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Abstract. Generative Adversarial Networks (GANSs), as a deep learning model, have made
significant progress in the field of image generation and style migration. This study aims to
methodically investigate GAN-based image generation methods. First, this paper outlines the
basic principles of GAN and its application in image generation, focusing on analyzing the
structure and performance of representative models such as DCGAN, ProGAN and StyleGAN.
This paper summarizes the improvement methods such as WGAN and LSGAN, and evaluates
their efficacy in improving the stability of the model and the quality of the generated images in
view of the problems of pattern collapse and instability faced by GANs in the training process.
Finally, this paper discusses the limitations of current techniques and possible future directions,
and suggests research prospects in the field of multimodal fusion and 3D image generation. The
research in this paper provides a theoretical framework and useful suggestions for enhancing the
application of GAN methods in image generation.
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1. Introduction

Generative Adversarial Network has rapidly become an important technology in the field of deep
learning since it was proposed [1] . The unique architecture of GAN consists of a generator and a
discriminator, and through the adversarial training of the two, the generator is gradually able to generate
high-quality images that are similar to the real data distribution. This breakthrough brings novel
solutions to tasks like image production and enhances the field of computer vision.

GAN can generate realistic, high-resolution images from random noise. The advent of models such
as Progressive Growth GAN (ProGAN) has significantly improved the quality and diversity of generated
images [2] and Deep Convolutional GAN (DCGAN) [3] .

Many studies on various models and their applications have been started in the fields of GAN image
production and style migration research. DCGAN improves image quality by using deep convolutional
neural networks [2]. ProGAN dramatically improves image generating stability and resolution by
producing pictures layer by layer [3].

The purpose of this research is to conduct a thorough analysis of GAN-based image generation
techniques and look at their performance and problems in real applications.

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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2. Basic Theory and Techniques of GAN
2.1. The basic structure of GAN

2.1.1. Principles. The Generative Adversarial Networks is a novel method used for unsupervised
learning which can be defined by training a pair of networks in a competitive manner [4]. These two
networks are the generative networks and the discriminative network, which are antagonistic. Let’s
make an analogy here: the discriminative network is like a appraiser and the generative network is like
a counterfeiter.

Counterfeiters fabricate products with the intention of deceiving appraisers, while appraisers are
tasked with verifying the genuineness of an object. When the appraisers determines that the item is a
forgery by the counterfeiter, then the counterfeiter has to improve his counterfeiting skills. Conversely,
if the counterfeiter succeeds in fooling the appraiser, then the firm will enhance his or her appraisals.
They both are trained simultaneously and compete with each other [4]. The two networks continuously
enhance themselves until they achieve a state of Nash equilibrium. That’s what “generative” and
“adversarial” mean.

We suppose that the generator is denoted as G(x,¢2) , which is multilayer perceptrons. The 62 here
represents the parameter of the generative model. Firstly, we define an input noise variable p:(z) and it
is mapped to the data space by the generative model to generate a synthetic sample and and passing it
to the discriminator. The discriminator here is also denoted as D(x,61) which is used to determine
whether the input data originates from the generative model or the training data. The output of D
represents the probability that x is a sample from the training data. So If the sample received by the
discriminator is a real sample x , its output can be represented as D(X) . Conversely, if the sample is a
synthetic sample generated by the generator, its output is represented as D(G(x)) .Finally, the
discriminator is trained to accurately distinguish the data source [1], while the generator is trained to
produce data that closely matches the distribution pg of the training data. This is the overall structure of
a generative adversarial network.
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Figure 1. Generative Adversarial Network model
2.1.2. Loss functions. The adversarial objectives of the generator and discriminator make up the loss

function in the original GAN model. Maximum ability to distinguish between generated and genuine
data is the aim of the discriminator, and minimum ability to distinguish between generated and actual
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data is the aim of the generator. In concrete terms, the discriminator D aims to maximize the following
equation:

Ex-paara [l0g D] + Ezp, 5[log (1 = D(G(2)))]

where x is a sample from a real data distribution, and z is the random noise vector. G(z) is the sample
generated by the generator. The generator G tries to minimize the second term of the above equation,
thereby deceiving the discriminator into not being able to distinguish between generated and true
samples [1]. This loss function can be thought of as a game of minima maxima where the discriminator
and the generator are always trying to maximize their own goals.

Nevertheless, training directly with the original GAN loss function can result in the generator’s
gradient disappearing, which would make the training process unstable. Researchers have suggested
various enhanced loss functions and optimization techniques to help with this issue.

2.1.3. Wasserstein loss function for WGAN. To address the common difficulties of gradient vanishing
and pattern collapse in the original GAN, Wasserstein GAN (WGAN) proposes a new loss function.
WGAN uses the Wasserstein distance to measure the difference between generated and real data
distributions. Specifically, the loss function of WGAN is:

Ex-paata [P (0)] = Ezp,[D(G(2))]

In this situation, the discriminator tries to maximize this distance, whereas the generator tries to
minimize it [5]. Shearing the discriminator’s weights to ensure they fit the continuity condition is an
important aspect of WGAN. This strategy does very well at reducing instability during training.

2.1.4. Least Squares Loss Function for LSGAN. By substituting a least squares loss function for the
original GAN’s cross-entropy loss, Least Squares GAN further enhances the quality of the image
produced by the generator. The loss function of LSGAN is defined as follows:

For the discriminator:

1 1
7 Ex-paaca 0l (D) = D)*] 5 Bz, [(D(G(2)) — @)°]

For the generator:

1
5Bz, [(D(G(2) — ©)°]

where a and b are the discriminator’s target output values for the real and generated samples,
respectively. c is the target output value of the generator. LSGAN decreases this least squares error to
improve the quality of samples generated and decrease instability in GAN training [6] .

The selection of an optimization method is as important to the GAN training process as the design
of the loss function. Most GAN models are trained using the Adam optimizer because it can alter the
learning rate to ensure convergence and stability in complex tasks [7].The Adam optimizer improves
the generator and discriminator, and the GAN training process is faster.

2.2. Training Difficulties and Improvements in GAN

2.2.1. Mode Collapse. Mode collapse is a typical issue in GAN training, in which the generator produces
only a limited number of sample patterns during the training process, failing to cover the whole
distribution of the training data. This results in a lack of diversity in the generated samples, and the
model struggles to create high-quality photos from various classes [1]. The mode collapse happens
because the generator’s optimization is unduly reliant on discriminator feedback, which does not supply
sufficient information to encourage the generator to explore a more diverse sample space.
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Researchers have offered a number of improvement strategies to address the mode collapse problem.
Wasserstein GAN, for example, decreases pattern collapse by measuring the difference between the
generated and real distributions with the Wasserstein distance [5].The fundamental improvement to
WGAN is to produce smoother gradients during training by clipping the discriminator weights to ensure
continuity.

2.2.2. Training instability. GAN training is typically unstable. Generator and discriminator parameter
updates becoming unbalanced, which makes convergence challenging. This instability is induced in part
by GANs’ min-max game structure, in which the discriminator and generator alternately optimize their
respective objective functions. It causes issues such as vanishing or gradient explosion.

To solve this issue, Least Squares GAN suggests replacing the original cross-entropy loss function
with the least squares error to produce smoother gradients and lessen training instability [6]. This
technique increases training stability and sample quality. It also results in a more balanced optimization
process for the generator and discriminator.

3. Image Generation

3.1. Overview of Image Generation Models

The image generating models of the Generative Adversarial Network (GAN) family have evolved
through numerous stages. Starting with the original Deep Convolutional Generative Adversarial
Network (DCGAN) and moving to Progressive Generative Adversarial Networks (ProGAN) and, more
recently, StyleGAN. Each of these models has significantly improved the clarity, resolution, and
diversity of the images produced.

3.1.1. Deep Convolutional Generative Adversarial Networks. Deep Convolutional Generative
Adversarial Network is one of the first models to add Convolutional Neural Networks (CNNs) into
GANSs, whose goal is to increase generated image quality by leveraging the benefits of deep learning
[3]. The fundamental innovation of DCGAN is the removal of entirely linked layers in traditional GANs
and the use of convolutional and inverse convolutional layers to generate images. This structure not only
improves the stability of the generated samples, but also enables the model to produce higher-quality
images.

DCGAN is excellent at producing low-resolution photographs with lots of detail and texture, but it
has limitations when it comes to producing high-resolution photos. However, the creation of DCGAN
sets the stage for the design of upcoming models.

3.1.2. Progressive Generative Adversarial Networks. Progressive Generative Adversarial Networks
(ProGAN) greatly improve the quality and resolution of generated images by employing a training
strategy that steadily raises image resolution [2]. Different with conventional GAN models, ProGAN
first trains the discriminator and generator at a low resolution before progressively raising it to reach the
desired resolution.

This progressive training method significantly increases the detail and authenticity of the generated
images while also resolving the instability that arises when training GAN models at high resolution.
ProGAN produces images with much higher quality and much more variance than DCGAN. It makes it
possible to create richer and more varied samples.

3.1.3. Style Generating Adversarial Network. Style Generative Adversarial Networks (StyleGAN) are
another key improvement in GAN modeling in the field of image generation. It provides for fine-grained
control over the features of generated images with the introduction of a style control module [8]. A
distinguishing feature of StyleGAN’s generator architecture is that latent vectors are transformed to an
intermediate space before being introduced via the style control module into different generative
network levels.
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By using this method, StyleGAN may independently alter several aspects of the picture, such color,
texture, form, and so on, producing images with greater quality and a wider range of styles. Moreover,
StyleGAN improves the realism and consistency of the generated images by addressing the problem of
unstable picture structure, which can occasionally arise in ProGAN.

3.1.4. Comparison and summary. The three crucial phases in the creation of GAN models for picture
production are DCGAN, ProGAN, and StyleGAN. DCGAN’s use of convolutional neural networks
significantly improved image quality. ProGAN addressed the instabilities that occur during high-
resolution generation. It dramatically improves picture resolution and detail reproduction. StyleGAN’s
innovative style control module design gives users complete control over the characteristics of produced
pictures so that it can leads in considerable improvements in image quality, diversity, and high-
resolution creation. he expansion of these models illustrates the ongoing successes and developments of
GANs in the area of image production. They have sparked the explosive expansion of associated
applications and established the foundation for contemporary picture creation technology.

3.2. Evaluation metrics for GAN-generated images

3.2.1. Frehet Inception Distance. The Fré&het Inception Distance (FID) is a measure of the similarity
between the distribution of the produced image and the true image, proposed by Heusel et al. in 2017
[9]. FID is derived by running the generated and real images through the Inception network separately
to extract features, and then calculating the Fréshet distance between the mean and covariance matrices
of the features. Specifically, FID is calculated as:

1
FID =l py — pig I+ Tr (Zr + £ — 2(2,24)?)

where prand Ly represent the mean vectors of real and generated image features respectivel. Xrand Zq
denote their covariance matrices, respectively.

FID can better reflect the similarity between the generated image and the real image at the distribution
level. A low FID value usually indicates that the generated image is of high quality and the sample
distribution is close to the real data.

FID is sensitive to sample diversity and quality, although it uses the Inception network for feature
extraction. As a result, while dealing with various forms of data, the network structure may limit it. In
addition, FID requires a larger number of image samples for computation to ensure the reliability of the
assessment results.

3.2.2. Inception Score. Inception Score (IS) is another widely used GAN evaluation metric proposed
by Salimans et al. in 2016 [10]. The basic principle of IS is to categorize the generated images by
Inception network, and use the category distribution of the output to measure the diversity and quality
of the images.

Specifically, the formula for IS is:

IS = exp(ExKL(p(y|0) Ip(»)))

In this equations, p(y | x) denotes the conditional probability that image x belongs to category y . p(y)
denotes the average class distribution of all generated images. A high IS value indicates that there are
many categories and a high quality image produced.

IS can reflect the diversity and fidelity of the generated images to a certain extent, but it relies only
on the classification results of the Inception network in its evaluation, which may be affected by the
training bias of the network itself.

IS cannot directly assess the distributional similarity between generated images and real images, so
in practical applications, it is usually combined with other metrics for comprehensive evaluation. In
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addition, IS is prone to produce higher scores when dealing with low-diversity samples, leading to a
distorted evaluation of image diversity.

IQA metrics can directly reflect the visual quality of images and are suitable for assessing the detail
fidelity and visual perception of generated images. However, IQA methods usually lack a
comprehensive assessment of the overall quality of the image, especially in terms of diversity
anddistributional similarity, and their limitations are more obvious.

3.3. Application Case Studies

The wide application of Generative Adversarial Networks in the field of image generation has
demonstrated their powerful potential and diverse capabilities. In practice, GAN has been used for many
tasks, including face generation, art image generation, style migration, etc. The following demonstrates
the application of GAN in these fields through specific cases and compares the generation effects of
different models under the same task.

3.3.1. Face Generation. Face generation is one of the most widely used areas of GANs. Early generative
adversarial networks have been able to generate realistic face images, but still lack in detail and realism
[3]. With the advancement of GAN technology, Progressive Generative Adversarial Networks (ProGAN)
have significantly improved the quality and resolution of face generation, and through the training
method of gradually increasing the image resolution, ProGAN generates high-resolution face images
that are more detailed and lifelike, and are close to the quality of real photos [2].

However, it is the Style Generative Adversarial Network (StyleGAN) that has really taken face
generation to the next level. styleGAN is able to independently adjust individual features of a face image,
such as hairstyle, skin color, and facial expression, through its unique style control mechanism to
generate highly diverse and naturally lifelike face images [8].

In practical applications, StyleGAN has been widely used in various face generation tasks such as
avatar creation and video game character design. The face images it generates are extremely difficult to
distinguish from real faces in visual perception. It demonstrates its great potential in high-quality image
generation.

3.3.2. Artistic Image Generation. Art image generation is an important application of GAN in the
creative field. By generating images of artistic styles through GAN, researchers are able to explore the
migration between different styles and generate artworks with unique visual effects.CycleGAN is a
typical example. It makes it possible to transform between several artistic styles, for example, turning a
photograph into a painting a la Van Gogh [11].

StyleGAN does very well when it comes to creating artistic images. Thanks to its style control
module, StyleGAN is not only able to generate images that conform to a specific art style, but also to
generate innovative and diverse artworks by mixing different styles. For example, StyleGAN can
generate images that are both impressionistic and characterized by modern abstract art [8]. This
generative capability has important applications in fields such as digital art creation and cultural heritage
preservation. 3.3.3 Image Style Migration. The technique of creating a new image by incorporating the
style of one image into the content of another is known as image style migration. In this assignment,
GANs demonstrate special strengths. Pix2Pix is a GAN-based conditional model. To enable precise
picture style migration, it learns the mapping relationships between an input image and a target image
[12].

Compared to Pix2Pix, StyleGAN is more flexible in style migration tasks.StyleGAN can control
different layers of features in an image to enable multi-level style migration. For example, users can use
StyleGAN to generate more natural and stylistically unique images by changing only the surface texture
or color style of an image while maintaining its overall structure [8]. This ability makes StyleGAN
promising for a wide range of applications in fields such as advertising design and movie special effects.
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4. Future developments
Generative Adversarial Networks (GANSs) have made significant achievements in the field of image
generation, but there are still many challenges and unsolved problems. Future directions will center
around model diversity, complexity of generated images, and integration with other deep learning
techniques. The following are a few possible research directions, including multimodal style migration
and 3D image generation.

4.1. Multimodal style migration

Multimodal style migration is an important direction for future GAN research. Existing style migration
models usually only support the conversion of a single style, while multimodal style migration aims to
apply multiple styles simultaneously or generate new styles from multiple styles. This approach can
extend the generative capabilities of existing models to enable them to handle more complex visual tasks
[11]. For example, combining features from different art genres to generate innovative new artworks, or
applying data from different modalities to improve diagnostic accuracy in the field of medical image
processing.

4.2. 3D image generation
3D image generation is another research direction with great potential. With the development of Virtual
Reality (VR), Augmented Reality (AR) and 3D printing technologies, generating realistic 3D images
and models becomes more and more important. 2D image generation is the primary application of
traditional GAN models. There are additional difficulties with 3D generation, like generation speed and
spatial consistency. GAN-based 3D generative models have shown their ability to generate 3D scenes
and shapes in recent years [13].

Future research may combine graphics methods with deep learming techniques. This combination
across fields could advance 3D image generation techniques for wider applications in fields such as
entertainment, healthcare, and industry design.

5. Conclusion

This thesis delves deeply into the use of Generative Adversarial Networks (GAN) in picture production
and style migration, investigating GAN’s development history, key technologies, evaluation metrics,
and real-world applications. We demonstrate how GAN has greatly enhanced image quality, resolution,
and diversity by evaluating the performance of multiple image generation models, focusing on DCGAN,
ProGAN, and StyleGAN data [3][2][8]. These results advance computer vision research and open up
new possibilities for application sectors such as virtual reality, medical image processing, and art
production.

The key contribution of this paper is to completely classify the progress of GAN technology in picture
production and demonstrate how it can be applied in a variety of applications using case studies.
Furthermore, we look at the metrics used to judge the quality of GAN-generated images, such as FID
(Fré&ehet Inception Distance) and IS (Inception Score), as well as their limitations and applications in
diverse situations [9][10]. By examining these evaluation measures, this article serves as a reference for
future research into how to more scientifically evaluate the quality of GAN-generated images.

However, this study has certain disadvantages. We were unable to extensively investigate various
technical concerns and alternative GAN models due to space constraints. In the application case study,
we demonstrate the use of GAN in several tasks but do not go into detail about how each task is
implemented.

Overall, Generative Adversarial Networks is a powerful generative model with a wide range of
applications. Despite these challenges, GANs will remain important for research and applications in the
future as technology progresses and new approaches are discovered.
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