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Abstract 
Artificial intelligence, or AI, has in recent years moved from simple rule-based systems to models that 
are now fully capable of creative content generation and are referred to as generative AI. One such 
approach for content generation, introduced in the year 2014, is called generative adversarial networks 
(GANs), which consists of training a generator to create fake content that tries to mimic real content 
as closely as possible and a discriminator that tries to differentiate whether the content is real or fake, 
both contending against each other. Although GANs did show great potential for content generation, 
they lacked any stable way to generate images since their shallow architecture led to high volatility in 
training, with poor convergence, and poor image quality. To overcome these challenges, deep 
convolutional generative adversarial networks (DCGANs) were introduced in the year 2015, which 
were built upon traditional GANs by including convolutional and batch normalization layers in their 
architecture that allowed for stable and spatially coherent training for image generation. This project 
will research deeply into the performance of DCGAN and its advanced versions , with further 
optimizations in its architecture to overcome the limitations of GANs in generating images. In this study, 
a DCGAN model was trained to generate anime character images, exploring the benefits of 
convolutional architectures that allow stable training of adversarial models to improve the generated 
output qualitatively. 
 

Keywords: Deep convolutional generative adversarial network, discriminator, generator, mode 
collapse 

 
 
INTRODUCTION 

AI has recently grown from simple prediction and rule-based models to generating creative content 
in the form of text, images, audio, videos, etc. Due 
to such advancements in AI, a branch called 

generative AI has emerged. 
 
Since the development of generative AI, many 

approaches and architectures for generating content 

have been introduced, some of which are unique and 

creative. One such creative approach is the use of 
generative adversarial networks (GANs), which 

were introduced by Goodfellow et al. (2014) and 
consist of two different parts: a generator and a 

discriminator. The former attempts to generate 
realistic content, while the discriminator attempts to 

distinguish between the fake content produced by 

the generator and the real content [1]. They play 
against each other to increase the effectiveness of 

the generator and the discriminator during training 
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in a stable manner, and the generator produces realistic but creative output, such as that on which it was 

trained. 
 

However, earlier GAN architecture faced several difficulties in image generation. Their training tends 
to be unstable, and they can be extremely sensitive to hyperparameters, as even a slight change in them 
can lead to drastically different output qualities. Generators can also suffer from mode collapse, a 
condition in which the generator produces only a limited variety of output because it exploits a 
temporary weakness within the discriminator. 
 

To address these issues, Radford et al. proposed the deep convolutional generative adversarial 
network (DCGAN) architecture in 2015, which replaces the fully connected layers with deep 
convolutional layers and uses practices such as “strided/fractional-strided convolutions and batch 
normalization” in both the generator and discriminator [2]. The model can now learn hierarchical and 
spatial image features stably during adversarial training, thus producing better results for image 
generation. 
 

In this study, we trained a DCGAN generator on 10,000 images of a curated dataset of anime 
character faces running for 1,000 epochs. The results show the capability of DCGANs in generating 
detailed and varied outputs, showing the edge that convolutional adversarial architectures have in the 
domain of image generation tasks. 
 
LITERATURE REVIEW 

GANs, first introduced by Goodfellow et al. (2014), consist of a generator and a discriminator that 
contend with each other; the generator generates some content, for instance, an image, text, video, or 
text, by trying to imitate the original data on a noise vector, while the discriminator predicts whether 
the data it receives are original, real, or generated by the generator or fake, both of which improve 
through this contention. While GANs produce great results, their training is often highly unstable, and 
with issues such as mode collapse and vanishing gradients, they lose their appeal, especially for image 
generation [1, 3, 5]. 

 
DCGAN architecture was first proposed by Radford et al. in 2015 to establish a set of design 

principles based on the GAN architecture. These architectural changes were targeted toward achieving 
a design that excluded both pooling and fully connected layers, using “strided and fractional-strided 
convolutions,” batch normalization, and rectified linear unit (ReLU) and leaky activations in the 
generator and discriminator, respectively [2, 4]. Later, several studies proved that such architectural 
choices drastically reduced the chances of mode collapse, thereby increasing the training stability and 
enhancing the spatial coherence and sharpness of the generated images [2 , 5]. 
 

The presence of stylized features and exaggerated proportions commonly seen in anime character 
images raises serious challenges for GANs in generating the faces of anime characters. Jin et al. (2017) 
noted that training a simple GAN on anime datasets often fails to yield quality images. Hence, they 
introduced DRAGAN and some techniques for refining the dataset for stable quality anime character 
image generation [6]. Li et al. (2021) further explored this aspect and proposed AniGAN, a style-guided 
architecture using adaptive normalization and attention mechanisms, resulting in improved color 
coherence and consistency in the generated anime character images [7].  

 
In addition to anime, numerous domain-specific GANs have been proposed to achieve better 

performance. The accomplished work can perform more advanced tasks, including image-to-image 
translation and domain adaptation. For example, CycleGAN and Coupled Generative Adversarial 
Networks (CoGAN) can convert real photos into anime-style images [8, 9]. StyleGAN further 
developed an even finer manipulation of the latent space and achieved finer details with more style 
control for images [10, 11]. Domain-specific image generation GANs target convolution-based models 
based on the basic principles of DCGAN, as shown in Table 1.  
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Table 1. Summary of some existing GAN architectures for image generation. 

Author(s) and year Architecture Key contribution Relevance 

Goodfellow et al.  
(2014) [1] 

GAN Introduced the generative adversarial 
network (GAN) framework. 

Laid the foundation for generative 
modelling. 

Radford et al. (2015) 
[2] 

DCGAN Introduced convolutional layers, 
batch normalization, and activation 

design to stabilize GAN training and 

improve image quality. 

Core architecture used in this 
project for anime-face generation. 

Arjovsky et al. (2017) 

[3] 

Wasserstein 

Generative 

Adversarial 

Network (WGAN) 

Replaced JS divergence with Earth 

Mover’s distance to stabilize training 

and improve convergence. 

Points out the stability issues that 

DCGAN partially resolves 

architecturally. 

Salimans et al. (2016) 

[4] 

Improved GANs Proposed feature matching and 

minibatch discrimination. 

Supports the analysis of stability 

and image diversity in DCGAN. 

Gulrajani et al. (2017) 

[5] 

WGAN-GP Introduced a gradient penalty for 

better stability and to avoid the mode 
collapse problem. 

Places architectural and loss- 

based stabilization into context. 

Jin et al. (2017) [6] DRAGAN Addressed anime-face generation 
instability by incorporating 

regularization and curated datasets. 

Directly relates to the anime- face 
synthesis problem studied here. 

Zhu et al. (2017) [8] CycleGAN It introduced unpaired image-to- 

image translation for domain transfer,  

such as photo ↔ anime. 

Illustrates the domain flexibility of 

GAN architectures. 

Liu and Tuzel (2016) 

[9] 

CoGAN Proposed coupled GANs for multi-  

domain learning without paired data. 

Demonstrates early efforts related  

to domain adaptation applicable to 

stylized data. 

Karras et al. (2019) [10] StyleGAN Introduced the style-based generator 

that allows for control over the visual 

features and learning hierarchical 
representations. 

Represents a major step beyond 

DCGAN in fine-grained 

generative control. 

Karras et al. (2020) [11] StyleGAN2 Improved normalization and path 
length regularization for higher 

fidelity in Enhanced StyleGAN. 

Demonstrates an evolution of 
stable, high-quality synthesis from 

DCGAN foundations. 

Zhang et al. (2019) [14] Self-Attention 

Generative 

Adversarial 

Network 

(SAGAN) 

Integrated self-attention into GAN to 

model long-range dependencies , 

yielding improvement in global 

coherence. 

Forms a basis for later attention- 

based anime generation models. 

Li et al. (2023) [15] BaMSGAN Implemented self-attention with blur 

and memory mechanisms to generate 
high-quality anime faces. 

This showcases better anime 

image synthesis based on 
DCGAN. 

Dubey and Singh 
(2024) [18] 

Transformer- 
based GANs 

Transformer-based GAN that models  
self-attention along with global 

context. 

Highlights present frontier trends 
which go beyond DCGAN toward 

transformer- driven synthesis. 

 
METHODOLOGY 

Dataset and Preprocessing 

The dataset on which this project was carried out is an open-source collection of anime character 

facial images found on Kaggle. The dataset was preprocessed to maintain uniformity and effectively 
train the model. All images were resized to 64×64 pixels, converted into Red, Green, and Blue (RGB) 
format, and normalized in the range [−1, 1] for stability in training and good convergence [2]. 

Preprocessing operations, including resizing, tensor conversion, and normalization, were performed 
using the PyTorch Transforms library. 
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Generator Architecture 

The generator network was implemented based on the DCGAN architecture introduced by Radford 
et al. [2]. Given a 100-dimensional latent vector drawn from a standard normal distribution, the 
generator produces an image of size 64×64 pixels by successive applications of transposed 
convolutional layers. Each layer increases the spatial resolution and decreases the feature map depth. 
Batch Normalization was introduced after each convolutional layer to stabilize learning and speed up 
convergence, as stated by Ioffe and Szegedy [12]. For the hidden layers, ReLU activations promote 
gradient flow and nonlinearity. The consequent pixel values for the output layer were mapped to the 
normalized range [−1, 1] using the Tanh activation function, as shown in Figure 1.  
 

Discriminator Architecture 

By differentiating between the produced and real images, the discriminator functions as a binary 
classifier. Batch Normalization and LeakyReLU were the activation functions, and convolutional layers 
with a stride of two were used to downsample the image data [13]. After the last layer, it produces a 
single probability with Sigmoid activation, which determines the probability of the input image being 
real (Figure 2). 
 
DCGAN Framework 

The adversarial learning setup for DCGAN incorporates a “minimax approach” where the generator 
tries to convincingly deceive the discriminator, and the discriminator tries to achieve a correct 
differentiation between real and generated images [1, 2]. It does not use fully connected or pooling 
layers but is rather supported solely by convolutional and transposed convolutional operations to 
maintain spatial information and allow for high visual realism. 

 
Training Configuration 

PyTorch Lightning was used because of its modularity, reproducibility, and support for logging. The 
training was performed for 1,000 epochs with a batch size of 128 on an NVIDIA T4 GPU. The Adam 
optimizer was implemented in both the generator and the discriminator; the learning rates were 5×10⁻⁴ 
and 1×10⁻⁵, respectively, and the momentum parameters were β₁ = 0.5 and β₂ = 0.999. During training, 
model checkpoints were periodically saved, and TensorBoard was utilized to visualize loss patterns to 
track the stability and convergence of the model, as shown in Figure 3.  

 
Loss Function 

This work was implemented as an adversarial objective using BCE loss, based on the standard 
formulation from Goodfellow et al., adapted for convolutional networks by Radford et al. [1 , 2]. The 
model is trained such that the discriminator, D, correctly classifies the real images as “valid” (1) and 
generated images as “fake” (0), whereas the generator, G, learns to produce synthetic images that 
maximize the likelihood that the discriminator will classify them as real Figure 4.  
 

Mathematically, the losses for the discriminator and generator are computed as: 

𝐿𝐷 =
1

2
[𝐵𝐶𝐸(𝐷(𝑥𝑟𝑒𝑎𝑙),1) + 𝐵𝐶𝐸(𝐷(𝐺(𝑧)),0] 

𝐿𝐺 = 𝐵𝐶𝐸(𝐷(𝐺(𝑧)),1) 

Where, D(xreal) and D(G(z)) denote the discriminator outputs for real and generated images, 
respectively. This formulation encourages the generator to minimize the distance between the 
distributions of the real and generated samples. 

 
In practice, a batch of fake images is first generated in every training step. The discriminator is first 

trained to minimize the average loss between the real and fake predictions. After updating the 
discriminator, the generator is trained to fool the discriminator by maximizing the probability of the 
generated images being classified as real. 
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Figure 1. DCGAN generator network architecture. 

input tensor
depth 0

 1. 100. 1. 1 

view depth  1
input 

output 

11. 100. 1. 1 

 1. 100. 1. 1 

 ony
transposed
depth 2

input 

output 

11. 100. 1. 1 

 1. 512.  .   

 atch norm2d
depth 2

input 

output 

1. 512.  .   

 1. 512.  .   

 e  
depth 2

input 

output 

1. 512.  .   

 1. 512.  .   

 ony
transposed
depth  2

input 

output 

1. 512.  .   

 1. 25 .  .   

 atch orm2d
depth 2

input 

output 

1. 25 .  .   

 1. 25 .  .   

 e  
depth 2

input 

output 

1. 25 .  .   

 1. 25 .  .   

 onvTranspos
e20 depth  2

input 

output 

1. 25 .  .   

 1. 12 .1 . 1  

 atch  orm2d
depth  2

input 

output 

1. 12 . 1 . 1  

 1. 12 .1 . 1  

    
depth  2

input 

output 

1. 12 . 1 . 1  

 1. 12 .1 . 1  

 onv
Transpose2d

depth 2

input 

output 

1. 12 . 1 . 1  

 1.   . 2.  2 

 atch orm2d
depth 2

input 

output 

1.   .  2.  2 

 1.   . 2.  2 

 e  depth 2
input 

output 

1.   .  2.  2 

 1.   . 2.  2 

 onvTranspos
e2d depth  2

input 

output 

1.   .  2.  2 

 1.  .  .    

Tanh depth 2
input 

output 

1.  .   .    

 1.  .  .    

output tensor
depth  0  1,  ,   ,    

 e uential



 

 

A Study on DCGAN-Based Generative Models                                                                                     Mittal et al. 

 

 

© STM Journals 2026. All Rights Reserved 36  
 

 
Figure 2. DCGAN discriminator network architecture. 

input tensor
depth 0

 1.  .   .    

 onv2d
depth 2

input 

output 

 1.  .   .    

 1.   .  2.  2 

 ea y  e  
depth 2

input 

output 

1.   .  2.  2 

 1.   .  2.  2 

 onv2d
depth 2

input 

output 

1.   .  2.  2 

 1. 12 . 1 .1  

 atch orm2d
depth  2

input 

output 

1. 12 . 1 . 1  

 1. 12 .1 . 1  

 ea y e  
depth 2

input 

output 

1. 12 . 1 . 1  

 1. 12 . 1 .1  

 onv2d
depth 2

input 

output 

1. 12 . 1 . 1  

 1. 25 .  .   

 atch  orm2d
depth 2

input 

output 

1. 25 .  .   

 1. 25 . .   

 ea y e  
depth 2

input 

output 

1. 25 .  .   

 1. 25 . .   

 onv2d
depth 2

input 

output 

1. 25 .  .   

 1. 512. .   

 atch orm2d
depth 2

input 

output 

1. 512.  .   

 1. 512. .   

 ea y e  
depth 2

input 

output 

1. 512.  .   

 1. 512.  .   

 onv2d
depth 2

input 

output 

1. 512.  .   

 1. 1. 1. 1 

 igmoid
depth 2

input 

output 

1. 1. 1. 1 

 1. 1. 1. 1 

view depth 1
input 

output 

1. 1. 1. 1 

 1 

output tensor
depth  0  1, 

 e uential



 

Journal of Multimedia Technology & Recent Advancements 

Volume 13, Issue 1 

ISSN: 2349-9028 

 

© STM Journals 2026. All Rights Reserved 37  
 

 
Figure 3. Discriminator loss per step. 
 

 
Figure 4. Generator loss per step. 

 
Both optimizers, optD and optG, are updated alternately using manual gradient control to maintain 

stability during adversarial training [3, 5]. This two-step optimization closely follows the “adversarial 
minimax objective” described by Goodfellow et al., while the use of convolutional structures and BCE-
based stabilization follows the DCGAN training guidelines established by Radford et al. [1, 2]. 
 
Model Saving and Evaluation 

The generator model was saved separately after training. 32 random anime-style faces were then 
created in an 8×4 grid. The generated samples were denormalized to the [0, 1] range for visualization. 
The output was then assessed based on quality and variation. 
 
RESULTS 

The model generated showed a clear increase in quality and variation of output with an increase in 
the number of training epochs. Major improvements in output occur at critical training steps: 
approximately the 100th, 600th, and 1,000th epochs (Figures 5–7). 

 
At the 100th epoch, the generated output faces showed clear outlines and features, such as eyes, 

mouth, and hair. This shows that the generator learned the important spatial and textural distribution of 
the dataset. However, the output lacked variation in the images produced. 
 

By the 600th epoch, there was a significant improvement in the structure and diversity of the images 
generated. The face began to vary from one to another, which may be in terms of the orientation of the 
face, hairstyle, or even facial expression. It had definitely improved upon generating different samples 
that captured a better understanding of data distribution. However, some images retained a degree of 
distortion: sometimes the facial proportions were unbalanced, while other samples exhibited blurred or 
distorted textures. This indicates that the generator was still refining its inner representations and had 
not yet achieved full adversarial stability with the discriminator. 

 
After 1,000 epochs were completed, the balance between the generator and discriminator was 

relatively good; therefore, the generated anime faces became visually coherent and realistic. These 
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produced highly varied yet structurally correct images with clear facial outlines and appropriate color 
distributions. In contrast to the previous steps, the output during this stage was not distorted in general, 
with large variances among the samples. In other words, the model learned to generate distinct high-
quality images from random noise. Improvement in the stability and variation of the final results might 
be due to the convolutional and deconvolutional structure of DCGAN, batch normalization layers,  and 
the use of such ReLU and LeakyReLU activation functions that allow for stable gradient flows without 
mode collapses [2, 4]. 

 

 
Figure 5. Generated images at 100 epochs. 
 

 
Figure 6. Generated images at 600 epochs. 
 

 
Figure 7. Generated images at 1,000 epochs. 
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The learning pattern of the model presented in this study is similar to that of previous studies on 
anime and artistic face synthesis. The first epochs grasp coarse spatial features, whereas later epochs 
enhance the stylistic and semantic coherence of the output [15, 19]. 
 

The fact that the images generated evolve steadily across training epochs serves as an indicator of the 
efficiency of the DCGAN framework for image generation tasks [20]. The results confirmed that 
DCGANs learn complex image representations to output visually appealing samples with structural 
accuracy and artistic variation. This further supports the hypothesis that DCGANs yield a more stable 
and efficient generative process than traditional GANs, especially for domains with rich visual details, 
such as anime-face generation. 

 
Other works, such as SAGAN and BlendGAN, further extended the work of DCGAN with attention 

mechanisms and style blending, respectively, to achieve higher semantic consistency or even more 
artistic control in the output [14, 16, 17]. 
 
CONCLUSION 

This study explores the advantages of DCGANs in generating high-quality anime character facial 
images. The early GAN architectures faced several issues, such as unstable training, mode collapse, and 
distortions in the output produced during generation. These issues were resolved by DCGAN using 
convolutional and deconvolutional layers with batch normalization and appropriate activation 
functions. This makes DCGAN a more stable and effective training method for generating visual 
content. 
 

As the DCGAN model started training, gradual improvement was observed in terms of visual quality 
and the variation of the output generated over 1,000 epochs. Initially, the output images were simple 
and repetitive but still recognizable as faces. Gradually, the output images began to show variations 
with an increase in the number of training epochs. Finally, during the last stages of training, the output 
images were not only of higher quality but also varied sufficiently to show their capability to learn 
stylistic features representative of anime imagery. This steady progress indicates the model’s ability to 
learn hierarchical representations using a convolutional architecture. 
 

These improvements were achieved through several important architectural and optimization 
choices. The convolution framework functions as a means to abstract features through multiple levels 
of spatial hierarchy. Transposed convolutions in the generators allow for a smooth upsampling process. 
Batch normalization greatly stabilizes the flow of gradients and reduces the problems related to internal 
covariate shift, while using LeakyReLU and ReLU resolves the vanishing gradient problem. Finally, 
using the Adam optimizer allows for efficient convergence, improving the balance between the 
generator and discriminator, which is an important factor for adversarial balance during training.  

 
Some other more advanced models, such as WGAN and StyleGAN, have pushed realism and control 

even further; however, DCGAN remains one of the basic architectures that balances simplicity, 
computational efficiency, and image quality. 

 
In this context, the present study asserts that DCGAN is a robust and powerful generative model for 

anime-face synthesis. The experimental results prove that the DCGAN models hierarchical spatial 
features with stable adversarial training and coherence with diversity in the output. Such improvements 
are due to architectural novelties, such as convolution operations, batch normalization, and optimized 
activation dynamics, which enhance the stability of the gradient and the quality of visualization.  
 

Compared to earlier GANs, DCGAN have better stability, less mode collapse, and higher 
representational efficiency; hence, they are suitable for structured visual domains, such as anime-face 
generation. More recent models, including WGAN, StyleGAN, and transformer-based GANs, have 
further advanced the frontiers of realism and control. Despite all these advancements, the DCGAN is 
still a milestone architecture that connects early adversarial designs and modern generative paradigms. 
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The balance between simplicity and stability, along with expressive quality, is highly relevant in the 
evolving field of generative AI. 
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