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I 

ABSTRACT 

 

This thesis is conceived to provide an in-depth review of Generative Adversarial Networks 

(GANs) for unsupervised Machine Learning by introducing the basic concepts of Deep 

Learning as one of the main current techniques for unsupervised learning with deep neural 

networks as well as carefully explaining what and how a GAN works.  

The approach followed during this year-long work consists in learning and internalizing the 

technical concepts of Deep Learning and, particularly, GANs. After that, an analysis of the 

most used techniques takes place. For the experimentation, TensorFlow over Python is used 

to obtain experimental results for different types of public datasets of images (MNIST, 

Fashion-MNIST and CIFAR–10). 

GANs are outstandingly interesting in Deep Learning because of its endless capabilities 

and huge potential in many fields such as the health industry, the agriculture, banking and 

insurance, transportation, security, education… Its capabilities to generate new data that, 

mimics the input learning data given to it, are impressive and never seen before. This 

method is very nice approach for Data Science when dealing with a huge amount of 

(unlabeled) data, like most of the companies, institutions and governments do today.  

This thesis is restricted to image applications, but the outcomes can be applied to other 

datasets or fields such as text or voice applications. The results obtained and presented in 

this document provide a clear evidence that the adversarial networks used in my 

experiments are pretty powerful as they are creating coherent images from random noise. 

The evaluation datasets correspond to the ones typically used in ML and the results obtained 

meet the technical specifications of these networks to greater or lesser extent depending on 

the computational power available and the required one.  

Overall, you will find out the incredible importance of Generative Adversarial Networks in 

today’s world and the almost infinite number of processes and activities that they can be 

applied to. 

 

Key words: Unsupervised Learning, Generative Model, Data Science, Deep Learning, 

Artificial Neural Networks, Generative Adversarial Networks, Python, TensorFlow. 
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1. INTRODUCTION 

 

In this chapter, I will explain the motivation and objectives of this thesis  as well as 

everything I have learned during the time devoted to this project. Finally, the thesis 

structure is outlined. 

 

 

1.1. Motivation 

Technology and the way we conceive life nowadays has experienced an unimaginable 

change. It makes a big impact on many aspects of life and in many areas of the society. But 

technology is not always good because the way it is used determines whether the impact it 

makes is positive or negative. 

Our daily habits are starting to depend more and more on technology: transportation, 

communicating with people, studying, working… These examples are a clear proof of the 

fact that we live in the most connected world ever, surrounded by technologies that make 

our life easier and more comfortable [1]. 

We have machines everywhere that do whatever they are programmed to do, in a mechanica l 

way. But what if these machines could learn from its experience like we, humans, do? What 

if machines can change their behavior under a controlled and ethical environment to be 

more efficient? 

In recent years, more and more machines and technologies already rely or are starting to 

base its foundations in learning proactively over time and with the continuous use of them. 

In order words, a transformation of technological systems is taking place to go from static 

passive systems to proactive automatic and dynamic systems that improve over time. This 

method has a name: Machine Learning. 

I started to be really interested in ML and Data Science in 3 rd year of my degree, during my 

study abroad stay in Singapore. Back there, I took a course about Machine Learning in 

which my team and I had to develop an analysis of some dataset in Kaggle, a very well -

known website for worldwide competitions. On my return, I decided to start the final year 

thesis about this topic. 

Machine Learning (ML) and, by extension, Artificial Intelligence (AI) are transforming the 

way we understand our communication and interaction with machines. Already today, ML 

is used in various industries like tourism, medicine, automobile and transportation… This 

enables companies to automate procedures, act on real time to timely events and reduce the 

possibility of human errors. Besides, ML helps in analyzing and drawing insights from large 

amounts of data in record time, even obtaining data-based recommendations, that are very 

useful to take decisions [2]. 
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It is clear to say that ML, and by extension AI and Big Data, have a huge potential for the 

years to come. As of 2017, many companies and organizations are spending at least 15% of 

their IT budget on Machine Learning capabilities. And this percentage only grows over the 

years. According to IDC, all these intelligent systems will experience an annual growth of 

37.3% between the 2017-2022 period [3]. 

With the use of these technologies, companies and governments will be able to handle large 

amounts of data and make predictions of unseen data, as well as creating new data from 

scratch that somehow follows the distribution pattern of real collected data.  Technology 

will live a new democratization moment.  

Overall, all the predictions that can be made and the endless possibilities of ML is what 

encourages me to study this field of engineering. 

 

 

 

1.2. Objectives 

The purpose of this thesis is to learn the basic building block of Deep Learning: Artificial 

Neural Networks.  

After that, I provide an outlook of a deep learning algorithm made of two ANN and called 

Generative Adversarial Networks. Some different types of GANs will be trained and 

evaluated, starting with a very simple “vanilla” GAN and then, using a more complex Deep 

Convolutional GAN (DCGAN). 

All the code used in my experiments is free and publicly available in GitHub. It contains 

my full code in Python Notebook format with explanations and guides to understand 

what’s done in it. GitHub Repository https://github.com/pdepaz/thesis_gans. 

Finally, I will draw conclusions about all the work presented in this document. 

I do believe learning about GANs is very important in data science and analysis because 

they are a major revolution and its capabilities continues to grow, mostly under the research 

of companies like Google, Facebook or Microsoft. 

 

 

 

1.3. Learning Outcomes  

During all the time devoted to this thesis in the last year, I first had to revise ML concepts 

so that I can build all this project from there. After that, I started to delve into Deep 

Learning, of which I had no idea. To practice and have a more practical approach of these 

topics, I partly took some Udacity courses: “Intro to Machine Learning” [4] offered by 

Kaggle (a Google online community where students and free-lancers can learn and share 

https://github.com/pdepaz/thesis_gans
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knowledge about Data Science and Machine Learning) and “Deep Learning” [5], a course 

offered by Google Data Scientists. 

After that, I needed to learn to code in Python, programming language mostly used in ML 

and DL due to its simplicity, ease of use and the large number of open-source libraries 

available online. To acquire this knowledge, I used some programming blogs and the 

Udacity course “Programming Foundations with Python” [6], a course sponsored and 

brought to Udacity by Amazon Web Services.  

Next, I started to read uncountable papers and blogs talking about GANs. This way, I really 

understood its technical aspects and working procedure. After this, I had to code them and, 

to do so, I learnt TensorFlow, an open-source ML code library developed by Google.  

As my workspace, I used Python Notebooks on Google Collaboratory, a tool offered by 

Google to run the code in its servers, using their GPUs. This way, I speed up the process of 

implementing, training and obtaining results from the GANs under test.  

Finally, with all the skills I have learned, I was able to draw conclusions about all the work 

presented in this document. 

 

 

 

1.4. Thesis Structure  

This document is organized in six chapters or sections. Throughout the document, I will 

write a review on Generative Adversarial Networks for unsupervised Machine Learning.  

On this first chapter, I have introduced the reader to the technology and advances available 

today. I give a founded motivation that has pushed me to learn and dig into this trendy topic 

as well as the objectives that this bachelor thesis aims to achieve.  Finally, I state my learning 

outcomes and I outline the thesis structure and the topics that will be covered in each section 

or chapter (this section). 

On the second chapter, I present the social and economic context in which this thesis was 

devised and how Machine Learning and Deep Learning will influence the society in which 

we live today. Furthermore, I attach a possible project planning and budget. 

On the third chapter, I give a clear and brief explanation of the legal and regulatory 

framework of these new methods of technology. Furthermore, I summarize the legal 

restrictions and regulations in terms of handling data in a global, European and Spanish 

scope. 

On the fourth chapter, I talk about the state of the art.  Once I have carefully explained what 

Machine Learning and Deep Learning is, I focus on Artificial Neural Networks (ANN) that 

is the basis for further developments in this thesis.  

On the fifth chapter, I explain the core topic of this document: Generative Adversarial 

Networks (GANs). I explain the concept, its structure and the mathematical definitions.  
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Later on, I explain my setup, the tools and technology in use as well as the results after 

having worked on GANs. As this thesis is a more educational and self-learning thesis, this 

chapter is the most important one because it shows the work I have done once I understood 

and studied what a GAN is. 

In the last chapter, I finish this document and the bachelor thesis in which I have worked 

for almost a year. Here, conclusions about GANs and my experiments are drawn. Finally, I 

state future work that can be done related to this topic like improvements or different 

approaches to be used (and that maybe is already undergoing research by engineers in major 

tech companies).  

At the end, there is a glossary for the explanation of all the acronyms in use. In addition, 

there is a references’ section where I give credit to the data (text, images or tables) obtained 

from other authors. 
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2. SOCIAL AND ECONOMIC ENVIRONMENT 

 

In this chapter, the actual and future socio-economic impact of GANs and, overall, of 

Machine Learning, will be outlined. Later on, I provide a possible planning and economic 

budget for a research project on this field. 

 

 

2.1. Impact and applications of GANs 

AI is continuously increasing its capabilities and expanding its range of possibilities. 

Nowadays, its impact is already noticeable in some areas such as security or transportation.  

In June 2014, GANs started a revolution in deep learning. Academia accepted GANs with 

open hands and industry welcomed GANs with much fanfare too. The rise of GANs was 

inevitable [7] and soon, they became a global phenomenon in AI.  This fact is supported 

with the following graph that shows the extraordinary growth they have had since its 

creation: 

 
Figure 1. Cumulative number of papers related to GANs (up to October 2018) [8]  

 

Artificial Intelligence is now capable of creating new data after learning from unlabeled 

input data, thus, it has become a “creative intelligence”. GANs can generate high-quality 

images, enhance photos, convert an image to text, change the appearance of the face image 

as age progresses… There are endless possibilities in a very wide range of different fields 

such as education, healthcare, transportation, security, etc. For example, they have been 

applied in cybersecurity to simulate attacks; in medicine to help detect cancer by creating 
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new realistic scans; and more surprisingly, GANs have been used in art, creating new 

pictures that perfectly could have been painted by Pablo Picasso or Vicent Van Gogh [9] 

[10]. 

GANs are able to generate new data and, as a consequence, they also can be dangerous. For 

example, it can create fake images that maybe seem real and this fact can have serious 

ethical, social and political consequences between countries, mainly considering the limited 

experience of politicians with AI. In addition, they can be trained to discover user’s 

passwords even though they are encrypted by a private key and sent hashed to the host 

servers. The hash can be used as the noise fed to the generator and, with sufficient time, the 

network would be able to figure out the user’s password.  

In spite of these dangers that can arise caused by a non-ethical and responsible use of GANs, 

they are a very powerful creative new technology that will enhance many automatic daily 

processes that are carried out in our society so that we can focus on other topics and ideas.  

Economically, there are not specific figures for GANs’ growth in the coming years. In a 

more general way, Machine Learning will rocket its growth in the years to come. 

International Data Corporation (IDC) forecasts that “spending on AI and ML will grow 

from 12.000M $ in 2017 to 57.600M $ by 2021” [11]. In addition, the Machine Learning 

Market – Global Forecasst to 2022 says that “the machine learning market is expected to 

grow from 1.410M $ in 2017 to 8.810M $ by 2022, at a Compound Annual Growth Rate 

(CAGR) of 44.1%” [12]. Regarding the job market, Indeed (a very well-known job site) 

reported that “Machine Learning Engineer is the best job of 2019 due to growing demands 

and high salaries” [13] and the number of new jobs related to this field is growing every 

day. 

Then, the socio-economic impact of ML and GANs will be very significant both in the tech 

industry and, by extension, in the society.  

GANs are one of the brightest hopes in AI innovation that will bring growth, technological 

and economic developments to the countries and companies investing in it. Many of the 

jobs created in the next years will be related to this field of technology.  

 

 

 

2.2. Project planning 

In this section, a planning of a data exploration and analysis project using a GAN will be 

explained and outlined with the use of a table and a GANTT diagram. 

The start of the project is considered to be July 1 st, 2018. 
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Figure 2. List of activities for the proposed project 

 

 

Figure 3. GANTT Diagram for the proposed project 

 

The total estimated time for the project completion is 11 weeks. 
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2.3. Project budget 

Closely related to the above section, I present a tentative budget for the data exploration 

and analysis project using a GAN presented before.  

The team for this project is formed by two people: a professor from UC3M and a graduate 

engineer in Computer Science or Telecommunications’ Degree. Hence, the estimated costs 

are: 

 The UC3M professor’s salary will be covered by its proper university retribution.  

 For the graduate engineer and according to the UC3M tables for teaching staff and 

labor researcher from 2018 [14], he/she will be a “collaborator” so his salary will 

be 1.602,97€/month. The project takes around 2 months and a half, so his salary 

will be 4.007,43€. 

 For the IT tools, a computer is needed. The estimated cost to buy a computer that 

satisfy the high computational needs are 1.999€, for a MacBook Pro 13”  [15]. 

 Furthermore, Google Compute Engine from Google Cloud will be used to be able 

to run the code in GPUs, that will make the work faster and more efficient.  The 

price to use one GPU model NVIDIA Tesla T4 of 16 GB of GDDR6 is 

432,60 €/𝑚𝑜𝑛𝑡ℎ [16]. They will be needed for two months. 

 Finally, some more funds will be needed for transportation and memory publishing 

if needed. Estimated costs: 1.000€. 

As a summary: 

Concept Total cost (€) 

Graduate Engineer 4.007,43 

MacBook Pro 13” 1.999,00 

Google Compute Engine 865,20 

Other funds 1.000,00 

 7.871,63 

Table 1. Estimated budget for the proposed project 
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3. LEGISLATIVE AND REGULATORY FRAMEWORK 

 

This chapter is crucial in this thesis due to the ethical and legal consequences that can arise 

with the use and later processing of massive amounts of data. Nowadays, the legislation 

about data storage and processing around the world is very different. There are very opened 

liberal countries, such as United States of America, whereas there are other more restrictive, 

like the European Union members. 

Regarding the European Union, there is a new restrictive and very specific law on data 

protection and privacy for all people inside the EU called General Data Protection 

Regulation (GDPR). It is implemented all across EU members since May 25 th, 2018 and 

replaces the outdated Data Protection Directive from 1998.  

This regulation is reshaping the way in which data is handled across every sector, protecting 

all EU citizens’ privacy. Actually, this law not only applies to EU citizens but also people 

that access or consume any service or product within any of the countries belonging to the 

EU. For example, tourists inside one of these countries are also protected. With this 

regulation, the user is the real owner of its personal data. Companies are required to inform 

its customers how, when, why and what data they are collecting from them, as well as the 

data processing they will make. Overall, the most important changes in this European 

regulation are [17]: 

 Increased Territorial Scope. This means that even if the company dealing with your 

data is not from the EU but has activity within the EU, it must be compliant with 

GDPR. Moreover, if the data processing or storage is outside the EU, it must also 

be compliant with it. 

 Penalties. If a company does not comply with this regulation, they can be fined up 

the maximum between the 4% of their annual global revenue or 20M €. However, 

there are lower fines for less important infringements. 

 Consents. The customer using a service must decide to “opt-in” or “opt-out” the 

data storage and processing, thus, he/she must choose what the company can do 

with his/her data. 

In addition, there are some new rights and figures such as breach notification right, right to 

access, right to be forgotten, data portability, privacy by design and Data Protection 

Officers. 

In Spain, the latest law for data protection and privacy is Organic Law 3/2018 of December 

5 on Protection of Personal Data and Guarantee of Digital Rights (LOPD-GDD). This 

law is adapted to the European GDPR and updates the Organic Law 15/1999 of December 

13 on Protection of Personal Data (LOPD). It guarantees and protects digital rights as well 

as personal data, public liberties and fundamental rights. The institution controlling its 

fulfillment is the Spanish Agency for Data Protection (AEPD). 
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From a more technical point of view, for programming I use Python 3.6 and TensorFlow 

(an open-source ML code library). Python is open-source and free-to-use so there should 

not be any regulatory problem. My code is hosted in GitHub which is a free open-source 

hosting website that is publicly available for anyone with an internet connection. Finally, 

to run the code, I encourage to use Google Collaboratory or any other tool running over a 

GPU. In most of the countries, there are no restrictions to use Google services (note that 

some can be banned and unreachable). 

Focusing now in the data that can be gathered in Machine Learning projects, like the ones 

dealing with GANs, it is very important the care that should be put when processing it. 

First, only data from people accepting to opt-in to data processing must be included in the 

dataset. Furthermore, this data should be anonymized so that there is no possible way to 

identify a real person from a record. In terms of permissions, only the people in charge of 

the project should see and inspect the dataset.  

As you can read in next sections, my thesis’ code implementation is available in my GitHub 

profile (https://github.com/pdepaz/thesis_gans), open to anyone and in a free-to-use basis. 

There is not restriction of use. 
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4. STATE OF THE ART 

 

In this chapter, some explanations about what Machine Learning and Deep Learning are 

provided. Also, I carefully explain the underlying concepts of ANN, that are the basis for 

the construction of a Generative Adversarial Networks. 

 

 

4.1. Artificial Intelligence and Machine Learning  

Artificial Intelligence is the basic field or science that aims to simulate human intelligence 

by enabling machines to execute tasks and activities destined for humans. Some examples 

of human behavior and activities that we do every day are learning, reasoning and inference, 

evaluating our feelings… 

There are many possible classifications of AI. But, how can we achieve “this” Artificial 

Intelligence? Nowadays there are many methods as it is shown in the picture below.  

 
Figure 4. Different ways AI can be achieved today [18]. 

 

In all the fields above, ML plays a very important role. In addition, the work contained in 

this document can be classified as a ML Algorithm so I will focus on that.  

Machine Learning is one of the fields of Artificial Intelligence (AI) in which machines or 

computers learn by themselves through the use of examples of data. As a result, human 

interaction in the learning process is reduced significantly.  

Machine Learning was motivated by the psychological observation of human`s learning 

process. Learning consists in the assimilation of new knowledge concepts for someone. The 
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easiest way of doing so is by using examples, repeating tasks or having practical experience 

on the topic. 

Then, programs will learn from experience and past data. When exposed to new data, they 

will be able to take an optimal decision. There are three possible ways or paradigms [19] 

[20] in which a machine can learn, namely: 

 Supervised Learning. A machine is provided both some inputs and some outputs 

corresponding to each input (labels). By processing all these data, it learns a pattern 

or a model so that when you present it new previously unseen data (𝒙∗), it can make 

a prediction on the label/output. 

For a set of pairs of input and outputs, {𝒙𝒊, 𝒚𝒊} for 𝑖 = 1,… ,𝑁, where 𝑥𝑖 =

[𝑥𝑖1, … , 𝑥𝑖𝑚] is a vector of features and 𝑦𝑖 is a scalar, the goal is to find a mapping 

𝑓: 𝑥 → 𝑦 such that 𝒇: 𝒍𝒂𝒃𝒆𝒍 = 𝒚𝒊 = 𝒇(𝒙𝒊). 

Afterward, these mapping 𝑓 will be able to make predictions on previously unseen 

data, 𝒙∗. 

The outputs/labels can be categorized in a set of discrete values, and the problem is 

called classification, or in a set of continuous values, regression. 

 

 Unsupervised Learning. Data is presented to a computer without any outputs or 

labels. Only inputs are given to it and the computer should learn the underlying 

structure of them to make predictions. This is the most common paradigm used in 

real life applications due to the fact that it is not always possible to have the label 

to a set of input data [21]. 

Then, this method of machine learning is able to make predictions to previously 

unseen data (𝒙∗). This means that the computer has to recognize a pattern in the 

given input and develop a learning algorithm accordingly.  

Mathematically, for a set of inputs {𝒙𝒊} for 𝑖 = 1,… ,𝑁, where 𝑥𝑖 = [𝑥𝑖1, … , 𝑥𝑖𝑚] is a 

vector of features, now the goal is to learn the intrinsic data structure/distribution. 

With more experiments and time, the algorithm will be able to increase it s 

performance providing more accurate predictions. 

Unsupervised learning problems can be categorized in two groups:  

o Clustering algorithms. The algorithm aims to find the inherent groups in a 

set of input data, thus, the possible groups that can be formed by inference 

due to similarity in some data attributes. Some examples are: people with 

short or long hair, customer segmentation based on education background, 

occupation, shopping behavior… 

o Association-based algorithms. Algorithms that discovers rules that are 

hold in a wide subset of the data. Examples are people that buy a phone 

normally buy a case for it, people that travel to Thailand normally visit 

Bangkok. 
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It is very important to note that unsupervised learning is the most popular research field 

today because of its future potential. This bachelor thesis’ work is based in this ML 

paradigm. 

In addition, should be noted the following paradigm: 

 Reinforcement Learning. It is the last paradigm of ML in which the machine learns 

by interacting with an environment to achieve a goal and maximize its    

performance [22]. 

The machine can be understood as an agent that has a state and a  certain behavior. 

Upon an observation occurs, it updates its state and obtains a reward. This is 

produced in an iterative manner. 

This type of learning is used for machine game playing and control problems. A 

very well-known example of a company working in this area is Google DeepMind 

[23]. They developed an artificial intelligence program that is able to play –and 

win– “Go” against a human, a famous Chinese game.  

 

It is now clear that Artificial Intelligent is not the same as Machine Learning as it is 

explained visually in the following figure: 

 

Figure 5. Machine Learning is a field of AI 

 

 

 

 

 

4.2. Deep Learning and Artificial Neural Networks (ANN)  

Deep Learning, DL, is one of the many methodologies existing in Machine Learning and 

it is based on learning the data representation or structure. It can be either supervised or 

unsupervised learning.  

Even though the first steps towards DL were made in the 1970s and 1980s [24], this field 

saw a huge growth since the beginning of the millennium, mainly with the new and faster 

CPUs and GPUs. This fact allowed the democratization of access to these new technologies 

by many tech-companies and researchers. 

AI ML
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Figure 6. Starting point of AI, ML and DL 

 
Deep Learning is characterized by the recursively and in cascade use of a given Machine 

Learning algorithm. In other words, you apply an algorithm to an input data and obtain an 

output. Afterwards, apply it again to that output. And so on in a recursive manner. DL can 

also be referred to as “Stacked Neural Networks” because one of the most famous models 

are Artificial Neural Networks (ANN), which will be explained later on [25]. 

Deep Learning is very popular right now as it obtains very high success rates for both 

supervised and unsupervised learning when there is a big amount of data available. 

Therefore, data scientists and engineers are making a huge effort in a very wide range of 

applications such as image recognition and suggestion based on a search, real-time 

monitoring of online users in a platform, marketing segmentation, health systems 

improvements by automatically providing the doctor a diagnosis, voice recognition… 

Overall, DL will allow us continue innovating and creating new services and products [26]. 

 

 

 

 

4.3. Artificial Neural Networks (ANN)  

Artificial Neural Networks (ANN) are the answer to the question “How does DL           

really work?”. 

Artificial Neural Networks (ANN) are ML algorithms inspired by human brain, thus, they 

try to emulate our brain [27]. It receives some inputs (captured by the senses), some 

processing is done, and we produce an action (performed by our systems and muscles). 

Science still does not know how the brain works, but it does work in a correct manner.  

In an analogous way, in an ANN there are some inputs, some unknown processes (modelled 

as a Blackbox) and some outputs. Inputs can be images, numbers, vectors or matrices of 

data or the output of any other data processing. Outputs can be binary, images, numbers, 

vectors of data… This can be better understood with the following graphic. 
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Figure 7. ANN scheme 

 
The simplistic representation of an ANN shown in figure 4 can be further developed with 

the following components. 

 Nodes or neurons. This is the place where everything takes place. All the 

computations and data processing are carried out here. According to the Perceptron 

Model, it receives 𝑚 inputs and assigns a given importance (weight) to each of them. 

Then, it sums them all and obtains a value that is passed through an activation 

function to obtain the output of the node. 

 Links. Element that connects two nodes. 

 Layers. Set of nodes with no direct dependency one on another. The output of a 

node from a given layer is normally the input of a node from next layer.  

 Weights. Value that is assigned to an input and is referred as the importance of a 

given input value within the all dataset. 

 Net input function. Sum all the input-weights product. 

 Activation function. Computes the output by taking the net input function’s output.  

In the figure below, a node based on the Perceptron Model is depicted. Note that all parts 

of an ANN are explain in the following pages.  

 

Figure 8. Node's diagram (Perceptron Model) [28]  
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Mathematically, the figure above can be translated as 

�̂� = 𝑔 (𝑎 + ∑𝑥𝑖𝑤𝑖

𝑁

𝑖=1

) 

where 𝑔() is the activation function. 

 

ANN are formed by several layers of perceptrons, put together in cascade in a  feed-forward 

fashion. The basic type of ANN has layers that are connected only to the nodes in the next 

layer. A neural network belongs to the class of non-linear classifier as it is able to deal with 

non-linear classification, such as XOR function.  

These networks have a certain depth and that is the reason of its name. Depth should be 

understood as the number of node layers composing an ANN, where it should be greater 

than three including input and output. 

 
Figure 9. ANN full diagram [28]  

 

 

 

 

 

4.3.1.  Multiple Linear Regression  

Multiple Linear Regression (LR), [27], is the method used by ANN to achieve non-linear 

classification. Hence, neural networks are nothing else but code and the mathematics 

behind it. 

Mathematically, LR can be expressed as the equation of a straight line:  

�̅� =  𝐛𝐗 +  𝐚 

where 𝑋 is the input and Y̅ is the predicted output. 

Basically, Multiple LR is an extension of the equation above to many inputs                              

𝑋 = [𝑋1, … , 𝑋𝑁]. 

�̅� =  𝐛𝟏𝐗𝟏 + 𝐛𝟐𝐗𝟐+ . . . +𝐛𝐍𝐗𝐍 +  𝐚 

The key here is that this equation of Multiple LR is used at every node of a neural network.  

For each node, the total received input is a mixture of different inputs that are then weighted 

(4.1) 

(4.3) 

(4.2) 
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according to its importance. Once you sum the inputs and get Y̅,  then the result is passed 

through a non-linear function. 

Ultimately, we want to classify an output in being 1/0 (true/false, high/down) in what is 

called a classification problem or obtain a probability for each label by squashing the input 

using logistic regression. 

One could argue, how do you adjust the weights corresponding to each input? The answer 

is Gradient Descent Method. 

 

 

 

4.3.2.  Activation Function 

After having applied Multiple Linear Regression, it is the turn of passing the result through 

an activation function. Its purpose is to introduce non-linearities into the network and it 

determines the output generated by the node. 

There are many examples of generally used activation functions. However, the most 

common ones are: 

 

Figure 10. Most common activation functions [29]. 

 

 

 

 

4.3.3.  Gradient Descent  

Gradient Descent is the most commonly used method in ANN to adjust weights of the 

inputs. It takes into account the error or mismatch that appears after the classification with 

a certain weight [30]. 

This method is based on the slope of the Loss Function. In this case, the slope is the degree 

of variation of the error as the weight is adjusted in every iteration.  
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In the process of learning the optimal weights, they are adjusted by means of 

backpropagation algorithm, thus, starting with the output layer, the error is propagated 

back to the previous layer in order to update the weights until the first layer.  

To have a clearer idea of this method, in the figure below there is a loss function that 

depends on 𝑤 and 𝑏: 𝑱(𝒘, 𝒃). Gradient descent tries to figure out the minimum (indicated 

with a red arrow). To do so, it uses some optimization algorithms that are based on the 

learning rate, a value that indicates how fast or slow the optimal minimum will be found. 

Normally, a smaller learning rate will be better but not too neither too high. By having a 

small value, it will eventually reach the minimum of the function.  

 
Figure 11. Gradient Descent [31] . 

 

In summary, learning in DL basically consists in applying Gradient Descent. 

 

Summing up, when trying to make predictions or producing an output, we want to figure 

out the underlying data pattern. This pattern can be learnt by letting data pass through all 

the nodes in an ANN. In each layer, nodes will identify more complex features and 

ultimately, you will get the desired output.  

Let’s imagine we want to achieve face recognition in an airport, and we have a database 

with all the faces of European Citizens. You introduce a set of testing images to our ANN 

and as the iterations take place, it will be able to identify more features as it is shown in an 

example in the image below. Consequently, a person will be identified when there is a 

match in our testing data with respect the European database. 
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Figure 12. Learning underlying features from data [29]. 

 

At the end, the ANN is able to obtain –with more or less accuracy– the face underlying 

probability distribution. Obtaining the underlying probability distribution of a dataset can 

be seen as a feature hierarchy as in every iteration, the complexity and abstraction of the 

data increases, obtaining more and more features of the face.  

Finally, it should be noted that these networks finish in an output layer: a logistic/softmax 

classifier that assigns a probability/likelihood to each network outcome. 

 

 

 

4.3.4.  Logistic Regression  

Logistic Regression is an algorithm used in the output of a layer of a ML algorithm. It 

assigns a certain likelihood to each possible output and after it allow us to convert 

continuous signals into binary output [27]. 

In the case of ANN, the output layer nodes receive a signal with a certain strength depending 

on its weights. Finally, we can obtain a classification, thus, the probability is transformed 

a set of classes (in binary classification: 0 or 1).  

Mathematically, 

𝐹(𝑥) =
1

1 + 𝑒−𝑥
 

– abstraction + abstraction and complexity 

(4.4) 
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Figure 13. Sigmoid function, 𝐹(𝑥) 

 

This function is smoother than a linear classifier (a straight line) and it allow us to set a 

decision threshold above which an output is labeled 1, and below which it is labeled 0. 

 

 

 

4.3.5.  Loss Function  

Once we have successfully classified our output, it is very interesting to analyze the loss 

function: the function used for evaluating a solution. In neural networks, we aim to 

minimize the error. 

As you can imagine, there are many methods to achieve the minimization. The most 

common ones are: 

Mean Squared Error Binary Cross Entropy 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑌𝑖 − 𝑌�̂�)

2
𝑛

𝑖=1

 

 

ℒ(�̂�, 𝑌) = ∑𝑦𝑖 log(𝑦�̂�) + (1 − 𝑦𝑖) log (1 − 𝑦�̂�)

𝑑

𝑖=1

 

 

Table 2. Two most used loss functions 

 
From now on, note that Binary Cross Entropy function will be used. 

 

 

 

(4.5) (4.6) 
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4.3.6.  Types of ANN 

Up to now, everything that has been explained belongs to a general explanation of ANN. 

Nevertheless, there are many different ANN schemes or architectures such as feedforward 

networks, recurrent neural networks (RNN) and convolutional neural networ ks (CNN). In 

this thesis, only feedforward networks and CNN will be used.  

 

 

Feedforward Networks 

The nodes in one layer are connected only to the nodes in the next layer  [32]. 

Information flows directly from inputs nodes to the output nodes without feedback 

connections in which outputs of the model are fed back into itself.  

 

Figure 14. Example of a feedforward neural network [29]  

 

 

 

 

Convolutional Neural Networks 

Convolutional Neural Networks (CNN) or, simply ConvNets, are a more complex approach 

to neural networks. The input is assigned an importance (weight) to various of its aspects 

in a different way one of each other, thus, the ConvNet is able to distinguish the parts of 

the input that are more relevant.  

CNN are incredibly powerful and popular nowadays due to its outstanding possibilities in 

Image and Video Recognition. 

Diving into the architecture, the layers of a ConvNet are arranged in a 3D space having a 

width, height and depth. This way, it is able to capture the Spatial and Temporal distribution 

of an image (that normally have 3 layers of colors) [33]. 
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With no further explanations, here is a comparison of a CNN and a Vanilla Neural Network 

(feedforward): 

 

Figure 15. Comparison of a CNN and Vanilla Neural Network [34]. 
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5. ANALYSIS OF A GENERATIVE ADVERSARIAL 

NETWORK 

 

This chapter contains the explanation of the core concept of my thesis: Generative 

Adversarial Networks (GANs). I carefully explain them, their structure and their 

mathematical definitions. Furthermore, my Python implementation is shown and explained.  

This thesis is educational and self-learning. Hence, it shows the work I have done to 

understand and program GANs. 

 

 

5.1. Introduction and motivation  

Generative Adversarial Networks have a huge potential in the Information Technologies 

(IT) industry and, in a more extensive manner, in other sectors such as the health industry, 

the agriculture, banking and insurance sector… Its capabilities to generate new data tha t, 

somehow mimics the input learning data given to it, are impressive and never seen before.  

Nowadays, many of the so-called “Internet Companies” (Google, Facebook, Apple, 

Microsoft…) are working on these networks to provide ML capabilities to their actual –and 

future– product portfolio as well as to improve their services. Yann LeCun, Vice President, 

Chief AI Scientist at Facebook and recipient of the 2018 Turing Award, described them as 

“the most interesting idea in the last 10 years in Machine Learning”  [35]. 

GANs were introduced by Ian Goodfellow in 2014 and quickly became one of the most 

popular generative models [36]. It comprises of two ANN that fight one against the other 

(that is the reason of its name) resulting in a generation of new artificial data that follows 

the probability distribution of real data. 

Up to the creation of GANs, the most successful Deep Learning experiments were based in 

discriminative models. So, before going into the details of a GAN, it is very convenient to 

explain the differences between a discriminative and a generative model: 

 Discriminative Model. Learns to classify the input data into different categories. 

As it has been explained, it can be a strict classification (by assigning 0 or 1 to the 

result) or, a smoother one, by assigning a probability to each result. Classification 

is a very simple task that can be easily achieved with ANNs. 

 Generative Model. You can think of this model as the opposite to discriminative 

models. This model produces fake data based on the information received from 

input data. It tries to predict features of our data. Mathematically, it tries to discover 

the underlying probability of the data to reproduce new individual fake data that is 

similar to the real one [36] [37]. As classification is nicely done with ANNs, it does 

not seems strange to use them to train a generator network too. 
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5.2. Generator and Discriminator  

GANs consist of two neural networks: a generator (G) and a discriminator (D). The 

generator creates new data instances based on the real data samples. On the other hand, 

the discriminator evaluates this fake data instances and decides its belonging to the 

predicted class. Both networks want to improve its results over time and, as it can be 

observed in the picture below, they receive feedback from the final decision.  

 

Figure 16. GAN Architecture [38] 

 
In view of the previous image, it is now clear the procedure a GAN does: the Generator, a 

de-convolutional neural network, takes random data that is mixed with noise and it produces 

an image. On the other hand, the Discriminator, a convolutional neural network, is fed with 

the fake and the real images [39]. Hence, it returns a probability of which image is the real 

and the fake one. During this process, weights and bias terms of the ANN inside the 

Generator and Discriminator are updated by means of backpropagation. This way, both 

networks are improved over time. 

Ultimately, we want to obtain a density distribution similar to the “real data distribution” , 

thus, have �̂�(�⃗⃗� ) as close as possible to the real distribution, 𝒑(�⃗⃗� ). The differences between 

them will be modeled as the loss. 

Mathematically, both neural networks can be expressed as follows: 

 Generator. As input, it receives noise following some kind of distribution such as 

a Gaussian one, 𝒛~𝑵(𝟎, 𝑰𝒏). The network has some parameters to optimize, defined 

as 𝜶. As output, it will produce �̃� = 𝑮𝜶(�⃗� ) which corresponds to the fake image I 

have talked about before. The more training, the closer �̃� will be to 𝑋. [40] . 
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 Discriminator. It receives an image (either from the dataset or a fake one), 𝒙, and 

aims to predict whether this image is real or fake. This is a basic classification 

problem. As before, the network has some parameters to optimize (𝜽) and it will 

produce an outcome, 𝒉. Afterwards, it goes through a function such as Sigmoid 

function, to obtain a probability, 𝐃(�⃗� ). [40]. 

 

Figure 17. Mathematical representation of G and D 

 
 

But, ¿how is the error measured? There is another very important function in ANN to 

measure the error between the real-grown truth value and the prediction: the loss function. 

In GANs, it is crucial to obtain a good balance between the D and G’s loss function.  

 Let’s start now with the discriminator (as it is straightforward and easier to 

understand than the generator). This neural net aims to obtain 𝐦𝐚𝐱
𝜽

𝓛(𝜽, 𝜶), being 

𝛼 ∈ 𝑐𝑡𝑒. 

 Generator’s objective is the opposite: minimize the loss function, thus, 

𝐦𝐢𝐧
𝜶

𝓛(𝜽,𝜶) being 𝜃 ∈ 𝑐𝑡𝑒. 

As the two nets are trained simultaneously, they can be similar to the so-called minimax 

game from game theory. Here, the value function is 𝑉(𝐺, 𝐷) and we have [41]: 

min
𝐺

max
𝐷

𝑉(𝐺, 𝐷) = 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[log 𝐷(𝑥 )] + 𝔼𝑧~𝑝𝑧(𝑧)[log(1 − 𝐷(𝐺(𝑧 )))] 

 

The most common loss function is the binary cross entropy function. Note that this is the 

function I will use in my experiments in next sections. It is defined in a similar way to the 

previous general loss function: 

ℒ(𝜃, 𝛼) = ∑log 𝐷𝜃(𝑥𝑖⃗⃗  ⃗)

𝑛

𝑖=1

+ ∑log (1 − 𝐷𝜃(𝐺𝛼(𝑧 )))

𝑛

𝑖=1

 

D training G training 

G training D training 

(5.1) 

(5.2) 
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Particularizing for the generator, the minimization of the loss function with respect to alpha, 

𝛼, can be simplified as: min
𝛼

ℒ(𝜃, 𝛼) = min
𝛼

∑ log (1 − 𝐷𝜃(𝐺𝛼(𝑧 )))𝑛
𝑖=1 . 

At the end, it is desired that the discriminator converges to have the same probability of 

having a true or fake image, thus, 𝑝(𝑥 ) = �̂�(𝑥 ) = 0,5. The discriminator will not be able to 

differentiate whether an image is real or fake, meaning that the GAN is performing pretty 

well thanks to the high-quality generated images. 

Now that we have a reasonable understanding of the working principles of GAN, a very 

important question arises. ¿How can a GAN be used to help solve real-life problems? 

As an illustrative example, let’s imagine you provide the GAN a set of real faces from the 

Toronto Facial Dataset (TFD) [42]. The more iterations, the better the generator will 

generate faces that are more similar to the provided real ones. An example of this fact can 

be seen in the following image. In the right part of the image, there are quite real faces that 

were generated by a GAN.   

 
Figure 18. Evolution of faces' generation [41]  
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5.3. Implementation and technology in use 

Once it is clear the concept of a GAN, I am going to explain a code implementation to 

illustrate how straightforward is to create a simple GAN. Note that there are many different 

types of GANs –and more that are being developed every month– but the basics to build 

from can be explained with the following pieces of code.  

For my developments, I used Python 3.6 and the code is based on TensorFlow, an open 

source platform for machine learning [43]. To run most of the code, I used Google 

Collaboratory –it runs on Google Servers– because it is faster to run very quickly due to 

the huge computational needs. I recommend the use of that tool or, instead, a GPU.  

For the sample code below, I use the famous MNIST dataset [44], a well-known database 

of 28x28 bits handwritten digits (from 0 to 9). It has a training set of 60.000 samples and a 

test set of 10.000 samples. 

It is quite simple to have a “vanilla GAN” up and running in just a few hours [45]. 

With databases that do not have depth, thus, data that has only one or two dimensions (like 

the images in MNIST dataset), it can be useful to use GANs based on feedforward networks. 

But, do we normally use images in black and white or using different colors? Colors, right? 

To represent images with colors, datasets must have a larger depth, represented by the 

number of its color channels. The most common color codification is RGB (Red, Green and 

Blue) and this is the one used by the CIFAR-10 dataset images.  

As a consequence, it is no longer possible to use a “vanilla GAN” made of simple 

feedforward networks. A Deep Convolutional GAN (DCGAN) must be used to obtain 

reasonable and good results. 

Both of these networks are in the online repository hosted in GitHub, so I emplace you to 

check it out. It contains the full code in Python Notebook format with explanations and 

guides to understand what’s done in it.  

GitHub Repository: https://github.com/pdepaz/thesis_gans  

 

Figure 19. GitHub repository 

https://github.com/pdepaz/thesis_gans
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5.4. Evaluation and results 

First of all, I evaluate the results I obtained by using the vanilla GAN explained in the 

previous part with different datasets. 

 

5.4.1.  MNIST Dataset  

Taking MNIST dataset, the adversarial network will create new previously unseen numbers 

that resemble the original ones available in the dataset.  

For different number of iterations and depth of the neural networks (both G and D), the 

results vary. First, I keep the depth of the ANNs constant with 2 hidden layers. I obtain the 

following qualitative results: 

 

Figure 20. MNIST – 2 iterations – 2 hidden layers 

 

 

Figure 21. MNIST – 20 iterations – 2 hidden layers 
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Figure 22. MNIST – 600 iterations – 2 hidden layers 

 

 

 
Figure 23. MNIST – 2000 iterations – 2 hidden layers 

 

As it can be observed, with a few iterations (6 or 20 it.) the output images are not very clear 

due to the noise. Sometimes it is unsure to tell which number is represented. But when the 

number of iterations increases, the results become clearer as the generator has converged 

and it is more efficient creating a random number.  

Providing a quantitative analysis, the loss of the generator decreases until it reaches           

ℒ = 𝑝(𝑥) = 0,5, thus, the discriminator cannot differentiate between a real and a fake 

image. This fact can be observed in the following image for the case of 600 and 2000 

iterations: 
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Figure 24. Discriminator Loss for 600 iterations 

 

 

Figure 25. Discriminator Loss for 2000 iterations 

 

A very valuable measure to have an idea of how well the Discriminator is doing, is the 

average Discriminator Loss within a given number of epochs. I use the last 250 epochs  to 

avoid the early results that may be worse, thus, starting from the last epoch backwards 249 

epochs. 

In the next table, there is a comparison between the average Discriminator loss for different 

iterations and different number of hidden layers: 

 2 hidden layers 3 hidden layers 5 hidden layers 

600 it. 0.58236426 0.55773926 0.54678940 

2000 it. 0.5549142 0.54041023 0.53775002 

Table 3. Comparison of D Losses for MNIST 

 

Note that qualitatively, just by looking at the generated images, there is not a great 

difference for the human eye between the same number of iterations but different number 

of hidden layers. But in a more analytical way, the more hidden layers the better the neural 

networks extract the probability density distribution of the data, so the Generator is able to 

create better images. 
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5.4.2.  Fashion MNIST Dataset  

Now, let’s take a look at Fashion MNIST dataset [46], a Zalando’s image dataset consisting 

in articles images (t-shirts, trousers, pullovers, coats, sandals, bags…). It consists in a 

training set of 60.000 samples and a test set of 10.000 samples, all 28x28 grayscale images. 

The main reason why I decided to use this dataset is because MNIST is “too easy” for 

Artificial Neural Networks. Let’s take a bigger challenge with Fashion MNIST.  

The code is very similar to the one explained in previous section with some adaptations and 

re-adjustments to this new dataset. The qualitative results for a different number of 

iterations are: 

 

Figure 26. Fashion MNIST – 2 iterations – 2 hidden layers 

 

 

 

Figure 27. Fashion MNIST – 20 iterations – 2 hidden layers 
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With a very low number of iterations, the quality of the generated images is very bad. 

Actually, it is quite difficult to differentiate precisely each type of clothing because of the 

noise. Hence, the results will not be valid for real-life applications. 

When we increase the iterations, computational needs are bigger and so, the results will be 

better: 

 

Figure 28. Fashion MNIST – 600 iterations – 2 hidden layers 

 

 

Figure 29. Fashion MNIST – 2000 iterations – 2 hidden layers 

 

This dataset is more challenging to be trained by the GAN due to its sharp shapes and 

amount of details that clothes have. With a qualitative analysis (just by looking at the 

images), the results greatly improve from 20 to 600 iterations and, slightly do so from 600 

to 2000. However, there are still some non-recognizable images. 

Providing a quantitative analysis, the loss of the generator decreases with the increase of 

iterations. As can be seen in the next images, the loss tends to ℒ = 𝑝(𝑥) = 0,5 but it never 
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reaches such value. Why? One possible answer is the difficulty that I have commented 

above, which made gradient descent slower, so it takes longer to converge. Check this out 

in the following images for 600 and 2000 iterations: 

 

 

 

Figure 30. Discriminator Loss for 600 iterations 

 

 

 

Figure 31. Discriminator Loss for 2000 iterations 

 

In an analogous way as before, the following table shows a comparison between the average 

Discriminator loss for different iterations and different number of hidden layers:  

 2 hidden layers 3 hidden layers 5 hidden layers 

600 it. 0.61230785 0.59987564 0.57640312 

2000 it. 0.59354174 0.58032096 0.56105234 

Table 4. Comparison of D Losses for Fashion MNIST 

 

As with MNIST, the more hidden layers, the better the neural networks extract the 

probability density distribution of the data. Consequently, the Generator is able to create 

better images. 

 

 

 



 

 

 

34 

5.4.3.  CIFAR-10 Dataset  

CIFAR-10 dataset [47] consists of a set of 32x32 color images organized in 10 classes as 

follows: airplane, automobile, bird, cat, deer, dog, frog, horse, ship and truck.  

 

Figure 32. CIFAR-10 image classes 

 

It is very important that classes are mutually exclusive. Anyway, the dataset is divided into 

the training subset (50.000 images) and the testing subset (10.000 images). 

This dataset is trained with a DCGAN [48] , that can handle the color codification RGB 

(Red, Green and Blue), thus, the three “layers” that the dataset has, one for each color. 

 
Figure 33. Three different colors in an image 

 

The DCGAN is made of Convolutional Neural Networks (CNN) [49], thus, ANN sharing 

parameters across space in the so-called convolutional layer. Unlike ANN, this 

convolutional layer is the core of these type of networks and takes most of the total 

computational power. 
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This layer connects each neuron to only a certain local region of the input image. In other 

words, depending of the parameters used in the convolutional layer, it only takes a given 

part of the input image for its processing. 

At the end, ConvNets end up transforming the original three-layer image into a vector that 

contains the results of the predicted class. It is very important to note that there are many 

different types of architectures of these nets. For example, use both a convolution and       

sub-sampling layer plus some fully connected layers at the end.  

 
Figure 34. A possible CNN architecture [50]  

 

In this case, the Generator and Discriminator are built as follows: 

 
Figure 35. G and D internal architecture 
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As a summary, a Deep Convolutional GAN (DCGAN) must be used to obtain reasonable 

and good results in image and text recognition. This is precisely what is done with CIFAR-

10 in the experiments below. Recall that this dataset has 10 different classes of objects so 

the GAN training should be done each time for each class. 

In this case, the results for the image generations for some classes are shown next. 

Remember that the code is available in my personal GitHub. 

 

1. “Automobile” class 

 

Figure 36. CIFAR–10: automobile class – 100 iterations 

 

 

Figure 37. CIFAR–10: automobile class – 500 iterations 
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Figure 38. CIFAR–10: automobile class – 1000 iterations 

 

As it can be observed in the three pictures above, the precision of the generator network to 

create new images of automobiles increases with the number of iterations. However, the 

quality and sharpness of the images in the 1000 th iteration are not very good yet. This can 

be due to the fact that CIFAR–10 images contain color, so the probability distribution of 

automobile images is more difficult to be extracted (even though CNN are used). 

It is quite interesting the fact that you can actually differentiate two or three types of cars 

in the figure above: a white-blue one, a red one and an orangish one. The GAN is focusing 

in these three types of automobile’s images probability distribution.  

Regarding a more mathematical point of view, discriminator loss is around ℒ = 𝑝(𝑥) = 0,5 

but it is unstable because it has some peaks. 

 

Figure 39. CIFAR–10 (automobile) Discriminator Loss for 1000 iterations 
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2. “Airplane” class 

For the sake of curiosity, this class image class will be analyzed to check if the behavior is 

similar to the automobile one. 

 

 

Figure 40. CIFAR–10: airplane class – 100 iterations 

 

 

 

Figure 41. CIFAR–10: airplane class – 500 iterations 

 



 

 

 

39 

 

Figure 42. CIFAR–10: airplane class – 1000 iterations 

 

In this case, the generator seems to have more difficulties to generate images that represent 

an airplane. It captures the probability distribution of what it looks like a plane flying above 

clouds and some other representations. The results are not conclusive, and maybe more 

iterations would be needed until a nicer result is obtained.  

Analytically, discriminator loss moves around ℒ = 𝑝(𝑥) = 0,5 and, as iterations increase, it 

gets more stable due to its convergence. Some peaks at the beginning of the training are 

remarkable and they can be due to the GAN instability and loss. 

 

 

Figure 43. CIFAR–10 (airplane) Discriminator Loss for 1000 iterations 

 

 

 



 

 

 

40 

3. “Dog” class 

Finally, the “dog” class is analyzed and compared results with respect to the other two 

classes selected for this document. Will they behave similarly or have differences due to 

the objects’ shapes and colors? 

 

 

Figure 44. CIFAR–10: dog class – 100 iterations 

 

 

 

Figure 45. CIFAR–10: dog class – 500 iterations 
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Figure 46. CIFAR–10: dog class – 1000 iterations 

 

By inspection, the generated images after having done 1000 iterations are not pretty clear. 

I would suggest that they are even less clear than the other classes for their respective label. 

Maybe the different races of dogs, colors and shapes makes it more difficult to generate 

dog images, thus, the generator will require more iterations to capture the underlying 

probability distribution of the ground-truth original images. 

Analytically, discriminator loss approaches ℒ = 𝑝(𝑥) = 0,5 following a downward trend 

and this means that the convergence is correct (even tough slow). 

 

 

Figure 47. CIFAR–10 (dog) Discriminator Loss for 1000 iterations 
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Comparison between tested classes  

Overall, the three of the classes trained in the DCGAN and presented above, present a 

similar behavior in terms of the Discriminator Loss. The average of this loss for each of the 

classes above is: 

 Automobile Airplane Dog 

D Loss 0.45015996 0.47024597 0.46569556 

Table 5. Comparison of D Losses for different classes of CIFAR–10 

 

There is a slight loss variation between each class and maybe, that is due to the fact that 

one object may need more iterations than other to be perfectly generated by the GAN. 

Discriminator Loss for all the three of them start with a very high and unstable loss. After 

some iterations takes place (and gradient descent is minimized), they follow a trend towards 

ℒ = 𝑝(𝑥) = 0,5 (from below or above that value). At that optimal point, the discriminator 

will not be able to distinguish a real from a fake-generated image. 

In order to obtain better resolution generated images, much more computational power is 

needed, and this exceeds this thesis limits and possibilities. 
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6. CONCLUSIONS 

 

To end this thesis, I draw conclusions about GANs and my experiments. In addition, I 

provide some guidelines for future work that can be done from where I left it off as well as 

different improvements that are under development these days.  

 

 

6.1. Thesis conclusions 

Finishing this final-year project for my bachelor in Telecommunication Technologies 

Engineering is really satisfying for me. I have learned a lot, not only in the field of Machine 

Learning and Data Science, but also programming using Python over TensorFlow library. 

In addition, I do believe it is really remarkable my learning process and, the exercise of 

gathering and extracting information from books and online knowledge blogs. Moreover, 

writing a thesis in a clean and organized way is difficult and requires a lot of effort too. 

During this last year, I worked hard on this topic trying to understand and master the 

concepts that constitute the basis of this thesis. I felt very excited about GANs because I do 

believe it is a very innovative concept in Deep Learning that will see a lot of developments 

and uses a lot in the years to come. 

This thesis is a first approach to Deep Learning and Generative Adversarial Networks. Its 

main purpose is to learn about GANs and its different types existing today, as well as to 

practice and test some of them to get an idea of how they work. As it is a very widespread 

topic, it can be further developed in future thesis. I am glad to say that, at the time of writing 

this paragraph, the objective of the thesis is fully met. 

Regarding ML, DL and GANs, they all seem to have a very promising future. The number 

of published papers and developments done every month around these three topics are 

increasing as more and more researchers and companies start to get interested and pay 

attention to the power of AI. For example, the papers published related to GANs already 

passed the 500-paper milestone, as can be observed in “The GAN Zoo” [8]. 

By learning from massive amounts of data, a GAN can understand the underlying 

probability or density distribution of an input data and, from noise, generate a realistic 

output data. As the training improves, the generated data is better and more realistic. This 

is where the importance of these networks relies. Hence, generative models based on neural 

networks are expected to impact many fields of the economy in a similar way discriminative 

models based on artificial neural networks did [51] and are doing nowadays. 

In the experiments I carried out with the typical ML testing datasets (MNIST,               

Fashion-MNIST and CIFAR–10), the results were conclusive: both “vanilla GAN” and the 

DCGAN were able to generate new previously unseen images, with more or less accuracy, 

due to the available computational power. Mathematical results and metrics are aligned 

with the numbers explained in theory, even though sometimes at a given point in the training 
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process, they suffer some minor breakouts. Somehow this is inherent to the concept of a 

ANN but I also feel the code can be enhanced for future trainings and, hence, the GAN will 

be more stable and accurate. 

Overall, the results provided in previous chapter for each of the datasets fulfill the concept 

of a GAN, thus, I obtain new machine-generated images that are not included in the dataset 

provided but, in most of the cases, they could fit there. A particular case is CIFAR–10, 

whose results are not as good as MNIST and Fashion-MNIST results. To obtain a similar 

level of accuracy, much more computational power will be needed. However, the concept 

of a generative network can be observed in the generated images that somehow represent 

the class they are referred to.  

Many people have said GANs are a revolution in Deep Learning and one of the most 

innovative and exciting ideas being developed today. I do believe so. GANs have been able 

to produce 1024x1024 images (recall, in this thesis I used with 28x28 or 32x32 images), 

create a fake video emulating Donald Trump, add “realistic” effects to photos in your 

gallery, do text-to-image generation by using a StackGAN [52], increase the resolution of 

an image or predict next frame in a video [53] by using a Predictive Generative Network 

(PGN). These are just some examples of what the actual capabilities of GANs are today. 

The future is unknown. What will GANs be capable of? 

 

 

6.2. Future work 

As I have mentioned in this document’s introduction, this thesis is a first approach to Deep 

Learning and Generative Adversarial Networks. There is much more going on and being 

developed right now.  

If you feel interested in this topic, I suggest studying and experimenting with other type of 

GANs such as Wasserstein GAN (WGAN) [54]. This GAN has some improvement in the 

learning stability, avoid some common GAN problems and provide meaningful learning 

curves useful for debugging and hyperparameter searches. Overall, optimization is more 

efficient, and the results are better. 

In addition, if you are interested in generative networks for more specific purposes, it is 

very important the model you choose so that it is optimized for the type of data you are 

using. I suggest you the GitHub repository called “The GAN Zoo” [8] that has a list of all 

of the latest developed GANs if you are involved in activities such as image edition, video 

prediction, face recognition, art, biotechnology, text-to-image translation… 
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GLOSSARY 

UC3M  Acronym for Universidad Carlos III de Madrid.  

ML  Acronym for Machine Learning. 

AI  Acronym for Artificial Intelligence. 

EU  Acronym for United States of America. 

USA  Acronym for European Union. 

CAGR  Acronym for Compound Annual Growth Rate. 

GDPR  Acronym for General Data Protection Regulation. 

LOPD  Acronym for Ley Orgánica de Protección de Datos. 

AEPD  Acronym for Agencia Española de Protección de Datos.  

ANN  Acronym for Artificial Neural Network. 

GAN  Acronym for Generative Adversarial Network. 

DCGAN Acronym for Deep Convolutional Generative Adversarial Network. 

NLP  Acronym for Natural Language Processing.  

DL  Acronym for Deep Learning. 

LR  Acronym for Linear Regression. 

RNN  Acronym for Recurrent Neural Network. 

CNN  Acronym for Convolutional Neural Network or ConvNets. 

IT  Acronym for Information Technologies. 

GPU  Acronym for Graphics Processing Unit.  

PGN  Acronym for Predictive Generative Network. 

WGAN Acronym for Wasserstein GAN. 
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