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ANNOTATION

Generative Adversarial Networks (GAN) are currently considered a state-of-the-art method for
image generation. Recently, Deep Convolutional Generative Adversarial Networks (DCGAN)
yielded promising results in protein contact maps generation. The algorithm generated realistic
protein structures, which were less erroneous than previously used generative methods. However,
DCGAN is notorious for being hard to train due to the limitations of its loss function and
complications in optimization. Wasserstein Generative Adversarial Networks (WGAN) was
proposed, employing the Wasserstein loss function that stabilizes training and alleviates some of
the DCGAN’s training problems. In this thesis, a hyperparameter grid search for DCGAN and
WGAN was conducted on the CIFAR-10 dataset. Runs with different hyperparameters were
compared using Fréchet Inception Distance to determine whether WGAN is more stable than
DCGAN.
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ABSTRACT

Generative Adversarial Networks (GAN) have become a widely used tool for generating new
instances, such as images, sound, or text. Judging by the output quality and diversity, they are
substantially better than previously introduced generative methods, such as variational
autoencoder (VAE). At the same time, they are not so simple to train and difficult to evaluate.
Recently, GANs have shown promising results in the generation of de novo protein maps that can
be translated into 3D protein structures. In the future, this could allow bioinformaticians and
biochemists to create novel biological and chemical structures faster and cheaper than by utilizing
current state-of-the-art models that require a lot of computational power and time. The theoretical
part of this thesis gradually introduces the reader to the basic concepts behind GANs and briefly
explains concepts from biology needed to understand protein contact map generation. The
practical part of this thesis conducts a hyperparameter grid search with two well-known types of
GANs — Deep Convolutional GAN (DCGAN) and Wasserstein GAN (WGAN) by training them
on the CIFAR-10 dataset. This experiment’s intention is to find out which GAN type is more stable
and how Wasserstein distance and Jensen-Shannon divergence differ. The difference in
performance between DCGAN and WGAN is compared using Fréchet Inception Distance. Finally,

future work on the topic and the usage of GANSs in protein generation tasks will be discussed.
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Introduction 1

1. Introduction

In the Information age, the amount and complexity of the data increased significantly, the
variability of information available to us has become enormous, in all the different forms and
shapes, be it text, music, images, or videos. Machine Learning specializes in techniques and
models that can learn from data and then utilize the acquired knowledge to produce meaningful
insights based on the learned information. Many different algorithms have been developed that are
now widely used in business [1] and in academic research [2]. Nowadays, an extremely powerful
subset of Machine Learning - Deep Learning (DL), which is based on the utilization of artificial
neural networks, is actively leveraged by famous companies and institutes worldwide. Thanks to
neural networks, it is possible to learn from high-dimensional data and use the knowledge for
different purposes.

Deep Learning provides the ability to tackle various tasks, like classification, computer vision,
natural language processing and many more. Unsurprisingly, neural networks can be used for
generative tasks too. Among generative DL models, Generative Adversarial Networks (GANS) [3]
have a special place. Initially, GANs were used for image generation and yielded good results.
Jaydeep et al. [4] compared the Deep Convolutional GAN (DCGAN) [10] architecture to
Variational Autoencoder (VAE) [5], which is a type of generative network, that consists of two
parts — encoder and decoder. The encoder part of the network compresses input into a so-called
,,code ““ and decoder part ,,reconstructs” input from the reduced representation. Compared to VAE,
images generated by GANs were better in quality. Specifically, they were less blurry and more
diverse than images generated by autoencoder. Eventually, GANs became very popular among the
science community due to the possibility of generating different types of data, such as high-
resolution images [6], text [7] or sound [8].

GAN is especially fascinating because of the way it generates data. It consists of two networks
— discriminator and generator, that train in parallel by optimizing a minimax learning task, where
one network tries to overcome the other. The generator’s task is to produce data that looks as real
as possible, while the discriminator’s task is to discern between the real data and the data produced
by the generator. The goal of training GANS is to train a generator that can generate samples that
would match the distribution of real dataset, and as a consequence, the discriminator would not be
able to discern between real and fake data.

GANSs can be applied to various tasks, from data augmentation to generating novel biological
or chemical substances. Recently, in the year 2018, Anand et al. [9] used GANSs to generate

proteins represented as contact maps. Currently, GAN model architecture can be considered a
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state-of-the-art for generative tasks in Machine Learning. However, GANs have several
shortcomings, including their tendency to be unstable during training, they might be very time and
resource-consuming to train, and it is generally challenging to evaluate their performance
numerically. As with many other deep learning models, GANs are prone to gradient vanishing, a
problem first discussed in [10]. Gradient vanishes when after backpropagation, it is so small that
it barely changes parameters® values, and the model hardly learns anything.

The evaluation problem of the GANs persists and is a research subject. On the one hand,
results® quality and diversity can be assessed by visually inspecting generated images, but this
might take a long time if the amount of generated instances is high. On the other hand, there must
be a quantitative method that can automate performance evaluation and give meaningful feedback,
which correlates well with human expert’s opinions [11]. Only a few evaluation methods can give
meaningful insights into how well GANs are trained [12], or rather how real generated images
look.

In the Foundations and Background part of this thesis, the main concepts underlying
conducted experiments will be outlined - particularly several topics from Deep Learning, including
neural networks, several variations of GANs such as Vanilla (GAN), Deep Convolutional
(DCGAN) [13], and Wasserstein (WGAN) [14]. Some of the existing evaluation metrics,
Inception Score (IS) [15], Fréchet Inception Distance (FID) [16], as well as biological background
regarding protein generation, will be provided.

In the practical part, two well-known GAN architectures WGAN and DCGAN will be trained
on CIFAR-10 dataset several times with different hyperparameters. Performance of both models

will be compared to find out whether WGAN performs better than DCGAN or vice versa.
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2. Foundations and Background

2.1. Neural Networks

Deep Learning (DL) is a subset of Machine Learning (ML) that utilizes Neural Network (NN)
algorithm. NN can also be called a Multi-Layered Perceptron (MLP), an acyclic graph with several
layers between the input and output that pass information in a feedforward fashion. However, not
all the NNs are acyclic. For example, there is a subset of NNs called Recurrent Neural Networks
(RNNs), which have cyclic connections in the hidden layers. The amount of hidden layers in
between input and output is arbitrary, so, in general, when one refers to NNs with two or more
hidden layers, they are often called Deep Neural Networks (DNNs). Any state-of-the-art DL model

nowadays is based mainly on the utilization of DNNs.

2.1.1. Fully-Connected Neural Networks

Fully-Connected Neural Networks (FCNN) are the feedforward networks that pass
information forward through all the layers to the output. Each FCNN consists of several layers of
neurons: the computational units, each one of them is connected to all the units in the preceding
and following layers, such that they form a chain, where each layer’s output is the next layer’s
input. The amount of layers define the neural network's depth, and the amount of neurons in the
layer defines the network’s width. The deeper and wider the network is — the more computations
will be produced, the more memory will be required to store the network’s parameters (or weights),

and the more complex the model will become.

Forward Pass: every neuron computes the sum of products of so-called weights and inputs
from the previous layer and adds the bias constant to compute the preactivation value. This value
then serves as an input to the activation function, which introduces nonlinearity, such that the
network learns a more complex representation of data (shown in Figure 2.1). This chain of
computations proceeds until the output layer is reached. Finally, the resulting value from the output
layer is compared to the label by the loss function. This procedure is often called forward

propagation or forward pass of the neural network.
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Figure 2.1: Overview of feedforward computation for a single neuron. Given input values x,, and weights w,, for each respective
neuron and bias, activation of the sum of products of inputs and weights is computed for each neuron in the following layer [17].

As described by Nielsen et al. [18], to perform the forward pass, it is required to compute
the vector of preactivation values h', where superscript | stands for the number of layer. Then,
pass h' to the activation function f! to acquire activations a’ for the respective layer. For each

layer I = 1,2,3,...,L where [ = 1 is an input layer, we compute

h! = W!'a'"' + b! (2.1)

al — fl(hl) (2.2)

Backward pass (or backpropagation): is a crucial part of the neural network’s learning process
that starts when a forward pass is complete. First, the gradient of the cost function with respect to
the weights of the output layer is computed. Then, the backpropagation algorithm iteratively
proceeds to calculate the gradient with respect to every layer’s weights until the input. The output
is first compared to the true label to acquire output error 8%, where superscript L is the last layer’s

number

8t =v,C O f'(hD) (2.3)

. . — oL .
where V,, is the vector of partial derivatives Py the operator © is a Hadamard product (or
J
element-wise multiplication), and C is the cost function. Then, the algorithm goes backward and
computes the error &' for each layer until it reaches the input. For each layer [ =L —1, L —

2, ..., 1, we compute

51 — ((Wl+1)T6~l+1) @ f’(hl) (2.4)
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where (WHT is a transposed weight matrix and &'** is a computed error of the previous layer
(as we go backward from output to input). Finally, the gradient of the cost function with respect

to a particular weight in the network can be computed

ac

(2.5)
ow',

= a; '5j

where ak~ ! is the activation input for a particular weight and 6} is the error of the output from

particular weight. Both forward pass and backward pass computations are produced in a single
epoch — pass of the whole dataset through the network. The amount of epochs is a hyperparameter

that can be modified.

Gradient Descent (GD): Gradient-based learning is the typical optimization strategy for training
neural networks. The goal of GD is to find the best possible parameters that minimize the loss
function. Graphically, during training, GD makes steps downhill towards the minima in each
iteration. The size of the step is defined by a learning rate, an important hyperparameter that
defines the rate at which gradient descent makes steps towards minima. As described by

Goodfellow et al. [19]. Given that our dataset is of size m, GD is computed as follows

m
1 N
9= Tl yO;m,) 25)
i=1

where C is a cost (or loss) function, x and y are single sample-label pairs from the dataset, and w
are parameters (or weights). GD uses all the samples in the dataset to compute the gradient, which
can be quite time-consuming to calculate if the dataset is large. Instead of computing gradient on
the whole dataset, it is usually better to divide the dataset into randomly composed mini-batches
of training samples and the gradient based on iterative approximation of these mini-batches. This
type of GD is called Stochastic Gradient Descent (SGD). SGD might converge faster than GD, as
it only uses a subset of all samples per iteration [20]. By using small batches of randomly picked

samples from the training set of size m', the approximation of the gradient is,

ml
1 . .
g= — E VWC(x(l),y(l);Wt) (2.7)
i=1

where C is a cost (or loss) function, x and y are single example-label pairs from the dataset, and w

are parameters (or weights). Furthermore, the update for weights is defined as,
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0:=6 —ng (2.8)

where 7 is the learning rate.

2.1.2. Convolutional Neural Networks

Convolutional Neural Networks (CNNs), which were first proposed by Fukushima et al.
[21], are best known for their parameter sharing feature, sparsity of connections and increased
receptive field throughout the network.

The convolutional layer performs discrete convolution operation on the input (see Figure
2.2), such that the original size of the input is decreased, depending on the kernel and stride
parameters. The kernel can be viewed as a k-dimensional matrix that “strides” across the input.

Convolution operation for a 2D (e.g., image of size 64x64 pixels) input is formulated as

S[Lj1= U *K)[i,j] = Ym2nllmnlK[i —m,j —n] (2.9)

where S stands for the output of convolution, | for an input matrix of size [m,n], K for a kernel
matrix of size [i,j], and the asterisk symbol stands for a convolution operator.

2 4 9 1 4
2 1 4 4 6 1123 51
1 1 2 9 2 X 47 4 =
7 3 5 1 3 2 -5 1
2 3 4 8 5 Filter / Feature
Kernel
Image

Figure 2.2: Convolution operation example. Image is represented as a matrix to which a convolutional filter is applied. Feature
matrix values are calculated, as kernel slides across the whole image with predefined stride [22].

For example, suppose image input is passed to the 2D convolution function. By applying
a kernel iteratively to every region of the image and performing convolution, we acquire a so-

called feature map (shown in Figure 2.2). Because the values of kernel are not changed, these



Foundations and Background 7

feature maps are essentially computed using the same parameters — this is a parameter sharing
feature of CNN [23].

CNN captures small structures of an image, such as edges and curves on the earlier layers,
and much more complex structures of an image on later layers, such as a human’s face or dog’s
ears. Input consists of one or multiple local structures that might be important for learning the
more complex structure of the input. If only some of the feature maps are important for learning,
they are connected to the feature maps of the following convolutional layer. For comparison, fully-
connected layers will see an input as a 1D vector of values, so that the receptive field of fully-
connected layers is shallow, while convolutional layer allow for processing information presented
as a multi-dimensional tensor.

The pooling layers are commonly used in CNNs. Pooling is performed similarly to
convolution; the sliding kernel of predefined size goes over an image and computes some
mathematical operation. Several pooling types exist, for example, max-pooling takes the
maximum value, average-pooling takes the average of part of an image, to which kernel is applied.
According to Goodfellow et al. [24], pooling, as well as convolution, creates representation, that
is invariant to the small translations (e.g., object is shifted by a few pixels on the picture), so that
it preserves the fact whether some feature of interest is present on the image or not. The downside

of pooling is that we are losing some information due to the reduction of the image resolution.
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2.2. Generative Adversarial Networks

This section is an introduction to Generative Adversarial Networks and gives an overview of

a few GAN variations used in this work.

2.2.1. Vanilla GAN

First proposed by Goodfellow et al. [3], a GAN architecture consists of two networks —
generative network G, which tries to match the distribution of real samples, and discriminative
network D, which tries to correctly decide whether an input sample is from the real dataset or is a
fake one. D and G are adversaries of each other, that constantly try to overcome the opponent. G
can be presented as a fraudster that improves their forgery skills to make an expert, D, into thinking
that fake art of G is real. D in the meantime improves its ability to recognize fraud. This game is
going on until D can not confidently distinguish between fake and real samples [3].

More formally, GAN forms a structure (shown in Figure 2.3) from which G receives
updates to increase its capability to produce more ,,real-looking* samples by learning from the
experience of discriminator function D (), where x is a real samples vector, that tries to distinguish
between fake and real samples. D assigns a probability D(x) € [0,1] to each sample as output and
tries to predict G (z) samples correctly, where z is a random noise vector sampled from Gaussian
Distribution. On the other hand, G repeatedly struggles to generate samples G(z) to mislead D.
Thus, G will get better at generation, while D will constantly be trying to improve at discrimination.
Combining the generator’s task to increase the probability of fake example to be labeled as real
and the discriminator’s task to distinguish between real and fake data as good as possible, the two

networks have the following optimization objectives

max Ex.p, oo[log D(X)] + Ezvp, »[log (1 — (D(G(2))))]

max E,.p, (»[log (D(G(2)))] (2.10)

where p, (x) is the distribution of real samples and p, (z) is the distribution of latent vector. Both

objectives can be summarized to

mGinmlc)Lx Exp, o llog D(X)] + E,-p. ) [log (1 — (D(G(z))))], (2.11)
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where Ey_, (x) IS an expectation w.r.t. distribution of real samples and E,,, (, is an expectation
w.r.t. distribution of latent vector. The first summand of the loss function represents log-
probability that the discriminator predicts real data x as real correctly, the second summand
represents the log-probability that the discriminator predicts generated data G (z) as fake correctly.
In this objective the discriminator tries to maximize classification accuracy, while the generator

tries to minimize the discriminator’s accuracy.

Backpropagation

-

A L7 Fake images X' o

S Fake?
.k
Z ~N(p,0) Real imagg:s X

B
e

Figure 2.3: Overview of GAN training procedure on the example of face images dataset. Random noise vector z serves as an input
for G. After G generates the output G(z), both real and generated images are passed to D, classifying the image as either fake or
real. During backpropagation, weights learned by D are updated first, and G weights are updated based on a gradient from D [25].

GAN’s loss function computes the similarity between generated data distribution and real
data distribution. While minimizing the loss, we reduce the distance between two distributions
(Figure 2.4).

GAN is a two-player game, where both players, in order to converge, should reach the state
where they have a minimal loss (or a maximum payoff). Nash Equilibrium is a state in which none
of the two players can improve their payoff even if one of them changes strategy. In our case, if
both networks reached Nash Equilibrium - then both networks are trained to the state, where there
is no further improvement possible. According to Salimans et al. [15], despite using optimization
strategies such as gradient descent to minimize the loss, it is tough to reach even local Nash
Equilibrium. Both players would instead increase each other’s loss while trying to minimize their

own and will likely settle on the local saddle point.
There are several known problems that can be encountered during the training of GANs [11]:
(1) Mode collapse: generator training collapses and it starts to produce the output of the same

type (or class). The generated instances lose diversity and the generator itself is not learning the

real distribution but rather improves on a small subset of samples as much as possible.
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(2) Vanishing gradient: an overtrained discriminator does not give much feedback to the
generator. Discriminator gets so good at discerning real from fake that the generator’s gradient

diminishes fast and model stops learning.

(3) Non-convergence: two players will usually fail to reach Nash Equilibrium. As previously
mentioned, generator’s goal is to generate objects that look realistically. Therefore, when the
generator is trained well, discriminator starts to give worse feedback, as it might not distinguish
between real and fake well. Consequently, the generator might start to adapt to the discriminator’s

,random coin flips* and degrade.

(4) Difficult evaluation: up to the date this thesis was written (Summer, 2021), there is no
universal evaluation method that can be used for comparison of different GAN architectures.

Existing ones often depend on the problem domain and dataset that GANSs were trained on [12].

. .,
) )
L] " .
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Figure 2.4: Distribution of generated images (green line) gradually matches distribution of real images (black dotted line) as training
proceeds. The black dotted line represents the real distribution, the green line is the generated distribution and the blue line is a
discriminator’s outputs distribution [3].

X
2z

2.2.2. Deep Convolutional GAN

Deep Convolutional Generative Adversarial Network (DCGAN) architecture was first
proposed by Radford et al. [13] to modify the Vanilla architecture. DCGAN consists of
convolutional layers only. Convolutional layers offered benefits such as the decreased amount of
learnable parameters and increased receptive field (see subsection 2.1.2. for the explanation of
those concepts), which in theory could lead to faster training and better image quality. General
architectures of discriminator and generator are shown in Figure 2.5.

As stated in the original paper, the discriminator uses convolutions with stride parameters
greater than 1, which is used for image downsampling. The discriminator also uses LeakyRelL U

[26] activation functions (except the output layer, which uses the Sigmoid activation function with
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formula f(x) = to label images as fake or real) to downsample and classify input images.

1+ex !
The generator uses transposed convolutions (deconvolutions) with ReLU [27] activation functions

(except the output layer, which uses the hyperbolic tangent activation function with formula

fx) = % ) to upsample the input to the size of an entire image, say of 64x64 pixels in

size (as shown in the Figure 2.5). Both networks use Batch Normalization [28] between
convolution layers to stabilize learning and normalize batches to have zero mean and unit variance.
The optimization strategy of choice was Adam (adaptive moment estimation) [29], with a learning
rate of 2x10 for both discriminator and generator.

“deconv” conv
project & “deconv” y conv
reshape “deconv” deconv ) /‘/ conv Real
. // V. ( p v — 4 Fake
a4 ] ( | | [ p | ]
=== ) Py ) J—‘ / N
- 4 ‘ / == 8X8 4x4
100 ax4 \ 8x8 pp 4 16X16 @256 @512
@102 = @256  32X32 3232 @128
@128 64*64!1 @64
lesion
L ; J\ J
) 1
Generator Discriminator

Figure 2.5: Example architecture of DCGAN, used for liver lesion medical image generation [30]. Image from [31].

In comparison to Vanilla GAN, DCGAN’s generator produced pictures of higher quality
and offered better memory efficiency due to the usage of convolutional layers. Generally, due to
improvements in the architecture, such as using Batch Normalization, ReLU and LeakyRelL U
activation functions, training became more stable. However, the cost function did not change, so
DCGAN still suffered from problems similar to Vanilla GAN (subsection 2.2.1. page 10).
Furthermore, the DCGAN authors stated that the discriminator's learned features could be further

used for the classification tasks on comparable datasets.

2.2.3. Wasserstein GAN

Wasserstein GAN (WGAN) was first proposed by Arjovsky et al. [14]. This variant of
GAN stands out from previously described types with the modified algorithm for learning, which
is based upon the Earth Movers (EM) distance concept, also called Wasserstein-1 distance. By
definition of [32], EM distance is the minimal cost that must be paid in order to transform one
distribution into another. The GAN (equivalently DCGAN) architecture is based on the Jensen-

Shannon (JS) divergence, which may fail to converge if distributions are disjoint. On the other
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hand, EM distance can give a scalar value representing the distance between two disjoint
distributions [14,33,34].

In WGAN, the discriminator is called ,,critic* and there is no Sigmoid activation after the
last layer anymore, so the output of the critic is a scalar value that shows how ,,real” the input
image is. Another advantage of WGAN over previously described architectures is that WGAN’s
training algorithm employs more update steps for the critic than for the generator. Since the
generator is slowed down, the discriminator has a chance to learn better data representation so that
generator has better feedback in the form of gradients from the discriminator [16].

Given that p, is a probability distribution of real samples, p, is a probability distribution
of generated samples, new critic‘s task is to maximize the difference between distributions as much
as possible (increase the distance), and the generator’s task is to minimize the difference between
these distributions as much as possible (decrease the distance). The loss function of WGAN
quantitatively shows how near is the generated distribution to the real distribution. Loss function
of WGAN, based on Wasserstein-1 distance is

W(P,B)= sup E [D®]- E [D(x)] (2.12)

DI, <1 ¥~Pg x~pr

where X denotes generated sample, and x denotes real sample. || D ||, < 1 is the 1-Lipschitz
constraint on the discriminator. We will focus on two approaches to enforce 1-Lipschitz constraint:
weight clipping and gradient penalty (gradients of the WGAN model using these methods are

shown in Figure 2.6).

Weight clipping: simple approach, which introduces new hyperparameter ¢ and requires us to
clip discriminator‘s weights within [c, —c] range. As the authors of the original publication [9]
state, weight clipping is not a great option to enforce 1-Lipschitz constraint because if we choose
a large clipping value, it might take longer for weights to approach their limit. On the other hand,
if we choose a very small clipping value, this can lead to weights being limited to very low values
and thus to vanishing gradient. Therefore, ¢ should be appropriately chosen. In addition, weight

clipping does not allow generator to learn complex structures [9].

Gradient penalty: a more challenging to implement but more stable approach, which was first
introduced by Gulrajani et al. [35] in their publication Improved Training of Wasserstein GANS.
The authors showed, that WGAN with Gradient penalty is more stable during training and has

more capacity for learning complex structures. Instead of directly applying constraints on the
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model‘s weights, this technique penalizes any weight values that move away from L2-norm of 1.

The point on the line between x and G (z) for a given e in the range [0,1] is defined as

X=ex+(1—-e)G(z) (2.13)

where X - is a weighted average between real and fake samples. Loss function with gradient penalty

is defined as

L=_E [D®]- E D@]+2E (19D @®)1, — 1)°] (2.14)

g x~

where the second summand is the gradient penalty constraint and the first summand is the WGAN

loss.
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Figure 2.6: Gradient and weights behavior with proposed strategies to enforce 1-Lipschitz constraint. It can be seen, that weight
clipping approach requires careful selection of ¢ constant and even then weights’ distribution is mostly accumulated at boundary
values of [c, —c] range, while gradient penalty’s weights are normally distributed on the whole range [35].



Foundations and Background 14

2.3. Evaluation Methods

The problem of comparing Generative Adversarial Networks architectures is present to this
day [12]. An enormous amount of GAN variations have been proposed since the Vanilla version,
which improves the training process and quality of the results. However, there are not so many
techniques that exist to evaluate the results quantitatively. This section presents two quantitative
methods for evaluating generated samples produced by GANs and introduces the Inception

network architecture, which is a key component for both evaluation methods.

2.3.1. Evaluation Difficulties

Since we generate completely new samples, there must be a way to compare generated and
real samples quantitatively, since qualitative estimation (e.g., visual inspection of the image) does
not take into account how well the generated distribution approximates the real distribution. Such
a quantitative measure should consider how good the distribution of generated samples represents
the real one, estimate quality and diversity of generated samples, and correlate well with human
experts' opinions [11]. Borji et al. [12] compared 24 quantitative and five qualitative evaluation
methods and analyzed their positive and negative sides. The author states that every method is
applicable to a specific case, and there is no universal and reliable metric yet that could be applied
to GANSs independently of what kind of dataset is used and for which problem domain generation
is done. Therefore, even with all available methods, a universal evaluation method for GANS is

still to be discovered.

2.3.2. InceptionNet

InceptionNet is a deep neural network architecture proposed by Szegedy et al. [36]. It is
used by some evaluation methods for Generative Adversarial Networks, such as Inception Score
(IS) [15] and Fréchet Inception Distance (FID) [16]. This architecture uses several techniques that
allow increasing the network’s depth and width. For instance, it utilizes Inception Modules, which
execute convolutional layers with different filter sizes and/or maximum pooling layers in parallel
to stack up to their outputs into one mixed output representation. Mixing the outputs of
convolutions of different sizes led to the efficient increase of the perception field throughout the
network. However, it is computationally expensive to naively utilize these modules (i.e.,

concatenating resulting feature maps without using any bottleneck filtering) because the features
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maps will stack and increase the network’s width. Convolution with a 1x1 kernel size is used as a

bottleneck to avoid this by significantly reducing the number of learnable parameters.

Input: 299x299x3, Output:8x8x2048

""" €§*<>'€§'{ >{>'{>{§“<§ }'<§ / i

Convolution Input: Output:
AvgPool 299x299x3 8x8x2048
MaxPool

mm Concat

#m  Dropout
Fully connected

= Softmax

Final part:8x8x2048 -> 1001

Figure 2.7: InceptionNet architecture. The central part of the network is comprised of blocks of convolution and pooling layers.
Final part consists of average pooling, dropout and fully-connected layer with softmax activation function [37].

Inception-v3 [37] architecture is the upgraded version of previous Inception-v2. This
architecture is widely known for its usage on ILSVRC (ImageNet Large Scale Visual Recognition
Competition) in 2015 [38], where this network architecture was the first runner-up in the image
classification task. Since then, Inception-v3 pre-trained on the ImageNet dataset, which features
1000 different classes and 14 million images, can be used for different tasks by transfer learning

(i.e., use the network’s pre-trained weights for a different task or dataset).

2.3.3. Inception Score

Inception score (IS) is an evaluation method proposed by Salimans et al. [15] that allowed
to give a quantitative estimation of how well a generated image resembles properties of a real
image. The authors developed IS to automatically assess the quality and diversity of a set of
generated images without human expertise. This evaluation method has ,,Inception in its name
because of using output probabilities of pre-trained Inception network [36] in its calculation.

To evaluate an images’ quality and diversity, we must calculate the entropy of conditional
probabilities (that particular image belongs to a particular class) and marginal probability of
predicted classes are computed. Lower the entropy of conditional class distribution — higher the
fidelity and thus higher the generated image’s quality. Higher the entropy of marginal probability
of predicted classes — the more diverse generated image set. All forementioned computations are

combined into the formula,
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IS = exp (Ex~p, D p10)[1p(3))) (2.15)

where IEx~pg is an expectation w.r.t. distribution of generated samples. Exponent is intended to

increase values‘ magnitude. In general, if generated images are both having realistic features and
are diverse, IS should be large.

Although the Inception score is well correlated with human expert opinion, it is often not the best
choice as an evaluation metric. Barrat et al. [39] questioned the Inception score's accuracy, stating
that it has some critical issues. For example, IS only measures the quality and diversity of
generated images without comparing them to real images. As a result, 1S will be large for a
generator that learned to produce diverse and high-quality images instead of a generator that was
trying to resemble a real distribution. Additionally, IS is sensitive to random noise, such as slight
differences in weights for the same Inception network, implemented in different Deep Learning
frameworks. These slight weight differences can significantly affect IS, and the resulting score
will differ from one model to another [39]. Finally, if the generator was trained to produce images
that are different from the ImageNet dataset, the Inception score can show confusing results. Other
datasets may contain images of different domains. For example, CelebA dataset consists of face
images, so the domain is quite different from ImageNet. Therefore, generated images from the
generator trained on CelebA may be mislabeled by InceptionNet. Due to that, the entropy of
distribution conditioned on the random image from CelebA must be higher than one conditioned

on the random image from ImageNet [39].

2.3.4. Fréchet Inception Distance

Fréchet Inception Distance (FID) was first introduced by Heusel et al. [16]. FID features a
direct comparison of fake and real distributions using the Wasserstein-2 distance. We also seek
the Gaussian distribution for both real and generated samples, as it is a prerequisite for the
calculation of Fréchet distance. Generally, the distribution of real samples is unknown, so it is
better to assume Gaussian for both real and generated distributions, because according to [16], the
meaningful way to represent two unknown distributions is to represent them as maximum entropy
probability distributions (i.e., Gaussians).

FID formula utilizes Inception Network’s coding layer (Average Pooling’s activations) to

compute the distance. For the calculation of FID, one would first need two sample sets from the
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real and generated distribution. By calculating both sampled distributions*® statistics, like means

and correlation matrices, we calculate:

d?((m, ), (my, Cy)) = llm —m,|I2 + Tr (C + C,, — 2(CC,,)*/?) (2.16)

where m, C stand for the mean vector and covariance matrix of generated samples, m,,, C,, are the
mean vector and covariance matrix of real data samples, and Tr is a trace operator. Low FID
implies high similarity between two distributions. The authors of the original paper showed that
FID is able to respond to various disruptions on the images, such as added random noise or blur,
with a larger distance, while IS mostly responds poorly or does not change the score much.
Furthermore, FID responds with a larger distance to mode collapse (section 2.2.1. ) caused by the
generator. The main advantage of FID over IS is the possibility to compare real and generated

distributions, instead of only estimating quality and diversity of generated images.
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2.4. Proteins

Amino acids

Primary protein structure
sequence of a chain of
animo acids

Pleated sheet

Alpha helix —= Secondary protein structure
hydrogen bonding of the peptide
backbone causes the amino
acids to fold into a repeating
pattern

Tertiary protein structure
three-dimensional folding
pattern of a protein due to side
chain interactions

Quaternary protein structure
protein consisting of more
than one amino acid chain

Figure 2.8: Four subsequent protein structures. Primary structure is a
basic sequence of amino acids formed into a chain, also called
polypeptide. Secondary structure comprises several polypeptides to
form a so-called alpha helix or beta sheet. Tertiary structure is made of
several alpha helices and beta sheets, folded into three-dimensional
structure. Finally, quarternary protein structure is a complex of several
tertiary proteins [30].

Proteins are the building blocks of living organisms. They play many essential roles, from
forming the muscular and skin tissues to delivering nutrients to different parts of the body. They
are also in charge of DNA replication, as well as maintenance. Proteins are made up of amino acid
chains that are called polypeptides. Polypeptides are specific to each protein, which means that
sequence of amino acids that protein is built from is predefined by the gene that codes for a
particular protein. Gene regions are three-nucleotide combinations that are called codons, and they
serve as specific codes for a particular amino acid. Considering that there are four different
nucleotides in the DNA, there are 64 possible combinations of nucleotides, but not all of them
code for amino-acid. Some of the codons code for start signal (AUG) and three others that code
for stopping signal (UAG, UAA, UGA). There are twenty types of amino acids that can form the

polypeptide chain so the possible amount of combinations of amino acids in those chains is
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enormous - 20™ combinations of amino acids, where n is the amount of residues in polypeptide
chain [40].

Proteins have four hierarchically ordered structures (Figure 2.8): primary, secondary,
tertiary and quaternary. The primary form is the set of amino acids, which describe the unique
ordering of amino acids in the particular polypeptide chain. The secondary structure consists of a
helical (alpha-helix structure) or a folded (beta-pleated sheet structure) polypeptide chain. The
tertiary structure is a structure that consists of alpha helices and beta sheets bonded together by
hydrophobic interactions and hydrogen bonding. Finally, quaternary structures are complexes
made up of several tertiary structures [41].

In eukaryotic organisms, protein is biosynthesized in two main processes, called
transcription and translation. First, enzyme RNA polymerase attaches to the promoter region of
DNA and unzips double helix into two single-strands. Then, polymerase reads the template strand
and elongates the complementary mRNA strand until the termination phase. That strand is then
undergoes preprocessing. After preprocessing, MRNA is bound to several transport proteins in
order to transport mMRNA out of the nucleus to the cytoplasmic reticulum of the cell [42]. Outside
of the nucleus, mRNA should reach the ribosome, which is the natural factory of polypeptides
production. When mRNA enters the ribosome, it starts ,,reading“ the nucleotide triplets. tRNA
with a specific amino acid that matches triplet binds to the ribosome complex and adds the amino
acid into the chain. This process keeps going until codon coding for the stopping signal is reached.
The resulting polypeptide chain is a primary structure of a protein. This structure is then either
kept to be combined with other polypeptides or is folded into higher-order structures [43].

2.5. Protein Design

The protein structure design involves first acquiring folded protein structure and then
inferring its amino acid sequence. Generally, when designing a new protein, we seek the amino
acid sequence as well as the protein backbone structure that will fit some predefined architecture
[44]. This process is called de novo protein design, meaning that a completely new protein with
desired properties is designed. If the protein structure is known, then the task is to design an
optimal amino acid sequence that codes for a particular structure. Amino acid sequence is optimal,
if it codes for the same (functioning) protein. This sequence can then be reverse-translated to the
DNA sequence, and this DNA can be produced artificially. Nowadays, protein design is
accomplished using various algorithms and systems. For example, a popular choice for protein

structure design is Rosetta@home (Rosetta) [45]. In addition, probabilistic algorithms, such as
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Hidden Markov Model (HMM), were used for structure prediction. Furthermore, Deep Learning
approaches, such as GANSs and recurrent neural networks with Long-Short Term Memory (LSTM)

units [46,47], were found to be useful for structure prediction and protein generation tasks.

2.5.1. Known Approaches

Several in silico (from Latin ,,in silicon®, a study performed using computational machines)
methods of protein design exist that do not utilize Machine Learning algorithms. One example is
Rosetta@home [45], a distributed computational system used to predict and design new protein
structures. Rosetta is based upon calculating the protein backbone and conducting a heuristic
search of the most probable polypeptide sequences that fit the calculated backbone structure [48].
As of March 25th, 2021, around 87,000 active hosts contribute their idle computational powers to
the system. However, even with all the power this system provides, it is time-consuming and
resource-demanding to design a new structure using Rosetta because of the algorithm’s heuristic
nature, which uses its energy function [49] to match a conformation with the lowest energy for a
particular protein. According to the thermodynamic hypothesis proposed by Anfinsen et al. [50],
the native tertiary structure of the protein is the one that has the lowest amount of Gibbs free
energy, or the lowest amount of the thermodynamic work needed to drive a chemical reaction [51].
We seek for the native structure, as by definition [52] it is an undamaged, stable, and functional
protein structure. The search space for such a structure is rather large - for n amino acids in the
polypeptide chain coding for a protein, there are 20™ combinations of amino acids. In order to run such
search, a vast amount of computational power is required, because amount of possible sequences grows
exponentially depending on the amount of residues in the polypeptide.

Probabilistic models, such as TorusDBN [47], also found their place in protein design. Initially,
this model was used for protein structure prediction, which is essentially a reversed protein design task,
that is, predicting protein structure from amino acid sequence. TorusDBN is a HMM based approach
that generates a backbone structure based on torsion angles of alpha carbons, specifically phi-
angles and psi-angles. These angles can estimate interactions between residues in the protein
structure and therefore predict which secondary structure polypeptide chain will form. Sampled
protein distribution is then compared to the real protein distribution by using KL divergence.

When the amino acid sequence is successfully designed, it is then possible to synthetically
produce the protein. First, the DNA sequence is reconstructed from polypeptide chain. Second, the
DNA is sliced into the smaller overlapping pieces for easier synthesis. Finally, overlapping
sequences are produced and connected into larger pieces [53]. This process is called DNA

synthesis, the end product of synthesis is recombinant DNA (rDNA), which will serve as a
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blueprint for the synthesis of the desired protein. Most of the known in vitro (from latin ,,in the
glass®, a study performed in the laboratory conditions) protein synthesis approaches require
protein to be naturally reproducible by selected microorganisms or at least coded in DNA, either
artificially made or natural. Two of the well-researched methods are cell-based and cell-free.

(1) The cell-based approach uses the protein synthesis system of a particular microorganism to
produce the protein of interest. Essentially, rDNA is planted into microorganisms, and it is then
going through transcription and translation. After that, the protein is purified and collected. The
most known and researched microorganism suitable for that approach is E. coli [54].

(2) The cell-free approach requires no microorganisms. Instead, the environment for protein
synthesis is created in a vial. This approach allows to fully control protein production, as there is
no need to engineer living cells first. This also enables the production of toxic proteins, since there
IS no more need to control the surrogate cell's viability [55].

2.5.2. Protein Generation using GANs

In the paper proposed by Anand et al. [9], the authors use DCGAN architecture to generate
protein contact maps. A protein contact map is a compact representation of a protein structure,
consisting of distances between alpha carbons in the protein backbone. Contact maps can be used
to predict tertiary protein structure [56]. Specifically, contact maps, since they are 2D matrices,
can be used as an input for machine learning methods, such as CNN, which is proven to work well
with image data. In order to obtain a protein contact map, several steps required. First, a matrix of
pairwise Euclidean distances between residues is calculated. Then, one needs to choose some cut-
off value to substitute distance values in the matrix with 1 or 0 to determine if the pair of carbons
is related or unrelated. Finally, an encoded distance matrix can be used for tertiary structure
reconstruction [57].

Because information about protein structures is packed into generated protein contact
maps, it is important to choose efficient algorithms for ,,unpacking® of protein maps into a 3D
conformation. In [9] the Alternating Direction Method of Multipliers (ADMM) was used, a
,,divide-and-conquer” optimization method that breaks problem into smaller pieces that are easier
to handle. Additionally, Rosetta’s fragment sampling was used, a heuristic algorithm for finding
an appropriate 3D structure for 2D representation of the protein. The authors also stated that
Rosetta might take much longer to unfold protein maps than ADMM because of Rosetta‘s heuristic
algorithm nature.

Nevertheless, even though ADMM is faster, Rosetta’s unfolded local structures have fewer

structural errors [9]. Results after generation and folding were also compared to other probabilistic
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models, such as FB5-HMM [58], which generates coordinates for alpha-carbons in 3D space,
TorusDBN, mentioned earlier, and two other implementations of GAN: Torsion GAN [9], which
generates torsion angles like TorusDBN and Full-atom GAN [9], which generates full-atom
peptide backbones (Figure 2.9). The method described in [9] is limited w.r.t. protein maps’ sizes
because only 16-, 64- and 128-residue generated maps were giving the best results. Additionally,
it was observed that generated maps with higher amount of residues were highly erroneous. It is
also possible that the authors decided to limit maps due to Rosetta taking a large amount of time
to unfold generated maps. Overall, the generator was able to learn representations of proteins in
the form of protein maps. Generated and real protein contact map samples look visually similar

but not identical (Error! Reference source not found.).
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Figure 2.9: Comparison of generated samples folded into 3D structures by ADMM and Rosetta. Picture is a Figure 3 from [7].
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Figure 2.10: Example of protein maps generated by DCGAN, along with the contact maps from real dataset, taken by Nearest
Neighbor principle for comparison. Picture is a part of the Figure 2 from [9].
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3. Experimental Setup

3.1. Dataset

The dataset of choice was CIFAR-10 (Canadian Institute for Advanced Research) [59], which
consists of 32x32 pixels sized images of 10 classes, each class uniformly distributed images (5000
per class in the train set, 1000 per class in the test set, 60000 images in total). This dataset is often
used to evaluate classification algorithms® performance, and it is used in this thesis because of its
relatively small size, which is beneficial for faster training. Before training, images from the
dataset were normalized to the mean u = 0.5 and standard deviation ¢ = 0.5 for each RGB
channel. Specific values for mean and standard deviation are estimations taken from [60].
Normalization is essential, as both DCGAN and WGAN architectures employ Sigmoid and Tanh

activation functions that are sensitive to the input values range.

3.2. Models

DCGAN was implemented according to the guidelines from the original paper [13].
Discriminator uses strided convolutions combined with leaky rectified linear units (LeakyReLU)
to downsample images and Sigmoid output activation function in the end to output probability of
an image being either real or fake. The generator uses transposed convolutions combined with
rectified linear units (ReLU) with hyperbolic tangent output activation function to upsample
random noise to a generated sample. Both discriminator and generator use batch normalization
layers as well. The optimization strategy of choice for DCGAN was Adam, with beta one and beta
two being chosen manually (b: = 0.5, b2 = 0.999).

WGAN has a slightly different architecture than DCGAN. There is no sigmoid activation
function in the output layer of the discriminator, and the optimization strategy is also different —
WGAN uses root mean square propagation (RMSprop) instead of Adam. The loss function is
different, too, as the discriminator’s output is not probability, but the distance (see Chapter 2.2.3.
for details on Wasserstein distance).

To justify picking weight-clipping approach instead of gradient penalty for WGAN, weight
clipped WGAN has shown a performance comparable to WGAN using gradient penalty on
CIFAR-10 dataset [61]. Additionally, weight clipping is easier to implement than gradient penalty.
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3.3. Hyperparameters

In order to estimate difference between the two models, learning rates and batch sizes for both
GAN types were selected and a hyperparameter grid search was conducted. Selected learning rates
lay within the range [102, 10°] and two distinct batch sizes were added to the search (Table 1).
This specific range of learning rates and batch sizes were picked based on the choices that different

authors made in their previously published papers [9,13,16].

learning rates for discriminator and generator (DCGAN) {102,103, 10 10}
learning rates for critic and generator (WGAN) {102,103, 104, 10°}
batch sizes {64, 128}

coefficient beta 1 (Adam; DCGAN) 0.5

coefficient beta 2 (Adam; DCGAN) 0.999

weight clipping constant ¢ (WGAN) 0.01

Table 1: Hyperparameter search space for DCGAN and WGAN.

Heusel et al. [16] showed that different learning rates for generator and discriminator lead to
better training results with DCGAN and WGAN. Preferring higher learning rate for discriminator
or generator improves results. Thus, it will be interesting to see how different learning rates will
affect weight clipped WGAN and original DCGAN.

3.4. Evaluation Method

In order to evaluate DCGAN and WGAN performance, FID was calculated after every epoch

and recorded. The fixed sample size of fake and real images for FID calculation was 1000 samples.

3.5. Hardware and Software

All experiments were conducted on the dedicated server provided by the Institute for Machine
Learning at Johannes Kepler University in Linz, Austria. The server is running on Linux operating
system and is powered by CPU Intel Xeon(R) E5-2660 v3 with 20 cores and a base frequency of
2.60 GHz, GPU NVIDIA Tesla K40 with 12GB of VRAM and 256GB of RAM.
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The code for experiments was written in Python 3.7. Models of choice for experiments were
implemented in PyTorch 1.2.0 [62]. Additionally, NumPy 1.2.0 [63], SciPy 1.7.0 [64], Pandas
1.3.0 [65] and Matplotlib 3.4.2 [66] frameworks were used for the calculation of FID and
visualization of the results. Code is available at: https://github.com/Bollo7/GAN_project.
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4. Results and Discussion

In this section, the results of training on the CIFAR-10 using different hyperparameter choices
from Table 1 will be presented. Every combination of learning rates and batch size listed in Table
1 was trained with five random initializations for 25 epochs. Every run, both models were
initialized with normally distributed random weights and zero biases. More specifically, batch
normalization layers are initialized with weights sampled from a normal distribution with mean
1 = 1.0 and standard deviation o = 0.02, and convolutional layers are initialized with mean u =
0.0 and standard deviation ¢ = 0.02. These specific ¢ and o parameters for initial weights
distribution are shown to improve training of deep neural networks [67] and are taken from [13].

Results are represented as plots of FID over 25 epochs and tables that show the best FID over
the whole run and mean FID from the last epoch for each specific set of hyperparameters. Means
and standard deviations in the result tables were calculated by training the models with particular
hyperparameters with five different random initializations and averaging FID over these five
initializations. In order to select the best performing architecture with identical hyperparameters,
the Mann-Whitney-U test was conducted using the last epoch FIDs and best FIDs over the whole
run (one set of hyperparameters, five random initializations). The intention to include both the last
and best epochs is to compare the models' end performance and compare the best-achieved
performance by simulating an early stopping of training.



Results and Discussion 27

LR_D: 0.01, LR_G: 0.01 LR_D: 0.01, LR_G: 0.001 LR_D: 0.01, LR_G: 0.0001 LR_D: 0.01, LR_G: 1e-05
W0 P e
00| N 420 440
R A P 3001\ i
A | T S/ A
=] 300 8 ‘\‘\t\/ 2 “‘ \\/\“-\\\\ L‘\‘ N ,/‘}‘\\ 400 \ "n* \ \
T \\ - \ 4 Rial | Rt - | ONEA \
200 \ \ 200 A I\ 420 o ey
A N [\ 380 > /N <
100 s 4| 410 PR VW ‘%@
100 . \ == g
360
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
LR_D: 0.001, LR_G: 0.01 LR_D: 0.001, LR_G: 0.0001 LR_D: 0.001, LR_G: 1e-05
500 500 06
A ] 500 i
R N |
400 M7 400 300 I
[ 1] 450
o L 300
T 300 K‘ | 200
.\q\ 200 400
W
200 \ | A 100 S L
100 N 350
0
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
LR_D: 0.0001, LR_G: 0.01 LR_D: 0.0001, LR_G: 0.001 LR_D: 0.0001, LR_G: 0.0001 o LR_D: 0.0001, LR_G: 1e-05
4001 S 400 ‘
400 \‘Q“\/. 550
300 300 A 300 [ 500
A |
200 200 N 200 , /| 450
N\ \ /4 N\ A | 400
100 100 \% 100 AV @
350
0 5 0 15 20 25 0 5 o 15 20 25 0 5 o 15 20 25 0 5 o 15 20 25
LR_D: 1e-05, LR_G: 0.01 LR_D: 1e-05, LR_G: 0.001 LR_D: 1e-05, LR_G: 1e-05
450 300 500
400 \ i v
M\ i \EV’\Q;;—« e 00 *\‘W ;
350 PR )
= AR YN
o \ \ \ by
a 300 oy 300 \ 200 300 \/‘\{ =
250 \
. A /|
5 D 200 / A A
200 : 200 Y 200 St
150 N \?\‘,
r . . . — 100 . . . :
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25

Epochs Epochs Epochs Epochs

Figure 4.1: Results of training DCGAN with learning rates from Table 1 for 25 epochs with batch size 64. Solid lines represent
different random initializations, the dashed line represents the mean FID across all the random initializations, the blue-colored area
represents the amount of dispersion and the red point represents the best mean FID from the whole run.

In the Figure 4.1, DCGAN seems to be very unstable during training with learning rate sets
{102, x} and {1073x}, where x € {102, 103, 10, 107%}. I assume that the learning rate of the
discriminator is too high, so that it struggles to learn. Consequently, the generator doesn’t learn
anything as the discriminator’s feedback is meaningless. On the opposite side, learning rate sets
{104, x} and {10°,x}, where x € {102, 103, 10, 10}, show better results, as discriminator’s

learning rate is sufficiently low.



Results and Discussion 28

LR_D: 0.01, LR_G: 0.01 LR_D: 0.01, LR_G: 0.001 LR_D: 0.01, LR_G: 0.0001 LR_D: 0.01, LR_G: 1e-05
500 430
500 =
| 525
y E: Ay 200 —— = 425
4001 T - 159 2B 500 Bt .
4. [ A V=<
o M=, f/]\ 475 300
® 0] g M
O 450 L 500
200 \ ’,,/’\\\ 425 { = AT
& 4 \ P ——~———__—~— | 100
400
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
LR_D: 0.001, LR_G: 0.01 LR_D: 0.001, LR_G: 0.001 LR_D: 0.001, LR_G: 0.0001
500
400
a
T 300
200
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
LR_D: 0.0001, LR_G: 0.01 LR_D: 0.0001, LR_G: 0.001 LR_D: 0.0001, LR_G: 0.0001
500
400
400
300 300
o
[
200 200
100
100 - 350
- . : : : : . . : . - 0 : : : . - . . : :
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
LR_D: 1e-05, LR_G: 0.01 LR_D: 1e-05, LR_G: 0.0001 LR_D: 1e-05, LR_G: 1e-05
500 500 A
450 %Zx\ / A
\ \ 4501 ¥ A\t
450 WEXAZL = \'Wf\, \A
450 409 A M\\ V VW ‘
a . N 350 \’W\_ 400
T 400 P ";\ J\//\ T
W 5 o ‘\_[{:— \t\’;\\‘ 400 300 \.\e;
A V 7od A ® | 350
350 N/ \ 1 250 !
350
200
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Epochs Epochs Epochs Epochs

Figure 4.2: Results of training DCGAN with learning rates from Table 1 for 25 epochs with batch size 128. Solid lines represent
different random initializations, the dashed line represents the mean FID across all the random initializations, the blue-colored area
represents the amount of dispersion and the red point represents the best mean FID from the whole run.

Results from Figure 4.2 show that DCGAN is unstable during training with learning rate
sets {102, x} and {1073,x}, where x € {102, 103, 10#, 10°}. In general, DCGAN underperforms
with batch size 128. However, Figure 4.2 also shows that training DCGAN with learning rates
{10,104} {104, 102}, {10, 10} and {10} in combination with batch size 128 give similar or
better results in comparison to same learning rate sets combined with batch size 64.
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Figure 4.3: Results of training WGAN with learning rates from Table 1 for 25 epochs with batch size 64. Solid lines represent
different random initializations, the dashed line represents the mean FID across all the random initializations, the blue-colored area
represents the amount of dispersion and the red point represents the best mean FID from the whole run.

The first observation to consider in Figure 4.3 is that WGAN behaves more stable during
training in comparison to DCGAN. WGAN with learning rate sets {102, x} and {107x}, where
x € {102, 10, 10*, 10} also performs much worse than WGAN with the other given learning
rate sets, which is also explainable by discriminator learning rate being too high, such that
generator does not receive a proper feedback. However, if compared to DCGAN, then WGAN
seems more stable, as results from different random initializations do not differ as much as they
do in DCGAN’s case.
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Figure 4.4: Results of training WGAN with learning rates from Table 1 for 25 epochs with batch size 128. Solid lines represent
different random initializations, the dashed line represents the mean FID across all the random initializations, the blue-colored area
represents the amount of dispersion and the red point represents the best mean FID from the whole run.

In Figure 4.4 WGAN behaves more stable during training in comparison to DCGAN.
Batch size 128 mostly worsened stability and the end results.

It can be observed that both models with some learning rates choices behave worse with a
batch size of 128, than with a batch size of 64. Interestingly, a worsening of performance can be
caused by larger batch size. In the study conducted by Keskar et al. [68], authors show that a large
batch size leads to worse testing results for neural networks for classification than with smaller
batch sizes. The authors state that the larger batch size creates sharper minima, negatively affecting
the travel of parameters to the minima. In the case of GAN architecture, two networks must reach
Nash Equilibrium in order to converge. Given that both generator and discriminator are likely to

settle on the flat stationary point, sharper minima may make it even more challenging for GAN to



converge. Majority of learning rates combined with batch size 128 underperform in comparison to
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the same learning rates combined with batch size 64 for both DCGAN and WGAN.

WGAN is generally stable during training regardless of the hyperparameters chosen.
WGAN is much more stable than DCGAN, judging by the dispersion values and behavior of the
models during training. For DCGAN, it was the case when training collapsed, and the model was
not able to learn anymore, while for WGAN, training didn’t collapse in any run. It is worth noting
that, in general, WGAN with a higher learning rate for the generator performs better in terms of
FID than WGAN with a higher learning rate for the discriminator. The same tendency can be

observed for DCGAN - a higher learning rate for the generator is preferable.

P oUmimd oZiaNes  woanes  Pvalue
1 {10%} 257.15 + 137.32 286.6 + 73.57 5.00e-01
2 {102,10%} 209.47 +161.43  330.37 +53.23 3.38e-01
3 {102, 10} 403.57 +21.39 376.75 + 6.24 7.18e-02
4 {102 10} 419.29 + 11.16 452.0 + 40.07 7.18e-02
5 {103, 10%} 452.62 + 43.06 269.89 + 10.02 6.10e-03
6 {10} 349.52 + 140.9 238.58 + 14.14 7.18e-02
7 {103, 10%} 143.15+132.45  260.29 + 24.03 7.18e-02
8 {103,105} 452.73 + 52.19 336.65 + 11.0 6.10e-03
9 {104 10%} 336.47 + 99.32 103.35 + 15.12 6.10e-03
10 {10%4 10% 60.61 + 0.86 68.12 + 7.28 6.10e-03
11 {10 202.93 + 146.06 83.64 + 3.89 1.48e-01
12 {104 10} 425.8 +29.18 110.4 +1.79 6.10e-03
13 {10°,10%} 168.21 + 23.37 81.29 +5.92 6.10e-03
14 {10%510% 141.84 + 13.23 86.69 + 1.08 6.10e-03
15 {105, 10} 154.12 + 38.66 127.03 + 13.05 3.38e-01
16 {10°} 195.91 + 73.49 95.8 + 4.55 6.10e-03

Table 2: Results of Mann-Whitney-U test on FID values from last epoch of WGAN and DCGAN with identical hyperparameters.
lr; corresponds to the learning rate for network G and lrp corresponds to the learning rate for network D. Values in bold correspond

to the significant p-values. All of the learning rates listed in this table are combined with batch size 64.
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In Table 2, WGAN significantly outperforms DCGAN with hyperparameter sets number
5,8, 9, 11, 13, 14 and 15. The only hyperparameter set with which DCGAN significantly

outperforms WGAN is set number 10.

H*

Last epoch

Last epoch

trp, lrg} DCGAN 128 WGAN 128 p-value
1 {10%} 360.07 + 104.55 322.8 + 46.41 1.05e-01
2 {102,10%} 451.01+45.41  332.87 +16.49 6.10e-03
3 {102 10% 354.2+138.03  355.06 + 13.35 7.18e-02
4 {102, 10} 414.21 + 455 480.66 + 68.67 1.05e-01
5 {103,10%} 416.48 + 41.0 274.91 + 12,53 6.10e-03
6 {10} 308.53+169.63  220.37 + 24.63 3.38e-01
7 {103, 10%} 97.8 + 38.68 283.04 + 19.63 6.10e-03
8 {103, 10} 434.46 + 29.04 378.52 + 4.42 3.01e-02
9 {10% 102} 90.92 + 13.25 84.15 + 9.36 2.02e-01
10 {104 10} 66.76 + 4.31 75.82 + 6.43 4.73e-02
11 {10*} 175.09 + 156.91 73.76 + 1.89 4.73e-02
12 {104 10} 416.06 + 24.17 239.83 + 8.93 6.10e-03
13 {10%5,10% 373.12 +34.19 135.82 + 17.69 6.10e-03
14 {10% 10% 368.34 + 17.53 135.93 +9.21 6.10e-03
15 {10°,10%} 261.77 + 39.62 214.28 + 18.41 4.73e-02
16 {10°} 394.88 + 44.11 124.71+ 12.87 6.10e-03

Table 3: Results of Mann-Whitney-U test on FID values from last epoch of WGAN and DCGAN with similar hyperparameters.
lr corresponds to the learning rate for network G and lrp, corresponds to the learning rate for network D. Values in bold correspond
to the significant p-values. All of the learning rates listed in this table are combined with batch size 128.

In Table 3, WGAN significantly outperforms DCGAN with hyperparameter sets 2, 5, 8,
11,12, 13, 14, 15 and 16, which is a majority of combinations. The only hyperparameter sets with
which DCGAN significantly outperforms WGAN are sets number 7 and 10.
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R e S == (R o s
1 {10%} 257.15+137.32  273.16 + 75.29 5.00e-01
2 {102, 10} 209.47 +161.43  300.08 + 28.22 3.38e-01
3 {102, 10%} 403.57 +21.39 362.27 +19.35 3.01e-02
4 {102,105} 419.29 + 11.16 403.3 + 8.68 1.84e-02
5 {103,10%} 289.24 + 96.27 234.62 + 15.89 1.48e-01
6 {10%} 259.35+164.95  206.03 +11.81 3.38e-01
7 {103,104 138.24+136.99  255.21 + 26.35 7.18e-02
8 {10,105} 395.14 + 34.86 336.65 + 11.0 1.08e-02
9 {10%4,10%} 78.46 + 4.17 98.6 + 16.32 1.08e-02
10 {10%10% 60.61 + 0.86 68.12 + 7.28 6.10e-03
11 {10} 80.25 + 3.51 72.02+0.78 6.10e-03
12 {10% 10} 420.37 + 31.01 110.4 +1.79 6.10e-03
13 {10%,10% 168.21 + 23.37 81.29 +5.92 6.10e-03
14 {10%,10% 141.84 +13.23 86.69 + 1.08 6.10e-03
15 {10°,10%} 154.12 + 38.66 127.03 + 13.05 3.38e-01
16 {10} 187.79 + 34.66 95.8 + 4.55 6.10e-03

33

Table 4: Results of Mann-Whitney-U test on best FID values from the whole run of WGAN and DCGAN with identical
hyperparameters. Ir; corresponds to the learning rate for network G and Ir;, corresponds to the learning rate for network D. Values
in bold correspond to the significant p-values. All of the learning rates listed in this table are combined with batch size 64.

In Table 4, WGAN significantly outperforms DCGAN with hyperparameter sets number
3,4,8,11, 12, 13, 14 and 16, which is the half of hyperparameter sets. The only hyperparameter
sets with which DCGAN significantly outperforms WGAN are sets number 9 and 10.
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P Unimd  ploaNts  woan iz Pvalue
1 {10%} 266.3 +117.98 302.64 + 14.76 3.38e-01
2 {102,10%} 450.12 + 43.01 307.37 + 34.77 6.10e-03
3 {102, 10%} 354.2 + 138.03 347.81 +28.91 7.18e-02
4 {102, 10} 413.36 +5.2 400.07 + 13.61 1.48e-01
5 {103,10%} 277.02+103.04  218.41+20.78 2.02e-01
6 {103} 308.53 + 169.63 178.12 £ 11.9 3.38e-01
7 {103, 10%} 77.26 +7.91 253.48 + 20.92 6.10e-03
8 {103, 10} 410.5 + 18.97 355.78 + 15.4 1.08e-02
9 {10% 102} 90.92 + 13.25 83.0+5.12 2.65e-01
10  {10% 10% 66.42+1.6 71.87 +3.58 4.73e-02
11 {10*} 81.71+6.43 72.4+2.19 1.84e-02
12 {104 10} 402.14 + 35.64 239.83 +8.93 6.10e-03
13 {10%,10%} 357.64 + 15.9 135.82 + 17.69 6.10e-03
14 {10% 10% 364.95 + 8.36 135.93+9.21 6.10e-03
15 {10°,10%} 261.77 + 39.62 214.28 + 18.41 4.73e-02
16 {10} 380.94 + 37.85 124.71 + 12.87 6.10e-03

Table 5: Results of Mann-Whitney-U test on best FID values from the whole run of WGAN and DCGAN with identical
hyperparameters. Ir; corresponds to the learning rate for network G and Ir;, corresponds to the learning rate for network D. Values
in bold correspond to the significant p-values. All of the learning rates listed in this table are combined with batch size 128.

In Table 5, WGAN significantly outperforms DCGAN with hyperparameter sets number
2,8,11, 12,13, 14, 15 and 16, which is half of hyperparameter sets. The only hyperparameter
sets with which DCGAN significantly outperforms WGAN are sets number 7 and 10.
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The results of Mann-Whitney-U tests show that WGAN outperforms DCGAN with most
of the given hyperparameter sets. Both last epoch and best epoch FIDs are lower for WGAN in
most cases. It can be noted that mean FIDs of WGAN often have lower standard deviation values
than DCGAN. The only hyperparameter set with which DCGAN constantly outperformed WGAN
was hyperparameter set number 10, which seems like a ‘sweet-spot’ for DCGAN on CIFAR-10.

To conclude, both models show good results, but the difference between them is that if
hyperparameters for DCGAN are carefully adjusted it will perform as good or even better than
WGAN. However, DCGAN was failing to train in many cases — FID was not dropping down, but
was rather increasing or stayed the same during training. Meanwhile, WGAN shows general
stability during training over wide range of learning rates. It also has better dynamics during
training, meaning that FID does not stays the same, but constantly changes — model tries its best

to learn.
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5. Conclusion

The practical part of this thesis provides a comparison of DCGAN and WGAN architectures
using the Frechet Inception Distance evaluation method. DCGAN, in most cases, had heavy
perturbations of FID during the training. It was also the case, that DCGAN could not converge
and it can be seen by FID being “flat-lined” on the graph. WGAN had much less variance of FID
between random initializations and was constantly training without collapsing. Even though
selected method to enforce 1-Lipschitz constraint on gradients of WGAN is not superior, it was
enough to show that Wasserstein loss is more stable than Jensen-Shannon divergence during
training with almost any hyperparameters from Table 1. It can be concluded that given a limited
budget of time, it is better to choose WGAN for practical needs.

As a suggestion based on the work of Anand et al. [9], it may be possible to improve results
of the generation of protein contact maps. Authors of the paper state that they used the same
learning rate for both the generator and the discriminator. Perhaps, results of experiments could be
improved by using different hyperparameters, such as higher learning rate for generator, than for
discriminator. It might also be beneficial to try GAN architecture other than DCGAN. As the
experiment in this thesis shows, DCGAN is often unstable and in some cases fails to learn.

As for future work, experiments could be improved by increasing the amount of iterations that
models would be trained for. In this thesis, models were trained for 25 epochs only but over a
relatively wide range of hyperparameters. The main focus was on finding out whether Wasserstein
loss is better than Jensen-Shannon divergence. The next step is to conduct the same
hyperparameter search using the protein contact maps dataset. In my opinion, performance
measured using CIFAR-10 might be different from the protein contact maps dataset due to
different dataset domains.



List of Figures 37

6. List of Figures

Figure 2.1: Overview of feedforward computation for a single neuron. Given input values xn and
weights wn for each respective neuron and bias, activation of the sum of products of inputs and
weights is computed for each neuron in the following layer [17]. ..o 4
Figure 2.2: Convolution operation example. Image is represented as a matrix to which a
convolutional filter is applied. Feature matrix values are calculated, as kernel slides across the
whole image with predefined Stride [22].........coviieiiiii i 6
Figure 2.3: Overview of GAN training procedure on the example of face images dataset.

Random noise vector z serves as an input for G. After G generates the output G(z), both real and
generated images are passed to D, classifying the image as either fake or real. During
backpropagation, weights learned by D are updated first, and G weights are updated based on a
Gradient frOM D [25]. ..ot 9
Figure 2.4: Distribution of generated images (green line) gradually matches distribution of real
images (black dotted line) as training proceeds. The black dotted line represents the real
distribution, the green line is the generated distribution and the blue line is a discriminator’s
OULPULS dISEITBULION [3]. ..ottt 10
Figure 2.5: Example architecture of DCGAN, used for liver lesion medical image generation
[30]. IMage frOM [BL]. .eeeoeeeiecie et s b e e be e reeneenes 11
Figure 2.6: Gradient and weights behavior with proposed strategies to enforce 1-Lipschitz
constraint. It can be seen, that weight clipping approach requires careful selection of ¢ constant
and even then weights’ distribution is mostly accumulated at boundary values of [c, —c] range,
while gradient penalty’s weights are normally distributed on the whole range [34]. .................. 13
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Figure 2.8: Four subsequent protein structures. Primary structure is a basic sequence of amino
acids formed into a chain, also called polypeptide. Secondary structure comprises several
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alpha helices and beta sheets, folded into three-dimensional structure. Finally, quarternary
protein structure is a complex of several tertiary proteins [30].......ccccovveviiiiiiiiin i, 18
Figure 2.9: Comparison of generated samples folded into 3D structures by ADMM and Rosetta

algorithms. Picture is a Figure 3 from [7]. ..o 22
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