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Abstract

In today’s digital era, social media has become a common platform where people freely share their views, thoughts,
ideas, and opinions. In such a scenario, it is seen that this has brought an increase in dissemination of hate speech,
offensive content, derogatory remarks, etc. on such platforms. One of such hateful content is meme, which can
be quickly generated and rapidly shared across online social media by users. The spread of such hateful contents
has detrimental impact on people and society at large. Detecting hateful memes on such platforms is challenging
due to its multimodal nature. This paper presents our approach using transformer-based model to classify the
multimodal memes in four Indian languages i.e. Hindi, Gujarati, Bangla, and Bodo, for the Hate Speech and
Offensive Content Identification (HASOC) 2025 shared task challenge. We participated in all the four shared
subtasks and our team KK_NLP_AI IIT Ranchi, achieved rank 3%, 5, 6™ and 9" in Hindi, Gujarati, Bangla,
and Bodo language with macro F1-score of 0.59597, 0.61409, 0.60595, and 0.57184 respectively. Further, we have
discussed and compared the efficacy of the various models and architectures that we employed for the multi-task
classification as presented in the challenge.

Keywords
Multimodal meme classification, HASOC 2025, Hateful meme, BERT, CLIP, IndicBERT, Feature Fusion,

1. Introduction

Due to the widespread use of social media platforms, there is an exponential growth in multimodal
content, making human moderation of such information no longer feasible. In recent years, memes
consist of an image with embedded text have become a very popular type of multimodal content on
social networks. Memes have a significant impact on user communication styles, social culture, and
content consumption patterns. Although memes are humorous in nature, they have also helped in
spread of online harassment and abuse. Such hateful memes are propagated on social networks in
multiple languages including English.

In South Asian countries, languages such as Hindi, Gujarati, Bangla, and other low-resource languages
are prevalent. The detection of hateful memes in such languages presents unique complexities. This
study aims to address these challenges by developing a model tailored to the linguistic and cultural
contexts mainly of four languages i.e. Hindi, Gujarati, Bangla and Bodo by employing Natural Language
Processing (NLP) techniques.

The Hate Speech and Offensive Content Identification (HASOC) shared task provides a platform
for advancing research in identifying offensive and harmful content online [1]. The seventh edition,
HASOC 2025, focuses on multimodal memes, which contain image with embedded text [2] to convey
nuanced or implicit messages, and hence this year’s challenge is organized into four main subtasks as
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under:

1. Sentiment detection - classifying memes as positive, negative, or neutral.
2. Sarcasm detection - identifying whether content is sarcastic or straightforward.
3. Vulgarity detection — distinguishing vulgar from non-vulgar memes.
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Figure 1: Example of memes from train datasets in four languages

4. Abuse detection — detecting abusive versus non-abusive content.

In this paper, we present our solution for HASOC 2025, which leverages CLIP embeddings for multimodal
visual-text [3] features and BERT-based embeddings for textual content [4] [5]. We employ a simple
concatenation-based fusion strategy to combine these representations for classification across all
subtasks. Our architecture achieved competitive results, ranking 3'd in Hindi, 5% in Gujarati, 6M in
Bangla, and 9" in Bodo language on the public test dataset shared with us. In addition, we present
a comparison between multilingual and unilingual feature extraction, providing insights into their
relative effectiveness for meme analysis.

An example of a meme provided with each of the four languages, i.e., Hindi, Gujarati, Bangla, and
Bodo dataset, is depicted in Figure 1a, 1b, 1c, and 1d respectively. A significant number of the images
used both english and the indic language for text, which further complicated the training procedure.

2. Related Works

Since meme classification is a multimodal task involving both visual and textual information, it has
attracted considerable attention in recent years. Previous research has explored a variety of strategies
to address the challenges of capturing the complex and context-dependent relationships between text
and images, which are crucial for deciphering the intended meaning of memes.

In parallel, the HASOC (Hate Speech and Offensive Content Identification) shared tasks at FIRE (Forum
for Information Retrieval and Evaluation) have established themselves as an important benchmark
series for evaluating methods in hate speech detection across multiple languages. Starting with HASOC
2019 [6], which covered Indo-Euporian languages followed by HASOC 2020 with other languages such
as Tamil, Malayalam, Hindi, English, and German [7], the track has expanded to include more languages
and new subtracks. HASOC 2021 introduced Indo-Aryan languages and conversational hate speech
(8], while HASOC 2022 further extended coverage of English and Indo-Aryan languages [9]. The 2023
edition incorporated low-resource languages such as Assamese, Bengali, Bodo, Gujarati, and Sinhala [10].
A Bengali meme dataset was created to establish an effective benchmark for classifying abusive Bangla
memes using multimodal models [11]. Most recently, HASOC 2024 focused on hate speech detection in
English and Bengali [12]. Ghosh et al. [13] explored a novel three-module pipeline, SafeSpeech, for
Hate Speech Classification, Hate Intensity Identification, and Hate Intensity Mitigation using publicly
available datasets in five Indic languages (Hindi, Marathi, Tamil, Telugu, and Bengali). Recently, Ghosh
et al. [14] developed models on machine learning and deep learning methods for the detection of Hate
speech in four low-resource languages (Assamese, Bengali, Bodo, and English) datasets, and analyzed
their performance across standard evaluation metrics parameters. Their findings offered challenges and
progress in the detection of hate speech in low-resource multilingual languages. Furthermore, Vijay et
at. [15] develop a hate speech detection framework by employing TF-IDF word embedding technique
for feature extraction and a lexicon-based hierarchical approach to address challenges of linguistic and
cultural intricacies in Hinglish (a mix of Hindi and English) and Bangla languages.



Table 1
Details of HASOC 2025 dataset

Language Training Testing Total

Hindi 1141 769 1910
Gujarati 889 604 1493
Bangla 2693 1821 4514
Bodo 378 254 632

Our work builds on this line of research in HASOC Track at FIRE 2025 on abusive Meme identification
[16], [17], extending the scope to multimodal meme classification and advancing hate speech detection
in multilingual and multimodal settings.

3. Dataset Description

The HASOC 2025 shared task released training and test datasets for four languages: Hindi, Gujarati,
Bangla, and Bodo (see Table 1). The distribution of training datasets across the four languages was
highly unbalanced, ranging from just 378 memes for Bodo to 2693 dataset points for Bangla. Due to this
disparity in the size of the data sets, we adopted language-specific training strategies to better account
for the varying levels of data availability.

The datasets included an additional column named "Target’, which was eventually omitted from the
sample submission and hence removed from our training data. The Bodo training dataset also had a
typographical error in the "Vulgar’ column, which was coerced to ’Non-Vulgar’ class and corrected.

It was also observed that for Bodo, the images generally did not provide much semantic context to
the actual meaning of the meme, and even worsened the results when used with the Optical Character
Recognition (OCR) text for training. In contrast to this, the Bangla images improved significantly when
the images were coupled with the OCR text during training,.

There was no separate validation dataset provided, hence we used a 90:10 Train:Validation split on
our train set.

4. Methodology

This section describes an overview of feature extraction techniques for text-only model and Contrastive
Language-Image Pre-Training (CLIP) [18] based model with text and the methods used to train these
models.

4.1. Text-only Models

This section deals with our initial attempts at the classification problem with text-only, low-resource
models that used only the OCR text for feature extraction.

4.1.1. Multilingual Backbone (IndicBERT)

We first experimented with a multilingual backbone by fine-tuning the IndicBERT model, trained on
a large corpus of Indian languages by Al4Bharat. This purely text-based architecture, as in Figure 2,
surpassed the baseline by a large margin.

For the Bodo, Hindi, and Gujarati datasets, this setup achieved macro F1-scores greater than 0.55.
However, the Bangla dataset, which had more data points than the other three languages combined,
performed poorly, with the macro F1-score dropping well below the baseline of 0.53. We attribute this
to the presence of a large number of images in the Bangla dataset that provided crucial semantic context
to the memes, which was not captured by a text-only architecture.

This multilingual, text only model architecture achieved a test macro F1-score of 0.56541 for Hindi,
0.56775 for Gujarati, 0.54691 for Bodo and 0.45601 for Bangla.
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Figure 2: Text only model architecture
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Figure 3: CLIP with Text feature fusion model

4.1.2. Monolingual Backbones

In order to improve the performance of the models and to ensure that the poor results on Bangla were
not due to limitations of the IndicBERT backbone, we also experimented with monolingual BERT-based
models specific to each language [19]. We used bengali-bert for Bangla, hindi-bert-v2 for Hindi,
gujarati-bert for Gujarati, and pretrained-bodo-legal-bert for Bodo.

These monolingual models did not result in any significant improvements for the Bangla, Hindi or
Gujarati models, each of them staying close the previous results achieved by IndicBERT. The bodo
model however, worsened even further, potentially due to poor training corpus of the backbone model
used.

4.2. CLIP with Text models

In order to ensure the usage of the image features with the text features extracted using the BERT
based backbone, we incorporated the CLIP Vision model [3] as shown in Figure 3. For simplicity, we
performed a simple feature concatenation to fuse the two features; however, later investigation using
cross-attention-based feature concatenation only worsened the results.

The CLIP model being trained primarily on the English language failed to correlate and extract join
image-text features for the Indic languages, so cross-attention-based feature fusion was omitted from
the architecture and only simple concatenation-based feature fusion was used in all the subsequent
models.

As was the case with the text-only models, we experimented with both multilingual and monolingual
backbones for text feature extraction. For Bangla, the multilingual, IndicBERT-based backbones coupled
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with CLIP vision model, improved the results significantly, improving the test macro F1-score to 0.58
from 0.45. The Gujarati model too, improved its macro F1-score to 0.59 from 0.56 with this multimodal
model. However, Hindi did not benefit from IndicBert and CLIP, with results staying close to the
previous text only models, and Bodo worsened on using the CLIP features. This poor performace for
Bodo remained consistent across both monolingual and multilingual text backbones, hence the image
features were dropped for Bodo during final submission. One of the potential reasons for this was the
very low number of data points for Bodo (378), where the majority of the images did not provide any
semantic context to the meme. The final submission for Bodo was made using the IndicBert-v2 model
trained using the text only architecture, with a Test macro F1-score of 0.57184.

The monolingual backbones did improve the results on Hindi, Gujarati and Bangla, surpassing the
macro F1 threshold of 0.60 for both Bangla and Gujarati, and achieving a macro F1-score of 0.59597 for
Hindi. The final scores for the submission were achieved using the CLIP and monolingual models for
Bangla, Gujarati and Hindi, with test macro F1-scores of 0.60595, 0.61409, and 0.59597 respectively.

4.3. Training

All models were trained on Kaggle servers using a P100 GPU. During training, we observed that the
training curves behaved quite aberrantly, even with the Adam optimizer. To mitigate this and ensure
stable convergence, we employed several techniques. We utilized weight decay and a warm-up based
learning rate scheduler. Furthermore, early stopping was implemented to prevent overfitting and select
the best-performing models for final prediction.

Two distinct training strategies were employed based on language-specific performance:

1. Cumulative Training: In this method, all classification heads were trained simultaneously,
sharing a common feature pool from the backbone. This approach proved most effective for the
Bodo model, which benefited from the shared feature representation. When trained separately,
the Bodo model’s loss and macro F1 scores oscillated and failed to converge.

2. Sequential Training: Here, each classification head was trained separately while the other
layers were frozen. This sequential process yielded better results for Hindi, Gujarati, and Bangla.

5. Results and Discussion

This section presents the results and discussion of our multimodal hateful meme classification approach,
analyzing performance of our model across the four shared languages, i.e. Hindi, Gujarati, Bangla, and
Bodo. The macro F1 scores of our model for the four languages compared with the first-ranked models
and our ranking in the participation are mentioned in Table 2. Plots for Loss and macro F1-score are
illustrated in Figure 4 and Figure 5 respectively.

Table 2
Macro F1-scores of our model compared with the first-ranked model and our rank in the HASOC 2025 challenge
task

Language Model Macro-F1  Rank1 Our Rank Number of submissions
Hindi CLIP with BERT 0.59597 0.65706 3 18
Gujarati CLIP with BERT 0.61409 0.67501 5 15
Bangla CLIP with BERT 0.60595 0.62755 6 17
Bodo IndicBERT 0.57184 0.63128 9 15

The Gujarati model converged quite well, as can be seen from the macro F1-score and loss plots
(Figure 4 and 5). However, Bodo, Bangla, and Hindi models required the careful scheduling of learning
rates to achieve convergence. Despite these efforts, the Bodo model did not converge properly; even
with learning rates as low as 5e-6, the loss values continued to oscillate during training. Hindi, Bangla
and Bodo, all overfit quite quickly, in contrast to Gujarati, which achieved the highest test macro F1
score across all the languages.
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Figure 4: Train and validation loss for all four languages

When comparing the training and validation macro F1-scores as seen in the Figure 5, the Bodo model
had a huge difference between the training and validation macro F1-scores compared to the rest of the
languages. The Bodo model quickly overfit on the small corpus of training set, and hence the poor
result on the validation set.

It was also observed that the "Vulgar" and "Abuse" classification heads converged the fastest, generally
achieving validation macro F1-scores above 0.70 across all languages. This correlation was equally
present with the "Sentiment" and "Sarcasm" heads which converged slowly and had validation macro
F1-scores that stayed close to each other.

Our models ranked 3" out of 18 submissions for Hindi, 5 out of 15 submissions for Gujarati,
of 17 submissions for Bangla, and 9th 5ut of 15 submissions for Bodo.

6th out

6. Conclusion and Future Work

In this work, we presented a comprehensive approach to multi-label offensive meme classification for
four Indic languages. Our findings underscore the critical importance of multimodality, where fusing
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Figure 5: Macro F1 scores across all four languages

visual features from CLIP with monolingual BERT backbones yielded significant performance gains for
Hindi, Gujarati, and Bangla. Conversely, for the low-resource Bodo language, a text-only model proved
superior, highlighting that the optimal architecture is highly dependent on the dataset’s characteristics.
Our models achieved competitive ranks in the HASOC 2025 challenge, validating our methodology.
Based on the challenges that we observed regarding multimodal feature fusion and low resource lan-
guages, we propose moving beyond simple feature concatenation by integrating inherently multilingual
vision-language models like mclip [20], which could provide better-aligned representations and enable
more sophisticated fusion mechanisms. This would be especially crucial for improving performance
on low-resource languages like Bodo, where techniques such as few-shot learning and advanced data
augmentation could also be explored. Furthermore, to capture a richer semantic context from memes,
future models could incorporate visual text features beyond simple OCR, leveraging layout-aware
architectures like LayoutLM [21] to understand the stylistic nuances of text within the image.
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