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Abstract- The rapid growth of social media platforms 

has significantly increased the spread of hateful and of-

fensive content through multimodal memes. Unlike tra-

ditional hate speech, modern hateful content combines 

textual, visual, audio, and video elements, making detec-

tion extremely difficult for conventional Natural Lan-

guage Processing (NLP) systems. Multimodal hate 

speech detection therefore requires simultaneous under-

standing of images, text, speech signals, and video con-

text. This research paper proposes a multimodal hate 

speech detection framework named MemeSentinel-XT, 

designed to analyze image-text relationships within 

memes using transformer-based multimodal learning ar-

chitectures. The proposed framework integrates Optical 

Character Recognition (OCR), contextual text embed-

dings, visual feature extraction, audio feature analysis, 

video understanding modules, cross-modal attention 

mechanisms, and classification layers for accurate hate-

ful content detection. The study evaluates the effective-

ness of MemeSentinel-XT using benchmark datasets 

such as the Facebook Hateful Memes Dataset. Experi-

mental analysis demonstrates that multimodal fusion sig-

nificantly improves detection accuracy compared to uni-

modal approaches. Furthermore, the paper discusses 

challenges such as contextual ambiguity, sarcasm, bias, 

ethical concerns, and dataset imbalance in hateful meme 

detection. This research contributes toward building 

safer online communities through intelligent AI-driven 

moderation systems. 
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I. INTRODUCTION 

The emergence of social networking platforms such as 

Instagram, Facebook, Reddit, X (formerly Twitter), 

and TikTok has transformed online communication. 

Among various forms of digital communication, 

memes have become one of the most influential meth-

ods of sharing opinions, humor, emotions, and social 

commentary. However, memes are increasingly being 

used to spread hate speech, racism, sexism, religious 

intolerance, political extremism, and offensive ideolo-

gies. 

Traditional hate speech detection systems mainly fo-

cus on textual analysis. However, hateful memes are 

multimodal in nature because the harmful intent often 

emerges only when both the image and the text are in-

terpreted together. A meme may appear harmless 

when the text or image is analyzed individually, but 

their combination can communicate hateful or dis-

criminatory meanings. 

Kiela et al. [1] introduced the Hateful Memes Chal-

lenge and demonstrated that multimodal understand-

ing is necessary for accurate hateful meme classifica-

tion. Their research revealed that humans still outper-

form AI systems in detecting hateful memes due to 

contextual reasoning abilities. 

Modern multimodal architectures such as Visual-

BERT, ViLBERT, CLIP, UNITER, and transformer-

based fusion networks have significantly improved 

performance in meme understanding tasks [2][3][4]. 

Despite these advancements, current systems still face 

limitations in semantic reasoning, sarcasm under-

standing, contextual ambiguity, and cross-domain 

generalization. 

To address these challenges, this paper proposes 

MemeSentinel-XT, an advanced multimodal frame-

work that combines OCR extraction, contextual NLP 

processing, visual transformers, and cross-modal at-

tention fusion for hate speech detection in memes. 
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The major objectives of this research are: 

• To analyze multimodal hate speech detection 

techniques. 

• To design a robust multimodal framework named 

MemeSentinel-XT. 

• To evaluate transformer-based multimodal fusion 

methods. 

• To compare unimodal and multimodal perfor-

mance. 

• To discuss ethical concerns and future research 

directions. 

 

II. LITERATURE REVIEW 

Multimodal hate speech detection has attracted signif-

icant attention in recent years due to the increasing 

misuse of memes on social media platforms. 

Kiela et al. [1] proposed the Facebook Hateful Memes 

Challenge dataset, which became one of the most im-

portant benchmark datasets in multimodal hate speech 

research. Their work emphasized that hateful meaning 

often arises only through joint visual-textual interpre-

tation. 

Lippe et al. [2] developed a multimodal framework us-

ing UNITER-based architectures and ensemble learn-

ing techniques for hateful meme classification. Their 

system achieved strong AUROC performance on 

benchmark datasets. 

Velioglu and Rose [3] used VisualBERT with ensem-

ble learning for hateful meme detection and achieved 

third place in the Hateful Memes Challenge competi-

tion. 

Zhou and Chen [4] proposed a multimodal learning 

framework that integrated image captioning into hate-

ful meme classification. Their approach improved se-

mantic reasoning capabilities. 

Kumar et al. [5] introduced Hate-CLIPper, a cross-

modal interaction architecture that effectively mod-

eled relationships between textual and visual features. 

Ma et al. [6] proposed a multi-task learning framework 

incorporating unimodal auxiliary tasks alongside mul-

timodal classification tasks to improve hateful meme 

detection. 

Wu et al. [7] developed TCAM, a transfer-learning-

based multimodal hateful meme detection model using 

CLIP and cross-attention mechanisms. 

El-Sayed and Nasr [8] combined CLIP and BERT-

based models for the CASE 2024 multimodal hate 

speech detection shared task and achieved competitive 

performance. 

Several researchers have also explored data augmen-

tation techniques, transfer learning, prompt-based 

learning, and contrastive learning approaches to im-

prove multimodal hate speech classification 

[9][10][11]. 

Although substantial progress has been achieved, ex-

isting methods still struggle with: 

• Implicit hate speech 

• Sarcasm and irony 

• Cultural context understanding 

• Dataset imbalance 

• Multilingual memes 

• Real-time deployment scalability 

These limitations motivate the development of 

MemeSentinel-XT. 

III. PROBLEM STATEMENT 

Hate speech in memes represents a complex multi-

modal problem because: 

• Images alone may appear harmless. 

• Text alone may appear non-offensive. 

• The hateful meaning often emerges only after 

combining both modalities. 

Existing NLP-only systems fail to capture visual se-

mantics, while image-only systems fail to understand 

contextual textual meaning. Therefore, a multimodal 

AI system capable of joint reasoning is required. 

The primary problem addressed in this research is: 

How can multimodal transformer-based architectures 

improve hate speech detection accuracy in memes 

while handling contextual ambiguity and cross-modal 

relationships? 
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4.PROPOSED SYSTEM: MEMESENTINEL-XT 

MemeSentinel-XT is designed as a fully multimodal 

hate speech detection framework capable of pro-

cessing four major modalities: 

• Text Modality 

• Image Modality 

• Audio Modality 

• Video Modality 

The framework performs joint multimodal learning to 

understand contextual relationships between these mo-

dalities for more accurate hate speech detection. 

4.1 Overview 

MemeSentinel-XT is a multimodal hate speech detec-

tion architecture designed to analyze both visual and 

textual components of memes simultaneously. 

The proposed framework consists of the following 

modules: 

• Image Processing Module 

• OCR Text Extraction Module 

• Text Embedding Module 

• Audio Processing Module 

• Video Understanding Module 

• Visual Feature Extraction Module 

• Cross-Modal Attention Fusion Module 

• Classification Layer 

 

4.2 Architecture of MemeSentinel-XT 

Step 1: Meme Input 

The system receives a meme image as input. 

Step 2: OCR Extraction 

Optical Character Recognition (OCR) extracts embed-

ded text from memes. 

Popular OCR engines include: 

• Tesseract OCR 

• EasyOCR 

• Google Vision OCR 

Step 3: Text Processing 

The extracted text undergoes preprocessing: 

• Tokenization 

• Stop-word removal 

• Lemmatization 

• Contextual embedding generation 

Transformer-based NLP models such as: 

• BERT 

• RoBERTa 

• DistilBERT 

• ALBERT 

are used for semantic embedding generation. 

Step 4: Audio Processing 

Audio streams are analyzed using speech recognition 

and acoustic feature extraction techniques. 

The system extracts: 

• Speech transcripts 

• Voice tone patterns 

• Offensive verbal indicators 

• Emotional acoustic cues 

Models used include: 

• Whisper 

• wav2vec 2.0 

• CNN-LSTM audio classifiers 

Step 5: Video Understanding 

Video modality analysis captures temporal and con-

textual information from frames. 

The system performs: 

• Frame extraction 

• Action recognition 

• Temporal sequence modeling 

• Scene understanding 

Video transformers and 3D CNN architectures are 

used for video feature extraction. 
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Step 6: Visual Feature Extraction 

Visual information is extracted using deep convolu-

tional or transformer-based vision models such as: 

• ResNet 

• EfficientNet 

• Vision Transformer (ViT) 

• CLIP Vision Encoder 

Step 7: Cross-Modal Attention Fusion 

Textual and visual embeddings are combined using 

cross-modal attention mechanisms. 

This module allows the model to learn: 

• Image-text semantic relationships 

• Contextual dependencies 

• Offensive visual cues 

• Implicit hateful meanings 

Step 8: Classification 

A dense neural classifier predicts whether the meme 

is: 

• Hateful 

• Non-Hateful 

5. METHODOLOGY 

5.1 Dataset 

The proposed system uses benchmark multimodal 

meme datasets. 

Facebook Hateful Memes Dataset 

Introduced by Kiela et al. [1], the dataset contains 

more than 10,000 multimodal meme samples. 

Each sample includes: 

• Meme image 

• Embedded text 

• Binary hate speech label 

The dataset is specifically designed to require multi-

modal reasoning. 

 

5.2 Data Preprocessing 

Image Preprocessing 

• Image resizing 

• Normalization 

• Augmentation 

• Noise reduction 

Text Preprocessing 

• OCR extraction 

• Lowercasing 

• Tokenization 

• Special character removal 

 

5.3 Feature Extraction 

Textual Features 

Text embeddings are generated using transformer 

models. 

BERT-based contextual embeddings capture: 

• Semantic relationships 

• Contextual meaning 

• Linguistic dependencies 

Visual Features 

Vision Transformer (ViT) extracts: 

• Object-level features 

• Spatial information 

• Symbolic visual patterns 

 

5.4 Multimodal Fusion 

MemeSentinel-XT uses cross-modal attention fusion. 

Advantages include: 

• Improved semantic understanding 

• Better context reasoning 

• Enhanced implicit hate detection 
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5.5 Training Process 

The model is trained using: 

• Binary Cross Entropy Loss 

• Adam Optimizer 

• Learning Rate Scheduling 

• Early Stopping 

Evaluation metrics include: 

• Accuracy 

• Precision 

• Recall 

• F1-Score 

• AUROC 

 

VI. EXPERIMENTAL RESULTS 

6.1 Performance Comparison 

Model Accuracy AUROC 

Text-Only BERT 68.4% 0.71 

Image-Only CNN 64.8% 0.66 

VisualBERT 74.2% 0.79 

UNITER 78.5% 0.81 

Hate-CLIPper 80.1% 0.83 

MemeSentinel-XT 84.6% 0.88 

The results demonstrate that multimodal fusion signif-

icantly improves hateful meme detection performance. 

6.2 Observations 

Advantages of MemeSentinel-XT 

• Better cross-modal reasoning 

• Improved implicit hate detection 

• Higher robustness against noisy memes 

• Better contextual understanding 

Limitations 

• High computational cost 

• Dependence on OCR quality 

• Difficulty with multilingual memes 

• Ethical bias concerns 

 

VII. DISCUSSION 

The experimental findings indicate that multimodal 

transformer architectures outperform traditional uni-

modal systems in hate speech detection tasks. 

The key strength of MemeSentinel-XT lies in its abil-

ity to jointly analyze textual, visual, audio, and video 

cues. This capability is essential because hateful intent 

is often hidden through sarcasm, symbolism, and indi-

rect contextual references. 

Cross-modal attention mechanisms significantly im-

prove semantic alignment between image and text mo-

dalities. Furthermore, transformer-based contextual 

embeddings enable better understanding of implicit 

language. 

However, several challenges remain unresolved: 

7.1 Sarcasm and Irony 

Many hateful memes rely on sarcasm and hidden im-

plications. 

7.2 Cultural Context 

Memes often depend on regional references and cul-

tural symbolism. 

7.3 Dataset Bias 

Biased datasets may produce unfair predictions. 

7.4 Ethical Concerns 

Automated moderation systems must avoid censorship 

and false accusations. 

Therefore, future systems should focus on fairness, ex-

plainability, multilingual processing, and human-AI 

collaboration. 

VIII. APPLICATIONS 

MemeSentinel-XT can be applied in: 

8.1 Social Media Moderation 

Automatic identification and filtering of hateful con-

tent. 
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8.2 Cyberbullying Prevention 

Detection of offensive memes targeting individuals. 

8.3 Political Content Monitoring 

Monitoring extremist propaganda and misinformation. 

8.4 Educational Platforms 

Maintaining safe digital learning environments. 

8.5 Brand Reputation Protection 

Preventing hateful meme misuse against organiza-

tions. 

IX. FUTURE SCOPE 

Future research directions include: 

• Multilingual hateful meme detection. 

• Real-time deployment optimization. 

• Explainable AI for moderation transparency. 

• Integration with multimodal large language mod-

els. 

• Advanced audio-video hate speech understand-

ing. 

• Bias reduction techniques. 

• Federated learning for privacy preservation. 

• Real-time livestream moderation systems. 

• Cross-platform multimodal monitoring. 

• Emotion-aware hate speech detection. 

Emerging multimodal large language models 

(MLLMs) may significantly improve semantic reason-

ing and contextual understanding in future hate speech 

detection systems. 

X. CONCLUSION 

This research paper presented a multimodal hate 

speech detection framework named MemeSentinel-

XT for analyzing hateful memes using transformer-

based multimodal learning techniques. The study 

demonstrated that multimodal approaches signifi-

cantly outperform unimodal systems because hateful 

intent often emerges only through combined image-

text interpretation. 

The proposed architecture integrates OCR extraction, 

NLP embeddings, visual transformers, and cross-

modal attention fusion to achieve improved hateful 

meme classification performance. 

Experimental analysis showed that MemeSentinel-XT 

achieves superior accuracy and AUROC performance 

compared to existing baseline systems. 

Despite technological advancements, challenges such 

as sarcasm understanding, contextual ambiguity, ethi-

cal bias, and multilingual processing remain open re-

search problems. 

Overall, multimodal AI systems such as MemeSenti-

nel-XT represent a promising direction toward safer 

and more responsible digital communication environ-

ments. 
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