna-CIOL 0.335 19
Cognitext 0.2867 20
TensorTalk 0.2427 21

Table 4: Rank list for Tamil sentiment analysis.

6 Conclusion

There are 21 teams participated in the Tamil sub-
task and 20 teams participated in the Tulu sub-
task. Participants used preprocessing techniges like
lemmatization, removal of stop word, URLs and
hash tags in their approaches. Teams who have em-
ployed traditional classifiers used n-gram features
with TF-IDF scores and static embeddings namely
Word2Vec and FastText for vectorization. Most of
the teams used transformer models namely mul-
tilingual BERT, distilRoberta and XLLM-Roberta,
Pretrained models finetuned on Al4Bharat dataset
are used by the teams. Team °‘byteSizedLLM’
(Manukonda and Kodali, 2025) who used language

101



Team Name Macro F1 Score Rank
lowes 0.5938 1
ET2025 0.5882 2
Hermes 0.5801 3
JustATalentedTeam 0.5617 4
SSNTrio 0.5609 5
Lemlem 0.5583 6
YenLP_CS 0.5511 7
codecrackers 0.5425 8
RMKMavericks 0.5318 9
TensorTalk 0.5269 10
Team_Mavericks 0.4683 11
CIC 0.4509 12
CodeConquerors 0.4357 13
SSN_IT_SENTI 0.3904 14
Anna-CIOL 0.3863 15
SKV-trio 0.3767 16
Dynamic_crew 0.3750 17
KECTechTitans 0.3197 18
MysticCIOL 0.1546 19
Cognitext 0.1491 20

Table 5: Rank list for Tulu sentiment analysis.

BERT pretrained on Al4Bharat dataset secure first
position in the Tamil subtask, and the team “lowes’
who used pretrained models created by 13cube-
pune secured first position in the Tulu subtask.

’
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Abstract

Political multiclass detection is the task of iden-
tifying the predefined seven political classes.
In this paper, we report an overview of the
findings on the "Political Multiclass Senti-
ment Analysis of Tamil X(Twitter) Comments"
shared task conducted at the workshop on Dra-
vidianLangTech@NAACL 2025. The partic-
ipants were provided with annotated Twitter
comments, which are split into training, devel-
opment, and unlabelled test datasets. A total of
139 participants registered for this shared task,
and 25 teams finally submitted their results.
The performance of the submitted systems was
evaluated and ranked in terms of the macro-F1
score.

1 Introduction

Online platforms are becoming the key platforms
for the public conversation and the distribution of
political news due to the quick development of digi-
tal and social media (Hermida et al., 2012; Kiimpel
et al., 2015; Tumasjan et al., 2010). Users may
voice their thoughts, participate in conversations,
and organize political movements with a reach and
involvement previously unavailable on platforms
like X (formerly Twitter) (Mustafaraj and Metaxas,
2011; Velasquez, 2012). Over the past decade,
social media has fueled conversations on a wide
range of divisive political topics, including climate
change, gun control, abortion rights, income in-
equality, the death penalty, taxation policies, and
LGBTQ+ rights (Rainie et al., 2012; Zhuravskaya
etal., 2020). In addition to encouraging democratic
participation and a range of ideas, these conversa-
tions often serve to magnify social prejudices, fre-
quently reinforcing divisive opinions and political
divisions (Blair, 2002; Devine, 1989).

As online political discourse expands, Natural
language processing (NLP) models are increas-
ingly being used to analyze public sentiment and

opinion trends. However, many of these models
are trained on vast datasets gathered from online
sources, which inherently reflect existing societal
biases. Political sentiment analysis is not solely a
technological challenge but also involves issues of
fairness and the ethical application of Al. (Blod-
gett et al., 2020; Kumar et al., 2022; Field et al.,
2021). Numerous research studies have empha-
sized the dangers of bias in NLP models, such as
incorrect sentiment categorization, unintentional
reinforcement of ideological viewpoints, and dis-
tortion of minority voices (Nangia et al., 2020; Sun
et al., 2019). Moreover, the subjective character of
political state-of-mind labeling and differences in
annotator viewpoints make attempts to create ob-
jective models much more challenging (Feng et al.,
2023; Sap et al., 2019).

Sentiment analysis has advanced, but politi-
cal expression poses special difficulties that need
advanced strategies. Political conversations fre-
quently contain sarcasm, coded language, and shift-
ing rhetorical methods that are challenging for stan-
dard models to accurately interpret, unlike generic
sentiment classification tasks where text is simply
categorized as positive, negative, or neutral (Dem-
szky et al., 2019). Furthermore, the framing of
language is influenced by biases in political report-
ing and media coverage, making it significantly
harder to train objective sentiment analysis models.
(Joseph and Morgan, 2020).

This work presents a summary of the Political
Multiclass Sentiment Analysis of Tamil X (Twitter)
Comments shared task, which intends to improve
multilingual and low-resource sentiment analysis
research in order to overcome these issues. This
work offers a chance to investigate the shortcom-
ings of existing Al techniques for expressing sen-
timent in political situations by concentrating on
Tamil, a linguistically rich language. The objective
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is to compare different strategies, find limitations in
current techniques, and encourage improvements in
the categorization of political perspective for under-
resourced languages. We collected a dataset con-
taining Tamil comments from X(Twitter) and then
annotated the dataset for seven predefined classes.
Then, we split it into training, development, and
test sets for this task.

2 Related work

Several studies have explored sentiment analysis in
Tamil, particularly focusing on social media plat-
forms like Twitter. For instance, the study An-
bukkarasi and Varadhaganapathy (2020) employed
deep learning algorithms such as Long Short-Term
Memory (LSTM) and Bidirectional LSTM (BiL-
STM) to analyze Tamil tweets, achieving notable
accuracy and F1-scores.

Another study, Thavareesan and Mahesan (2019)
investigated various machine learning approaches
for sentiment classification in Tamil texts, con-
tributing to the understanding of effective methods
for Tamil sentiment analysis. Additionally, Shan-
mugavadivel et al. (2022) addressed the challenges
of analyzing sentiments in code-mixed Tamil texts,
which are common in social media contexts. This
study utilized machine learning techniques to clas-
sify sentiments in such code-mixed data.

Furthermore, Mahata et al. (2020) explored sen-
timent classification in code-mixed Tamil-English
tweets using a Bi-Directional Recurrent Neural Net-
work (RNN) approach, highlighting the complexi-
ties and solutions in handling mixed-language data.
In addition to these studies, (Anish and Sumathy)
proposed an SVM-based approach to analyze senti-
ments in Tamil political reviews, while (Devasena
et al., 2022) demonstrated how sentiment analysis
could be applied to predict election results based
on Twitter data.

Sharmista and Ramaswami (2020), examined
Tamil sentiment classification in the context of
product reviews, showcasing its relevance in dif-
ferent domains. Lastly, (Shanmugavadivel et al.,
2022) explored embedding representations for
code-mixed Tamil text, addressing the challenges
posed by multilingual and informal social media
content.

These studies collectively contribute to the ad-
vancement of sentiment analysis methodologies for
Tamil, particularly in the context of social media
data. However, limited research exists on political

multiclass sentiment analysis in Tamil, which in-
volves classifying sentiments into multiple nuanced
categories beyond the traditional positive, negative,
and neutral classes. Our work aims to bridge this
gap by introducing a detailed classification scheme
tailored to Tamil political discourse.

3 Task Description

The primary goal of this task is to detect the po-
litical categories in the comments collected from
X (Twitter). The participants were provided with
training, development, and test datasets. The
dataset is tagged using 7 classes namely, Substan-
tiated, Sarcastic, Opinionated, Positive, Negative,
Neutral and None of the above. Further informa-
tion on the task is available in the Codalab site'.

3.1 Datasets

The dataset containing Tamil text is the social me-
dia comments collected from X(Twitter). The di-
verse political sentiments captured in the dataset
aim to reflect real-world nuances, making it well-
suited for the multiclass sentiment analysis task.
The dataset was divided into training, development,
and testing sets. Training and validation sets are
provided with class labels, and test sets are pro-
vided as unlabeled ones for evaluation. The data
distribution and class distribution of training, vali-
dation, and test sets are given in Table 1

Table 1: Data Distribution

‘ Class Train | Development | Test | Total
Substantiated 412 52 51 515
Sarcastic 790 115 | 106 | 1,011
Opinionated 1,361 153 | 171 | 1,685
Positive 575 69 75 719
Negative 406 51 46 503
Neutral 637 84 70 791
None of the above 171 20 25 216

| Tamil | 4352]] 544 ] 544 ] 5.440 |

4 Methodology

Totally 25 teams have actively participated in this
shared task to detect the political comments in
tamil. The participants have explored a variety
of methodologies to classify the given comment as
predefined political classes

Synapse team (KP et al., 2025) focused on pre-
processing and fine-tuning to address class imbal-

1https: //codalab.lisn.upsaclay.fr/
competitions/20702
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ance and optimize performance. During prepro-
cessing, they converted emojis to text and expanded
the top 160 most repeated hashtags to their full
forms for better semantic understanding. For the
model, they have finetuned IndicBERTv2-MLM-
Back-TLM encoder based LLM model which was
trained on IndicCorp v2 and Samanantar datasets,
and an additional task of Translation. The fine-
tuning was performed using the AutoModelForSe-
quenceClassification architecture, incorporating
class weights to rectify the class imbalance effec-
tively. The team utilized only the train dataset for
this fine-tuning process.

KCLR team (Mia et al., 2025) adopted a
transformer-based deep learning architecture en-
hanced with multi-faceted embedding techniques.
This approach combines three distinct feature ex-
traction methods: attention-weighted representa-
tions, and CLS token embeddings from the trans-
former outputs. These features are concatenated
to create comprehensive sentence representations
before being processed through a fully connected
classification layer. To address data imbalance chal-
lenges, the team implemented oversampling of mi-
nority classes using scikit-learn’s resample func-
tion, ensuring robust and balanced training across
all categories. This integrated approach, combining
advanced feature engineering with balanced train-
ing data, enables effective multi-class classification
while maintaining model robustness.

byteSizedLLM team implemented an advanced
hybrid methodology combining a customized at-
tention BiLSTM network with an XLM-RoBERTa
base model, which had already been fine-tuned
on the Al4Bharat dataset using Masked Language
Modeling (MLM). The Al4Bharat dataset included
fully and partially transliterated text, with 20-70
percentage of words randomly transliterated, en-
hancing transliteration-based diversity. This ap-
proach allows it to learn robust cross-lingual rep-
resentations and adapt to varied transliteration pat-
terns. The team further fine-tuned this pre-trained
model and integrated BiLSTM and attention lay-
ers to capture sequential dependencies, making
the model highly effective for multilingual and
transliteration-heavy tasks.

Eureka-CIOL team (Eram et al., 2025) be-
gan by analyzing the dataset and identified that
it consists of Tamil text with six distinct sentiment
classes. Their best-performing model utilized a
multilingual custom model pre-trained on general
Twitter sentiment data, which allows for handling

the diverse nature of social media content. To adapt
the model for the specific task of sentiment clas-
sification, they applied a Multi-Layer Perceptron
(MLP) on top of this pre-trained model, enabling
fine-tuning. This approach leveraged the multi-
lingual capabilities of the model and the domain-
specific knowledge from general sentiment data.
Finally the fine-tuned model was used to generate
the predictions on the test data.

Wictory team (K et al., 2025) employed spe-
cific preprocessing techniques to prepare the data,
including demojifying the text and removing un-
wanted characters. For their model, they converted
word embeddings for generated LaBSE (Language-
agnostic BERT Sentence Embedding), which were
then passed into a Support Vector Machine (SVM)
for classification.

MNLP team implemented the Deep Learning
based model which was fine-tuned for classifica-
tion. Their model achieved a 0.3026 macro F1-
score and ranked 6th in the shared task.

Nova Spark developed a text classification
pipeline for Tamil and English, involving text nor-
malization, tokenization, and TF-IDF vectorization.
To handle class imbalance, Borderline-SMOTE,
SMOTEENN, and ADASYN were used. An opti-
mized Support Vector Classifier (SVC) was trained
using GridSearchCV for the best macro F1-score.
Performance was evaluated with a classification
report, and final predictions were saved as a CSV
for submission.

Team_Catalysts (Shanmugavadivel et al.,
2025a) implemented a robust Tamil text classifi-
cation pipeline, including Unicode normalization,
tokenization with Stanza, and standardization of
spoken variants. Class imbalance was addressed
through upsampling, followed by TF-IDF vector-
ization. A Random Forest Classifier was trained
using stratified splitting and evaluated with accu-
racy and classification reports, ensuring effective
sentiment analysis.

Lowes team began by preprocessing the dataset
to prepare it for analysis. They then fine-tuned a
BERT-based model specifically for the task. Their
model achieved a 0.2908 macro F1-score and
ranked 9th in the shared task.

Abhay43 team applied simple preprocessing to
the dataset. They then extracted embeddings using
the DeBERTa v3 model, which were subsequently
fed into a two-layered LSTM model. They achieve
a macro F1-score of 0.2904 and ranked tenth

GS Team explored several machine learning ap-
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proaches including Logistic regression, random
forest classifier, support vector machine, and XG-
BBoost classifier with TFIDF vectorization tech-
niques for feature extraction techniques. Among
these models, the XGBoost model outperformed
the other models. Similarly, JAS team employed
Logistic Regression as a primary approach for this
classification task.

SentiTamil team utilized classical machine
learning approaches, specifically support vector
machine (SVM), with TFIDF vectorizer, limiting
the number of features to 5,000 for efficiency. They
also tried to fine-tune the tamil-llama-7b model,
however the predicted value is not similar as the
gold label of the training dataset.

CrewX team leveraged IndicBERT, a multilin-
gual language model tailor for Indian languages,
as the backbone for political multiclass sentiment
analysis of Tamil Twitter comments. The dataset
was preprocessed to handle challenges such as
code-mixing, transliteration, and noise typical in
social media text. Tokenization was performed us-
ing IndicBERT’s tokenizer to preserve linguistic
nuances. The team fine-tuned the pre-trained In-
dicBERT model on the DravidianLangTech dataset,
utilizing a classification head with softmax activa-
tion to predict sentiment classes. To enhance perfor-
mance, they experimented with techniques like data
augmentation, stratified sampling, and weighted
loss to address class imbalance. The model was
trained using cross-entropy loss and optimized with
AdamW, while employing early stopping to prevent
overfitting. Evaluation metrics, including accuracy,
F1-score, and precision-recall, were used to assess
the model’s effectiveness. This approach leverages
IndicBERT’s contextual understanding to address
the intricacies of Tamil sentiment analysis in a po-
litical context.

AnalysisArchitects team (Jayaraman et al.,
2025) implemented a diverse methodology by em-
ploying Naive Bayes, SVM, and LSTM models
for the task of multiclass sentiment analysis. For
the Naive Bayes approach, the team preprocessed
the text, transformed it using CountVectorizer, and
trained the model for multiclass sentiment analysis.
Predictions were then generated on a test dataset,
and the results were saved as a CSV file. The SVM
model utilized TF-IDF features for text representa-
tion. After preprocessing the text, the team trained
an SVM classifier and evaluated its performance
on a test dataset. Predictions for the separate test
set were also saved as a CSV file. This method tok-

enizes and pads Tamil text sequences, then trains
an LSTM model for sentiment analysis. The model
uses an embedding layer, LSTM for sequence learn-
ing, and a softmax output for classification. Input
dimensions are adjusted, and sequence values are
clipped to stay within valid range

Beyond_tech team (Shanmugavadivel et al.,
2025b) utilized a combination of natural language
processing techniques and pattern recognition to ex-
tract relevant information and generate appropriate
responses. The methodology involved analyzing
the task description and context, followed by seg-
menting the input into smaller, manageable parts.
Each segment was processed to identify key con-
cepts and relationships, facilitating the formulation
of precise and coherent outputs. To ensure contin-
uous improvement, the team applied an iterative
feedback loop for refinement and alignment with
task requirements. This approach allowed for ef-
ficient handling of complex queries, maintaining
accuracy and clarity in response generation.

CUET _Novice team (Barua et al., 2025) uti-
lized multiple deep learning architectures for their
methodology. In the first approach (runl), they
utilized a model with stacked Bidirectional GRU
(BiGRU) layers, followed by normalization and a
feedforward neural network for classification. In
the second approach (run2), they utilized a model
with multiple Bidirectional LSTM (BiLSTM) lay-
ers, similarly they applied normalization and a feed-
forward neural network. For the third approach
(run3), they employed a transformer-based model,
leveraging its advanced contextual understanding
capabilities. This diverse experimentation with
GRUs, LSTMs, and transformers allowed the team
to explore various architectures for optimal

KSK team (M et al., 2025) implemented an in-
cremental and continual learning for political mul-
ticlass sentiment analysis of Tamil tweets focusing
on adapting models to new data while retaining
prior knowledge. Algorithms like Stochastic Gradi-
ent Descent (SGD) and Online Naive Bayes dynam-
ically update parameters for evolving sentiments.
The team also utilized Incremental SVMs and Ho-
effding Trees, enabling efficient updates without
retraining on the entire dataset. Pretrained models
like multilingual BERT are fine-tuned continually
to adapt to new linguistic patterns while avoiding
catastrophic forgetting. Online ensemble methods
further enhance robustness, making them suitable
for evolving Twitter data streams.

QuanNguyen team utilized the BERT multilin-
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gual base model (cased) to perform multiclass senti-
ment analysis on Tamil X (Twitter) comments. The
data preprocessing involved identifying and catego-
rizing hashtags and icons uniquely associated with
each sentiment class while removing special char-
acters and irrelevant symbols for cleaner input. The
multilingual BERT model, well-suited for handling
multiple languages including Tamil, was fine-tuned
on the preprocessed dataset to capture contextual
and semantic patterns in sentiment. While BERT
formed the core of the system, the team noted the
potential for exploring other deep learning models
to further enhance performance.

Team_Luminaries_0227 team began by prepro-
cessing the dataset, including cleaning text data.
They utilized the TF-IDF vectorizer to convert the
textual data into numerical representations. To ad-
dress class imbalance in the dataset, They applied
the SMOTE (Synthetic Minority Oversampling
Technique) algorithm, ensuring balanced class dis-
tributions. For classification, a Random Forest clas-
sifier was trained, with performance evaluated us-
ing metrics such as precision, recall, and F1-score.
The trained models were saved for later use, and
predictions were generated on the test dataset, en-
suring the methodology aligns with the objective
of the task.

VKG_VELLORE INSTITUTE OF TECH-
NOLOGY team utilized classification pipeline by
extracting features from a pre-trained Indic-BERT
language model, and then DBOW and TF-IDF
methods were applied followed by CatBoost classi-
fier for text classification. For better performance,
they performed preprocessing steps like removing
special characters and converting text to lowercase.
After tokenizing the text using the BERT tokenizer,
Indic-BERT embeddings were created, transform-
ing the input text into dense representations rich
in contextual information. To address the class
imbalance, they used SMOTE (Synthetic Minority
Oversampling Technique) to balance the training
dataset.Embedded data warmed-up a CatBoost clas-
sifier for the reason that it is adept at dealing with
categorical nearest neighbor features and unbal-
anced data sets. For evaluation, the team applied
a 90:10 train-validation split and macro-averaged
metrics were employed to allow for a compre-
hensive performance appraisal This method effec-
tively combines the advantages of pre-trained em-
beddings and a powerful gradient boosting model,
yielding accurate multi-class classification.

CUET_NetworkSociety team (Babu et al.,

2025) employed a transformer-based approach us-
ing the ‘bert-base-multilingual-cased” model for
text classification. The data preprocessing includes
normalization and label encoding. The team uti-
lized the Hugging Face ‘Trainer’ class for fine-
tuning with tokenized inputs, optimized hyperpa-
rameters, and mixed precision (‘fp16’) was imple-
mented to enhance computational efficiency during
training.

Walter White team utilized the Indic BERT
model, which is well-suited for code-mixed data
and effectively handles Tamil-specific linguistic
features. During the preprocessing stage, the team
replaced emojis with their corresponding textual de-
scriptions but excluded those irrelevant to the con-
text (e.g., the kite emoji). They also removed new-
line characters, hashtags, and normalized spaces
for consistency. For tokenization, they opted for
the Trivial Tokenizer, as it is compatible with both
Indic BERT and the Tamil language.

YenCS team implemented a multi-step approach
to text classification. Initially, the text data is pre-
processed by cleaning and tokenizing it. Then,
word embeddings are generated using a pre-trained
word2vec model. Three different deep learning
models are trained: a Convolutional Neural Net-
work (CNN) with a GRU layer, an LSTM model,
and an LSTM model with an added GRU layer.
These models are then combined using a stack-
ing ensemble technique, where the predictions of
the individual models serve as input features for
a meta-model (RandomForestClassifier). Finally,
the meta-model makes the final prediction, aim-
ing to improve the overall classification accuracy
compared to using any single model alone. The
process is further enhanced by using early stop-
ping and hyperparameter tuning to optimize model
performance.

ARINDASCI team performed political senti-
ment classification using a multi-step machine
learning pipeline. Initially they preprocessed the
data by removing the noise like special charac-
ters, URLs, and whitespaces. Then they tokenized
and used pre-trained embeddings (e.g., fastText
or TamilBERT) to capture the semantic informa-
tions For classification, the team experimented
with various models, including traditional machine
learning algorithms like Logistic Regression and
advanced deep learning models such as LSTMs
and Transformer-based architectures. The system
achieved a macro-F1-score of 0.07270n the test set.
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5 Results and Discussion

There was a total of 139 people who registered
for this shared task, and 25 teams submitted their
results. The ranking for Tamil was determined
based on the macro F1-score, as shown in Table
2. The Synapse team secured first place with an
F1-score of 0.377 by fine-tuning the IndicBERTv2-
MLM-Back-TLM encoder-based LLM, leveraging
IndicCorp v2 and Samanantar datasets. The KCLR
team followed closely in second place, achieving a
score of 0.371 with a transformer-based deep learn-
ing model enhanced through diverse embedding
techniques. The byteSizedLLM team ranked third
with an F1-score of 0.349, employing a hybrid ap-
proach that integrated a customized attention BiL-
STM network with a fine-tuned XLM-RoBERTa
base model.

Table 2: Task: Tamil Rank list

Team Name F1-score Rank
Synapse (KP et al., 2025) 0.3773 1
KCRL (Mia et al., 2025) 0.3710 2
byteSizedLLM 0.3497 3
Eureka-CIOL (Eram et al., 2025) 0.3187 4
Wictory (K et al., 2025) 0.3115 5
MNLP 0.3026 6
Nova Spark 0.3001 7
Team_Catalysts (Shanmugavadivel et al., 2025a) 0.2933 8
Lowes 0.2908 9
abhay43 0.2904 10
GS 0.2835 11
JAS 0.2796 12
SentiTamil 0.2769 13
CrewX 0.2759 14
AnalysisArchitects (Jayaraman et al., 2025) 0.2747 15
Beyond_tech (Shanmugavadivel et al., 2025b) 0.2736 16
CUET_Novice (Barua et al., 2025) 0.2728 17
KSK (M et al., 2025) 0.2654 18
QuanNguyen 0.2613 19
Team_Luminaries_0227 0.2530 20
VKG 0.2526 21
CUET_NetworkSociety (Babu et al., 2025) 0.2178 22
WalterWhite 0.1554 23
YenCS 0.1333 24
ARINDASCI_Tamil 0.0727 25

6 Conclusion

The "Political Multiclass Sentiment Analysis of
Tamil X (Twitter) Comments" shared task provided
valuable insights into the classification of Tamil po-
litical comments from social media. As part of the
DravidianLangTech@NAACL workshop, this task
challenged participants to categorize comments
into seven predefined classes using diverse machine
learning, deep learning, and natural language pro-
cessing approaches. With 25 participating teams,
model performance was assessed using the macro-
F1 score. Given the small dataset size, few-shot and

zero-shot learning strategies could enhance model
efficiency. Furthermore, integrating Explainable
Al (XAI) techniques can improve transparency and
interpretability, fostering trust in model predictions
and advancing sentiment analysis for low-resource
languages like Tamil.
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Abstract

Detecting and mitigating fake news on social
media is critical for preventing misinfor-
mation, protecting democratic processes,
preventing public distress, mitigating hate
speech, reducing financial fraud, maintaining
information reliability, etc. This paper
summarizes the findings of the shared
task "Fake News Detection in Dravidian
Languages—DravidianLangTech@NAACL

2025." The goal of this task is to detect fake
content in social media posts in Malayalam.
It consists of two subtasks: the first focuses
on binary classification (Fake or Original),
while the second categorizes the fake news
into five types—False, Half True, Mostly
False, Partly False, and Mostly True. In
Task 1, 22 teams submitted machine learning
techniques like SVM, Naive Bayes, and
SGD, as well as BERT-based architectures.
Among these, XLM-RoBERTa had the highest
macro F1 score of 89.8%. For Task 2, 11
teams submitted models using LSTM, GRU,
XLM-RoBERTa, and SVM. XLM-RoBERTa
once again outperformed other models,
attaining the highest macro F1 score of 68.2%.

1 Introduction

In the modern age, information is spreading rapidly
across the world, and the quality and truthfulness
of the news affect society. This fast, rapid con-
nectivity democratizes access to knowledge and
information. However, it has also created a possi-
bility for the proliferation of fake news and mis-
information. Therefore, detecting and mitigating
the fake and misinformation has become critical.
Detecting fake news is a complex task due to the
structure of the sentence. Unlike tasks like hate
speech detection and sentiment analysis, where we
have overt words/phrases that explain the meaning
of the sentence, fake news doesn’t contain such
words, whereas it mimics the legitimate content.

Detecting fake news from low-resource lan-
guages like Malayalam is even more challenging
due to linguistic diversity and resource limitations
(Raja et al., 2024, 2023b). In addition, the presence
of code-mixed text (Coelho et al., 2023) and the re-
quirement of fine-tuning pre-trained models (Raja
et al., 2023a) pose other challenges.

The goal of the shared task Dravidian-
LangTech@NAACL 2025 is to address the difficul-
ties in Malayalam fake news detection. This paper
presents an overview of the submissions to this
shared task. This task has two subtasks. The first
task is to identify whether a given news item is fake
or not, and the second task is about categorizing
news into different fake categories (Subramanian
et al., 2024). As a part of this task, we curated
our own dataset. We gathered news from various
fact-checking websites in Malayalam.

2 Related Works

Fake news detection and categorization are im-
portant tasks in languages like Malayalam due to
the rapid spread of misinformation. Various ap-
proaches, including machine learning, deep learn-
ing, and transformer-based models for feature ex-
traction as well as classification.

Machine learning algorithms such as random
forest, support vector machine (SVM), logistic re-
gression, and naive Bayes were widely used for
detecting fake news and categories of fake news
(Bade et al., 2024; Osama et al., 2024; Devika et al.,
2024). Deep learning models also find success in
this task. Long Short-Term Memory (LSTM) (Za-
mir et al., 2024) and Bidirectional LSTM (BiL-
STM) models achieved a macro F1 score of 0.78.
Convolutional Neural Networks (CNN) (Osama
et al., 2024) were also employed for this task. Re-
cently, researchers used XLM-RoBERTa (Malliga
et al., 2023; Raja et al., 2023a), MuRIL (Farsi
et al., 2024), m-BERT (Osama et al., 2024), and
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Malayalam BERT (Rahman et al., 2024; Tabassum
et al., 2024). XLM-RoBERTa models achieved an
F1 score of 0.87 and 0.90 in these tasks, whereas
MuRIL-based models achieved an F1 score of 0.86
for the fake news detection task. Models built using
m-BERT achieved similar performance with an F1
score of 0.85. Malayalam-BERT models achieved
significant improvement in the categorization of
fake news into different classes, with scores of 0.88
and 0.87.

3 Task description

3.1 Taskl1

This task’s objective is to determine if a particu-
lar social media text is original or fake; these data
were sourced from numerous social media sites, in-
cluding Facebook, Twitter, and others. The shared
task’s goal is to categorize a social media comment
as either original or fake news. The classification
of this task takes place at the comment/post level.
The participant-submitted methods ought to clas-
sify a YouTube comment as either original or fake
news.

3.2 Task2

The primary objective of Task 2 is to classify fake
news into different categories. In this task, we
consider four classes of fake news, namely, false,
mostly false, partly false, and half true. This clas-
sification helps people understand how much they
have to rely on a specific news source to make their
own decisions.

4 Dataset description

41 Task1

The objective is to classify news items into ‘Fake’
and ‘Original’ categories. The dataset for this task
comprises 1,599 training instances for ‘Fake’ and
1,658 for ‘Original,” with respective testing sets of
507 and 512 instances nd development sets of 406
and 409 instances. Table 1 provides the number
of data points in the training, development, and
testing sets as well as the class-wise distribution

4.2 Task?2

In this task, the dataset was curated to contain dif-
ferent fake categories of Malayalam news, rather
than classifying news into either fake or benign
categories (Devika et al., 2024). We collected the

Data Class Count Total
Train lgili(;nal }:222 3,257
Development IC:)ili(;inal 388 815

Test l(j)ili(;inal g(l); 1,019

Table 1: Distribution of the data for Task 1

Data Class Count Total
False 1,386
. Mostly False 295
Train Partly False 57 1,900
Half True 162
False 100
Test Mostly False 56 200

Partly False 7
Half True 37

Table 2: A table explaining the distribution of the data
in Train and Test datasets in Task 2

news and their corresponding annotations from var-
ious fact-checking websites in Malayalam. We pre-
pared a set of keywords to search for the news and
identify their categories. To validate the authentic-
ity of the annotations, we cross-checked them with
multiple fact-checking tools. We provided train
and test data for the participants of the shared task.
Initially, we provided annotated training data for
model building, and later, we provided test data
without labels. Table 2 provides the number of
data points in the training and testing sets as well
as the class-wise distribution. The data is highly
imbalanced, and the majority of the data in both
the training and testing sets belong to the false cat-

egory.
5 Methodology of participants
51 Taskl1

Task 1 received 122 registrations. However, twenty-
one teams actively participated and implemented
their models. They tested the performance of the
proposed models using the given fake news dataset,
and the results are shown in Table 3.

5.1.1 Bytesizedllm
The team “bytesizedllm” (Manukonda and Kodali,
2025) developed an automatic fake news detec-

tion (FND) framework that uses a transformer-
based fine-tuned XLLM-RoBERTa model to lever-
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age the strengths of both contextualized embed-
dings and sequential modeling. The transformer
layer, integrated on top of the fine-tuned embed-
dings, further captures sequential dependencies,
making the model highly effective for multilin-
gual and transliteration-heavy tasks. The model
has achieved the highest macro F1 score of 0.898
among all the other models proposed by other
teams.

5.1.2 CUET_NLP_MP_MD

The team (Kabir et al., 2025) designed an FND
system that combines multiple models, including
Malayalam BERT, XLM-R, and Sarvamai/Sarvam-
1 for contextual embedding and a majority vot-
ing classifier to detect fake news. This ensemble
method leverages the strengths of each individ-
ual model to enhance performance and robustness.
Hence, the model achieves a macro F1 score of
0.893 on the test data.

5.1.3 Awy

The team has employed a novel FND framework
that consists of a mixture of multilingual models for
contextual embedding and LL.Ms for emotion ex-
traction to detect fake news effectively. The model
has achieved a macro F1 score of 0.889.

5.1.4 Nayel

A machine learning-based system has been devel-
oped by the team ‘Nayel’ (Nayel et al., 2025),
which integrates TF-IDF and n-grams as a fea-
ture extraction approach and sends the extracted
features to ML-based classifiers such as SVM,
SGD, Naive Bayes, and the Multi-Voting ensem-
ble method to identify fake news. The highest
macro F1 score of 0.875 is obtained by the ensem-
ble model.

5.1.5 KCRL

The team (Haq et al., 2025) has implemented a
text classification approach utilizing the XLM-
RoBERTa base model augmented with a multi-
pooling strategy. The methodology incorporates
three distinct pooling mechanisms: CLS token ex-
traction, mean pooling, and max pooling to capture
comprehensive contextual representations from the
input sequences. This unified pooling mechanism,
enhanced by adaptive thresholding optimization,
enables more robust classification by leveraging
different semantic perspectives of the input text.
Hence, their proposed model has achieved a macro
F1 score of 0.874.

5.1.6 CUET-NLP_Big O

The team (Sakib et al., 2025) has employed the
XLM-RoBERTa (XLMR) large model, a multilin-
gual transformer-based architecture, to classify so-
cial media text as either "Fake" or "Original". The
model is tested on the dataset and achieves a macro
F1 score of 0.874.

5.1.7 Celestia

The team (Noor et al., 2025) has designed an FND
system that employs different embedding tech-
niques and various ML and DL algorithms to de-
tect fake news. The main advantage of this work
includes the indic-transliteration library to create a
consistent language format, English to Malayalam.
The model achieves a macro F1 score of 0.859 on
the test data.

5.1.8 MNLP

The team has developed an FND model that ex-
plores different deep learning-based models to iden-
tify fake news. The model has achieved a macro F1
score of 0.858.

5.1.9 CIC_NLP

The team (Achamaleh et al., 2025) has developed
a novel FND framework that utilizes multilingual
BERT (mBERT) for contextual word embedding
for Tamil and Malayalam languages, and then the
extracted features are sent to classifiers to detect
fake news. The model achieves a macro F1 score
of 0.853 on the unseen test dataset.

5.1.10 NLP_goats

The team (V K et al., 2025) implemented an auto-
matic FND system that uses a multilingual BERT
(mBERT) model for efficient fake news detection
in Malayalam. These features make the model ver-
satile and a very efficient solution for fake news
detection in the Malayalam language. The model is
tested on the dataset and achieves a macro F1 score
of 0.839.

5.1.11 Necto

The team has utilized Sentence BERT, a fine-tuned
model on the given data with a binary classification
head for the classification downstream task. The
sentence-level embeddings of the given text and
the size of the model are small so that the training
time of the model is faster in any system. Hence,
the model achieves a macro F1 score of 0.832 on
the test data.
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5.1.12 Lowes

The team has developed an FND system that uti-
lizes mBERT and various LLM-based approaches
to detect fake news. The model has achieved a
macro F1 score of 0.826.

5.1.13 Lemlem

The team ‘Lemlem’ has employed the pre-trained
multilingual transformer model named mBERT for
the word embedding that captures contextual rela-
tionships between words to detect fake news. This
model is particularly suitable for multilingual text
processing as it can handle diverse scripts and lin-
guistic features effectively. A classification head
was added to the BERT base model, which out-
puts probabilities for the predefined classes of fake
news. Hence, the model achieves a macro F1 score
of 0.823 on the test data.

5.1.14 Data_drifters

For this task, the team (Shanmugavadivel et al.,
2025a) has employed a comprehensive methodol-
ogy combining traditional machine learning mod-
els, embedding techniques, and advanced transfer
learning models to achieve robust text classification.
The team utilized four base models: Random For-
est, Support Vector Machine (SVM), Logistic Re-
gression, and Multinomial Naive Bayes, leveraging
their diverse strengths in classification tasks. Two
classical count-based techniques, such as TF-IDF
and Count Vectorizer, are used to convert words
into vectors. In addition, mBERT and XLNet are
utilized for their exceptional ability to understand
contextual semantics and multilingual text. The
model is tested on the dataset and achieves a macro
F1 score of 0.814.

5.1.15 ST_1CIOL

The team (Anik et al., 2025) has designed a novel
FND model that employs a multilingual encoder
to effectively encode the text into meaningful em-
beddings. These embeddings were then fed into
a Multi-Layer Perceptron (MLP) model for train-
ing, enabling the prediction of sentiment classes.
The team has adopted a balance-aware modeling
approach, actively tracking the best-performing
model throughout the training process to ensure
optimal performance. Finally, the best model is
utilized for generating predictions on the test set
and achieves a macro F1 score of 0.814.

5.1.16 Fact_fusion

The team has implemented a multilingual pipeline
for detecting fake news for the Dravidian languages
based on a systematic methodology. TF-IDF (Term
Frequency-Inverse Document Frequency) was used
for extracting features from the textual data, consid-
ering the term’s significance but minimizing noise.
The logistic Regression model has achieved a better
macro F1 score of 0.803 when compared to other
models.

5.1.17 YenCs

The team (Gowda and Hegde, 2025) has employed
a novel automatic FND system that uses four dif-
ferent deep learning models (BiRNN, DNN, GRU,
LSTM + RNN) with pre-trained word embeddings
and combines their predictions using a weighted
average based on validation accuracies. These mod-
els and the ensemble model were evaluated using
metrics like accuracy and F1-score and achieved a
macro Fl-score of 0.792 on the unseen test data.

5.1.18 Blue_ray

The team (Shanmugavadivel et al., 2025b) has de-
veloped an FND system to classify Malayalam
news into two categories: Original and Fake. After
text pre-processing, features are extracted using
TF-IDF to capture significant patterns in the text.
Various machine learning models, such as Logistic
Regression, Random Forest, and SVM, are trained
on these features to predict the labels. The model
achieves a macro F1-score of 0.790 on the unseen
test dataset.

5.1.19 CIC

The team has developed a novel model to detect
fake news. First, the proposed model performed to-
kenization and other pre-processing with indic_nlp
method and then applied feature extraction using
a fine-tuned mBERT model for training and pre-
diction. The model is tested on the dataset and
achieved the macro F1 score of 0.659.

5.1.20 DLRG

For the fake news classification in Malayalam, the
team implemented an FND system that employs
TF-IDF to convert text data into numerical fea-
tures, highlighting important words. Then, Passive
passive-aggressive classifier (PAC) is used to clas-
sify the TF-IDF transformed data into fake or real
news. In addition, a Voting Classifier is utilized
to combine predictions from multiple classifiers to
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enhance accuracy. Hence, the model achieves a
macro Fl-score of 0.473 on the test data.

5.1.21 CUET_ChiSquare

The team has designed a novel automatic FND
system that utilizes a transformer-based approach
leveraging XLM-RoBERTa, a multilingual pre-
trained transformer model, fine-tuned for binary
classification. The system’s capability to generalize
across varied linguistic structures and its efficient
handling of imbalanced data make it particularly
noteworthy for tasks involving low-resource and
diverse language datasets. The model is achieved a
macro F1-score of 0.334.

5.2 Task?2

Similar to Task 1, 122 teams registered for Task
2. However, only 11 teams submitted the predic-
tions for the test data shared with the participants.
The rank list for this task is shown in table 4. The
following are the descriptions of the systems sub-
mitted by the participants.

5.2.1 byteSizedLLM

This team (Kodali and Manukonda, 2025) em-
ployed an advanced hybrid methodology, combin-
ing a customized BiLSTM network with a fine-
tuned XLLM-RoBERT base model to leverage the
strengths of both contextualized embeddings and
sequential modeling. The XLM-RoBERTa base
model was fine-tuned using masked language mod-
eling (MLM) on a carefully curated subset of the
Al4Bharath dataset designed to enhance its mul-
tilingual contextual understanding. The dataset
had original data, fully transliterated text, and par-
tially transliterated data, with 20% to 70% of words
randomly transliterated. This was done to add
transliteration-based diversity. This method lets the
model learn strong cross-lingual representations
and adjust to different transliteration patterns that
are common in collections of texts written in more
than one language. The BiLSTM layer, which is
added on top of the fine-tuned embeddings, cap-
tures even more sequential dependencies. This
makes the model very good at tasks that require a
lot of transliteration and more than one language.

5.2.2 YenCS

In this submission, the team (Gowda and Hegde,
2025) pre-processed the input text. The preprocess-
ing step includes cleaning and tokenisation using
Keras’s Tokeniser. A pre-trained fastText model
transformed the cleaned words into embeddings.

The team trained three different models: a Con-
volutional Neural Network (CNN) with a GRU
layer, an LSTM model, and an LSTM-GRU hybrid
model. They subsequently use the predictions from
these models as features in a stacking ensemble. A
random forest classifier serves as the meta-learner,
trained on the stacked predictions to produce the
final classification. The team evaluated the effec-
tiveness of both individual models and groups of
models through accuracy and classification reports.

5.2.3 Fact Fusion

This team used a machine learning pipeline for the
fake news classification task. This pipeline begins
with text preprocessing, which removes noise like
punctuation and extra white spaces. They used
the term frequency-inverse document frequency
(TF-IDF) for transforming the input text into em-
beddings. Unigrams and bigrams were considered
for defining the features, and they restricted the vo-
cabulary size to 5000 words. They performed the
classification using a logistic regression classifier.
They optimised the model training by fine-tuning
the hyperparameter "max_iter."

5.2.4 Lowes

This team finetuned Malayalam BERT and also
tried other LLLM-based approaches. They also tried
LLM-based synthetic data generation for this task.

5.2.5 KCRL

The team (Haq et al., 2025) developed a text clas-
sification system using the XLM-RoBERTa trans-
former model and improved it with a full pooling
strategy and a data-balancing method. This method
uses three different pooling methods—CLS token,
mean pooling, and max pooling—to capture dif-
ferent parts of textual representations. To address
class imbalance issues, they implemented an over-
sampling approach for minority classes, targeting
a balanced distribution across all classes. Before
the final classification, the concatenated pooled fea-
tures go through a dense layer transformation. This
lets the model use both global and local semantic
features while keeping training levels even across
all classes.

5.2.6 NLP_goats

The team (V K et al., 2025) developed a model
that begins with preprocessing of the Malayalam
text. They then encode the dataset labels and ad-
dress imbalances through oversampling techniques.
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The team trains a multilingual BERT model for
multiclass classification.

5.2.7 MNLP

This team used deep learning-based models for
classification.

5.2.8 Akatsuki-CIOL

This team (Anik et al., 2025) used a variety of en-
coders, such as Indic-specific and language-specific
models, to get meaningful text embeddings that
fit the multilingual nature of the data. They then
processed these embeddings using the multilayer
perceptron (MLP). It was the classification layer
that predicted the corresponding classes. To ensure
robust performance, the team adopted a balance-
aware modeling approach, actively tracked and se-
lected the best-performing model throughout the
training process. Then, we used the chosen model
to make predictions on the test set. This gave us a
complete and flexible way to solve the multilingual
sentiment classification problem.

5.2.9 Data_Drifters

For this task, the team (Shanmugavadivel et al.,
2025a) employed a comprehensive methodology
combining traditional machine learning models,
embedding techniques, and advanced transfer learn-
ing models to achieve robust text classification.
They used four base models: random forest, sup-
port vector machine (SVM), logistic regression,
and multinomial logistic regression, leveraging
their diverse strengths in classification tasks. To
process text data, they implemented two embed-
ding techniques: TF-IDF and Count Vectorizer,
ensuring effective feature extraction and represen-
tation. Additionally, they incorporated two state-
of-the-art transfer learning models, mBERT and
XLNet.

5.2.10 Blue_Ray

The team implemented a multi-class classification
system to categorize fake Malayalam news. The
methodology involved preprocessing the text data
by cleaning it and removing stopwords to ensure
better feature representation. Feature extraction
transformed the text data into the numerical format.
They then split the processed data into training and
testing subsets. Various machine learning and deep
learning models were employed to train the data,
and their performance was evaluated.

5.2.11 Cognitext

The team (Alladi and B, 2025) used a deep learn-
ing model to classify fake news articles. They first
cleaned the text data by removing URLSs, special
characters, punctuation, and numbers, and then con-
verted it to lowercase. They tokenized the cleaned
text using Keras’ Tokenizer and padded the se-
quences to ensure a uniform input length. The
model architecture is made up of an embedding
layer that stores word representations, an LSTM
layer that tracks how events depend on each other,
and a dense layer that uses softmax activation to
sort words into multiple groups. They trained
the model for five epochs using categorical cross-
entropy loss and the Adam optimizer.

Team Macro F1-score Rank
bytesizedllm (Manukonda and Kodali, 2025) 0.898 1
CUET_NLP_MP_MD (Kabir et al., 2025) 0.893 2
One_by_zero (Chakraborty et al., 2025) 0.892 3
Awy 0.889 4
Nayel (Nayel et al., 2025) 0.875 5
KCRL (Hagq et al., 2025) 0.874 6
CUET-NLP_Big_O (Sakib et al., 2025) 0.874 6
Celestia (Noor et al., 2025) 0.859 7
MNLP 0.858 8
CIC_NLP (Achamaleh et al., 2025) 0.853 9
NLP_goats (V K et al., 2025) 0.839 10
Necto 0.832 11
Lowes 0.826 12
Lemlem 0.823 13
Data_drifters (Shanmugavadivel et al., 2025a) 0.814 14
ST_1 CIOL 0.814 14
Fact_fusion 0.803 15
YenCs (Gowda and Hegde, 2025) 0.792 16
Blue_ray (Shanmugavadivel et al., 2025b) 0.790 17
CIC 0.659 18
DLRG 0.473 19
Technovators 0.387 20
CUET_ChiSquare 0.334 21

Table 3: Rank list of Task 1: Detecting fake news in
Malayalam

Team Macro Fl-score Rank
KCRL (Haq et al., 2025) 0.6283 1
byteSizedLLM (Kodali and Manukonda, 2025) 0.5775 2
NLP_goats (V K et al., 2025) 0.5417 4
Data_Drifters(Shanmugavadivel et al., 2025a) 0.5029 5
lowes 0.2902 6
YenCS (Gowda and Hegde, 2025) 0.2696 7
Blue_Ray (Shanmugavadivel et al., 2025b) 0.2631 8
Akatsuki-CIOL (Anik et al., 2025) 0.1978 11
Cognitext (Alladi and B, 2025) 0.1667 14
Fact-Fusion 0.1667 14
MNLP 0.1667 14

Table 4: Rank list of Task 2: Classification of fake news
into various categories

This task saw a significant difference in the
model performance. In Task 1, top teams achieved
macro F1 scores greater than 0.89, whereas the
lower-ranked teams attained scores around 0.33.
The trend is similar in Task 2, too. The first-ranked
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team scored an F1 score of 0.6283, and the bottom-
ranked teams scored only 0.1667. Most of these
differences in performance can be traced back to
the approaches that the teams devised with class im-
balance and data augmentation, feature extraction,
and model architecture.

Class imbalance is a primary challenge pertain-
ing to this task, especially in Task 2. Some of the
top-performing teams effectively addressed this is-
sue by employing oversampling algorithms at the
feature level. In addition, teams using the adaptive
thresholding optimization approach ensured that
the models did not overfit to the majority classes.
The lower-ranked teams did not employ any mecha-
nism to address the class imbalance issue and hence
resulted in the poor generalization of the minority
class data samples.

The selection of the model architectures played
a pivotal role in the performance. The majority
of the top-ranked teams leveraged the transformer-
based architectures, which provided better context
understanding of the data compared to the tradi-
tional machine learning classifiers and feature ex-
traction approaches. The transformer-based models
excelled because of their multilingual capabilities,
making them effective for data in low-resource lan-
guages like Malayalam. In addition, these models
provide better learning and contextual token em-
beddings due to their multilingual capability. Tra-
ditional feature extraction models such as TF-IDF,
bag-of-words, and n-gram-based representations
struggled to capture the deep contextual and se-
mantic relationships in fake news content, leading
to suboptimal performance. In addition, data aug-
mentation and the use of ensemble models signifi-
cantly improve their performance. The availability
of the computational resources played a major role
in determining the performance of the models. The
teams who fine-tuned the transformer models us-
ing the task achieved better scores compared to the
models that did not use it.

For the most part, the best teams use data en-
hancement techniques, transformer-based architec-
tures, ensemble methods, and computing resources
well. The most effective models incorporated
oversampling for class balance, transliteration-
aware augmentation, hybrid architectures combin-
ing transformers and LSTMs, and multi-layered
pooling strategies. In contrast, teams that relied
on simpler machine learning models, failed to ad-
dress class imbalance, or lacked data augmentation
strategies struggled to achieve competitive results.

These findings highlight the importance of adaptive
learning techniques and advanced model enhance-
ment strategies for tackling complex NLP tasks like
fake news detection.

6 Conclusion

This paper presents a summary of the shared task
"Fake News Detection in Dravidian Languages
- DravidianLangTech@NAACL 2025," which fo-
cuses on the Malayalam language. The task pro-
vided an opportunity to assess the efficacy of
several machine learning and deep learning al-
gorithms in detecting fake news on social me-
dia. Transformer-based architectures, particularly
XLM-RoBERTza, consistently outperformed tradi-
tional machine learning algorithms, with the high-
est macro Fl-scores in both binary and multi-
class classification tasks. These findings give the
promise of advanced NLP models in handling fake
news and emphasize the significance of continued
research and model improvement to enhance accu-
racy.
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Abstract

This study introduces a novel multilingual
model designed to effectively address the chal-
lenges of detecting abusive content in low-
resource, code-mixed languages, where limited
data availability and the interplay of mixed lan-
guages, leading to complex linguistic phenom-
ena, create significant hurdles in developing
robust machine learning models. By leverag-
ing transfer learning techniques and employing
multi-head attention mechanisms, our model
demonstrates impressive performance in detect-
ing abusive content in both Tamil and Malay-
alam datasets. On the Tamil dataset, our team
achieved a macro F1 score of 0.7864, while
for the Malayalam dataset, a macro F1 score of
0.7058 was attained. These results highlight the
effectiveness of our multilingual approach, de-
livering strong performance in Tamil and com-
petitive results in Malayalam.

1 Introduction

Social media platforms play an essential role in
modern communication, information sharing, and
entertainment. However, they have also become
spaces where harmful behavior proliferates, par-
ticularly in the form of abusive language targeting
women. This abuse, often rooted in societal biases
and gender inequalities, can have severe psycho-
logical, social, and professional consequences for
victims (Jane, 2020). Tackling this issue is critical
to creating safer and more inclusive digital spaces.

This research focuses on detecting abusive
content in comments, with particular emphasis
on Tamil and Malayalam—two low-resource lan-
guages spoken in South India. Online abuse in
these languages is a pressing concern, but the lim-
ited availability of linguistic resources and tools
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presents significant challenges for effective con-
tent moderation. To address this, we leverage ex-
isting datasets introduced by Priyadharshini et al.
(2023, 2022), which include YouTube comments
collected around controversial and sensitive top-
ics where gender-based abuse is prevalent. These
datasets are annotated with binary labels: Abusive
and Non-Abusive.

We adopt a transfer learning approach by uti-
lizing the outputs from the last hidden layer of
XLM-RoBERTa (Conneau et al., 2019), incorpo-
rating multi-head attention mechanisms to improve
classification performance. This approach is well-
suited for handling text in Tamil and Malayalam,
addressing the challenges associated with detecting
abusive content in these low-resource languages.
Our model can be accessed via PyPI', and the com-
plete work is available on GitHub?.

The remainder of this paper is organized as fol-
lows: we discuss related work in abusive language
detection for low-resource languages, describe the
datasets and methodology, and present the results
and evaluation metrics. This work aims to con-
tribute to research in abusive language detection
while highlighting the challenges and opportunities
in working with Tamil and Malayalam.

2 Related Work

Detecting abusive and offensive content in low-
resource languages, such as Tamil and Malayalam,
is a critical research area due to rising online hate
speech.

Arora (2020) introduced a model for Tamil-
English code-mixed hate speech detection, uti-

1https://pypi.org/project/dravida—kavacham/
2https://github.com/LuxshanZOO@/
dravida-kavacham


https://pypi.org/project/dravida-kavacham/
https://github.com/Luxshan2000/dravida-kavacham
https://github.com/Luxshan2000/dravida-kavacham

lizing a pre-trained ULM-FiT to handle code-
mixed complexities. Ziehe et al. (2021) fine-
tuned XLM-RoBERTa for Hope Speech detection
in English, Malayalam, and Tamil, highlighting
transformer adaptability in resource-constrained
settings. Language-specific models like MuRIL
(Khanuja et al., 2021), IndicBERT (Kakwani et al.,
2020), and multilingual XLM-RoBERTa have ac-
celerated research in Tamil.

Priyadharshini et al. (2022) explored abusive
comment detection in Tamil and Tamil-English
datasets, evaluating Logistic Regression (LR), Lin-
ear SVM, RNNs, Vanilla LSTMs, and transformer
models like mBERT, MuRIL BERT, and XLM-
RoBERTa. MuRIL BERT excelled due to its spe-
cialized training.

Chakravarthi et al. (2023) examined fine-grained
abusive comment detection on Tamil-English
YouTube data using BiLSTM with Attention and
transformers like MuRIL-LARGE and XLM-R,
where MuRIL-LARGE performed well. Sreelak-
shmi et al. (2024) addressed hate speech detec-
tion in Kannada-English, Malayalam-English, and
Tamil-English datasets, testing BERT, DistilBERT,
LaBSE, MuRIL, and IndicBERT. MuRIL embed-
dings with an SVM (RBF kernel) performed con-
sistently well. A cost-sensitive learning approach
addressed data challenges.

Malliga Subramanian (2023) advanced abusive
Tamil comment detection by fine-tuning adapter-
based transformers on datasets from (Priyad-
harshini et al., 2022). Researchers tested mBERT,
MuRIL, and XLM-RoBERTz4, achieving F1 scores
below 0.73 but demonstrating adapter-based tech-
niques’ promise.

Other efforts, such as Patankar et al. (2022), com-
bined classical machine learning and deep learning.
Transformers like MuRIL, XLM-RoBERTa, and
mBERT performed better, reaffirming their suitabil-
ity for code-mixed scenarios.

These studies emphasize transformer-based ar-
chitectures, such as MuRIL and XLLM-RoBERTa,
in tackling abusive content detection in Indian lan-
guages. By improving language-specific modeling
and exploring multimodal approaches, these efforts
have laid a foundation for further advancements.

3 Dataset

We use two datasets for this research: the Tamil
and Malayalam datasets from Priyadharshini et al.
(2023, 2022). The Tamil dataset consists of 2790

(Non-Abusive /21425, Abusive ~1375) samples in
the training set, 598 samples in the development
set, and 598 samples in the test set. The Malay-
alam dataset contains 2933 (Non-Abusive ~~1525,
Abusive ~1400)samples in the training set, 629
samples in the development set, and 629 samples
in the test set. Both datasets are annotated with
binary labels: Abusive and Non-Abusive.

Figures 1 and 2 illustrate the length distribu-
tion of the training datasets, while Figures 3 and 4
present the word clouds for the respective datasets.

4 Methodology

4.1 Data Processing

For data preprocessing, we performed several clean-
ing steps to ensure the quality and consistency of
the dataset. First, URLs were removed from the
comments to eliminate any potential noise. Spe-
cial characters were also removed to standardize
the text. Additionally, emojis were excluded from
the dataset. Since emojis rarely indicate abuse
or non-abuse, we removed them to ensure consis-
tency.(Kovécs et al., 2021)

4.2 Model Architecture

Our model is a multilingual design tailored to clas-
sify text in both Tamil and Malayalam. After
preprocessing, the inputs are tokenized using the
XLM-RoBERTa-base tokenizer, and sentence em-
beddings are generated using the XLM-RoBERTa-
base model, which is adept at handling multilingual
tasks.

To capture task-specific features effectively, the
embeddings are passed through four multi-head
attention layers. These layers allow the model to
focus on critical aspects of the input relevant to the
classification task. The outputs then flow through
dense layers with LayerNorm, ensuring stability
and efficient learning. Finally, a softmax layer
generates the classification probabilities.

Figure 5 illustrates the detailed architecture of
the model.

S Experiments and Results

For both Tamil and Malayalam datasets, we per-
formed a 70% training, 15% validation, and 15%
test split. The model was trained for 30 epochs with
a dropout rate of 0.3 and ReLU activation. Training
the model took approximately 1 hour on a Tesla
P100 GPU, which efficiently handled the task with
its 16GB memory. We used the macro-average F1
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Figure 1: Distribution of comment lengths in Tamil
language dataset.
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Figure 2: Distribution of comment lengths in Malay-
alam language dataset.
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Figure 3: Word cloud representing all comments in Tamil.

score as the primary evaluation metric, ensuring
that the model’s performance was balanced across
both classes (Abusive and Non-Abusive).

In the Tamil dataset, our team, Incepto, achieved
an impressive macro F1 score of 0.7864, secur-
ing 3rd place out of 27 teams on the Dravidian-
LangTech 2025 leaderboard(Rajiakodi et al., 2025).
The performance was just 0.0019 behind the 1st
rank team, CUET_Agile, which scored 0.7883.
This demonstrates that our model was highly com-
petitive and nearly matched the best performance
on the leaderboard.

For the Malayalam dataset, Incepto ranked 4th
out of 35 teams with a macro F1 score of 0.7058.

The top team, Habiba A, G Agila, achieved a higher
score of 0.7571, highlighting the competitive nature
of the challenge.

These results underscore the effectiveness of our
multilingual model, which demonstrated strong per-
formance in detecting abusive content in Tamil and
competitive results in Malayalam. While the model
excelled in Tamil, there is room for optimization,
especially for Malayalam, and future work can fo-
cus on improving performance further.

6 Conclusion

In this research, we tackled the task of detecting
abusive language in Tamil and Malayalam by lever-

123



Word Cloud for All Comments

mimp] @wlkexmeeer 0NJo BB i @O 1)) BSD
T} ( . ,| ’ cBD 4

af) T DE) -z U

6T0YI(0

aldCue™ ™™

.......

o0s] Mleurgies

o GaldO)Rlgeps -

dh)6)S

" @6Mo
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Figure 5: Proposed Model Architecture

aging a multilingual model, XLM-RoBERTa, aug-
mented with multi-head attention mechanisms. Our
approach delivered competitive results in Tamil
(3rd rank) and highlighted challenges in Malay-
alam (4th rank), emphasizing the need for con-
tinued efforts in refining models for low-resource
languages. To promote reproducibility and encour-
age further research, we published the model as a
Python package on PyPI and made the source code
publicly available. This contribution enables other
researchers to replicate, analyze, and improve upon
our work, fostering collaboration toward building
safer and more inclusive online spaces for under-
represented language communities.

7 Limitations

One of the key limitations of this study is the inad-
equacy of annotated datasets for both Malayalam
and Tamil, which affects model effectiveness and
generalizability. The preprocessing and classifica-
tion of these texts are particularly challenging due
to the informal nature of social media language,
which includes regional variations, shortened ex-
pressions, and a lack of grammatical structure. Ad-
ditionally, while Malayalam and Tamil belong to
the Dravidian language family, they differ signifi-
cantly in morphology, syntax, and semantics, fur-
ther complicating text analysis. Another major
challenge is the absence of a proper tokenizer for
both Tamil and Malayalam, making text processing
and model training even more complex.
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Abstract

Sentiment analysis on social media platforms
plays a crucial role in understanding public
opinion and the decision-making process on
political matters. As a significant number of
individuals express their views on social media,
analyzing these opinions is essential for moni-
toring political trends and assessing voter sen-
timent. However, sentiment analysis for low-
resource languages, such as Tamil, presents
considerable challenges due to the limited avail-
ability of annotated datasets and linguistic com-
plexities. To address this gap, we utilize a novel
dataset encompassing seven sentiment classes,
offering a unique opportunity to explore sen-
timent variations in Tamil political discourse.
In this study, we evaluate multiple pre-trained
models from the Hugging Face library and ex-
periment with various hyperparameter config-
urations to optimize model performance. Our
findings aim to contribute to the development of
more effective sentiment analysis tools tailored
for low-resource languages, ultimately empow-
ering Tamil-speaking communities by provid-
ing deeper insights into their political senti-
ments. Our full experimental codebase is pub-
licly available at: ciol-researchlab/NAACL25-
Eureka-Sentiment-Analysis-Tamil

1 Introduction

Sentiment analysis is a crucial aspect of Natural
Language Processing (NLP) that facilitates the cat-
egorization of textual opinions into various senti-
ment classes, such as positive, negative, neutral,
and more. It has significant applications in under-
standing political discourse, enabling tasks such
as forecasting election outcomes, analyzing pub-
lic sentiment, and formulating targeted policies.
Social media platforms like X (formerly Twitter)
have gained immense popularity and have become
a major hub for political discussions. In India, a
substantial number of individuals actively use X
to express their thoughts and opinions on political

Final prediction
i
Best Model

4 Choosing best model

Classifier Classifier Classifier Classifier Classifier

Dropout Dropout Dropout Dropout Dropout

A A A A A
e Tl i e e

Ongoing Training (Multiple Epochs)
0
Classifier
1
Embeddings
t
BERT iffnlp/bert-bas - - -
o) Tokns tt
BERT Tokenizer
i
Data

Figure 1: Model architecture, containing tokenizer, pre-
trained model, classifier and other components

issues. As of 2018, the platform reported over 321
million monthly active users (Wang et al., 2012),
with approximately 34.4 million users from India.
Although this constitutes a small fraction of In-
dia’s total population, the platform is extensively
used by politicians, influencers, celebrities, and
well-educated individuals whose tweets can sig-
nificantly influence public sentiment. Their opin-
ions can shape political narratives and sway the
perspectives of their followers, highlighting the
importance of structured sentiment analysis in this
domain. Categorizing political content through sen-
timent analysis enables individuals to identify and
engage with similar or opposing viewpoints, fos-
tering a more organized exchange of information
and enhancing public participation and awareness
of political issues (Ansari et al., 2020).

Twitter data have been leveraged for various re-
search applications, including sentiment analysis
(Kouloumpis et al., 2011), stock market prediction
(Bollen et al., 2011), trend detection (Mathioudakis
and Koudas, 2010), information credibility assess-
ment (Castillo et al., 2011), and event detection
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(Becker et al., 2021). However, sentiment anal-
ysis in Tamil presents unique challenges due to
the language’s complex linguistic structure and di-
verse dialectical variations. While previous stud-
ies have explored sentiment analysis in Tamil, its
application within the political discourse domain
remains relatively underexplored. Addressing this
gap, our study aims to develop effective sentiment
analysis models tailored to Tamil political content,
contributing to a deeper understanding of public
opinion within this low-resource language setting.

Tamil-speaking individuals play a crucial role in
shaping Indian politics, influencing public opinion
and driving political discourse. Tamil, a prominent
member of the Dravidian language family, is one
of the oldest and most widely spoken languages in
India, with a rich cultural and linguistic heritage.
Despite its significance, there is a notable lack of
dedicated resources and tools for analyzing politi-
cal sentiment in Tamil. The Dravidian languages,
including Telugu, Kannada, and Malayalam, share
common linguistic features but also exhibit distinct
characteristics, making them a unique challenge
for NLP tasks (Chakravarthi et al., 2021, 2022,
2023, 2024). With the increasing prominence of
social media as a platform for political discussions,
this gap presents a significant challenge. Politi-
cal opinions expressed on social media are inher-
ently complex, often involving sarcasm, ambiguous
viewpoints, and contextually nuanced arguments.
Traditional NLP techniques, such as rule-based
parsing, frequently struggle to handle these com-
plexities, necessitating the development of more
sophisticated approaches to effectively capture sen-
timent (Maynard and Funk, 2012).

Our study addresses the existing gap by focus-
ing on the classification of political sentiment in
Tamil tweets using a novel dataset and state-of-
the-art machine learning models from the Hugging
Face library. We systematically evaluate multiple
transformer-based models and experiment with di-
verse hyperparameter configurations to achieve op-
timal performance. Our experiments demonstrate
that the "cardiffnlp/bert-base-multilingual-cased-
sentiment-multilingual” model achieves a training
accuracy of 79%, with a precision of 80% and an
F1 score of 80%. However, during validation, the
model attains an accuracy of 33%, precision of
35%, and an F1 score of 34%. Despite the inher-
ent challenges of sentiment analysis in Tamil, our
results surpass those of other teams working on
similar tasks, highlighting the potential of our ap-

proach. The findings of this study contribute to the
development of more effective and reliable tools
for political sentiment analysis in Tamil, addressing
the needs of policymakers, researchers, and stake-
holders interested in understanding Tamil public
opinion. Our work paves the way for future ad-
vancements in sentiment analysis for low-resource
languages, fostering deeper insights into political
discourse in Tamil-speaking communities.

2 Related Works

Recent research on sentiment analysis of Tamil
political comments using customized BERT mod-
els has focused on improving language compre-
hension and classification accuracy in Dravidian
languages. TamilCogniBERT enhances Tamil text
understanding through a pre-trained BERT frame-
work with self-learning techniques (G et al., 2024).
Task-specific pre-training and cross-lingual trans-
fer learning have been shown to improve senti-
ment classification in Tamil-English code-mixed
data (Gupta et al., 2021). Multi-task learning
frameworks help tackle the issue of limited anno-
tated data, enhancing sentiment and offensive lan-
guage detection across Tamil, Malayalam, and Kan-
nada (Hande et al., 2021). The DravidianCodeMix
dataset, containing 60,000+ annotated comments,
provides a strong foundation for model evaluation
and training (Chakravarthi, 2022). Despite these
advancements, challenges persist in handling di-
verse dialects and code-mixing, requiring further
research to enhance model robustness.

3 Problem Description

Problem Statement. Sentiment analysis plays a
crucial role in understanding public opinion, par-
ticularly in the political domain, where sentiments
influence strategic decisions, policy-making, and
public engagement. With the rise of social media
platforms such as X (formerly Twitter), individuals
now have a direct channel to express their political
views (Chakravarthi et al., 2025). However, ana-
lyzing and classifying sentiments in Tamil tweets
pose significant challenges due to the language’s
complex socio-cultural and linguistic characteris-
tics.

The Political Multiclass Sentiment Analysis
of Tamil X (Twitter) Comments Shared Task
was conducted as an integral part of Dravidian-
LangTech@NAACL 2025 (Chakravarthi et al.,
2025). This task focused on the Political Multiclass
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Sentiment Type Train Test
Opinionated 1361 153
Sarcastic 790 115
Neutral 637 84
Positive 575 69
Substantiated 412 52
Negative 406 51

None of the above 171 20

Table 1: Sentiment Distribution in Train and Test Sets

Sentiment Analysis of Tamil tweets, categorizing
them into seven distinct sentiment classes: Substan-
tiated, Sarcastic, Opinionated, Positive, Negative,
Neutral, and None of the Above. Accurate classifi-
cation requires not only linguistic proficiency but
also an understanding of context, cultural nuances,
and intent, adding substantial complexity to the
task. Tamil, a Dravidian language with unique vo-
cabulary and syntactic structures, poses challenges
for conventional NLP techniques, especially in po-
litical discourse involving sarcasm and subjective
expressions. Additionally, class imbalance in the
dataset and the lack of robust pre-trained models
for Tamil necessitate customized approaches for
accurate sentiment classification.

Dataset. The dataset used for Tamil political sen-
timent analysis is divided into three subsets: train-
ing, validation, and testing. The training set con-
sists of 4,352 Tamil political tweets, each labeled
into one of seven sentiment classes: Substantiated,
Sarcastic, Opinionated, Positive, Negative, Neu-
tral, and None of the Above, serving as the pri-
mary source for model learning. The class dis-
tribution is added in Table 1. The validation set
contains 544 labeled tweets and is used to fine-tune
the model, ensuring generalization and preventing
overfitting. Lastly, the test set comprises 544 unla-
beled tweets, which are used for final evaluation by
assessing the model’s predictive performance. The
dataset presents challenges such as class imbalance,
with certain sentiment categories being underrep-
resented, making it difficult to achieve consistent
accuracy across all classes. Despite these chal-
lenges, the dataset provides a valuable resource for
developing and benchmarking sentiment analysis
models tailored for Tamil political discourse.

4 System Description

Model. For sentiment analysis, we em-
ploy the cardiffnlp/bert-base-multilingual-cased-

sentiment-multilingual model (BBMCSM, in short)
(Antypas et al., 2022), which is a fine-tuned vari-
ant of the BERT base multilingual cased architec-
ture. This model is specifically enhanced to clas-
sify sentiments in multilingual tweets, leveraging
BERT’s bidirectional processing capability to cap-
ture contextual meanings across various languages
effectively. The model is designed for text classi-
fication tasks, particularly in analyzing sentiments
expressed in social media content. The fine-tuning
process utilizes the TweetNLP toolkit (Camacho-
Collados et al., 2022), which is specialized for pro-
cessing and analyzing tweet data. During evalua-
tion on the test set, the model achieved an F1 score
of 0.616 for both micro and macro measurements
and an accuracy of 0.617, demonstrating a mod-
erate level of reliability in sentiment detection for
multilingual tweets. This model holds potential
for automating sentiment analysis in social media,
aiding in the understanding of public opinions and
emotions across diverse linguistic contexts.
Implementation Details. The dataset used in this
study consists of training, validation, and test sets,
each serving a distinct purpose. The training set is
utilized to optimize the model’s weights through
backpropagation, while the validation set is em-
ployed for hyperparameter tuning, ensuring the
best configuration for generalization. The test set,
which remains unseen during training, is used for
the final evaluation of the model’s performance on
real-world data. For model training, we experi-
mented with different hyperparameter configura-
tions to achieve optimal performance. The final
selected hyperparameters include an input dimen-
sion equal to the feature size of the training set,
number of classes set to 7, and hidden dimensions
of 1,536 and 786. We utilized a batch size of 32
and trained the model for 50 epochs with a learn-
ing rate of 0.001 and a dropout probability of 0.3
to prevent overfitting. A fixed random seed of 42
was used to ensure reproducibility. Performance
metrics such as Accuracy, Precision, Recall, and
F1-Score were recorded to assess both training and
validation outcomes. This systematic approach pro-
vides valuable insights for building efficient multi-
lingual sentiment classification models with practi-
cal applications in political discourse analysis.

S Experimental Findings

Training and Validation Results. The training
and validation results demonstrated in Table 2
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Table 2: Model Performance in Different Setups (Training and Validation Data)

Hiddendims LR dropout TAcc TPrec TRec TF1 VAcc VPrec VRec VF1
1536,786  0.001 0.3 0.7980 0.8040 0.7968 0.8002 0.3290 0.3429 0.3433 0.3391
1536,786  0.001 0.4 0.7824 0.7924 0.7824 0.7850 0.3150 0.3285 0.3357 0.3262
1028,786  0.001 0.3 0.6523 0.6711 0.6409 0.6527 0.3438 0.3496 0.339 0.3383
1028,786  0.001 0.4 0.6250 0.6456 0.6123 0.6253 0.3334 0.3350 0.3243 0.3210
786, 256 0.001 0.3 0.3619 0.4052 0.2960 0.2582 0.3290 0.2654 0.2961 0.2382
786, 256 0.001 0.4 0.3557 0.3645 0.2834 0.2313 0.3107 0.2353 0.2675 0.2036
512,256 0.001 0.3 0.3660 0.4086 0.3022 0.2692 0.2831 0.2284 0.2673 0.2254
512,256 0.001 0.4 0.3500 0.3523 0.2934 0.2823 0.2934 0.2243 0.2723 0.2323

Table 3: Macro F1 Scores on Test Data

Submission F1 Score (Macro)
Mean 0.2769
Median 0.2769

Our Result (Best) 0.3187

Our Rank 4th

shows the importance of hyperparameter optimiza-
tion in achieving high performance for sentiment
analysis tasks. Our experiments focused on fine-
tuning a multilingual BERT model, with varying
configurations of hidden dimensions, learning rates
(LR), and dropout rates. The results highlight the
influence of these hyperparameters on the model’s
ability to generalize across both training and valida-
tion sets. The results indicate that dropout plays a
crucial role in preventing overfitting but can lead to
underfitting when set too high. When the dropout
rate is 0.3, the larger hidden dimensions (1536,
786) perform the best in both training and valida-
tion, achieving high accuracy, precision, recall, and
F1-Score, with only a moderate drop in validation
performance. However, increasing the dropout rate
to 0.4 leads to a slight decrease in training perfor-
mance and a more significant drop in validation
results, especially for smaller hidden dimension
configurations (1028, 786 and 512, 256). This
suggests that while dropout helps regularize the
model, a higher dropout rate can overly restrict the
model’s ability to learn from the data, particularly
for smaller architectures. In the case of the 512,
256 configuration, the combination of smaller hid-
den dimensions and higher dropout results in poor
training and validation performance, confirming
the importance of selecting an appropriate model
capacity for the task. Interestingly, the larger hid-
den dimensions maintain better generalization, as
they are more robust to dropout, particularly in
validation. This highlights the importance of bal-

ancing dropout and model size for optimal perfor-
mance. Overall, a dropout rate of 0.3 is the most
effective for achieving good generalization, partic-
ularly when using larger hidden dimensions, while
higher dropout rates tend to hinder performance,
especially for smaller models.

Test Results. Our customized BERT model also
performed well on the test set, achieving an MF1
score of 0.3187, surpassing all other models. The
average and median MF1 scores across all teams
were 0.2769. This suggests that our approach,
through hyperparameter optimization and improve-
ment of the multilingual model, effectively cap-
tures sentiment patterns in Tamil political contexts.
These results validate our approach and provide a
foundation for further applications.

Overall, this study sets a benchmark for Tamil
political sentiment analysis and opens avenues for
future work, such as dataset expansion and explor-
ing alternative architectures for multilingual senti-
ment analysis.

6 Conclusion

Sentiment analysis in low-resource languages
presents unique challenges, and this work signif-
icantly contributes to Tamil political sentiment
analysis. By developing a new annotated dataset
and benchmarking transformer-based models, we
demonstrated the feasibility of capturing subtle po-
litical sentiments in Tamil. Our fine-tuned multi-
lingual BERT model achieved strong results, show-
casing the effectiveness of NLP techniques and
hyperparameter optimization in complex linguis-
tic tasks. Despite challenges like class imbalance
and nuanced sentiment expressions, this study pro-
vides a solid foundation for future research. The
insights from this work can extend to other low-
resource languages, advancing the goal of making
NLP more inclusive across linguistic contexts.

129



Limitations

Despite our approach performing well, there are
limitations to address. We were constrained by
computational resources, preventing the use of
larger, more complex models, which could improve
accuracy by capturing deeper structures. Chal-
lenges such as class imbalance and ambiguous sen-
timents in the training and evaluation sets also im-
pacted model performance. Additionally, while our
fine-tuned multilingual model showed decent re-
sults, further domain-specific pretraining on Tamil
data could enhance its understanding of political
sentiment. Addressing these constraints in future
work could lead to a more robust sentiment analysis
framework.

Broader Impact

This work tackles sentiment analysis in low-
resource languages, focusing on Tamil political
discourse. By creating a new annotated dataset
and experimenting with transformer-based models,
we showcase the potential of multilingual BERT
for capturing subtle political sentiments. Despite
challenges like class imbalance and complex ex-
pressions, this study lays the foundation for fu-
ture research in low-resource languages. Our find-
ings contribute to making NLP more inclusive and
adaptable across diverse linguistic and cultural con-
texts.
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Abstract

The widespread spread of fake news on so-
cial media poses significant challenges, partic-
ularly for low-resource languages like Malay-
alam. The accessibility of social platforms ac-
celerates misinformation, leading to societal
polarization and poor decision-making. De-
tecting fake news in Malayalam is complex
due to its linguistic diversity, code-mixing,
and dialectal variations, compounded by the
lack of large labeled datasets and tailored
models. To address these, we developed a
fine-tuned transformer-based model for binary
and multiclass fake news detection. The bi-
nary classifier achieved a macro F1 score
of 0.814, while the multiclass model, using
multimodal embeddings, achieved a score of
0.1978. Our system ranked 14th and 11th in the
shared task competition, highlighting the need
for specialized techniques in underrepresented
languages. Our full experimental codebase
is publicly available at: ciol-researchlab/
NAACL25-Akatsuki-Fake-News-Detection.

1 Introduction

Social media has transformed communication and
information consumption, becoming a primary
news source for many users worldwide. Platforms
like Twitter, Facebook, and YouTube allow users to
share and engage with information instantly, offer-
ing greater convenience, affordability, and timeli-
ness compared to traditional news outlets (Kristian
et al., 2024). These platforms solidify their role as
preferred news mediums by enabling users to share,
comment, and discuss news with their networks
(Ku et al., 2019). However, this ease of sharing has
also contributed to the widespread spread of fake
news—misleading or false information designed to
harm individuals, distort public opinion, or increase
societal tensions (Fowler, Aug 22, 2022).

The spread of fake news on social media leads
to emotional distress, societal polarization, and
poor decision-making fueled by misinformation
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Figure 1: Model architecture, containing tokenizer, pre-
trained model, classifier and other components

(De Paor and Heravi, 2020). Reports indicate that
nearly 50% of Facebook referrals direct users to
fake news sites (Pandey, 2018), while only 20%
lead to reliable sources (Purcell et al., 2010). Fur-
thermore, only 25% of individuals are confident in
distinguishing real from fake news (Lyons et al.,
2021), highlighting the need for scalable, auto-
mated solutions to address this growing issue.

Detecting fake news in low-resource languages
like Malayalam is more challenging due to its lin-
guistic diversity, including dialects, code-mixing,
and idiomatic expressions (Thara and Poornachan-
dran, 2021). The scarcity of structured datasets
and pre-trained models for Malayalam compounds
the problem (Elankath and Ramamirtham, 2023).
Social media content, often containing code-mixed
text in mixed scripts, poses further challenges for
traditional NLP methods. While fake news detec-
tion has seen progress in high-resource languages

132


mailto:azmine32@student.sust.edu
https://github.com/ciol-researchlab/NAACL25-Akatsuki-Fake-News-Detection
https://github.com/ciol-researchlab/NAACL25-Akatsuki-Fake-News-Detection

like English and Spanish, it remains underexplored
for low-resource languages like Malayalam (Har-
ris et al., 2024; Wang et al., 2024). Addressing
misinformation in Dravidian languages is crucial,
as they are spoken by millions in South India and
Sri Lanka. The linguistic challenges, including
code-switching and dialectal variations, necessitate
tailored Al solutions for fairness and accuracy in
fake news detection (Subramanian et al., 2025; De-
vika et al., 2024; Subramanian et al., 2023, 2024).
Previous research has shown the effectiveness of
ensemble-based models and feature fusion tech-
niques in related tasks (Pillai and Arun, 2024).

In this study, we aim to bridge the gap in fake
news detection for Malayalam by leveraging ad-
vanced NLP techniques and designing models that
address its linguistic diversity and code-mixed na-
ture, solving the first shared task of the Fifth Work-
shop on Speech, Vision, and Language Technolo-
gies for Dravidian Languages (DravidianLangTech-
2025) at NAACL 2025. We use fine-tuned
transformer-based architectures and hyperparame-
ter optimization to develop robust solutions for bi-
nary and multiclass fake news classification tasks.
Our approach tackles Malayalam’s unique chal-
lenges, such as mixed scripts and dialectal varia-
tions, while ensuring scalability and effectiveness.
This work provides valuable insights into the po-
tential of transformer-based models for misinfor-
mation detection in low-resource languages, laying
the foundation for future advancements in this area.

2 Problem Description

Problem Statement. The Fake News Detection
in Dravidian Languages shared task focuses on
addressing the critical issue of misinformation in
low-resource languages, specifically in Tamil and
Malayalam. The task is divided into two subtasks,
each targeting a unique dimension of fake news
detection:

Task 1, aims to classify social media posts from
platforms like Twitter, Facebook, and YouTube into
one of two categories: fake or original. This task
operates at the comment or post level, challenging
participants to build models that can effectively
discern the authenticity of social media content.
Task 2, titled FakeDetect-Malayalam, targets the
identification and classification of fake news within
Malayalam-language news articles. Participants are
tasked with categorizing news articles into one of
five classes: False, Half True, Mostly False, Partly

False, or Mostly True. This subtask emphasizes the
nuanced detection of misinformation in a language
with significant linguistic and cultural diversity.
Dataset. The datasets for the shared task are de-
signed to support the development and evaluation
of fake news detection models in Tamil and Malay-
alam. They are structured to address the unique
requirements of the two subtasks.
The dataset for Task 1 consists of social media
posts from platforms like Twitter, Facebook, and
YouTube, labeled as either fake or original. This
binary classification task aims to evaluate the au-
thenticity of posts. The training set contains 3,257
labeled samples, while the validation set has 815
labeled samples for fine-tuning. The test set in-
cludes 1,019 unlabeled samples for model evalua-
tion which is shown in 1.
The Task 2 dataset comprises Malayalam news
articles categorized into five classes: False, Half
True, Mostly False, Partly False, and Mostly True.
This multiclass classification task focuses on de-
tecting varying degrees of misinformation. The
training dataset includes labeled articles, while the
test dataset consists of unlabeled articles for evalu-
ating participant systems.

Table 1: Dataset distribution for Task 1 and Task 2.

Training Development Testing
Task 1 3,257 815 1,019
Task2 1,615 285 200

3 System Description

3.1 Data Pre-processing

For both Task 1 and Task 2, we converted non-
numerical labels into numerical representations for
compatibility with machine learning models. Text
sequences were tokenized using pre-trained tok-
enizers to retain domain-specific linguistic patterns
and were truncated or padded to uniform lengths
(512 tokens for Task 1 and 128 tokens for Task 2).
Missing or invalid entries were removed to main-
tain data integrity. For Task 1, the label distribution
was balanced, with 1,658 original and 1,599 fake
samples in the train dataset. In contrast, Task 2
had significant class imbalance, with the follow-
ing distribution: False (976), Mostly False (236),
Half True (46), Partly False (129), and Mostly True
(133). To address this, we applied a custom over-
sampling technique, replicating minority class sam-
ples to balance the dataset, reducing bias toward the
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majority class and improving model generalization.
Embeddings for both tasks were extracted from
the [CLS] token of the BERT model to preserve
contextual representations.

3.2 Models

For Task 1, we used "mdosama39/malayalam-
bert-FakeNews-Dravidian" (M-BERT-Dravidian),
a BERT-based model fine-tuned for Malayalam
fake news detection, with 238 million parameters.
It effectively captured contextual information for
binary classification by extracting [CLS] token em-
beddings from the last hidden layer, which were
then processed using a Multi-Layer Perceptron
(MLP) classifier. The MLP had two hidden lay-
ers (786 and 512 dimensions) and a softmax output
layer, refining the pre-trained features to distin-
guish between fake and original news.

For Task 2, we applied a multimodal em-
bedding strategy, combining embeddings from
two additional pre-trained models, "l3cube-
pune/malayalam-bert" (L3Cube-BERT) and "Hate-
speech-CNERG/hindi-abusive-MuRI" (MuRIL), to
capture diverse linguistic and contextual features.
This integration leveraged the strengths of multiple
models to enable robust predictions for the complex
multiclass classification task.

3.3 Implementation Details

We processed text sequences for both tasks using
tokenizers from pre-trained models, truncating or
padding inputs to 512 tokens for compatibility. For
Task 1, we utilized the domain-specific tokenizer
of M-BERT-Dravidian, extracting [CLS] token em-
beddings from the last hidden layer, which were
fed into an MLP classifier with hidden dimensions
of 786 and 512. For Task 2, we enhanced classifi-
cation performance using a multimodel embedding
strategy by combining embeddings from L3Cube-
BERT and MuRIL. These concatenated embed-
dings were processed through the same MLP ar-
chitecture, leveraging the linguistic and contextual
diversity of the combined models.

Both tasks employed a batch size of 16, the
Adam optimizer (learning rate: 0.0001, betas: 0.9,
0.999), and linear learning rate scheduling. Fig-
ure 1 illustrates the overall system architecture. A
dropout rate of 20% was applied for Task 1 to mit-
igate overfitting, while no dropout was used for
Task 2 to maintain the integrity of combined em-
beddings. Training and evaluation pipelines were
implemented in a GPU-enabled environment using

PyTorch (v2.0.0) and Hugging Face Transformers
(v4.35.0), ensuring efficient computation. Table 2
summarizes the hyperparameters, hidden dimen-
sions, batch sizes, and performance metrics for all
models.

4 Experimental Findings

4.1 Training and Validation Results

For Task 1, our best-performing model, M-BERT-
Dravidian, achieved a training F1 score of 0.9794
and a validation F1 score of 0.8304, as shown in
Table 2. These results demonstrate strong perfor-
mance with effective generalization from the train-
ing data to the validation set. The minimal gap
between training and validation scores highlights
the robustness of the model, indicating no signifi-
cant overfitting during training.

For Task 2, the best validation F1 score was
achieved by the ensemble of MuRIL and L3Cube-
BERT, which obtained a training F1 score of 0.9890
and a validation F1 score of 0.4115. This result
highlights the ensemble’s ability to handle the lin-
guistic diversity and class imbalance challenges
inherent to Task 2. The slight performance im-
provement over other models indicates the poten-
tial benefits of combining features from multiple
pre-trained models for low-resource languages.

4.2 Test Results

As shown in Table 3, our model achieved a macro
F1 score of 0.814 for Task 1 and 0.1978 for Task
2 on the test dataset. For Task 1, our score is close
to the highest score of 0.898, and above the mean
(0.7805) and median (0.832), demonstrating strong
performance in binary classification. The mini-
mum score of 0.334 further highlights the model’s
effectiveness. In contrast, Task 2 presented greater
challenges, with a score of 0.1978, below the mean
(0.3244) and median (0.2593), and far behind the
top-performing system’s score of 0.6283. These
results emphasize the model’s robustness in Task 1
and reveal the complexities of multiclass classifica-
tion in low-resource, code-mixed settings.

4.3 Ablation Studies

We evaluated several models for Task 1 and Task
2, as shown in Table 2. For Task 1, M-BERT-
Dravidian achieved the best validation F1 score
of 0.8304, showing strong generalization with
balanced precision and recall. The combined
model using embeddings from M-BERT-Dravidian,
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Table 2: Hyperparameter Settings and Performance Metrics for Task 1 and Task 2 Train and Validation Dataset.

Task  Model Max Length Batch Size HiddenDim LR  Dropout Train Acc Train F1 ValAcc ValF1

Task 1 M-BERT-Dravidian 512 16 [786,512]  0.0001 0.2 0.9794 09794  0.8307 0.8304
M-BERT-Dravidian,

Task 1 L3Cube-BERT, 512,512,512 8 [786,512]  0.0001 0.0 0.9942 0.9942 0.827 0.827
MuRIL

Task 1 L3Cube-BERT 786 16 [786,512]  0.0001 0.3 0.9975 0.9975 0.8258  0.8255

Task 2 M-BERT-Dravidian-PP 512 16 [768,512]  0.0001 0.35 0.7771 0.7720  0.5474 0.3916
M-BERT-Dravidian,

Task 2 L3Cube.BERT 512 16 [768,512]  0.0001 0.35 0.8758 0.8743 0.5921  0.4097
MuRIL,

Task 2 512,512 8 [786,512]  0.0001 0.5 0.9890 09890  0.6351 04115

L3Cube-BERT

Table 3: F1 Score (Macro) on Test Dataset

Macro F1 Maximum Minimum Mean Median Our Score

Task 1 0.898 0.334 0.7805
Task 2 0.6283 0.1667 0.3244

0.832 0.814
0.2593 0.1978

L3Cube-BERT, and MuRIL had a slightly lower
validation F1 score of 0.827, with a high training
F1 score of 0.9942, indicating overfitting. L3Cube-
BERT achieved a validation F1 score of 0.8255,
demonstrating good training performance but less
robustness. For Task 2, traditional methods like
Bag of Words and TF-IDF (Dai et al., 2024; Deo
et al., 2024) were less effective in complex multi-
class tasks. Among individual models, M-BERT-
Dravidian-PP achieved the best validation F1 score
of 0.3916 and a training F1 score of 0.7720. Com-
bining models improved performance, with the
L3Cube-BERT and MuRIL ensemble achieving
a validation F1 score of 0.4115 and a training F1
score of 0.9890. Another combination, M-BERT-
Dravidian-PP and L3Cube-BERT, achieved a vali-
dation F1 score of 0.4068, despite strong training
performance (F1: 0.9783). These results highlight
the effectiveness of model ensembles for multiclass
classification in Task 2.

For Task 1, the best validation F1 score of 0.8304
was achieved at epoch 46. Early in training, the
model showed overfitting with a high training F1
score of 0.9874 at epoch 1, while the validation F1
score lagged at 0.8110. However, generalization
improved, reaching 0.8232 at epoch 38 before peak-
ing at epoch 46. For Task 2, M-BERT-Dravidian-
PP achieved its best validation F1 score of 0.3916 at
epoch 19, with a training F1 of 0.7720. Combined
models performed better, with the L3Cube-BERT
and MuRIL ensemble achieving the highest vali-
dation F1 score of 0.4115 at epoch 27. Another
combination, M-BERT-Dravidian-PP and L3Cube-
BERT, peaked at epoch 31 with a validation F1
score of 0.4068, but was slightly less robust than
the top ensemble. These results emphasize the im-

portance of training duration and model synergy
for optimal performance.

5 Discussion

This study explored fake news detection in Malay-
alam through binary and multiclass classifica-
tion. In Task 1, our fine-tuned transformer model
achieved a macro F1 score of 0.814, effectively dis-
tinguishing fake from authentic posts with limited
labeled data. Task 2 was more challenging, with
a macro F1 score of 0.1978, requiring classifica-
tion into nuanced categories like “Half True” and
“Partly False.” This task highlighted the complex-
ities of dialectal variations, class imbalance, and
code-mixed text in Malayalam. The performance
gap between binary and multiclass classification
shows the need for larger datasets, enhanced aug-
mentation, and class-aware loss functions. Our
study demonstrates the potential of transformer
models and multimodal embeddings for Malay-
alam’s linguistic diversity.

6 Conclusion

This study investigated fake news detection in
Malayalam through binary and multiclass classifi-
cation tasks. The binary classifier achieved a strong
macro F1 score of 0.814, showcasing the effective-
ness of transformer-based models in identifying
misinformation in social media posts. However,
the lower performance in multiclass classification
(macro F1 score of 0.1978) underscores the chal-
lenges of categorizing nuanced misinformation,
which requires deeper contextual understanding
and tailored strategies. These findings highlight the
importance of diverse training data, robust prepro-
cessing, and context-aware approaches to address
linguistic complexities such as code-mixing and
dialect variations. Future research should aim to
advance fake news detection in low-resource lan-
guages for greater effectiveness and inclusivity.
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Limitations

Despite promising results, limitations persist. The
small dataset size, especially for multiclass clas-
sification, restricts the model’s ability to capture
Malayalam’s dialects and script variations. Al-
though oversampling addressed class imbalance, it
introduced risks of bias and overfitting (Gosain and
Sardana, 2017). Differentiating similar misinfor-
mation categories remains challenging, requiring
architectures capable of finer semantic distinctions.
Dependence on pre-trained models risks propagat-
ing biases from their training data. While ensemble
methods boosted performance, they increased com-
putational complexity, limiting scalability. Lastly,
curated datasets may not fully reflect real-world
social media complexities, emphasizing the need
for diverse data and adversarial training to enhance
generalization (De Paor and Heravi, 2020).

Broader Impact Statement

Developing robust fake news detection systems for
low-resource languages like Malayalam can signif-
icantly curb misinformation in underrepresented
communities, fostering informed decision-making
and social harmony. Addressing linguistic chal-
lenges like code-mixing and dialectal diversity con-
tributes to inclusive Al solutions, bridging resource
gaps in NLP. These advancements promote media
literacy and trust in digital platforms, mitigating
societal polarization and ensuring equitable access
to reliable information.
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A Appendix

A.1 Error Analysis

For Task 1, fig 2 shows that 433 Fake samples
were correctly labeled, with 74 misclassified as
Original. Conversely, 443 Original samples were
correct, but 69 were wrongly labeled as Fake. For
Task 2, fig 3 142 out of 149 False samples were ac-
curately identified. However, the model struggled
with more nuanced classes: 16 out of 24 Half True
were misclassified, 78.57% of Partly False were
incorrectly labeled, and Only 41.27% of Mostly
False samples were correct. This bias toward False
likely stems from its dominance (three-fourths)
in the development data. Sample prediction er-
rors and actual labels are included in table 4. In-
correct predictions largely arise from limited con-
text in short or slang-laden Malayalam text, data
imbalance where minority classes (e.g., “Mostly
False”) are often misclassified, and subtle semantic
overlaps between similar labels (e.g., “Fake” vs.
“Original”). Such subtleties are challenging for the
model to detect without sufficient training exam-
ples or language-specific fine-tuning, highlighting
the need for data augmentation, balanced class dis-
tribution, and more extensive contextual cues to
improve classification accuracy.

Table 4: Incorrect Predictions in Text Classification

Task Text Sample Predicted Actual
Task-1 | Sample:al@22®o Fake original
Task-1 | Sample: 2QUM (SDMVD SNIOD original Fake
026026M QUG IY T @oclwleg
nea
Task-1 | Sample: @26nf1ell) #62@ oilomm GRAID Fake original

@RUd oolafl ©y meslo meyss
alo@omd @), af)Mmend eng]
eago M@ @M &Yleonlal

Task-2 | Sample: 2600 Q&M gy,
SOOI O ld880M)

Sample: NUANGRD

26001 210@OMSAM 5686 1@
B0) &IB GaldEID &I6M 8O,

Mostly False False

Task-2 Half True False

sample: enflenflm  e=ddZlom eoeg=® | False Mostly
alamyo @RaI2OMa] enosslalls False
Moo 2IB.2]/WIBHIOO® OS]
aflgwod @l moc.

Task-2
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Abstract

Social media abuse of women is a widespread
problem, especially in regional languages like
Tamil and Malayalam, where there are few
tools for automated identification. The use of
machine learning methods to detect abusive
messages in several languages is examined in
this work. An external dataset was used to train
a Support Vector Machine (SVM) model for
Tamil, which produced an F1 score of 0.6196.
Using the given dataset, a Multinomial Naive
Bayes (MNB) model was trained for Malay-
alam, obtaining an F1 score of 0.6484. Both
models processed and analyzed textual input
efficiently by using TF-IDF vectorization for fea-
ture extraction. This method shows the ability
to solve the linguistic diversity and complexity
of abusive language identification by utilizing
language-specific datasets and customized algo-
rithms. The results highlight how crucial it is
to use focused machine learning techniques to
make online spaces safer for women, especially
when speaking minority languages.

1 Introduction

Social media pervasiveness has changed how peo-
ple interact, but it has also contributed to the growth
of abusive content, which mostly targets women
and other vulnerable groups. Since this type of
online harassment has detrimental effects on mental
and emotional health, it is critical to create efficient
detection and moderation systems. Because of their
distinct linguistic traits and the dearth of techniques
for detecting abusive content, regional languages
like Tamil and Malayalam make the issue much
more difficult. By using machine learning meth-
ods designed especially for the Tamil and Malay-
alam languages, this study seeks to close that gap.
Specifically, Multinomial Naive Bayes (MNB) and
Support Vector Machine (SVM) models are used
to categorize offensive text in various languages.
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While MNB is used for Malayalam abuse detec-
tion, SVM, which is renowned for its capacity to
handle complicated and non-linear data, is used
to Tamil. TF-IDF vectorization, which captures
the essential characteristics of text data for classi-
fication, supports both models. By utilizing these
strategies, this study aims to offer a strong system
for identifying and filtering offensive language in
local settings, making online environments safer
for women.

2 Related Work

To Recent research has focused extensively on of-
fensive language detection and sentiment analysis
in Dravidian languages, addressing the challenges
posed by the use of code-mixed and multilingual
text on social media platforms. Machine learning
models built with monolingual datasets are often in-
adequate for identifying abusive language or analyz-
ing sentiments from code-mixed languages, which
blend multiple languages such as Tamil, Malayalam,
and English. Numerous research have advanced
this subject by creating models and datasets espe-
cially suited for Dravidian languages. Datasets for
hate speech analysis and objectionable language
identification were published by Chakravarthi et
al. (2020), Hande et al. (2021), and Mandl et
al. (2020). These datasets are now vital tools
for scholars developing Dravidian language mod-
els. In order to extract contextual characteristics
from Tamil, Malayalam, and Kannada text, Saumya
et al. (2021) used CNN and Bi-LSTM models.
High F1-scores of 0.7895 for Tamil and 0.9603
for Malayalam were attained by their effort. In
a similar vein, Yasaswini et al. (2021) used the
ULMFT model and obtained F1-scores of 0.7895
for Tamil and 0.9603 for Malayalam. For Dravidian
code-mixed languages, Kedia and Nandy (2021)
suggested transformer-based models, such as BERT
and RoBERTa, which achieved weighted average
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F1-scores of 0.72, 0.77, and 0.97 for the datasets
pertaining to Kannada-English, Tamil-English, and
Malayalam-English, respectively. The application
of transfer learning techniques and cross-lingual
contextual word embeddings has also been stud-
ied. Multinomial Naive Bayes, SVM, and Random
Forest were tested by Ranasinghe et al. (2020),
who obtained an F1-score of 0.89 for code-mixed
Malayalam. Furthermore, Sai and Sharma (2021)
have used an ensemble of multilingual transformer
networks, such as XLMRoBERT?A, for the identifica-
tion of objectionable speech in Tamil, Malayalam,
and Kannada. The investigation of multimodal
datasets is still in its infancy, despite notable ad-
vancements in text-based datasets and algorithms
for sentiment analysis and abusive language identi-
fication. A more thorough method for examining
abusive language in Dravidian languages may be
offered by combining textual data with audio and
visual data.

3 Preprocessing and Data Preparation

Preprocessing and data preparation are essential
steps to prepare the datasets for machine learning
models. For this work, datasets were provided by
the organizers, with separate training and testing
datasets for both Tamil and Malayalam. Addi-
tionally, an external dataset was used for Tamil
to enhance the diversity and performance of the
model. Preprocessing steps were carefully designed
to handle the challenges posed by code-mixed text,
ensuring the preservation of linguistic nuances and
optimal input for feature extraction techniques.

3.1 Data Refinement

The first step in preprocessing involved refining the
text data by cleaning and normalizing it. All text
was converted to lowercase to ensure uniformity and
eliminate issues related to case sensitivity. Special
characters, numbers, and punctuation marks were
removed unless they contributed meaningful con-
text to the text. Tokenization was applied to break
the text into smaller units, such as words or sub-
words, for easier processing. For code-mixed data,
specific considerations were made to retain the in-
tegrity of the mixed-language structure. Stopwords
that did not contribute to the task were removed
selectively, and whitespace inconsistencies were
corrected.

3.2 Feature Extraction

Following data refinement, textual data was trans-
formed into numerical representations for the ma-
chine learning models using feature extraction tech-
niques:

Bag of Words (BOW): Text was represented as a
vector of word frequencies using the Bag of Words
(BOW) technique. By capturing word occurrences
across the dataset, this method enabled the model
to use the frequency of particular phrases to make
predictions.

TF-IDF (Term Frequency-Inverse Document Fre-
quency): Words were weighed according to their
significance in the dataset using TF-IDF. This ap-
proach emphasized uncommon but important key-
words while lessening the effect of often recurring
ones. These feature extraction methods preserved
the significant connections between words and their
context in code-mixed languages while guarantee-
ing that the text data was converted into a machine
learning-ready format.

4 Methodology
4.1 Model Selection

In order to efficiently categorize code-mixed Tamil
and Malayalam texts, various machine learning
models were investigated in this work. Support Vec-
tor Machines (SVM) were chosen for Tamil because
of its ability to handle high-dimensional, compli-
cated data, whereas Multinomial Naive Bayes was
picked for Malayalam because of its ease of use and
efficacy when processing categorical data.

4.2 Training of Models

In order to develop models that could successfully
categorize code-mixed Dravidian languages, Tamil,
and Malayalam, the training phase was essential.
The organizers’ datasets were pre-processed us-
ing methods like Bag of Words (BOW) and Term
Frequency-Inverse Document Frequency (TF-IDF)
to provide structured numerical representations. By
using these techniques, the textual input was con-
verted into valuable characteristics that could be
used to train the model. Support Vector Machines
(SVM) was chosen as the classification technique
for Tamil because of its resilience in text classifica-
tion tasks and its ability to handle high-dimensional
feature spaces. To maximize performance, a grid
search method was used for hyperparameter opti-
mization during the training phase. Figure 1 (Tamil
Grid Search Results: Accuracy by C and Kernel)
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showed the accuracy trends that resulted from the
grid search’s evaluation of combinations of the
regularization parameter (C) and kernel types. To
have the highest prediction accuracy for the Tamil
dataset, this tuning procedure was essential.

Tamil Grid Search Results: Accuracy by C and Kernel
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Figure 1: Tamil Grid Search Results: Accuracy by C
and Kernel

Multinomial Naive Bayes was selected for Malay-
alam because of its performance in text classifica-
tion tasks that use features based on word frequency.
It was especially appropriate for this dataset due to
its ease of use and computational effectiveness. In
contrast to Tamil, which required hyperparameter
adjustment, the Naive Bayes model was trained
straight from the processed dataset without the
need for further optimization. The goal of train-
ing these models was to take use of the distinctive
features of the individual datasets. To guarantee a
well-rounded predictive capacity, the focus was on
optimizing performance indicators like accuracy
and F1-score throughout the training phase. The
foundation for the following phases of performance
analysis and assessment was established by this
methodical methodology.

4.3 Model Performance Evaluation Metrics

Several measures were used to evaluate the models’
performance and determine their capabilities. The
models’ efficacy was assessed using Accuracy, Pre-
cision, Recall, F1-score, and Area Under the Curve
(AUCQ). To illustrate the relationship between the
anticipated and real labels, confusion matrices were
also produced (Figure 2).
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Figure 2: Confusion matrix Predicted and True labels
for Tamil & Malayalam

4.4 Area Under the Curve (AUC) and ROC
Curve

The models’ overall performance was assessed us-
ing the AUC-ROC curve, which is displayed in
Figure 3. This curve clearly illustrates how well
the model performs in various settings by plotting
the true positive rate (Recall) versus the false posi-
tive rate (1-Specificity) at various thresholds. The
overall indicator of model performance is the AUC
value; a higher AUC denotes a model that performs
better overall.

Tamil AUC-ROC Curve Malayalam AUC-ROC Curve

True Positive Rate (TPR)

((((( (auC = 0.94) ROC curve (AUC = 0.89)
s
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False Positive Rate (FPR) False Positive Rate (FPR)

Figure 3: AUC-ROC curve Tamil & Malayalam.

4.5 Precision-Recall Curve

The balance between precision and recall was fur-
ther assessed using the Precision-Recall curve,
which is shown in Figure 4. This curve provides
insight into the model’s performance in detecting
positive examples across various thresholds. Both
the Tamil and Malayalam datasets accuracy and
recall trade-offs are displayed in the graphic.

Tamil Precision-Recall Curve Malayalam Precision-Recall Curve

—— hvg Precision = 0.89

Precision

057 — Precision-Recall Curve (AP = 0.93)

o a6 o 6
Recall Recall

Figure 4: Precision-Recall Curve for Tamil and Malay-
alam datasets.



5 Result and Findings

Several performance indicators were used to assess
the models that were trained for Malayalam and
Tamil. A comprehensive understanding of model
performance was made possible by the classifi-
cation report for both languages, which included
information on the precision, recall, and F1-score
for each class. In handling code-mixed Dravidian
languages, these findings showed how well the cho-
sen algorithms—SVM for Tamil and Multinomial
Naive Bayes for Malayalam—balanced accuracy
and efficiency.

Metrics Tamil Malayalam
Accuracy 0.62 0.65
Precision 0.62 0.65
Recall 0.62 0.65
Macro F1 Score  0.6196 0.6484

Table 1: Performance metrics for Tamil and Malayalam
tasks.

6 Conclusion

The difficulties of dealing with code-mixed Dra-
vidian languages were addressed in this work by
developing models for Tamil and Malayalam. Multi-
nomial Naive Bayes was utilized for Malayalam, and
Support Vector Machines (SVM) for Tamil. Both
models showed excellent performance in categoriz-
ing abusive language and feelings through efficient
preprocessing, feature extraction, and model train-
ing. Balanced accuracy, recall, and F1-scores were
found in the evaluation measures, demonstrating
the models’ capacity to manage the complexity of
code-mixed data. These results lay the groundwork
for future studies and advancements in the field of
natural language processing (NLP) for Dravidian
languages.

7 Limitations

Even while this study produced encouraging results,
it must be noted that it has significant limitations.
A significant obstacle was managing the extremely
informal and unstructured character of code-mixed
Dravidian languages, which frequently have intri-
cate linguistic variances. Due to the small dataset
size, especially for Malayalam, the model’s gener-
alizability may have been impacted. Using TF-IDF
and Bag of Words (BOW) representations alone

could also leave out important contextual and se-
mantic links between words. Although they might
improve performance even further, advanced deep
learning models like transformer-based topologies
were not investigated in this work because of com-
puting limitations. Adding contextual embeddings,
broadening datasets, and enhancing generalization
across dialects and variances might be the main
goals of future research.
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Abstract

Sentiment analysis in code-mixed social media
comments written in Tamil and Tulu presents
unique challenges due to grammatical incon-
sistencies, code-switching, and the use of non-
native scripts. To address these complexities,
we employ pre-processing techniques for text
cleaning and evaluate machine learning models
tailored for sentiment detection. Traditional ma-
chine learning methods combined with feature
extraction strategies, such as TF-IDF, are uti-
lized. While logistic regression demonstrated
reasonable performance on the Tamil dataset,
achieving a macro F1 score of 0.44, support
vector machines (SVM) outperformed logistic
regression on the Tulu dataset with a macro F1
score of 0.54. These results demonstrate the
effectiveness of traditional approaches, partic-
ularly SVM, in handling low-resource, multi-
lingual data, while also highlighting the need
for further refinement to improve performance
across underrepresented sentiment classes.

1 Introduction

The growing use of social media platforms has led
to an abundance of user-generated content, often
expressed in code-mixed languages. Tamil and
Tulu, two Dravidian languages, frequently appear
in such code-mixed forms, blending with English
and other languages. These multilingual and code-
mixed texts introduce significant challenges for
sentiment analysis due to their informal grammar,
irregular structures, and non-standard scripts.
Sentiment analysis aims to identify and clas-
sify subjective opinions or emotions expressed in
text. While considerable progress has been made
in analyzing texts in resource-rich languages, low-
resource languages like Tamil and Tulu remain un-
derexplored. Existing tools and models, primarily
designed for monolingual texts, struggle to perform
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effectively on code-mixed data, necessitating novel
approaches tailored to these contexts.

In this work, we investigate traditional machine
learning methods for sentiment analysis on Tamil-
English and Tulu-English code-mixed datasets. We
leverage pre-processing techniques to clean and nor-
malize the data, employ TF-IDF (Term Frequency-
Inverse Document Frequency) for feature extraction,
and evaluate multiple machine learning classifiers.
By optimizing hyperparameters and focusing on
feature engineering, we aim to improve sentiment
classification performance for these low-resource,
multilingual datasets. The results underscore the
importance of adapting traditional techniques to the
unique challenges posed by code-mixed text data.

2 Related Work

Sentiment analysis has been a prominent area of
research for several decades, focusing on identify-
ing and classifying emotions, opinions, and atti-
tudes expressed in text. Traditional approaches to
sentiment analysis can be categorized into lexicon-
based, machine learning-based, and hybrid methods.
Lexicon-based approaches rely on predefined senti-
ment dictionaries to determine the polarity of text.
Machine learning-based methods, often using su-
pervised algorithms, leverage labeled datasets to
train models for sentiment classification. Hybrid
methods combine the strengths of both approaches,
aiming to improve accuracy across diverse datasets.

Research in sentiment analysis for low-resource
languages, such as Tamil and Tulu, has gained at-
tention more recently. Early studies predominantly
relied on rule-based systems or basic machine learn-
ing techniques, often limited by the availability of
annotated datasets and language-specific tools. For
example, Thavareesan and Mahesan (2020a) ex-
plored machine learning techniques for Tamil text
sentiment analysis using feature representations like
word embeddings and TF-IDF.
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Sentiment analysis of code-mixed text introduces
additional complexities due to frequent switching
between languages, irregular grammar, and the use
of non-native scripts.

Recent studies have also examined the use of
deep learning models, such as recurrent neural
networks and transformer architectures, for low-
resource and code-mixed languages. However,
these methods typically require substantial com-
putational resources and large annotated datasets,
which are not always available for Tamil and Tulu.

Building on this body of work, our research
focuses on traditional machine learning models op-
timized with feature extraction techniques, such as
TF-IDF, and hyperparameter tuning. By leveraging
these methods, we aim to address the unique chal-
lenges posed by Tamil-English and Tulu-English
code-mixed datasets.

3 Task details

Sentiment analysis refers to the process of deter-
mining the emotional tone or subjective opinions
expressed in a given piece of text. This area of
research has gained significant attention over the
past two decades, both in academic and industry
settings. With the rise of social media, there is
an increasing demand for systems that can analyze
sentiment in social media posts, which are often
written in code-mixed languages, particularly in
Dravidian languages. Code-mixing, the practice of
blending multiple languages in a single sentence
or passage, is common in multilingual commu-
nities, and these texts may sometimes be written
in non-native scripts. Traditional systems trained
on monolingual datasets struggle with code-mixed
text due to the complexities of language switching
and its varying impact on grammar, syntax, and
vocabulary.

The objective of this task is to determine the
sentiment polarity of code-mixed comments/posts
in Tamil-English and Tulu-English, collected from
social media platforms. While each comment/post
may consist of more than one sentence, the aver-
age sentence length in this dataset is short. Each
comment/post is labeled with a sentiment polarity,
either positive, negative, or neutral. The dataset
also includes class imbalance, reflecting the real-
world challenges encountered in sentiment analysis
applications.

This task encourages further exploration into
how sentiment is expressed in code-mixed texts,

particularly in the context of social media commu-
nications.

4 Methodology

Our approach for sentiment analysis in the shared
task involved implementing two traditional machine
learning models and performing various data pro-
cessing steps to handle the challenges of code-mixed
text. We began by importing essential libraries such
as Pandas, NumPy, and scikit-learn for tasks like
data loading, cleaning, tokenization, vectorization,
and modeling.

First, we loaded the training and validation
datasets using Pandas, which contained code-mixed
Tamil-English and Tulu-English comments/posts.
We then cleaned the data by removing unnecessary
punctuation and converting the text to lowercase to
ensure consistency. This preprocessing step helped
improve the models’ ability to detect sentiment
accurately.

After cleaning the text, we applied the Term
Frequency-Inverse Document Frequency (TF-IDF)
vectorizer to transform the text data into a numerical
format that can be used by machine learning models.
We selected unigrams and bigrams for tokenizing
the text, capturing both individual words and word
pairs to retain the context of code-switching in the
text.

We trained two machine learning models: Logis-
tic Regression and Support Vector Machine (SVM).
The logistic regression model was trained using
the ‘liblinear’ solver, suitable for small datasets,
while the SVM model was trained with different
kernel functions, including linear and radial basis
function (RBF), along with a grid search for tuning
hyperparameters such as C and gamma.

To address class imbalance in the dataset, we
used techniques such as adjusting class weights
during model training to ensure the model pays
appropriate attention to underrepresented classes.
Hyperparameter tuning was performed using Grid-
SearchCV to identify the optimal parameters for
each model and improve performance.

Once the models were trained, we evaluated
their performance on the validation dataset using
evaluation metrics such as accuracy and the classi-
fication report. The classification report provided
detailed insights into the model’s precision, recall,
and F1-score for each sentiment class.

In the final step, we selected the best-performing
model based on the validation performance and
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saved the model, the TF-IDF vectorizer, and the
label encoder using joblib. These components can
be loaded later for deployment or future predictions
on unseen data.

Our methodology provided a robust framework
for sentiment analysis on code-mixed text, lever-
aging traditional machine learning models and ef-
fective text preprocessing techniques to tackle the
complexities of code-switching in social media
comments.

Figure 2: Precision-Recall for Tamil & Tulu
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Figure 3: Confusion Matrix for Tamil & Tulu

S Result and Findings

In our evaluation of machine learning models for
sentiment analysis, we utilized several performance
metrics, including Accuracy, Precision, Recall, and
Macro F1 Score. The experiments involved two
models: Logistic Regression (LR) and Support
Vector Machine (SVM), both using TF-IDF feature
extraction. Overall, the experiments demonstrate
the effectiveness of traditional machine learning
approaches for sentiment analysis in low-resource,
code-mixed datasets while highlighting areas for

improvement to handle underrepresented sentiment
classes better.

Metrics Tamil Tulu
Accuracy 0.44 0.54
Precision 0.44 0.54
Recall 0.44 0.54

Macro F1 Score 0.4354 0.5318

Table 1: Tamil and Tulu Classification Report.

6 Conclusion

This study explored sentiment analysis on code-
mixed Tamil-English and Tulu-English social me-
dia text using machine learning models, specifi-
cally Logistic Regression and Support Vector Ma-
chine (SVM). The results demonstrated that Lo-
gistic Regression outperformed SVM, achieving
higher macro F1 scores and showing a better ability
to detect sentiment polarity. The TF-IDF feature
extraction method played a significant role in cap-
turing the essential features from the code-mixed
text. Although the models performed well overall,
challenges such as class imbalance were observed,
affecting the classification of minority sentiment
classes. Adjusting class weights helped alleviate
some of these issues. Future work could involve
enhancing model performance with more advanced
approaches, such as deep learning techniques (e.g.,
LSTM or BERT), to better address the complexities
of code-switching. Overall, this study underscores
the potential of machine learning for sentiment
analysis in code-mixed social media data, while
highlighting opportunities for further refinement
and optimization.

7 Limitations

Despite the encouraging outcomes of our method
in sentiment analysis of code-mixed Tamil-English
and Tulu-English text, several difficulties still ex-
ist. Among the main drawbacks is the dataset’s
class imbalance, which impairs the model’s ca-
pacity to correctly categorize sentiment classes
that are underrepresented. The imbalance affected
overall performance even after class weight adjust-
ments somewhat alleviated this problem. Addi-
tional challenges for conventional machine learning
models were the intricacy of code-mixed text, which
included non-standard scripts, frequent language
change, and irregular grammar. Even though TF-
IDF-based feature extraction worked well, it might
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not adequately capture words’ contextual meaning
in mixed-language constructions. In the future,
it could be possible to incorporate more sophisti-
cated methods that preserve computing efficiency
while better understanding the subtleties of code-
mixed text. Notwithstanding these difficulties, the
study shows how machine learning may be used
for sentiment analysis in multilingual, low-resource
environments and lays the groundwork for further
investigation and improvement.
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Abstract

This paper presents our submission for Abu-
sive Comment Detection in Tamil - Dravidi-
anLangTech@NAACL 2025. The aim is to
classify whether a given comment is abusive
towards women. Google’s MuRIL (Khanuja
et al., 2021), a transformer-based multilingual
model, is fine-tuned using the provided dataset
to build the classification model. The dataset
is preprocessed, tokenised, and formatted for
model training. The model is trained and eval-
uated using accuracy, F1-score, precision, and
recall. Our approach achieved an evaluation ac-
curacy of 77.76% and an F1-score of 77.65%.
The lack of large, high-quality datasets for
low-resource languages has also been acknowl-
edged.

1 Introduction

Multilingualism has added a new dimension to the
issue of abusive language detection despite the in-
creasing number of efforts to prevent abusive con-
tent from being shared on social media. Social
media users may find it offensive and detrimen-
tal to their mental health when other users post
abusive comments on videos or in response to the
comments of other users. When it comes to low-
resource languages such as Tamil, the difficulty is
further increased by the lack of available resources
(Vegupatti et al., 2024).

Beyond being the official language of the In-
dian state of Tamil Nadu and the union territory
of Puducherry, Tamil is also widely spoken in
Malaysia, Mauritius, Fiji, and South Africa. It is
also one of the official languages of Singapore and
Sri Lanka. Many offensive comments can also be
found in these languages on social media and there
is a high demand for automated systems for cate-
gorizing the offensive and non-offensive remarks
on social media comments in regional languages
(Rajalakshmi et al., 2023).

In particular, social media platforms are in-
creasingly used to target women with abusive and
derogatory comments, reinforcing gender inequali-
ties and societal biases. This form of online abuse
can have serious psychological consequences.

This task is part of Abusive Comment Detec-
tion in Tamil - DravidianLangTech@NAACL 2025
(Rajiakodi et al., 2025).

The code associated with this task can be ac-
cessed through the following GitHub repository:
https://github.com/saaaathvik/wise.

2 Related Work

Detecting abusive language in Tamil, particularly
content targeting women, is a critical challenge
due to limited resources and the complexity of the
language. Several studies have explored different
approaches to address this issue.

Supervised and unsupervised learning tech-
niques have been compared for Tamil offensive lan-
guage detection. "Tamil Offensive Language De-
tection: Supervised versus Unsupervised Learning
Approaches" (Balakrishnan et al., 2023) examined
traditional machine learning models such as Ran-
dom Forest, SVM, and AdaBoost, while also apply-
ing K-means clustering for unsupervised learning.
The results showed that clustering before classifi-
cation improved detection accuracy, with ensemble
models achieving 99.70% and 99.87% accuracy
for balanced and imbalanced datasets. Similarly,
"HOTTEST: Hate and Offensive Content Identifica-
tion in Tamil" (Rajalakshmi et al., 2023) explored
multiple transformer models, including MuRIL and
XLM-RoBERTa, achieving an F1-score of 84% us-
ing a majority voting ensemble classifier on Tamil
YouTube comments.

Transformer-based approaches have been widely
used for abusive comment detection in Tamil.
"Mitigating Abusive Comment Detection in
Tamil Text: A Data Augmentation Approach
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with Transformer Model" (Sheik et al., 2023)
demonstrated that applying back translation
and lexical replacement improved classifica-
tion performance, leading to a 15-point in-
crease in macro F1-score over existing baselines.
Similarly, "Optimize_Prime @ DravidianLangTech-
ACL2022" (Patankar et al., 2022) investigated
transformer-based models, reporting that MuRIL
and XLM-RoBERTa performed best for Tamil data
with macro Fl-scores of 0.43 for monolingual
Tamil and 0.45 for Tamil-English code-mixed data.

The challenge of detecting gendered abuse in
Indic languages has been explored in "Breaking
the Silence: Detecting and Mitigating Gendered
Abuse in Hindi, Tamil, and Indian English On-
line Spaces" (Vetagiri et al., 2024), where an en-
semble CNN-BiLSTM model was trained on a
dataset of over 7,600 annotated social media posts.
The study ranked first in the ICON 2023 shared
task, highlighting the effectiveness of deep learn-
ing in handling real-world noisy text with code-
switching. Another relevant work, "Brainstorm-
ers_msec at SemEval-2023 Task 10: Detection of
Sexism-Related Comments in Social Media Us-
ing Deep Learning" (Mahibha et al., 2023), lever-
aged BERT, DistilBERT, and RoBERTa models
to classify sexist comments in English social me-
dia posts, achieving macro F1-scores of 0.8073,
0.5876, and 0.3729 for sexism detection and classi-
fication tasks.

Feature extraction techniques have also been ex-
plored to improve detection in Tamil social media
comments. "PANDAS @ Abusive Comment De-
tection in Tamil Code-Mixed Data Using Custom
Embeddings with LaBSE" (G L et al., 2022) intro-
duced a hybrid approach combining TF-IDF vector-
ization with language-agnostic LaBSE embeddings,
achieving 52% accuracy and an F1-score of 0.54
on Tamil-English code-mixed content. Similarly,
"Supernova@DravidianLangTech 2023 @ Abusive
Comment Detection in Tamil and Telugu" (Reddy
et al., 2023) applied SVM classifiers with TF-
IDF feature extraction to detect abusive content in
Tamil, Tamil-English, and Telugu-English datasets.
The study implemented preprocessing steps such as
stemming, stopword removal, and special character
filtering to enhance classification performance.

Additionally, "Abusive Social Media Comments
Detection for Tamil and Telugu" (Vegupatti et al.,
2024) employed multilingual pre-trained embed-
dings with BERT, demonstrating that IndicBERT
and MuRIL significantly outperformed traditional

classifiers for Tamil-English and Telugu-English
abusive comment detection.

These studies highlight the importance of trans-
former models, data augmentation techniques, and
customized embeddings in improving abusive lan-
guage detection for Tamil, particularly in gendered
abuse contexts. Our work builds upon these find-
ings by refining abusive Tamil comment classifica-
tion with a MuRIL-based transformer model, fur-
ther contributing to this evolving field.

3 Dataset Analysis

The given dataset (Priyadharshini et al., 2022,
2023) comprises 2790 manually annotated
YouTube comments in Tamil. In particular, it
has 1424 "Non-Abusive" labeled comments and
1366 "Abusive" labeled comments. The comments
contain a mix of letters, numbers, symbols, special
characters, emojis, emails, and hyperlinks. The
data distribution is highlighted in Figure 1 and
Table 1.

Category Count
Non-Abusive 1424
Abusive 1366
Total 2790

Table 1: Data description

Distribution of Classes

48.9% Abusive
Non-Abusive 51.1%

Figure 1: Data distribution

The definition and usage of stop-words is cru-
cial for the effectiveness of such datasets. While
stop-words lists for languages such as English and
Spanish have been implemented in the nltk.corpus
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library, the manual creation of a stop-words list for
Tamil was required (Reddy et al., 2023).

This manually curated Tamil stop-words list is
publicly available online ! (see Figure 2).

‘9, 'omes, '21655, 'AsDG', 'Ssae', g6, '),
‘agled, 'oigl, '9i8s, 'ams, 'bs, 'oibss, 'aABSL, 'Sivng,
'giurg)l’, 'S, 'Slufse, ' Sleue, 'Sleuer, 'sma’, 'Sisml, 'Sy’
'@ HBW, 'Sp@GD', 'gpered, ' QG '@mta, 'AL s, QL'
'‘Qsp&, ' Damne, 'Qsmar, 'Asear, '@, 'z, 'Qms, ' A’
'‘Qpss, 'QBss, Qs 'QUCung, 'Qn, 'Dnéseh, 'DnkHs',
'Qobss!, 'Dopal, 'Dodon!, 'Qar, 'Doa, 'Dergid', ',
'2_eiTengy)', '2_eiement’, '2_etr', '61BS', sT6060MID, 'sTeur, 'T6UNS, 6T S,
'sreT LG, 'srarayd’, 'erar @', 'eraaflgmid’, ‘s’ 'etedr', sTatTLIG',
'sTeTLem S, e, 'eTedTn, 'sTetTMILD', 'sTatTenT', 'eTedTEmID', ‘6760, 'R(®',
'@@r', '@, 'QanaL, 'Qanan @', 'Qsnerer', 'FHm’, 'fe’, Ay’ 'CFIHS!,
'g6dly', 'S, 'Ser', 'Ge', "B, 'Hrer, "B, L', 'LoE®D',
'LedGeumy’, LM, 'upmlw’, '’ "Ine', 'Wer', 'Werer, ‘G,
'@uir’, 'Gumgy’, 'Gumev’, 'Gumed’, 'Gumetty’, 'WL-GEW', 'L G, 'wH',
'"oHpid’, 'Ba!, "Waab', 'Bg, 'Wwae', 'pweop', 'Gogib', 'Gued’,

Wi, 'ubs’, 'ubal, b, wmr’, 'umrule’, el el @'
'GeustorBLD', 'Geupy'.

Figure 2: Tamil stop-words list

4 Methodology

4.1 Preprocessing

Preprocessing of data is done to improve the effi-
ciency of the model. The performance metrics of
a model could vary drastically with efficient data
preprocessing. The different steps involved in pre-
processing of data are listed below (Reddy et al.,
2023).

1. Removal of Numbers, Hyperlinks, Email Ad-
dresses, and Emojis: These elements do not
contribute to the classification of a comment
as abusive or non-abusive and are therefore
removed.

2. Conversion of English Characters to Low-
ercase While Preserving Tamil Script: This
ensures consistency in the text while maintain-
ing the integrity of the Tamil script.

3. Removal of Special Characters, Punctuation,
and Normalizing Spaces: This step enhances
text consistency while preserving its meaning.

4. Removal of Stop Words: Stop words refer to
frequently occurring words that lack substan-
tial semantic meaning or contribute minimally

"Tamil Stop-Words List on GitHub

to the holistic comprehension of a given text.
By eliminating these words, the data payload
is reduced, resulting in expedited processing
durations and enhanced computational effi-
cacy (Reddy et al., 2023).

4.2 Tokenization

Tokenization is a crucial preprocessing step
that converts textual data into a numerical for-
mat that machine learning models can process.
The "google/muril-base-cased" tokenizer (Khanuja
et al., 2021) from Hugging Face’s Transformers
library is used. It breaks down each comment into
tokens and converts them into numerical represen-
tations. Additionally, it applies truncation to ensure
that input sequences do not exceed the specified
length (128) and uses padding to standardize input
lengths across all samples.

4.3 Transformer Model

The MuRIL (Multilingual Representations for In-
dian Languages) model (Khanuja et al., 2021)
is a transformer-based architecture developed by
Google as part of their multilingual research ef-
forts. Its is a BERT model pre-trained on 17 Indian
languages and their transliterated counterparts. By
using layers of self-attention, it captures contextual
relationships between words in a sentence, which
is essential for tasks such as text classification. In
this specific task, MuRIL’s pre-trained knowledge
is fine-tuned for binary classification to distinguish
between abusive and non-abusive comments. Its
ability to understand the linguistic and cultural con-
text of the text makes it particularly effective for
the given dataset.

The fine-tuning process for the model was car-
ried out using the Hugging Face Trainer API. The
model was trained for 5 epochs, allowing it to learn
from the dataset across multiple passes. A batch
size of 16 was used for both training and evaluation
to ensure efficient processing while maintaining a
balance between memory usage and model conver-
gence. The training process was designed to au-
tomatically save the best-performing model based
on its performance on the validation set. This was
done by evaluating the model after each training
epoch and selecting the version that achieved the
highest F1-score, ensuring that the final model used
for predictions would be the one that performed
most effectively during training.
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Model Precision | Recall | F1-Score | Accuracy
Logistic Regression 0.68 0.68 0.68 0.68
SVM 0.70 0.70 0.70 0.70
LinearSVC 0.68 0.68 0.68 0.68
XGBoost 0.65 0.66 0.65 0.66
MuRIL 0.73 0.83 0.78 0.78

Table 2: Evaluation results

4.4 Alternative Classification Models

This study also explored alternative classification
models, including Logistic Regression, Support
Vector Machines (SVM), LinearSVC, and XG-
Boost. Logistic Regression serves as a foundational
model for binary classification, while SVM and
LinearSVC are kernel-based methods well-suited
for high-dimensional feature spaces. XGBoost, an
ensemble method utilizing gradient boosting, is
known for its robust performance and efficiency.
All models were trained on the TF-IDF (Term Fre-
quency—Inverse Document Frequency, a statistical
measure of how important a word is in a collection
of text or document) transformed training data and
subsequently evaluated on the validation set using
classification reports.

5 Results and Analysis

The evaluation is based on Precision, Recall, F1-
score, and Accuracy.

Recall measures the classifier’s ability to cor-
rectly identify positives, while Precision indicates
the accuracy of positive predictions.

TP
= — 1
Recall TP+ FN M
TP
recision TP+ FP 2)

The F1-score is a crucial metric in machine learn-
ing that provides a balanced measure of a model’s
precision and recall. The F1-score formula is de-
rived from the harmonic mean of precision and
recall.

2 x Precision x Recall
F1— = 3
seore Precision + Recall 3)

Accuracy is the proportion of all classifications
that were correct, whether positive or negative.

) B TP+ TN @
CUrY = TP Y TN+ FP+ FN

MuRIL consistently outperformed the other
models across evaluation metrics (See Table 2).
Its exceptional accuracy and ability to capture nu-
anced text features made it the preferred model for
this study.

The evaluation results indicate that the model
performed well in terms of both Precision and Re-
call. The F1-score was calculated at 0.7765.

For the test dataset, the model was ranked 10th
in the task with an F1-score of 0.7687. This perfor-
mance demonstrates the model’s effectiveness in
detecting abusive comments, although there is still
potential for improvement.

6 Limitations

Our model’s performance is influenced by dataset
biases, limiting generalization across diverse sce-
narios. Architectural choices and loss functions
may not fully capture real-world complexities, af-
fecting robustness. Low generalizability to real-
world scenarios due to the small dataset remains
a challenge. Ethical concerns, including potential
bias in Al decisions, require continuous monitor-
ing. High computational demands pose scalability
challenges.

7 Conclusion

This paper presents an effective approach to detect-
ing abusive comments targeting women in Tamil
using a fine-tuned MuRIL transformer model with
an accuracy of 77.76% and an F1-score of 77.65%.
The study highlights challenges in working with
small datasets for low-resource languages and em-
phasizes that improving dataset quality can en-
hance performance. Despite these limitations, our
results demonstrate the potential of transformer-
based models for abusive language detection in
Tamil. Future improvements, such as advanced
data augmentation and fine-tuning, can further en-
hance performance, contributing to better auto-
mated content moderation for underrepresented
languages.

151



References

Vimala Balakrishnan, Vithyatheri Govindan, and Ku-
manan N. Govaichelvan. 2023. Tamil offensive lan-
guage detection: Supervised versus unsupervised
learning approaches. ACM Trans. Asian Low-Resour.
Lang. Inf. Process., 22(4).

Gayathri G L, Krithika Swaminathan, Divyasri K,
Thenmozhi Durairaj, and Bharathi B. 2022. PAN-
DAS @abusive comment detection in Tamil code-
mixed data using custom embeddings with LaBSE.
In Proceedings of the Second Workshop on Speech
and Language Technologies for Dravidian Lan-
guages, pages 112-119, Dublin, Ireland. Association
for Computational Linguistics.

Simran Khanuja, Diksha Bansal, Sarvesh Mehtani,
Savya Khosla, Atreyee Dey, Balaji Gopalan,
Dilip Kumar Margam, Pooja Aggarwal, Rajiv Teja
Nagipogu, Shachi Dave, Shruti Gupta, Subhash
Chandra Bose Gali, Vish Subramanian, and Partha
Talukdar. 2021. Muril: Multilingual representations
for indian languages. Preprint, arXiv:2103.10730.

C. Jerin Mahibha, C. M Swaathi, R. Jeevitha, R. Princy
Martina, and Durairaj Thenmozhi. 2023. Brainstorm-
ers_msec at SemEval-2023 task 10: Detection of
sexism related comments in social media using deep
learning. In Proceedings of the 17th International
Workshop on Semantic Evaluation (SemEval-2023),
pages 1114-1120, Toronto, Canada. Association for
Computational Linguistics.

Shantanu Patankar, Omkar Gokhale, Onkar Litake,
Aditya Mandke, and Dipali Kadam. 2022.
Optimize_Prime @DravidianLangTech-ACL2022:
Abusive comment detection in Tamil. In Pro-
ceedings of the Second Workshop on Speech and
Language Technologies for Dravidian Languages,
pages 235-239, Dublin, Ireland. Association for
Computational Linguistics.

Ruba Priyadharshini, Bharathi Raja Chakravarthi, Sub-
alalitha Chinnaudayar Navaneethakrishnan, Malliga
Subramanian, Kogilavani Shanmugavadivel, Pre-
mjith B, Abirami Murugappan, Sai Prashanth Kar-
nati, Rishith, Chandu Janakiram, and Prasanna Ku-
mar Kumaresan. 2023. Findings of the shared task
on Abusive Comment Detection in Tamil and Telugu.
In Proceedings of the Third Workshop on Speech and
Language Technologies for Dravidian Languages
DravidianLangTech 2023. Recent Advances in Natu-
ral Language Processing.

Ruba Priyadharshini, Bharathi Raja Chakravarthi, Sub-
alalitha Cn, Thenmozhi Durairaj, Malliga Subra-
manian, Kogilavani Shanmugavadivel, Siddhanth
U Hegde, and Prasanna Kumaresan. 2022. Overview
of abusive comment detection in Tamil-ACL 2022.
In Proceedings of the Second Workshop on Speech
and Language Technologies for Dravidian Lan-
guages, pages 292-298, Dublin, Ireland. Association
for Computational Linguistics.

Ratnavel Rajalakshmi, Srivarshan Selvaraj, Faerie Mat-
tins R., Pavitra Vasudevan, and Anand Kumar M.
2023. Hottest: Hate and offensive content identi-
fication in tamil using transformers and enhanced
stemming. Computer Speech Language, 78:101464.

Saranya Rajiakodi, Bharathi Raja Chakravarthi, Shun-
muga Priya Muthusamy Chinnan, Ruba Priyad-
harshini, Rajameenakshi J, Kathiravan Pannersel-
vam, Rahul Ponnusamy, Bhuvaneswari Sivagnanam,
Paul Buitelaar, Bhavanimeena K, Jananayagam V,
and Kishore Kumar Ponnusamy. 2025. Findings of
the Shared Task on Abusive Tamil and Malayalam
Text Targeting Women on Social Media: Dravidi-
anLangTech@NAACL 2025. In Proceedings of the
Fifth Workshop on Speech, Vision, and Language
Technologies for Dravidian Languages. Association
for Computational Linguistics.

Ankitha Reddy, Pranav Moorthi, and Ann Maria
Thomas. 2023. Supernova@DravidianLangTech
2023 @abusive comment detection in Tamil and Tel-
ugu - (Tamil, Tamil-English, Telugu-English). In
Proceedings of the Third Workshop on Speech and
Language Technologies for Dravidian Languages,
pages 225-230, Varna, Bulgaria. INCOMA Ltd.,
Shoumen, Bulgaria.

Reshma Sheik, Raghavan Balanathan, and Jaya Nirmala
S. 2023. Mitigating abusive comment detection in
Tamil text: A data augmentation approach with trans-
former model. In Proceedings of the 20th Interna-
tional Conference on Natural Language Processing
(ICON), pages 460—465, Goa University, Goa, India.
NLP Association of India (NLPAI).

Mani Vegupatti, Prasanna Kumar Kumaresan, Swetha
Valli, Kishore Ponnusamy, Ruba Asoka Chakravarthi,
and Sajeetha Thavaresan. 2024. Abusive Social Me-
dia Comments Detection for Tamil and Telugu, pages
174-187.

Advaitha Vetagiri, Gyandeep Kalita, Eisha Halder,
Chetna Taparia, Partha Pakray, and Riyanka Manna.
2024. Breaking the silence detecting and mitigating
gendered abuse in hindi, tamil, and indian english
online spaces. arXiv preprint arXiv:2404.02013.

152


https://doi.org/10.1145/3575860
https://doi.org/10.1145/3575860
https://doi.org/10.1145/3575860
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.18
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.18
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.18
https://arxiv.org/abs/2103.10730
https://arxiv.org/abs/2103.10730
https://doi.org/10.18653/v1/2023.semeval-1.154
https://doi.org/10.18653/v1/2023.semeval-1.154
https://doi.org/10.18653/v1/2023.semeval-1.154
https://doi.org/10.18653/v1/2023.semeval-1.154
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.36
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.36
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.44
https://doi.org/10.18653/v1/2022.dravidianlangtech-1.44
https://doi.org/10.1016/j.csl.2022.101464
https://doi.org/10.1016/j.csl.2022.101464
https://doi.org/10.1016/j.csl.2022.101464
https://aclanthology.org/2023.dravidianlangtech-1.32/
https://aclanthology.org/2023.dravidianlangtech-1.32/
https://aclanthology.org/2023.dravidianlangtech-1.32/
https://aclanthology.org/2023.icon-1.39/
https://aclanthology.org/2023.icon-1.39/
https://aclanthology.org/2023.icon-1.39/
https://doi.org/10.1007/978-3-031-58495-4_13
https://doi.org/10.1007/978-3-031-58495-4_13

Team-Risers @DravidianLangTech 2025:
Al-Generated Product Review Detection in Dravidian Languages Using
Transformer-Based Embeddings

Sai Sathvik P!, Muralidhar Palli!, Keerthana NNL!, Balasubramanian Palani!,
Jobin Jose!, Siranjeevi Rajamanickam?
Department of Computer Science and Engineering, IIIT Kottayam, Kerala, India'
Dept of Computer Engineering, Govt. Polytechnic College, Trichy, India.?
(psaisathvik612,muralidharpalli12345,nnl.Keerthana)@gmail.com,

pbala@iiitkottayam.ac.in, jobin@iiitkottayam.ac.in, rajasiranjeevi@gmail.com

Abstract

Online product reviews influence customer
choices and company reputations. However,
companies can counter negative reviews by gen-
erating fake reviews that portray their products
positively. These fake reviews lead to legal
disputes and concerns, particularly because Al
detection tools are limited in low-resource lan-
guages such as Tamil and Malayalam. To ad-
dress this, we use machine learning and deep
learning techniques to identify Al-generated
reviews. We utilize Tamil BERT and Malay-
alam BERT in the embedding layer to extract
contextual features. These features are sent
to a Feedforward Neural Network (FFN) with
softmax to classify reviews as Al-generated or
not. The performance of the model is evalu-
ated on the dataset. The results show that the
transformer-based embedding achieves a bet-
ter accuracy of 95.68% on Tamil data and an
accuracy of 88.75% on Malayalam data.

1 Introduction

In today’s digital era, online reviews influence pur-
chasing decisions. Customers rely heavily on re-
views when deciding which products to buy on e-
commerce sites. However, with Al advancements,
companies started leveraging Al to enhance brand
credibility and increase awareness by posting fake
reviews, making it difficult for users to separate
fact from fiction. It’s hard to distinguish between
real and fake reviews, which spreads false infor-
mation. Detecting low-resource languages, such
as Dravidian languages, lags behind more com-
monly used languages like English and Spanish.
This study aims to detect Al-produced reviews in
Dravidian languages, mainly Tamil and Malayalam.
Using advanced NLP techniques and pre-trained
language models, our objective is to improve the
trustworthiness of online reviews and have healthy
competition within the digital marketplace.
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2 Related Work

The area of concern is the evaluation and detection
of Al-generated reviews in languages with fewer
resources, such as Tamil and Malayalam, which
shows various challenges due to their intricate mor-
phology and complicated syntactic structures.

Recent studies have explored the application of
machine learning and transfer learning models to
detect Al-generated reviews. (Kumar et al., 2024)
used models of token and paraphrase style review
generation with Term Frequency to prove their
effectiveness. (Al-Adhaileh and Alsaade, 2022)
called attention to the capabilities of Bidirectional
Long Short Term Memory (BiLSTM) networks
that outperformed the CNN in the fake review de-
tection in low-resource languages. A study by
(Abdedaiem et al., 2023) highlighted a few-shot
learning approach through sentence transformers
to detect fake news in Algerian Arabic, indicating
that a similar approach could be used for certain
Dravidian languages.

In the context of Dravidian languages, research
has predominantly focused on fake news detection,
hate speech classification, and sentiment analysis.
(Raja et al., 2023) proposed a transfer learning-
based approach with adaptive fine-tuning for detect-
ing fake news in Tamil and Malayalam, showing
that domain-adaptive fine-tuning improves perfor-
mance, (Roy et al., 2022) introduced a deep en-
semble framework for hate speech and offensive
language detection, emphasizing the necessity of
language-specific models.(Mandalam and Sharma,
2021) explored sub-word representations, word em-
beddings, and hybrid models for Tamil-English and
Malayalam-English sentiment classification, high-
lighting the impact of preprocessing and feature
engineering.

Despite these advancements, research on Al-
generated product reviews in Dravidian languages
is still lacking. This study builds upon existing



work in fake news detection, hate speech classifica-
tion, and sentiment analysis by leveraging Tamil-
BERT and Malayalam-BERT along with advanced
fine-tuning techniques. By adopting state-of-the-art
transformer-based models and optimizing prepro-
cessing strategies, this research aims to bridge the
gap in Al-generated reviews detection for these
languages.

3 Proposed Methodology

Figure 1 demonstrates the workflow of the pro-
posed architecture to determine if product reviews
can be identified in Tamil and Malayalam lan-
guages by taking advantage of transformer archi-
tectures.

3.1 Text Preprocessing

In the NLP model, preprocessing steps are cru-
cial for cleansing and standardizing input data for
pre-trained models. Initially, these steps involved
removing noise to focus on linguistic content. The
text was then segmented into sentences and to-
kenized using language-specific tokenizers from
Tamil-BERT and Malayalam-BERT.

Next, WordPiece tokenization was applied, ef-
fectively handling morphologically rich languages
like Tamil and Malayalam by decomposing infre-
quent or compound words into subwords, preserv-
ing semantic relationships. Finally, dynamic se-
quence length normalization was implemented us-
ing Hugging-Face’s DataCollatorWithPadding, ap-
plying uniform padding to each input sequence in
a batch for compatibility with the transformer ar-
chitecture while enhancing training efficiency.

3.2 Embedding Layer

Embeddings are numerical representations of tex-
tual data that transform words or phrases into dense,
continuous vector spaces. This transformation al-
lows text to be processed by machine learning and
deep learning models.

3.2.1 Classical Text Encoding

Classical text encoding methods transform textual
data into numerical representations for machine
learning models. Two widely used approaches are
Bag of Words (BoW) and Term Frequency-Inverse
Document Frequency (TF-IDF).

BoW: This model represents text as a collection
of word occurrences without considering word or-
der or context. Given a corpus, it constructs a vo-

cabulary and represents each document as a vector
of word frequencies. Formally, for a document d
in a corpus D, the BoW representation is given by

Eq.(1):

BoW(t,d) = Count(t, d) (1)

where, Count(¢, d) is the number of times term
t appears in document d. This method provides a
simple and efficient representation but lacks seman-
tic understanding.

TF-IDF: This improves upon BoW by weighting
terms based on their importance within the corpus.
The TF-IDF score for a term ¢ in a document d is
given by Eq.(2):

TF-IDF(t,d) = TF(t,d) - IDF(t)  (2)

Where:
* TF(t,d) = #% represents term fre-
quency, and

. - |D]

IDF(t) = log <1+|{deD:ted}|
how commonly a term appears across docu-
ments, reducing the weight of frequently oc-

curring words.

) accounts for

While BoW captures raw word counts, TF-IDF
enhances representation by emphasizing important
terms, making it more effective for tasks like text
classification and retrieval.

3.2.2 Transformer-Based Embedding

The transformer-based approach utilizes Tamil-
BERT and Malayalam-BERT to generate dense,
contextual embeddings through a multi-head self-
attention mechanism.

Tokenization: Input text is tokenized into sub-
words using language-specific tokenizers. For a
sequence X = [r1, 2, ..., xy], tokens are embed-
ded as in Eq.(3) as follows:

e; = We - x; + p; 3)

where W, is the embedding matrix, and p; is the
positional embedding.

Self-Attention: Relationships between tokens
are modelled using self-attention as shown in
Eq.(4):

KT
Attention(Q, K, V') = softmax (Q) V @)

Vi
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Figure 1: Proposed architecture for Al-generated review detection

where ), K,V are derived from the input em-
beddings, and d, is the key dimension. This mech-
anism enables the model to capture long-range de-
pendencies, which is essential for context-rich lan-
guages.

3.3 Classification

To categorise reviews into human or Al-written, a
Feedforward Neural Network (FFN) is employed,
which has pre-trained contextual embeddings. The
network runs the embeddings through several hid-
den layers by applying GeL.U activation for the em-
bedding ‘hidden’ layers, whereas the output layer is
trained with Softmax to generate class probabilities.
The class with a higher probability is predicted as
1 for Human and O for Al

4 Experiment

This section provides an extensive overview of the
experimental setup used for training and evaluation
and the reference data sets used in this research.

4.1 Experiment Setup

The testing was effectively carried out on Google
Colab, leveraging its resources to fine-tune trans-
former neural network models. Colab proved to be
an essential platform, meeting the strict demands
of these models. The dataset was split into training
and testing sets in an 80:20 ratio, ensuring each set
included a balanced mix of real and Al-generated
reviews. The training process employed the Hug-
ging Face Trainer API, which streamlined the au-
tomation of gradient computations, optimizations,
and evaluations, making the training highly effi-
cient.

4.2 Dataset

The dataset used in this study was sourced from
the shared task (Premyjith et al., 2025). Table 1
summarizes the datasets utilized for detecting Al-
generated reviews.

Table 1: Summary of datasets

Reviews Count
Tamil Human 403

Al 405
Malayalam Human 400

Al 400

Word Distribution The dataset reveals differ-
ences in review lengths between Al-generated and
human-written reviews. As illustrated in Figures 2a
and 2b, Al-generated reviews are generally shorter
and more concentrated around a lower word count,
while human-written reviews display a broader
distribution with longer text samples. The Tamil
dataset peaks around 10-15 words for Al-generated
reviews, whereas human-written reviews encom-
pass a wider range, often exceeding 20 words. Sim-
ilarly, the Malayalam dataset exhibits a similar pat-
tern, with Al-generated reviews clustering around
shorter lengths, while human reviews demonstrate
greater variability in length.

4.3 Evaluation Metrics

Standard metrics were employed to assess the per-
formance of the classification model: Accuracy,
Precision, Recall, F1-Score and Macro F1-Score.
These metrics offer a clear perspective on the
model’s capability to distinguish between real and
Al-generated reviews.

|TP|+ |TN|

A -
Y = TP+ ITN| + |FP| + |[FN]

®)

where ITPI = Count of true positive reviews, |FPI
= Count of false positive reviews, [FNI = Count
of false negative reviews, ITNI = Count of true
negative reviews.

TP

- 6
7P|+ |FP| ©)

Precision =

155



— Al
—— HUMAN

Frequency of Samples
N w » w [ N @
© o o o o o o

w
°

T e o

20 25

°

5

10 15
Number of words per Sample

(a) Tamil dataset

— Al
—— HUMAN

w »
o °

Frequency of samples

N
°

50

20 30 40
Number of words per Sample

(b) Malayalam dataset

Figure 2: Word Distribution on Al vs Human

TP

Recall = ————
|TP|+ |FN|

(N

Fl-score 2 x Precision * Recall )
_S p—
Precision + Recall

N
1
Macro F1-score = N Z; F1-score; 9
i

where, IV is the number of classes, and F1-score;
is the F1-score for class .

5 Results

The performance of various machine learning (ML)
models was evaluated on the test datasets for Tamil
and Malayalam reviews. Traditional ML models
such as Decision Trees (DT), Random Forests (RF),
Support Vector Machines (SVM), and Naive Bayes
(NB) were implemented, along with Tamil BERT
and Malayalam BERT for the respective languages.
These models were assessed using standard met-
rics.

From Table 2, we observe that the FFN clas-
sifier with BERT embeddings outperforms other
models in both Tamil and Malayalam, achieving
the highest accuracy of 95.68% and 88.75%, re-
spectively. This demonstrates the effectiveness
of transformer-based embeddings in capturing the
complex linguistic structures of these languages.
While traditional machine learning models with
TF-IDF and BoW embeddings perform adequately,
they lag behind deep learning approaches. Among
traditional models, the RF classifier performs bet-
ter for Tamil, while NB shows relatively stronger
results for Malayalam.

However, both remain inferior to the FFN-BERT
model, highlighting the advantage of deep con-
textualized embeddings in handling the linguistic

complexities of Tamil and Malayalam language.
The code for implementing this experiment can be
found on GitHub.

6 Conclusion

This study focuses on detecting Al-generated
product reviews in Tamil and Malayalam using
transformer models, specifically Tamil-BERT and
Malayalam-BERT, in addition to traditional ML
approaches. The BERT models outperformed tra-
ditional ML models. Robust preprocessing tech-
niques and accessible datasets form a solid foun-
dation for identifying Al-generated content in low-
resource languages. This framework enhances
the credibility of user-generated reviews and sup-
ports NLP resource development, advancing re-
search in the identification of Al-generated reviews
across Tamil and Malayalam languages. The model
achieves 95.68% accuracy on Tamil and 88.75%
on Malayalam datasets.

Limitations

This study faces limitations due to the small
dataset size for both languages, which may im-
pact model performance. As low-resource lan-
guages, Tamil and Malayalam have limited rep-
resentation of offensive and misogynistic words
in available corpora, which constrains the effec-
tiveness of BERT models. Additionally, models
like XLM-RoBERTa and IndicBert, trained on sig-
nificantly larger datasets, with more tokens and
parameters than BERT-based models, could offer
improved results, especially for mixed-code texts.
To overcome these limitations, future work will
focus on expanding datasets, incorporating multi-
lingual models, and enhancing linguistic diversity
to improve Al-generated review detection in Dra-
vidian languages.
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Table 2: Comparison of the proposed model with other models

Classifier TE Tamil Malayalam
Acc P R F1 F1Ma™  Acc P R F1 F1Macro
NB TF-IDF  0.8086 0.8261 0.7500 0.7862 0.8065 0.8187 0.8000 0.8500 0.8242 0.8185
BOW 0.7963  0.8209 0.7237 0.7692 0.7934 0.8186 0.8000 0.8500 0.8243 0.8186
DT TE-IDF  0.8334 0.8356 0.8026 0.8188 0.8323 0.6937 0.6867 0.7125 0.6993  0.6936
BOW 0.8641 0.8552 0.8552 0.8552 0.8636 0.6875 0.7027 0.6500 0.6753  0.6870
SVM TE-IDF  0.8765 0.8590 0.8816 0.8701 0.8762 0.7750 0.7895 0.7500 0.7692  0.7749
BOW 0.8580 0.8442 0.8553 0.8496 0.8575 0.7563 0.7971 0.6875 0.7383  0.7551
RF TE-IDF  0.8951 0.9041 0.8684 0.8859 0.8943 0.7812 0.7922 0.7625 0.7770 0.7811
BOW 0.8704 0.8235 0.9210 0.8695 0.8703 0.7937 0.79012 0.8000 0.7950  0.7937
FFN BERT  0.9568 0.9568 0.9568 0.9568 0.9566 0.8875 0.8897 0.8875 0.8873 0.8873

Abbreviations: TE — Text Embedding, Acc — Accuracy, P — Precision, R — Recall.
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Abstract

Hate speech detection in multilingual and code-
mixed contexts remains a significant chal-
lenge due to linguistic diversity and overlap-
ping syntactic structures. This paper presents
a study on the detection of hate speech in
Tamil and Malayalam using transformer-based
models. Our goal is to address underfit-
ting and develop effective models for hate
speech classification. We evaluate several pre-
trained models, including MuRIL and XLM-
RoBERTa, and show that fine-tuning is cru-
cial for better performance. The test results
show a Macro-F1 score of 0.7039 for Tamil
and 0.6402 for Malayalam, highlighting the
promise of these models with further improve-
ments in fine-tuning. We also discuss data
preprocessing techniques, model implemen-
tations, and experimental findings. Our full
experimental codebase is publicly available
at:  github.com/ciol-researchlab/NAACL25-
NLPops-Classification-Abusive-Text.

1 Introduction

The increasing prevalence of hate speech on social
media platforms has become a significant concern,
particularly with the rise of abusive content target-
ing women (Li, 2024; Udupa, 2018). Such hate
speech is often propagated in various forms, in-
cluding verbal abuse, harassment, and misogyny,
which poses a serious threat to online safety (Jane,
2017; Gupta et al., 2024). Social media, with its
large-scale and unregulated nature, has become a
fertile ground for such harmful content. As a re-
sult, there is an urgent need for robust and accurate
hate speech detection systems to identify and miti-
gate abusive content, especially against vulnerable
groups like women (Sap et al., 2019). In particular,
the need for automated detection tools has become
crucial, as human moderation is often insufficient
to handle the volume of content being generated
daily (Atapattu et al., 2020). The classification of
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Figure 1: Model architecture, containing tokenizer, pre-
trained model, classifier and other components

abusive text targeting women is therefore a key
component in creating safer and more inclusive
online spaces.

Despite the growing importance of hate speech
detection, research in this field remains limited for
low-resource languages such as Tamil and Malay-
alam (V and N, 2024a; Esackimuthu and Balasun-
daram, 2023; Priyadharshini et al., 2023a). While
substantial progress has been made in detecting
hate speech in English, there is a lack of sufficient
resources, annotated datasets, and models tailored
for languages with complex syntactic structures
(Gupta et al., 2024).

Tamil and Malayalam, in particular, pose unique
challenges due to their linguistic diversity, the fre-
quent occurrence of code-mixed content, and the
absence of large, domain-specific datasets (Singhal
and Bedi, 2024). Moreover, existing models often
struggle to generalize well to these languages, lead-
ing to issues such as underfitting and poor perfor-
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mance. The lack of dedicated tools for hate speech
detection in these languages means that they re-
main underrepresented in the broader landscape of
NLP research, which directly impacts the ability
to effectively address online abuse in these regions
(Nkemelu et al., 2022). Addressing this gap is criti-
cal for ensuring that hate speech detection systems
are inclusive and can effectively detect harmful
content in under-resourced languages.

This paper aims to bridge the gap in hate
speech detection by tackling the 2nd shared task
of The Fifth Workshop on Speech, Vision, and
Language Technologies for Dravidian Languages
(DravidianLangTech-2025) at NAACL 2025, for
Tamil and Malayalam by systematically evaluating
state-of-the-art transformer models, such as Tamil-
Codemixed-Abusive-MuRIL and XLLM-RoBERTa,
for detecting abusive text targeting women. We
implement various preprocessing techniques, in-
cluding text cleaning, label encoding, and tokeniza-
tion, to optimize the datasets for training and im-
prove model accuracy. Through extensive exper-
iments, we identify the challenges posed by un-
derfitting and limited generalization, offering valu-
able insights into how these models can be im-
proved for low-resource languages. Additionally,
we conduct ablation studies to examine the impact
of hyperparameter tuning, sequence length, and
model architecture on detection accuracy. Our find-
ings highlight the importance of language-specific
fine-tuning and preprocessing in overcoming the
limitations of pre-trained models, paving the way
for future advancements in hate speech detection
for Tamil and Malayalam and contributing to the
development of more effective NLP tools for low-
resource languages.

2 Problem Description

Problem Statement. Hate speech detection is typ-
ically approached as a classification task, where
the goal is to classify text as either hate speech
or non-hate speech (Saha et al., 2021a; Rajiakodi
et al., 2025). However, for languages like Tamil
and Malayalam, this task becomes particularly
challenging due to the scarcity of large, labeled
datasets and the underperformance of existing mod-
els, which often suffer from issues like underfit-
ting (Pathak et al., 2021). The lack of sufficient
resources, combined with the complex linguis-
tic structures of these languages, makes effective
detection difficult. To address these challenges,

this work aims to explore and evaluate various
transformer-based models that can potentially over-
come these limitations and enhance classification
results (Chakravarthi, 2020; Pokrywka and Jassem,
2024). The dataset used in this study is a collec-
tion of abusive Tamil and Malayalam text targeting
women on social media, provided by Dravidian-
LangTech@NAACL 2025 (M K and A P, 2021;
Priyadharshini et al., 2022, 2023b; Rajiakodi et al.,
2025).

3 System Description

3.1 Data Pre-processing

In this study, we employed a comprehensive data
preprocessing methodology to optimize the dataset
for effective training and evaluation (M K and
A P, 2021). The main steps in our preprocess-
ing pipeline involved loading and cleaning the data,
encoding the labels, and preparing the text for to-
kenization. These steps were crucial to ensure
that the dataset was well-suited for the transformer-
based models we aimed to evaluate.

To begin, we loaded the training, validation, and
test datasets into pandas DataFrames for efficient
manipulation and analysis (Wes McKinney, 2010).
This approach allowed us to easily handle and pre-
process the data. We paid close attention to miss-
ing or corrupted values, which we addressed by
cleaning and preprocessing the data to maintain
consistency and integrity (V and N, 2024a). After
ensuring that the dataset was clean, we moved on to
the label encoding process. The categorical labels
in the dataset were converted into numerical labels
using a dictionary mapping, where each unique la-
bel was assigned a specific integer identifier. This
encoding process was applied consistently across
both the training and validation datasets, ensuring
compatibility with the machine learning models
(Pedregosa et al., 2012).

The final step in our preprocessing pipeline was
the preparation of the text data itself. We imple-
mented a straightforward cleaning procedure to
address any missing text entries and remove un-
desirable characters, which could otherwise inter-
fere with the model’s performance (Pathak et al.,
2021). We then tokenized the cleaned text us-
ing the tokenizer that accompanies the pre-trained
models we selected, ensuring compatibility with
the transformer-based architectures (Vaswani et al.,
2017).

To maintain consistency across the samples, in-
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put sequences were padded and truncated to a
fixed length of 128 tokens. Additionally, to op-
timize computational efficiency, the pre-trained
models were used to extract text embeddings in
a no-gradient context (Wolf et al., 2020). By fol-
lowing these preprocessing steps, we ensured that
the dataset was properly formatted for training and
could be processed efficiently by the transformer-
based models we were using.

3.2 Models

For hate speech detection in Tamil and Malayalam,
we utilized a range of pre-trained models, each se-
lected for its relevance to the task and the specific
linguistic characteristics of these languages. In
Tamil, we employed Hate-speech-CNERG/tamil-
codemixed-abusive-MuRIL, a model fine-tuned
on Tamil code-mixed and abusive data, which was
tailored to detect hate speech in the Tamil language.
Additionally, we used cardiffnlp/twitter-roberta-
base-hate, a variant of the RoOBERTa model trained
specifically for hate speech detection across differ-
ent languages, including Tamil. Another model,
Hate-speech-CNERG/deoffxlmr-mono-tamil, is
a multilingual model fine-tuned for Tamil, aiming
to leverage cross-linguistic knowledge while focus-
ing on the unique features of Tamil. Lastly, we
utilized pysentimiento/bertweet-hate-speech, a
model fine-tuned on Twitter hate speech data, to
provide further insights into detecting abusive con-
tent in Tamil.

For Malayalam, we relied on Hate-speech-
CNERG/malayalam-codemixed-abusive-
MuRIL, a model fine-tuned specifically for
Malayalam hate speech detection, including
code-mixed content, which is common in
online communication. We also used Hate-
speech-CNERG/deoffxlmr-mono-malayalam,
a multilingual model fine-tuned for Malayalam,
designed to capture both language-specific nuances
and leverage knowledge from other languages.
In addition, mohamedarish/BERT-malayalam-
sentiment-13cube, a model pre-trained on
Malayalam sentiment analysis data, was used to
complement the hate speech detection models by
understanding the sentiment aspect of the content.
These models provided a diverse set of approaches,
addressing the challenges of detecting hate
speech in both Tamil and Malayalam, including
code-mixing and language-specific complexities.

Our full experimental codebase is publicly avail-
able at: github.com/ciol-researchlab/NAACL25-

NLPops-Classification-Abusive-Text.

3.3 Implementation Details

For this study, we utilized publicly available
datasets for Tamil and Malayalam hate speech de-
tection, with a focus on optimizing the data prepro-
cessing pipeline to enhance model training. The
preprocessing steps involved cleaning the data, han-
dling missing or corrupted values, encoding cate-
gorical labels, and tokenizing the text using the
tokenizers associated with each pre-trained model.

To ensure consistency across the datasets, input
sequences were padded and truncated to a maxi-
mum length of 128 tokens. Multiple transformer-
based models, such as Tamil-Codemixed-Abusive-
MuRIL, XLM-RoBERTa, and Twitter-RoBERTa,
were fine-tuned for 60 epochs using a learning rate
of 0.001, a batch size of 8, and a dropout rate of
0.3. These hyperparameters were specifically cho-
sen to address issues of underfitting and enhance
the models’ generalization capabilities. All exper-
iments were conducted using the Hugging Face
Transformers library, and GPU acceleration was
employed to improve computational efficiency, en-
abling faster training and evaluation of the models.

4 Experimental Findings

4.1 Training and Validation Results

The performance of the models presented in Table
1 for Tamil and Malayalam hate speech detection
shows a mix of results, with some models perform-
ing better in terms of validation accuracy and others
in terms of precision, recall, and F1 score.

4.2 Tamil

For Tamil, the tamil-codemixed-abusive-MuRIL
model achieved the highest training accuracy of
74.62%, but its precision, recall, and F1 score were
relatively lower, hovering around 0.49. Despite
this, its validation performance was better, with a
validation accuracy of 72.58% and higher precision,
recall, and F1 scores, indicating that the model gen-
eralized well. The twitter-roberta-base-hate model,
with a training accuracy of 63.87%, showed con-
sistent validation performance with an accuracy of
66.22%, but it struggled in precision, recall, and
F1 score, all of which were below the expected
range. This suggests that it may be misclassify-
ing some instances or facing challenges with class
imbalance.
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Table 1: Performance of Models for Tamil and Malayalam Hate Speech Detection on Training and Validation

Model Train Accuracy Train Precision Train Recall Train F1 Val Accuracy Val Precision Val Recall Val F1
tamil-codemixed-abusive-MuRIL 0.7462 0.4974 0.4976 0.4975 0.7258 0.7264 0.7275 0.7256
twitter-roberta-base-hate 0.6387 0.4288 0.4270 0.4250 0.6622 0.6626 0.6634 0.6619
deoffxImr-mono-tamil 0.7380 0.4920 0.4922 0.4921 0.7408 0.7408 0.7420 0.7405
bertweet-hate-speech 0.5849 0.4002 0.3925 0.3828 0.5803 0.5763 0.5738 0.5728
malayalam-codemixed-abusive-MuRIL 0.6788 0.6803 0.6802 0.6788 0.6995 0.7005 0.7005 0.6995
deoffxImr-mono-malayalam 0.5496 0.5635 0.5569 0.5405 0.5676 0.5672 0.5630 0.5583
BERT-malayalam-sentiment-13cube 0.6430 0.6447 0.6387 0.6373 0.6804 0.6849 0.6828 0.6800

The deoffximr-mono-tamil model performed sim-
ilarly to tamil-codemixed-abusive-MuRIL, with a
training accuracy of 73.80%, but with a slightly bet-
ter validation accuracy of 74.08%. Precision, recall,
and F1 scores for this model also indicated solid
generalization to the validation set. The bertweet-
hate-speech model, on the other hand, showed the
lowest performance across both training and valida-
tion metrics, with training accuracy at just 58.49%
and validation accuracy at 58.03%. Its low preci-
sion and recall values suggest that the model has
difficulty in distinguishing hate speech from non-
hate speech in both languages.

4.3 Malayalam

For Malayalam, the malayalam-codemixed-
abusive-MuRIL model showed solid performance
with a training accuracy of 67.88% and a validation
accuracy of 69.95%. This model’s precision, recall,
and F1 scores were consistent with its validation
accuracy, indicating balanced predictions. The
deoffxlmr-mono-malayalam model exhibited the
lowest training accuracy (54.96%) and performed
poorly in precision, recall, and F1, which suggests
it struggled to detect hate speech effectively.
However, it showed slight improvements in
validation performance, with an accuracy of
56.76%. The BERT-malayalam-sentiment-13cube
model performed relatively well, with a training
accuracy of 64.30% and a validation accuracy
of 68.04%. It also demonstrated relatively high
precision, recall, and F1 scores, making it one
of the more reliable models for Malayalam hate
speech detection.

Overall, the models in both languages performed
better on the validation set, highlighting that, de-
spite some challenges in training accuracy and
precision-recall trade-offs, the models were able
to generalize well. The relatively poor precision
and recall scores across many models suggest that
further refinements, especially with regard to han-
dling class imbalances, may be necessary for these
models to become more reliable in detecting hate

Table 2: Submission Results on Test Data

Language Macro-F1 Task Mean MF1 Task Median MF1
Tamil 0.7039 0.5924 0.5826
Malayalam 0.6402 0.6365 0.6618

speech in Tamil and Malayalam.

4.4 Test Results

Table 2 presents the submission results on the test
data for Tamil and Malayalam hate speech detec-
tion, showing macro F1 scores along with the task
mean and median F1 scores. For Tamil, the model
achieved a macro F1 score of 0.7039, with a task
mean of 0.5924 and a median of 0.5826, indicat-
ing decent performance but room for improvement
in consistency across tasks. For Malayalam, the
macro F1 score was 0.6402, with a task mean of
0.6365 and a higher median of 0.6618, suggesting
better overall consistency and more reliable perfor-
mance in the Malayalam task. The lower mean and
median scores for Tamil compared to Malayalam
highlight the challenges faced in the Tamil hate
speech detection task.

5 Concluding Remarks

This paper concludes that while transformer-based
models show promising potential for hate speech
detection in both Tamil and Malayalam, several
challenges remain that hinder optimal performance.
The persistent issue of underfitting across models
highlights the need to address data scarcity, lin-
guistic diversity, and the complexities associated
with code-mixed text. Although ensemble learn-
ing, advanced preprocessing, and fine-tuning have
demonstrated some promise, their impact is lim-
ited without large, balanced datasets and domain-
specific adaptations. This study underscores the
critical need for dedicated research efforts focused
on Tamil and Malayalam to fully leverage the ca-
pabilities of these models, particularly in capturing
the nuances of hate speech in these languages.
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Limitations

The main limitation of this study is the reliance on a
relatively small and imbalanced dataset, which con-
tributes to underfitting in model performance. The
complexity of code-mixed text and the linguistic
diversity in Tamil and Malayalam further compli-
cate the detection of hate speech. Additionally,
the models used in this study lack domain-specific
pretraining, which could enhance their ability to
detect subtle forms of hate speech. Lastly, the gen-
eralizability of the findings may be limited by the
specific nature of the data and models tested.

Broader Impact Statement

The findings of this study have significant impli-
cations for improving hate speech detection in
low-resource languages, particularly for Tamil and
Malayalam. By addressing the challenges of under-
fitting, data scarcity, and linguistic diversity, this
work contributes to the development of more ro-
bust models that can ensure safer online spaces.
The advancements in hate speech detection can
be extended to other underrepresented languages,
promoting inclusivity and reducing online harm.
Furthermore, these models can aid in the broader
efforts to combat hate speech globally, fostering
healthier digital interactions.
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A Appendix
A.1 Dataset Details

The dataset used in this study is a collection
of abusive Tamil and Malayalam text targeting
women on social media, provided by Dravidian-
LangTech@NAACL 2025 (M K and A P, 2021;
Priyadharshini et al., 2022, 2023b). The dataset
contains a significant amount of mixed and abusive
code content. While it is relatively large and di-
verse, the models trained on this data exhibited
underfitting, indicating that the complexities of
these languages, combined with the lack of domain-
specific pre-training, may be contributing factors
to the poor model performance (V and N, 2024b).
This underfitting was observed across all models,
with performance metrics such as precision, recall,
and F1 score falling short of expected results (Alam
et al., 2024; Saha et al., 2021b).

A.2 Error Analysis

To understand the limitations of our models in de-
tecting hate speech in Tamil and Malayalam, we
conducted a thorough error analysis by examining
common misclassification patterns, confusion ma-
trices, and class-wise performance metrics. This
analysis helps in identifying systematic errors,
their underlying causes, and potential improve-
ments.

A.3 Confusion Matrix Analysis

We computed the confusion matrices for both Tamil
and Malayalam test datasets to analyze the distri-
bution of misclassifications. The confusion matrix
provides insights into the model’s strengths and
weaknesses by categorizing predictions into True
Positives (TP), False Positives (FP), False Nega-
tives (FN), and True Negatives (TN).

A.3.1 Common Error Patterns

Upon qualitative examination of misclassified in-
stances, we observed the following error patterns:

A.3.2 Improved Precision but Persistent False
Positives (Tamil)
¢ The Tamil model misclassified 120 non-
abusive texts as abusive, which is an im-
provement over previous iterations but still
notable.

* The model still struggles with borderline cases
where sentiment is negative but not necessar-
ily abusive.

A.3.3 Class Imbalance Impact

* The dataset has more non-hate speech exam-
ples than hate speech, leading the model to
favor the majority class.

* The model exhibits higher precision and re-
call for hate speech, meaning it captures
more abusive statements than before but still
makes errors.

A.3.4 Contextual Challenges in Code-Mixed
Inputs
e Tamil and Malayalam models still struggle
with detecting hate speech in code-mixed con-
tent.

» Example: “Idiot girls always think they are
right... so annoying.”

— Model prediction: Non-hate speech
— Actual label: Hate speech

A.3.5 Performance Breakdown by Class

To further analyze the model’s behavior, we com-
puted class-wise Precision, Recall, and F1-score
for Tamil and Malayalam datasets in Table 3

A.3.6 Recommendations for Improvement

To further mitigate these errors and enhance model
performance, we propose the following solutions:

* Advanced Context-Aware Training

— Utilize contextual embeddings to help
models understand indirect hate speech.

— Integrate sentiment-aware pretraining
to distinguish negative sentiment from
actual abusive content.

* Lexicon-Driven Filtering for Code-Mixed
Texts

— Implement language-specific lexicons
to enhance model performance on Tamil
and Malayalam hate speech.

— Improve handling of sarcasm and im-
plicit abuse using rule-based sentiment
classifiers.

* Fine-Tuning with Class-Balanced Loss
Functions

— Adjust loss function weighting to im-
prove non-hate speech detection while
maintaining hate speech recall.
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Table 3: Model Performance

Language Class Precision Recall F1-score

Tamil (Accuracy: 74.62%) Non-Abusive (0) 0.71 0.75 0.73
Abusive (1) 0.76 0.69 0.72

Malayalam (Accuracy: 67.88%) Non-Abusive (0) 0.65 0.62 0.64
Abusive (1) 0.69 0.72 0.70

Table 4: Dataset Statistics

Dataset Total Samples
Malayalam (Train) 2933
Malayalam (Dev) 629
Tamil (Train) 2790
Tamil (Dev) 598

Table 5: Class Distribution for Malayalam (Train)

Class Malayalam (Train)
Abusive 1531
Non-Abusive 1402

— Experiment with contrastive learning to
enhance class separability.

* Ensemble-Based Approaches

— Combine transformer-based models
with traditional ML techniques (SVM,
LSTM, CNN) to improve classification.

— Use meta-learning techniques to dy-
namically adapt to classification chal-
lenges in low-resource languages.
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Table 6: Class Distribution for Malayalam (Dev)

Class Malayalam (Dev)
Non-Abusive 326
Abusive 303

Table 7: Class Distribution for Tamil (Train)

Class Tamil (Train)
Non-Abusive 1424
Abusive 1365
abusive 1

Table 8: Class Distribution for Tamil (Dev)

Class Tamil (Dev)
Non-Abusive 320
Abusive 278

Table 9: Confusion Matrix for Tamil Model

Predicted \Actual Hate Speech Non-Hate Speech
Hate Speech 250 110
Non-Hate Speech 120 285

Table 10: Confusion Matrix for Malayalam Model

Predicted Actual Hate Speech Non-Hate Speech

Hate Speech
Non-Hate Speech

230 140
135 225
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Abstract

The rise of Generative Al has led to a surge
in Al-generated reviews, often posing a
serious threat to the credibility of online
platforms. Reviews serve as the primary source
of information about products and services.
Authentic reviews play a vital role in consumer
decision-making. The presence of fabricated
content misleads consumers, undermines
trust and facilitates potential fraud in digital
marketplaces. This study focuses on detecting
Al-generated product reviews in Tamil and
Malayalam, two low-resource languages
where research in this domain is relatively
under-explored. We worked on a range of
approaches - from traditional machine learning
methods to advanced transformer-based
models such as Indic-BERT, IndicSBERT,
MuRIL, XLM-RoBERTa and Malayalam-
BERT. Our findings highlight the effectiveness
of leveraging the state-of-the-art transformers
in accurately identifying Al-generated content,
demonstrating the potential in enhancing the
detection of fake reviews in low-resource
language settings.

Keywords: Al-Generated review detection,
classification, Dravidian Languages, NLP, Trans-
formers, IndicSBERT, MuRIL, Malayalam-BERT

1 Introduction

In recent years, rapid advancements in artificial in-
telligence (Al) have significantly transformed vari-
ous domains, including online content generation.
Among these, the rise of Al-generated product re-
views has become a major concern. These reviews,
often hard to tell apart from human-written ones,
threaten the trust and reliability of online platforms
by influencing consumer opinions and disrupting
market fairness. Since most consumers rely heav-
ily on reviews before purchasing a product, it is
essential that they differentiate between human-
written and Al-generated reviews before coming
to a decision. Investigations have identified apps
with thousands of five-star ratings, many of which
are convincingly crafted by Al. A 2023 analysis of
around a million reviews revealed that 25% of top

apps in popular categories on Google Play and 17%
on the i0OS App Store had suspicious reviews. Dou-
ble Verify’s Fraud Lab reported a threefold increase
in apps with Al-powered fake reviews in 2024 com-
pared to the same period in 2023 (Koetsier, 2024).
In response to the growing issue, companies like
Amazon have stated that it is using advanced Al
to detect inauthentic product reviews (Economic-
Times, 2023).

While Al-powered review detection has ad-
vanced significantly for English, research in Dra-
vidian languages remains limited. With a grow-
ing number of online shoppers relying on local-
language reviews, there is a clear need for effective
detection systems. The challenge is further ampli-
fied by the prevalence of code-mixed content such
as Tamil written in Roman script, English words in
Tamil script, intra-sentential switching, etc. - which
is common in product reviews. Variations in lin-
guistic features including syntax, morphology, lex-
icon, make the process more complex. Developing
robust detection systems for Dravidian languages
could help address these challenges & better serve
the Dravidian community. Such systems could
serve as a valuable use case for integration into
e-retail platforms, thereby improving transparency
and trust in online marketplaces.

This study! contributes to the domain in the fol-
lowing aspects:

* We explore a range of ML, DL and SoTA
transformer models to determine effective
methods for detecting Al-generated reviews
in the given dataset.

* We analyze & provide insights into the
strengths, drawbacks of each model & per-
form a detailed error analysis.

'The data & codes are publicly available at https:
//github.com/somsubhral4/dravlangtech_
ali-gen-prod-rev
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2 Related Work

With LLMs like ChatGPT becoming commonplace,
human and Al-generated texts are increasingly
blending together in areas such as news, reviews,
and social media, making it increasingly harder
to distinguish between them as LL.Ms continue to
improve. The study (Fraser et al., 2024) exam-
ines the data collection process for datasets used
in Al and human-generated text detection, refer-
encing (Su et al., 2024; TUM, 2023), pointing
out that these are carefully curated and controlled
rather than being organically sourced from online
sources. The issue ties back to the fundamental
challenge of the lack of a tool capable of defini-
tively distinguishing between these two types of
text. As a result, researchers have had to rely on
pre 2020(before widespread adoption of LLMs)
texts as human-labeled data and generate Al text
themselves. The study further notes that Al text
detection tools such as GPTZero, Originality.ai
and CopyLeaks exist, but none of these provide
a definitive solution at this point. Instead, the most
reliable approach, recommended in the study, is
to aggregate the various tools’ result to obtain a
reliable outcome. Given that this is the state of
detection for English, the challenge is even greater
for low-resource languages like Tamil and Malay-
alam, where even fewer datasets are available for
research.

While quite a few studies have focused on NLP
in Dravidian languages (Chakravarthi et al., 2023,
2024), the application to product reviews is still
a relatively new area. There are few studies that
specifically focus on human and Al-text detection
in Tamil or Malayalam. A related study, with some
similarity (Farsi et al., 2024) focused on the de-
tection of fake news in Malayalam, where Task-1
involved the binary classification of the news into
original or fake category. It explored various mod-
els, ranging from ensemble methods to deep learn-
ing and transformer-based models. Although it
was the transformer models that achieved the high-
est performance- MuRIL-BERT, Indic-SBERT, and
XLM-R recorded the highest F1 score of 0.86. In
contrast, the deep learning model performed least
effectively.

(Singhal and Bedi, 2024) used XLLM-RoBERTa-
large for a multi-class sentiment analysis of code-
mixed Tamil, where it achieved an F1-score of
0.21. The study identified it as their best perform-
ing model. The model was then fine tuned for 20

epochs, with maximum sequence length of 512,
using the Adam optimizer and cross entropy loss
as the loss function.

Similarly, while deep learning models had the
least performance in (Farsi et al., 2024), (He et al.,
2017) showcased that a combination of BiILSTM-
CNN gave a higher Fl-score than individual DL
models, when used on a dataset comprising of En-
glish tweets.

3 Task & Dataset Description

This binary classification task aims to distinguish
between two categories of reviews: Al-generated
(AI) and human-written (HUMAN). The detailed
distribution of the datasets provided by (Premjith
et al., 2025) is presented in Table 1. As observed,
the label distribution is even, with no signs of class
imbalance.

Language Dataset Classes  Total
Al HUMAN
Tamil Train 405 403 808
Test 48 52 100
Malayalam Train 400 400 800
Test 100 100 200

Table 1: Dataset distribution for Tamil and Malayalam
product reviews

4 Methodology

4.1 Pre-processing & Feature Extraction for
DL & ML Approach

The following steps were applied to the raw text:
data cleaning (HTML tags, punctuation, digits and
extra whitespaces were removed using regular ex-
pressions), tokenization (text was tokenized into
words for word-level analysis), and label encod-
ing (target labels were converted into numerical
labels using LabelEncoder). For feature extraction,
TF-IDF (Tfidf Vectorizer transformed the text into
numerical vectors representing the importance of
words in the document, with up to 5000 features
including unigrams and bigrams) and Word2Vec
embeddings (a Word2Vec model trained on the text
data generated 100-dimensional word vectors, and
an average vector was computed for each docu-
ment) were applied. These features were combined
into a single matrix to provide a richer represen-
tation of the text data and scaled using Standard-
Scaler to normalize the values, enhancing the per-
formance of scale-sensitive models.
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4.2 Model Training
4.2.1 Transformers

We applied several pre-trained transformer mod-
els which include Indic-BERT (Kakwani et al.,
2020), IndicSBERT (Deode et al., 2023), MuRIL
(Khanuja et al., 2021), XLM-RoBERTa (Conneau
et al., 2020) and Malayalam-BERT (Joshi, 2023).
Al4Bharat’s Indic-BERT (Bidirectional Encoder
Representations from Transformers) is a multilin-
gual transformer model pre-trained on 12 major
Indic languages, designed to capture language-
specific nuances. The Indic sentence BERT (In-
dicSBERT) is a simplified variant of BERT tailored
for 10 Indian languages, optimized for sentence-
level understanding. Google’s MuRIL (Multilin-
gual Representations for Indian Languages)-base-
cased is a transformer model trained on a large cor-
pus of text data from 17 Indian languages, enhanc-
ing both language understanding and contextual
embeddings. XLM-R is a multilingual transformer
model built on the ROBERTa architecture, designed
for cross-lingual understanding. It is trained on
a massive amount of data across 100 languages,
making it highly effective for various multilingual
NLP tasks. Malayalam-BERT is a pre-trained trans-
former model specifically fine-tuned for Malay-
alam.

For each model, the AutoTokenizer from the Hug-
ging Face? library was used to tokenize the text data
automatically based on the specific model’s archi-
tecture. The maximum sequence length was set to
128, and a batch size of 16 was used. The mod-
els were fine-tuned on 80% of the train set (with
random state = 42) for 3 epochs with a learning
rate of 2¢~° and weight decay of 0.01. We’ve used
Google Colab free version T4 GPU for running
the experiments. Weights & Biases (wandb) was
used for experiment tracking, logging metrics and
visualizing model performance during training.

4.2.2 DL Models

CNN+BIiLSTM: The Convolutional Neural Net-
work (CNN) layer captures local patterns and n-
grams with 128 filters and a kernel size of 5, ap-
plying ReLU activation to introduce non-linearity
- this layer helps the model learn spatial features
from the input text. The following MaxPooling1D
layer reduces the dimensionality, helping to retain
only the most significant features. The Bidirec-
tional Long Short-Term Memory (BiLSTM) layer

https://huggingface.co

captures both forward and backward dependencies
in the text, helping to understand word context.
Dropout layers with a rate of 0.5 are applied af-
ter the LSTM and Dense layers for regularization.
Finally, a GlobalAveragePoolingID layer reduces
the BiLSTM output to a fixed-size vector, which
is then passed through a Dense layer with 64 units
and ReL.U activation. The output layer is a Dense
layer with softmax activation to produce class prob-
abilities for multi-class classification. The model
was trained on 80% of the train set using the Adam
optimizer (learning rate: 1e~3) and sparse categor-
ical cross-entropy loss over 15 epochs for both the
Tamil & Malayalam datasets respectively with a
batch size of 32.

4.2.3 Traditional Approaches

We trained Support Vector Machine (SVM) using
Grid Search with 5-fold cross-validation to find
the optimal combination of the hyper-parameters
(kernel types - ‘linear’, ‘rbf’, ‘poly’, ‘sigmoid’, reg-
ularization parameter C values: [0.1, 1, 10, 100] &
kernel coefficient gamma - ‘scale’, ‘auto’). Also,
Random Forest with 100 estimators was trained
on the feature set. XGBoost classifier, a gradient
boosting algorithm, was trained with 100 estima-
tors and learning rate of 0.1. We then combined
both RF and XGBoost using a VotingClassifier for
a soft voting.

5 Results

5.1 Quantitative Analysis

The macro-avg. F1-score’ is utilized as the primary
metric to assess the overall effectiveness of the
system. Table 2 presents a detailed comparison of
the performance across all models and approaches
evaluated in this study.

For Task-1 (Tamil), IndicSBERT outperforms
all models with the highest F1-score (96%). IndicS-
BERT builds on multilingual BERT by fine-tuning
it for cross-lingual sentence representation learn-
ing. This simple yet effective approach without
explicit cross-lingual training enhances its ability
to capture linguistic properties across languages.

Indic-BERT, MuRIL and XLM-RoBERTa
demonstrate strong results but slightly lower than
IndicSBERT. The Random Forest and XGBoost
ensemble approach shows a relatively promising re-
sult however struggles with the Malayalam dataset,

*https://scikit-learn.org/l.5/modules/
generated/sklearn.metrics.fl_score.html
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which might hint at challenges with the complexity
of Malayalam. CNN+BiLSTM performs decently
but lags behind transformer models. Malayalam-
BERT outperforms in the Malayalam task with an
impressive 92% F1-score. This improved version
of BERT was fine-tuned by (Joshi, 2023) on pub-
licly available monolingual Malayalam datasets, as
existing multilingual models did not perform as
well on downstream tasks. IndicSBERT is again
the top performer along with MuRIL. Interestingly,
the XLM-RoBERTa-base model achieved a perfect
precision & recall (1.0) for the human & Al classes
respectively, resulting in zero false positives for hu-
man class and zero false negatives for Al-generated
text. This means the model accurately identified
all Al-generated texts. Whenever a text was classi-
fied as human-written, the prediction was always
correct. Such performance is typically seen in im-
balanced datasets where the model tends to favor
the dominant class. However, this was not the case
here, as both the training & test data samples had
only two instances extra, from either class. The
model made errors in six specific cases (shown in
fig 3). In each case, the model misclassified human-
written texts as Al-generated. This suggests that
while the model could learn distinct patterns in
Al-generated data, human written texts with their
more diverse styles, might have been harder to cat-
egorize. The MuRIL model also demonstrated a
similar trend during validation, where it produced
comparable results.

Coming to the DL models and traditional meth-
ods, the results shown in table 6 indicate that the
SVM model did well on both datasets, with macro-
F1 scores of 0.85 and 0.77 in validation. However,
its performance dropped on the test set, indicat-
ing some overfitting. The CNN+BiLSTM model
showed a contrasting trend, with a relatively lower
validation F1 but a significant improvement on the
Tamil test set. However, the model struggled with
generalization in Malayalam. The ensemble classi-
fier experienced a performance drop in Malayalam
on the test set, while maintaining strong results in
Tamil.

5.2 Qualitative Analysis

We analyzed the characteristics of Al-generated
and human-written product reviews on the train
& test sets (Tables 3, 4), focusing on their lin-
guistic differences, common patterns & sources
of misclassification. A clear difference between
the two categories is their length and complexity.

In Malayalam, Al-generated reviews have a lower
average word count compared to human-written
reviews. A similar trend is observed in sentence
length where Al-generated reviews tend to have
shorter and more direct sentences compared to hu-
man reviews. However, in Tamil, this pattern is
reversed - Al-generated reviews are significantly
longer. This suggests that Al-generated content
in Tamil may be overly descriptive compared to
human reviews, which are often brief and to the
point.

Interestingly, Al-generated Malayalam reviews
have higher lexical diversity than human-written
ones. This suggests that Al-generated reviews may
use a broader vocabulary or introduce uncommon
words that are less typical in natural user reviews.
The opposite is observed in Tamil, where human
reviews show higher lexical diversity compared to
Al-generated reviews. We analyzed the false pos-
itives and false negatives for both tasks. A key
question arises: For common misclassifications,
which models are performing better & predicting
correctly? Figures 8, 9 show all reviews that
were misclassified by more than one transformer
model. v indicates that the label has been correctly
predicted by the model, while X denotes incorrect
prediction. For eg., in the 6th Tamil review, only
XLM successfully identifies the Al-generated con-
tent, while all other models fail in this case.

We conducted a brief survey where 19 individu-
als proficient in Tamil or Malayalam reviewed mis-
classified samples. They were asked to categorize
each sample as Al-generated or human-made based
solely on their judgment, without access to ground
truth labels or using any translation tools. Respon-
dents who answered the survey most accurately
observed the following: For Tamil, Al-generated
text often uses uncommon words in multiple sen-
tences, with some original Tamil words that have
transitioned to colloquial usage. For Malayalam,
they identified grammatical errors, unusual word
choices, incorrect word placement, tense errors, un-
related words and lack of sentence continuity as
indicators of Al-generated text.

6 Conclusion

The performance of various transformer and DL
models was examined for classifying product re-
views into Human written and Al generated cate-
gories for low resource languages like Tamil and
Malayalam. While the DL models performed some-
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Model Task-1 (Tamil) Task-2 (Malayalam)
P R F1 Acc. | P R F1 Acc.
Indic-BERT 093 093 093 093 | 0.86 0.85 0.85 0.85
IndicSBERT 096 096 096 096 | 092 092 091 092
MuRIL 094 094 094 094 |09 09 09 09
XLM-RoBERTa 094 094 094 094 | 0.87 0.87 0.87 0.87
Malayalam-BERT 093 093 092 0.93
CNN+BiLSTM 0.89 0.89 089 0.89 | 0.69 0.6 055 0.6
SVM 0.77 077 0.77 0.77 | 0.65 0.65 0.65 0.65
Ensemble (RF+XGBoost) | 0.9 09 09 09 0.6 059 059 0.59

Table 2: Performance of various models on the test-set (macro-averaged Precision, Recall, F1 and Accuracy scores

from the best run for each approach have been mentioned)

what promisingly when multiple models were com-
bined, their performance still did not match the
performance of transformer models, especially for
Malayalam, highlighting their strong capability &
efficacy in handling complex linguistic features in
the Dravidian space. Among the best performing
models were-Indic-BERT, IndicSBERT, MuRIL
and XLM-RoBERTa. In general, all the models
achieved a lower F1-score on Malayalam samples
than Tamil, with Malayalam-BERT producing the
best results for Malayalam classification. IndicS-
BERT performed best on the Tamil samples and
closely followed Malayalam-BERT for Malayalam
samples, making it the most efficient model when
evaluated across both languages.

6.1 Future Work

Future work will focus on employing LLMs (few-
shot, CoT prompting, exploring RAG), trying en-
semble methods with transformer-based models
& expanding to other low-resource languages for
cross-lingual transfer learning. Additionally, we
plan to conduct experiments on larger and more
diverse datasets as the current study was limited in
scope. This will help reproduce and assess the real-
world applicability of our models, ensuring their
effectiveness at scale. Also, one critical concern
is the risk of misclassifying human-written text as
Al-generated, leading to false positives. This can
have significant consequences such as unwarranted
censorship & questioning of genuine user feedback.
Moreover, the ethical implications of Al-generated
text detection need to be considered, particularly
regarding privacy and bias. An important future di-
rection will be ensuring that the detection systems
developed are both accurate and fair, minimizing
the chances of misclassification.

7 Limitations

The transformer models, pre-trained on corpora
created for different tasks, may limit their perfor-
mance on review detection. The lack of sufficient
data in low-resource languages hampers effective
fine-tuning for this specific task. Additionally, the
dataset used was not code-mixed. Compute limi-
tations restricted the ability to fine-tune transform-
ers efficiently. Also, we could have analyzed the
misclassified examples to check for any possible
bias in the transformers, which might have given
useful insights. Specifically, it would have been
important to examine whether the model shows
biases towards certain groups of reviews, such as
favoring specific dialects or writing patterns/styles.
However, due to our lack of proficiency in Tamil
and Malayalam, we were unable to carry out an
in-depth analysis.

Acknowledgments

We are thankful to the Organizers of the Fifth Work-
shop on Speech, Vision, and Language Technolo-
gies for Dravidian Languages at NAACL 2025,
especially Dr. Premjith B. & Dr. Bharathi Raja
Chakravarthi for their prompt responses to our
queries.

References

Bharathi R. Chakravarthi, Ruba Priyadharshini,
Anand Kumar M, Sajeetha Thavareesan, and Eliz-
abeth Sherly, editors. 2023. Proceedings of the Third
Workshop on Speech and Language Technologies
for Dravidian Languages. INCOMA Ltd., Shoumen,
Bulgaria, Varna, Bulgaria.

Bharathi Raja Chakravarthi, Ruba Priyadharshini,
Anand Kumar Madasamy, Sajeetha Thavareesan,

170


https://aclanthology.org/2023.dravidianlangtech-1.0/
https://aclanthology.org/2023.dravidianlangtech-1.0/
https://aclanthology.org/2023.dravidianlangtech-1.0/

Elizabeth Sherly, Rajeswari Nadarajan, and Manikan-
dan Ravikiran, editors. 2024. Proceedings of the
Fourth Workshop on Speech, Vision, and Language
Technologies for Dravidian Languages. Association
for Computational Linguistics, St. Julian’s, Malta.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzman, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 8440—
8451, Online. Association for Computational Lin-
guistics.

Samruddhi Deode, Janhavi Gadre, Aditi Kajale, Ananya
Joshi, and Raviraj Joshi. 2023. L3cube-indicsbert: A
simple approach for learning cross-lingual sentence

representations using multilingual bert. Preprint,
arXiv:2304.11434.

Economic-Times. 2023. Using advanced ai to spot and
remove fake customer reviews: Amazon. (Accessed:
22 January 2025).

Salman Farsi, Asrarul Eusha, Ariful Islam, Hasan Mes-
baul Ali Taher, Jawad Hossain, Shawly Ahsan,
Avishek Das, and Mohammed Moshiul Hoque. 2024.
CUET_Binary_Hackers@DravidianLangTech
EACL2024: Fake news detection in Malayalam
language leveraging fine-tuned MuRIL BERT. In
Proceedings of the Fourth Workshop on Speech,
Vision, and Language Technologies for Dravidian
Languages, pages 173-179, St. Julian’s, Malta.
Association for Computational Linguistics.

Kathleen C. Fraser, Hillary Dawkins, and Svetlana Kir-
itchenko. 2024. Detecting ai-generated text: Fac-
tors influencing detectability with current methods.
Preprint, arXiv:2406.15583.

Yuanye He, Liang-Chih Yu, K. Robert Lai, and Weiyi
Liu. 2017. YZU-NLP at Emolnt-2017: Determining
emotion intensity using a bi-directional LSTM-CNN
model. In Proceedings of the 8th Workshop on Com-
putational Approaches to Subjectivity, Sentiment and
Social Media Analysis, pages 238-242, Copenhagen,
Denmark. Association for Computational Linguis-
tics.

Raviraj Joshi. 2023. L3cube-hindbert and devbert:
Pre-trained bert transformer models for devana-
gari based hindi and marathi languages. Preprint,
arXiv:2211.11418.

Divyanshu Kakwani, Anoop Kunchukuttan, Satish
Golla, Gokul N.C., Avik Bhattacharyya, Mitesh M.
Khapra, and Pratyush Kumar. 2020. IndicNLPSuite:
Monolingual corpora, evaluation benchmarks and
pre-trained multilingual language models for Indian
languages. In Findings of the Association for Com-
putational Linguistics: EMNLP 2020, pages 4948—
4961, Online. Association for Computational Lin-
guistics.

Simran Khanuja, Diksha Bansal, Sarvesh Mehtani,
Savya Khosla, Atreyee Dey, Balaji Gopalan,
Dilip Kumar Margam, Pooja Aggarwal, Rajiv Teja
Nagipogu, Shachi Dave, Shruti Gupta, Subhash
Chandra Bose Gali, Vish Subramanian, and Partha
Talukdar. 2021. Muril: Multilingual representations
for indian languages. Preprint, arXiv:2103.10730.

J. Koetsier. 2024. Fake ai-generated reviews flooding
app stores. (Accessed: 22 January 2025).

B Premjith, Nandhini K, Bharathi Raja Chakravarthi,
Thenmozhi Durairaj, Balasubramanian Palani,
Sajeetha Thavareesan, and Prasanna Kumar Kumare-
san. 2025. Overview of the Shared Task on De-
tecting Al Generated Product Reviews in Dravidian
Languages: DravidianLangTech@NAACL 2025. In
Proceedings of the Fifth Workshop on Speech, Vi-
sion, and Language Technologies for Dravidian Lan-
guages. Association for Computational Linguistics.

Kriti Singhal and Jatin Bedi. 2024.
Transformers @DravidianLangTech-EACL2024:
Sentiment analysis of code-mixed Tamil using
RoBERTa. In Proceedings of the Fourth Workshop
on Speech, Vision, and Language Technologies for
Dravidian Languages, pages 151-155, St. Julian’s,
Malta. Association for Computational Linguistics.

Jinyan Su, Claire Cardie, and Preslav Nakov. 2024.
Adapting fake news detection to the era of large
language models. In Findings of the Association
for Computational Linguistics: NAACL 2024, pages
1473-1490, Mexico City, Mexico. Association for
Computational Linguistics.

TUM. 2023. Idmgsp-galactica-train-cg: A fine-tuned
galactica model to detect machine-generated scien-
tific papers. Accessed: 2025-01-29.

A Appendix

Language Metric Al Human

Tamil Average Word Count 7.904 5.700
Average Sentence Length 1.000 1.025
Lexical Diversity 0.992 0.987

Malayalam Average Word Count 12.155 16.815
Average Sentence Length 1.043  1.458
Lexical Diversity 0.983 0.939

Table 3: Analysis of Al-generated and human-written
reviews for Tamil and Malayalam train-sets

Language Metric Al Human

Tamil Average Word Count 23.146 4.115
Average Sentence Length 2.333  1.019
Lexical Diversity 0.858 0.983

Malayalam Average Word Count 12.05 22.57
Average Sentence Length 1.00  1.73
Lexical Diversity 0.996 0.921

Table 4: Analysis of Al-generated and human-written
reviews for Tamil and Malayalam test-sets

171


https://aclanthology.org/2024.dravidianlangtech-1.0/
https://aclanthology.org/2024.dravidianlangtech-1.0/
https://aclanthology.org/2024.dravidianlangtech-1.0/
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.747
https://arxiv.org/abs/2304.11434
https://arxiv.org/abs/2304.11434
https://arxiv.org/abs/2304.11434
https://retail.economictimes.indiatimes.com/news/e-commerce/e-tailing/using-advanced-ai-to-spot-and-remove-fake-customer-reviews-amazon/105308125
https://retail.economictimes.indiatimes.com/news/e-commerce/e-tailing/using-advanced-ai-to-spot-and-remove-fake-customer-reviews-amazon/105308125
https://aclanthology.org/2024.dravidianlangtech-1.29/
https://aclanthology.org/2024.dravidianlangtech-1.29/
https://aclanthology.org/2024.dravidianlangtech-1.29/
https://doi.org/10.48550/arXiv.2406.15583
https://doi.org/10.48550/arXiv.2406.15583
https://doi.org/10.18653/v1/W17-5233
https://doi.org/10.18653/v1/W17-5233
https://doi.org/10.18653/v1/W17-5233
https://arxiv.org/abs/2211.11418
https://arxiv.org/abs/2211.11418
https://arxiv.org/abs/2211.11418
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://arxiv.org/abs/2103.10730
https://arxiv.org/abs/2103.10730
https://www.forbes.com/sites/johnkoetsier/2024/08/31/fake-ai-generated-reviews-flooding-app-stores/
https://www.forbes.com/sites/johnkoetsier/2024/08/31/fake-ai-generated-reviews-flooding-app-stores/
https://aclanthology.org/2024.dravidianlangtech-1.25/
https://aclanthology.org/2024.dravidianlangtech-1.25/
https://aclanthology.org/2024.dravidianlangtech-1.25/
https://doi.org/10.18653/v1/2024.findings-naacl.95
https://doi.org/10.18653/v1/2024.findings-naacl.95
https://huggingface.co/tum-nlp/IDMGSP-Galactica-TRAIN-CG
https://huggingface.co/tum-nlp/IDMGSP-Galactica-TRAIN-CG
https://huggingface.co/tum-nlp/IDMGSP-Galactica-TRAIN-CG

REVIEW GROUND TRUTH

TASK 1 TASK 2

CUIflw o466 & (8 HEnTILITE| @ensL

UweTU(HISSILCUTE Hlemmu enil@l@oem), alqjSo, @O -
Gamienull LwesTU(h S5 Ceustiglll 26Q00s@Ye LSO 6@ @}l
blemev gLUbBEMSI. (It does not dissolve  @rmycalo. (Biryani, papad, pickles - a Al
in large quantities and when used, it taste experience like no other.)

becomes necessary to use a lot of soap.)
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Figure 1: Sample Tamil and Malayalam Texts from the Training Set with English Translations* for Context
(Note* The English translations may not fully capture the nuances, sentiment and cultural context inherent in the
original Tamil and Malayalam texts. As a result, the English version might not reflect the true tone or intention.)

50
90

80

HUMAN HUMAN

70
60

- 50

Actual
Actual

-20 - 40

Al - Al - - 30

-10 -20

-10
HUMAN Al HUMAN Al

Predicted Predicted

Figure 2: Confusion Matrix for the best runs on Tamil & Malayalam test sets (using IndicSBERT & Malayalam-
BERT respectively)
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Figure 3: Misclassified Tamil texts from the test set alongside the confusion matrix: XLM-R incorrectly predicted
these 6 human-written reviews as Al-generated.
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Model Category Task-1 (Tamil) Task-2 (Malayalam)
P R F1 Acc. | P R F1 Acc.
Indic-BERT HUMAN 093 093 093 - 094 093 093 -
AT 094 094 094 - 094 093 093 -
macro avg. | 094 094 094 094 | 093 093 093 0.93
IndicSBERT HUMAN 097 099 098 - 095 095 095 -
AT 099 098 098 - 095 095 095 -
macro avg. | 098 098 0.98 0.98 | 095 095 095 0.95
MuRIL HUMAN 1 0.97 099 - 097 091 094 -
AT 098 1 0.99 - 092 097 095 -
macro avg. | 0.99 0.99 0.99 0.99 | 095 094 094 0.94
XLM-RoBERTa HUMAN 1 0.86 0.92 - 1 0.84 091 -
AT 0.89 1 094 - 0.86 1 092 -
macro avg. | 0.94 093 093 093 | 093 092 092 0.92
Malayalam-BERT HUMAN - 0.99 095 097 -
AT - 095 099 097 -
macro avg. - 097 097 097 0.97

Table 5: Performance (Label-wise scores from the classification report) of transformer-based models on the
validation set

Model Category Task-1 (Tamil) Task-2 (Malayalam)
P R F1  Acc. | P R F1  Acc.
CNN+BiLSTM HUMAN 0.67 055 06 - 091 050 0.65 -
AT 0.66 076 0.7 - 0.66 095 0.78 -
macro avg. | 0.66 0.65 0.65 0.66 | 0.78 0.72 0.71 0.72
SVM HUMAN 0.78 095 0.86 - 081 0.7 075 -
AT 094 0.77 0.85 - 0.74 084 0.78 -
macro avg. | 0.86 0.86 ' 0.85 0.85 | 0.77 0.77 0.77 0.77
Ensemble (RF+XGBoost) HUMAN 0.78 0.8 0.79 - 0.72 0.65 0.68 -
AT 0.82 0.8 0.81 - 0.68 0.75 0.71 -
macroavg. | 0.8 08 08 08 |07 07 07 07

Table 6: Performance (Label-wise scores from the classification report) of DL & ML approaches on the validation
set
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Figure 8: Common misclassified reviews in Tamil
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Figure 9: Common misclassified reviews in Malayalam
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Abstract

This study addresses the challenge of fake news
detection in code-mixed and transliterated text,
focusing on a multilingual setting with signifi-
cant linguistic variability. A novel approach is
proposed, leveraging a fine-tuned multilingual
transformer model trained using Masked Lan-
guage Modeling on a dataset that includes orig-
inal, fully transliterated, and partially transliter-
ated text. The fine-tuned embeddings are inte-
grated into a custom transformer classifier de-
signed to capture complex dependencies in mul-
tilingual sequences. The system achieves state-
of-the-art performance, demonstrating the ef-
fectiveness of combining transliteration-aware
fine-tuning with robust transformer architec-
tures to handle code-mixed and resource-scarce
text, providing a scalable solution for multilin-
gual natural language processing tasks.

1 Introduction

The rise of social media platforms like Facebook,
X (formerly Twitter), and Instagram has revolu-
tionized global connectivity, enabling instant in-
formation sharing. However, it has also fueled
the spread of fake news—intentionally misleading
content—causing societal issues such as eroded
media trust, polarized opinions, and real-world con-
sequences. Addressing fake news detection is now
a critical research area (Subramanian et al., 2023,
2024b).

This study focuses on Task 1 of the shared chal-
lenge, Fake News Detection in Dravidian Lan-
guages - DravidianLangTech@NAACL 2025 (Sub-
ramanian et al., 2025), which classifies social me-
dia posts as original or fake. Unlike traditional
news, social media content is user-generated, in-
formal, and diverse in style, making fake news
detection particularly complex. The goal is to de-
velop a robust classification system using advanced
computational techniques and machine learning
models.

Rohith Gowtham Kodali
ASRlytics
Hyderabad, India
rohitkodali@gmail.com

To tackle multilingual challenges, we introduce
the TransformerXLMRoberta Classifier, a hybrid
model that utilizes fine-tuned XLM-RoBERTa with
Masked Language Modeling (MLM) on original,
fully, and partially transliterated datasets. This
enables handling of native scripts, Romanized text,
and mixed-script data. Additionally, fine-tuned
XLM-RoBERTa embeddings are enhanced through
a hybrid architecture with a custom transformer
design, projected to match transformer dimensions,
and refined via Encoder-Decoder layers to capture
complex contextual relationships. Regularization
techniques such as dropout and gradient clipping
ensure stable training.

This approach achieves state-of-the-art perfor-
mance in multilingual text classification, highlight-
ing the role of transliteration strategies and hybrid
architectures in addressing the challenges of mul-
tilingual and transliterated data. By advancing
NLP for resource-scarce languages, this work con-
tributes to more inclusive and effective multilingual
applications.

2 Related Work

The rising prevalence of disinformation has driven
significant research into fake news detection. Raja
et al. (2023) explored detecting fake news in Dra-
vidian languages using transfer learning with adap-
tive fine-tuning, while Keya et al. (2022) utilized
a pretrained BERT model with data augmentation,
comparing results across multiple models. Sim-
ilarly, Goldani et al. (2021) investigated capsule
networks for n-gram-based feature extraction.
Beyond English, Gereme, Fantahun and Zhu,
William and Ayall, Tewodros and Alemu, Dagmawi
(2021) and Saghayan et al. (2021) examined fake
news detection in Amharic and Persian. Chu et al.
(2021) demonstrated the cross-lingual effectiveness
of BERT, while Faustini and Covoes (2020) em-
phasized resource-poor languages, including Dra-
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vidian languages. Vijjali et al. (2020) proposed a
two-stage pipeline using BERT and ALBERT for
verifying COVID-19 fake news.

The Fake News Detection in Malayalam - Dra-
vidianLangTech@EACL 2023 (S et al., 2023) and
2024 (Subramanian et al., 2024a) shared tasks fo-
cused on classifying fake news in low-resource set-
tings, addressing transliteration and mixed-script
challenges. The top-performing teams in the 2024
challenge utilized pre-trained Malayalam BERT
(Rahman et al., 2024; Tabassum et al., 2024), and
XLM-RoBERTa Base (Osama et al., 2024) models,
while in 2023, they relied on XLM-RoBERTa (Luo
and Wang, 2023), and MuRIL (Bala and Krishna-
murthy, 2023) models. These tasks highlighted
the effectiveness of multilingual models like XLM-
RoBERTa, MuRIL and BERT in improving fake
news detection across diverse linguistic contexts.

3 Dataset

The dataset for Task 1 of the shared task "Fake
News Detection in Dravidian Languages - Dravidi-
anLangTech@NAACL 2025" (Devika et al., 2024)
consists of social media posts from platforms such
as Twitter, Facebook, and YouTube. These posts
are categorized as either fake or original. The
dataset is divided into three splits: training, de-
velopment, and testing, ensuring a balanced distri-
bution for robust evaluation.

The data distribution across the splits is summa-
rized in Table 1.

Dataset Split Fake Original Total
Train 1,599 1,658 3,257
Development(Dev) 406 409 815

Test 507 512 1,019

Table 1: Data distribution for Fake News Detection in
Dravidian Languages Task 1

The dataset reflects real-world challenges in fake
news detection by including posts with informal
language, transliterated text, and mixed-script con-
tent. Participants are tasked with designing systems
to classify each post or comment as either fake or
original, providing a benchmark for robust and
multilingual fake news detection systems.

4 Methodology

This section introduces our proposed architecture,
which integrates fine-tuned XLM-RoBERTa em-
beddings with a robust Transformer-based classifier.

Outputs
t
Loss Calculation
(if labels provided)

‘

1
XLM-RoBERTa
base (Embedding
layer)

Inputs

Figure 1: Architecture of the Custom Transformer XL.M-
Roberta Classifier Model.

The fine-tuned embeddings, trained using Masked
Language Modeling (MLM), enhance contextual
understanding, while the classifier captures com-
plex sequential dependencies in multilingual and
transliterated text. The following subsections detail
the data preprocessing, MLLM training, and classi-
fier design.

4.1 XLM-RoBERTa Base Fine-Tuned with
MLM

XLM-RoBERTa, a multilingual transformer model
trained on a large-scale corpus of 94 languages
(Conneau et al., 2019), was fine-tuned using
Masked Language Modeling (MLM) for this study.
MLM involves masking a subset of input tokens
and training the model to predict them, allowing it
to learn enriched contextual embeddings tailored
to the bilingual challenges of Malayalam-English
datasets.

The MLM training dataset included monolingual
text from Malayalam social media sources, fully
transliterated versions of this text in Roman script,
and partially transliterated data where 20-70% of
words in each sentence were transliterated. This
strategy enabled the model to handle native scripts,
Romanized text, and mixed-script text commonly
found in social media communication. The fine-
tuned XLM-RoBERTa model ! serves as the em-
bedding backbone for downstream classification
tasks, effectively addressing linguistic and ortho-
graphic variability in multilingual datasets.

1ht’cps ://huggingface.co/bytesizedllm/
MalayalamXLM_Roberta
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Precision Recall F1-Score Support
original 0.89 0.90 0.90 512
Fake 0.90 0.89 0.90 507
Macro Avg 0.90 0.90 0.90 1019
Weighted Avg 0.90 0.90 0.90 1019
Accuracy - - 0.90 1019

Table 2: Classification Report on the Test Set

4.2 Custom Transformer XLMRoberta
Classifier

The proposed custom transformer architec-
ture called TransformerXLMRobertaClassifier, in-
tegrates XLM-RoBERTa embeddings with a
transformer-based encoder-decoder design to ef-
fectively handle multilingual and code-mixed text,
drawing on the foundational Transformer architec-
ture (Vaswani et al., 2023) and inspired by our
prior research on architecture design (Manukonda
and Kodali, 2025; Kodali et al., 2025; Kodali
and Manukonda, 2024; Manukonda and Kodali,
2024a,b). The model begins by processing input to-
ken IDs and attention masks through the fine-tuned
XLM-RoBERTa model to generate contextual em-
beddings. These embeddings are then projected
into the transformer’s input dimension and passed
through encoder and decoder layers, utilizing atten-
tion mechanisms and masking to capture complex
dependencies across sequences.

The decoder outputs are aggregated into a fixed-
dimensional representation and refined with resid-
ual layers, normalization, and dropout for enhanced
generalization. The final output is passed through
a classification layer to produce logits, with cross-
entropy loss computed during supervised training.

By combining XLM-RoBERTa embeddings
with transformer-based attention mechanisms, the
TransformerXL.MRobertaClassifier effectively ad-
dresses the challenges of multilingual and translit-
erated text, ensuring robust and efficient perfor-
mance. As illustrated in Figure 1, the architecture
leverages regularization techniques such as dropout
and masking to maintain stability and prevent over-
fitting.

S Experiment Setup

The experiment setup involved transliteration-
aware fine-tuning for fake news detection in
Malayalam-English code-mixed datasets, compris-
ing XLM-RoBERTa fine-tuning with Masked Lan-
guage Modeling (MLM) and embedding integra-

tion into a custom transformer-based classifier.

5.1 Fine-Tuning the XLM-RoBERTa Model

XLM-RoBERTa was fine-tuned using masked lan-
guage modeling (MLM) with a transliteration-
aware strategy on a 340MB Malayalam-English
code-mixed dataset from AI4Bharath (Kunchukut-
tan et al., 2020), prepared using IndicTrans (Bhat
et al., 2015). The dataset included three text vari-
ants: Malayalam script, fully transliterated Roman
script, and partially transliterated text, exposing the
model to diverse transliteration patterns in social
media communication.

The data was split 9:1 for training and valida-
tion. Fine-tuning used a 15% masking probabil-
ity, batch size 16, and a 5 x 107> learning rate
for up to 10 epochs on GPUs, with early stopping
based on validation perplexity to prevent overfitting.
The fine-tuned embeddings optimized handling of
transliterated and mixed-script text.

5.2 Integration into Custom Transformer
Classifier

The fine-tuned ‘MalayalamXLM_Roberta‘ model
demonstrated effectiveness in capturing translit-
eration patterns. These embeddings were inte-
grated into “TransformerXLMRobertaClassifier®,
a custom transformer classifier with three encoder-
decoder layers, hidden dimension 768, 8§ attention
heads, and a 2048 feedforward dimension. Atten-
tion mechanisms captured multilingual dependen-
cies effectively.

Dropout (0.3) and normalization were applied in
residual layers to enhance generalization. AdamW
optimizer with a 1 x 1075 learning rate was used,
with early stopping based on validation loss and
macro Fl-score.

This two-stage approach—transliteration-aware
MLM fine-tuning followed by transformer-based
classification—effectively addressed Malayalam-
English code-mixed and transliterated text chal-
lenges.
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Model

F1 Macro

XLM-RoBERTa Base

MalayalamXLM_Roberta (Fine-Tuned MLM)
Attention-BiLSTM MalayalamXIL.M_Roberta
TransformerXLMRobertaClassifier (Proposed)

0.8675
0.8900
0.8969
0.8979

Table 3: Macro F1 scores for various models on Malayalam-English code-mixed fake news detection.

5.3 Evaluation

The models were evaluated using macro F1-score,
accuracy, and perplexity. Macro Fl-score ad-
dressed class imbalance, accuracy measured overall
correctness, and perplexity assessed the model’s
ability to predict masked tokens, with lower values
indicating better adaptation.

6 Results and Discussion

The fine-tuned MalayalamXLM_Roberta model
achieved a perplexity score of 4.1, showcasing its
effectiveness in capturing transliteration patterns.

Table 3 summarizes the performance of var-
ious models on the Malayalam-English fake
news detection task. The base XLM-RoBERTa
achieved a macro Fl-score of 0.8675. Fine-
tuning with MLM improved this to 0.8900
with MalayalamXLM_Roberta. Adding atten-
tion mechanisms in the Attention-BiLSTM Malay-
alamXLM_Roberta model raised the score to
0.8969. The proposed TransformerXLMRober-
taClassifier” achieved the highest macro F1-
score of 0.8979, highlighting the effectiveness of
transliteration-aware fine-tuning and the custom
architecture.

The success of this approach was further demon-
strated in the shared task results, where our team,
bytesizedllm, achieved the highest macro F1-score
of 0.8979 (0.898). A detailed analysis of the test
set results is provided in Table 2, and our team
secured the top position among all participating
teams. Table 4 highlights the rankings and compar-
ative scores of the top-performing teams.

Team Name mF1 Rank
bytesizedllm 0.898 1
CUET_NLP_MP_MD 0.893 2
One_by_zero 0.892 3

Table 4: Macro F1 (mF1) scores and ranks of top3
teams.

Zhttps://github.com/mdpe999/
Fake-News-Detection/blob/main/taskl1_m.ipynb

The results underscore the importance of
transliteration-aware fine-tuning in addressing the
complexities of code-mixed and multilingual text.
By incorporating fully and partially transliterated
datasets, the models demonstrated robust gener-
alization across native scripts, Romanized text,
and mixed-script patterns. The ‘TransformerXLM-
RobertaClassifier* further amplified these gains by
capturing dependencies effectively through its cus-
tom architecture.

7 Limitations and Future Work

The model’s performance was limited by the
dataset size, which was restricted to a small of
code-mixed text due to computational constraints.
Additionally, inaccuracies in the transliteration pro-
cess may have impacted the quality of embeddings.

Future work will address these limitations by
training on larger datasets, refining transliteration,
and exploring advanced architectures to enhance
fake news detection in multilingual and code-mixed
contexts.

8 Conclusion

This study proposes a transliteration-aware fine-
tuning approach for fake news detection in
Malayalam-English code-mixed text. By fine-
tuning XLM-RoBERTa on fully and partially
transliterated datasets and integrating the resulting
embeddings into a custom transformer classifier,
the method demonstrated state-of-the-art perfor-
mance.

The custom transformer model, Transformer
XLMRoberta Classifier, consistently outperformed
baseline models, highlighting the effectiveness of
combining transliteration-aware pretraining with
advanced architectures. These findings contribute
significantly to the advancement of multilingual
NLP, providing a robust framework for tackling the
complexities of code-mixed and resource-scarce
languages like Malayalam.
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Abstract

This research introduces an innovative At-
tention BILSTM-XLM-RoBERTa model for
tackling the challenge of fake news detec-
tion in Malayalam datasets. By fine-tuning
XLM-RoBERTa with Masked Language Mod-
eling (MLM) on transliteration-aware data, the
model effectively bridges linguistic and script
diversity, seamlessly integrating native, Roman-
ized, and mixed-script text. Although most of
the training data is monolingual, the proposed
approach demonstrates robust performance in
handling diverse script variations. Achieving
a macro Fl-score of 0.5775 and securing top
rankings in the shared task, this work highlights
the potential of multilingual models in address-
ing resource-scarce language challenges and
sets a foundation for future advancements in
fake news detection.

1 Introduction

The rapid growth of social media platforms has
revolutionized communication, enabling seamless
information exchange and real-time updates. How-
ever, this connectivity has also fueled the spread
of misinformation, or fake news. Detecting fake
news has become a pressing challenge, particularly
in resource-scarce languages like Malayalam.

The Fake News Detection in Dravidian Lan-
guages - DravidianLangTech@NAACL 2025'
(Subramanian et al., 2025, 2023, 2024b) shared task
provides a platform for researchers to tackle the crit-
ical challenge of detecting fake news in Malayalam-
language news articles. Task 2, the FakeDetect-
Malayalam shared task, focuses on classifying mis-
information into five nuanced categories. In an age
of information overload, accurate detection is cru-
cial for fostering trustworthy communication and
curbing the spread of misinformation. The task

1https ://codalab.lisn.upsaclay.fr/
competitions/20698

Durga Prasad Manukonda
ASRlytics
Hyderabad, India
rohitkodali@gmail.com

seeks to inspire the development of effective mod-
els designed to address the unique linguistic and
contextual complexities of Malayalam.

Our study presents a robust architecture combin-
ing fine-tuned XLM-RoBERTa embeddings with
a custom Attention-BiLSTM classifier to enhance
contextual understanding and capture complex se-
quential dependencies in multilingual text. The
embeddings, trained using Masked Language Mod-
eling (MLM), were derived from the Al4Bharath
dataset, incorporating diverse transliteration pat-
terns to handle linguistic and orthographic variabil-
ity. This approach enables effective processing of
native scripts, Romanized text, and mixed-script
data. Despite the monolingual dominance in train-
ing data, the model outperforms baselines, demon-
strating strong cross-lingual adaptability. The
Attention-BiLSTM classifier, leveraging general
attention mechanisms, ensures precise classifica-
tion in complex linguistic scenarios.

This study analyzes data preprocessing, MLM
training, and classifier design, introducing inno-
vations for improved accuracy and scalability. It
establishes a robust framework for fake news detec-
tion in Dravidian languages, offering insights into
model performance and deployment challenges.

2 Related Work

The growing challenge of disinformation has driven
extensive research into fake news detection. Raja
et al. (2023) explored detecting fake news in Dra-
vidian languages using transfer learning with adap-
tive fine-tuning, while Keya et al. (2022) employed
a pretrained BERT model with data augmentation,
benchmarking its performance against other mod-
els. Similarly, Goldani et al. (2021) investigated
capsule networks for extracting n-gram-based fea-
tures.

Research efforts have also addressed fake news
detection in low-resource languages. Gereme,
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Fantahun and Zhu, William and Ayall, Tewodros
and Alemu, Dagmawi (2021) and Saghayan et al.
(2021) focused on Amharic and Persian, respec-
tively, while Faustini and Covdes (2020) empha-
sized the importance of addressing fake news in
resource-poor languages, including Dravidian lan-
guages. Furthermore, Vijjali et al. (2020) proposed
a two-stage pipeline leveraging BERT and AL-
BERT for detecting COVID-19-related misinfor-
mation.

The shared tasks on Fake News Detec-
tion in Malayalam, organized by Dravidian-
LangTech@EACL 2023 (S et al., 2023; Subrama-
nian et al., 2023) and 2024 (Subramanian et al.,
2024a,b), focused on classifying fake news, low-
resource settings. The top-performing teams in
the 2024 challenge utilized pre-trained Malay-
alam BERT (Rahman et al., 2024; Tabassum et al.,
2024), and XLM-RoBERTa Base (Osama et al.,
2024) models, while in 2023, they relied on XLM-
RoBERTa (Luo and Wang, 2023), and MuRIL
(Bala and Krishnamurthy, 2023) models. These
tasks underscored challenges with transliterated
and mixed-script data, highlighting the need for
robust training and fine-tuned LLMs like XI.M-
RoBERTa, MuRIL and BERT, which effectively
handle linguistic nuances for accurate fake news
detection.

3 Dataset

The Fake News Detection from Malayalam News
(FakeDetect-Malayalam) shared task focuses on
detecting and classifying fake news in Malayalam-
language news articles. Accurate detection is crit-
ical for mitigating misinformation and ensuring
reliable communication. Task 2 involves classify-
ing news articles into five categories: False, Half
True, Mostly False, Partly False, and Mostly True
(Devika et al., 2024).

The dataset comprises social media comments
and news articles, annotated for these categories.
It is split into training and testing sets to ensure
balanced distribution, as shown in Table 1.

This dataset forms a strong foundation for train-
ing models to handle the linguistic and contextual
nuances of Malayalam, advancing fake news detec-
tion in low-resource settings.

4 Methodology

This section presents our proposed architecture,
combining fine-tuned XLM-RoBERTa embeddings

Label Train Test Total
FALSE 1386 100 1486
MOSTLY FALSE 295 56 351
HALF TRUE 162 37 199
PARTLY FALSE 57 7 64
Total 1900 200 2100

Table 1: Dataset distribution for Task 2: Fake news
detection in Malayalam.

with an Attention BILSTM classifier. The follow-
ing subsections detail our approach.

4.1 Fine-Tuning XLM-RoBERTa with MLM

XLM-RoBERTa, a multilingual transformer model
trained on 94 languages (Conneau et al., 2019),
was fine-tuned using Masked Language Modeling
(MLM) to enhance its contextual embeddings for
both multilingual and monolingual Malayalam text.
MLM involves masking portions of input text and
training the model to predict them, enabling it to
learn representations suited to the linguistic and
script challenges of Malayalam.

The fine-tuning dataset included monolingual
Malayalam text, fully Romanized transliterations,
and mixed-script data with 20-70% transliterated
words per sentence. This approach enabled the
model to effectively handle native scripts, Roman-
ized text, and mixed-script variations commonly
found in Malayalam social media. The fine-tuned
XLM-RoBERTa model® serves as a robust embed-
ding backbone, addressing both multilingual and
monolingual linguistic variability in Malayalam
text.

4.2 Attention BILSTM-XLM-RoBERTa
Model

This study proposes a hybrid Attention BiLSTM-
XLM-RoBERTa model (Liu and Guo, 2019;
Hochreiter and Schmidhuber, 1997; Graves
and Schmidhuber, 2005; Kodali et al., 2025;
Manukonda and Kodali, 2025, 2024a; Kodali and
Manukonda, 2024; Manukonda and Kodali, 2024b)
for multi-label classification. As illustrated in
Figure 1, the model integrates fine-tuned XLM-
RoBERTa embeddings with a BILSTM and atten-
tion mechanism to capture rich language-specific
features.

The input sequence is passed through XLM-
RoBERTa to generate contextual embeddings X €

2https ://huggingface.co/bytesizedllm/
MalayalamXLM_Roberta
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Figure 1: Architecture of the BILSTM-XLM-RoBERTa
Classifier Model. Residual components like layer nor-
malization and dropout regularization enhance general-
ization.

RTX 768.

X= XLMROBERTa(input_ids, attention_mask) (1)

These embeddings are processed by a BILSTM,
which produces forward and backward hidden
states H f,,q and Hy,,q. The combined hidden state
at each time step ¢ is:

H; = Hyya+; Hpwa t) 2

An attention mechanism assigns importance to
each hidden state, generating attention weights ay:

_ exp(ay)
Yoi— exp(ay)

The attention-weighted representation is com-
puted as:

a; = tanh(Wey-Hy), oy 3

T

Hattended = Z Qi - Ht (4)
t=1

Residual components such as layer normaliza-
tion and dropout are applied to the attention-
weighted representation to stabilize training and
reduce overfitting:

H gy opout = Dropout(LayerNorm(Hgttended))
(5)

Finally, a classification layer outputs logits:

lOgitS == WClS . Hdropout + bClS (6)

The model is trained using cross-entropy loss:

N
L=->Y yilog(y) (M
i=1

This architecture effectively com