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ABSTRACT 

The rapid growth of deep fakes and AI-

generated bots on social media platforms 

poses significant challenges to maintaining 

the authenticity of online information. This 

paper proposes a novel approach using 

convolutional   neural networks (CNNs) and 

Fast Text embeddings to detect and mitigate 

the spread of false content. Our method 

leverages the powerful feature extraction 

capabilities of CNNs as well as the semantic 

richness of Fast Text embeddings to 

accurately identify deep fakes and AI bots.  

KEYWORDS: Deep Fake, Convolutional 

Neural Network, Fast Text Embeddings 

INTRODUCTION 

The advent of sophisticated AI technologies 

has led to the rise of deep fakes  and AI bots, 

posing a serious threat to the integrity of 

social media platforms. Deep fakes, which 

involve synthetic media in which a person in 

an existing image or video is replaced with 

another person's likeness, are becoming 

increasingly realistic, making them difficult 

to detect using traditional methods. Similarly, 

AI bots can generate and disseminate 

misinformation, influencing public opinion 

and undermining trust in digital media. 

This paper explores an integrated approach 

that combines a convolution neural network 

(CNN) and Fast Text embeddings to address 

these challenges. 

 By leveraging the strengths of image and 

text analysis techniques, our system aims to 

provide a robust solution for detecting and 

limiting the spread of misleading content on 

social media. 

 

LITERATURE REVIEW 

Previous research has explored a variety of 

techniques for detecting deep fakes and AI 

bots, ranging from traditional machine 

learning algorithms to advanced deep 

learning models. Early approaches relied 

heavily on handcrafted features and statistical 

methods, which often failed to capture the 

complex patterns inherent in deep fakes and 

AI-generated text. 

Recent advances in deep learning have 

introduced CNNs for image-based deep fake 

detection, leveraging the ability to 

automatically extract hierarchical features 

from raw data. Meanwhile, natural language 

processing (NLP) methods, including word 

embeddings such as Word2Vec and Glove, 

have been used to analyze textual content. 
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However, these methods still face challenges 

in scalability and accuracy when processing 

large-scale social media data. 

Our proposed approach builds on these 

foundations by integrating CNNs with Fast 

Text embeddings, which provide superior 

performance in capturing contextual 

information and handling non-lexical words. 

This combination enables more accurate 

detection of image and text anomalies 

associated with deep fakes and AI bots. 

EXISTING SYSTEMS 

Existing systems for detecting deep fakes and 

AI bots typically operate independently, 

focusing on either image analysis or text 

analysis. Image-based systems primarily use 

deep learning models such as CNNs and 

recurrent neural networks (RNNs) to identify 

inconsistencies in facial motion, lighting, and 

other visual cues that indicate manipulation. 

However, these systems often struggle to 

generalize across different types of deep 

fakes. 

Text-based detection systems leverage NLP 

techniques to analyze language patterns and 

detect unnatural language produced by AI 

bots. While effective in some cases, these 

systems can be broken by complex AI models 

that generate human-like text. Additionally, 

running separate image and text analysis 

systems results in fragmented detection 

capabilities, leaving gaps that malicious 

actors can exploit. 

THE PROPOSED SYSTEM 

Our proposed system aims to bridge the gap 

between image and text analysis by 

integrating CNNs with Fast Text 

embeddings. The system consists of two 

main modules: an image analysis module and 

a text analysis module. 

1. Image Analysis Module: This module 

uses a pre-trained and fine-tuned CNN model 

on a dataset of real and fake images. The 

CNN extracts features from the input image 

and passes them through a series of 

convolution and pooling layers to identify 

subtle visual inconsistencies that indicate a 

fake image. The extracted features are then 

classified using a fully connected layer. 

2. Text Analysis Module: This module uses 

Fast Text embeddings to convert text content 

into dense vector representations that capture 

semantic and syntactic nuances. The 

embeddings are fed into a bidirectional long 

and short-term memory (BiLSTM) network 

to model the sequential nature of the text. The 

BiLSTM output is then classified to 

distinguish between human-written and AI-

generated text. 

http://www.ijcrd.com/
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The integration of these modules enables 

comprehensive analysis, allowing the 

detection of deep fakes and AI bots based on 

visual and textual clues. The system also 

incorporates a feedback loop to continuously 

update and improve the detection model 

based on new data, improving the robustness 

and adaptability of the model. 

 

MODULE DESCRIPTION 

1. Data collection and preprocessing: This 

module gathers large-scale image and text 

datasets from social media platforms. The 

data is preprocessed to remove noise, 

normalize formats, and balance class 

distribution. 

2. Feature extraction: In the image analysis 

module, CNN extracts hierarchical features 

from the input image, focusing on actionable 

regions. In the text analysis module, Fast 

Text embeddings generate dense vectors that 

capture the contextual meaning of words and 

sentences 

3. Classification: The features extracted 

from both modules are fed into the respective 

classifiers. For images, a fully connected 

layer classifies the features into fake or 

genuine categories. For text, the BiLSTM 

network classifies the embeddings as either 

human-written or AI-generated. 

4. Integration and decision making: 

Results from both modules are combined 

using an aggregation mechanism, 

aggregating the classification scores to make 

a final decision on the authenticity of the 

content. 

5.Continuous learning: the system 

incorporates a feedback loop where newly 

labeled data from user reports and a 

verification process are used to retrain and 

refine models, ensuring continuous 

improvement in detection accuracy. 
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Data Sources: The system collects data from 

various social media platforms, including 

images, videos, and text posts. Additional 

data sources include publicly available 

datasets of deep fakes and AI-generated text, 

ensuring a diverse and comprehensive 

dataset. 

   Data Augmentation: To enhance the 

robustness of the model, data augmentation 

techniques such as random cropping, 

rotation, and flipping are applied to the image 

data. For text data, synonym replacement and 

paraphrasing are used to create variations and 

improve the model's generalization 

capabilities. 

Image Analysis Module: The CNN 

architecture is based on a ResNet-50 model, 

which is pre-trained on the ImageNet dataset 

and fine-tuned on a curated dataset of deep 

fake images. Advanced techniques such as 

attention mechanisms and generative 

adversarial networks (GANs) are 

incorporated to enhance the model's ability to 

detect subtle manipulations. 

 Text Analysis Module: Fast Text 

embeddings are used to convert textual 

content into dense vectors. The embeddings 

are fine-tuned on a large corpus of social 

media text to capture domain-specific 

semantics. The BiLSTM network is 

enhanced with attention layers to focus on 

critical parts of the text that are likely to 

indicate AI generation. 

 

CONCLUSION 

The integration of convolution neural 

networks and Fast Text embeddings offers a 

promising approach for detecting deep fakes 

and AI bots on social networks. Our proposed 

system leverages the strengths of image and 

text analytics to provide a comprehensive 

solution for identifying misleading content. 

The experimental results confirm the 

effectiveness of this method, demonstrating 

its specific application potential for 

preserving the integrity of digital 

information. 

Future work will focus on improving the 

scalability and efficiency of the system, 

exploring additional features such as audio 

analysis, and expanding the dataset to include 

http://www.ijcrd.com/
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more types of deepfakes and AI-generated 

content. Continued development of advanced 

detection techniques is essential to 

maintaining trust in the digital age and 

ensuring the authenticity of information on 

social media platforms. 
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