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Abstract—Generative adversarial networks (GANs) have 

received great attention recently. GAN is an unsupervised 

learning method that learns representations without highly 

relying on annotations. GAN comprises two networks called 

generator and discriminator that training in a competitive 

process. GANs have made notable progress and promising 

performance in various applications including image inpainting, 

image super-resolution, and face synthesis. This paper aims to 

introduce an overview of GAN, including fundamentals, several 

up-to-date variants, applications, and challenges of GAN. Finally, 

we also provide readers with some solutions to mitigate issues 

existing in GANs. 
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I. INTRODUCTION  

Machine learning (ML) algorithms have been adopted in a 
wide range of applications, including image recognition, drug 
discovery, email filtering, self-driving cars, and natural speech 
processing. Artificial neuron network (ANN) [1] is a famous 
algorithm of machine learning and there’s another algorithm 
called generative adversarial networks (GANs) [2] based on it.  

There are two modules in GANs: a discriminator and a 
generator. The generator tries to learn the distribution of the 
target dataset for new data samples generation. The 
discriminator is often a classification network, identifying 
samples generated by the generator from true samples as 
precisely as possible. In order words, these two networks 
compete with each other. Training two networks in competition 
with each other can be defined as an adversarial loss function 
that influences both generator and discriminator during the 
learning process. The adversarial loss function pushes the 
generator to learn the distribution of original data distribution 
and generate images that look like real data. GAN is widely used 
for generating human face images [3], image inpainting [4], face 

aging [5], image super-resolution [6], anime character 
generation [7], style transfer [8], and medical image analysis [9]. 

In this paper, we will present an overview of GAN. The rest 
of the article is organized as follows. Section 2 provides the 
fundamentals of GAN, Section 3 describes five up-to-date 
variants of GAN. Section 4 provides some application examples 
of GAN. Section 5 discusses some challenges of GAN. Finally, 
we conclude the paper in Section 6. 

 

Figure 1. Typical structure of GAN [10]. 

II. THE FUNDAMENTALS OF GAN 

Generative adversarial network (GAN) is a class of deep 
learning first designed by Ian Goodfellow et al. in 2014. GAN is 
mainly inspired by the zero-sum game theory. GAN has become 
one of the most effective approaches for image generation.  

A. Generator & Dsicriminator 

GAN is composed of two networks—a generator network 
and a discriminator network, as shown in Figure 1. The 
generator is a generative network that takes an input random 
noise 𝑧  and outputs an image. In some applications such as 
image super-resolution, the generator receives low-resolution 
images and outputs high-resolution images. The discriminator is 
a discriminant network to identify whether an image is real or 



fake. The discriminator’s input consists of two parts: images 
generated from a generator (also called fake images) and images 
sampled from the original training data set (also called real 
images). During training, the goal of the generator 𝐺  is to 
generate real images to fool the discriminator. The goal of 
discriminator 𝐷 is to try to distinguish the fake data generated 
by 𝐺  from the true samples. Therefore, the generator and 
discriminator together form a dynamic game process that 
competes with each other, and ideally, the training process will 
end up in the Nash equilibrium point. 

B. Objective Function  

The objective function that GAN tries to optimize is  

𝐸𝑥[log(𝐷(𝑥))] + 𝐸𝑧 [log (1 − 𝐷(𝐺(𝑧)))] (1) 

where 𝑥 is the real sample from the training data set, 𝑧 is the 
input random noise, 𝐷(𝑥) is the classification result for the real 
sample, 𝐸𝑥 is the expectation across all real data samples, 𝐺(𝑧) 

is generated sample given the random noise 𝑧 . 𝐷(𝐺(𝑧)) 

probability estimated by the discriminator 𝐷, 𝐸𝑧 is the expected 
expectation across all input random noises. In order words, the 
formula is defined as a cross-entropy loss between the generated 
and real sample distributions. Note that the generator is unable 

to influence the log(𝐷(𝑥))  term in equation (1). Therefore, 

minimizing equation (1) for the generator is equivalent to 
minimize equation as follows 

log (1 − 𝐷(𝐺(𝑧))) (2) 

Overall, the training goal for the generator is to minimize the 
equation (1) while for the discriminator is to maximize it. 

C. Training GAN 

 The generator and the discriminator are training in an 
alternating fashion as:  

1) Train the discriminator in one or more epochs. 

2) Train the generator in one or more epochs. 

3) Repeat steps 1) and 2) until the model convergence. 

The parameters of the discriminator are treated as constant 
during training the generator and vice versa. The training goal 
of the discriminator is to figure out how to recognize real data 
from fake, which encourages the generator to improve the 
realism of the generated data.  

 

III. EXTENSIONS OF GAN 

In this section, we introduce five popular extensions of GAN 
as follows. 

A. Conditional Generative Adversarial Networks 

Conditional generative adversarial network (CGAN) [11] is 
a GAN training with conditions, which can be built by adding 
user-defined conditions 𝑦  such as class labels into both the 
discriminator and generator. The network architecture of GAN 

is shown in Figure 2. CGAN is an extension of GAN with extra 
information 𝑦 as input. Concretely, 𝑦 can be annotations or text 
descriptions for the input images. The input of the generator in 
CGAN is a joint hidden representation that consists of random 
noise 𝑝𝑧(𝑧) and auxiliary information 𝑦. Similarly, the input for 
the discriminator is also a combination of 𝑥  and 𝑦 . The loss 
fucntion for training CGAN can be defined as follows 

𝐿𝐶𝐺𝐴𝑁 = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎
(𝑥)[log(𝐷(𝑥|𝑦))]

+ 𝐸𝑧~𝑝𝑧(𝑥)[log (1 − 𝐷(𝐺(𝑧|𝑦)))] 
(3) 

where 𝐷(𝑥|𝑦) is estimation probability that an input 𝑥 is from 
real conditioning by auxiliary information 𝑦 . 𝐺(𝑧|𝑦)  is the 
generated data using input random noise 𝑧  conditioning by 
auxiliary information 𝑦 . Compared to vanilla GAN, the 
advantage of CGAN is that it can generate data with user-
defined properties. 

 

 

Figure 2. Conditional adversarial net [11]. 

B. Deep Convolutional Generative Adversarial Networks 

Deep convolutional generative adversarial network 
(DCGAN) was the first structure that adopted convolutional 
networks into GAN, as shown in Figure 3. While the 
convolutional networks used in DCGAN have several 
differences compared with standard convolutional networks: 

1) DCGAN replaces the pool layers with stride convolutions, in 
order to reduce information loss caused by polling functions.  

2) Add batch norm into GAN after each of the convolutional 
layers but remove batch norm after the output layer of the 
generator and the input layer of the discriminator. 

3) Replace ReLU with Leaky-ReLU for the discriminator. 

These modifications have been proved helpful to stabilize GAN 
training. 



 

Figure 3. DCGAN generator. 

C. Wasserstein Generative Adversarial Networks 

The Wasserstein generative adversarial network (WGAN) 
[12] is a variant of GAN that modifies the training procedure in 
order to solve the training instability problems.  Overall, WGAN 

can increase the stability of model training, alleviate the mode 
collapse problem, and provide a strategy that can gauge the 
discrepancy of distributions between generated samples and real 
samples. 

 

Figure 4. The network architecture of DF-GAN [13]. 

D. Deep Fusion Generative Adversarial Networks 

Deep fusion generative adversarial networks (DF-GAN) [13] 
is an extension of GAN used to synthesize realistic images from 
given text descriptions. DF-GAN contains a pre-trained text 
encoder, a generator, and a discriminator, as shown in Figure 4. 
DF-GAN develop three novel modules to reduce the 
computational cost and improve computational efficiency. First, 
DF-GAN proposed a novel one-stage backbone that only relies 
on one pair of discriminators and generators for text-to-image 
translation. The one-stage method can be expressed as follows: 

𝐿𝐷 = −𝐸𝑥~𝑃𝑟
[min (0, −1 + 𝐷(𝑥, 𝑒))]

−
1

2
𝐸𝐺(𝑧)~𝑃𝑔

[min (0, −1

− 𝐷(𝐺(𝑧), 𝑒))]

−
1

2
𝐸𝑥~𝑃𝑚𝑖𝑠

[min (0, −1

− 𝐷(𝑥, 𝑒))] 

(4) 

𝐿𝐺 = −𝐸𝐺(𝑧)~𝑃𝑔
[𝐷(𝐺(𝑧), 𝑒)] 

 
(5) 



where 𝑧  is the random noise sampled from the Gaussian 
distribution. Second, a new fusion module is proposed to 
strengthen the text-image fusion process of the generator. Third, 
DF-GAN uses a target-aware discriminator that contains 
gradient penalty and one-way output to boost the generator to 
synthesize more realistic images without the need of using extra 
networks. The experimental results show that DF-GAN can not 
only outperformance other methods but also improve the 
efficiency of image synthesis. 

E. Classification Enhancement Generative Adversarial 

Networks 

 Classification enhancement generative adversarial network 
(CEGAN) [14] aims to generate minority class data for data 
augmentation. CEGAN is trained with both real and generated 
data for preventing generated minority data from overfitting to 
majority. Specifically, two techniques including classification 
enhancement and ambiguity reduction are introduced to 
improve the quality of synthetic data while subsequently 
increase the performance of classification in data imbalanced 
conditions for classification tasks. CEGAN is composed of three 
subnetworks: a classifier, a discriminator, and a generator. 
Training CEGAN includes two steps as shown in Figures 5 and 
6. Step 1 is to train the GAN with a classification enhancement 
strategy as shown in Figure 5 while step 2 is to train a classifier 
with augmented data as shown in Figure 6. Moreover, to address 
the problem that traditional CGAN ignores ambiguous 
relationships between the data, CEGAN develops an ambiguity 
reduction method consisting of three steps. Firstly, the feature 
embeddings of the dataset are reduced to two-dimension via 
principal component analysis (PCA) followed by t-Distributed 
Stochastic Neighbor Embedding (t-SNE). Then, the two-
dimensional features are cluster into the number of the classes 
using Kmeans++ [15]. Finally, the class ambiguity can be 
calculated by counting misclassified two-dimensional features. 
CEGAN used five datasets to evaluate different models. The 
experimental result shows that CEGAN can approximate real 
data distribution and boost the classification performance 
significantly, especially in class imbalance situations, compared 
with previous data augmentation approaches.  

 

Figure 5. Step 1 for training CEGAN. 

 

 

Figure 6. Step 2 for training CEGAN. 

IV. APPLICATION OF GAN 

GAN has been widely adopted in many image processing 
fields such as image inpainting, image super-resolution, and 
person re-identification. 

A. Image Inpainting 

Image inpainting is a technique that can be harnessed to 
eliminate useless objects from images or to repair old photos. 
Recently GAN-based approaches have shown outstanding 
results for image inpainting. For instance, Yu et al. [4] proposed 
a GAN-based method that references surrounding image 
features and is able to produce novel image structures to improve 
training efficiency. The model can process multiple holes with 
variable sizes at any location in the image during model testing. 
Experimental results on three types of dataset prove that can 
produce superior inpainting results than previous methods. SN-
PatchGAN [16] is another famous GAN-based approach for 
image inpainting. SN-PatchGAN leverages a gated convolution 
to address the problem that vanilla convolution considering all 
pixels of the input image is valid by designing a feature selection 
module. Also, a path-based loss is proposed to stable the training 
process. Experimental results on image inpainting indicate that 
the SN-PatchGAN can generate more flexible results compared 
to previous methods. 

B. Image Super-Resolution 

Image super-resolution receives a low-resolution image and 

converts it high-resolution one. Progressive growing GAN [17] 

increases the layers of generator and discriminator gradually, 

starting from few layers that can only produce low-resolution 

images and adding new layers to the model progressively to 

enhance the fine details during training. The strategy can not 

only speed up but also stabilize the training process, allowing 

GAN to generate high-quality images.  The SRGAN [18] 

proposed to add an additional loss to constrain generated images 

to be natural images. Single image super-resolution, especially 

SRGAN, can generate photorealistic images from down-

sampled images. SRGAN can produce a 4× up-scaling image 

from a given low-resolution image. The training loss function 

for SRGAN includes adversarial loss similar to previous GANs, 

a perceptual loss calculating via a pre-trained classifier, and a 

content loss that is more invariant to changes in pixel space. The 

experimental results show that SRGAN can recover textures 

from low-resolution images on benchmark datasets. 

C. Reenter private information 

Person re-identification aims to identify the same person in 

pictures captured by the camera. It is usually used to track a 

particular person in videos recorded by cameras, which is 

important in finding missing people and security applications. 

Two major challenges have been identified for the person re-

identification problems: the lack of cross-view paired training, 

and the drastically changing appearance and pose of a person 

across views. Various GAN-based approaches such as PTGAN 

[19], PN-GAN [20], and IPGAN [21] address these issues by 



producing realistic images for data augmentation to enhance the 

generalization ability of the person re-identification model. 

V. CHALLENGES 

Although GANs are very helpful in some application fields, 
several challenges can also easily be found in practice 
applications. We can divide the GAN challenge into three main 
problems: mode collapse, non-convergence and instability, and 
high sensitivity to hyperparameters. and performance indicators. 
Collapse mode meant that the generator can only produce few 
representative samples. Non-convergence and instability issues 
are mainly caused by the unbalanced training of GAN.  

VI. CONCLUSION 

In this study, we investigate the fundamentals, variants, as 
well as applications of GAN. GAN is a deep learning model that 
receives random noise or other types of input and then generates 
data similar to real ones. While GAN is a very promising deep 
learning model, several disadvantages such as mode collapse, 
unstable training process, and high sensitivity to 
hyperparameters can also be found. We suggest three solutions 
to mitigate these problems: designing novel network 
architecture, using advanced loss functions, and introducing 
alternative optimization algorithms, also, A potential solution to 
the problem of finding good GAN hyperparameters is to use 
Weights and Biases to track your experiments. 
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