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Abstract—Deep learning has achieved great success in the
field of artificial intelligence, and many deep learning models
have been developed. Generative Adversarial Networks (GAN)
is one of the deep learning model, which was proposed based
on zero-sum game theory and has become a new research
hotspot. The significance of the model variation is to obtain the
data distribution through unsupervised learning and to generate
more realistic/actual data. Currently, GANs have been widely
studied due to the enormous application prospect, including
image and vision computing, video and language processing, etc.
In this paper, the background of the GAN, theoretic models and
extensional variants of GANSs are introduced, where the variants
can further optimize the original GAN or change the basic
structures. Then the typical applications of GANs are explained.
Finally the existing problems of GANs are summarized and the
future work of GANs models are given.

Index Terms—Generative Adversarial Networks (GANs), Deep
learning, Generative models, Application

I. INTRODUCTION

The generative adversarial networks (GANs)[1] is an emerg-
ing generative model proposed by Ian Goodfellow of Google
Brain scientists in 2014. As a new method of learning and
generative model, GAN can avoid some deficiency in the
practical application of some traditional generation models,
and can subtly optimize some loss functions that are hardly to
deal with through adversarial learning, and realize the semi-
supervised and unsupervised learning technology by implicitly
modeling the high dimensional distribution of data. GANs
excels in various challenging tasks, such as realistic im-
age generation[2][3], video frame generation[4], artistic style
migration[5], etc.

In this paper, we are providing GANs proposal background
and development from the algrithm prospective, including ba-
sic theory and extensional models of GAN in Section II. Then
we introduce the variants of GANs for different application
fields in Section III. In Section IV, problems and advantages
of the GANs are summarized, and the future prospect of GANs
is discussed in Section V.

II. THEORY AND EXTENSIONAL MODELS OF GANS
A. Basic Theory of GANs

GANs are structurally inspired by two-person zero-sum
games in the game theory (i.e. the sum of the two people
interests is zero, and the gain of one side is exactly what the
other side loses). It sets up one generator and one discriminator
for each participant in the game. The aim of the generator is
to learn and capture the potential distribution in the actual

978-1-5386-9490-9/19/$31.00 (©2019 IEEE

data samples as much as possible, and generate new data
samples. Discriminator is a binary classifier, and the aim is
to determine whether the input data is from the actual data or
from the generator. In order to win the game, the two players
need to constantly improve their capability to generate and
discriminate. So the process of optimal learning is a minimax
game problem[6]. The aim is to find a Nash equilibrium[7]
between the two sides, so that the generator can estimate the
distribution of data samples. The computation procedure and
structure of GANs are shown in Fig.1.
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Fig. 1. The Structure of GAN

Any differentiable function can be used to represent the
generator and discriminator of GANs, which means that the
generator and discriminator can adopt the deep neural network.
If the differentiable functions D and G are used to represent
discriminators and generators respectively, their inputs are real
data = and random variable z respectively. G(z) is a sample
generated by G, which obeys the distribution of real data. If the
input of the discriminator comes from the real data, it is tagged
as One. If the input sample is G(z), it is tagged as Zero.The
goal of D is to achieve a correct binary classification of data
sources: true(from the distribution calssification of real data x)
or false(from the fake data G(z) of the generator)[8], while
the goal of G is to make the selfgenerated false data G(z)
perform as the same as the real data x performing on D(z),
which are mutually antagonistic. The performance of D and G
can be improved by the process and iteratively optimized[9].
When the discriminative ability of D is improved to a certain
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degree and the data source can not be correctly identified, the
generator GG can be considered to have learned the distribution
of the actual data.

B. Mathematical Model and Training Method

Here, we introduce the mathematical model and the training
method of GANs. First, we describe the optimization of the
discriminator D given generator (. Similar to the training
of Sigmod functionbased classifiers, training the discriminator
involves minimizing the cross entropy[10]. The loss function
is formulated as,

1
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where x is sampled from the real data distribution pgatq(2), 2
is sampled from the prior distribution p,(z) such as uniform
or Gaussian distribution, and E(-) represents the expectation.
It should be noted that the training data consists of two
parts: one part from the real data distribution pg.:q(z) and
another part from the generated data distribution p, (). This
is slightly different from the conventional methods for binary
classification. Given the generator, we need to minimize (1) to
obtain the optimal solution[11]. In the continuous time space,
Eq.(1) can be reformulated as,
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For any (m,n)eR? , and ye[0, 1], the expression,
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can achieve its minimum value at y = m/(m + n). When
giving generator (7, the objective function Fq.(2) can achieve
its minimum value, D (z), as,

D*G(x) . pdat(l(m) (4)
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This is the optimal solution of the discriminator D. From
Eq(4), the discriminator of the GAN can estimate the ratio
of the two probability densities, which is the key difference
from Markov chain or lower bound based methods. On the
other hand, D(z) denotes the probability of 2z sampled from
the real data rather than the generated data. If the input data is
from the real data x, the discriminator strives to make D(z)
close to 1. If the input data is from the generated data G(z),
the discriminator strives to make D(G(z)) close to 0 while
the generator GG tries to make it close to 1. Since this is a
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zero-sum game between GG and D, the optimization of GAN
can be formulated as a min-imax problem:

mingmaxp f(D,G) = nEy.p,,,, (logD(x))

FEop (log(l— Do)
In summary, for learning the parameters of the GAN, we
need to train the discriminator D to maximize the accuracy
of the input data from the real data x or the generated data
G(z). In addition, we should train the generator GG to minimize
log(1—D(G(%))). Here, an alternative training method can be
used. First, G is fixed to maximize the discrimination accuracy
of D. Then, D is fixed to minimize the discrimination accuracy
of D[14]. This process alternates and we could achieve the
global optimal solution if and only if pgeie = pg. In the
training process, the parameters of D are updated k times
and the parameters of G is only updated once.

C. Extentional Models of GANs

Compared to other generative models, higher quality sam-
ples (sharper and clearer images) can be produced by GAN
than other models. Shorter runtime will consumed by GAN
to generate a sample compared to PixelRNN[12]. GAN can
approximate arbitrary probability distributions in a theoretical
mode to overcome the problem that VAE’s[13] (Variational
Auto Encoders) final simulation results would be biased. How-
ever, GAN still has the problem of divergence for the model
is too free and uncontrollable. Therefore, some improvements
have been made to improve the performance of GANs.

1) Optimization of GAN: We have introduced the basic
structure of the original GAN, whose generator uses a dis-
tribution to directly sample without the requirement for pre-
modeling, thus achieving theoretically complete fitting of the
actual data distribution, which is the biggest advantage of
GAN. Many GANs models can realize the optimization of
the GAN without changing the original structure.

DCGAN(deep convolutional GAN)[14] is one of the exten-
sion of the GAN. It replaces the G and D in the original GAN
with two CNN(convoluitnal neural network) without changing
the basic structure of the GAN, a step size convolution is used
instead of the upsampling layer, and a convolutional layer
is used to replace the full connection layer to increase the
stability of the training.

Unlike DCGAN, the permutation on the fully connected
layer can be improved via WGAN (Wasserstein GAN) [15].
The Jensen-Shannon divergence is not suitable for measuring
the distance of the distribution of the disjoint parts, and
Wasserstein distance is used instead to measure the distance
between the generated data distribution and the real data
distritution. So the problem of instability in training and
model collapse can be solved partially. In fact, Lipschitz
restriction in WGAN requires to cut off the absolute value
of the discriminator parameters without exceeding the fixed
constant c. Hence, Gulrajani proposed WGAN-GP (WGAN-
gradient penalty)[16] with the gradient penalty replacement so
that the discriminator can learn reasonable parameters to solve
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TABLE 1
THE CLASSIFICATION OF THE GANS

Category GANs Networks

DCGAN[14]
WGAN[15]
LSGANI17]
EBGAAN[19]

Optimazation of GAN

CGAN]21]
Semi-supervised-GAN[22]
InfoGAN[23]

BigGAN][2]
CycleGAN[24]

Different Structure from GAN

the slow convergence problem of the WGAN.

Although WGAN and WGAN-GP have basically solved the
problem of the training failure, both the training process and
the convergence speed are slower than that of the conventional
GAN. Inspired by WGAN, Mao et al. proposed the least
square GAN (LSGAN)[17], one of the starting points of
LSGAN is to improve the quality of the picture. Its main idea
is to provide discriminator D with a loss function for smooth
and unsaturated gradients. There is another LSGAN (Loss-
sensitive GAN) proposed by Qi[18], the loss function obtained
by the minimum objective function is limited to satisfy the
Lipschitz continuity function class, in order to limit the mod-
eling ability of the model and solve the over-fitting problem.
Similar to WGAN, EBGAN (Energy-Based GAN)[19] uses
energy values as a measure from the energy model; BEGAN
(Boundary Equilibrium GAN)[20] also proposes a “boundary
balance” architecture based on EBGAN and WGAN, using
standard training steps to achieve fast and stable convergence.

2) Different Structure from the Original GAN: The above
GAN:Ss are the improvement on the GAN foundation. However,
the underlying GAN is sometimes insufficient in practice
to meet our requirements for data generation. For example,
sometimes it is necessary to generate a certain type of images
instead of randomly simulating sample data, such as generating
a certain text; sometimes it is required some parts of the
image to be generated instead of generating all images, such
as mosaic. Based on these real life requirements, GAN also
requires to adjust the structure of the original model to meet
the data to be generated.

In the application, the vast majority of the data is the multi-
labelled data, and how to generate the data of the specified
label is the contribution of the conditional GAN(cGAN)[21]
on the GAN model. In the basic GAN model, the generator
is implemented by inputting a string of random numbers that
satisfy a certain distribution. In CGAN, not only the random
number but also the label category is spliced and input, so
the generator can generates the required data. In addition, for
the discriminator, it is also necessary to splice the real data
or the generated data with the corresponding tag category,
and then inputting the neural network of the discriminator for
identification and judgment.

Since cGAN has been proposed, many scholars have used
cGAN in the application or improvement for the follow-up
work of cGAN. For example, Laplacian Generative Adversar-
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ial Networks (LAPGAN)[25] combines the principles of GAN
and cGAN using a tandem network, and the pictures generated
by the above level are used as condition variables to form a
laplacian pyramid to generate images from rough to precise
mode.

InfoGAN][23] can also be seen as a kind of cGAN. From
the starting point, InfoGAN 1is based on the simplicity of
GAN. It can decompose the input z on the original singer,
and decomposes an implicit code ¢ from the original noise
z. In addition to c, it contain a variety of variables. Taking
the MNIST dataset as an example, it is possible to indicate
such the direction of the illumination, the tilt angle of the
font, the thickness of the stroke, and so on. The basic idea
of the InfoGAN is that the ¢ can explain the generated
G(z,c), then ¢ should be highly correlated with G(z,¢). The
important significance of InfoGAN is that it breaks out the
structured implicit code ¢ from the noise z, which makes the
generation process have certain a degree of controllability, and
the generated result also has certain interpretability.

Pix2Pix[26] based on CGAN treats the generator as a kind
of mapping, which maps the image to another desired image
pixels to pixels, so as to realize the different image translation
function through the same model. This inspires the researchers
to explore further. However, the fatal flaw of Pix2Pix is that
its training requires pictures x and y that are paired with each
other. This type of data is extremely lacking and greatly limits
the application of the model. In this regard, CycleGAN[24]
proposes an image translation method that does not require
pairing data.

As a promotion of CycleGAN, StarGAN[27] has turned the
two-two mapping into a mapping between multiple domains,
which is another major breakthrough in the field of image
translation. In addition, StarGAN can train the same model by
implementing joint training between multiple datasets (such
as CelebA datasets with labels such as skin color, age, and
RaFD datasets with angry, scary, and other expression tags).
Completing the compression of the model is a major success
in the field of image translation.

At the same time, we can classify GANs as unsupervised
learning, semi-supervised learning and supervised learning
through the presence or absence of the category label infor-
mation in the training data. Table II demonstrates the different
attribute category of some GANs.

TABLE II
CLASSFICATION OF THE GANS BASE ON THE LEARNING METHOD
Category Characteristics Networks
Unsupervised Learning Tagged data InfoGAN,
CycleGAN, GAN
Semi-supervised Learning  Partially tagged data ~ Improved-

GAN][28], SGAN
CGAN, ACGAN,
AM-GAN

Supervised Learning Untagged data

III. APPLICATION

The most important power of GANS is the networks that can
generate samples with the same distribution as the real data,
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such as generating photorealistic images. GANs can also be
used to tackle the problem of insufficient training samples for
supervised or semi-supervised learning. Currently, successful
applications of GAN are computer vision, including images
and video, such as image translation, image coloring, image
restoration, and video generation. In addition, GANs have been
applied in speech and language processing, such as generating
dialogues. In this section, we discuss the application range of
GAN:S.

A. The Application in the Image

1) image-to-image Translation: CycleGAN is an important
application model of GAN in the field of image. CycleGAN is
based on two types of images that requires no pairing. You can
turn it into a smile by typing a crying face or change the zebra
to horse as shown in Fig.2. StarGAN is a further extension of
CycleGAN, where it takes strength to train one category to the
other category. The smile face can be transformed into a crying
face via the StarGAN, along with variety of the expressions
such as surprise, frustration, etc.

—~

summer

Winter Zebras Horse

Summer —p  Winter

=3 s

Winter Zebras

Fig. 2. Imge to image translation result of CycleGAN

2) Image Super-Resolution Reconstruction: The use of
GAN for super-resolution is to solve the shortcomings of the
conventional methods including the deep learning methods,
which lacks of high-frequency information. The traditional
deep CNN can only improve this defect by selecting the
objective function. On the other hand, GAN can also solve
this problem and obtain satisfying perception. SRGAN[29]
uses perceptual loss and adversarial loss to enhance the
realism of the recovered picture and realize the 4x resolution
reconstruction. Perceptual loss is a feature extracted by con-
volutional neural network. By comparing the features of the
generated image after convolutional neural network and the
characteristics of the target image after convolutional neural
network, the generated image and the target image are more
similar in semantics and style.

3) Style Transformation: Based on the characteristics of the
GAN, autonomous learning and random samples generation,
combined with the method of adding conditional variables
to generate specific samples, a number of GANs have been
developed to improve to the images learning through unpaired
training data under unsupervised conditions. MC-GAN[30]
was proposed by BAIR with a multi-content architecture to
re-customize the training network for each observed character
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set, rather than decorating a single training network for all
possible fonts. The multi-content GAN model includes a
stacked cGAN architecture for predicting rough glyph shapes
and an ornamental network for predicting the final glyph colors
and textures. The first network, called GlyphNet, is used to
predict the glyph mask; the second, called OrnaNet, is used
to fine-tune the colors and decorations that generate glyphs
from the first network. Each sub-network follows the structure
of cGAN and modifies the structure to achieve the specific
purpose of stylizing glyphs or decorating predictions.

4) Image Generation: The Composite GAN[31] proposed
by Hanock et al. has generated partial images through mul-
tiple generators and finally synthesized the entire image. For
example, in face generation, the background and the face are
divided into two parts and generated by different generators
into the RNN[32], can produce more realistic images. TP-
GAN][33], proposed by the CASIA, synthesized the frontal
face image through the side face photos, to achieve the
state-of-art results. The generative network of the model is
characterized by dual path generation, in which one path is
generated by partial facial features extracted from the side
face. The facial features can be completed, while the other path
can produce a vague full face, to locate patch networks to deal
with facial features so as to finally form a complete realistic
face image. BigGAN]J2] applies orthogonal regularization to
the generator to obey a simple truncation, allowing fine-tuning
of sample fidelity and diversity tradeoffs by truncating hidden
spaces. This modification allows the model to achieve the best
performance in the image synthesis of class conditions. When
training on ImageNet with 128x128 resolution, the model of
BigGAN can achieve an Inception score (IS) of 166.3 and a
Frechet Inception Distance (FID) of 9.6, while the previous
best IS and FID were only 52.52 and 18.65.

B. The Application with the Video

1) Video Frame Prediction: Mathieu et al.[34] first applied
GAN training to video prediction, that is, the generator can
generate the last frame of the video based on the previous
series of the frames, and the discriminator is used to con-
clude the frame. All the frames except the last frame are
real pictures. The advantage is that the discriminator can
effectively use the information of the time dimension, and also
assists to make the generated frame consistent with all the
previous frames. Experimental results show that the frames
generated by confrontation training are more clear than the
other algorithms.

2) Video Generation: Vondrick et al.[4] have made great
progress in the video field, 32-frame resolution 64 x 64 realistic
video can be generated, depicting golf courses, beaches, train
stations and newborns. After testing, 20 of the markers did not
recognize the authenticity of these videos. MD-GAN(Multi-
stage Dynamic GAN)[35] predicts future video frames with
the proposed model through a given first frame image. In
its two-stage model, the first stage a time-lapse video with
realistic content can be generated; the second stage the results
of the first stage is optimized, mainly in adding dynamic
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motion information to increase the vraisemblance. In order to
have vivid motion information for the resulting video, a Gram
matrix is introduced to describe the motion information more
accurately. Moreover a large-scale time-lapse photography
video dataset was built and tested on this dataset. By using
this model, realistic time-lapse photographic video with a
resolution of 128x128 up to 32 frames can be generated.
Both qualitative and quantitative experiments demonstrate the
superiority of the method outperforming available models.

C. The Application of Human-Computer Interaction

1) Auxiliary Automatic Driving: Santana et al.[36] imple-
mented the assisted autonomous driving with GAN. First, an
image is generated, that is consistent with the distribution of
the official traffic scene image, and then a transition model is
trained based on the cyclic neural network to predict the next
traffic scene.

2) Text to Image: This field is the result of a collision
between NLP (Natural Language Processing) and CV (Com-
puter Vision). The task is described as: to generate a picture
that matches the image text from a given textual description.
StarkGAN[37] generates high resolution images from text
descriptions. The model decomposes the generation process
into two more controllable steps: to draw the basic shape
and color of the object; to correct the shortcomings of the
first stage results and add more detail. Extensive experiments
are performed to prove that the method is more effective. By
introducing an attentional generative network, AttnGAN[3§]
can synthesize fine-grained details of different sub-regions of
an image by focusing on the related words in natural language
description. In addition, a deep attentional multimodal simi-
larity model is proposed to calculate fine-grained image-text
matching loss for generator training. It is the first time that the
layered attentional GAN can automatically select word-level
conditions to generate different parts of the image.

In addition, some researchers expect to use GAN learning
methods in the fields of pharmaceutical molecules and mate-
rials science to generate pharmaceutical molecular structures
and synthetic new material formulations. The idea is quite
creative, if it can be realized in reality, and the Artifical
Intelligence will be omnipotent.

I'V. DISCUSSION

Generative adversarial networks are quite important in the
generative models. GANs have great power to deal with the
problem of generating data which can be interpreted naturally.
In this section, we will analyze the main avantages, disadvan-
tages and prospect of the generative adversarial networks.

A. Advantages

Compared with other generative models, the generative
adversarial networks has the following three advantages. 1)
It can produce better samples than other models (the im-
age is sharper and clearer). GANs can train any kind of
the generative network. Most other frameworks require the
generative network to have some specific functional form.
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It is important that all other frameworks require generative
networks to be distributed over non-zero mass. 2) Generative
adversarial networks can learn to generate points only on thin
manifolds that are close to the data.The training does not rely
on the inefficient Markov chain method, nor the approximate
inference. 3) There is no complex variational lower bound,
which can greatly reduce the training difficulty and improve
the training efficiency.

B. Disadvantages

Although GANs can perform well in Nash equilibrium,
the gradient descent can guarantee Nash equilibrium only in
the case of convex function. The training process requires
to ensure balance and synchronization of the two adversarial
networks, otherwise it can not achieve ideal performance.
However, it is difficult to control the synchronization of the
two adversarial networks, so the training process may be
unstable. In addition, the GAN model is defined as a minimax
problem with no loss function. It is difficult to distinguish
whether the progress is being made in the training process.
GANSs learning process may cause collapse problem, i.e., the
generator degeneration, continuous the same sample points
generation, unable continue learning. When the generative
model collapses, the discriminative model also points to the
same direction for similar sample points, and the training can
not continue. Furthermore, although the samples generated by
GANs are diverse, there exists the collapse mode problem.
Mode collapse refers to the scenarios in which the generator
makes multiple images that contain the same color or texture
themes, thereby having little difference for human understand-

ing.

C. Prospect

In spite of various disadvantages and limitations, it is worth
investigating the future applications and progress of the GANs.
For example, Wasserstein GAN (WGAN) have two great
improvements compared with the initial generative adversarial
network. The first improvement is WGAN which can greatly
overcome the training instability problem, and the second
improvement is that it can partially solve the collapse mode
problem at the same time. How to completely avoid collapse
mode and further optimize the training process remains a
research direction of the GANs. Furthermore, the theory about
model convergence and the existence of equilibrium point
remain important research directionnin the future. How to
generate a variety of data that can interact with humans from
simple random inputs is an important research direction. From
the perspective of combining GANs and other methods, how
to integrate GANs with feature learning, imitation learning,
and reinforcement learning to develop new Al applications
and promote the development of these methods is quite
meaningful. In the future, GANs could be used to accelerate
the development and application of Al, make the Al have the
ability to understand our human beings and explore the world.
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V. CONCLUTION

As an unsupervised learning method, GANs is one of
the most important research directions in deep learning. The
explosion of interest in GANs is driven not only by their
potential to learn deep, highly nonlinear mappings from a
latent space into a data space and also it has potential to
make use of the vast quantities of unlabeled data. Although
our world is almost overwhelmed by the data, a large part
are unlabeled, which means that the data is not available
for most current supervised learning. Generative adversarial
networks, which rely on the internal confrontation between
real data and models to achieve unsupervised learning, is just a
glimmer of light for Als self-learning ability. Therefore, there
are many opportunities for the developments in both theory
and algorithms, and by using deep networks, there are vast
opportunities for new applications.
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