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Abstract:  In this study, we investigate the picture-generating techniques and applica-

tions of Stable Diffusion and Generative Adversarial Networks (GANs). By offering an 

adversarial framework that puts two neural networks against one another to create 

high-quality pictures, GANs have transformed the area of generative modeling. However, 

a new method is provided by a family of diffusion models called stable diffusion, which 

creates pictures by repeatedly improving noise. This essay contrasts the two approaches, 

going over each one's advantages, disadvantages, and uses. 
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1. Introduction 

In recent years, there has been a lot of interest in the use of deep learning algorithms to generate realistic 

pictures. Diffusion models, especially Stable Diffusion, and Generative Adversarial Networks (GANs) are 

two of the most used techniques. Using a game-theoretic framework, GANs generate increasingly realistic 

pictures by pitting two neural networks against one another: a discriminator and a generator. Conversely, 

diffusion models produce pictures by repeatedly reducing noise through a denoising procedure. This 

study analyzes and contrasts these two strategies, evaluating the methods, advantages, and disadvantages 

of each [1- 2]. 

Over the past ten years, the area of picture production has advanced significantly, mostly because of de-

velopments in deep learning methods. Realistic picture generation has been made possible by diffusion 

models, especially Stable Diffusion, and Generative Adversarial Networks (GANs). GANs, which were 

first presented by Ian Goodfellow in 2014, use an adversarial learning paradigm that places a generator 

and a discriminator neural network against one another. While the discriminator tries to discern between 

produced and actual pictures, the generator produces images. The generator is driven to enhance its out-

put by this adversarial process producing incredibly lifelike visuals [3]. 
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The remainder of the paper is divided into the sections below. The GANs background as properties, inte-

rior design, and numerous applications are all covered in Section II. Section III discusses the Methodology 

used on the both GAN-Based Image Generation and Stable Diffusion-Based Image Generation in Section V 

provides a Experimental Setup tests Using PyTorch to build the models. Section VI Discuss GAN And Sta-

ble Diffusion Results Moreover, Section VII Discuss When GANs and stable diffusion models are com-

pared. The final discussion is presented in Sections VIII , which discuss the future scope and conclusion of 

the work, respectively. 

2. Background 

2.1. Generative Adversarial Networks (GANs) 

A discriminator that discerns between actual and created pictures and a generator that generates images 

make up a GAN. The discriminator sharpens its skills in spotting phony pictures while the generator at-

tempts to trick it. The generator creates extremely realistic visuals because of this adversarial process. 

Numerous GAN designs have been created, such as Style GANs that allowed for precise control over pic-

ture production and DCGANs that brought convolutional layers. 

Another important development was the introduction of style GANs, a style-based generator architecture 

that permits fine control over the aspects, such as facial expressions and hairstyles, of the produced pic-

tures [4]. Prepare the data by loading and standardizing the MNIST dataset  

Models: Utilizing basic dense layers, construct the generator and discriminator models. 

Training Loop: Update the weights of the discriminator and generator depending on their respective loss-

es as you train them in alternating stages as in figure 1. 

 

Fig 1: Generative Adversarial Networks (GANs) Architecture 

2.2. Diffusion Models and Stable Diffusion 

Data are made by reversing a process of diffusion in diffusion models. To create coherent images, the 

model decreases noise vectors randomly. This denoising method is called stable diffusion and stabilizes 

this process to allow it to generate clear and consistent high-quality images. On the other hand, there are 

GANs that depend on adversarial training unlike Diffusion models; they normally use a probabilistic 

framework that does not create issues such as mode collapse [5]. 
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A different approach exists in generative modeling through diffusive modeling. Noise from random noise 

vectors is reduced slowly by these models to form one coherent image after another. At each stage starting 

from a random noise input structures increase while the images get noisier and non-noisier. 

Diffusion models are more resilient than GANs since they do not require adversarial training and are less 

vulnerable to problems like mode collapse. 

 

2.3 Comparative Analysis: Image Quality and Generation Speed 

 

In the realm of AI image generation, the comparison between diffusion models and traditional Generative 

Adversarial Networks (GANs) reveals significant differences in both image quality and generation speed.   

 

2.3.1 Image Quality 

Diffusion models have arisen as the state-of-the-art in generating high-fidelity images. Unlike GANs, 

which often suffer from mode collapse, diffusion models produce a wider variety of outputs, ensuring 

that the generated images are not only diverse but also of superior quality. 

Higher Fidelity: Recent studies indicate that diffusion models steadily overtake leading GAN-based ap-

proaches in generating photorealistic images. For instance, models like DALL-E and Stable Diffusion have 

demonstrated their ability to create images with intricate details and textures that rival real photographs. 

Privacy Efficiency: The training process of diffusion models is designed to be more stable and priva-

cy-efficient. This is achieved through a unique approach of adding structured noise to images, which al-

lows for better handling of sensitive data during the training phase [6]. 

 

2.3.2 Generation Speed 

 

While diffusion models excel in image quality, they often require more computational resources and time 

to generate images compared to traditional GANs. 

Training Time: The iterative process of refining images in diffusion models can lead to longer training 

times. However, once trained, these models can generate images relatively quickly. 

Inference Speed: In contrast, GANs are typically faster during the inference phase, allowing for real-time 

image generation. This speed advantage makes GANs suitable for applications where quick results are 

essential, such as in gaming or interactive media [7-8]. 

3. Methodology 

   3.1. GAN-Based Image Generation 

Iteratively upgrading the discriminator and generator networks is how GANs are trained. A noise vector 

is converted into a picture by the generator, and the discriminator then assesses the result. The generator 

utilizes the feedback from the discriminator—a loss value—to enhance its output. The adversarial loss 

function plays a vital role in directing the generator toward more realistic outcomes by calculating the 

difference between actual and false pictures. The failure of the generator to provide a variety of outputs, 

known as mode collapse, has led to the introduction of techniques like WGANs [9]. 

To create a picture, stable diffusion models denoise a random noise vector repeatedly. Using a sizable da-

taset of actual photos, the model is trained to understand how to reverse the noise process and match the 
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distribution of the training set. To teach the model to produce high-quality photos, it must first optimize a 

loss function that compares the model's output with actual photographs. The picture is progressively re-

fined at each of the several processes that make up the denoising process [10]. 

The generator and discriminator networks must be simultaneously optimized during the GAN training 

process. The generator uses a sequence of up-sampling and convolutional layers to turn a random noise 

vector—typically taken from a uniform or Gaussian distribution—into a picture. Convolutional neural 

networks (CNNs) serve as the discriminator; they assess the produced picture against actual photos from 

the training dataset and provide a probability score that indicates whether the image is authentic or fraud-

ulent. The use of a loss function, usually the binary cross-entropy loss, which penalizes the generator when 

the discriminator correctly classifies its output as bogus, captures the adversarial character of GAN training 

[11-12-13]. 

 

 

Aspect GANs Stable Diffusion 

   
   Training Framework Adversarial training (Generator vs. Discrimi-

nator) 

Probabilistic denoising process 

   Mode Collapse  Common issue Less likely 

Output Diversity This can be limited due to mode collapse High diversity 

   
Training Stability  Prone to instability Stable 

Computational Re-

quirements 

 

 

Moderate High 

    

    

Output Quality  High but may suffer from artifacts Consistently high with fewer arti-

facts 

    

Generation Speed  Fast Slower due to the iterative process 

    

Applications  Real-time applications, gaming, VR Medical imaging, content creation 

Table 1: Comparison of GAN and Stable Diffusion Techniques 

Table 1 provides a side-by-side comparison of Generative Adversarial Networks (GANs) and Stable Diffu-

sion models across various aspects such as training frameworks, output quality, computational require-

ments, and typical applications. The table highlights the key strengths and weaknesses of each approach, 

such as GANs being fast but prone to mode collapse, while Stable Diffusion models offer more stable and 

higher-quality image generation at the cost of greater computational complexity. 
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Model Type   Noise Schedule Denoising Steps Output Quality Applications 

Vanilla Diffusion   

Model 

linear Fixed number of    

steps 

Moderate-quality, 

artifacts are possible 

Basic image 

synthesis 

Stable Diffusion Adaptive non-

linear 

Dynamic optimized 

for stability 

High quality, fewer 

artifacts 

High-fidelity 

image generation 

Denoising Diffu-

sion Probabilistic 

 Model (DDPM) 

Linear Multiple denoising 

steps 

  High but        

computationally 

expensive 

Image denoising, 

generative mod-

eling 

Improved  Learned     noise 

 schedule 

Adaptive to dataset Superior quality 

with reduced arti-

facts 

Medical imaging, 

artistic genera-

tion 

Table 2: Diffusion Models and Their Characteristics 

Table 2 describes various diffusion models used in image generation, focusing on their noise schedules, the 

number of denoising steps involved, and the quality of the output. It also discusses the typical applications 

for each model type, with a particular emphasis on how Stable Diffusion offers a balance between high 

image quality and robustness making it suitable for applications requiring precision and stability [14]. 

3.2. Stable Diffusion-Based Image Generation 

The concept of producing data by reversing a diffusion process is the foundation of diffusion models. The 

model generates a coherent picture by gradually denoising a random noise vector. One approach called 

stable diffusion aims to provide steady, high-quality images by stabilizing the denoising process[6-14]. 

Diffusion models employ a probabilistic framework that is less vulnerable to problems like mode collapse 

than GANs, which rely on adversarial training. 

In generative modeling, diffusion models propose an alternative paradigm. The idea behind these models is 

to create a cohesive picture by gradually denoising a random noise vector. The procedure begins with a 

random noise input and refines it through a series of phases, each of which adds more structure to the im-

age and reduces the noise. Diffusion models are more resilient than GANs since they do not require ad-

versarial training and are less vulnerable to problems like mode collapse A particular kind of diffusion 

model called stable diffusion is intended to stabilize the denoising procedure and provide pictures of ex-

cellent quality. Through training on a sizable dataset of real photos, the model discovers how to produce 

images by first understanding how these images are distributed, and then reversing the noise process to 

match this distribution as shown in figure (2) It shows how noise is added to data and then removed step by 

step, guided by a neural network, to generate a new image [15-16-17]. 
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Fig 2: illustration depicting the concept of diffusion models 

 

 

Architecture Key Features Challenges Addressed Example Applications 

DCGAN Introduced convolutional layers 

in GANs 

Improved image quality Unsupervised feature learn-

ing 

    WGAN Uses Wasserstein distance Reduces mode collapse, 

stabilizes training 

High-quality image genera-

tion 

    StyleGAN Style-based generator architec-

ture 

Enables fine control over 

image features 

Face synthesis, artistic con-

tent generation 

CycleGAN Image-to-image translation Unpaired training data Photo enhancement, style 

transfer 

    BigGAN Larger models with 

class-conditional generation 

Higher quality at larger 

scales 

High-resolution image gen-

eration 

  Table 3: GAN Architectures and Their Features 

  Table 3 outlines different GAN architectures, detailing their key features, the specific challenges they 

address, and example applications. It covers well-known GAN variants like DCGAN, WGAN, and Style-

GAN, showing how each architecture has contributed to improving image quality, training stability, and 

the diversity of generated outputs. The table emphasizes the adaptability of GANs to various generative 

tasks[18-19]. 

  And as shown in figure (3) It highlights their key features, the challenges they address, and example ap-

plications [20]. 
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Fig 3: illustrates different GAN architectures like DCGAN, WGAN, StyleGAN, and Cycle GAN. 

 

   4. Experiments 

4.1. Experimental Setup 

Datasets including CelebA, ImageNet, and CIFAR-10 were used in the tests. PyTorch was used to build the 

models, and GPUs were used for training to meet computing demands. To provide a fair comparison, 

comparable hyperparameters were used in the training of both GANs and Stable Diffusion models. 

Numerous well-known picture datasets, including CIFAR-10, CelebA, and ImageNet, were used in the 

tests. The 60,000 32x32 color pictures in CIFAR-10 are divided into ten classes, with 6,000 images in each 

class. With over 200,000 celebrity photos and forty attribute labels labeled for each, CelebA is a large-scale 

face attribute collection. ImageNet is a massive visual database with millions of photos in hundreds of cat-

egories that are intended for use in research on visual object identification software [21-22]. 

4.2. GAN Experimentation 

A batch size of sixty-four and a learning rate of 0.0002 were used to train GANs. To ensure training stability, 

the discriminator network received more frequent updates than the generator network, which was updated 

alternately. The Fréchet Inception Distance (FID) and Inception Score (IS) were used to evaluate the quality 

of the produced pictures. High-quality pictures could be created using GANs, however, problems such as 

mode collapse, in which the generator produced only small output fluctuations, were noted. 

A batch size of sixty-four and a learning rate of 0.0002 were used to train GANs. To ensure training stability, 

the discriminator network received more frequent updates than the generator network, which was updated 

alternately. The training procedure was observed to identify problems such as mode collapse, in which the 

generator generates a restricted range of pictures. Several metrics were employed to assess the quality of the 

produced pictures, including the Fréchet Inception Distance (FID), which compares the distribution of 

actual and created images in a feature space, and the Inception Score (IS), which assesses the variety 

and quality of the generated images. 
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Dataset GAN Model Inception Score (IS) Fréchet Inception 

Distance (FID) 

Mode Collapse 

Observed 

CIFAR-10 DCGAN 7.8 31.2 Yes 

CelebA StyleGAN 9.4 12.5 Minimal 

ImageNet BigGAN 9.2 15.6 No 

CIFAR-10 WGAN 8.3 25.4 Minimal 

 Table 4: Experimental Results - GANs 

Table 4 presents the results of experiments conducted using different GAN models across several datasets  

like CIFAR-10, CelebA, and ImageNet. It includes metrics such as the Inception Score (IS) and Fréchet In-

ception Distance (FID), which measure the quality and diversity of the generated images. The table also 

notes whether mode collapse was observed during training, highlighting the challenges faced when using 

GANs. 

4.3. Stable Diffusion Experimentation 

A batch size of thirty-two and a learning rate of 0.001 were used to train stable diffusion models. Denoising 

was applied in phases throughout the training process, each of which improved the image. Together with 

qualitative evaluations of the produced pictures, IS and FID were used to measure the performance. While 

training took much longer than with GANs, the Stable Diffusion models yielded pictures with more variety 

and fewer artifacts. 

A batch size of thirty-two and a learning rate of 0.001 were used to train stable diffusion models. Denoising 

was applied in phases throughout the training process, each of which reduced noise and improved image 

quality. To produce pictures that matched the distribution of the training data, the models were trained 

using the same datasets as the GANs. Together with qualitative evaluations of the produced pictures, the 

Inception Score and Fréchet Inception Distance—two metrics that are also used to analyze the performance 

of GANs—were used to examine the Stable Diffusion models. 

 

Dataset Diffusion Model 
Inception Score 

(IS) 

 

Fréchet Inception 

Distance (FID) 

Denoising 

Steps  

Training 

Time 

(Hours)      

CIFAR-10 Stable Diffusion 8.1 19.4 1000 36 

Celebi Improved DDPM 9.6 9.3 2000 48 

ImageNet 
Vanilla Diffusion 

Model 
8.7 21.8 1000 50 

CIFAR-10 

 Denoising Dif-

fusion Probabilis-

tic Model 

8.5 20.2 1500 40 

Table 5: Experimental Results - Stable Diffusion 

 

Table 5 highlights the performance of Stable Diffusion models across the same datasets used in the   GAN 

experiments. It provides Inception Scores and FID scores, along with details about the denoising steps and 
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training time required for each model. The table demonstrates that while Stable Diffusion models produce 

higher-quality images with fewer artifacts, they require more computational resources and longer training 

times [23]. 

    5. Results 

    5.1. GAN Results 

In situations when the training process was steady, the GANs produced pictures that were frequently 

identical to genuine photos. But mode collapse was a persistent problem that left the created pictures 

lacking in variety. The Fréchet Inception Distance (FID) revealed that there were still discernible discrep-

ancies between the generated and genuine pictures, despite the high Inception Score (IS) for GANs sug-

gesting that the images were of acceptable quality. 

Robust performance was shown by the GAN models in producing high-quality pictures, especially when 

the training procedure was robust and devoid of problems like mode collapse. Especially in situations 

when the generator had been effective in tricking the discriminator, the created images were frequently 

identical to genuine photographs. However, a persistent problem was mode collapse when the generator 

generated a narrow range of pictures. Due to this issue, the diversity of the pictures produced was de-

creased, which limited the ability of the GAN models to provide a variety of outputs. 

The science of picture synthesis has advanced significantly because of Generative Adversarial Networks 

(GANs), especially because of their capacity to generate extremely realistic images. This section examines 

the outcomes of employing several GAN designs, emphasizing the difficulties faced, the applications, and 

the caliber of the pictures produced. 

The caliber of the images that are generated 

The ability of GANs to produce visually arresting pictures that are frequently identical to genuine photo-

graphs is well recognized. The GAN architecture that is employed has a major impact on the quality of 

these pictures. For example, architectures with realistic lighting effects, precise texturing, and fine features 

like StyleGAN and BigGAN are especially well-known. 

 

    5.2. Stable Diffusion Results 

When it came to generating high-quality photos with fewer artifacts, stable diffusion models excelled. 

More control over the picture creation was made possible by the progressive denoising process, which 

produced outputs that were more varied and consistent. When compared to images produced by GANs, 

the IS and FID metrics showed that the images produced by Stable Diffusion were of greater quality and 

more closely aligned with the distribution of genuine images. The longer training time needed for Stable 

Diffusion models was the primary disadvantage [24]. 

Compared to the GAN models, the Stable Diffusion models yielded pictures that were either as good or 

better. More control over the picture creation was made possible by the progressive denoising process, 

which produced outputs that were less prone to artifacts and more consistent. The capacity of the Stable 

Diffusion models to prevent problems like mode collapse is demonstrated by the enhanced variety of the 

produced pictures. 

A potent generative model called Stable Diffusion has drawn interest because it can generate images of 

higher quality and more stability than more conventional techniques like GANs. This section explores the 
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outcomes of the use of Stable Diffusion models in more detail, emphasizing important metrics, perfor-

mance comparisons, and application insights. 

The caliber of the images that are generated: Stable Diffusion models are excellent in producing varied 

and high-quality pictures. These models' incremental denoising technique guarantees that the output pic-

tures are sharper and include fewer distortions and artifacts. This is particularly noticeable in occupations 

that call for diligence, such as creating creative material or medical imaging, where the accuracy and clar-

ity of the created images are vital. 

 

Model Publication 

Year 

Authors Key contributions Impact 

     
 

GAN 

 

2014 

 

Goodfellow 

et al. 

 

Introduced adversari-

al networks for gen-

erative modeling 

 

Revolutionized 

image generation 

      

DCGAN 

 

2015 

 

Radford et 

 

Demonstrated 

 

Improved  

   al.  the power of convo-

lutional layers in 

GANs 

image quality and 

stability 

          
WGAN 2017 Arjovsky et  Introduced  Addressed  

  al. Wasserstein distance 

to stabilize GAN 

training 

mode collapse, im-

proved training 

      

StyleGAN 

 

2019 

 

Karras et al. 

 

Developed 

style-based generator 

architecture 

 

Enabled fine control 

over image synthe-

sis 

      

DDPM 

 

2020 

 

Ho et al. 

 

Introduced denoising 

diffusion probabilistic 

models 

 

Improved robust-

ness in image gen-

eration 

Table 6: Related Work on Image Generation Models 

Table 6 summarizes important contributions in the field of image generation, focusing on landmark mod-

els such as GANs, DCGAN, WGAN, and diffusion models like DDPM. It highlights the key innovations 

introduced by these models, their authors, and their impact on the field. The table serves as a quick refer-

ence to the evolution of generative modeling techniques. 
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 6. Discussion 

When GANs and stable diffusion models are compared, it becomes clear that although each strategy has 

advantages, there are also clear disadvantages. Because GANs can produce high-quality pictures quickly, 

they are a good fit for applications that need to produce images in real-time. Their efficacy is, however, 

limited by their propensity to experience mode collapse and training instability. At a higher computational 

cost, however, stable diffusion models provide a more dependable way to produce high-quality pictures. 

The requirements of the application, such as the relative relevance of image quality against generating 

speed, will determine which of these approaches is best. 

GANs and stable diffusion models are two distinct approaches to image generation, each with pros and 

cons of its own. GANs are a strong fit for applications that value real-time image synthesis because of their 

adversarial training architecture, which offers a rapid and efficient approach to building realistic pictures. 

However, because of their tendency toward mode collapse and training instability, GANs are restricted in 

their capacity to generate a variety of images [25]. 

Stable diffusion models, on the other hand, offer a more dependable and stable technique for producing 

high-quality pictures. More control over the picture creation is possible with the progressive denoising 

process, producing outputs that are more varied and consistent. However, stable diffusion models are less 

appropriate for applications that need to generate images quickly because of their higher computational 

complexity and lengthier training durations. 

The requirements of the application will determine whether to use Stable Diffusion models or GANs. Sta-

ble diffusion models, for instance, can be a superior option in situations where picture quality and variety 

are crucial, such as in medical imaging or content development. However, despite these drawbacks, GANs 

could be better suitable in situations where real-time picture production is essential, such as virtual reality 

or gaming. 

 

    Attribute GANs Stable Diffusion 

 Strengths 
Fast generation, well-established frame-

work 

High image quality, stability, diver-

sity 

Weaknesses Mode collapse, training instability 
High computational cost, slower 

generation 

Scalability Highly scalable with larger models 
Scalable but with increased compu-

tational demands 

Flexibility High, adaptable to various tasks 
Moderate, focused on high-quality 

synthesis 

Training Complexity Moderate High 

Potential Applica-

tions 

Real-time image generation, artistic appli-

cations 

Medical imaging, high-quality con-

tent creation 

Table 7: Strengths and Weaknesses of GANs and Stable Diffusion 

Table 7 compares the strengths and weaknesses of GANs and Stable Diffusion models in terms of scala    

bility, flexibility, training complexity, and potential applications. It highlights how GANs are more scalable 

and faster, making them suitable for real-time applications, while Stable Diffusion models excel in gener-

ating high-quality, diverse images but require more computational power [26]. 
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Industry Application Preferred Model Rationale 

Gaming  
Real-time character gen-

eration 
GANs 

Fast generation, high 

realism 

Film and Animation 
Special effects,realistic 

character creation 
 Stable Diffusion 

High-quality output, 

fewer artifacts 

Medical Imaging 
Enhancing and generat-

ing medical images 
 Stable Diffusion 

Precision, consistency, 

reduced artifacts 

Virtual Reality 

Immersive nenviron-

ments, real-time interac-

tions 

GANs 
Real-time capabilities, 

high adaptability 

E-commerce 
Virtual try-on, product 

customization 
 GANs 

Speed, adaptability, user 

interactivity 

Art and Design 
Artistic content creation, 

style transfer 
 Both 

Creative flexibility and 

control 

Table 8: Applications of GANs and Stable Diffusion in Industry 

 

This table maps the applications of GANs and Stable Diffusion models to various industries such as gam-

ing, film, medical imaging, and e-commerce. It identifies which model is preferred in each industry based 

on specific needs like real-time generation, high image quality, or user interactivity, providing a practical 

perspective on the deployment of these technologies in different sectors [28]. 

   7. Conclusion 

To create images, this article has looked at the performance and methodology of GANs and stable diffusion 

models. With their adversarial architecture, GANs provide a quick and effective way to produce realistic 

pictures, but they are prone to problems such as mode collapse. Despite requiring a lot of computing power, 

stable diffusion models offer a more reliable and consistent method for creating images. Hybrid models that 

combine the benefits of diffusion models with GANs may be investigated in future studies, which might 

result in more reliable and flexible picture-generating methods. Furthermore, further research should be 

done on the use of these models in industries including virtual reality, medical imaging, and content pro-

duction. 

To generate images, this study has looked at the performance, applicability, and methods of stable diffusion 

models and generative adversarial networks (GANs). Although they are quick and effective at producing 

realistic pictures, GANs have drawbacks such as training instability and mode collapse. However, although 

requiring more computing power, stable diffusion models offer a more dependable and consistent way to 

produce high-quality photographs. Subsequent investigations may examine the creation of hybrid models 

that integrate the advantages of diffusion models with GANs, which might result in more reliable and 

adaptable picture production methods. Furthermore, more research into the applications of these models in 

industries like virtual reality, medical imaging, and content production may shed light on their benefits and 

drawbacks. 



IJT’2024, Vol.04, Issue 02. 13 of 14 
 

 

8. References 

1. Yzhou Chen, Xu-Hua Yang, Zihan Wei, Alighar Heidari, Nenggan Zheng , Zhicheng Li , Huiling Chen f, Haigen Hu, Qi-

anwei Zhou and Qiu Guan,” Generative Adversarial Networks in Medical Image augmentation: A review,” Computers in Bi-

ology and Medicine Volume 144, May 2022, 105382 

2. Michael Alverson, Sterling G. Baird, Ryan Murdock, (Enoch) Sin-Hang Ho, Jeremy Johnson b and Taylor D. Sparks,” Genera-

tive adversarial networks and diffusion models in material discovery,” Digital Discovery, 2024, 3, 62–80 

3. Mrinal Kanti Baowaly, Chao-Lin Liu and Kuan-Ta Chen,” Realistic Data Synthesis Using Enhanced Generative Adversarial 

Networks,” 2019 IEEE Second International Conference on Artificial Intelligence and Knowledge Engineering (AIKE) 

4. Tero Karras, Samuli Laine and Timo Aila,” A Style-Based Generator Architecture for Generative Adversarial Networks,” 

10.1109/TPAMI.2020.2970919  

5. Afia Sajeeda and Mainul Hossain,” Exploring generative adversarial networks and adversarial training,” International Journal 

of Cognitive Computing in Engineering Volume 3, June 2022, Pages 78-89 

6. Sanchayan Vivekananthan,” Comparative Analysis of Generative Models: Enhancing Image Synthesis with VAEs, GANs, and 

Stable Diffusion,” arXiv:2408.08751v1 16 Aug 2024 

7. Heng Xiao, Xin Wang, Jun Wang, Jing‑Ye Cai, Jian‑Hua Deng , Jing‑Ke Yan and Yi‑Dong Tang,” Single image super‑resolution 

with denoising diffusion GANS,” (2024) 14:4272 | https://doi.org/10.1038/s41598-024-52370-3  

8. Jian Wei, Qinzhao Wang and Zixu Zhao,”  Generative adversarial network based on frequency domain data enhancement: 

Dual-way discriminator structure Copes with limited data,” Heliyon 10 (2024) e25250  

9. Preeti Sharma, Manoj Kumar, Hitesh Kumar Sharma and Soly Mathew Biju,” Generative adversarial networks (GANs): In-

troduction Taxonomy Variants Limitations, and Applications,” Multimedia Tools and Application-

shttps://doi.org/10.1007/s11042-024-18767-y 24 February 2024 

10.  Gladys Mange, Waweru Mwangi, Michael Kimwele and Jorge Marx Gómez,” A Cnn Model for Improved Image Denoising 

With an Attention Guided Feature Selection,” https://doi.org/10.21203/rs.3.rs-3267082/v1 August 21st, 2023 

11.  Uras Mutlu and Ethem Alpaydın,” Training bidirectional generative adversarial networks with hints,” Pattern Recognition 

Volume 103, July 2020, 107320 

12.  Willone Lim, Kelvin Sheng Chek Yong, Bee Theng Lau andColin Choon Lin Tan,”  Future of generative adversarial net-

works (GAN) for anomaly detection in network security: A review,” Computers & Security Volume 139, April 2024, 103733 

13. Saloni Laddha and Vijay Kumar,” DGCNN: deep convolutional generative adversarial network based convolutional neural 

network for diagnosis of COVID-19,” Multimedia Tools and Applications (2022) 81:31201–31218 

14. Denton, Emily, Chintala, Soumith, Szlam, Arthur, and Fergus Rob,” Deep generative image models using a laplacian pyramid 

of adversarial networks,” arXiv preprint arXiv:1506.05751, 2015. 

15. Hanqun Cao, Cheng Tan, Zhangyang Gao, Yilun Xu, Guangyong Chen, Pheng-Ann Heng and Stan Z. Li,” A Survey on Gen-

erative Diffusion Models,” arXiv:2209.02646v10 23 Dec 2023 

16. Carmelo Scribano, Danilo Pezzi, Giorgia Franchini and Marco Prato,” Denoising Diffusion Models on Model-Based Latent 

Space,” Algorithms 2023, 16, 501. https://doi.org/10.3390/a16110501 

17. Laine, Karras and Aila,” A generator architecture for generative adversarial networks based on styles,” In Computer Vision 

and Pattern Recognition Proceedings of the IEEE/CVF Conference (pp. 4401-4410) (2019).  . 

https://www.sciencedirect.com/author/36865973700/huiling-chen
https://www.sciencedirect.com/journal/computers-in-biology-and-medicine
https://www.sciencedirect.com/journal/computers-in-biology-and-medicine
https://www.sciencedirect.com/journal/computers-in-biology-and-medicine/vol/144/suppl/C
https://www.sciencedirect.com/journal/pattern-recognition
https://www.sciencedirect.com/journal/pattern-recognition/vol/103/suppl/C
https://doi.org/10.3390/a16110501


IJT’2024, Vol.04, Issue 02. 14 of 14 
 

 

18. A. Achille and S. Soatto,” On the emergence of invariance and disentangling in deep representations,” CoRR, abs/1706.01350, 

2017.  

19. D. Bau, J. Zhu, H. Strobelt, B. Zhou, J. B. Tenenbaum, W. T. Freeman, and A. Torralba.,” GAN dissection: Visualizing and un-

derstanding generative adversarial networks,” In Proc. ICLR, 2019. 

20. M. Ben-Yosef and D. Weinshall,” Gaussian mixture generative adversarial networks for diverse datasets, and the unsupervised 

clustering of images,” CoRR, abs/1808.10356, 2018.  

21. A. Brock, J. Donahue, and K. Simonyan,” Large scale GAN training for high fidelity natural image synthesis,” CoRR, 

abs/1809.11096, 2018. 

22. Ho, Abbeel and Jain,” Probabilistic diffusion models are denoised,” Preprint arXiv:2020.11239 arXiv. 

23. Guillaume Alain, Yoshua Bengio, Li Yao, Jason Yosinski, Eric Thibodeau-Laufer, Saizheng Zhang, and Pascal Vincent,”  

GSNs: generative stochastic networks,”  Information and Inference: A Journal of the IMA, 5(2):210–249, 2016. 

24. Florian Bordes, Sina Honari, and Pascal Vincent,” Learning to generate samples from noise through infusion training,” In 

International Conference on Learning Representations, 2017. 

25. Andrew Brock, Jeff Donahue, and Karen Simonyan,” Large scale GAN training for high fidelity natural image synthesis,” In 

International Conference on Learning Representations 2019. 

26. Tong Che, Ruixiang Zhang, Jascha Sohl-Dickstein, Hugo Larochelle, Liam Paull, Yuan Cao, and Yoshua Bengio,” Your GAN is 

secretly an energy-based model and you should use discriminator driven latent sampling,” arXiv preprint arXiv:2003.06060, 

2020.  

27. Tian Qi Chen, Yulia Rubanova, Jesse Bettencourt, and David K Duvenaud,” Neural ordinary differential equations,” In Ad-

vances in Neural Information Processing Systems, pages 6571–6583, 2018. 

28. Xi Chen, Nikhil Mishra, Mostafa Rohaninejad, and Pieter Abbeel,” PixelSNAIL: An improved autoregressive generative 

model,” In International Conference on Machine Learning, pages 863–871, 2018. 

29. Rewon Child, Scott Gray, Alec Radford, and Ilya Sutskever,” Generating long sequences with sparse transformers,” arXiv 

preprint arXiv:1904.10509, 2019. 

 

 

 

 

 

 

 


