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Abstract 

Since Generating Adversarial Networks(GAN) was proposed, this direction has become 
a research hotspot of artificial intelligence.GAN the idea of using a zero-sum game 
method, composed of generator and the discriminant apparatus, generator are 
responsible for generating the sample distribution, a discriminant changer discriminant 
input is a real sample or samples, a generator and a constant interaction optimization 
criterion, finally achieve the optimal effect. GAN model proposed is very novel, but there 
are also many shortcomings, therefore with the deepening of the research, GAN for 
continuous improvement and optimization of GAN derivative model also emerge in 
endlessly, has been widely applied in the field, audio visual field, in the field of natural 
language and various other fields.Starting from traditional GAN, this paper summarizes 
the more prominent aspects of the research on GAN in recent years. First, it introduces 
the basic theory of traditional GAN, then analyzes the main derived models of GAN in 
recent years, and finally summarizes the main application results of GAN in different 
fields. 
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1. Introduction 

In recent years, with the improvement of computing power, the accumulation of data and the 
research on animal neural networks, the field of artificial intelligence has developed rapidly. 
With people's enthusiasm for deep learning research rising, deep learning has achieved good 
results in many fields. Various frameworks and models have been put forward and 
continuously improved.Among them, generating antagonistic network (GAN) is a generation 
model proposed by Goodfellow et al.[1] in 2014. GAN's proposal is inspired by a two-person 
zero-sum game (that is, the sum of the interests of two participants in the game is zero, and the 
interests of one party is the loss of the other party), and this model contains a generator and a 
discriminator. Generator is responsible for the capture of real data sample distribution and 
generate new data distribution, and the discriminant apparatus is a two splitters, discriminant 
of the input data is real data or data generated. GAN optimization is the minimax game 
"problems, to the best of the generator to generate data distribution could be close to the real 
data distribution, thus "confused" discrimination. In the past two years, GAN has become a 
popular research direction. More and more papers on GAN have been published, including the 
improvement of GAN theory, the improvement of GAN model and the application of 
research.LeCun Y, a famous scholar, praised the GAN model highly, calling it "the coolest thing 
ever" and "the most interesting idea in machine learning research in the past decade". At 
present, the generation of adversarial network is mainly applied in the field of computer images 
and vision. It can generate realistic images, generate faces, detect targets, and generate real 
scenes and apply them to driverless scenes. The image can also be repaired[2] and converted 
[3] according to the context of the image.In addition, GAN can also be applied to text generation, 
speech and language generation, video prediction, etc.  
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2. The Original GAN 

As shown in Figure 1, when 𝐺  outputs the real sample 𝑥real , expect 𝐷  to output a high 
probability. When the input of the 𝐷 is some simple obey a certain distribution (e.g. gaussian 
distribution) of the random noise 𝑧 , the output is a realistic generated sample 𝐺(𝑧) with 𝑥 , it 
entered into the discriminant 𝐷, for 𝐷, when expected output low probability (close to zero), 𝐺 
to do quantity deceives tricked into 𝐷 , 𝐷 lose out high probable rate (𝐺(𝑧) wrongly convicted 
for 𝑥real  ). For 𝐷, 𝑥real  prints 1, and 𝑥fake = 𝐺(𝑧) prints 0. Thus, 𝐺 and 𝐷 form competition and 
confrontation. Through this process, once 𝐺 has enough understanding of the distribution of 
training samples, it can generate new samples with similar characteristics. 𝐷 wants to achieve 
its goal by constantly optimizing itself to prevent 𝑥fake  from deceiving it. Conversely, 𝐺  also 
optimizes itself to produce very realistic 𝑥fake  , making 𝐷  as difficult to discern as possible. 
Finally, the argument generated by 𝐺  is either 𝑥fake  or  𝑥real  , and for most of the time, the 
correct probability of 𝐷 is stable. 

Figure 1: GAN model structure 

GAN's idea comes from the two-person zero-sum game in game theory[4]. Generator and 
discriminator can be regarded as two players in the game. In the process of model training, the 
generator and discriminator will update their own parameters to minimize the loss, and finally 
reach a Nash equilibrium state through continuous iterative optimization, at which time the 
model reaches the optimal state. The objective function of GAN is defined as:  

 
𝑚𝑖𝑛

𝐺
𝑚𝑎𝑥

𝐷
𝑉(𝐷, 𝐺) = 𝐸𝑥∼𝑝data (𝑥)[log 𝐷(𝑥)] +

𝐸𝑧∼𝑝𝑧(𝑧)[lg(1 − 𝐷(𝐺(𝑧)))]
                                               (1) 

3. The Improved GAN  

In view of the training difficulties of GAN and other problems, researchers finally proposed a 
lot of variants based on GAN through continuous exploration. This chapter mainly discusses 
some typical GAN variants.  

3.1. CGAN 

Conditions was born into a type of resistance networks (Conditional Adversarial Nets, CGAN) 
[5] model for 𝐺  and 𝐷 , 𝐶class  adds additional information as a condition, used to guide the 
production of samples. If the conditional variable  𝐶class is a category label, then CGAN is to turn 
an unsupervised GAN into a supervised GAN. The model structure of CGAN is shown in Figure 
2.  

 
Figure 2: CGAN model structure 
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3.2. InfoGAN 

GAN's strong learning ability can finally learn the distribution of real samples, but it is not clear 
about the correspondence between input noise signal 𝑧 and semantic features of data. An ideal 
situation is to have a clear correspondence between them so that the corresponding changes 
can be achieved by controlling the corresponding dimensional variables. For example, for 
MNIST handwritten numeral recognition project, if the corresponding relationship is known, 
the light, stroke weight and font inclination of the output image can be controlled. InfoGAN[6] 
solved this problem by dividing input noise 𝑧 into two parts, one is noise signal 𝑧 and the other 
is interpretable and implicit signal 𝑐 . The structure of InfoGAN model is shown in Figure 3. 

Figure 3: InfoGAN model structure 

3.3. CatGAN 

In the clustering method of discriminant type, a certain distance is generally used as the 
criterion of degree, while the CatGAN model proposed in the paper[7] uses the sample entropy 
as the criterion to construct GAN. Specifically, for real samples, CatGAN hopes that 𝐷 can be 
divided into real samples with high confidence, but it is uncertain to divide the generated 
samples into which category. The goal of 𝐺 , therefore, is to generate samples with a high degree 
of certainty that "categorize them into a certain category" and try to fool 𝐷  . The target of 
CatGAN can be obtained by combining the confidence target with the optimal target of GAN's 
authenticity identification. The CatGAN model structure is shown in Figure 4. 

Figure 4: CatGAN model structure 

3.4. LAPGAN 

The main operations of LAPGAN model are up-sampling and down-sampling, and the advantage 
of LAPGAN model is that only the residual difference between the sample and the generated 
sample is considered each time[8]. To some extent, LAPGAN is similar to the residual network, 
and its learning process is shown in Figure 5. 
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Figure 5: Learning process of LAPGAN model 

3.5. f-GAN 

Literature[9] proves that GAN is a special case when f-divergence takes a specific measure. 
Among them, f-divergence refers to the distance of probability distribution, such as 𝐾𝐿 
divergence, Pear-son divergence, etc. Specifically, the author decomposed the optimization 
steps of GAN, and transformed the estimation problem of real sample distribution into the 
minimization problem of f-divergence, namely, the f-GAN model. 

3.6. EBGAN 

Reference[10] expands GAN from the Angle of energy mode, and puts forward EBGAN model. 
In this model, 𝐷 is regarded as an energy function, which has a smaller energy value in the area 
near the real sample domain and a higher energy value in the area outside the real sample 
domain. Therefore, in EBGAN, an interpretation of the energy model is given to GAN, that is, 𝐺 
aims to generate samples with the minimum energy, while 𝐷  aims to give these generated 
samples with the higher energy. 

The advantage of EBGAN model is that more and broader structures and loss functions can be 
used to train GAN structures. 

The structure of EBGAN model is shown in Figure 6. On the stability side of the model, EBGAN 
is better than GAN and can produce clearer and more realistic images[11]. 

Figure 6: EBGAN model structure 
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3.7. DCGAN 

DCGAN is a relatively good improvement after GAN, and its main improvement is mainly in the 
network structure. So far, the network structure of DCGAN has been widely used, and DCGAN 
has greatly improved the stability of GAN training and the quality of generated results. DCGAN 
model structure as shown in figure[12], compared with the original GAN, almost completely 
use the convolution DCGAN layer instead of the link layer, the discriminant is almost and 
generator symmetrical, we can see from the above, the entire network without the existence of 
pooling and sampling on the layers, in fact is the use of the convolution with step (fractional - 
strided) instead of the sample, in order to increase the stability of the training. 

Figure 7: DCGAN model structure 

4. The Application of GAN 

Since the advantage of GAN network is that it does not need to design special loss functions for 
application problems and does not need to explicitly model data distribution, it is widely used 
in image, text, speech and other fields.  

4.1. High resolution image 

High-resolution technology refers to the reconstruction of the corresponding high-resolution 
image from the low-resolution image. When the clear image cannot be acquired, it has 
important application value, such as monitoring equipment, medical image, etc. However, the 
traditional deep learn-based method is to collect information from the original image through 
the convolutional network, and the generated high-resolution image lacks specific texture 
details and is prone to blur. GAN, as a generation model, can solve this problem skillfully. SRGAN 
[13], based on the original loss of GAN, uses residual network and perceptual similarity loss to 
generate images with rich details. The perceptual loss focuses on the feature error of the middle 
layer of the discriminator rather than the pixel error of the output results. The peak signal-to-
noise ratio(PSNR) is often used to measure the image quality of high-resolution reconstruction. 
The larger the PSNR value is, the better the image quality will be. The value greater than 20 𝑑𝐵 
meets the reconstructed image standard. Take truncation thought in literature[13], under the 
same network structure, by against loss training SRGAN image PSNR of 29 𝑑𝐵 above, slightly 
lower than not taken against losses on numerical training image produced by a network, but 
the latter will be vague concepts, the former can produce very fine texture. 

4.2. Target detection and variation 

The problem in image detection of small target objects often lies in the low resolution of small 
target objects, so the intuitive solution is to enlarge the low-resolution image to the high-
resolution image to enhance the discriminability. Literature [14] divides discriminators into 
antagonistic branch and perceptual branch. The antagonistic branch is responsible for the 
traditional task of generating large images, while the perceptual branch is responsible for 
ensuring the effectiveness of large images in the test.SeGAN uses a segmentator, a generator 
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and a discriminator to reconstruct hidden objects [15]. In contrast to scene transformation, 
object deformations replace objects in an image with specific conditions without changing the 
background. GeneGAN (Generated GAN) uses an encoder decoder structure to generate GAN. 
The encoder splits the image into background features and object features, and the decoder 
reintegrates the background features and object features to be deformed to reconstruct the 
image [16]. Importantly, in order to separate the feature space, two separate training sets are 
needed, one is the image set with the object, and the other is the image set without the object. 
In addition, GAN can also be applied to image blending tasks, which implant an object into the 
background of another image. GP - Poisson GAN [17] proposed to combine GAN - based image 
fusion with traditional gradion-based image fusion. GP⁃GAN attempted to generate high 
resolution good fusion images by optimizing The Gaussian Poisson equation [18]. 

4.3. Image translation and style conversion 

Image translation and Style Conversion Image style migration is the process of "migrating" the 
style of one image to another.Deep learning was first realized by using CNN framework [19], 
but such a model has the problems of slow training speed and too high requirements on training 
samples. Due to the advantages of GAN's autonomous learning and random sample generation, 
as well as the reduced requirements for training samples, GAN has achieved fruitful research 
results in the field of image style transfer [20-26]. 

5. Summary and Prospect 

Since Goodfellow et al. first proposed the model structure of GAN network in 2014, papers have 
mushroomed like mushrooms to solve various problems and solve the training difficulties of 
the network by utilizing the exquisite zero-sum game thinking of the network. Theory, the basis 
of the purpose of this paper is to explain a popular GAN finishing explains the commonly used 
ones are GAN training model, and the time line according to the logic of theory development of 
GAN under the conditions in the development of image generation, and a more macro inductive 
GAN applications in a variety of different scenarios, and summarizes some improve training 
skills. The author believes that this technology will greatly improve the limitations of deep 
learning in some application scenarios, especially in the generation of models. From zero to 
creation has always been a difficult problem to solve, and GAN is just an excellent improvement 
on the generation of models. At present, relevant applications are still in the initial stage, and 
there will be more effective and extensive attempts in the future. As for the landing of GAN in 
application, some prospects are proposed as follows: 

(1) GAN truly embodies creativity in image generation and style transformation. With the 
development of the society, cultural entertainment carries an increasing proportion of life, and 
the most important thing of the cultural and entertainment industry is rapid and innovative. If 
the distribution breadth of GAN in generation can be used to create some novel cultural and 
entertainment products, so as to stimulate people's creativity, the productivity of this industry 
will be greatly improved. For example, GAN controlled by conditions can automatically 
generate a series of animation works with a given story background, and the style of animation 
works may be unique. 

(2) GAN's application in the field of image restoration. Not only in the removal and filling of the 
target in the image, but also in the super-resolution analysis of the image, the deep neural 
network has a powerful approximation ability for the high-dimensional complex mapping, 
which can effectively extract the semantic meaning in the image. Combining semantics and 
texture can help repair the details of works of art, such as mural repair, calligraphy rubbings 
restoration, etc. 
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(3) GAN's application in medical image generation. Artificial intelligence to assist doctors in 
image data analysis is becoming more and more common, and the more diverse the training 
data samples these ARTIFICIAL intelligence need, the better. But researchers had trouble 
getting enough images of the lesions to compare with healthy samples. In the similar data 
enhancement research of various forms(image, speech, language, etc.), GAN has a broad 
development prospect. 
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