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Abstract---Generative Adversarial Network is the topic of interest in
today’s research in the field of image processing and computer vision.
A basic GAN model was introduced by Ian Goodfellow et al. in 2014.
After that advancement in the field of research in GAN models has
been application specific. In computer vision and image to image
translation GANs are playing very effective role either in the case of
face detection and recognition or in image resolution enhancement
and image augmentation. This paper represents a concise overview of
various GAN models along with their features and applications.
Pix2Pix and conditional GAN models work upon paired datasets while
other models like cycle GAN, discover GAN, dual GAN, info GAN, deep
convolutional GAN etc. work upon unpaired datasets. Various image
datasets which are commonly used for training of generator and
discriminator networks are also discussed in this paper. Since partial
mode collapse is a common problem to occur during training process
for all models, therefore various normalization techniques are also
preferred during the training of generator and discriminator networks.
As the advancements in GAN models are increasing at a very fast rate,
soon these models will also be preferred in commercial applications.

Keywords---image to image translation, style transfer, neural
networks, image generation.

Introduction

GANs are generative models and used to generate new data from existing one.

GANs have two models which are adversarial to each other: Generative model and
discriminative model. The prior is used to generate new data/samples from the
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existing dataset and random signal while the later is used to compare the new
generated data with the real data/image. The generated data is real or fake; it is
decided by the discriminator by using the value between O and 1. If this value lies
between 0.5 or greater, the generated image is real otherwise the image is not
acceptable. The whole process follows self-correction method by using back
propagation in which the generated image is reproduced to minimize the rate of
error [1-3].

Generic workflow of GANs based algorithms

e GANs are used for semi-supervised and unsupervised learning. In deep
learning three learning techniques are used which are supervised learning,
semi-supervised learning and unsupervised learning. Supervised Learning is
a learning technique in which the machine uses well labelled dataset, the
data which are available with the correct answers. Unsupervised Learning
looks for earlier unobserved patterns in a data set with a least human
involvement. Semi-supervised Learning works on combination of both types
of data in which a small quantity of labelled data and a great quantity of
unlabelled data is used for the duration of training [4-6].

e Discriminative Network uses convolutional neural network for image
detection, in which the neuron in each layer is connected to a small section
of its previous layer, rather than all neurons in a fully connected mode. It
uses convolution function instead of common matrix multiplication in at
least one layer [7-8].

e Generative Network use deconvolutional neural networks and these neural
networks work in opposite order of convolution neural networks [9].

e Back propagation is applied to both Networks which are used to compute the
contribution of each parameter on the error term. Thereafter, gradient
descent is used to update these parameters such that the next pass through
should result in a lower loss rate. Picking the right loss function is essential
for this process [10].

e Normalization techniques are required to stabilize the training process of
generator and discriminator networks, it also improves the performance of
discriminator [11-12].

Fig.1 shows the basic workflow diagram of GAN, in which the generated image is
passed through discriminator network to calculate the generative and
discriminative loss. Due to GANs feature of parallel generation of high-quality
images, which may also be trained in an imaginary environment, it finds
application in the field of image processing as well as in computer vision [13].
Some common applications are in object detection and face recognition, image to
image translation, video games, reconstruct 3D models of objects from images,
architecture designs, used in maps (augment street view imagery), speech
recognition [14-15], speech2face, automatic aging or de-aging of photographs [16],
image resolution enhancement (focusing on realistic texture rather than pixel-
accuracy) [17], augmentation of images [18], generating new anime character like
Pokémon, generating new logo, clothing etc., translating a photo of summer to
winter or day time tonight time, translate a sketch to photograph, automatic
image in-painting, generate sequence of images, image to photo generation, photo
to emojis generation and photo blending etc. [19-20]. GANs also have many
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applications in medical image processing [21-23] and in image forgery detection
[24-25].
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Fig. 1. Workflow diagram of Generative Adversarial Network
Generative Techniques for Image Processing

Generative algorithms used to generate data/images are classified in two groups:
explicit density models and implicit density model. Explicit density models use
true data to train the generator model for generating new data. These models
include Markov chain methods, approximate inference and Maximum likelihood
estimation etc. Implicit density models cannot directly estimate the data
distribution and generate data samples from the given distribution.

Generative Models

Explicit Density Model Implicit Density Model
¥ A
(Variational Auto encoders Pixel CNN) (Generative Adversarial Networks)

Fully Visible Belief Networks
Fig. 2. Generative Models/Algorithms based on Maximum Likelihood Estimation

These generated samples are used to modify the model [26]. As figure 2 shows
GANs use implicit density approximation of maximum likelihood, they can also
generate samples from the random distribution of spatial data. The other most
commonly used approaches of generative models based on the principle of
maximum likelihood approximation are:

e Variational Auto encoders: These models come under the category of explicit
density approximation of maximum likelihood. VAEs extract some main
features from the input dataset and use them to produce output. Due to lack
of feature extraction, the output signal is very weak and blurry, powerful
neural networks are used to process the output further [27-28]. VAEs
perform well in the state of equilibrium of two losses which are latent loss
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and reconstruction loss. These models are also used for unsupervised
learning but require pre-training [29].

e Fully Visible Belief Network (FVBN): These models are mainly used to generate
audio data. Similar to VAEs, these models are also a category of explicit
density models and create a belief network [30]. These models use WaveNet
neural network and chain rule of probability to generate raw audio signal.
Due to WaveNet the signal generation is slow as it requires more computation
time, so samples are not generated in parallel in these networks. It is also
very difficult to accurately train these models [31-32].

e Pixel CNN: These are autoregressive models which use explicit distribution
and generate an image pixel by pixel. It is easy to calculate log likelihood for
these models and can be used with both continuous and discrete data.
Instead of slow training process, these models can be directly applied in
domains as compression and exploration etc. Due to the problem of blind
spot, the performance of these models is not good [33-34].

GANs based Image to Image Translation

GANs can represent the image in single domain and multi domain. In single
domain representation, the image existing in one domain is translated to a new
domain and then it is again translated from new domain to the previous domain.
In multi domain representation, the image from existing domain is translated to
more than one domain [35-36]. GANs can work on both datasets: paired and
unpaired. In paired datasets, the data in both domains (input/output) is of same
nature/shape or dependent to each other. While in unpaired datasets, the data is
independent in terms of shape and size. It learns the internal representation of
data and can generate data with unlabelled data also. GANs are used for
reinforcement learning as they can learn in an imaginary environment [37-38].
Some common GAN models used for image-to-image translation are as follows:

e Pix2Pix GAN is used to apply the style of one image according to the selected
condition, on another image. Paired dataset is main requirement of this GAN
and the non-availability of paired dataset limits its applications as compared
to unpaired dataset. The generator and discriminator model uses simple GAN
architecture including convolution layers, rectified linear activation function
(ReLU) layers and batch normalization. Generator is trained to generate
conditional images which are near to ground truth and to minimize the loss
function; the discriminator is trained on paired dataset to find out the false
generated image. Some common examples of this GAN are day to night
conversion, summer to winter conversion, photo to scenery, areal to map,
edges to photo, colorizing images etc [39].

e Discover (DISCO) GAN is basically used on unpaired dataset and measure the
originality of reconstructed image following the translations of image from
Domain 1 to Domain 2 and back to Domain 1. It has two reconstruction
losses, separate for both the domains. To avoid the problem of mode collapse
(in which generator draws a number of input values to the similar output),
training in two diverse datasets is preferred. Disco GAN is used for Image
generation, style transfer like face translation (hair colour, gender etc.), chair
to car, edges to photos etc [40].
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Dual GAN generates realistic images in spite of the given input image by
training both the generator and discriminator model with two different
unlabelled datasets. The performance can be more improved by using
labelled dataset. This model uses mini batches of similar size as a standard
GAN model. The reconstruction error is used to train the generator again to
minimize the loss in reconstructed image. Some common applications of
Dual GAN are in conversion of day-night, photo-sketch, aerial-maps and
label-facades [41].

Cycle GAN is basically used to transfer style on images existing in different
domains while preserving their contents. It is able to use a collection of
photographs from different domains and extract the required style from
images in the collection in order to perform the translation. This model
calculates three losses to improve the reconstructed image: cycle-consistency
loss, reconstruction loss and identity loss. Cycle GAN uses an additional
hyper parameter to minimize the reconstruction/cycle-consistency loss. The
main applications of Cycle GAN are in season transfer, style transfer,
photograph generation from paintings, photograph enhancement etc. [42-43].
Conditional GAN is used to generate an image with specific conditions of
choice. In this encoded class label (features of choice) is also given to
generator as well as discriminator beside the random signal as input. Then
the generator generates a fake image of that particular class including the
features of choice and discriminator gives output that the generated image
belongs to that particular class or not. The code for conditional GAN is
similar to DCGAN with some modifications. It is used to combine images with
labels, combining noise and labels, and to generate images with some specific
conditions like blue eyes, red hairs etc [44].

Stack GAN is a combination of two or more GANs which are stacked together
and generate a high-resolution image. This GAN works in two stages stage-I
and stage-II. In stage-I a low-resolution image is generated by the generator
using the random noise vector and in stage-II this low-resolution image is
used to generate a high-resolution image. The second stage correct the
defects and add compelling details to improve the resolution of image
generated in stage-I. Stack GAN is just like a painter, which starts a painting
by drawing lines and then move to shading and colouring. Stack GAN is
mainly used to generate high resolution images [45].

Info GAN provides disentangled representations which maximize the mutual
information between a subset to represent the most important attribute or
feature of data point. Info GAN can be used to extract the eye colour from a
dataset of face to identify the person. It provides meaningful information by
doing small modifications in the existing GANs. The objective function of info
GAN is faster than normal GAN and in this discrete code constantly changes
the digits of rows and columns to find meaningful attributes, while in regular
GAN the digits are not changed frequently [46].

Deep Convolutional GAN (DCGAN) provides network simplicity and eliminates
fully connected layers in the convolutional network. It uses convolutional
strides instead of max pooling and transposed convolution for up sampling. It
uses ReLU in the generator and Leaky ReLU in the discriminator. It also uses
batch normalization in all layers of generator network excluding the output
layer and in input layer of discriminator network. Some common applications
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of DC GAN are in anime character generation and data augmentation etc

[47].
Table 1
An overview of various GAN models
GAN Models Authors Year Features
GAN Goodfellow [ et al. [4] 2014 Imape seneration
DCGAN [Deep Convolution GAN| Badford et al. [47] 2015 Generate hirh qualityiimages
LAPGAN [Laplacian pyramid) Denton et al. [48] 2015 Generate Hich resclution image
Staclk GAN Zhang H. et al. [43] 2016 Text to image generation
Info GAN Chen X, et al. [46] 2016 Use extra objective fufiction
SR GAN (Super Resolution ig C. et al. [17 2016 Resolution enhancement
IGAN (Interactive GAN) Zhu et al. [16] 2016 Generate photo realistic images
[AN [Introspective AN Brock et al. [18] 2016 Neural photo editor
Plug and Play GAN Neuven et al. [49] 2016 Improves diversity of samples
WGAN (Wasszerstein GAN| Martin A et al. [30] 2017 PRemove mode collapse problem
Pix2Pix GAN Phillip Isola et al. [39] 2017 Use paired datazet
DISCO GAN [Discover GAN) Tasksoo K. et al. [40] 2017 Cross - domain generation
Cwcle GAN Zhu JY et al. [42] 2017 Style transfer
Conditional GAN I=zola P et al. [34] 2017 Conditional feature translation
Mean and Covariance GAN Youszef et al. [51] 2017  Minimize loss function
Star GAN Yunjey Choi et al. [52] 2017  Multi domain I — I Translation
LSGAN g M, et al. [53 2017 Least-squares lozs function
Perceptual GAN Jianan Li et al, [54] 2017 Small object detectior:
Dual GAN ZiliYiet al [41] 2018 Image to image translation
Artey GAN Hanwen L. et al. [53] 2018 Improved guality and speed
Cartoon GAN Yang Chen et al. [56 2018 Image to cartoon conversion
Bi-flow GAN Liuchun Y, et al. [57 2019 Bi-directional image transformation
Attention GAN Hao Tang et al. [38] 2019 Sharper and accurateiimages
Consistent Embedded GAN i et al, [59 2019 Generate Realistic images
Style GAN Tero Karras et al, [60] 2019 Improved resolution
TuiGAN Jignzin Lin et al, [61] 2020 Trained on twe unpaired images

The basic architecture of all GAN models is almost similar, while every model has
some differences in designing and training as per their application. Table 1 shows
a list of various GAN models along with their features.

Conclusion

As various GAN models are discussed in previous sections, the major factors
which need major attention are: Normalization and problem of Mode Collapse,
which may occur in all models of GAN architectures. Normalization is required
during the training of generator and discriminator to minimize the duplicity of
data. Mode collapse is a problem when generator produces similar output images
for several input images. Partial mode collapse is very common to occur, while
complete is very rare. To minimize this problem, Minibatch feature is used which
allows the discriminator model to compare a minibatch of real samples with
minibatch of generated samples. Other method to overcome the problem of mode
collapse is unrolled GANs which build computation graph of learning steps in
discriminator and back propagate through all steps to calculate the gradient of
features in generator network. Plug and play (PPGAN) provides a sampling
approach to generate images with Markov Chain which estimates the gradients
using denoising autoencoder that is trained with a number of losses including
GAN losses.

Generative Adversarial Network is an immense area of research and new variants
of GANs models are coming up frequently. GANs have so far shown very
impressive results on tasks that were difficult to perform using conventional
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methods. In the research community, there is an open acceptance of GANs and
their applications. There may be more advancement in deep learning techniques
in future. As the advancement in GAN models is increasing at a very fast rate,
soon these models will also be preferred in commercial applications. It may also
be possible for everyone to create an SRGAN network and train it on their images.
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