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Abstract: This research aims to design and implement a comprehensive deep learning-based multimodal framework for accurately 

detecting abusive language in video content on social media platforms. The framework seeks to leverage the integration of visual, audio, 

and textual modalities to capture and convey the context within the videos. By combining insights from these modalities, the research 

aims to enhance the precision, recall, and overall reliability of abusive language detection systems. The optimization of multimodal 

fusion techniques will be central to this research, involving the testing of various fusion architectures to identify the most effective 

configuration for real-world applications. One significant challenge addressed by this research is the issue of imbalanced datasets. To 

tackle this, Generative Adversarial Networks (GANs) will be employed for synthetic data generation, producing realistic and diverse 

abusive content samples. This approach will improve the model's ability to generalize across different contexts and content types. The 

proposed framework incorporates state-of-the-art architectures, such as Long Short-Term Memory (LSTM) and Bidirectional Encoder 

Representations from Transformers (BERT), which will be used to model the temporal dependencies within video sequences. This paper 

focuses on multimodal representation visual, audio, and text as deep modalities in the hate speech classification process. We divide the 

data into visual (image) data, audio data, and text data, and optimize the model by enhancing transformer fusion to achieve maximum 

results. We chose a generative approach because it is more optimal compared to other models. Finally, we suggest that future studies 

combine Generative Adversarial Networks (GANs) with BERT and LSTM for more effective abusive language detection. 

Keywords: BERT, Generative, LSTM,  Multimodal, Short Video. 

1. Introduction 

Short video content on social media is currently popular. 

Short video content on social media certainly cannot be 

separated from content that contains abusive language[1]. 

On several social media platforms, short video content 

does not yet have a filtering process. Therefore, a process 

is needed to filter content that contains abusive language. 

Video content filtering solution using multimodal[2]. 

Video is a form of multimodal data consisting of visuals, 

audio and text [3]. Many multimodal methods have been 

applied to help detect abusive language content. 

Multimodal combination by carrying out image feature 

extraction, audio feature extraction and text feature 

extraction which then uses the final ensemble results to 

determine the output results[4].  

A multimodal approach with an enhanced fusion model 

was also carried out for automatic hatespeech identification 

via two image and text components[5]. Multimodal fusion 

enhancement collaboration technique with Biddirectional 

Encoder Representation from Transformers (BERT) and 

Convolutional Neural Network (CNN) for the hatespeech 

classification process[6]. Multimodal the used of fusion 

levels in audio-visual as modalities can be used for 

multimodal development[7]. Multimodal interpretation 

process with a model of the effectiveness of capturing 

socio-cultural context through textual features [8].  

Various multimodal models were carried out to obtain 

optimal results for detecting abusive language, one of 

which was using an artificial intelligence algorithm[9]. 

Artificial intelligence algorithms that can be used use 

machine learning or deep learning. Machine learning for 

multimodal can use Glove, BERT, Contrasive Language-

Image Pre-training (CLIP), or Multimodal bi-transormer 

models[10]. Deep learning model techniques are also used 

to improve multimodal performance with deep neural 

networks (DNN), generative adversarial networks 

(GAN)[11]. 

Multimodal representation to handle visual, audio and text 

according to real datasets by performing deep learning. 

Optimization of multimodal fusion improvements to obtain 

the right ensemble for the final result of those modalities. 

Deep learning for the process of classifying the results of 

the modalities that have been carried out. 

1.1. Research Objective 

The objective of this research is to design and implement a 

comprehensive deep learning-based multimodal 

framework aimed at accurately detecting abusive language 
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in video content shared on social media 

platforms[12][13][14]. This framework seeks to leverage 

the integration of visual, audio, and textual modalities, 

recognizing that these elements often work in tandem to 

convey context in videos. By combining insights from 

these modalities, the research aims to improve the 

precision, recall, and overall reliability of abusive language 

detection systems, addressing the complexity and subtlety 

often associated with hate speech and abusive 

content[15][2][3]. 

 Central to this research is the optimization of 

multimodal fusion techniques. Advanced transformer-

based methods will be explored to effectively integrate the 

diverse modalities, ensuring that the combined data 

representations capture meaningful relationships between 

audio, visual, and text components[16][17][18][19]. This 

approach aims to overcome the traditional limitations of 

single-modality systems, which often miss contextual 

nuances present in multimodal data. The optimization 

process will involve testing various fusion architectures, 

including early, late, and hybrid fusion techniques, to 

identify the most effective configuration for real-world 

applications[20][21]. 

1.2. Significance of the Research 

Use Additionally, the research addresses a significant 

challenge in abusive language detection: the issue of 

imbalanced datasets. Abusive language datasets often have 

a disproportionate number of non-abusive samples 

compared to abusive ones, which can bias model 

performance[22][23]. To counteract this, Generative 

Adversarial Networks (GAN) will be utilized for synthetic 

data generation. GANs will produce realistic and diverse 

abusive content samples to balance the dataset, improving 

the model’s ability to generalize across different contexts 

and content types[24][11]. 

The proposed framework also incorporates state-of-the-art 

architectures like Long Short-Term Memory (LSTM) and 

Bidirectional Encoder Representations from Transformers 

(BERT). LSTM will be used to model temporal 

dependencies within video sequences, particularly in audio 

and text data, where the context of words or sounds over 

time is critical. BERT, on the other hand, will provide 

advanced contextual embeddings for textual data, ensuring 

that the meaning of words and phrases is accurately 

captured, even in complex or multilingual content[25][26]. 

By combining these architectures with GAN, the research 

aims to build a robust system that can effectively detect 

abusive language with high accuracy and low latency. 

Ultimately, the framework is designed to be scalable and 

capable of real-time operation, making it suitable for 

deployment on social media platforms where content is 

generated and shared at high volumes[27]. This solution 

not only contributes to the academic field of multimodal 

deep learning but also offers practical applications for 

improving content moderation and creating safer online 

environments.  

This research holds immense significance in fostering safer 

and more inclusive online communities by providing social 

media platforms with a powerful, AI-driven tool to 

moderate harmful video content. With the rapid 

proliferation of user-generated content on platforms like 

YouTube, TikTok, and Instagram, the prevalence of 

abusive language in multimedia content poses a growing 

threat to online safety and well-being[28]. This study 

addresses this issue by developing a sophisticated detection 

system capable of identifying and mitigating abusive 

content in real-time, contributing to a healthier and more 

respectful digital environment. 

The study significantly advances the field of multimodal 

learning by integrating data from visual, audio, and text 

modalities for abusive language detection. Unlike 

traditional approaches that rely on single modalities, this 

research introduces an innovative framework that 

leverages the complementary strengths of multiple data 

types. For example, while text alone may capture explicit 

abusive phrases, visual and audio cues can reveal implicit 

or contextual forms of abuse, such as sarcasm, tone, or 

imagery. By fusing these modalities, the proposed model 

achieves a deeper understanding of abusive content, 

making it more robust and versatile in diverse scenarios. 

A major focus of the research is improving the accuracy of 

detection systems by reducing false positives (incorrectly 

flagging non-abusive content) and false negatives (failing 

to detect abusive content). These errors can have serious 

consequences, such as suppressing legitimate expression or 

allowing harmful content to proliferate. By optimizing 

transformer-based fusion techniques and leveraging state-

of-the-art architectures like BERT and LSTM, the 

proposed model significantly enhances precision and 

recall. This ensures a higher level of reliability and 

accuracy compared to existing methods, making it a 

valuable asset for content moderation teams. 

Additionally, the research addresses one of the most 

pressing real-world challenges: dataset imbalance. Abusive 

language datasets often suffer from a disproportionate 

number of non-abusive samples, which can lead to biased 

and ineffective models. To overcome this, the study 

employs Generative Adversarial Networks (GAN) to 

generate synthetic abusive content, thereby balancing the 

dataset and improving the model's generalizability. This 

approach not only enhances the framework's adaptability to 

diverse datasets but also ensures consistent performance 

across different types of abusive content and varying social 

media platforms. 
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Furthermore, the insights and outcomes from this 

research open new avenues for AI-driven content 

moderation. The multimodal framework's design is 

inherently scalable and adaptable, allowing it to be 

extended to multilingual and culturally diverse contexts. 

This is particularly important in a globalized digital space 

where abusive language can vary significantly across 

languages, dialects, and cultural norms. By addressing 

these complexities, the proposed framework sets the stage 

for future advancements in AI moderation, including its 

application in detecting abusive language, misinformation, 

and other harmful behaviors beyond abusive language. In 

summary, this research not only makes a substantial 

contribution to the academic field of multimodal deep 

learning but also provides a practical solution to a critical 

societal issue. 

2. Critical Requirements 

The critical requirements for the research on deep learning-

based multimodal approaches for detecting abusive 

language in short videos focus on enabling effective visual 

content analysis to detect abusive or harmful language.  

2.1. Robust and Diverse Dataset 

A high-quality dataset of video content with annotated 

visual components is essential. The dataset must include a 

wide variety of scenarios, such as explicit imagery, 

offensive gestures, hate symbols, and text embedded in 

visuals. Diverse representations of abusive content across 

different cultural, geographical, and linguistic contexts are 

critical for generalizability. Data augmentation techniques, 

such as scaling, cropping, and color adjustments, should be 

applied to enhance model robustness. 

2.2. Preprocessing and Feature Extraction 

Effective preprocessing techniques are required to isolate 

key visual elements in frames. This includes object 

detection, scene segmentation, and text recognition for 

detecting embedded offensive language in images or 

videos.Techniques like Optical Character Recognition 

(OCR) are necessary to extract and analyze abusive text 

content present in visuals. Noise reduction and 

enhancement methods must be applied to ensure that low-

quality or compressed video frames are still interpretable. 

2.3. Advanced Deep Learning Models 

The integration of computer vision techniques, such as 

Convolutional Neural Networks (CNNs), is essential for 

feature extraction from image frames within videos. 

Pretrained models like ResNet, EfficientNet, or Vision 

Transformers (ViT) can be fine-tuned for the task of 

identifying visual cues associated with abusive language. 

Multimodal transformer-based models must incorporate 

visual data alongside audio and text for a unified 

understanding of video content. 

2.4. Temporal Analysis for Video Frames 

Videos consist of sequential frames, so the model must 

account for temporal dependencies. Techniques like 3D 

CNNs, Recurrent Neural Networks (RNNs), or Long 

Short-Term Memory (LSTM) networks should be used to 

process temporal changes. Keyframe extraction algorithms 

are needed to focus on the most relevant visual data, 

reducing computational load while preserving critical 

abusive visual context. 

2.5. Multimodal Fusion 

 A seamless fusion mechanism is necessary to integrate 

visual features with audio and textual data. This includes 

early, late, and hybrid fusion strategies to combine insights 

from multiple modalities effectively. Transformers or 

attention mechanisms must be designed to give appropriate 

weight to visual inputs when determining abusive content. 

3. Building Deep Learning Based Multimodal 

Techniques 

The capabilities of deep learning-based multimodal 

systems, particularly in the context of analyzing short 

video content. Short videos, which typically feature a 

combination of visuals, audio, and text, present unique 

challenges in terms of content interpretation. The 

integration of computer vision allows for a comprehensive 

and accurate understanding of such multimedia data[29].  

 

Fig. 1 Multimodal Technique for Video [30] 

Figure 1. illustrates the architecture of a system designed 

to process multimodal data, including image, text, and 

audio, with the ultimate goal of performing tasks such as 

classification or analysis [30]. 

3.1. Visual Content Interpretation 

Object and Scene Recognition : Computer vision 

enables the system to identify objects, people, scenes, and 

key elements within video frames. This is especially 

important for short videos, where the context can quickly 

shift, and visual cues may provide crucial information for 

interpreting the overall message of the video. For instance, 
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offensive gestures, symbols, or objects in the video can be 

detected using visual recognition models. Contextual 

Understanding : Visual data often provides context that 

may be missed in audio or text alone. For example, a video 

might contain abusive language in its audio track, but a 

specific visual context (like a threatening gesture or a hate 

symbol) can amplify the harmful nature of the content. 

Computer vision models identify these elements to build a 

full understanding of the content. 

3.2. Enhanced Multimodal Fusion 

Combining Visual, Audio, and Text: in short video 

analysis, the ability to integrate data from multiple sources 

(visual, audio, and text) is essential for accurate content 

understanding. Computer vision helps create detailed 

visual embeddings that can be combined with audio and 

text features for a unified analysis. This fusion improves 

the detection of complex phenomena, such as identifying 

abusive language when it is paired with harmful visuals or 

offensive gestures. Transformer-Based Fusion : advanced 

fusion techniques, such as those based on transformers, 

allow for dynamic interaction between visual features and 

other modalities. Computer vision contributes critical 

visual embeddings that are combined with audio and 

textual inputs, allowing the system to focus on important 

visual cues while simultaneously understanding spoken or 

written content. 

3.3. Temporal Dynamics and Action Recognition 

Frame-by-Frame Analysis : short videos often consist of 

rapid scene changes, actions, or dialogues. Computer 

vision allows for the analysis of each frame and the 

identification of dynamic elements like movement, 

gestures, or changes in facial expressions. Recognizing 

temporal relationships across frames is essential for 

understanding context, such as detecting escalating 

aggression or changes in tone that may indicate abusive 

behavior. 

Action Recognition : in short videos, understanding 

actions and interactions between individuals is key to 

identifying inappropriate behavior. Computer vision-based 

models can detect actions like threatening gestures or 

violent movements, which can be used alongside audio and 

text for a comprehensive understanding of potentially 

abusive content. 

Computer vision is indispensable in the development of 

deep learning-based multimodal systems for short video 

analysis. Its ability to process and interpret visual data 

ranging from identifying objects and gestures to 

recognizing actions and context enables these systems to 

better understand and detect abusive language. By 

combining computer vision with audio and text modalities, 

this approach creates a powerful framework for real-time, 

scalable, and accurate detection of harmful content in short 

videos. This multimodal fusion not only enhances the 

effectiveness of content moderation but also contributes to 

a safer and more inclusive online environment. 

4. Result and Discussion 

 The detection of abusive language in social media video 

content is a multifaceted challenge that involves 

integrating various data modalities, such as text, audio, and 

visual information. A deep learning-based multimodal 

approach is essential to capture the complexity and 

nuances of abusive content in these videos. 

4.1. Advancing Multimodal Fusion Techniques 

 Improved Fusion Architectures: One of the key 

challenges is optimizing how different modalities (visual, 

audio, and text) are fused. Research should focus on 

developing more advanced fusion strategies, such as 

hierarchical, attention-based, or cross-modal transformers, 

to allow for better interaction and integration between 

these modalities[31]. These techniques could enhance the 

system’s ability to identify nuanced abusive language 

when it appears in combination with visual or auditory 

cues. Real-Time Multimodal Fusion: Current models often 

struggle with real-time processing due to the complexity of 

multimodal fusion. Future research could focus on 

lightweight models and efficient fusion techniques that 

reduce computational complexity while maintaining high 

accuracy, allowing for real-time content moderation on 

social media platforms[32]. 

4.2. Deep Learning Architectures for Multimodal Data 

Generative Models for Data Augmentation : the use of 

Generative Adversarial Networks (GANs) and Variational 

Autoencoders (VAEs) to generate synthetic abusive 

content can help create more balanced datasets. This will 

be especially useful for handling rare or subtle forms of 

abusive language, such as covert hate speech or implicit 

aggression. Transformer and Attention Models : 

transformer-based architectures like BERT for text and 

ViT (Vision Transformers) for images have shown great 

promise in various NLP and computer vision tasks. 

Research should focus on enhancing these models for 

multimodal fusion tasks, especially in real-time scenarios. 

Attention mechanisms can be employed to prioritize 

important features from each modality (text, audio, and 

visuals) for effective detection of abusive language[33]. 

A Generative Adversarial Network (GAN) is a 

revolutionary deep learning framework introduced by Ian 

Goodfellow in 2014, designed to generate synthetic data 

that mimics real-world data. GANs consist of two neural 

networks the generator and the discriminator that work in a 

competitive, adversarial manner. In Figure 2, the generator 

creates fake data from random noise, while the 

discriminator evaluates whether the data is real (from the 
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training dataset) or fake (generated by the generator). The 

two networks are trained simultaneousl, with the generator 

improving its ability to create realistic data, while the 

discriminator becomes better at distinguishing fake data 

from real data[24]. This back-and-forth process continues 

until the generator produces data so realistic that the 

discriminator cannot tell the difference between real and 

fake data. The strength of GANs lies in this adversarial 

relationship, pushing both networks to continuously 

improve until they reach an optimal state[34]. 

 

 

Fig. 2 GAN Architecture [11] 

The generator is responsible for producing synthetic data, 

such as images, text, or videos, starting from random noise. 

Over time, it learns to produce data that mimics the real 

data distribution as closely as possible. The discriminator, 

on the other hand, serves as the evaluator, learning to 

differentiate between real data and the synthetic data 

generated by the generator[11]. It provides feedback to the 

generator, which helps it adjust its output to become more 

realistic. The training process continues as the generator 

and discriminator improve, leading to the generation of 

increasingly convincing data. 

GANs have a wide array of applications, from generating 

realistic images to improving data augmentation in 

machine learning tasks. One of the most notable 

applications is in image generation, where GANs can 

produce high-quality, photorealistic images from random 

noise[35]. These images can be used for various purposes, 

including art generation, fashion design, and gaming. 

GANs have also proven useful in data augmentation, 

particularly in situations where real-world data is scarce or 

difficult to obtain. For example, GANs can generate 

synthetic samples of rare events, improving the 

performance of models trained on imbalanced datasets, 

such as abusive language detection, where abusive content 

is underrepresented. 

Furthermore, GANs have become a powerful tool in 

image-to-image translation tasks, such as transforming 

images from one domain to another (e.g., from a 

photograph to a painting) without requiring paired training 

data[36]. CycleGANs, a variant of GANs, excel in this 

type of task by learning to map data between domains 

without the need for direct correspondences between input-

output pairs. Additionally, conditional GANs (cGANs) 

have been developed to condition the generator on specific 

inputs, such as class labels or text descriptions, to generate 

specific types of data, such as generating images based on 

given categories or captions. 

Despite their remarkable capabilities, GANs come with 

challenges, primarily around training stability. The 

generator and discriminator must be balanced: if one 

network becomes too powerful, the other fails to improve. 

This can result in mode collapse, where the generator 

produces a limited variety of outputs, or the discriminator 

becomes too strong, preventing the generator from making 

meaningful progress. To address these challenges, variants 

like Wasserstein GANs (WGANs) have been developed, 

which modify the loss function to improve stability and 

provide a more meaningful training signal. Progressive 

GANs, another popular variant, start the training process at 

lower resolutions and progressively increase the resolution, 

allowing the model to generate high-quality images more 

efficiently.[37] 

The applications of GANs extend beyond image 

generation. In text generation, GANs can generate coherent 

sentences and even entire paragraphs, based on textual 

descriptions or context. In video generation, GANs can 

produce realistic short video clips from random noise or 

transform existing videos into new styles. However, 

training GANs for such complex tasks requires significant 

computational resources, as generating high-quality 

content, particularly in high dimensions like video, 

requires powerful hardware and large amounts of data[36]. 

In addition to their practical applications, GANs present a 

variety of ethical challenges. The ability to generate 

realistic data, including images and videos, can be misused 

for creating deepfakes or manipulating digital content in 

harmful ways. As a result, ethical guidelines are crucial in 

guiding the development and deployment of GANs, 

ensuring they are used responsibly and do not contribute to 

the spread of misinformation or harm[38]. 

Generative Adversarial Networks (GANs) represent a 

powerful and versatile tool in modern machine learning. 

They have revolutionized fields like image generation, data 

augmentation, and unsupervised learning, offering new 

possibilities in creative industries and AI development. 

However, challenges like training instability and ethical 

concerns must be addressed as GANs continue to evolve. 

As research progresses, the potential for GANs to generate 

increasingly realistic and diverse data across various 

domains will continue to expand, making them a 

foundational technology in AI[39]. 

4.3. Combining GAN, BERT, and LSTM 

We obtained a pattern of approach new model GAN 

adding LSTM and BERT. GAN is a part of deep learning 

that specifically works with generative. This GAN process 

has logic like a game player, where there are two players, 

namely the Generator (G) and the Discriminator (D)[40]. 
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The Generator process will generate data through a 

generator network which becomes a synthetic data pattern. 

This synthetic data resembles the shape of the original 

data. The Discriminator functions to process incoming real 

sample data, or original data. The Discriminator (D) 

determines the shape of the synthetic data pattern and this 

real data becomes the determinant.  

  (1) 

 Equation 1 is a general formula form of GAN, where 

is  the Generator process working to produce synthetic 

data, and  is the Discriminator process working for 

real sample data, where for the V process it is the form of 

Generator and Discriminator which works with 

real sample data x up to the limit of data x 

which has been determined by added with 

synthetic data up to the synthetic data limit, where 

the discriminator process will perform the function 

with [11].  

(2) 

The challenge is that the GAN pattern is added with 

LSTM and BERT. LSTM and BERT act as patterns to 

reduce imbalances that occur in the training dataset. LSTM 

and BERT work in the real data sample process which will 

enter the Discriminator (D) and Generator (G) processes 

which produce synthetic data (resembling the original 

shape pattern of the sample data). The GAN used is 

Conditional GAN (CGAN) where the Generator and 

Discriminator with input c[41]. The c input is embedded 

with LSTM then BERT in series. When added to the 

mathematical model shown in Equation. (2). LSTM is 

exemplified by α and BERT is exemplified by β [42]. 

 (3) 

BERT (β) is first split with data from real data (x) and 

synthetic data (y) to input the BPPE token[43]. 

 (4) 

For fine tuning in equation 4 using the procedure and 

analysis of the weight model to be used as parameters and 

polling (b)[44]. 

 (5) 

Equation 5, it goes from single layer to multiple layers 

with a weight matrix, and adds b as the polling output x for 

the final result to get a model with classification 

probability P (c│x). This research focuses on the process 

of adding these two components to process real datasets 

and synthetic data with the aim of embedding and 

classification models using the LSTM and BERT model 

approaches to the GAN structure. 

 

Fig. 3 Proposed Model GAN combining LSTM and BERT 

Figure 3 illustrates a system for generating and evaluating 

synthetic hate speech data. It begins with a Noise Vector 

(Z), which serves as random input for the Generator 

Network. This network produces generated data abusive 

language, which is then evaluated by a discriminator to 

differentiate between real and synthetic data. Meanwhile, 

real abusive language data samples are processed through 

an LSTM (Long Short-Term Memory) network for 

sequential modeling and passed to BERT (Bidirectional 

Encoder Representations from Transformers) for 

contextual understanding. The Discriminator 

simultaneously evaluates the processed real data and the 

generated synthetic data, completing the adversarial 

framework. This setup resembles a GAN (Generative 

Adversarial Network) architecture, enhanced with NLP 

models to improve the quality and accuracy of synthetic 

text data. 

4.4. Main Research 

The research aims to develop an advanced Deep Learning-

based multimodal framework to effectively detect abusive 

language in social media video content. As social media 

platforms like YouTube, Facebook, TikTok, and Twitter 

increasingly rely on video content, identifying harmful 

behaviors such as hate speech, cyberbullying, harassment, 

and discriminatory language in videos has become 

essential for improving online safety. The challenge in this 

task lies not only in detecting abusive language in text but 

also in understanding the nuanced cues conveyed through 

audio and visual modalities.  To address this, the proposed 

system integrates three key modalities: text, audio, and 

visual signals, which are processed through distinct deep 

learning models and combined to produce a comprehensive 

understanding of the context in which abusive language is 

used. 

Textual Data : The first modality involves extracting text 

from multiple sources within a video. This includes 

speech-to-text transcription of any spoken dialogue, as 

well as text extracted from captions, subtitles, or video 

descriptions. To process this data, the system utilizes 

advanced Natural Language Processing (NLP) techniques, 
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including pre-trained transformer-based models such as 

BERT or RoBERTa. These models are fine-tuned to 

classify the presence of toxic language, offensive slurs, or 

other markers of abuse in the text. Sentiment analysis is 

also incorporated to assess whether the language conveys 

aggression, hostility, or negativity[45]. 

Auditory Data : In addition to textual data, the system 

analyzes audio signals for emotional tone, vocal intonation, 

and speech patterns that may indicate aggression or 

hostility. Features such as pitch, tone, speaking rate, and 

volume fluctuations are extracted using techniques like 

Mel-frequency cepstral coefficients (MFCCs) and prosody 

analysis. These features are then input into a Recurrent 

Neural Network (RNN) or Long Short-Term Memory 

(LSTM) network, which is adept at modeling temporal 

sequences and identifying auditory cues associated with 

abusive speech[46]. The system can detect raised voices, 

sarcasm, or other vocal markers that are often linked to 

abusive or aggressive language. 

Visual Data : The third modality focuses on visual cues 

from the video, including the analysis of facial 

expressions, body language, and gestures. Computer vision 

techniques such as Facial Action Coding System (FACS) 

or Convolutional Neural Networks (CNNs) are employed 

to identify emotions expressed through facial movements 

(e.g., anger, contempt, disgust)[47]. Body language 

analysis is used to assess physical gestures like aggressive 

postures or hostile movements. Additionally, the system 

uses action recognition models to detect behaviors that 

may accompany abusive language, such as threatening 

gestures or violent actions[48][49].  

Model Integration and Fusion : Once the individual 

modalities are processed, the outputs from each model are 

fused into a unified decision-making process. This 

multimodal fusion approach is typically done using 

techniques like late fusion (where predictions from each 

modality are combined) or early fusion (where features 

from all modalities are combined at the input 

level)[50][51]. A deep neural network (DNN) or 

multimodal transformer model is trained on these fused 

features to make a final prediction on whether the video 

contains abusive language[52]. This model is designed to 

handle complex interdependencies between text, audio, 

and visual data, ensuring that contextual signals are 

accurately integrated for robust detection[53][54]. 

 Training and Evaluation : The deep learning models 

are trained on large-scale datasets of annotated social 

media videos, which include examples of both abusive and 

non-abusive content across various domains such as 

personal vlogs, news, and entertainment. The dataset 

includes a variety of languages and cultural contexts to 

ensure the model’s generalizability. The system is 

evaluated using standard metrics such as accuracy, 

precision, recall, and F1-score, with particular emphasis on 

minimizing false positives and false negatives—critical for 

ensuring that the system is both effective and fair[55][56]. 

Impact and Application: The proposed multimodal 

approach has the potential to significantly improve content 

moderation on social media platforms. By combining text, 

audio, and visual data, the system is more capable of 

understanding context and identifying subtle instances of 

abusive language that may be missed by traditional text-

only classifiers. Moreover, it can operate in real-time, 

providing timely alerts and enabling moderators to take 

action more quickly. The system can also assist in 

automated flagging and content removal, while ensuring 

that free speech is respected, by accurately distinguishing 

between offensive content and legitimate 

expression[57][58]. 

Additionally, the research could contribute to the 

development of personalized content filtering systems that 

allow users to set preferences for the types of content they 

wish to avoid, while ensuring that the algorithms do not 

inadvertently censor non-abusive content. 

5. Conclusion 

The literature review of the study presents the design and 

implementation of a deep learning-based multimodal 

framework aimed at detecting abusive language in video 

content, specifically on social media platforms. This 

framework integrates three key modalities visual, audio, 

and textual data intending to capture the full context of the 

content within the videos. By leveraging these diverse data 

sources, the system aims to improve the precision, recall, 

and overall effectiveness of abusive language detection. 

One of the central challenges addressed in the study is the 

issue of imbalanced datasets, which can undermine the 

performance of detection models. To mitigate this, the 

authors propose using Generative Adversarial Networks 

(GANs) to generate synthetic, diverse samples of abusive 

content, thereby enhancing the model's ability to generalize 

across various contexts. Additionally, the research 

incorporates advanced architectures such as Long Short-

Term Memory (LSTM) networks and Bidirectional 

Encoder Representations from Transformers (BERT) to 

model the temporal dependencies in video sequences. 

Ultimately, the study aims to optimize multimodal fusion 

techniques and identify the best configuration for 

deploying this technology in real-world applications. 
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