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Abstract 
Regarding the hotspot model of GAN, first introduces the research status of GAN; then 
introduces the principle of GAN and the problems in the training process of GAN;then 
discusses the derivative model of GAN from the improvement of network structure and 
loss function, and its typical The improvement points, applicable scenarios, advantages 
and disadvantages of GAN model, and finally summarizes the application of GAN and 
future research directions. 
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1. Introduction 

In recent years, with the improvement of computing power, the accumulation of data and the research 
and results of neural networks, the field of artificial intelligence has developed rapidly, especially in 
machine learning. According to whether the data set is labeled, machine learning tasks are divided 
into supervised learning, unsupervised learning and semi-supervised learning. Supervised learning 
relies on labeled data. However, the acquisition of a large amount of labeled data is expensive. In 
learning tasks such as data generation and strategy learning, the acquisition of these labeled data is 
not even feasible. Unsupervised learning is more in line with the idea of intelligence. Researchers 
generally believe that unsupervised learning will be one of the important development directions of 
artificial intelligence in the future. Generative model is an important method in unsupervised learning 
tasks. 

In 2014, Goodfellow [1] et al. proposed a generative adversarial network based on game theory, which 
uses two neural networks for adversarial training and updates the network weights through 
backpropagation, which is easy to calculate and the effect is remarkable. Once the model was 
proposed, it attracted the attention of researchers in the field of neural networks. GAN and its 
derivative models are often used to generate samples for data enhancement and data preprocessing 
methods in deep learning, and in the fields of image processing. There are a wide range of application 
scenarios in the fields of, biomedicine, network and information security. 

2. Principles of Generative Adversarial Networks 

2.1 GAN Network Structure 

The basic idea of GAN comes from the two-person zero-sum game in game theory. The generator 
and the discriminator can be regarded as two players competing with each other in the game. The 
basic model of GAN is shown in Figure 1. The generative adversarial network includes two parts: 
generator G and discriminator D. Random variables z from hidden space pass through generator G 
and output as generated samples 𝑥 . The training goal is to learn the distribution of real samples. 
Generate the generated samples whose similarity is close to the real samples so that they cannot be 
distinguished by the discriminator D network, that is, make the distribution of the generated samples 
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𝑝  and the real samples 𝑝  as the same as possible. The input of D is a real sample or a generated 
sample, and the output of the discriminant result. The training goal is to distinguish between a real 
sample and a generated sample. The discriminant result is used to calculate the objective function, 
and the network weight is updated through back propagation. In the process of model training, the 
generator G and the discriminator D will update their own parameters to minimize the loss. Through 
continuous iterative optimization, a Nash equilibrium state is finally reached, and the model reaches 
the optimal state. The objective function of GAN is defined as: 
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Figure 1. The basic model of GAN 

2.2 Problems with GAN 

The basic GAN model uses back propagation in the calculation process without the need for Markov 
chains, avoiding the probability problem of approximate calculations. In addition, there is no need to 
infer random variables during training. Compared with Deep Belief Network (DBN), it can generate 
samples faster, and has better generation effect than Variational Auto-Encoder (VAE). GAN solves 
some problems in the generative model and has certain enlightening significance for the development 
of other generative algorithms. However, GAN is not perfect either. While solving existing problems, 
it also produces some new problems: 

a. Mode collapse problem [2]: It refers to that GAN cannot generate diverse samples, but generates 
samples that are the same as real samples. This defect is fatal in the field of data enhancement. 

b. The problem of gradient disappearance: refers to the use of backpropagation (BP) algorithm [14] 
to train a deep neural network, when the gradient is propagated backward to the shallow network, it 
can hardly cause numerical disturbances, and finally cause the neural network to converge Very slow 
or even unable to converge. 

c. Training instability problem: In the actual process, the synchronization of the two adversarial 
networks is not easy to control, so the training process may be unstable, which leads to the problem 
that the model training is difficult to converge. 

d. Evaluation index problem: At present, the evaluation index of GAN has not yet formed a unified 
standard. Many evaluation index assumptions are based on human subjective feelings and lack 
rigorous theoretical basis. 

3. GAN's Derivative Model 

In recent years, GAN research has made rapid progress, and hundreds of related models have been 
derived, which have been widely used in image processing, natural language, computer vision and 
other fields in just a few years. Most of the current mainstream research work on the GAN theory 
revolves around the optimization of the above problems and the research and improvement of the 
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model. This chapter will select the representative loss function and network architecture from two 
aspects of the GAN model. 

3.1 Improvement based on Network Structure 

DCGAN [3] combines the deep convolutional neural network CNN in supervised learning and GAN 
in unsupervised learning, and establishes a bridge between CNN in supervised learning and 
unsupervised learning. DCGAN is suitable for most scenes, and the generated images are rich in 
diversity but average quality, and the model is unstable. 

CGAN [4] adds a conditional variable c constraint model to G and D to guide data generation, where 
c is the category label or other additional information that helps sample generation. CGAN effectively 
constrains the problem of excessive freedom of GAN, and can generate designated target images, so 
it is suitable for generating scenes of designated target images; label data is required, which requires 
high data sets but low quality of generated pictures. 

StackGAN [5] superimposes two GANs and implements segmented training. It uses text description 
as additional information. Phase one generates lower resolution images, and phase two corrects the 
results of the first phase to output high-resolution images with rich details. StackGAN is suitable for 
the generation from text to clear images, but it cannot handle complex text, and the phased mode may 
also have unclear focus on each task, resulting in task failure. 

CycleGAN [6] proposed a cycle mechanism. In the absence of paired data, a dual generator and dual 
discriminator are designed to learn the method of transforming the image from domain X to target 
domain Y. CycleGAN has low data requirements and only needs to provide images of different styles, 
which is suitable for most style transfer scenes, but the generated image quality is low and the 
resolution is not high. 

3.2  Improvement based on Loss Function. 

LSGAN [7] uses the least squares loss function instead of the traditional cross-entropy loss function, 
which effectively improves the problem of low quality of traditional GAN generated pictures and 
unstable training. LSGAN is suitable for generating high-quality images, but the drawback is that it 
does not solve the problem of gradient dispersion of the generator when the discriminator is good 
enough. 

WGAN [8] uses Wasserstein distance instead of traditional GAN JS divergence, and uses Earth 
Mover distance (EM distance) to calculate the distance between two distributions. WGAN solves the 
problems of unstable GAN training, model collapse and generation model evaluation. It is suitable 
for non-convergence and mode collapse. However, when dealing with Lipschitz constraints, the 
weight clipping value is not easy to determine. Inappropriate values will cause gradient dispersion. 

WGAN-GP [9] uses a gradient penalty mechanism to satisfy the Lipschitz continuity condition, which 
effectively solves the problem of parameter centralization, gradient explosion and gradient 
disappearance caused by weight clipping of WGAN. WGAN-GP is suitable for the situation of 
uncertain model parameters. The training is stable, but the convergence speed is slow, the diversity 
of generated samples is insufficient, and the time cost is high. 

BEGAN [10] combines the EM distance to train the GAN based on the autoencoder, by estimating 
the error between the generated data distribution and the real data distribution, and optimizing the 
error distribution. BEGAN generates high-quality pictures, and is suitable for GAN models that do 
not converge, mode collapses, and need to generate high-quality image scenes, but it requires 
experience in the selection of balanced training hyperparameters. 

4. GAN Application and Future Research Directions 

As a generative model, GANs have unique adversarial ideas that make it stand out among many 
generator models, and are widely used in computer vision (CV), machine learning (ML), speech 
processing (AS) and other fields. The number of papers published by GAN on arXiv with the 
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keywords of generative adversarial networks, generative adversarial nets and adversarial learning is 
on the increase year by year. Figure 2 shows the subject area of GAN papers on arXiv. These data 
illustrate the fiery degree of research on the GAN model, and also illustrate the importance of this 
method in artificial intelligence and other fields. 

 

 
Figure 2. Top 10 subject categories of GAN papers published on arXiv 

 

a. Data enhancement. It is relatively difficult to collect data in actual application scenarios, and the 
problem of insufficient training data or imbalance has become one of the research difficulties. 
Different GAN derivative models provide new research ideas for data enhancement such as text and 
image. 

b. Image field. Mainly used in image super-resolution, image translation and style transfer, image 
segmentation, image restoration, image completion scenes, in addition to face recognition, face 
synthesis, facial expression recognition, age prediction Good performance. 

c. Information security field. GAN is used for privacy protection and malicious detection, which is 
also applicable to ancient cryptography. 

Although the current theoretical structure of GAN is still immature, restricting the application and 
development of GAN in related fields, GAN is still a promising network model. In the future, GAN 
will make breakthroughs in theoretical breakthroughs, algorithm expansion, and perfect evaluation 
systems. Further development has been made in improving the interpretability of GAN. 

5. Conclusion 

This article introduces and summarizes the principles, existing problems, applications and future 
research directions of the GAN model. The GAN model has injected new vitality into the field of 
artificial intelligence, especially in unsupervised learning. Although there are still many unsolved 
problems in GAN, the continued exploration of GAN, I believe that these problems will be broken 
through in the future and better models can be created. 
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