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Abstrakt

Odbor strojového ucenia a umelej inteligencie sa stal v stucast-
nosti velmi atraktivnym prave vdaka svojej schopnosti - niekedy
viac a niekedy menej - poskytnut takmer optiméalne riesenie na
problémy, kde by hladanie optimalneho riesenia trvalo prilis dlho.
Aj ked rieseni na tieto tazké problémy sa ¢rta viacero (napriklad
pomocou kvantovych pocitacov), umeld inteligencia vytvorend po-
mocou metdd strojového ucenia je jedna z mala, ktord sa uz aj
dnes ukazuje ako funkéna a redlne pouzitelna.

V tejto praci sa venujeme algoritmom posilneného ucenia, ktoré
predstavuju v obore strojového ucenia zvlastnu kategoériu prave
vdaka svojmu jedineénému pristupu ucif sa na zaklade metddy
pokus-omyl. Na pocitacovej hre Flappy Bird testujeme algoritmus
Q-learning, kde prezentujeme pozitivne vysledky zalozené na vhod-
nom definovani stavového priestoru, politiky vyberu akcie, atd. Do
algoritmu prindSame novy prvok - vyber akcie s maximalnou odme-
nou v najblizsich k£ krokoch, ktory vyrazne znizuje cas ucenia a aj
vylepsuje priemerné a najvyssie skére. Najlepsie vysledky vsak do-
sahuje tento algoritmus v kombinacii s modifikovanym algoritmom
Deep Q-learning, kde davame zvlastny doraz na pouzitie spojenia
posilneného ucenia s vyuzitim neurénovych sieti so zameranim na
vyuzitie doprednej siete namiesto povodne navrhovanej konvoluc-
nej.

KIicové slova: strojové ucenie, umeld inteligencia, posilnené

ucenie, Q-learning, Deep Q)-learning



Abstract

Nowadays, machine learning and artificial intelligence have be-
come very attractive because of its ability, sometimes more and
sometimes less, to provide an almost optimal solution to problems
where searching for the optimal solution would take too long. Al-
though more solutions to these difficult problems are researched
(for example by using quantum computers), artificial intelligence,
as a part of machine learning, is one of the few which works and is
applicable today.

In this thesis, we focus on reinforcement learning algorithms,
that represents a specific category in the field of machine learn-
ing precisely because of its unique approach based on a trial-error
basis. We implement and test Q-learning on the game Flappy
Bird where significant results are achieved by appropriate setting
of state space, act policy, etc. We introduce a new approach -
maximizing k-future rewards policy which decreases learning time
and increases maximal and average score significantly. The best
results are achieved by using the algorithm combined with modi-
fied Deep Q-learning. We place particular emphasis on the use of
neural networks with reinforcement learning focusing on the use
of a feedforward neural network instead of the originally proposed

convolutional.

Keywords: machine learning, artificial intelligence, reinforce-

ment learning, Q-learning, Deep Q-learning
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Introduction

Reinforcement learning is a learning that determines what action to choose in a
state derived from an environment where the goal is to maximize the agent’s reward.
Algorithms that implement such approach have to pick actions by the previous ex-
perience and should act the way that maximizes its future reward. We can also say
that a single action is not so important but the policy which is the sequence of correct
actions to reach a goal. So the goal of reinforcement learning algorithms is to build
a policy by learning from past good action sequences [5]. For this class of algorithm,
two basic things are significant: trial and error method and possible delayed
reward (you should not only act greedy).

Unlike the other two categories of machine learning, supervised learning, where the
training data are required or unsupervised learning, where data that are later classified
are required, reinforcement learning only needs to define a few basic attributes, such
as state space, action space, rewards, etc. and needs to receive information from an
environment in the form of reward or penalty. In designing algorithms we focus highly
on the applicability of neural networks in reinforcement learning as far as it appears
to be a method with potential to achieve better results. The main reason that neural
networks have been introduced with reinforcement learning is that representation
learning with deep learning enables automatic feature engineering and end-to-end
learning through updating weight of the neural network so that reliance on domain
knowledge is significantly reduced or even removed [0].

In this thesis, we try to create artificial intelligence that could learn to play com-
puter games (or solve similarly defined problems). Games provide excellent testbeds
for artificial intelligence algorithms [6]. We try the implemented algorithms in the
game Flappy Bird. This relatively simple game can show advantages and disadvan-
tages of many learning algorithms and compare them together. Introduces algorithms
could be later used in more real-world applications such as a natural language process-

ing [7, 8, 9, 10], computer vision [11, 12, 13], business management (ads, recommen-



dation, customer management, marketing, etc.) [11, 15, 16, 17, 18], robot navigating
[0] in an environment or drones navigation, etc. An autonomous drone has similar
problems as are described in this thesis. Especially when we try to cope with indoor
navigation with lots of obstacles or navigation in caves, etc. Lot more real-world
examples of reinforcement learning applications can be found here [19].

In the thesis, we compare different reinforcement learning algorithms in order to
achieve the highest score in the game usually in relation to the number of played
games. The artificial intelligence created by such algorithms can even have a much
higher score than a human in Flappy Bird. The algorithms’ variations are virtually
infinitely many even though the number of algorithms themselves is, of course, finite.
But each algorithm has some parameters and setting these parameters to different
values could significantly change results. Therefore, there is a relatively large scope for
testing and analyzing these algorithms. Especially, we take a closer look at possibilities
of applying different types of neural networks for reinforcement learning algorithms.
The main idea of the concept of using neural networks in reinforcement learning is not
so new. One of the first sources of such approach was available in 1993 [20]. However,
not so long time ago, in 2013, this approach was tested by using convolutional neural
networks for playing computer games with significant results and achieve a great
popularity [1].

Chapter 1 contains a comparison and analysis of related works. Chapter 2 con-
tains a more detailed description of reinforcement learning along with several specific
algorithms that are later implemented and tested in the thesis. Chapter 3 describes
the game Flappy Bird and the implementation of the game which is used in the thesis
and some basic attributes for the game are defined here. In Chapter 4, there are the

results and observations of the tested algorithms in the game Flappy Bird.
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Chapter 1

Related Works

There are more articles or projects concerning searching for an efficient algorithm to
play the game Flappy Bird (or other similar games). In this chapter, we review some

of the most interesting and describe methods that attempt to solve the problem.

1.1 Replay Memory

The author of the article [21] introduce experience replay, learning action models for
planning, and teaching to speed up learning time comparing to adaptive heuristic
critic learning architecture [22, 23] and Q-learning [21].

The author introduces experience replay as a technique to obtain and use en-
vironment outputs more effectively. The article states how training examples are
important and that training of a set of training data affects the whole network. Only
some of the experiences need to be stored and replayed, but also not as many times
as possible. This approach could over-train the network and lead to worse results.
For example if in a state s the agent receive 80% of the time a great penalty and 20%
of the time no penalty for an action a and if the agent is trained repeatedly by the
experiences with no penalty, it is easy to see that this approach is very wrong and
leads to not optimal policy.

Another advantage of experience replay is that if an input pattern has not been
presented for quite a while, the network could forget what it has learned for that
pattern. This problem is called the re-learning problem. If you train a model with
a lot more patterns and do not repeat them evenly, the network forgets not repeated
patterns and only adapts to the frequent ones [20].

The learning action model is a way how to simulate real-world hypothetical

12



situations to generate a new state and reward. It is a function S x A — S x R, where
S is state space, A is the set of actions and R is the set of possible rewards [20]. It is
not useful for our case because the environment in the game Flappy Bird is generated
randomly and there is no straightforward application of the game in the real world.
The last approach introduced by [21] is to add an expert which generates learning
data to teach the agent. The taught lessons are stored similar way as it is for the
experience replay and are replayed. As far as we can sometimes consider some of the
experiences as optimal (or not optimal) we can train with them more times or each
time. This approach we do not consider as far as we want to use pure reinforcement

learning with no expert training data.

1.2 Reinforcement Learning in Games

In the following subsections, we describe the main ideas of the methods applied to

create an artificial intelligence for playing different games.

1.2.1 Backgammon

In [25], authors use a neural network that is able to teach itself to play Backgammon
only by playing against itself and learning from the results, based on the TD(\)
reinforcement learning algorithm [20]. The performance of the bot is extremely close

to the world’s best human players.

1.2.2 Game of Go

Despite the diversity of games as Chess, Checkers, Othello, Backgammon and Scrab-
ble, many of the best playing programs share a simple idea: linear evaluation of many
simple features, trained by temporal difference learning, and combined with a suit-
able search algorithm. The authors of [27] try to return to the strategy in the ancient
oriental game of Go.

Later on, deep neural networks trained by a combination of supervised learning
from human expert games, and reinforcement learning from games of self-play have
been introduced and it was the first time that a computer program has defeated a

human professional player in the full-sized game of Go [25].

13



1.2.3 Texas Hold’em

The DeepStack algorithm defeated with statistical significance professional poker
players in heads-up no-limit Texas hold’em. A common feature of games like poker
is that players have not perfect information. Poker is a typical game of imperfect

information and a longstanding challenge problem in artificial intelligence [29].

1.2.4 Doom

Doom is a First-Person Shooter game in which the player fights against other com-
puter controlled agents or human players in a 3D environment. In [30] authors train
artificial intelligence agent using a framework that is based on an asynchronous ad-
vantage actor-critic method with convolutional neural networks [31]. This model uses

only the recent 4 frames and game variables to predict the next action.

1.2.5 Atari

One of the first successful applications of neural networks in reinforcement learn-
ing to play computer games was the article by DeepMind Technologies [!]. The
authors test their approach on seven Atari 2600 computer games and later on more
Atari 2600 games [32]. Figure 1.1 provides sample screenshots from five of the Atari
games. One can see that the games have a simple graphics similar to the game Flappy
Bird (check Chapter 3, Figure 3.4). For most of the games, they achieved human-level
performance or even better [32].

The method which is very similar is described in [33]. The main problem of
non-linear approximator as a neural network is that a weight change induced by an
update in a certain part of the state space might influence the values in arbitrary
other regions. A solution to that problem is an approach similar to experience replay
described in the previous section.

Recent advances in deep learning have made it possible to extract high-level fea-
tures from raw sensory data. That is why authors use raw pixels of the game screen as
an input for their method to make the method as much general as possible [1]. This
way they created a method which performance does not heavily rely on the quality
of the feature representation. A new application of the method for a game could be
done only by defining the set of actions and by extracting raw pixels of the game. As

far as in such images there is lots of noise without information value, we try to use a
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similar method but by extracting some features.

Figure 1.1: Screenshots from five Atari 2600 Games (left to right): Pong, Breakout,

Space Invaders, Seaquest, Beam Rider [1].

In computer games like Atari, it is impossible to fully understand the current
situation from only the current screen. It is the same in the game Flappy Bird. For
instance, when we have only one game screen we do not know what is the speed of
the bird. That is why state space is defined as a set of sequences of game screens with
performed actions in [1].

The main idea of the Deep Q-learning algorithm is that neural network is used as
a non-linear function approximator instead linear function approximator (Q(s, a, ) ~
Q*(s,a), where s is a sequence of actions and observations, a is an action and 6 stand
for the weights of the neural network).

In 2016 a new algorithm called Double Q-learning was introduced with the idea
of a tabular setting that can be generalized to work with large-scale function approx-

imation and leads to much better performance on several Atari games [34].

1.2.6 Flappy Bird

Following the pattern of use the deep reinforcement learning to play seven Atari 2600
computer games [!] authors of the article [35] use very similar approach to play the
game Flappy Bird. A game emulator written in Python is used for testing the
algorithm [30]. However, this is a fairly different emulator than the one we use, so
results could be affected by this fact. The average score is very small and the best
score is also only a few tens. In any case, usage of the deep reinforcement learning is
an interesting idea to learn how to play Flappy Bird and it is very interesting to see
comparing results of such approach with results that use other algorithms [35].
Another approach to learning how to play Flappy Bird with deep reinforcement
learning was done a year before the previously described article. Several levels of the
game are used in the article (levels differ in the size of the gap between the top and the
bottom pipe) and learning has better results as it is in the previous case. However,

it is to be said that another implementation of the game is used too. The states are
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defined as the game screen (raw pixels information). It is also interesting to note that

the authors have defined up to three types of rewards:

1. a reward for "survival",
2. a reward for passing the pipe,

3. a penalty for hitting the pipe or the ground [37].

The Q-learning algorithm is implemented in the next article. State space is defined
very similarly as it is in our case, but information whether the bird is alive or not is
added. The authors do not use rounding function as it is used in our case so they are
generating a too large state space. Learning rate is also defined another way and is
changed depending on the state and the chosen action [35].

Two projects which are also inspirations for our approach are available on GitHub.
However, the repositories are concerning more about the implementation of algorithms
than about more extensive analyzes. First of all the project [39] defines states similarly
to those described in our work and the Q-learning algorithm is used. Improving the
approach by defining the rounding values has the base in the project [10]. These
two projects are also the implementation basis for this work (they also use the same
Flappy Bird emulator written in Python).

Very nice results are presented in the article [11]. The bird’s velocity is also added
to define state space (we also use this approach). Also, Support Vector Machine
(SVM) are used in this work, but they require training data that must be manually
produced.

Comparing other methods such as heuristic methods are available in the Ph.
D. thesis [12]. At the end of the thesis, it is also interesting to note that the game
Flappy Bird, as a game with relatively simple rules, can serve as a good domain to
test the effectiveness and features of different learning algorithms.

As the last one to mention in an author who only published his results online in a
GitHub repository. He is promising that he has created an immoral Flappy Bird bot.
He also published quite long and detailed description with source codes which has
also been interesting to read, because he is implementing an algorithm very similar to
Deep Q-learning. However, he uses a different simulator which is also simpler because
the background is removed and the convolutional neural network is used [13] (so there

is less noise in such screenshots of the game).
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Chapter 2

Reinforcement Learning (RL)

As it is mentioned in the introduction, reinforcement learning is a learning which
chooses an action - a change from one state to another - according to a reward.
Reinforcement learning is a field of machine learning for which is significant that no
learning data are required. The artificial intelligence created by reinforcement
learning algorithms is trained according to the feedback in the form of a reward
(usually it is a real value). The algorithm should in the next same situation (or a very
similar situation) act at least slightly better or the same as before (it should not act
worse).

To describe process of reinforcement learning, let us have an infinite discrete time
line which values are natural numbers 7' = N = {0,1,2,3,...}. A higher number
represents passing time in the reinforcement learning environment which theoretically
could last infinitely (in the case of a game it could mean that the game has no end
but finishes by performing a wrong action - an example of such game is Flappy Bird).
In the environment, we have an agent which performs actions according to the policy
of an algorithm.

In the following let us have the finite set of states or state space denoted as
S and the finite set of actions or action space denoted as A. Action space A is
usually strictly defined for the same game but state space could be defined differently.
State space should be defined in a way that we can uniquely map any information
from the environment to one state from the defined set S.

So the agent is in a state from S denoted as s; € S in each time unit ¢t € T
and depending on the policy of the learning algorithm it decides which action to take
next. The whole process of reinforcement learning is shown in Figure 2.2 and repeats

after each change of t. The agent performs actions in the environment in time ¢t € T’

17



according to the last state s; and the last reward r;. After the action is performed it
receives a new state sy and a new reward 7,1 and continues with the same steps in
the new time unit t = ¢t 4+ 1. It is also possible that s; = s;11 = s;49 = ... = s; for
k € T, so the state is the same for more time units in a row. The rewards are usually
defined as real numbers with some logical restrictions (ex. it makes no sense to give

a positive reward for wrong actions).

| Agent
state reward action
St L& a;
Te41 .
|Sr+1 Environment &

Figure 2.2: The change of states and choosing of the action in the reinforcement

learning depending on the feedback from the environment [2].

To pick the best possible reinforcement learning algorithm for a problem there are
many possibilities. First, all the algorithms offer own policy how the new action is
chosen. Also, we can define state space, rewards, etc. differently. By testing different
algorithms, trying the different parameters of the algorithms, redefining state space,
etc. we can achieve different results and our goal is to find as good learning algorithm

as possible.

2.1 Algorithms

The reinforcement learning algorithms used in this thesis are described in the
following subsections. The algorithms as Q-learning or SARSA are the traditional
learning algorithms in the reinforcement learning field. Another described algorithm
is Deep Q-leaning introduced in the year 2013 by DeepMind Technologies company

[1]. Deep Q-learning uses neural networks which is more usual for supervised learning.

18



2.1.1 Q-learning

Q-learning is an algorithm which uses Q-values. These values are stored as discrete
function @ : S x A — R so the input for the function @ is a couple (s, a), where s € S
(S is state space) a a € A (A is action space). As the output of the function @) we
expect a future possible reward - the Q-value. As far as the sets S and A are finite
the @ function is a discrete function (for example we can represent the Q-values as a

table as it is shown in an example in Table 2.1).

a as
s1 | Q(s1,a1) | Q(s1,a2)
sy | Q(s2,a1) | Q(s2,a2)
s3 | Q(ss,a1) | Q(s3,a2)
4 | Q(s1,a1) | Q54,09

Table 2.1: An example of the function () with two actions stored in a table.

The pseudocode of the Q-learning algorithm is in Algorithm 1. The algorithm
requires defining state space S, action space A and definition of the parameters learn-
ing rate 1 and discount factor . The parameter learning rate 7 € [0, 1] means how
much of the old Q-value we want to take into account. For example, if n = 0.8 then
we use 20% of the old value we are updating and 80% of the new future and actual
reward. The parameter discount factor v € [0, 1| means how much of the next pos-
sible reward we want to take into account. The key part of the algorithm is Equation
2.1 which shows updating of the function () which is at the beginning initialized by
random values [14]. If all the actions from A are chosen in all the states infinitely
many times, so if the algorithm is executed infinitely many times and parameter n and

~ are set properly, then Q-values converge to the optimal values with the probability

1 [45, 46].
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Algorithm 1: The pseudocode of the algorithm Q-learning.

Initialize all Q(s, a) arbitrarily.

for all episodes do
Initialize s; € S, where t =0 € T.

while s, is not the terminal state do
Choose a € A using policy derived from @ for the state s; (e.g. the

e-greedy policy).
Take action a, observe r and a new state s;.1.

Update Q(s;, a) by using equation

Qst;a) = Qs1,0) +1(r + ymax Qsi1, @') — Qs a)). (2.1)

Update t =t + 1.

end

end

2.1.2 SARSA

The algorithm SARSA is very similar to the algorithm Q-learning described in Sub-
section 2.1.1. Actually, in the beginning, it was called modified Q-learning by
its inventors Rummery and Niranjan (1994) [2]. The pseudocode of the algorithm
SARSA is very similar to Algorithm 1, the only difference is that there is not used

Equation 2.1 as the update equation, but the following equation

Q(s1,a) = Q(s1,a) +n(r +vQ (8141, a") — Q(s¢,a)), (2.2)

where @’ is chosen by the same policy as a is chosen in the state s, (for example by
the e-greedy policy). So we do not maximize future possible reward in the equation
but always use the same policy to chose the best action [17, 2]. That is why we also

say that SARSA is on-policy algorithm and Q-learning is off-policy algorithm.

2.2 Deep RL

We obtain deep reinforcement learning (deep RL) methods when we use deep neural
networks to approximate discrete components of the RL (for example in Q-learning the

@) function) [6]. In the following subsections, Deep Q-learning is introduced together
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with neural network optimizers which are later used to update weights of neural

network.

2.2.1 Deep Q-learning

Instead of using the discrete Q-function as described in Section 2.1.1, we can also use
a neural network with the same input and output as before. Using neural networks is
a well-known approach in the field of machine learning. The basics of neural networks
are available in many sources such as the book [18]. Some of these terms such as
activation function, connections’ weights, etc. are also used in this thesis.

The input is defined as a couple (s,a), where s € S (an element of state space)
and a € A (an element of action space) and the output is defined as a real value (a
future possible reward). Advantage of such approach is that such network is trained

as a whole system. For example let us have a great occurrence of the state s; =

(Si1y -+, Sin) € S so our algorithm is well trained for the state s;. Then let us also
have a very poor occurrence of the state s; = (sj1,...,Sj,) € S, ; # s, but s; =
(Si1 + €1,...,8in + €,) and € is very close to zero for all k € {1,...,n}. In other

words states s; and s; are very similar but no the same. For the previous approach
by using Algorithm 1 with Equation 2.1 or 2.2 the agent should act very well for the
state s; but not for the state s;, which is almost the same state, as far as training is
realized by the discrete () function. A comparison of such functions is in Appendix B
and one can see that the function represented by a neural network created by Deep
Q-learning is more smooth and act for similar states similarly unlike the discrete @)
function created by the Q-learning algorithm.

In Algorithm 2 we use a neural network to represent our () function. This causes
that a well-trained network for the state s; is also well trained for the similar state s;
or any other similar states. It is not so straightforward to modify the previous algo-
rithm only by replacing the discrete function with a neural network. Neural networks
need training data. The algorithm introduced by DeepMind Technologies company is
described in Algorithm 2 and is highly based on the one from [33] which uses multi-
layer perceptrons. At first, we need to initialize a replay memory (similar principle
as it is "experience replay" in [21]). Such memory is used to store training data. The
first training data can be created in some reasonable way, for example as a random
playing of the game. We should balance between failure data and successful data if we

want to learn faster. Picking an action in the algorithm is done the same way as it is
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for Q-learning or SARSA. Only updates are done by performing a gradient step and
changing weights of the network. In the algorithm v € [0, 1] is discount factor and
has the same meaning as before in the SARSA and Q-learning algorithms. Originally
algorithm was introduced with the usage of a convolutional neural network [1], but

we try to use a feedforward neural network with hidden layers which is described later.

Algorithm 2: The pseudocode of the algorithm Deep Q-learning.

Initialize replay memory D to capacity n.
Initialize the function ) with random weights.

for all episodes do
Initialize s; € S, wheret =0¢€ T.

while s; is not the terminal state do
Choose a € A using policy derived from @ for the state s; (e.g. the

e-greedy policy).
Take action a, observe r and a new state s;,1.
Store (s;,a,r, $441) in D.
Sample a minibatch of transitions (s, ars,rs, s;) from D.

if 5 is the terminal state then
| Set y =rs.

else
| Set y =17+ ymaxyea Q(s5,d,0).
end
Perform a gradient step on (y — Q(s2, as, 0))>.
Update t =t + 1.

end

end

2.2.2 Neural Network Optimizers

In this thesis, we decided to use feedforward neural network instead convolutional
neural network when we implement modified Deep Q-learning algorithm. There are
still a few questions to answer when implementing a neural network. How input
and output of the network are defined is mentioned in the later sections. Among
all of these questions like setting the number of hidden layers and neurons in them,
choosing activation function or setting other parameters like learning rate, etc., one
very important question to answer is which optimizer to use. In this subsection, we

discuss what are the options and why we choose the Adam optimizer [3].
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Gradient descent is a popular algorithm for maximization or minimization with
respect to parameters of differentiable function. Adam optimizer is an algorithm
which combines and generalizes AdaGrad [19] and RMSProp [70] algorithms. The
main idea behind Adam algorithm is to compute gradient using mini-batch in time
stamp ¢ like g; < Vo fi(6;—1), where f objective function with parameters 6. Then
update biased first m; < 51 - my_1 + (1 — (1) - g; and second raw moment estimate
Vg < Bo vt + (1 — Bo) - g2, with initialization mg < 0, vy <= 0 and parameters 3
defaultly set to 0.9 and fy defaultly set to 0.999. Then we can compute bias corrector
like My < my/(1 — 1) and ©; < v, /(1 — BS). After all of this update is done like this
0; < 0;_1 — -/ (/T +¢) with two parameters « - learning rate - with default value

0.001 and € defaultly set to 107® [3].

P CIFARLO ConvNet First 3 Epoches CIFARLO ConvNet
[ AdaGrad v Lo [ AdaGrad
— AdaGrad+dropout ; — AdaGrad+dropout
; — SGDMesterov : — SGDMesterov
S e S SGDNesterov+dropout 1 1t SGDNesterov+dropaout
e : Adam : Adam
\-"‘- Adam+dropout : : : Adam+dropout
2.0 . :

training cost
training cost

15

0. ; ; ; " ; ; ; ; i .
3.0 0.5 1.0 15 2.0 2.5 3.0 0 5 10 15 20 25 30 35 40 45
iterations over entire dataset iterations over entire dataset

Figure 2.3: Convolutional neural networks training cost. Training cost for the first

three epochs (left). Training cost over 45 epochs (right) [3].

Parameters 3; and (5 are used to temporally smooth out the stochastic gradient
samples obtained during the stochastic gradient descent [51]. Figure 2.3 shows a
comparison of the three algorithms AdaGrad, RMSProp and Adam with and without
dropout on the CIFAR-10 dataset.
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Chapter 3

The Game

Flappy Bird is a game in which the player controls the bird’s movement through
the gaps between pairs of pipes. Figure 3.4 shows the configuration of the game.
The player can see up to two of the following pipes. The bird moves forward (along
the horizontal axis) with a constant velocity, but his movement along the vertical axis
is more complicated and is possible to influence it by the player’s control. Figure
3.5 shows that the horizontal velocity cannot be affected by the player and is always
4 forward. In the figure, — 4 means that we increase the horizontal position by 4

forward in each step.

Figure 3.4: An example of the game configuration.

If the bird is not controlled by the player, then its vertical velocity (hereinafter

referred to as only velocity) decreases in each step by 1 downwards until his velocity
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Figure 3.5: The change of the horizontal velocity.

is 10 downwards. In the beginning, its velocity is 9 upwards and in each next step,
according to mentioned, it is decreased by 1 downwards until it reaches velocity 10
downwards. The only way how its velocity could be changed is to let the bird flap, so
the player calls the flap action to set its upwards velocity. It is possible to call the flap
action at any time. After flapping, the bird’s velocity is immediately 9 upwards and
in every next step, it is decreased by 1 downwards if the player does not call the flap
action again. The velocity upwards decreases to 0 and continue increases by 1 until
it is 10 downwards again. Figure 3.6 shows how the velocity of the bird is changed.
In the figure orange arrows represent the flap action, green arrows represent not flap
action and the red arrow points to the starting state. In the figure "s n" stands for
vertical change of the bird’s position upwards by n if s =1, downwards by n if s =]
or no change if s = € (empty string) for all s € {1,],€¢} and n € {0,...,10}.

The game randomly generates a pair of vertical pipes with a constant width (the
width is set to 52), a constant size of the gap between them (the size is set to 100)
and a constant distance between every two consecutive pairs of pipes (the size is set
to 92). Restrictions for the minimal lengths of pipes are set to 80 for the top pipes
and 82 for the bottom pipes. So the maximal length between the smallest top pipe
and the next smallest bottom pipe is 242 (and vice versa). All these constants are
also shown in Figure 3.7.

By every bird’s pass through the pair of pipes player’s score increases by 1 (the
score is 0 at the beginning). The goal of the game is to pass as many pairs of pipes as
possible, to maximize the player’s score, without touching the ground or any of the

pipes (if any of this happen, the immediately game finishes).
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Figure 3.6: The change of the vertical velocity.

The first version of the game Flappy Bird was invented by Dong Nguyen in 2013
and was published by the dotGears company [52]. The game support was stopped
only a year ago and the game was removed from official sources [53].

An open-source Python implementation of the game is used in this thesis [54].
An advantage of such approach is that image processing of the game screen is not
necessary to get the configuration of the game because all necessary information is
sent to learning algorithms by the variables of the game.

In the game Flappy Bird, we can consider one unit of time, as defined in Chapter
2, the time until one game configuration is redrawn on the game screen to another.
As the agent, we consider the bird. Action space A we define as a two-element set
containing the flap and not to flap action (these are the only actions we can perform
in the game in each time unit). Stace space S could be defined in many ways. The
ways how it is done could significantly change the results of tested algorithms. It

could affect the quality of the learning or affect the learning time. Different ways of

defining state space are described in Section 3.1.
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Figure 3.7: The constant sizes of the game configurations.

3.1 State space

State space could be defined differently. For the game Flappy Bird, we use a few
different ways of defining state space. All of them are based on the same principle -
depending on the position of the agent and the nearest pipes’ position.

All the pipes are equally spaced but their height is generated randomly. We can
define the state as a couple (z,y). The variable x represents the distance of the
leftmost pixels of the bird to the rightmost pixels of the pipe nearest to the bird. The
variable y represents the distance of the bottommost pixels of the bird the topmost
pixels of the bottom pipe nearest to the bird. Such approach is shown in Figure
3.8. It could generate at most | X X Y| states if X represents all possible values for
the variable x and Y represents all possible values for the variable y. Because the
cardinality of such set could be very high, we sometimes use rounding to the nearest
multiples of 5, 10, 15, etc., depending on how much we want to reduce cardinality of

state space.

Definition 3.1 Let us have 2 € R and r € N*. The function rnd : R x Nt — Z

is called the rounding function and

rnd(x,r) =rx*|x/r].
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Figure 3.8: Vertical and horizontal distance from the bird to the next pipe.

For example let us have configurations (98, 50) and (102,48). And also let us have
rounding set to 5. Our approach described above would map both configurations to
the same state (100, 50) because of rounding to the nearest multiple of 5.

We also know that the situation could be very different when we have the state
(40,3) and the bird’s velocity is 9 downwards or we have the same state and the
velocity is 5 upwards. In the first case if we do not perform the flap action in the
next time unit the state would be (36, —6) which means the death of the bird because
it already hit the bottom pipe. However, if the velocity is 5 upwards the next state,
without performing the flap action, would be (36, 8) which is alright. That is why we
also add velocity to define state space.

Now we can define the states conversion function as X XY x RxV — S, where X C
R represents all the different distances of the leftmost pixels of the bird to the right-
most pixels of the pipe nearest to the bird, Y C R represents all the different distances
of the bottommost pixels of the bird the the topmost pixels of the bottom pipe nearest
to the bird, R C NT represents all the rounding values and V' = {v : v € [-9,10|NZ}
is the bird’s velocity where the negative values mean upwards direction and the posi-
tive values mean downwards direction. Then S = {(z,y,v) : v € Xg,y € Ys,v € V'}
is the defined state space, where Xg = X N M, U {rnd(min(X), ), rnd(max(X),r)}
and Ys = Y N M, U {rnd(min(Y), ), rnd(max(Y),r)}, where M, is the set of all
multiples of » € R and rnd is the rounding function defined in Definition 3.1.

Note that state space could be defined arbitrarily. The described approach is
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only the one of many. For the sake of generality we expand the states conversion
function (hereinafter scf) for n next pipes and also define roundings for both vertical
and horizontal distances. We can really do it as far as the distance between two

consecutive pairs of pipes is constant (as described in Chapter 3).

Definition 3.2 Let n € NT be the number of the next pipes we consider in state
space, X C R be the set of all the different distances of the leftmost pixels of
the bird to the rightmost pixels of the pipe nearest to the bird, Y* C R" be
the set of all the different n-tuples where ith element of each n-tuple in the set
represents distance of the bottommost pixels of the bird to the topmost pixels
of the bottom ith next pipe for i € {1,...,n}, Rx, Ry C N7 be the sets of all
the rounding values for the horizontal/vertical distances, V' C Z is the bird’s
velocity where the negative values mean upwards direction and the positive values
mean downwards direction and S = {(z,y,v) : ¢ € Xg,y € (Ys)",v € V} is
state space, where Xg = X N M, U {rnd(min(X), rx), rnd(max(X),rx)} and
Yo =Y N M, U{rnd(min(Y),ry),rnd(max(Y),ry)}, where M,, is the set of all
multiples of rz € Ry for Z € {X,Y} and rnd is the rounding function defined
in Definition 3.1. The function scf : X X YY" x Rx X Ry x V — S is called the
states conversion function and if v € X, y = (y1,...,yn) € Y, rx € Ry,

ry € Ry, v € V and rnd is the rounding function defined in Definition 3.1, then

SCf(I‘, Y, rx,ry, U) = <T‘nd(l’, TX)? <T7’Ld(y1, TY)a s ,T’Tld(yn’ 7/’Y)>7 U>’

In our case V is stable defined as V = {v : v € [-9,10] N Z}.

For n = 1 we have the same function as is described above. The greater the n
value, the greater the cardinality of state space but also better accuracy of the game
configuration conversion. Hence, let us describe how cardinality of state space increase
with greater n. State space is the set of triples (z,y,v), where x € Xg, y € (Ys)" and
v € V. So the cardinality of state space is | Xg| * [(Ys)"| * |V| = | Xg| = [Ys|™ * |[V].

For example let us have X = [0,8], Y =[-3,3], V. ={-1,0,1}, n =1, rx =5
and ry = 5. By using the defined states conversion function for all values from X, Y

and V' we see how state space is defined. First we see that
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Xs=XNM,, U{rnd(min(X),rx), rnd(max(X),rx)}

={0,5}U{5%|0/5],5« |8/5]}
= {0,5} U {0,10}
= {0,5,10}

and

Ys =Y N M,, U {rnd(min(Y), ry), rnd(max(Y), ry)}
= {0} U {5« [-3/5],5 [3/5]}
= {0} u{-55}
= {-5,0,5}.

So state space is in this case defined as

S

{{z,y,v) :z € X5,y € (Ys)",v €V}
(x,y,v) :x € {0,5,10},y € {-5,0,5},v € {—1,0,1}}
(0, —5,-1),(0,—5,0), (0,—-5,1),(0,0,—1),(0,0,0), (0,0, 1),

{
{

(0,5, > (0,5,0),(0,5,1), (5, —5,—1),(5,—5,0), (5,=5,1),  (3.1)
(5,0,—1), (5,0,0), (5,0,1), (5,5, 1), (5,5,0), (5,5, 1),

(10, =5, —1), (10, =5,0), (10, —5, 1), (10,0, —1), (10,0, 0),

(10,0, 1) (10,5,—1), (10,5,0), (10,5, 1)}.

We can easy see that for any input from defined X, Y and V the function scf
yields a triple from S defined in Equation 3.1 (ex. scf(1,—2,5,5,0) = (0,0,0) € S,
scf(2.49,2.51,5,5,—1) = (0,5,—1) € S, etc.).
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Chapter 4

Results

One of the most important goals of the thesis is to find an algorithm with appropriate
setting of parameters to be optimized with respect to the highest or average score or
learning time. This chapter presents what results have been achieved and brings new
ideas in the Q-learning algorithm and uniquely present results of the combination of

Q-learning and Deep Q-learning using feedforward neural network.

4.1 Simple Greedy Algorithm

The first tested algorithm is a greedy algorithm described in Algorithm 3. This al-
gorithm uses no learning and only use a simple rule: flap anytime vertical distance
of the bird to the next bottom pipe could be in the next state less than zero (so
the agent could hit the pipe). The average score of the algorithm for 5,000 games
is 143.4292 and with individual scores of games (the red dots) are shown in Figure
4.9. The algorithm is implemented mostly for comparison with other algorithms and

future use as a part of other algorithms.

Algorithm 3: The pseudocode of the simple greedy algorithm, where y is the
vertical distance of the bird to the next bottom pipe.

if y < 10 then
| return FLAP

else
| return NOT FLAP

end
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Figure 4.9: Scores of 5,000 games (the red dots) with the highlighted average score
143.4292 (the blue line) played by Algorithm 3.

4.2 Advanced Greedy Algorithm

Another greedy algorithm is presented in Algorithm 4. The algorithm uses no learning
and flap only if it is necessary - so only if in the next twenty states the bird would
hit the ground of the bottom pipe. Twenty is chosen because it is the minimal time
until the bird is in the same vertical position as it was before it flaps the last time.
Or in other words: twenty is the number of the states which are affected by flapping.
The last restriction is that the bird would flap only if it does not cause hitting the
pipe in any of the twenty next steps. The average score of the algorithm for 5,000
games is 144.3628 and with individual scores of games are shown in Figure 4.10. So
the advanced greedy policy does not change the average score significantly but still
is better than Simple Greedy Algorithm presented in the previous section. The pipes
positions in played games are the same as it is in results for the simple greedy algo-

rithm in Figure 4.9, so both algorithms are tested using the same data.
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Algorithm 4: The pseudocode of the advanced greedy algorithm.

have_to_ flap < False

for state in next 20 states do

x < getX(state)

y < getYWithoutFlap (state)

if y<GROUND_BASE or (x < PIPE WIDTH+ BIRD WIDTH
and y < 0) then

‘ have_to_ flap < True

end

end

if have_to_flap then

for state in next 20 states do

x < getX(state)

y < getYWithFlap(state)

if « < PIPE_WIDTH+ BIRD _WIDTH and
y>VERTICAL GAP_SIZE — BIRD_HFEIGHT then

return NOT FLAP

end

end

return FLAP

end

return NOT FLAP

4.3 Q-learning

In the following subsections, we focus on searching for the optimal parameters for the

Q-learning algorithm described in Algorithm 1.

4.3.1 e-greedy Policy

The policy depends on the e value or better say whether e-greedy policy is used or
not. If € is not used then it means there is no significant difference between SARSA
and Q-learning as far as during update of Q-value SARSA uses e-greedy policy and
Q-learning maximize the values (we are now comparing the update Equations 2.1 and

2.2). Setting € to some non zero values is a mechanism to force the algorithms to be
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Figure 4.10: Scores of 5,000 games (the red dots) with the highlighted average score
144.3628 (the blue line) played by Algorithm 4.

able to converge to optimal Q-values. Otherwise, it would be impossible to prove such
statement. This parameter ensures that we are also likely to choose other previously
unselected actions to also test whether the future reward is not higher by choosing
such action.

Figure 4.11 shows that there is not a big difference in using or not using e-greedy
policy. But using e-greedy policy generates slightly better results. We performed
experiments consisting of 50,000 iterations and averaged the results of 100 random
simulations for the scores of the last 1,000 games in each iteration.

The value of € is changed by the following equation

1
%=1 (4.1)
where k is the number of iteration (the actual number of played games). All other
parameters in the experiments of this subsection are set as follows: discount factor
v = 1.0, learning rate n = 0.7, the reward r = 1 for alive states and r = —1000 for the
three last states and the rounding values are set as follows rx = ry =5 withn =1

(the meaning of the parameters is described in Sections 2.1 and 3.1).
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Figure 4.11: Using and not using e-greedy policy.

4.3.2 Rewards

Rewards are signals from the environment which should lead the agent to act better.
We define two rewards: rewards for keeping alive and penalization for death. It is
obvious that setting these parameters should be done the way that reward should
represent positive value and penalization negative. Figure 4.12 shows how changing
the rewards affect results. From the figure, it is obvious that the most optimal setting
is to set reward to a small positive value and penalization to a big negative value.

It also depends how many of the last states should be penalized in the game Flappy
Bird. We expect that only the last state is not responsible for the death of the agent.
Figure 4.13 shows that the optimal value for the number of the last penalized states
is somewhere around 4 or 3. Values higher than 5 start decrease and values less or
equal to 2 are not the optimal ones either.

All other parameters in the experiments of this subsection are set as follows: dis-
count factor v = 1.0, learning rate n = 0.7, the € policy is set to true and the rounding
values are set as follows ry = ry = 5 with n = 1 (the meaning of the parameters is
described in Sections 2.1 and 3.1). The colored trending lines represent average scores
of the last 1,000 games with the values of reward and the number of the penalized

states appertain to the values in the legend on the left side of the figures.

35



1607 e 1vs5-1
— ] ys5 -100
140 9 e 1 vs-500
1 vs -1000
120 4 == 100 vs -100
— 1000 vs -1
100
S - S
@ /‘/———
5 801
=
u
60
40
20 A
/
0
0 10000 20000 30000 40000 50000

Iterations

Figure 4.12: A change of rewards for 50,000 iterations and averaged the results of 25

random simulations.

4.3.3 Discount Factor

Discount factor is a parameter in Q-learning. It is denoted by variable v (algorithms
are described in Section 2.1).

Figure 4.14 shows how a change of this parameter influence learning by the algo-
rithm Q-learning on the same 15,000 games. In Figure 4.15, on the other hand, it is
shown that when we take 50,000 iterations and averaged the results of 100 random
simulations, the results are slightly changed - the value 0.9 shows very unstable. We
can see that algorithm efficiency decreases by decreasing the value of the parameter
except for values close to 1. In fact, the parameter determines how much we take into
account the future possible reward. By setting the parameter to a very low value we
only take into account actual reward which is not alright because it could be that the
bird is a few states before certain death but as far as it ignores future penalty for the
death it only receives reward for keeping survive (even if the next state is the end of
the game).

In Figure 4.14 we set the parameters as follows: learning rate n = 0.8, the reward
r = 1 for alive states and r = —1000 for the three last states, the rounding values are
set as follows ry = ry = 5 with n = 1 and the € policy is set to false (the meaning

of the parameters is described in Sections 2.1 and 3.1). Results in Figure 4.15 has
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Figure 4.13: A change of the number of the last penalized states for 50,000 iterations

and averaged the results of 100 random simulations.

the same setting except € policy is set to true and learning rate n = 0.7 which is very
similar value. The colored trending lines represent average scores of the last 1,000
games with discount factor appertain to the values in the legend on the left side of

the figures.

4.3.4 Learning Rate

Figure 4.16 shows the difference in the influence of the parameter learning rate on
the Q-learning algorithm efficiency. The results are not as straightforward as it is
in the previous section. If the value is set to 1.0, the algorithm does not take into
account the original value which could be well trained from the previous iterations
and therefore the algorithm works with the most recent results only. If the value is
too small, learning is very slow because the new value has a minimal influence.
Setting the value to 1.0, 0.99999 and 0.00001 shows the worst results. The reason
is described above - we take into account the current reward too much or do not take
it into account at all. As we can see, values between 0.1 and 0.9 represent better
results, but learning with very low learning rate slow down learning very much and
more iterations are needed. The values around 0.8 look like the most optimal values

for learning rate.
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Figure 4.14: A change of discount factor on the same 15,000 games in 1 simulation.

In all of the simulations shown in Figure 4.16 discount factor is set to 1.0 as far
as in the previous subsection it tends to be the optimal setting of this parameter, the
reward r is set to 1 for alive states and to —1000 for the last three states, the rounding
values are set as follows rx = ry = 5 with n = 1 and the € policy is set to true (the
meaning of the parameters is described in Sections 2.1 and 3.1). The colored trending
lines represent average scores of the last 1,000 games with learning rate appertain to

the values in the legend on the left side of the figure.

4.3.5 Maximizing k-Future Rewards Policy

The policy for selecting actions is one of the key factors of the reinforcement learning
algorithms. The classical description of the Q-learning algorithm and also SARSA
only takes one next step into account. In Figure 4.18 one can see how taking more
future steps into account could change learning time in term how many runs of the
game are necessary to see improvement.

To understand the change of policy better, during picking the best action the
algorithm tries to maximize not only the actual state values for all the actions but
sum up Q-values of all possibilities in depth k& and pick the best action with the
greatest summed value. The complexity of picking a new action grows exponentially

with respect to the number of future steps taken into account. If we take k future
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Figure 4.15: A change of discount factor for 50,000 iterations and averaged the results

of 100 random simulations.

steps into account it is O(]A[*), where A is the set of all possible actions - action
space (in our case only a two elements set). Since the complexity of choosing the best
action is very high the k values must be set "sensibly" to avoid slow agent responses.
An example of such policy for depth £ = 3 is shown in Figure 4.17. In the example

we have these possibilities:

o ¢1 = Q(s, FLAP) + Q(s1, FLAP) + Q(s3, FLAP),

o ¢ = Q(s, FLAP) + Q(s1, FLAP) + Q(s3, NOT FLAP),

o g3 = Q(s, FLAP) + Q(s1, NOT FLAP) + Q(s4, FLAP),

o ¢ =Q(s, FLAP) + Q(s;, NOT FLAP) + Q(s4, NOT FLAP),
e ¢ = Q(s, NOT FLAP) + Q(sy, FLAP) 4+ Q(s5, FLAP),

o ¢s = Q(s, NOT FLAP) + Q(so, FLAP) 4+ Q(ss, NOT FLAP),
o ¢ = Q(s, NOT FLAP) + Q(sy, NOT FLAP) + Q(s¢, FLAP),

o gs = Q(s, NOT FLAP) + Q(s, NOT FLAP) + Q(ss, NOT FLAP).
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Figure 4.16: A change of learning rate for 50,000 iterations and averaged the results

of 100 random simulations.

As far as k = 3 we have 2 = 2% = 8 possibilities. We pick the corresponding
action in state s depending on max{q; : ¢ € {1,...,8}}.

Figure 4.18 shows that if we take only one next step into account, the algorithm
Q-learning does not begin to improve in the first 1,000 iterations. However, if we
increase k - the number of the next steps we take into account - we see that for k = 4
improvement can be seen in the first 1,000 iterations dramatically comparing to lover
values.

In all of the simulations shown in this section, learning rate is set to 0.7, discount
factor is set to 1.0, the reward r = 1 for alive states and r = —1000 for the three last
states, the rounding values are set as follows ry =ry =5 with n =1 with n = 1 and
the € policy is set to true (the meaning of the parameters is described in Sections 2.1
and 3.1). The colored trending lines represent average scores of the last 1,000 games
with the parameter k£ appertains to the values in the legend on the left side of the

figure.

4.3.6 Optimal Algorithm

Based on the results from the previous subsections we set the parameters to achieve

as good results as possible with reasonable learning time. So we set the parameters
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Figure 4.17: An example of picking an action for possibilities in depth 3.

for Q-learning as follows:

learning rate n = 0.8,

discount factor v = 1.0,

the € policy is set to false,

the rounding values described in the Section 3.1 are set to rxy = ry = 5 and

n=1,

we take 4 next possible states into account - to make reasonable time complexity

and algorithm efficiency (see Section 4.3.5), so k = 4,

the reward r = 1 for alive states and r = —1000 for the three last states.

By setting the parameters as described above we can see results in Figure 4.19. The
best score is 40,223 and the average score stabilised around the score 3,206.513

(if we consider the last 150 values in each iteration).

4.4 Deep Q-learning

To implement the algorithm described in Algorithm 2 we first need to decide what
kind of neural network we want to use. Authors usually use convolutional neural
networks when implementing the algorithm and use raw pixel information from the

game screen to define state space [35, 1, 37]. To express velocity of the bird they also
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Figure 4.18: Changing the number of steps taken into account when selecting a new

action (for 1,000 iterations and averaged the results of 25 random simulations).

sometimes need to use 3 or 4 consecutive game screens. The neural network we use
is implemented by using the library TensorFlow [55].

In our case, we use extracted features from the game to define state space (with
n = 1, as it is described in Section 3.1). In results provided in this section we use
feedforward neural network with 2 hidden layers with 600 and 200 neurons.
These values seemed to be the best in our case. We also tested more and fewer layers
but the best results are achieved by using only two layers (we also tried 3 to 5 layers
with more neurons, like 1000, or less, like 100). The input for the network is a triple
consisting of three real values: horizontal and vertical distance of the bird to the
next pipe and the velocity (as described in Section 3.1). The output of the network
is an ordered pair of two real values from interval [—1, 1] meaning future reward by
choosing flap or not flap action. As the activation function three different activation
function are tested: sigmoid, hyperbolic tangent (hereinafter tanh) and rectified
linear unit (hereinafter relu). In our case we use tanh, but we also tested relu with
unsatisfactory results. Figure 4.20 shows overview of these activation functions. The
network is initialized with random weights and these are updated by using Adam
algorithm (described in Subsection 2.2.2). Using weights with zero values at the

beginning does not present good results. Learning rate is set to 0.01.
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Figure 4.19: The best-achieved results using Q-learning (red dots represent score in

individual games) with the average score 3,206.513 and the highest score 40,223.

Sigmoid TanH RelLU
12 15 i
2
1.0 1 = = 0 for z<0
- 10 tanh(z) = o -
i f(z) T 1+4e2 fiz) {: for z>0

08
04
02
oo

05

0.0

0.5

1.0

-0.2

Figure 4.20: An overview of three activation functions: sigmoid, tanh and relu [1].

Figure 4.21 shows results achieved by using the Deep Q-learning algorithm and
uses the Advanced Greedy Algorithm described in Algorithm 4 to obtain the first
replay memory. We can see that the average score starts to increase more times but
drop each time down again.

Figure 4.22 shows results achieved by using the Deep Q-learning algorithm and uses
the best-trained Q-values presented in Figure 4.19 to train network at the beginning.
This way we can obtain the best score which is extremely higher than the one
achieved by using the Q-learning algorithm. It is 457,827.

When we initialize the network by using Q-values generated by Q-learning we
map for each state s decisions to 1, if the action would be taken or —1, if the action
would not be taken by the Q-learning algorithm. So we have for each state s € S

and both actions a; and ay training data in format Q(s,a;) = 1 and Q(s,as) = —1 or
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Figure 4.21: The best-achieved results by using the Deep Q-learning algorithm with
replay memory obtained by using Algorithm 4.

Q(s,a1) = —1 and Q(s,az) = 1. When training the model during initialization we use
more optimizers like gradient descent, AdaGrad, RMSProp or Adam and train more
separated networks. As far as Adam trains the best models we use them and decisions
are made by all of them by summing predictions of all models and then picking the
action to take by maximizing the values.

To update the network after initialization the replay data of the new game are
stored as described in Deep Q-learning algorithm (Algorithm 2). Rewards are then
generated similar way as during initialization - in state s the reward in 1, if the action
was taken or —1, if the action was not taken. Only the last 30 states are ignored
because we presume that some of them caused the death of the bird. Training is then

done only by using a new data and discount factor is not used in this case.
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Conclusion

The results described in the thesis show some properties of Q-learning and the role
of neural networks in reinforcement learning through the Deep Q-learning algorithm.
The experiments confirm some hypotheses about the setting parameters of the algo-
rithms like learning rate, discount factor, rewards, the number of penalized states,
etc. However, in order to achieve optimal results, Q-learning should run infinitely
many times, which is practically impossible. Also, the pipes’ positions are generated
randomly and the algorithm must be run a sufficient number of times to be in all the
states equally number of times. To reduce that fact we use the same generated pipes
in games to make results more comparable or use multiple simulations with random
pipes each time.

In Figure 4.23 one can see the comparison of two best-implemented instances of
Q-learning and Deep Q-learning tested on the same 100 games where each game has
at maximum 50,000 pipes generated (then the game stops). The average score is
approximately 36,429.26 for Deep Q-learning and 2,771.59 for Q-learning. So
Deep Q-learning plays significantly better then Q-learning. If we allow more pipes the
difference could be even higher as far as the Deep Q-learning algorithm stops many
times after passing all the pipes in an iteration. For more detailed comparison of the
algorithm’s instances check Appendix B where in Figures B.24-B.28 decisions of both
algorithms are visualized for all vertical and horizontal distances and for all velocities.

The results show that we are able to have the best results with learning rate
around 0.8 and discount factor around 1.0. This means that the importance of the
old value is around 20% comparing to the importance of a new value which is 80%
and importance of the future possible reward is very high during learning.

The introduced algorithms tested in the game Flappy Bird show that extracting
features from images and using feedforward neural network instead convolutional can
lead to significant results. The same approach has a potential in more real-world

applications where raw pixels with lots of noise are used as an input.
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An interesting idea would also be to try dynamic changing of the parameters -
as some articles state [38]. Testing results by using more consecutive pipes to define
state space (using n > 2 as described in Section 3.1) or using completely different
approach to define state space, could be done as a future work. For example, some
articles define states also with an alive factor of the agent [3%] or adding distance to
the ground from the bird in the definition of the states. Some articles also define three
types of reward [37]. For this particular game would be also interesting to do research
whether there is a combination of pipes which is not possible to pass.

Many other algorithms that could be used to solve the problem (like QV(\)-
Learning, etc.) are described in many other articles as [56, 34]. For some of them, the
apparent disadvantage is that it has too high time complexity since for some of the
algorithms you need to update V-values (which are of the same size as all Q-values)
in each update of a Q-value. So if we have more than 80,000 states then we must
update at every step of each iteration all of them. But the authors promise a faster
convergence to the optimal values. So the thesis has still a great potential for a future

research.
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Resumé

V tejto diplomovej praci sa venujeme algoritmom posilneného ucenia a dané algoritmy
a ich modifikacie testujeme v doméne hry Flappy Bird. Cielom prace je preskiimat
moznosti a uz dosiahnuté vysledky v podobnych doménach a problémoch a aplikovat
dané metédy vo vlastnom pristupe, tieto postupy potom otestovat na doméne hry
Flappy Bird a sledovat hlavné atributy ako casova zlozitost, ¢as ucenia, dosiahnuté
najvyssie alebo priemerné skore a pod. V préci tiez spominame aj mnohé mozné
aplikacie takto navrhnutych algoritmov z referenciami na konkrétne zdroje.

V kapitole 1 sa venujeme aktudlnemu vyskumu v posilnenom uceni. V sekcidch
tejto kapitoly ukazujeme vyhody a pouzitie tzv. replay memory a dalej sa venu-
jeme metdédam posilneného ucenia v poc¢itacovych hrach ako Backgammon, Go, Texas
Hold’em, Doom, Atari a Flappy Bird. Zameriavame sa na rdzne metody a zakladné
myslienky pouzité na tvorbu umelej inteligencie na hranie konkrétnych hier.

V kapitole 2 sa venujeme samotnému posilnenému ucéeniu. V tvode vysvetlujeme
zakladné pojmy a neskor sa zameriavame na konkrétne algoritmy, ktoré neskor v praci
aj implementujeme a testujeme. Pri algoritmoch, kde st pouzité neurénové siete sa
vo zvlast podsekcii venujeme aj moznostiam ako aktualizovat vahy neurdonovej siete.

V kapitole 3 sa uz venujeme samotnej hre Flappy Bird. Prv popisujeme detailne
ako sa hra hra, ako funguje, ako sa menia a prekreslujt konfiguracie hry. Dalej sa ve-
nujeme, pre lepsie pochopenie, aj konkrétnym konstantam a vzdialenostiam v hre. Po
zakladnom oboznameni sa s hrou nasleduje sekcia s definovanim stavového priestoru
prave pre hru Flappy Bird. Pojednava sa o réznych moznostiach definovania stavov
a na konci sa definuje stavovy priestor pre hru Flappy Bird v definicii 3.2 a je uve-
deny aj konkrétny priklad ako funguje prepocet konfiguracie hry na konkrétny stav
zo stavového priestoru.

V kapitole 4 sa uz venujeme konkrétnym vysledkom, ktoré boli dosiahnuté. Prv
sa venujeme dvom pazravym algoritmom, ktoré si pouzité na porovnanie, ale aj v

inych algoritmoch a inicializaciu dat a pod. Dalej sa venujeme Q-learning algoritmu
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a testujeme rozne nastavenia politiky vyberu akcie, uciaceho a diskontného faktora,
odmeny a penalizacie a sekciu ukonc¢ujeme jednou z najlepsich instancii implementacie
algoritmu. Tento algoritmus vyuzivame v dalsej sekcii danej kapitoly na inicializaciu
neuronovej siete pre algoritmus Deep Q-learning. Tato kombinécia sa zda byt unikatna
spolo¢ne s pouzitim doprednej siete namiesto konvoluénej (ako je to aj v ¢lanku, kde
je predstaveny Deep Q-learning [1]).

V zavere prace pozitivne hodnotime zmenu politiky vyberu akcie, ktora sa pozera
a maximalizuje hodnoty vietkych moZnosti az do hibky k, pouzitie doprednej sicte
v algoritme Deep Q-learning namiesto konvolucnej a pouzitie Q-hodnot naucenych
Q-learning algoritmom na inicializaciu neurénovej siete pouzitej v algoritme Deep Q-
learning. Porovnanie najlepsich algoritmov je mozné pozriet na obrazku 4.23. Dalej v
zavere spominame moznosti dalSieho vyskumu alebo napadov, ktoré by mohli byt v
dalsich pracach analyzované a otestované.

V prilohdach uviddzame odkaz na verejny GitHub repozitar, kde st zverejnené
vSetky zdrojové kédy stvisiace s pracou spolocne s komentarmi (priloha A) a tiez aj
vizualizacie rozhodnuti najlepsich inStancii Q-learning a Deep Q-learning algoritmu

(priloha B).
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Appendices

Appendix A contains link to the source codes used in this thesis and Appendix B

contains visualizations of the learning functions.
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Appendix A

Source Codes

All the source codes generated to create this thesis are available in the public GitHub
repository https://github.com/martinglova/FlappyBirdBotsAI. The code is com-
mented and contains the README.md file with a description.
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Appendix B

Visualizations of Learning

Functions

Visualizations in this appendix show how the Q-learning and Deep Q-learning bots
make decisions in states from state space {(z,y,v) : x € [0,200],y € [—225,387],v €
[—9,10]} as defined in Section 3.1. In all the figures in this appendix Q-learning is
denoted only as QL and Deep Q-learning as DQL. Subcaption format is as folows
'a x A", where a € {1, {, ¢} where T means velocity upwards, | means velocity down-
wards and € means empty string, « € [0, 10] meaning the speed of the bird (upwards or
downwards) and A € {QL, DQL} denotes used algorithm to create the visualization.

The red color in visualizations means that the bird would flap and the blue color

means that the bird would not flap in the state.
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Figure B.24: Visualization of the learning functions for velocities 19,1 8, T 7 and 1 6

for QL and DQL.
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Figure B.25: Visualization of the learning functions for velocities 1 5, 14, T 3 and 1 2

for QL and DQL.
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Figure B.26: Visualization of the learning functions for velocities 11, 0, | 1 and | 2

for QL and DQL.
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Figure B.27: Visualization of the learning functions for velocities | 3, | 4, | 5 and | 6

for QL and DQL.
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Figure B.28: Visualization of the learning functions for velocities | 7, | 8, | 9 and

4 10 for QL and DQL.
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