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Abstract. General Adversarial networks (GANSs) are distinctively sensitive models to variation
of parameters. Thus, a variable-control measurement is necessary to evaluate the performance
of changing the parameters (layers) in GANs. This paper focuses on the performance of
DCGANS. It reviews author’s experiment about the performance of DCGAN when applying
the model to small datasets (MNIST, fashion- MNIST, cifar10, and human faces). This paper
aims to discuss the influence of additional convolutional layers, max-pooling layers, and MLP
in the generator and discriminator when dealing with small datasets. Using variable controlling,
it is noteworthy that more convolutional layers can bring more accuracy for RGB images but
not for single-channel images. MLP generators or discriminators are prone to model crashes.
The respective analysis of each dataset’s result is provided later, which proposes that the
layer’s influence is unstable among single-channel pictures. However, due to the complexity it
brings, more layers can potentially increase the stability and convergence of RGB images.
Some discussions for improving current experiments are listed, and some future research
directions utilizing more advanced and matured methods are proposed.
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1. Introduction
GAN has become an important research focus for machine learning in recent years. It is an artificial
intelligence algorithm to generate more examples of specific datasets from their estimated probability
distribution. GANs consists of generators and discriminators, two crucial structural networks. The
generator can create examples from existing distribution of datasets using random input vectors, and
the discriminator evaluates whether the generated examples are supposed to be “true” or “false”.
GANSs’ training involves the evolvement of generators and discriminators, which causes both sides to
compete with each other until the loss between real and fake data is smaller than the threshold [1].

Convolutional neural networks (CNNs), composed of generators and discriminators, are usually
implemented by networks consisting of convolutional and other kinds of fully connected layers, such
as global-average or max-pooling layers [2]. Thus, the generator and the discriminator in a typical
GAN can be considered as CNNs that contain multiple layers. The advantage of using CNNs is that
CNNs offer options that enable decreasing the parameters within the network and simultaneously
reconcile some negative side effects [3].

The structures of GANs have been extended to ensure that one can utilize them under various
circumstances and adapt them to different applications. For instance, in terms of super-resolution
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images, SRGAN super-resolves a photo image with a 4x upscaling factor [4]. The image-to-image
translation, which enables gender transformation and face swapping, is also supported by GAN
because an image encoder is trained efficiently [5]. Also, Conditional GAN (CGAN) is widely used in
face aging, where the CGAN can aesthetically generate a human face image, and some parameters can
support the manually aging and rejuvenating effects of images [6].

However, there are some inherent drawbacks of GAN. For instance, GANs are usually prone to
model collapse and vanishing gradients (if the discriminator performs too well, the gradient will be
very close to zero, and the training will become extremely slow). They also lack appropriate
evaluation metrics, so it is not easy to evaluate the accuracy and efficiency of networks. Thus,
Wasserstein Distance is utilized in the Wasserstein GAN (WGAN) to substitutes for the standard GAN
loss function, so some potential problems from the original GAN are partly ameliorated [7].

Because a modern GAN is usually composed of various convolutional layers, judging the stability
and efficiency of GAN when using various quantities and classes of convolutional layers is necessary
and essential. This paper aims to analyze the influence of additional convolutional layers and max-
pooling layers in the generator when dealing with four particular small-scale datasets: MINST,
fashion-MINST, cifar10, and a human face dataset.

The experiment contains two parts: Controlling parameters for single-channel and three-channel
(RGB) images. For single-channel images, additional convolutional or max-pooling layers are tested;
for RGB images, additional convolutional layers or MLP generators/discriminators are tested. The
results show that convolutional or max-pooling layers are ineffective for single-channel images.
However, more convolutional layers do bring a positive impact on RGB images. Also, MLPs are
prone to model crashes, so some further improvement should be considered.

2. Theory review and methodology

2.1. The basic theory behind DCGAN

The training of Convolutional GANs is often unstable. Thus, some particular constraints is
implemented on the architectural topology of Convolutional GANs to ensure that the training is
relatively stable under various circumstances, transferring them into Deep Convolutional GANs
(DCGANSs) [8]. As referred to in the introduction, the intrinsic and most essential parts of GANs are
their generators and discriminators. The underlying principles for the adversarial game between
generators and discriminators of DCGAN refer to the minimax problem. It is known that the GAN loss
function is separated into two individual parts: generator loss and discriminator loss (1).

E, [log(D(x))] +E, [log (1 — D(G(z)))] €))

Training the generator minimizes the generator loss value, so the smaller the value can lead to the
more vital generation ability. The discriminator cannot distinguish between the actual dataset samples
and outputs (2). Whether a generator is penalized or not is determined by whether it causes the
discriminator to fail to distinguish between the actual dataset samples and outputs. The generator loss
formula determines the possibility that the discriminator labels the output as fake or not.

Vo, %i log (1 ) (G(z<i>))) @)
i=1

Maximizing the discriminator loss value helps to punish the situation that the discriminator classifies
the input wrong (3). The function Log(D(x)) represents the statistical probability in which the
generator creates a standard fake image.

Vo, %Z [logD(x(i)) +log(1—-D (G(z(i))))]] 3)

i=1
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2.2. Convolutional and max-pooling layers

In this experiment, there are some primary parameters including strides and padding inside the
convolutional layer. It is hypothesised that the next layer's node has many overlaps in correspondence
of its neighbors by observing the nearby regions. The overlap can be interchanged through the
manipulation of strides. Meanwhile, one potential problem is that the convolution step is the loss of
information that might exist on the image's border. Because they are only captured when the filter
slides, they never have the opportunity to be observed during the training [3]. When "padding" is set to
be "same," zero-padding is applied. The problem is efficiently resolved, and the output size can also be
managed through padding. Another critical parameter in the CNN is the max-pooling layer, which is
able to divide the image into a certain number of sub-region rectangles and only returns the maximum
value among the values of that sub-region [3].

2.3. Methodology, platform and code/data sources

The methodology for all series of testing in the experiment is relatively simple: controlling variable.
Three variables are considered in the experiment: the number of epochs, datasets, and additional
convolutional / max-pooling layers. When performing variable controls, one variable is set at different
levels while other variables remain unchanged. Table 1 and Table 2 represent the specific levels of
each variable. When all experiments are done, the results are compared for each class of variable, and
an analysis of the consequence and validity of changing each variable is provided.

Table 1. MNIST, fashion-MNIST, cifar10.

Variable Range
Number of training epochs 15, 30, 45, 60
Number of Conv2DTranspose Layers in the generator 0-1 additional layers
Max-pooling Layers in the generator 0-1 additional layers

Table 2. Human face.

Variable Range
Number of training epochs 10, 20, 30, 40
Number of Conv2DTranspose Layers in the generator Jor$5
MLP generator Yes or no
Number of Conv2DTranspose Layers in the discriminator Jor5
MLP discriminator Yes or no

Four datasets were utilized during the training process. The first dataset is the MNIST, consisting of
60,000 training images and 10,000 testing images taken from public hand-written records. The second
dataset is the fashion-MNIST. Although it’s similar to MNIST, it contains the same number of single-
channel pictures of fashion products on Zalando’s official website [9]. Cifar-10, an RGB datasets
being used, is a multi-class dataset that contains 60,000 32 x 32 colored images, and the images are
categorized into ten different classes [10]. In addition, a dataset containing 2,300 human faces was
implemented.

For MNIST, fashion-MNIST, and cifar-10, TensorFlow is utilized in constructing the DCGAN
model. TensorFlow is a machine learning system that operates at large scales and in various kinds of
environments [11]. The code sources are collected from the TensorFlow official website,
demonstrating how to build a typical DCGAN that can be used to generate hand-written digits in the
MNIST dataset. For Human faces, a dataset containing above 2,300 human faces was utilized. Pytorch
was utilized to construct GAN for generating fake human faces [12]. The Pytorch code for GAN
training was downloaded from the official website of the Pytorch online tutorial. For simplicity, only
three generators and three discriminators in the code were adapted during the experiment.
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3. Results, analysis, and future improvements

To ensure that the results for each GAN are relatively stable, each training was repetitive, so the
training was done twice, and the results were compared. The results for different datasets and the
analysis for the potential reasons behind the difference in those results are discussed below.

3.1. Results for MNIST

The original GAN has its generated image converging after approximately 40 epochs of training.
Generally, no significant oscillation of digit shapes was detected after 40 epochs. However, it could be
observed that current errors between the generated image and the actual image were not negligible.
When adding one additional Conv2DTranspose layer with strides equal to (2, 2) and revising the
subsequent layers, some of the generated digits become closer to the actual samples in the MNIST
datasets. The converging epochs (the number of epochs when the generated images became
convergent) are approximately the same as the original GAN. When adding one additional Max-
pooling layer with no strides and good padding, it was noticeable that the generated images became
convergent slightly (several epochs) later than the previous two GANs. While some generated images
became less distinguishable from the actual images, others were even less recognizable as hand-
written digits, as shown in Figure 1.

Figure 1. Generated image with one additional convolutional layer or one max-pooling layer.

3.2. Results for fashion-MNIST

Similar to the MNIST dataset's result, the original GAN's generated image converged to a specific
range after approximately 40 epochs. However, since the fashion MNIST contains various images of
luxury items, it would be hard to observe whether the digits in the fake images were similar to the real
ones or not. The shape of each image after 40 epochs was usually stable. When adding one additional
Conv2DTranspose layer with strides equal to (2, 2) and revising the subsequent layers, the converging
periods were significantly larger (around the 50th epochs). The oscillations of image shapes were still
apparent. When adding one additional Max-pooling layer with no strides and valid padding, one
exciting discovery was that the convergence of images was not balanced between different kinds of
images. For instance, the generated images of shirts eventually converged. In contrast, the images of
shoes were still unstable even after 60 epochs of training, as shown in Figure 2.
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Figure 2. Generated image with one additional convolutional layer or one max-pooling layer.

3.3. Results for Human faces

When evaluating the loss function for human face generation, it turned out that generators containing
more convolutional layers are more likely to produce images with fewer generator and discriminator
errors. When looking closely at the image generated in the cycles, it was noticeable that if the
discriminator contains more convolutional layers, then the GAN would create less blurred images
(here, “blurred” implies when the distinction between different colors is not clear). Similarly,
generators containing more convolutional layers could generate images with more appropriate shapes
and colors. However, it was also discovered that the MLP discriminator created images that were not
convergent to the real images. When MLP generators were implemented with any discriminator, those
combined GANs quickly failed to generate more images. They kept generating the same image over
time, a “model crash” situation. One could see that the discriminator loss skyrocketed to 100 when
MLP generators were implemented with a five-convolutional-layer generator or MLP discriminators,

as shown in Figure 3.
Fake Images

Real Images

Figure 3. Generated Image with 3 convolutional layers in the generator, 3 convolutional layers in
the discriminator.
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Fake Images

Real lmages

Figure 4. Generated Image with 3 convolutional layers in the generator, 5 convolutional layers
in the discriminator.

3.4. Results for Cifarl0

Using cifar10 as the dataset, it was observed that the training failed to generate the required images
close to the real images in cifarl0. Most generated images have simple RGB structures containing
only pure green, blue and yellow pixel points. The oscillation between every two generated images
was often apparent, implying that the DCGAN failed to find a particular pattern among the cifarl0

datasets, as shown in Figure 5.
L—— ~
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Figure 5. Abnormal results from cifar10.

3.5. Analysis
For MNIST and fashion-MNIST, since the hand-written digits are rather simple, more convolutional
layers in the generator cannot contribute to the stability. When viewing a randomly generated image of
max-pooling layers, it can be seen that the pixels with larger gray levels are excluded from the edge of
the image, which is determined by the innate process of max-pooling. Thus, max-pooling may work
better when dealing with hand-written digits (since the digit is usually placed in the middle of the
image), but better performance is not guaranteed. For fashion-MNIST, the implementation of the max-
pooling layer, in contrast, causes the generation of low-quality images.

For cifar10, the abnormal generation of RGB images can be partly explained by reviewing the
categorization of cifar10’s structure. Cifarl0 consists of 10 classes of images, and each class consists
of different images in comparison to other classes. Thus, the generator cannot easily learn from the
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discriminator how to make a distinction between real and fake images due to high variation of images
in cifar10.

For human faces, more convolutional layers in the generator imply that the generator is able to
generate more sophisticated images, and more layers in the discriminators in the discriminator means
that it becomes even stricter about the distinction standard between images, so the generator has to
produce images that are closer the real ones. For MLP, it turned out that it generates much more
images at one time, so the gradient loss becomes dangerously small and leads to model crashes.

3.6. Future improvement

This experiment utilizes generators and discriminators with 3-7 convolutional layers and, at most, one
max-pooling layer. However, more layers can be implemented to further test the question of whether
more layers can be helpful in increasing the stability and accuracy of GAN. For MNIST and
fashion MNIST, a loss function visualization should be added later so that the loss variation can be
presented better during the training. For cifarl0, it will probably be helpful to first divide the dataset
into ten groups and use different GANs to train them respectively. Also, it will be more efficient to
utilize only one platform, either Pytorch or TensorFlow, to do the training. The repetition of the
experiment could be further strengthened (for instance, doing the same experiment at least 15 times) to
ensure validity. Some advanced methods, such as, can be implemented instead [13]. Some other ways
of application may also be the future goal of GAN experiments. Other kinds of GAN, such as style-
based GAN, a more advanced generator architecture that leads to an automatically learned,
unsupervised division of high-level attributes, can also be considered. The least-square GAN,
implemented with the least squares loss function inside the discriminator, owns a more stable training
and generates a higher-quality image [14, 15]. In terms of generating the image, it will be promising to
utilize this GAN in future experiments.

4. Conclusion

Four datasets were utilized in this experiment. Single-channel and RGB images are treated,
respectively, and the results indicated that additional convolutional layers, or max-pooling layers,
cannot guarantee the increase of stability or accuracy of GAN for single-channel images, but
additional convolutional layers do have some positive effect in enhancing the performance of RGB
image generation. It is also noticeable that the MLP generator or discriminator is not efficient in the
production of RGB image: model crash is frequent during the training. The experiment itself has some
intrinsic problems, and it can be further conducted and improved.
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