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Abstract

An increasing number of technologies involving artificial intelligence (Al) are currently being
developed all over the world. These technologies could lead to enormous breakthroughs in
their sectors. These Al developments are largely made possible thanks to deep learning tech-
niques that use neural networks in their algorithm.

In this master thesis, we discover the Deep Reinforcement Learning through three algorithms:
Q-Learning, one of the more basic algorithms, Deep @-Network, an evolution of the Q-Learning
using neural networks, and the Proximal Policy Optimization, currently one of the most effi-
cient RL algorithms.

To compare these algorithms, we use two games implemented in a Python package called Gym
developed by OpenAl. The first game is basic and often used in the literature, Mountain Car.
The second is the classical Super Mario Bros.

For all these algorithms, we have designed several models with various hyperparameter values
and compared their performance by looking at the cumulative average reward produced by
each game. For the Mario environment, the models were also compared by their ability to end
the first stage.
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Chapter 1

Introduction

1.1 Overall Picture

With the constant growth of the digital world, a lot of data are easily accessible. Coupled
with the increasing computing power, it leads to the emergence of Artificial Intelligence (AI)
including deep learning techniques. Deep learning is part of the machine learning field, but
unlike classical algorithms, an Al trained by deep learning can continue to learn by having
access to more data.

Artificial neural networks are the core of deep learning. It is a technology inspired from
biological neural networks present in the human brain. Like in the brain, neurons are in-
terconnected to one another in the different layers of the network. The most simple neural
network consists of one neuron that receives an information, processes it and outputs a result.
These models can be scaled to millions of neurons present in different layers of the network.
If a network has more than three layers (including the input and output), we call this a deep
neural network, from which the term deep learning is derived (Kavlakoglu, 2020).

The applications of deep learning are quite extensive. An important DL application is

the ability to recognize objects on images. This property can be used in many different fields
like robotics by giving eyes to robots, in agriculture by differentiating weeds from crops when
applying herbicide, or even in the medical field to class skin cancers.
Besides image recognition, deep learning can be used to ensure predictions in many different
ways. For example, Jumper et al. (2021) have developed a model that predicts the 3D structure
of different proteins by looking only at their amino acid sequence. This protein folding problem
is at the center of research for more than 50 years.

Another aspect of deep learning is called the Deep Reinforcement Learning (RL), which is

at the core of this master thesis. In RL, an agent learns by trial and error. After each action
performed by the agent, we reward or penalize him by a certain amount.
Deep RL is still a modern field in constant expansion, but we can already notice some signifi-
cant applications. One of the most famous is AlphaGo, which "is the first computer program
to defeat a Go world champion" (DeepMind, 2022). RL is additionally used for self-driving
vehicles, from cars to boats. In the military field, the 6th generation of fighters currently in
development should be able to perform unmanned missions.
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1.2 Research Questions

The core objective of this master thesis is to discover the Deep Reinforcement Learning
methodology. The most intuitive way is to construct an Al for a video game.

There exist many different algorithms that can be used to develop an Al. The more basic is
Q-learning that was developed by Watkins (1989). Later, with the development of neural
networks and increase in computing power, more sophisticate algorithms using neural net-
works were constructed. In this work, we studied two methods, Deep Q-learning (DQN)
developed by Mnih et al. (2013) and Mnih et al. (2015), and one of the most advanced and ef-
ficient methods, the Proximal Policy Optimization (PPO) constructed by Schulman et al.
(2017).

We have applied both algorithms to two games in order to compare their performance.
The first one is called Mountain Car. It is a very simple game with only two inputs. This
game is used in many papers to explain RL. The second is the famous Super Mario Bros
on NES. This game is much more complex than the first, the inputs being the frames of the
game. Both these games are already implemented in a Python package called Gym developed
by OpenAl (Brockman et al., 2016). The goal of Gym is to provide a common benchmark to
evaluate different RL algorithms.

In order to compare the performances of the algorithms, we will answer the following
questions:

e Are we able to solve the Mountain Car environment using the Q-learning, which is the
more basic algorithm? Do different values for the hyperparameters influence the results?
Are we capable to optimize the best policy after training?

e Does a more complex algorithm like DQN perform better in the Mountain Car environ-
ment? What are the best hyperparameter values for this algorithm? What are the pro
and cons of such a model in a simple environment?

e Among algorithms using neural networks, which one between DQN and PPO performs
the best in a more complex environment like Super Mario Bros? How does the choice of
hyperparameter values influence the results? Are we able to solve the first Super Mario
Bros level?

1.3 Summary of Results

In this section, we present a brief summary of the results found during this master thesis.
Q-learning in Mountain Car: We achieve quite easily the training of an agent with Q-
learning to solve the Mountain Car problem. However, this environment is considered solved
if we reach an average cumulative reward of -110 over 100 consecutive episodes. The best
agent trained with Q-learning only achieved an average cumulative reward of -130.
The choice of parameters strongly influences the results. The best model is constructed by
using 0.05 as learning rate, a discount rate of 0.99, a Q-table of dimension 40 x 40 and is
trained during 40,000 episodes.
With this best model, we were able to construct an "image" of the policy, which shows which
actions are taken in a given situation. Some actions inside a cluster are diverging, we could
say there is a huge variance in the Q-table. To prevent that, we have "smoothed" the table.
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After this "smoothing" the average cumulative reward was equal to -105, which is enough to
consider the environment solved.

DQ@N in Mountain Car: We have found that agents trained by DQN perform better than

the ones trained by Q-learning. The best agent has obtained an average cumulative reward of
-99, solving the environment. Just like for the Q-learning, choosing the right hyperparameter
values influences the result. An agent trained with the default values received an average
cumulative reward of -137.
The primary advantage of DQN is its performances compared to the Q-learning. We can
however note that finding the right parameters can be difficult. The training times for the
two algorithms were globally the same, but we can achieve some good results with the Q-
learning in much fewer training episodes compared to DQN. Finally, the DQN algorithm is
more complicated to understand and to "see" the learning due to its neural network. It is
more of a "black box" than the Q-learning.

Super Mario Bros environment: Solving this environment was the most challenging part
of this master thesis. For both DQN and PPO, we have trained various models with different
hyperparameter values. The best model trained by DQN achieved an average result over 50
consecutive episodes of 864. For PPO, we globally obtain the same performances with an
average reward of 868.

As before, choosing the right hyperparameter values influences the rewards. However, we
have tested different methodologies for preprocessing the environment and found that models
receiving as inputs a scaled image of 84 x 84 pixels perform just as well or even better than
models taking as inputs the complete 240 x 250 pixels image. Moreover, they are trained more
quickly, 21 hours compared to 44 hours.

Despite both algorithms producing the same average rewards, the models trained by PPO
produced more outliers, meaning that the agent goes more further in the level compared to an
agent trained by DQN. We have even found that agents trained by PPO can sometime finish
the first level and starting the second. The probability of occurring being close to 1 every 500
episodes.

1.4 Structure of the Thesis

Chapter 2 The theoretical concepts used during this master thesis are explained in this
chapter. We initially start to explain Reinforcement Learning and present the Q-learning
algorithm. Subsequently we define and mathematically develop how neural networks work,
from their basic form like the perceptron to more complex networks like convolution neural
networks. Finally, we will go into the deep learning part, where we explain the DQN and PPO
algorithms.

Chapter 3 In this chapter, we present the methodology that was used to obtain the
results. We begin by presenting the Gym environment and its basic functions. We also present
the Mountain Car and Super Mario Bros environments. Afterwards, we explain how we have
solved the Mountain Car environment with the Q-learning algorithm and DQN. Ultimately,
we describe the preprocessing techniques employed to solve Mario and the methodology used
to obtain the results for both DQN and PPO applied to Mario.

Chapter 4 The results are displayed in this chapter. Firstly, we present the results
obtained on the Mountain Car environment with Q-learning and DQN. We compare the
rewards and present a way to obtain better results by "smoothing" the Q-table for the Q-
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learning algorithm. Subsequently, we solve the Super Mario Bros environment. We start by
explaining the preprocessing methodologies used, then show the results obtained with DQN
and PPO. Lastly, we investigate the probability of the most efficient agent to complete the
first level.

Chapter 5 We conclude this master thesis by this chapter where we review the results
obtained, discuss the possible limitations of the methodology and provide some suggestions
for future work.



Chapter 2

State of the Art

This chapter is dedicated to the description of the concepts used inside this thesis. We
will start by describing the notion of reinforcement learning. We will subsequently discover
and review the history of neural networks and finally use these two notions to define deep
reinforcement learning. We assume that the reader has the basic mathematical and machine
learning knowledge required to understand the topics described inside this thesis.

2.1 Reinforcement Learning

2.1.1 Introduction

This section is devoted to the explanation of Reinforcement Learning (RL). The descriptions
presented are mainly inspired from Frangois-Lavet et al. (2018) and Sutton and Barto (2018).

Reinforcement Learning can be seen as a field of machine learning. Machine learning is
defined by Mitchell (1997) and Bishop and Nasrabadi (2006) as a study that provides methods,
algorithms that will improve through experience, thanks to the use of data, to achieve some
tasks. Roughly, these tasks can be separated into three different categories:

e Supervised learning which will perform a regression or classification based on labelled
training data (Russell and Norvig, 2002).

o Unsupervised learning is a field that groups type of algorithms that will learn patterns
from unlabelled data.

o Reinforcement learning or RL which "is the task of learning how agents ought to
take sequences of actions in an environment in order to maximize cumulative rewards"
(Frangois-Lavet et al., 2018).

The primary goal of RL is to train an agent to learn a "desirable" behavior. To achieve
that, the agent will interact with his environment. By performing this, the agent will gather
experience which allows him to take the right decision to achieve a defined objective. Generally,
the process will be iterative. The agent will perform an action A at time ¢. This action will
modify the environment in which the agent evolves, making it pass into a new state Si;1.
A reward R;y1 is given to the agent depending on the result of his action A;. We provide
a positive reward if the new state gets closer to the defined objective, negative if it is the
opposite. The goal of the agent will be to maximize the cumulative sum of these rewards.
Figure 2.1.1 presents the basic idea of how RL algorithms work.
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"‘J Agent Il
state reward action
S, R, A,

. Rc+1 ( .
S | Environment

Figure 2.1.1: Basic schema of the functioning of an RL algorithm (Bhatt, 2018).

RL algorithms work by trial-and-error, as opposed to dynamic programming that needs to
perceive its complete environment. In spite of this, both these techniques are involved in the
modern definition of reinforcement learning. To explain what dynamic programming is, we
need to come back to the late 1950s where the term "optimal control" was used to describe
"the problem of designing a controller to minimize a measure of a dynamical system’s behavior
over time" (Sutton and Barto, 2018). To solve this problem, Richard Bellman and others
employed the concepts of a dynamical system’s state and a value function, which is currently
called the Bellman equation. Dynamic programming refers to the ensemble of methods used
to solve optimal control problems by solving the Bellman equation (Bellman, 1957a). The
discrete stochastic version known as Markovian decision processes (MDP) was also introduced
by Bellman (1957b).

2.1.2 Formal Definition

The RL environment will generally take the form of a Markov decision process. The first
explanation of the control setting was proposed by Bellman (1957a) and extended to learning
by Barto et al. (1983). It is globally the same scheme as we have described before, we merely
add some notations that will be useful for the remainder of this master thesis. An agent in a
given starting state sy € S collects an initial observation w, € w. An action a; € A is taken
by the agent at each time step ¢, leading to three results. The agent receives a reward r; € R,
the state of the environment moves to s;y1 € S, and the agent gathers a new observation
W1 € Q.

Markov Property

The environment is assumed to take the form of a Markov decision process, meaning it has to
satisfy the Markov property. This property states that the future observations of the process
depend only on the present observation and not of the past. The agent does not look at the
history of the process. In this case, the process has to satisfy:

o P(wir1|ws, ar) = P(wiy1|ws, ag, ..., wo, ag) and,
[ ] P(rt|wt, at) = P(rt|wt, Aty ...y WO, CL(])

Following Bellman (1957b), a Markov Decision Process (MDP) is a 5-tuple (S, A, T, R,~)
where:
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e S is the state space
e A is the action space

eT :8xAxS — [0,1] represents the transition function, i.e. a set of conditional
transition probabilities between states

e R:Sx AxS — R is the reward function. R represents the possible set of values taken
by the reward

v € ]0,1] is a discount factor. It is used to weight the returns obtained by the reward
function. This factor is more precisely described in the following sections.

If the state and action space are finite, we call this process a finite Markov decision process.
In a MDP, the system is also fully observable, which means that the observation is the same
as the state of the environment at each time step t: w; = s;. The probability of shifting to
Si+1 1s given by the state of the transition function 7'(s¢, ay, s¢41). The reward is computed
thanks to the reward function R(s,ay, Si+1) € R.

Policies

The way an agent selects an action in a given state is specified by a policy w. This policy
can be deterministic or stochastic. In the first case, depending on the state s, the policy will
always give the same action a. This policy is described as 7(s) : S — A.

In the stochastic case, the action a chosen for a particular state s is determined in a proba-
bilistic manner. This is defined as 7(s,a) : S — A, where 7(s, a) denotes this probability.

Expected Returns

The goal of the agent will be to maximize the cumulative rewards received in the long run.
More formally, we will say that the agent seeks to maximize the expected return. In the simplest
case, the return can be defined as the sum of the rewards: Gy = Ry11+ Riyo+ Rivs+ ...+ Rr
where T is the final time step. This approach is possible if there exist a terminal state at
which each episode can end. However, in many cases, there is no terminal state and the
agent-environment interaction will go without limit. If we follow the previous formula, the
final step will be T' = 0o, meaning that the return that we try to maximize could be infinite.
To prevent that, we add a discount parameter v € [0,1]. The agent will now try to select
the actions such that the sum of discounted rewards is maximized. This discounted return is
defined as:

o0

Gy = Rip1 +vRipo + 7V Ryys + ... = Z'Yth—l-k—O—l
k=0

The smaller ~, the more weight is given to the earlier rewards. The agent will take actions
that provide high rewards on a short horizon. The opposite is true for a ~ close to one.

Value Functions

Value functions are at the center of RL algorithms. They represent "an estimate of "how
good" it is for the agent to be in a given state" (Sutton and Barto, 2018). The term "how
good" is represented by the expected return, which depend on the actions, hence the policy
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followed by the agent. In a MDP, we define v,(s) the value of a state s under a policy 7 as
the expected return starting at state s following the policy =, or:

o.9]
Z Y Ritkin| Sy = 3]
k=0

vr(s) = Ex[G|S; = s] = E,

This function is called state-value function for policy .
The same function that defines the value of taking an action a in state s under policy 7 is
defined as ¢ (s,a):
Gr(s,a) = Ex[Gi| St = s, Ay = a] = E,

Z’Yth+k+1|St =S, At =a (211)

k=0

This function is called action-value or @)-value function for a policy .

These value functions used in reinforcement learning and dynamic programming fulfill
a fundamental property, they satisfy particular recursive relationships. The equation 2.1.2¢
defines the relation between the value of a state and the values of its successor states. This
equation is called the Bellman equation for v,. It will average over all the possible states,
weighting them by its probability of occurring.

vr(s) = Ex[Gy|Sy = 5]

o0
=Er | Y A" RiynsalS = s (2.1.2a)
k=0
[ee]
=E; |Rip1 + 'YZ'Yth+k+2|St = 8]
k=0

o0
r+ ’Y}Eﬂ- [Z ’}/th+k+2|St+1 = S/]] (212b)

= _mlals) Y > p(srls,a)
a s k=0
= Zw(a|s) Zp(s’,r|s,a) [r+vs(s)], Vse S (2.1.2¢)

By definition, the expected value of a variable can be defined as E(X) = Y. P(X = x;);.
In this case, the probability is defined by 7 (a|s)p(s’, r|s,a) where 7(a|s) is the probability of
taking the action a in state s and p(s’,r|s,a) is the transition probability of going to state s’
with reward r by being in state s and taking action a. These probabilities are used to weight
the quantity in bracket. By taking the sum over a,s’ and r, we compute all possibilities,
meaning we compute the expectation.

The term Y 2 o V¥ Rik+2|Si41 = s in equation 2.1.2b is substituted by v, (s') as the equation
2.1.2a shows.

Thanks to these functions, we can determine the optimal policy that can be used to solve
the RL task. "A policy m will be better than or equal to a policy «’ if its expected return
is greater than or equal to that of #’ for all the states" (Sutton and Barto, 2018). This is
translated as m > 7' <= wv,(s) > v (s) for all s € S. This is call an optimal policy denoted
as m".

We can also define the optimal state-value function v*:

v*(s) = maxv,(s), Vs € S
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The optimal action-value function q* is defined as:
q*(s,a) = maxq(s,a), Vs €S, a € A(s)
s

This function can be expressed in term of v*:
q"(s,a) = E[Ryp1 + 0" (Se41)[Se = s, Ay = d

The optimal state-value function v* is a value function for a policy, meaning it has to
fulfill the self-consistency condition given by the Bellman equation 2.1.2c. The equation 2.1.3
is called the Bellman optimality equation. "It expresses the fact that the value of a state under
an optimal policy must equal the expected return for the best action from that state" (Sutton
and Barto, 2018). This function represents the maximum value obtained for a state s. We
follow the same development used to find the equation 2.1.2c except that this time, a is fixed
as the action that bring the maximum value in a state s.

v*(s) = max ¢ +(s,a
( ) acA(s) i ( )
= max E «[G|S; = s, Ay = a]
a

o0
= m(?XEn* Z’Yth+k+1|St =54 =a
k=0
o0
= maxEq | Ryyq + ’YZVth+k+2|5t =54 =a
k=0
= m:?XE[Rt-i-l + ’}/U*(St+1)|5t =S, At = CL]
= ma s’ rls,a) [r +yv*(s 2.1.3
i S0l [+ )] (2.1

The Bellman optimality equation for ¢* is:
q*(s,a) =E [RtJrl + VHZE}XC]*(StH, a)|Sy = s, Ay = a]

=Y _p(srls,a) {T +ymaxq’(s, a’)] (2.1.4)

s'r

In practice, finding v* thanks to the equation 2.1.3 lead to one unique solution for finite
MDP. Solving this equation is like solving a system of N equations corresponding to N states
with N unknowns. If the dynamics of the environment are known, i.e. if we understand how
one state transition to another, which is represented by p(s’,7|s,a), we could in principle solve
it by using methods to solve system of nonlinear equations. The same goes for ¢*.

Once we get v*, the optimal policy is found by choosing the action a for each state s that
returns the maximum value in v*. It represents a one-step search.

For ¢* it is even easier, the one-step search is unnecessary. The agent has just to find the
action that maximizes ¢*(s, a) for each state s. This function represents the optimal expected
long-term returns for each state-action pair. This method is computationally more expensive
than only finding value for the states, but it allows to select the optimal actions without
having to know the possible successor states and their values, i.e. we do not need to know the
environment’s dynamics.
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2.1.3 Solving Methods

One way to obtain estimates of v*(s) and ¢*(s,a) is to employ Monte Carlo methods. These
methods obtain an estimate of the function by running several simulations and averaging the
results (Kroese and Rubinstein, 2012). We will utilize this technique later to perform a Q-
value algorithm. However, we will see that this method can not be applied in all situations
due to computational requirements.

Dynamic Programming

Before presenting Monte Carlo methods, we will first describe Dynamic Programming (DP)
methods. These methods refer to a collection of algorithms that can be used to compute the
optimal policies seen before given an ideal model of the environment like a MDP (Sutton and
Barto, 2018). These methods are at the base of RL, but their practical use is limited since
the whole environment need to be known and due to their computational complexity.

We start by assuming a finite MDP, meaning that its state, action and rewards sets, 5,
A(s) and R for s € S are finite and that the dynamic of the environment is given by a set
of probabilities p(s’,r|s,a). The primary goal will be to use the value functions v* of formula
2.1.3 and ¢* of formula 2.1.4 to search the good policies for a given problem.

To determine the optimal policy, we can use the value iteration algorithm. Inside this one,
the value vy is computed at each iteration with the following formula:

Uk1(s) = maxE[Ri1 + 0k (Se41)[ S = 5, Ay = a

= mngp(Sl, 7“’8, CL) [T + 'V'Uk(sl)]

s',r

for all s € §. The sequence v; can be shown to converge toward v* for any starting vg.
However, it will require an infinite number of iterations to converge exactly to v*. In practice,
we will terminate the algorithm when the value function changes by a small amount. Once
we have the "optimal" value function, we employ it to compute a deterministic policy m ~ 7*.
The idea will be to consider changes at all states and to all possible actions and to choose the
action a that appears to be the best according to ¢ (s, a). In practice, it follows the equations:

7' (s) = argmax ¢ (s, a)
a

=argmax E [Ri11 + yvr(Si+1)|S: = s, Ay = d]

_ / /
= arginaXZp(s ,7ls,a) [r 4+ yvx(s)]

s'r

where arg max, is the value of a chosen to maximize the expression following. The pseudo
code 1 below explains how the value iteration algorithm works (Sutton and Barto, 2018).

Q-learning Algorithm

The development of an off-policy temporal difference algorithm knows as @Q-learning by
Watkins (1989) represented a major advance for the RL community. Before explaining this
algorithm, we first need to describe what on-policy, off-policy and temporal difference mean.

To understand the concept of on-policy and off-policy, we need to discuss a challenge
first that is typical to RL, which is the trade-off between exploration and exploitation (Cohen
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Algorithm 1 Value iteration algorithm

Initialize array V' arbitrarily (representing the value for all states)
repeat
A<+0
for s € S do
v+ V(s)
V(s) <~ maxq ., p(s,r|s,a) [r +yug(s)]
A+ max(A, [v - V(s)])
until A < 0 (a small positive number)
return 7(s) = argmax, Y, . p(s',7(s,a) [r + yvx(s")]

et al., 2007). To maximize his rewards, the agent will tend to select actions that he has already
performed in the past, and that has been proved effective. However, in order to be able to
discover these "good" actions, the agent has to try new ones. "The dilemma is that neither
exploration nor exploitation can be pursued exclusively without failing at the task. The agent
must investigate a variety of actions and progressively favor those that appear to be best"
(Sutton and Barto, 2018). A policy must follow an optimal behavior to learn action values,
but they also need to behave non-optimally in order to explore all actions.

e In the on-policy approach, the agent attempts to improve the same policy that is used
to select the actions. The exploration vs exploitation dilemma is solved by including
randomness. It means that random actions can be selected with probability € to ensure
exploration. We also call this type of policy a e-greedy policy.

e For the off-policy approach, we employ two policies. The first, the target policy, is used
for function estimation and improvement. The second is there to generate the data use
to compute the first policy and ensure the exploration. It is called the behavior policy.

Temporal difference learning (TD) represents a combination of Monte Carlo methods and

dynamic programming. It learns from raw experiences without having to model the environ-
ment dynamics like Monte Carlo. And like dynamic programming, TD methods update the
estimates on the basis of other learned estimates without waiting for the final outcome.
To explain, we will compare Monte Carlo and TD methods to get the prediction of v,. Both
methods update their estimate of v of v, for non-terminal states S; (Sutton and Barto, 2018).
In the Monte Carlo method, we wait to know the return obtained by the visit at time ¢, then
we update V(S;) with this return using the equation:

V(St) — V(St) + o [Gt — V(St)]

where G} is the actual return at time ¢, and « is a constant step-size parameter. This method
must wait to the end of an episode to know the value of Gy, and then update V' (S;).

In temporal difference methods, we wait only until the next step. We update V(S;) at time
t + 1 by using the reward R;41 and the estimate V(Sy4+1) following the equation:

V(St) < V(St) + a[Riy1 + vV (Si41) — V(S1)]
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These two methods are linked. The Monte Carlo use an estimate of the equation 2.1.5a
whereas the TD use an estimate of the equation 2.1.5b. For the MC, the expected value is
not known, a sample return is used as estimate instead of the real expected return. For the
TD, vz(S¢4+1) is not known. We use as estimate V(Si11).

Ur(8) = Ex[Gt| Sy = s] (2.1.5a)
=E, io:’Yth+k+1|5t = 8]
k=0
=Er |Rit1 + Vikat+k+2|St = 5]
k=0
=E, [Rt+1 + ’yUW(St+1)‘St = 8] (2.1.5b)

Now that we have defined the concept, we can describe the @Q-learning algorithm developed
by Watkins (1989). This algorithm learns the action-value function @ as a direct approxi-
mation of ¢*, the optimal action-value function, independently of the policy followed. The
function is computed as follows:

Q(S1, Ar) + Q(S1, A) + a [ Riys + ymaxQ(Siy1, 0) = Q(Sr, At)} (2.1.6)

where « is the learning rate or step size. It determines how much new information override
old information. If it is equal to zero, the agent will learn nothing and the closer it gets to
one, the more the agent considers recent information. The 7 is the same discount factor as
explained before.

The algorithm 2 presents how the Q-learning method works (Sutton and Barto, 2018).

Algorithm 2 Q-learning algorithm

Initialize Q(s, a) arbitrarily, set Q(terminal — state,-) =0
for each episode do:
Initialize S
repeat for each step of episode:
Select A from S using policy derived from Q)
Take action A, get R, S’
Q(St, At) + Q(St, At) + a [Riy1 +ymaxy Q(Sit1,a) — Q(Si, At)]
S« S

until S is terminal

Watkins and Dayan (1992) have proved the convergence of this algorithm to the optimal
value function ¢* under the following conditions:

e discretization of the state-action pairs

e all pairs continue to be updated, i.e. all actions are repeatedly sampled in all states to
ensure a correct exploration

In this basic version, the algorithm will save Q(S,A) as a table with one entry for every
pair of state-action. However, this is inapplicable to many problems due to high-dimensional
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state-action space. For example, the game of backgammon has 10%° states (Sutton and Barto,
2018) which is therefore impossible to solve with classic Q-learning method. To try to solve
problems with many various states, scientists have come with the idea of approximating the
target functions by an artificial neural network.

2.2 Neural Networks

In this section, we define and review the history of artificial neural networks. Artificial neural
networks are inspired by the neurons present in the biological brain. An artificial neuron
receives a signal in the form of some digits, processes it and output a result thanks to a
non-linear transformation function. Typically, neurons are organized in layers that perform
different transformations of their inputs. These inputs have a weight that can be adjusted
through a learning process. Information travel from the first layer, called the input layer,
could traverse some additional layers and ultimately reach the output layer.

This section is mainly based on Haykin (2009). Some elements described in video made by
Machine Learnia (2021) are also used to acquire the fundamental idea behind neural networks.

2.2.1 Perceptron

The invention of neural networks is mainly due to Rosenblatt (1958) who has proposed the
perceptron. It is the most basic form of neural network used to classify linearly separable
patterns. It consists of a single neuron with bias and weights that are adjusted through
an algorithm developed by Rosenblatt (1958, 1961). Figure 2.2.1 represents how the neuron
works, where x1, xa, ..., T, are the inputs, wgy, Wi, ..., Wy, represent the weights of the neuron
k and by is the bias apply on the neuron k.

Activation
function

ol-) —

Summing
junction

Synaptic
welghts

Figure 2.2.1: Nonlinear model of a neuron k (Haykin, 2009)

Mathematically, we can represent this neuron k as:

m
2k = Zwijj + by (2.2.1)
j=1

and
ar = ¢(2k) (2.2.2)
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where z;, represents the linear combination of the input signal plus the bias, ¢(-) is the activa-
tion function who will transform the combination vy into the two different classes. There are
principally two types of activation functions, threshold functions and sigmoid functions. Mod-
ern algorithms can utilize other types of activation functions (ReLU). They will be described
later.

e Threshold function is called a Heaviside function with a corresponding decision de-
fined by:

1 if2>0
‘p(z)_{ 0 ifz<0 (2.2.3)

Neurons using this type of activation function are also referred as the McCulloch-Pitt
model due to the previous work achieved by McCulloch and Pitts (1943).

e Sigmoid function represents the most common form of activation function that we
can find in a neural network. These functions take the form of an "S" on a graph. An
example of such a function is the logistic function defined by:

1

)= ——F— 2.2.4
#(2) 1+ exp(—az) ( )
where a is the slope parameter of the function. This function will assume a continuous
range of value between zero and one. The main advantage of this function is its differ-

entiability, compared to threshold function. We use this property later in this section.

= - = @l(v)

@) b

- ) -
B ] I e [ [ [ [
1 1 1 1 1 ] -1 -8 -6 —4 -2 L\ 2 4 [i] B 10
-2 =15 -1 -035 i 5 1 1.5 2 v
-
(b)

Figure 2.2.2: Representation of (a) threshold function, and (b) logistic function (Haykin, 2009)

2.2.2 Backpropagation

Before using a neural network to achieve some tasks, we first need to train the model. In
case of a neural network, it means adjusting the weights w and the bias b. The popular
method to train a model is called the backpropagation algorithm. This technique was first
used by Rumelhart et al. (1986) in neural network framework and developed by Rumelhart
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et al. (1985) 1. This concept was not new. The basis is derived by Kelley (1960) and Bryson
(1961). A simpler solution to the one found before is presented by Dreyfus (1962) based on
the chain rule. The first implementation on a computer is made by Linnainmaa (1970). This
implementation represents a general method for automatic differentiation.

The backpropagation algorithm can be differentiated in two phases:

e Forward phase: the weights are fixed and the input signal is propagated through the
network until reaching the output.

e Backward phase: we compare the output received to the desired response. This
comparison is performed by computing the error. This error is then propagated through
the network in the backward direction. During this propagation, weights are adjusted
according to some rules.

The cost function associated to the network is called a loss function. It maps the value
of multiple variables into a real number. In backpropagation framework, the cost function
calculates the difference between the outputs of the network and their expected values. This
function must fulfil some assumption to be used in backpropagation algorithm (Nielsen, 2015).
First, for n training examples x and an error function F,, it can be noted as an average
E = %ZI E,.. The second is it can be written as a function of the outputs from the neural
network.
The weight adjustments are done via a gradient descent method following this formula:

Wt+1 = Wt — a;{fft (225)

where FE is the loss function, W; are the weights at time ¢ and o > 0 is the learning rate.

The core objective of the backpropagation algorithm is to compute the partial derivative of
the error E by regard to the weights W.

To get the intuition behind the backpropagation algorithm and define the equation needed
to achieve it, we start at the basis with an example consisting of two inputs z1, 2, one neuron
and m training data. The method and equations come from Machine Learnia (2021), which
follows Rumelhart et al. (1985) and Haykin (2009).

For this example with two variables and one neuron, we can write the neuron from the
equation 2.2.1 as:

z(x1,x9) = wixy + waze + b (2.2.6)

The sigmoid function is the logistic function defined in equation 2.2.4 with slope a = 1. This
sigmoid function represents the probability that one training example belong to one class.
This classification problem can be represented by a Bernoulli law:

P(Y =y) = ¢(2)! x (1 - p(2))' 7 (2.2.7)

We use this equation to define the loss function. In this case, we will use the maximum
likelihood function. More specifically, we compute the minimum of the negative log likelihood.

'Despite the date of the second paper is before the first, the second paper is a generalization of the
backpropagation technique. "We describe a new learning procedure, back-propagation, for networks of neurone-
like units" (Rumelhart et al., 1986). "This paper presents a generalization of the perception learning procedure
for learning the correct sets of connections for arbitrary networks" (Rumelhart et al., 1985). This temporal
issue is probably linked to the time taken to publish the articles.
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The loss function E will be:
1 m
E=-— Zyz log(¢(2:)) + (1 — yi) log(1 — () (2.2.8)
i=1

As explain before, the goal is to adjust the weights in the network thanks to the formula 2.2.5.
We compute gTj?/ by chain rule 2:

oE oE 0p(z) 0z

oW, agts) < ox o (2:29)
By computing the partial derivatives, we found:
i) OF 1 1
dp(z)  m 2 90?2) S 1- 90?2) (2:2.10)
i)
X _ o)1 - () (2.2.11)

To compute this equation, we need a differentiable activation function, hence the use
of the sigmoid function defined in equation 2.2.4. We will see that ReLLU activation
function, which are not differentiable in zero, can also be used.
iii)
0z
ow,

1 (2.2.12)

By putting all these equations inside the equation 2.2.9, we found that:

or __L y_l_yXZ—zx:c
oW, mZ<¢(Z) 1— o(z) e(2)(1 —¢(2)) 1)

= —% > i = p(z)ai
=1

The equation for ;WEQ and %—f are nearly the same:
OFE 1 &
oW, T Tm Z(yi — ¢(zi)) 2
i=1
OFE R
9 m Z(yi - ¢(2))
i=1

2"In Leibniz’s notation, if a variable z depends on the variable y, which itself depends on the variable x
(that is, y and z are dependent variables), then z depends on x as well, via the intermediate variable y. In this
case, the chain rule is expressed as" (Wikipedia contributors, 2022):

dz dz dy

@_dy.dx
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We can generalize the model (still one neuron) to an indeterminate number of variables
(inputs) by vectorizing the equations. To achieve that, we define the matrix X € R™*"
where m is the number of observations and n the number of variables. The vector of label is
represented by Y € R™*1,

The vectorization of the neuron v will be V' € R™*1:

Z=XW+0b

where W € R™! and b € R™*1,
From this one, the activation function become A4 = (Z) € R™*1.
Finally, the weights are updated following:

W=W-—a"r
Yow

with g—g/ € R™ 1. The gradient can also be expressed as:

oF 1

— =——XT(A-Y

ow m ( )

where the matrix X is transposed because X € R™*" and (A —Y) € R™*L.
For the bias, the descent is expressed as:

E
b= b_a%b (2.2.13)
where %—f = —L1 3 (A -Y), which provide a real number.

With all these formulae, we can train a neural network. The pseudo algorithm uses to train
a neural network is described below. The number of iterations to train the neural network is
not well defined. Following Kramer and Sangiovanni-Vincentelli (1988), we can say that the
algorithm as converged when "the Euclidean norm of the gradient vector reaches a sufficiently
small gradient threshold". Haykin (2009) proposes another stopping criterion by considering
the absolute rate of change of the squared error, and stopping the algorithm when this value
is below a sufficiently small threshold.

Algorithm 3 Training a basic neural network

Take X € R™ ™ as input, Y € R™*! as label
Initialise weights and bias
repeat:
Compute output of the neuron: Z = XW + b
Compute activation value: A = ¢(Z2)
Compute loss function E thanks to activation value A and labels Y:
E =570 yilog(Ay) + (1 — y;) log(1 — 4;)
Compute gradients: g—vg =-—L1XT(A-Y) and %—f =-1
Update weights and bias: W =W — ag—g, and b=10— a%—f
until change of error £ < small value

(A-Y)
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2.2.3 Multilayer Perceptron

In the previous section, we have defined the basic perceptron, which represents a single-layer
network. This type of network is limited to the classification of linearly separable patterns.
The multilayer perceptron have been invented to overcome this limitation.

This type of network conserves the fundamental idea behind the perceptron, except that
it can be composed of one or more hidden layers. These layers are hidden from the input
and output layers. The number of neurons per layer can also change. Figure 2.2.3 shows an
example of a multilayer perceptron.

Input First Second Output
layer hidden hidden layer
layer layer

Figure 2.2.3: Design of a multilayer perceptron with two hidden layers (Haykin, 2009).

Despite being more complex than a single-layer perceptron, the training of a multilayer
perceptron can also be achieved through backpropagation. Before explaining all the equations,
we first need to perceive how the inputs are propagated inside such a network. To keep simple,
we imagine a network with two neurons as input, one hidden layers composed of two neurons
and one output neuron.

As before, the inputs propagate through the weights to reach the neuron in the first layer.
In each neuron, we will compute the value z following the equation 2.2.1. Once we have a
z-value, we can compute the activation value using an activation function, in this case the
logistic. We obtain the equations:

z1 = w1121 + wi2x2 + by
Neuron 1 = o 1

a1 = 1+exp —21

Z9 = w2121 + woaT2 + b
Neuron 2 = . 1

a2 = 1+exp —2z2

The weights are now defined by w;; where ¢ refer to the starting neuron and j the ending
neuron.

The activation values a; and ay are now propagated through other weights to reach the output
layer, where they will serve as input to compute, once again, the z values, which is used to
compute the new activation value of the output. In mathematical terms:
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2] — B 4 [2] [1]+b[]
Neuron 1P = %12} o 1 11

- 1+exp 7z£2]
A new superscript appears in the notation. It indicates where in the NN architecture the
weight is located. For example, w[ ] represents the weight located between the hidden layer
(second layer in the network after the input layer) and the output layer, representing the link
between the neuron 2 from the hidden layer to the neuron 1 of the output layer.
As before, we can vectorize these equations to get the matrix of z-values and activation values

a. the results are the equations:

I —wil. x 4 pll
Layer 1 = Al — 1 -
reesZ (2.2.14)
Z121 — w2l Al 4 pl2]
Layer 2 (output layer) = A2 1
T 14exp —Z[2]

Thanks to A2, we can compute the loss function E.

Jo —% S ylog(A2) + (1 — y)log(1 — AZ) (2.2.15)

Finally, this loss function is used to derive the gradients. In this example, the gradients are
defined by the chain rule:

OF OFE oAl 9z

oW ~ 0Al ~ az@ * s (2.2.16)
OF OE  0AR oz
a2~ 9Al ozl < ap (2.2.17)
OE  OE _ 9AR ozl 9A[1] ozl Vo1
owll ~ 9AR " gz * pall < a7 * oWl (2.2.18)
(2] [2] (1]
OF  oE 0AP o9z pAl] oz 2219

ool — 9ARI " 9z " 9Al 9zl " gell
The demonstrations and the final equations for the gradients are inspired from Machine
Learnia (2021). We can see in the chain rule equations that there is always a common part

between g‘f/ and 8E . We define this common part as:
2]
179 — ok 8A
0P " 921 (2.2.20)
izl 08 AR 8Z[2] . 9A[]
QAR azm " Al " gzl
We first start with dZ2. By replacmg 57 by the value already defined in the equation
2.2.10 and g?m by the value in the equatlon 2 2.11, we found after some simplifications:
oE  9Al
122 =58 ™ 970
B e A e 21 _ Al
= o e + ) < AT A%

:%ZAm_y
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For notational simplicity, we drop the term — Z This term will be reused later to simplify
some equations. The value of dZ2 is therefore equals to:

dz2 = A% —y (2.2.21)

One can notice that we have a problem with the dimensions. dZ2 € R xm whereas

Al ¢ RePxm anq y € RY™™  To solve that, we apply Broadcasting. It is a technique
used when "arrays with different sizes cannot be added, subtracted, or generally be used
in arithmetic. A way to overcome this is to duplicate the smaller array so that it is the
di[rr;ensionality and size as the larger array" (Bronlee, 2018). y will so be duplicated to match
A2,

Now that we have defined dZ2, we can replace it in the equation 2.2.16. dZ ]] is computed
via Z1Z in the equation 2.2.14.

OE azm
oWl m Z 22 x
= — Z dZ?2 x A[l]
m
We still have a problem with the dimension of the matrix. a%] is in dimensions (n? xnl).

The dimensions of dZ2 was defined before as (n?! x m) and Al has dimensions (nl!) x m).
To obtain the correct dimensions for %, we transpose Al and take the dot product. The
sum is implicitly included in the dot product, giving as final equation:

oF 1
= AT
ow 2l de2 A
To compute ab ] we substitute dZ2 in the equation 2.2.17 and find the partial derivative
of z12 by regard to b2l which is computed via Z[ in the equation 2.2.14. We obtain:
OFE 0z
m—dZQXW =dZ2 x 1

Once again we have a problem with the dimensions. has dimensions (n/? x 1) and

6b[2]
dZ2 has dimensions (n/2 x m). To solve that, we will use the sum that we have keep aside.
If we take the sum following the first axis (sum of the columns), we change the dimensions of
dZ2 from (nl? x m) to (n? x 1). It is represented in the equation by the 3 The final

equation became:

aris1l®

Z dz2 (2.2.22)

8b 2]

ams 1
Now that we have found the gradients for the second layer, we need to compute the ones
related to the first layer. To achieve that, we start by computing dZ1 following the equation
2.2.20. We can see that dZ2 can be substituted inside this one. The remaining term as

computed by looking at the equations 2.2.14. It gives us:
OF oAl 9z 9A[1]

21 = 528 * 578 * oA * 570
PYASIOY
=dZ2 x 8Am X 52100

_ az2 x W x All(1 — All)
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By looking at the dimensions, we see that dZ1 € (nlIxm), dZ2 € (nl xm), w € (nl xnlt)
and A1 — Ay € (nlY x m). We arrange the equation by putting W2 in front of the
equation, transposing it and taking its dot product with dZ2. The final equation is:

dz1 =wH" . dz2 x A1 — All)

It is important to note that the multiplication (x) is not a dot product between the matrix
but a simple term to term multiplication.

With this value for dZ1, we can compute the gradients defined in the equations 2.2.18
and 2.2.19. Once again, the partial derivation is achieved by looking at Z[! in the equations
2.2.14. It gives us for aEl] :

OF AL
o ~ X Gm
=dZ1 x X

To match the dimensions (nl*! x nl%) of 5 ‘9 , we need to transpose X which has dimensions

(nl% x m) in order to take the dot product of dZ1 (dimensions (n!! x m))). We also need to
add the term keep aside from dZ2, which produces as final result:

oF 1
e . XT
Sl de 1-X
For W’ we obtain:
OF oz
2] dZ1 x 20l
=dZ1 x1

When we look at the dimensions, we observe the same issue as the one observed when com-
puting =1 E . We apply the same methodology to solve it, the final equation is:

(% 1] Z dz1

a:msl

The last step is to generalize the previously elaborated equations to neural networks of
any given architecture, independently of its number of layers and neurons. We have seen that
during the forward propagation, the next value of Z will depend on the previous value of A.
During the back propagation, some values also depend on the previous values of another layer.
For this reason, we define the layer [ € [1, L] where L is the number referring to the last layer
(the output layer).

For each layer [, we have m training examples and n[l] number of neurons in the layer I:

a) Parameter initialization: we set random values for the weights and bias but they
have to respect the following dimensions:

wll e grllxnli=1] (2.2.23)
bl ¢ i1 (2.2.24)
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b) Forward propagation: in order to simply the formulas, we set that X = Al

ZU — . gl=1 4yl (2.2.25)
1
1 2.2.2
1+ exp —ZI ( 9
¢) Back propagation:

dz1 =Wl gzl x Al — Al (2.2.28)
awll — L gzl 41 (2.2.29)

m

1

U — 711 2.2.

v m agl ‘ ( 30)

where the first equation stand for the last layer L while setting X = A,

d) Parameter update:

wl = wll — o x awll (2.2.31)
= pll — o x bl (2.2.32)

where « is the learning rate.

With all these formulas, one can implement its own neural network with the number of
layers and neurons of one’s preference.

2.2.4 Challenges and Solutions

As seen before, the single layer perceptron can only be used to classify linearly separated
classes. If we want to differentiate non-linear classes, we have to use a multilayer perceptron.
By adding more neurons and more layers, a MLP can approximate any functions and so solve
any problems. It is called an universal function approximator that is proved by the universal
approzimation theorem (Hornik et al., 1989). This proof does not indicate the number of
neurons and layers that is required to achieve this approximation, as well as the weights and
learning parameters.

Due to this property, one can be tempted to put a lot of neurons and hidden layers in the
architecture of his neural network. However, some problems could occur.

The more obvious is the computation time. As we increase the number of parameters to
compute, the time required to perform all the computations will increase tremendously. We
are clearly limited by the hardware limitations. It is for this reason that despite being known
since 1950s, the revolution of deep learning only took place relatively recently. In 2012, we
saw the performance of MLP increase dramatically due to the increasing number of layers
inside the networks. This was possible thanks to the growing among of data and computing
power that become available in 21" century (Lee, 2019).

One way to optimize this computation time is to increase the learning rate .. If this rate is set
too small, it produces a long training process and the optimizer could get stuck in (too) local
minimum. On the other hand, if it is too large, we could obtain a suboptimal solution or an
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unstable training process (Brownlee, 2019). One solution is to change the learning rate during
the training process. We typically start with a high learning rate that decreases during the
process. We can additionally use the adaptive control of the learning rate that was discovered
by Murata (1998).

The second problem, appeared around the year 2000, is the vanishing gradient prob-
lem. This issue is encountered in neural networks trained via backpropagation using gradient
methods. In these MLP, the weights are updated proportionally to the gradient value. It can
happen that this value is too small and gradually decreases during backpropagation. This can
lead to weights not being updated or, even worse, to terminate the learning process (Basodi
et al., 2020). Despite not being explained in this master thesis, the vanishing gradient problem
is a strong issue for recurrent neural networks (RNN). Several methods can be employed to
avoid the vanishing gradient problem like using ReLu activation functions, batch normaliza-
tion and residual neural network, who are a type of deep network that use connections or
shortcuts to jump over some layers (He et al., 2016).

A) Rectified Linear Unit (ReLU) is a type of activation function that is defined by the
positive part of its arguments: f(x) = 2 = max(0,z) where z is the input to a neuron
(Liu, 2017; Brownlee, 2019). This activation function is typically used for hidden node
due to their semi-linear behaviour that provides an easy learning. For output nodes, we
prefer other functions like the sigmoid. Figure 2.2.4 represents the ReLU function.

Figure 2.2.4: Representation of ReLU function (Liu, 2017).

The particular advantages of this function are:

1) Computational simplicity: this function does not require computing an exponential,
like the sigmoid function. "Computations are also cheaper: there is no need for
computing the exponential function in activations" (Glorot et al., 2011).

2) Sparsity: refers to the fact that negative inputs will have a ReLU value equal to
zero. Neurons in a neural network should not always be activated depending on the
input. For example, "in a model detecting cats in images, there may be a neuron
that can identify ears, which obviously shouldn’t be activated if the image is about
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a building" (Liu, 2017). That allows the network to be faster to train as they are
fewer neurons to compute.

3) Gradient propagation: this function has fewer vanishing gradient due to its only
positive values. The saturation can occur from only one side, compared to the
sigmoid function who accepts negative values (Glorot et al., 2011).

Although this function has many advantages, some problems can occur. Firstly, the
function is undifferentiable in zero. This can be easily solved by arbitrarily setting the
value of its derivative to 0 or 1. The second, called the dying ReLU problem, is more
challenging. It is a form of vanishing gradient that happen when a neuron is pushed in
inactive states for most inputs. In this case, no gradients flow backward through the
neuron. The neuron is stuck in this state and "dies". If a significant number of neurons
in the network are stuck in this state, the training process is no more efficient and the
network could not perform well (Lu et al., 2019).

A way to avoid the dying ReLU problem is to use a variation of the ReLU function
based on the following equation (Van Oirbeek, 2020):

9(zi, ;) = max(0, z;) + a; min(0, z;)

— Absolution value rectification is computed by fixing a; to -1, s.t. g(z;) = |z

— Leaky ReLU by fixing «; to a small value. In this case, the output for a negative
value of z; will be different from zero, allowing the gradient to pass through the
neuron.

Batch normalization is a method proposed by Ioffe and Szegedy (2015) that makes
the neural network faster and more stable thanks to the normalization of the layer’s
inputs by scaling and centering. In deep neural network, each layer has inputs with
corresponding distribution. These distributions are affected during the learning process
by the randomness in the parameter initialization and input data. The effect of these
sources of randomness on the distributions is called the internal covariance shift. In ad-
dition to reduce this internal covariance shift, batch normalization allows using higher
learning rate without vanishing or exploding gradients. Last but not least, some reg-
ularizing effect can be observed, improving the network generalization property which
mitigates the overfitting.

Despite all these advantages, there are some undesirable properties like the dependence
to the batch size and interaction between examples. Recently, Brock et al. (2021) have
developed the Normalizer-Free Nets that achieved strong performance on image classi-
fication while being faster to train.

One last problem that could arrive when increasing the size of the network is overfitting.
It is a recurrent issue in machine learning where "the model performs perfectly on training set,
while fitting poorly on testing set. This is due to that overfitted model has difficulty coping
with pieces of the information in the testing set, which may be different from those in the
training set" (Ying, 2019).
The simple solution will be to reduce the size of the network, but the overall performance
could decrease. Luckily, other techniques can reduce overfitting. They are called reqularization
techniques. As we have seen before, batch normalization is one of them. Another technique
wildly used is known as the weight decay or L2 regularization (Nielsen, 2015). The idea is to
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add an extra term to the cost function, called the regularization term. For example, the loss
function defined in the equation 2.2.15 become:

E = —%Zylog(/l) +(1—y)log(l1—A)+ ﬁZuﬂ

where A > 0 is the regularization parameter and w are the weight values.
The goal of this function is to make the network prefer to learn small weights. "The smallness
of the weights means that the behaviour of the network won’t change too much if we change a
few random inputs here and there. That makes it difficult for a regularized network to learn
the effects of local noise in the data" (Nielsen, 2015). If the network includes large weights,
it tends to model noise present in the training data, which is something we want to avoid in
order to achieve a decent generalization of the model.

2.2.5 Gradient Descent Variants

So far, we have determined the classical way to compute the gradient descent during back-
propagation. However, there are primarily three variants of gradient descent techniques. For
each technique, the amount of data used to compute the loss function varies. A trade-off
between the accuracy of the parameter update and the time it takes to perform an update is
made (Ketkar and Santana, 2017).

Before going further into the description of the gradient techniques, we correctly define
the difference between several terms commonly used in deep learning. These definitions come
from Brownlee (2018):

1) Sample is a single row of data. It contains inputs that feed the algorithm and labels
used to compare the predictions and compute the errors. It is our = and y.

2) Batch size is a hyperparameter that defines the number of samples to work through
before updating the internal model parameters. It can be viewed as a for-loop over the
samples before updating the weights of the model. If the dataset can not be divided by
the batch size, the final batch will be composed of fewer examples.

3) Epoch is a hyperparameter that defines the number of times that the learning algorithm
will work through the entire training dataset. One epoch means that each sample has
had the opportunity to update the weights of the model. An epoch can include one or
more batches.

We can view the training process as a for-loop over the number of epochs, within this
loop another for-loop is nested that iterate over each batch of samples, where one batch is
composed of the batch size number of training samples. After each batch the parameters are
updated and after all the epoch, the algorithm end. The algorithm can stop before running
through all epoch, in this case, it typically stop after a complete epoch is finished, and not in
the middle of one.

Now that these concepts are clear, we can explain the difference between the gradient
descent techniques.

A) Batch gradient descent represents the original technique we have seen so far. All the
training data are taken into consideration to compute the loss function. When we have
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computed all the gradients from the training examples, we average them and use this
mean to update the parameters. In this algorithm, the batch size equal the size of the
dataset, meaning the parameters are updated at each epoch.

In most cases, this algorithm represents a non-viable option due to large dataset. We
might run out of memory to load the entire batch.

Stochastic gradient descent updates the weights inside the model by using one sample
at a time. It is similar to say we use a batch size equal to 1. The consequences are less
memory used and a faster learning process. However, due to the frequent update of
the weights, the loss function fluctuates a lot, despite reaching a minimum, it continues
to oscillate around this one (Patrikar, 2019). To summarize it, for one epoch, we (1)
select an example, (2) feed the neural network, (3) compute the gradients, (4) update
the weights, (5) repeat steps 1-4 for all examples in the training dataset.

Mini-batch gradient descent represents a compromise between the two techniques
seen before. We use a batch size greater than 1 and smaller than the entire dataset. It is
considered as a good trade-off between a low variance and computation time. We imple-
ment the same algorithm as for the stochastic technique, but by replacing one training
example by a batch of training example.

The batch size depends on the problem but generally speaking it is chosen "between 1
and a few hundreds, e.g. B = 32 is a good default value, with values above 10 taking
advantage of the speed-up of matrix-matrix products over matrix-vector products" (Ben-
gio, 2012). Moreover, it is recommended but not mandatory to select a number in range
of powers 2 like 16/32/64/... as batch size, as it accommodates best from computation
perspective (Ketkar and Santana, 2017).

Adam, derived from adaptive moment estimation, is a method proposed by Kingma
and Ba (2014). It is an optimization of the stochastic gradient. This method combines
the AdaGrad method of Duchi et al. (2011) and the RMSProp of Tieleman and Hinton
(2012). It computes an exponential moving average of the gradient and the squared
gradient, while adding some parameters to control the decay rates of these moving
averages.

Concretely, at time step t, we get the gradients g;. With these gradients we update
my, which is the biased first moment estimate and v, the biased second raw moment
estimate.

my = Brmg—1 + (1 — B1)gs
v = Povg—1 + (1 — 52)%2

These biased estimates are then used to compute the bias-corrected first and second
moment estimate.

my

)

~ Ut

t = 77

(1-53)

~
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Finally, we update the parameters of the model using the following formula:

A~

my
VO + €

Some notes about the equations. First, all operations on vectors are element-wise, it is
not a dot product. « represents the learning rate, 8; the exponential decay rate of the
first moment estimate, B2 the exponential decay rate of the second moment estimate,
and e is a small value to prevent any division by zero. Following Kingma and Ba (2014),
good default settings for these values are av = 0.001, 31 = 0.9, B2 = 0.999 and € = 1078,
The value for epsilon can change depending on the problem. For example, TensorFlow
suggests that "when training an Inception network on ImageNet a current good choice
is 1.0 or 0.1" (Abadi et al., 2015).

Gt = 91&—1 — (2233)

2.2.6 Convolutional Neural Network

Convolutional neural networks (CNN) are a type of neural network that has been developed
by Fukushima and Miyake (1982). They are frequently applied to data having a grid-like
topology, like images that can be described as a 2D grid of pixels. Their name comes from the
term convolution which is a mathematical operation. Most of the information present inside
this section comes from Goodfellow et al. (2016), Nielsen (2015) and Udyavar (2017).

Description

Multi Layer Perceptrons seen so far are unsuited for working with images. These networks do
not take into account the spatial architecture of the image. Pixels close or far to each other
are treated the same way. The goal of convolutional networks is to take advantage of this
spatial configuration. In these types of network, one part is composed of convolutional layers
that are used to do feature extraction and the other part is a classical fully connected layer,
as seen so far, used to perform the classification. The primary advantage of CCNs is that it
improves the computation speed by reducing the number of inputs used in the fully connected
layer by selecting the important features present in the image. Figure 2.2.5 shows how the
classical CCN works.

CCNs are based on three basic ideas: local receptive fields, shared weights and pooling
(Nielsen, 2015).

1. Local receptive fields: in MLPs, we represented the input layer as a vertical line of
neurons. In CNNs; the inputs are usually images, which can be described by a width
and height of pixels, for example 28 x 28 square of neurons. The values taken by the
neuron correspond to the pixel’s value. Instead of connecting every input to every hidden
neuron, we make connections in a small, localized region of the image. This region is also
called a local receptive fields or kernel. For example, if we take a kernel of dimension 5 x5,
we connect 25 inputs neurons to one hidden neuron, meaning the hidden neuron has 25
weights coming from the input neuron and one bias. The value of the hidden neuron is
computed by convolution, see Section 2.2.6 for more details on the computation. Once
we have computed the value of the hidden neuron, we slide the local receptive field to
the right and compute the value for the new hidden neuron. The amount by which the
filter slide is referred to as the stride (Udyavar, 2017). We generally take a stride equal
to one. If we consider our example of an image with 28 x 28 pixel as input, and a local
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Figure 2.2.5: Classical architecture of a CCN used to classify handwritten digits (Saha, 2018).

receptive field of 5 X 5, we obtain 24 x 24 neurons in the hidden layer. This comes from
the fact that we can only move the local receptive field by 23 neurons to the right (or
down) before colliding with the border of the image. Figure 2.2.6 shows how this first

step works.
input neurons input neurons
eiees first hidden layer 00000, first hidden layer
89900 oo ot e 40 O00BOEEEEoaean o T )
b aaasazavaes S,
00000 O

(a) (b)

Figure 2.2.6: Computation of a CNN hidden layer. We slide the local receptive field by one
neuron to the right between (a) and (b) (Nielsen, 2015)

2. Shared weights and biases: We have mentioned before that each hidden neuron in
our example have 5 x 5 weights and one bias. These weights and biases are the same for
all the hidden neurons computed during this step. We can say that the j, k-th hidden
neuron has as output (Nielsen, 2015):

5 5
¥ (b =+ Z Z wl,maj-l-l,k-l-m)

=1 m=1

where ¢ is an activation function, b the bias, w;,, an 5 x 5 array of shared weights and
az,y the input activation at position (z,y).
This sharing property means that all neurons in a hidden layer detect the same feature,
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but at a different location on the image. A feature represents a kind of input pattern
detected by the hidden neuron. Examples of features are edges, corners, circles, etc. The
ability to detect the same feature all over the image allows CCNs to have a translation
invariance of the image. "Translation invariance is the ability to ignore positional shifts,
or translations, of the target in the image. A cat is still a cat regardless of whether it
appears in the top half or the bottom half of the image" (Soni, 2019).

CNNs are not in their basic design invariant to rotation. The easiest way to approach an
invariance in rotation is simply by augmenting the training data by rotating the image
(Chidester et al., 2018). For the record, new formulations of convolutional layers like
a spatial transform layer (Jaderberg et al., 2015) and a deformable convolutional layer
(Dai et al., 2017) can aid in learning the rotation invariance.

The map from the input layer to the hidden layer is often called a feature map, defined
by shared weights. These weights are also called kernel or filter.

Convolutional layers are typically composed of more than one feature map to achieve
a proper image recognition. The number of feature maps of which the convolutional
layer consists, is called the filter depth (Udyavar, 2017). If we take back the example
considered so far, and we apply three different kernels of 5 x 5 shared weights, we end
with a first hidden layer composed of 3 features map of 24 x 24 neurons each. The first
layer has a volume equal to 3 x 24 x 24. This first hidden layer is capable of detecting
three different kind of features in the image. This is represented in Figure 2.2.7.

28 x 28 inpnr neurons first hidden layer: 3 x 24 X 24 neurons

1

’_1

Figure 2.2.7: Representation of the first hidden layer composed of three different features map
(Nielsen, 2015).

The dimensionality of the hidden layer, and therefore the number of neurons composing
this layer, can be computed by the next formula. Thank to this formula, we can have
an hint of the number of parameters composing the CNN; i.e. its complexity.
W —F+42P

Nnpeuron = (S—i—l) (2234)
where W is the number of neurons from the input layer, F' = height x width x depth is
the volume of the filter, in our case the volume of the filter is 5 x 5 x 3 = 75, S is the
size of the stride, already defined before and finally, P is the padding.
The padding refers to the technique of adding a border of zero around the input layer to
keep the same width and height across the layers inside the network. In our example,
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if we add two borders of zero at the input layer, we end up with an input layer of size
32 x 32, which became and hidden layer of size 28 x 28 computed with a kernel of size
5 X 5.

The most significant advantage of the shared weights is that it drastically decrease the
number of weights that need to be computed as compared to a fully connected layer. If
we take back the example, we have 5 x 5 weights plus one bias for each feature map. If we
imagine a first layer with 20 feature maps, we have 20 x 26 = 520 parameters to compute
inside the CNN. If we design a fully connected neural network with 28 x 28 = 784 input
neuron and 30 hidden neurons, we obtain 784 x 30 weights plus 30 bias, meaning 23,550
parameters to compute. The convolutional layer has in this case 40 times less parameters
than the fully-connected layer.

3. Pooling layers: A convolutional neural network also contains pooling layers that are
typically used after the convolutional layer. The idea of a pooling layer is to simplify
the information received from the output of the convolutional layer.

This type of layer takes each feature map output from the convolutional layer and
computes a condensed feature map. This simplification is performed by taking a region
of a certain size, for example 2 x 2 and applying a certain operation on the input values
to output only one value. They are two types of commonly used operation, i.e. max or
average. Figure 2.2.8 presents a pooling operation of size 2 x 2.

Max pooling

e
12| 7
8|75
2x2 pooling, 1 14
12(9 5|7 stride 2 3
1312 (10| 3 Average pooling
91415114 91| 5
N
7| 8

Figure 2.2.8: Example of pooling operation of size 2 x 2 (Yingge et al., 2020).

By using max-pooling, the network knows if a given feature is discovered anywhere in a
region of the image. We do not need to retain the exact position because once a feature
is found, we merely need to know its rough location relative to other features. "A big
benefit is that there are many fewer pooled features, and so this helps reduce the number
of parameters needed in later layers" (Nielsen, 2015). In our example, the pooling layer
takes as an input the 3 x 24 x 24 neurons from the convolutional layer and uses a 2 x 2
max pooling to produce a 3 x 12 x 12 hidden feature layer.

Now that we have described all the steps used in a convolutional network, we can put
them together and construct a complete convolutional neural network. The last step is to
add a fully connected layer that outputs the values we require to classify the images. In the
example, we classify hand-written digits from 0 to 9. The last output layer will therefore be
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a fully connected layer with 10 neurons, each neuron being connected to all neurons present
in the last step of the convolutional part (i.e. after pooling). Figure 2.2.9 shows the complete
architecture of the convolutional neural network.

28 x 28 I x24x 24

— 3 x 12 x 12

-

/
OO0OO00000

-

Figure 2.2.9: Complete architecture of a CNN taking as input a 28 x 28 pixel image, using
three 5 x 5 kernels to detect features and a max-pooling layer applied to 2 x 2 regions, across
each of the 3 feature maps (Nielsen, 2015).

Convolution Operator

The convolution operator smooths a function by using a weighting function w(a) where a is
an observation. If z and w are defined only on the integer ¢, the discrete convolution is defined
by the second equation bellow:

slt] = (z*w)(t) = Z z[a]w[t — a

a=—00

In convolutional network terminology, the function x refer to the input, the second argument
w(a) is known as the kernel and the output is referred as the feature map.
Convolution are often used on more than one axis, generally two if we refer to an image. The
equation become, for an image I as input and a two-dimensional kernel K:

slijl = (L K)liog) = 323 Iim,n]K[i —m, j - n]

Many libraries will implement this function by without flipping the kernel and call this oper-
ation the cross-correlation. We can also iterate over I or K due to the commutative property
of the convolution:

slij] = (T« K)[i, j] = Y Y I[i+m,j+n]K[m,n]
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Figure 2.2.10: 2-D convolution example without kernel-flipping (Goodfellow et al., 2016).

Training of CNN

Convolutional neural networks are trained by backpropagation like classical MLPs. We have
already explained in Section 2.2.6 how the forward propagation in CNNs works. Like MLPs,
when we obtain the result, we compute the loss function and, thanks to this loss function, we
move on to the gradient descent.

The formula used inside this backpropagation for CNNs are beyond the scope of this thesis.
In fact, the majority of papers or books that explain CCNs do not cover the mathematical
details behind the backpropagation. Moreover, CNNs are already implemented in the classical
packages used to perform data sciences task like TensorFlow (Abadi et al., 2015) or PyTorch
(Paszke et al., 2019).

However, if one is curious about the mathematics and methodology behind backpropaga-
tion for convolutional neural networks, we highly recommend reading the article write by Solai
(2018) which provides a clear explanation based on the more detailed explanations of Jefkine
(2016).

2.3 Deep Learning

This section describes the algorithms that used during this thesis. As we will describe in
the succeeding chapter dedicated to the methodology, we work on Atari 2600 game, meaning
we typically learn from pixels. In this section, we present algorithms that use deep neural
networks to achieve their objective of learning. These algorithms globally follow the process
described in the Section 2.1, i.e. an agent performs an action that impacts its environment,
the environment transitions to a new state and the agent receives a reward for his action. The
biggest change resides in the way we memorize the policy applied by the agent. In the Section
2.1.3 based on Q-learning algorithm, the policy was stored inside a Q-table. This solution
is unworkable if there are too many possible different states and actions. Deep learning
algorithms correct this problem by mapping the inputs states to (action, Q-value) pair inside
a neural network.
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2.3.1 Deep Q-networks

the Deep Q-network (DQN) algorithm is introduced by Mnih et al. (2013) and Mnih et al.
(2015) and was able to obtain a strong performance for a variety of Atari games by learning
directly from the pixels. In this algorithm, they use a CNN that receives the pixel of the game
as input and produces a Q-value for each possible action performed by the agent. Using a
nonlinear function approximator for the action-value function presents a difficulty in reinforce-
ment learning as it is known to be unstable or diverge (Tsitsiklis and Van Roy, 1996). This
instability is produced by several causes: (i) the correlation present in the sequence of obser-
vations, (ii) minor updates to the Q-function may change the policy in huge way, changing
the data distribution, and (iii) the correlations between the action-values and the target values.

To address these changes, Mnih et al. (2015) use an experience replay mechanism that
randomizes over the data in order to remove the correlation present in the observation se-
quences. In order to reduce the correlation with the target values, they use two different
neural networks containing the same architecture, but with different weights. Every C' step,
they update the target network with the weights of the main network or Q-network. C is an
arbitrary number that can change depending on the problem. Ohnishi et al. (2019) provides
a comparison of different values of C' used for different variation of DQN. A typical value for
C' is between 100 and 1000.

The algorithm works like this (Mnih et al., 2015):

e Use a deep convolutional neural network to parameterize an approximate value function
Q(s,a;0;) where 6; are the weights of the Q-network at iteration 4, state s and chosen
action a.

e The experience replay is achieved by storing the agent’s experiences e; = (¢, at, ¢, St+1)
at each time step ¢ in a dataset D = eq, ..., e;.

e Apply Q-learning updates on samples (known as mini-batches) of experiences selected
from the pool of stored samples D. The samples are drawn uniformly at random following
U(D) ~ (s,a,r,s").

e The Q-learning update at iteration i is achieved with the following loss function:

Lz(ez) = E(s,a,r,s’)NU(D)

2
<r + v max Q(s',d;07) — Q(s, a; (90) ] (2.3.1)

where 7 is the discount factor, 6; are the parameters of the Q-network at iteration ¢ and
0. are the parameters of the target network used to compute the target at iteration
i. The parameters of the target network are updated every C' steps and keep constant
between them.

This equation can be considered as the mean squared error of the Bellman equation seen
in Section 2.1 where the optimal target values r 4+~ max, Q*(s,a’) are substituted with
approximate target values y = r + vy maxq Q(s',a’; 6, ).

The differentiation of the loss function with respect to the weights is:

Y = E(s,a,r,s’) |:<7“ + ’YmE}XQ(Slv al; 91_) - Q(S, a; 92)) + aiQ(Sa a; 92):|
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The full expectation of the gradient is often not calculated. Instead, the loss function
is optimized by stochastic gradient descent using the Q-learning algorithm (Watkins,
1989). The weights are updated at every time step, which replaces the expectation by a
single sample. 0, is also set equal to 6;_1.

Training algorithm for deep Q-networks is presented in the algorithm 4 (Mnih et al.,
2015). We can notice that the agent follows an e—greedy policy to select and execute the
actions. With this strategy, the agent follows the greedy strategy with probability 1 — € and
selects a random action with probability e. In their experiments, Mnih et al. (2015) linearly
decreased € from 1 to 0.1 during the first million frames, after which they fixed it at 0.1. More
specifically, they have trained the model on 50 million frames and used a replay memory of
the 1 million most recent frames. Finally, they have preprocessed the frames to reduce the
number of inputs. We will go into the detail, but this preprocessing step is presented in the
algorithm 4 by the function ¢.

Algorithm 4 Training a deep Q-learning model with experience replay

Initialize replay memory D with capacity N
Initialize action-value function () with random weights 6
Initialize target action-value function Q with weights 6~ =60
for episode=1,M do:
Initialize sequence s; = x1 and preprocessed sequence ¢ = ¢(s1)
for t=1,T do:
if x ~Unif(0,1) < e then:
select random action ay
else:
select a; = argmax, Q(o(st), a; 0)
Execute a; and get reward ry, image x441
Set si41 = S¢, ar, x¢41 and preprocess @11 = @(Sp41)
Store transition (¢y, at, ¢, ¢r41) in D
Sample random minibatch of transitions (¢, at, ¢, ¢r41) from D
if episode terminates at step j + 1 then:
Set y; = r;
else: R
Set y; = 7 + ymaxy Q(¢j11,a';0;)
Compute loss function (y — Q(¢;, aj; 91-))2
Perform gradient descent with respect to parameters 6
Every C steps reset Q = Q

2.3.2 Proximal Policy Optimization Algorithms

This is a policy gradient method developed by Schulman et al. (2017) that samples data
through interaction with the environment and optimizes a function using stochastic gradient
ascent. This method is an improvement of the trust region policy optimization (TRPO)
created by Schulman et al. (2015). Despite being efficient and reliable, TRPO is complicated
and not compatible with architectures that include noise or parameter sharing between the
policy and the value function.

Policy proximal optimization (PPO) achieves the performance of TRPO while using only first
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order optimization. The objective function contains clipped probability ratios that produce a
pessimistic estimate of the performance of the policy. This clipping is described later. This
section is principally based on the work of Schulman et al. (2017). Arxiv Insights (2018)
provides also clear explanations of the algorithm in a condensed video.

Policy Gradient Methods

"Policy gradient methods are a type of reinforcement learning techniques that rely upon
optimizing parametrized policies with respect to the expected return (long-term cumulative
reward) by gradient descent" (Peters and Bagnell, 2010). An estimator of the policy gradient is
calculated then plugged into a stochastic gradient ascent algorithm 3. The gradient estimator
is commonly defined as:

g=E {Ve log 7T6(at|5t)At}

where 7y is a stochastic policy and A, is an estimator of the advantage function at timestep t.
This advantage function is described later in this section. This estimator § can be obtained
by differentiating the loss function:

LPG(H) = IAEt {log W@(“t’&’t)/it]

Traditional methods perform multiple steps of optimization on this loss LC using the same
trajectory. This generally leads to destructively large policy updates that make the model
unstable.

Trust Region Methods

To avoid these large policy updates, TRPO (Schulman et al., 2015) maximizes an objective
function subject to a constraint on the size of the policy update. Mathematically 4,

max Et |:7T0 (at‘St) At:|
o 7Teolcl (at ’8t)

subject to  Ey[K L{mg,,, (|s¢), mo(-|5¢)]] <6

where 0,4 is the vector of policy parameters before the update. To approximately solve
these equations, one must use the conjugate gradient algorithm after making a linear approx-
imation to the objective function and a quadratic approximation to the constraint.

Instead of using this constraint, the theory of TRPO suggest to use a penalty. The un-
constrained optimization problem then becomes:

max Et 771’0 (at ‘ St)

o 779azd(at\3t)At — BE L[mg,,(-st), mo(-[5¢)]

where 3 is a coefficient to fix. TRPO use the constrained problem defined above because
choosing a single value for 8 that performs well across different problems is complicated.

3 A gradient ascent algorithm is globally the same as a gradient descent method explained previously, except
that then rather of minimizing a function, we maximize it (De Luca, 2020).

*Inside these equations, KL refers to the Kullback-Leibler divergence is a measure of how one probability
distribution P is different from a second (Kullback and Leibler, 1951).
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Clipped Surrogate Objective

In TRPO, the "surrogate" objectives is

LCPL(9) = B, [%At] — & [rt(e)At} (2.3.2)

where we have set r4(6) = _molatlst) P refers to conservative policy iteration (Kakade and

 Togq(atlst)
Langford, 2002). As explained before, without constrains, maximizing LEPT Jeads to large
policy updates. The idea of clipping ° the objective is to penalize policy changes that move
r¢(0) away from 1. The objective then becomes:

LCLIP(G) =k, [mm (rt(H)At, cip(r(0),1 —e, 1+ E)At):| (2.3.3)

where € is a hyperparameter generally fixed at 0.2. This function takes the minimum of the
LEPT defined in equation 2.3.2 and the modified surrogate objective where the probability
ratio is clipped in the interval [1 —e€, 1+ ¢€]. Taking the minimum assures a lower bound, i.e. a
pessimistic bound for the objective function. The idea behind this function will be described
in the following section.

PPO Algorithm

The objective of this algorithm is to maximize a loss function partially constructed from the
equation 2.3.3. This maximization is achieved through stochastic gradient ascent.

Mnih et al. (2016) have popularized a style of policy gradient implementation that runs the
policy for T time steps and uses the collected data to perform the update. The PPO algorithm
is implemented in the same way. This type of implementation requires an advantage estimator
At that is defined as:

Ay =rityra+ oy e TV (sp) = Visy) (2.3.4)

This advantage estimator takes the difference of two terms. The first is the discounted reward
that are globally > 77, v¥ri 4, where v is the discounted parameter. This first term is com-
puted by running the policy on the T time steps. The second is the baseline estimate V'(s;).
This baseline estimate is the value function. It provides an estimate of the discounted return
that we expect to get at the state s;. This function is updated during training.
The advantage function A, allows us to know if we would have obtained a better result by
performing a given action compared to what we had estimated before. If A, is positive, we
obtain a positive gradient, meaning we increase the probabilities of selecting this sequence of
actions in the future.

In the PPO algorithm, the loss function is clipped to avoid big updates of the parameters
that could destroy the policy. Figure 2.3.1 presents how this clipping technique works in the
algorithm. We can differentiate two cases.

o If A, is positive, the discounted returns obtained are bigger than expected by the value
function V'(s;). In this case, we want to encourage these actions, meaning that the loss

5Clipping is defined by (Harris et al., 2020) as "given an interval, values outside the interval are clipped to
the interval edges. For example, if an interval of [0, 1] is specified, values smaller than 0 become 0, and values
larger than 1 become 1".
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function should be positive. In order to avoid having too much change in the weights of
the network, the value of the loss function is clipped if » > 1 + ¢, i.e. if the probability
of selecting the action a; in state s; for the actual policy is much higher than in the old
policy. We do not want it to diverge too much from the old policy to avoid instability.

e In the negative case, the discounted returns are smaller than expected. As we do not
want to repeat these actions, the loss function should be negative. If r; is smaller than
1 — ¢, the curve flattens to avoid reducing these action probabilities to zero. If ry is big,
the selected action is much more probable than before, but this will lead to a negative
advantage function. In this case, we want to undo the last gradient step thanks to a
negative LELTP that produces a negative gradient. This negative gradient decreases the
probabilities of selecting this action in this case. Furthermore, this is the only region
where the unclipped part of the objective function 2.3.3 has a lower value than the
clipped part, which is returned by the minimization operator.
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Figure 2.3.1: Surrogate function LEETP as a function of the probability ratio r, for positive
advantages (left) and negative advantages (right) (Schulman et al., 2017).

The PPO algorithm can be viewed as an Actor-Critic method (Konda and Tsitsiklis, 1999)
where the Actor corresponds to the policy used to choose the actions performed by the agent.
The Critic is represented by the value function V(s). The neural network architecture used
for this algorithm shares parameters between the policy (the Actor) and the value function
(the Critic). Therefore, the loss function should combine the policy surrogate presented in
the equation 2.3.3 and a value function error term. An entropy bonus is added to both terms
to ensure sufficient exploration, as suggested by Williams (1992) and Mnih et al. (2016). The
loss function maximized at each iteration becomes:

Li(0) = By [LYTP(0) — 1 LY T (0) + c2S[mp](s4)] (2.3.5)

where ¢1, co are coefficients used to balance the two terms, S represents the entropy bonus

2
and LYF is the squared-error loss [Vg(st) - Vf‘”ﬂg}
The pseudo algorithm 5 presents how the PPO algorithm works. At each iteration, each of
the N actors (that act in parallel) collects T time steps of data. The surrogate loss described

in the equation 2.3.3 is then constructed with these NT time steps of data, and optimized
with mini-batch SGD or Adam, for K epochs.
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Algorithm 5 PPO

for iteration=1,2,... do:
for actor=1,2,....N do:
Run policy mg_,, in environment for 7" time steps
Compute advantage estimates /11,..., AT
Optimize surrogate L wrt 6, with K epochs and mini-batch size M < NT
eold «— 0




Chapter 3

Methodology

In this chapter we present the methodology used to achieve the results showed in the following
chapter. The goal of this thesis is to discover deep reinforcement learning. To achieve that,
we compare different learning models to different situations and analyse which model perform
the best according to the situation.

Before training an agent, we need to define the environment inside which it will be trained.
We use two different games that primarily differ by their complexity. The first game is called
Mountain Car and the second is the well know Super Mario Bros. Both these games are
implemented in a Gym environment developed by OpenAl.

3.1 Gym Environment

Gym is a Python library developed by OpenAl that provides diverse environments that are
easy to set up. The primary goal is to standardize the way environments are defined in Al
research in order to be able to replicate results and provide a common benchmark to compare
algorithms (Brockman et al., 2016; Gershgorn, 2016). The Gym documentation, where most of
the explanations provided inside this section come from, is open source and hosted by Farama
Foundation (2022) on git.

A Gym environment follows the classical reinforcement learning pattern described in the
previous chapter: an agent performs an action in the environment, then we collect the obser-
vation corresponding to the new state of the environment and the reward.

In Gym, several key functions are used to perform this cycle:

e step(action) where action represents the action performed by the agent. This function
returns an object observation, which contains the new state of the environment, a reward,
the amount of reward returned by conducting the action, a boolean value done, that
signals if the episode has ended, and finally, a dictionary info that contains different
information linked to the game.

e reset() is a function that resets the environment to an initial state and returns the
initial observation

e render() allows to continuously render the current state of the game for human com-
prehension. It shows the game in action.

39
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Each game implemented in Gym has two attributes named action space and observa-
tion_ space that describe the possible set of actions taken by the agent and the possible
domain of observations returned by the game. The possible types of spaces available in Gym
are:

e Box: a n-dimensional continuous space.

e Discrete: a discrete space that generally takes [0,1,...,n-1] as possible values for the
observations or actions.

e Dict: a dictionary of simple spaces.
e Tuple: a tuple of simple spaces.
e MultiBinary: a n-shape binary space.

e MultiDiscrete: a series of discrete action spaces with a different number of actions in
each element.

Wrrappers are the last convenient implementation in Gym. These allow a user to modify an
existing environment without altering the underlying code. They make the environments more
modular such that they can be chained to combine their effects. There are three principal
types of wrapper:

e ActionWrapper transforms actions before applying them to the base environment.

e ObservationWrapper transforms observations that are returned by the base environ-
ment.

e RewardWrapper transforms the rewards that are returned by the base environment.

One can use these classes of wrappers to create his/her own wrapper that inherits from
the classes described above. Most of the time, common wrappers are already implemented by
Gym, as the ones used in the following sections.

3.1.1 Mountain Car

Mountain Car is the first environment used to compare the RL algorithms. This game is part of
the Classical Control environment implemented by Gym. These environments are considered
as the simplest to solve due to their limited number of actions and their low complexity.
Mountain Car is a deterministic MDP that was first described by Moore (1990). It consists of
a car placed at a bottom of a sinusoidal valley. The only possible actions are to accelerate in
one of the two directions, or do nothing. The goal is to reach the top of the right mountain.
However, the car can not achieve that by only accelerate to the right. It has to create a
momentum by alternate between the direction to accelerate at the right moment. Figure 3.1.1
presents a starting state of the game.
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Figure 3.1.1: Frame of the Mountain Car environment.

The environment is constructed by running the function gym.make("MountainCar-v0")
and is constrained by the following information.

e Observation space: a ndarray with shape (2,) that corresponds to:

o Domain
Index | Description Tow | High
0 Position of the car along the x-axis | -1.2 | 0.6
1 Velocity of the car -0.07 | 0.07

Table 3.1.1: Observation space for Mountain Car problem.

e Action space: 3 discrete deterministic actions described by:

Value ‘ Observation
0 Accelerate to the left
1 Don’t accelerate
2 Accelerate to the right

Table 3.1.2: Action space for Mountain Car problem.

e Transition dynamics: given an action, the velocity and position are computed from

velocity,1 = velocity, + (action — 1) x force — cos(3 X position;) X gravity
positiong1 = position; + velocity1
where force = 0.001 and gravity = 0.0025. The collisions at either end are inelastic,

and the velocity is set to zero if the car hit the left wall. The position and velocity are
clipped by the values presented inside Table 3.1.1.

e Reward: the goal is to reach the flag on the top right as quickly as possible. To
represent that, the agent is penalized with a reward equal to -1 at each time step.

e Starting state: the position is assigned following a uniform distribution between [-0.6,-
0.4] and the velocity is set to zero.
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e Episode termination: the episode end if either the position of the car is greater than
or equal to 0.5, meaning the car has reached the flag, or if the length of the episode is
200, meaning the car did not reach the flag. In this last case, the cumulative reward is
equal to -200.

e Solving condition: according to OpenAl (2020) this environment is considered solved
if we reach an average reward of -110.0 over 100 consecutive trials!.

3.1.2 Super Mario Bros

The second game handled during this thesis is the well known Super Mario Bros. We use the
OpenAl Gym environment implemented by Kauten (2018b) that provides different levels of
Super Mario Bros. and Super Mario Bros. 2 from the Nintendo Entertainment System (NES)
using the nes-py emulator (Kauten, 2018a).

The goal is to reach the end of a level without dying. There are monsters that can appear
or holes in the ground. If Mario does not reach the end of the level by a certain time, the
game is also lost.

Compared to the previous game, we do not enter the physical details of the game, like the
velocity of Mario etc.. Instead, we focus more on the environment and action spaces, as well
as the reward.

e Environments: in this implementation of Mario, there are eight worlds, each being
composed of four stages. We possess three lives to complete the 32 stages of the game.
However, we will see that completing the first stage is already complicated.

Six different versions of Super Mario Bros are implemented. The one we employ rep-
resents the standard version that is called is "SuperMarioBros-v0". The other versions
and the way the game is rendered can be found in Table A.0.2 located in the Appendix
A.

The observation space of the "standard" version has a shape (240, 256, 3) where the first
two arguments correspond to the height and width in pixels of the screen. The third
correspond to color. We have one value of pixels for the Red color, one for the Green
and one for the Blue (RGB code). The pixel’s values can range from 0 to 255. A frame
of the game is presented in Figure 3.1.2.

HORLD TIME
1-1
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Figure 3.1.2: Frame of Super Mario Bros.

!There are no clear explanations about this threshold, but it is the commonly admitted value when we look
at the OpenAl gym leaderboard.
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e Actions: by default, the environment uses the full NES action space of 256 discrete
actions, but we can reduce it by using one of the following action lists presented in Table
3.1.3 and use it in a wrapper named JoypadSpace imported from nes_ py.wrappers.

Value | RIGHT ONLY | SIMPLE MOVEMENT | COMPLEX MOVEMENT
0 Noop! Noop! Noop!

1 right right right

2 right + A right + A right + A

3 right + B right + B right + B

4 right + A + B | right + A + B right + A + B
5 A A

6 left left

7 left + A

8 left + B

9 left + A + B
10 down

11 up

1 "Noop" stand for do nothing.

Table 3.1.3: Possible list of actions.

e Reward: is designed to move the most on the right, as fast as possible and without
dying. To achieve that, three variables compose the function:

1. 'V which represents the difference of the agent’s x position between two states, i.e.
V = x1 — xg where zq is the position of the agent on the x-axis before making a
step, and x1 is the position after the step.

2. C is the difference in the game clock between frames. This penalty is in place so
that the agent finishes the level as quickly as possible.

3. D is a death penalty that penalizes the agent for dying in a state. It takes as value
zero if the agent is alive. If the agent dies, it takes -15.

The total reward obtains at each step is the addition of the different parts, i.e. r =
V 4+ C + D and is clipped in the range [-15,15].

e Info: this is a dictionary returned by the step function that provides some information
about the current state of the game. We do not use this dictionary in this thesis, but
its composition can be found in Table A.0.1 of the Appendix A.

3.2 Mountain Car Solution

To solve this environment, we have implemented two algorithms. The first is the basic Q-
learning described in the Section 2.1.3. For the second, we have used a more sophisticated
known as Deep @Q-network and described in the Section 2.3.1.
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3.2.1 Preprocessing

Before applying a Q-learning algorithm to the Mountain Car environment, we first need to
discretize the observations send by the game. Indeed, as explained in the Section 2.1.3, the
Q-leaning algorithm use a Q-table that contains Q-values for all possible states and actions.
The Mountain Car environment observation space are coded in float32, meaning the number
have 8 decimal digits, which provide 180,000,000 possibilities for the position of the car along
the x-axis and 14,000,000 possible velocities. Therefore, the size of the Q-table should be
180, 000, 000 x 14,000,000 x 3 = 7.56 x 10'® which is obviously too large for classical computers
(the x3 comes from the number of possible actions). To overcome this problem, we discretize
the observation values by using the following equations:

observationp;gn, — observation)y,

StZ€interval = size
wanted

statecontinuous — 0DSETVALION 0y,

stategiscrete = :
StZ€interval
where sizeyanteq Tepresents an array corresponding to the dimensions wanted for the Q-
table, and observationpign / observationjy, correspond to the maximal and minimal values
returned by the observation space (see Table 3.1.1 to get the values).

3.2.2 Q-learning Implementation

Our implementation globally follows the pseudo code 2 presented in the Section 2.1.3. The
code is also inspired from Hayes (2019). The pseudo code of our implementation can be found
below.



Methodology 45

Algorithm 6 Implementation of Q-learning algorithm

Set training length M
Set discrete _array = [z,y] where x,y are defined values
Initialize Qtable of shape (z,y,3)
Initialize env = gym.make(” MountainCar — v0”)
Initialize epsilon
for episode = [1, M] do:
state < discretize(env.reset())
done « False
while not True do:
if unif(0,1) <1 — epsilon then
action < argmax(Qtable[state])
else
action < random(0,1,2)

newstate, reward, done, info < env.step(action)
newstateD <« discretize(newstate)
if done and newstateD[0] >= 0.5 then
Qtable[newstate D[0], newstate D[1], action] < reward
else
Compute Qvalue with equation 2.1.6
state <— newstateD
if decay epsilon then > If want to decrease the epsilon value
epsilon— = decay value

3.2.3 DQN Implementation

For the Deep Q-network algorithm, we have used the function already implemented by Stable
Baselines3, which is a set of reliable implementations of reinforcement learning algorithms in
PyTorch developed by Raffin et al. (2021). They provide the vanilla implementation of Deep
Q-Learning based on the paper of Mnih et al. (2013).

This deep reinforcement learning algorithm can accept three different policies as input
depending on the environment on which we are training.

e MIPolicy which is used when we get discrete values as input. This policy is used to solve
the Moutain Car problem. In this case, the algorithm uses an MLP with default archi-
tecture: one input layer where the number of neurons depends on the number of inputs,
two hidden layers with 64 neurons each, and one output layer with a number of neurons
corresponding to the number of possible actions. In the Mountain Car environment, it
is an MLP with an architecture corresponding to (2 x 64 x 64 x 3).

e CnnPolicy corresponds to a policy using image as input. This policy is unused for
Mountain Car environment, but we will employ it to solve the Super Mario Bros. en-
vironment. This policy uses a CNN with a default architecture corresponding to the
one used by Mnih et al. (2015). This architecture is described in the table below, where
nchannel corresponds to the third dimension of the image, i.e. equal 3 if we use RGB
image, equal 1 if the images are gray scaled.
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Id layer 1 2 3

Type of layer 2D convolutional | 2D convolutional | 2D convolutional
Nb feature map input nchannel 32 64

Nb feature map output 32 64 64
Kernel size 8 4 3

Stride 4 2 1
Padding 0 0 0
Activation function ReLu ReLu ReLu

Table 3.2.1: Default architecture for the CNN implemented in Stable Baselines3.

The CNN is then flatten and linked to a classical MLP with one hidden layer com-
posed of 512 neurons and one output layer corresponding to the possible actions in the
environment.

e MultilnputPolicy is the last policy implemented. It is not developed because we do
not use it in this master thesis.

Finally, the parameters accepted by the DQN function are presented with their default
values in Table A.0.3 showed in the Appendix A.

3.3 Super Mario Bros. Solution

To solve Super Mario Bros., we have used two different algorithms, the Proximal Policy
Optimization described in Section 2.3.2 and the Deep Q-Network previously used to solve
the Mountain Car problem.

3.3.1 Preprocessing

As for the Mountain Car problem, we need to do some preprocessing before trying to solve
this environment. It is even mandatory for environments with images as inputs. In Gym most
of the preprocessing is achieved thanks to wrappers (see Section 3.1). In RL, the environment
is generally modified as follows:

1. Grayscales images thanks to the GrayScaleObservation wrapper from Gym. It allows
reducing the three dimensions of the image due to the colors to only one gray dimension.

2. Resize observations with the ResizeObservation wrapper that resize the dimension of
the image to a defined dimension (typically 84 x 84 pixel).

3. Stacking frame stacks a defined number of frames (mainly 4). The idea is to provide
the intuition of movement to the agent. If the agent receive just one frame, it is a frozen
image at a certain time, the agent can not know in which direction Mario is going. If we
stack 4 frames, we can provide the idea of movement. This stacking is achieved thanks
to the VecFrameStack from Stable Baseline.

Another commonly used wrapper from Gym is the atari processing that follows the guide-
lines provided by Machado et al. (2018). This wrapper will: i) skip certain number of frames
(4 defaults), ii) Max-pooling over the most recent two observations from the frame skips, iii)
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resize to a 84 x 84 square of pixels, iv) grayscale the observations, and v) scale the pixel values
between zero and one.

3.3.2 Solving Mario

The algorithms used to solve the Mario environment are the Proximal Policy Optimization
(PPO) and the Deep Q-Network (DNQ). The implementation of the last one is already de-
fined in the previous Section 3.2.3. We have used the same implementation of the algorithm
used to solve the Mountain Car environment. However, there are small changes: i) the hyper-
parameters and, ii) the policy used. In the Mario environment, we receive as inputs images
preprocessed. Therefore, we can not use the MIPolicy previously described. We change it to
use the CnnPolicy, explained in the previous section.

For the PPO implementation, we have used the algorithm present in the Stable Baseline3
package, which is based on the original work of Schulman et al. (2017). The detail of the
parameters accepted by the function and their default values can be found in Table A.0.4 in
the Appendix A. Some modifications of the original code were made. If one wants to replicate
the exact implementation made in Stable Baseline3, 37 details are presented in a blog by
Huang et al. (2021).

The methodology applied to solve the problem is the same for the two algorithms.

1. Preprocessing is performed on the environment. The preprocessing used is detailed in
the next chapter.

2. Model creation: a model is then specified thanks to the PPO or DQN function from
Stable Baseline3. Some hyperparameters can be specified.

3. Training is done through the learn function applied to the model previously con-
structed. This training is done during a certain number of time steps, which is analyzed
in the following chapter.

4. Evaluation is performed at the end of the training.

Ultimately, the computing is done on a GPU (Graphic Processing Unit) using CUDA
(Computed Unified Device Architecture) that is developed by Nvidia (Nvidia Developer, 2022).
CUDA allows speeding up computing by employing the thousands of GPU cores in parallel.
The computer on which training is made is composed by an Intel Core i7 920 with 2.66GHz
as CPU, an Nvidia Geforce GTX 1050 Ti as GPU and 12Go of RAM.
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Results

This chapter presents the results obtained with the methodology presented in the chapter 3.
First, we compare the performances of the Q-learning models with the DQN algorithm for the
Mountain Car environment. For each algorithm, we have trained various models with different
parameters to identify which one perform the best.

Subsequently, we analyse the performances of DQN and PPO models trained for the Super
Mario Bros environment.

4.1 Mountain Car Environment

4.1.1 Q-learning

The results are obtained using the algorithm 6 described in the Section 3.2.2. We have
constructed eight models with different values as parameters to try to obtain the best model.
The parameters and their values can be found in Table 4.1.1.

Learning Nb episodes . Epsilon Epsilon Episode

Model rate training Discount start end end decay Q shape  Type decay
1 0.1 10000 0.9 1 0.01 10000 [20,20] Exponential
2 0.1 10000 0.9 1 0.01 10000 [20,20] Linear

3 0.2 10000 0.9 1 0.01 8000 [20,20] Exponential
4 0.1 10000 0.99 1 0.1 8000 [20,20] Exponential
5 0.1 10000 0.9 0.5 0.01 8000 [20,20] Linear

6 0.1 5000 0.9 1 0.01 5000 [20,20] Exponential
7 0.05 40000 0.9 1 0.01 34000 [40,40] Exponential
8 0.05 40000 0.99 1 0.01 34000 [40,40] Exponential

Table 4.1.1: Model’s parameters used for Q-learning.

Inside this table, the parameter episode end decay represents the episode at which we want
the epsilon to reach its end value. After this threshold, the epsilon stays constant with a value
equivalent to its ending value. The ) shape describes the size of the Q-table obtained by the
discretization presented in the Section 3.2.1. Finally, the type decay depicts how we reduce
the epsilon’s value, i.e. linearly or exponentially.

After completing the training of each model, we have employed them to obtain the average
reward over 100 consecutive episodes. This metric is used to find which model performs the
best. The results can be found in Figure 4.1.1 bellow, where the triangles represent the mean
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rewards. Table 4.1.2 shows the mean and standard deviation of each model. The evolution of
the rewards and epsilon over the training episodes can be found in the Appendix B.1.

As a reminder, the negative cumulative reward come from the way we reward the agent, -1
at each step performed until reaching the flag or performing 200 steps, which end the episode
(see Section 3.1.1).

=100 -

=120 -
("]
T 140 -
a
3}
~160 - e +
—-180 il
=200
1 2 3 1 5 6 7 8
Models

Figure 4.1.1: Distribution of the rewards obtained over 100 consecutive episodes of the Moun-
tain Car environment by the models trained with Q-learning algorithm.

‘ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8
mean -168.81 -159.71 -158.75 -137.34 -160.33 -195.73 -139.86 -130.84
std 18.49 29.51 9.02 24.67 12.38 7.68 23.9 15.64

Table 4.1.2: Mean and standard deviation obtained over 100 consecutive episodes in the
Mountain Car environment by the models trained with Q-learning algorithm.

The model 8 is the best model on average. It was constructed by taking the best parame-
ter’s value of the other models. For example, we see that the model 4 performs better than the
others, which seems to be due to a higher discount value. By comparing the model 1 and 2,
we see that decaying linearly the epsilon value instead of exponentially lead to higher rewards.
However, after some tests, the model 8 performs better with exponential value. Finally, taking
a (40,40) dimension for the Q-table, increasing the number of training episodes and decreasing
the learning rate also seem to improve the average reward.

4.1.2 DQN

For the DQN results, we have also compared different models to see which parameters are the
best. Finding good parameters for this type of algorithm can be difficult. However, Raffin
(2020) has developed a training framework using Stable Baselines3 (Raffin et al., 2021) that
provides scripts for training, evaluating agents and tuning parameters. It also provides a
collection of already tuned hyperparameters for common environments, like Mountain Car.
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Table 4.1.3 presents the different hyperparameter values used by the models. The values
inside the model 1 correspond to the tuned value present in the Zoo framework. The model
2 corresponds to the default values used by the DQN function from Stable Baseline3. For
the model 3 we have increased the learning rate. Ultimately, the model 4 represents a small
improvement of the model 1 with a lower learning rate and higher training time (time steps

training).

Model 1 Model 2 Model 3 Model 4
Learning rate 0.004 0.0001 0.04 0.001
Batch size 128 32 64 128
Buffer size 10000 1000000 5000 10000
Learning start 1000 50000 1000 1000
Gamma 0.98 0.99 0.98 0.98
Target update interval | 600 10000 600 600
Train freq 16 4 16 16
Gradient step 8 1 8 8
Exploration fraction 0.2 0.1 0.2 0.2
Exploration final eps 0.07 0.05 0.07 0.07
Policy kwargs net arch=[256,256] None net arch=[256,256] net arch=[256,256|
Time steps training 200,000 200,000 200,000 400,000

Table 4.1.3: Parameters’ values for each model trained by the DQN algorithm.

The description of each parameter can be considered in Table A.0.3 inside the Appendix
A. The "net arch=[256,256]" added to the Policy kwargs define the MLP used, i.e. two
hidden layers with 256 neurons each.

After training all the models, we have simulated 100 episodes and collected the rewards.
The boxplots of the rewards by models can be found in Figure 4.1.2. Table 4.1.4 shows the
mean and standard error of the rewards by models.
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Figure 4.1.2: Distribution of the rewards obtained over 100 consecutive episodes of the Moun-
tain Car environment by the models trained with DQN algorithm.

We clearly see that correctly tuned the hyperparameters is important if we want to obtain
good results. A too large learning rate, like the model 3, leads to an unstable model that can
not solve the environment. Despite already be tuned by Raffin (2020) in the Zoo framework,
we see we can still improve the results by changing a bit the hyperparameters, especially by
increasing the training time and decreasing a bit the learning rate.
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‘ Model 1 Model 2 Model 3 Model 4
mean -108.55 -137.86 -200 -99.33
std 13.52 3.59 0 9.94

Table 4.1.4: Mean and standard deviation obtained over 100 consecutive episodes in the
Mountain Car environment by the models trained with DQN algorithm.

4.1.3 Performance Comparison

When we compare the performance of the Q-learning algorithm with the DQN, we clearly
see that DQN algorithm performs the best inside this environment, with an average reward
for the best model over 100 consecutive episodes of -99.33, compared to -130.84 for the Q-
leaning. The model trained with DQN has successfully solved the environment according to
the criterion of having an average reward over 100 episodes higher than -110.

Figure 4.1.3 presents the policy of the best Q-learning model and DQN model.

Model 8: Policy Model 4: Policy
B Accelerate left 0.07 -
B Don't accelerate
B Accelerate right 0.04 -

B Accelerate left
mm Don't accelerate
W Accelerate right

2 001 £ 001
S 00 S 00-
2 po1- 2 po1-
2 001- 2 goi-

0.02 -

0.02 -

bhbhbbs
[=l=Rel=]lele]s]
el C T LA o L L
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X position ¥ position
(a) Policy for the Q-learning model 8. (b) Policy for the DQN model 4.

Figure 4.1.3: Policy comparison for the best Q-learning model with the best DNQ model.

We can observe that the best policy obtained by Q-learning is highly heterogeneous.
Among a cluster of observation (x position, velocity), an action selected can be inconsis-
tent from the other actions present inside this cluster. This is represented by having, for
example, a red square inside a group of grey squares. We do not encounter this problem with
the policy created by the DQN. The policy is smooth.

We have tried to smooth the Q-learning policy to see if it leads to higher results. It was
achieved by counting the number of occurrences of an action in a square centered on the tuple
(pixel if we look at the image) we want to smooth. It is globally the same methodology as a
convolution. We move a square across the Q-table, and count the number of times an action
is present inside this square. The value at the center of this square is then replaced! by the
most present action in the square. Figure 4.1.4 shows the outcome for a smoothing achieved
with a square of length 5.

We have used 3, 5, 7 and 9 as square’s length to smooth the best policy constructed by
the model 8 trained by Q-learning. After that, we have evaluated the performances of the
smoothed policies with the same methodology as before. The results are presented in Figure

"We replace its value in another empty Q-table to avoid employing pixels already smoothed.
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4.1.5 and Table 4.1.5. The policies obtained with other square length values are presented in
Figure B.1.9 in the Appendix B.1.

Model smooth (5): Policy
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Figure 4.1.5: Distribution of the rewards ob-
tained with the smoothed policies. The mod-

Figure 4.1.4: Smoothing policy with square .
els correspond respectively to a square length

length value of 5.

of 1,3,5,7,9.

| Policy smooth (1) Policy smooth (3) Policy smooth (5) Policy smooth (7) Policy smooth (9)

mean -129.98 -114.67 -104.58 -109.38 -120.56
std 16.29 25.22 20.68 26.42 27.42

Table 4.1.5: Mean and standard deviation obtained over 100 consecutive episodes of the
Mountain Car environment by the smoothed policies.

We can note that smoothing the policy allows obtaining a better average reward. By using
a smoothing square length of 5, we obtain an average reward of -104.58, which is enough to
consider the environment solved by the Q-learning algorithm. Despite solving the environment,
we can notice that the standard deviation has increased a bit and some episodes take more
time to reach the flag than before.

4.2 Super Mario Bros. Environment

4.2.1 Preprocessing

Before trying to solve the Mario environment, we have preprocessed the inputs received, as
explained in the Section 3.3.1. We have created three different preprocessing methods applied
to the Mario environment. We call the first the classical environment where the observations
are greyscaled, we stack 4 frames and used the simple movement described in Table 3.1.3. The
second prepossessing method is the resized environment, which is the same as the first one, but
we resize the observation from 240 x 256 pixels to 84 x 84 pixels. The last is the resized right
environment, which is a copy of the second environment, but we replace the possible actions
by the right only action space. Table 4.2.1 summarizes the environments used. Examples of
the results obtained after preprocessing are showed in Figure 4.2.1.
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‘ Classical Resized Resized right
Greyscaled Yes Yes Yes
Frames by stack | 4 4 4
Image dimensions | [240;256] [84;84] [84;84]
Action space SIMPLE MOVEMENT SIMPLE MOVEMENT RIGHT ONLY

Table 4.2.1: Description of the preprocessed environments.
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(a) Classical environment (b) Resized environment

Figure 4.2.1: Image obtained by the preprocessing of the observations.

4.2.2 DQN

We have first started to try solving the Mario environment with the DQN algorithm. We have
followed the same methodology as previously. We have designed various models, trained them
for different times and simulated episodes to evaluate theirs performances.

Table 4.2.2 presents the different models designed and the parameters used. The remaining
of the parameters were set at the default value presented in Table A.0.3.

Model | Type env i;«zrmng S;li‘fer ESZCh Discount ngigail Training steps ;[i‘:i;nzrrlngin)
1 Classical 0.00025 30000 32 0.9 10000 1,200,000

2 Classical 0.00025 5024 32 0.9 10000 800,000 440
3 Classical 0.00025 5024 32 0.9 10000 800,000 + 1,200,000

4 Classical 0.0001 25000 256 0.99 5000 400,00 600
5 Classical 0.0001 25000 128 0.99 25000  2,800,00

6 Classical 0.0001 10000 64 0.99 15000 2,000,000

7 Resized 0.0001 10000 64 0.99 15000 2,000,000 480
8 Resized 0.0001 25000 64 0.99 25000 3,000,000

9 Resized right 0.0001 25000 64 0.99 25000 1,200,000 + 4,800,000 1850
10 Resized right 0.0001 10000 32 0.99 15000 1,800,000 366
11 Resized right 0.0001 15000 64 0.99 25000 6,000,000 1544
12 Resized right 0.000001 512 64 0.99 5000 1,000,000 244

Table 4.2.2: Model’s parameters used to solve Mario with DQN.

The model 3 and 9 were trained in two parts, first by doing 800,000 (1,200,000) time steps,
then we have reloaded the models and pursue the training for 1,200,000 (4,800,000) more time
steps.
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For some models, we have also noted the training time.

To evaluate the different models, we have run 50 simulations. We have used fewer simula-

tions than the Mountain Car environment because each episode for Mario is take much more
time to complete. In order to shorten the evaluation time, we have implemented some small
modifications. At first, for each training episode, Mario had three lives. During our evaluation
steps, we stop the simulation after the loss of one live. Mario could also be stuck by a pipe
and stay there till the end of the timer, which means 8000 steps. To prevent that, we stop the
simulation if Mario stays at the same x-position for 1000 time steps.
Stopping the episode prematurely could lead to over rated some simulations due to the way
the reward is designed. For the recall, the agent is penalized if he stays too long at the same
position. An agent being stuck for 1000 time steps will obtain an higher cumulative reward
than an agent stuck for 8000 time steps, despite both agent ending at the same x-position.
Figure B.2.1 in Appendix B.2 presents this problem. In the end, models that are often stuck
will perform better if we stop the simulation after 1000 time steps of being stuck, compared
to their performance if we do not stop them. However, this does not change the overall per-
formance. Models that are not stuck will perform better than models stuck, even if we stop
the simulation before its natural end.

Figure 4.2.2 shows the distribution of the reward per model. The mean is indicated by the
triangle. Table 4.2.3 presents the mean and standard error of the rewards for each model.
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Figure 4.2.2: Distribution of the rewards obtained after 50 simulations for each model trained
with DQN for the Mario environment.

‘ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 Model 12

mean
std

458.54 752.7 292.14 675.9 446.66 305.42 864.64 798.9 316.7 706.36 635.28
154.58 422.95 123.74 354.49 198.85 345 362.94 399.97 151.67 191.51 85

Table 4.2.3: Mean and standard deviation obtained over 50 consecutive episodes of the Mario
environment by the models trained with DQN algorithm.

319.58
145.71
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The best model seems to be the model 7 with an average reward value of 864.64. We can
notice that the model 3 and 9 are pretty bad. We think it is the consequence of the training
in two times. The model 11 has the lower standard error and a decent average reward, it is
probably due to its long training time (6,000,000 time steps). For the model 12, we have tried
to decrease the learning rate and the buffer size, leading to very bad results. The model does
not learn despite a long training time.

It is not obvious to draw a clear conclusion regarding the hyperparameters. It seems that
the resized environment results in models with a higher average reward, as compared to models
trained in a classical environment, as there are fewer inputs. The models are also train faster
in resized environments. Finally, we can note that none of the models could reach the end of
the first stage of Mario.

4.2.3 PPO

In the last part of this section, we use the PPO algorithm described in the Section 2.3.2 to
solve the Mario environment.

As before, we have designed several models with different hyperparameter values. The speci-
fications of the models can be found in Table 4.2.4.

Model | Type env Nstep ]Sgijz(jh f:tz;rmng Training steps ‘;Ii‘lrrilenzlr;gin)
1 Classical 4096 512 0.0001 1,600,000 1200

2 Resized 4096 1024  0.0001 3,000,000 850

3 Classical 256 64 0.00001 800,000 600

4 Resized right 256 16 0.0001 400,000 197

5 Resized right 1024 128 0.00001 4,000,000 1180

6 Resized right 512 64 0.000001 4,000,000 1270

7 Classical 512 64 0.000001 4,000,000 2650

Table 4.2.4: Model’s parameters used to solve Mario with PPO.

This time, we have also added the training time in minutes for each model. As we can

see, this training time can be huge, up to 44 hours for the model 7. Interestingly, the training
time of this model is more than the double of the training time of model 6, in spite of having
the same parameters and the same number of training steps. This is explained by the type of
prepossessing method used. For model 7, we have used the Classical whereas for the model
6, we have used the Resized right (see Table 4.2.1 for more details).
The parameters chosen for the model 6 and 7 came from Renotte (2021). Inside his video,
he creates an Al for Mario using the PPO algorithm, as we do. For these parameters and 4
million time steps, Mario achieves to pass the first level. We have tried to replicate this result
inside this work.

Before showing the results obtained on 50 episodes, we have analyze the performance of
some models that were trained during a varying number of time steps. This was achieved for
model 5, 6 and 7 due to their longer training time steps. We have simulated 50 episodes after
1, 2, 3 and 4 million time steps and compared the rewards. The results are shown below.

In contrast of what one could think, the models do not perform better at 4 million steps.
As a result, models 5, 6 and 7 used in the remainder of this work are the one obtained after
3 million steps of training.
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Figure 4.2.3: Analyze of the rewards obtained over 50 Mario episodes. The boxplots corre-
spond respectively to a simulation after 1, 2, 3 and 4 millions steps training.

The distribution of the rewards obtained over 50 consecutive episodes for all models can
be found below.
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Figure 4.2.4: Distribution of the rewards obtained after 50 simulations for each model trained
by PPO for the Mario environment

‘ Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7
mean | 316.42 252 386.96 310 868.02 818.32 847.6
std 124.46 0 321.59 68.69 467.52 443.19 423.05

Table 4.2.5: Mean and standard deviation obtained over 50 consecutive episodes of the Mario
environment by the models trained with PPO algorithm

Model 5, 6 and 7 perform significantly better than the other models, probably due to their
longer training time but also the right choice of hyperparameter values. We can also notice
the length of the training time does not have such a strong effect (21 versus 44 hours) when
using the resized environment.
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4.2.4 Comparison

For both PPO and DQN, setting the hyperparameters right is primordial. We have seen that
some models cannot learn from the environment when using bad values for their hyperparam-
eters.

When we compare the best models constructed by both algorithms, we see that the PPO
perform a little better, especially when we focus on the outlying rewards values. The ultimate
goal of Mario is to reach the end of the level. Some episodes constructed with the models 5,
6 and 7 trained with PPO manage to reach the end of the level, which can be considered like
the final goal of this work.

However, the probability of ending the level is quite small. We have simulated 5000
episodes for each model to identify which one reaches the end of the first level the most often.
The results of these simulations are presented in Figure 4.2.5 and Table 4.2.6.
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Figure 4.2.5: Distribution of the rewards obtained over 5000 simulations for the best model
trained with PPO for the Mario environment.

model 5 model 6 model 7

Mean 794.27 779.75 736.5
Std 404.99 452.75 444.01
Max 3186 3854 4279
Nb flags reached 9 11 7

Table 4.2.6: Mean, standard deviation, maximun reward and number of flags reached obtained
over 5000 consecutive episodes of the Mario environment by the best models trained with PPO
algorithm.

We can notice the model 5 has the highest mean reward, however, the principal objective
is to reach the end of the level. This is achieved nine times by the model 5 and eleven times
by the model 6. The model 6 is the best model among the three. We can note that the model
7 has also achieved the best run with a cumulative reward equal to 4279.
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Conclusion

This study intends to explore the Deep Reinforcement Learning methodology. To this end,
we have implemented three different algorithms, the Q-learning, which is the most simple, the
Deep Q-Network (DQN), which is an adaption of the Q-learning using neural networks, and
finally the Proximal Policy Optimisation (PPO), which is one of the most advanced algorithms
used in deep learning.

To test these algorithms, we have used two games. The first is called Mountain Car and is
one of the most simple games implemented in Gym. It consists of a car placed at the bottom
of a valley whose objective is to reach a flag situated at the top of a hill. There are only two
inputs for this game and three possible actions. The second game is much more complicated.
It is Super Mario Bros, also implemented in Gym. For this game, the inputs are the frames
of the game, i.e. an 240 x 256 pixels image.

We have first started to solve the Mountain Car environment with Q-learning and DQN.

For both algorithms, we have designed several models with different values as parameters.
Concerning the Q-learning, the most promising results were achieved by using a discount value
of 0.99, an exponential epsilon decay, a learning rate equal to 0.05 and a Q-table of dimension
40 x 40. This model was trained during 40,000 episodes to achieve an average reward of -
130.84. With this model, we have created an 2D image of the policy and tried to smooth this
policy. After an adequate smoothing, we have obtained an average reward of -104.58, which
was significantly better than previously. With this reward, the environment is considered
solved by the Q-learning algorithm (average reward over -110).
We have used the implementation already developed by Stable Baselines3 (Raffin et al., 2021)
for the DQN algorithm. The values of the best parameters were already found by Raffin
(2020). We have used these ones to design the best DQN model. The only modification was
to increase the number of training time steps to 400,000 and decrease the learning rate to
0.001. With these parameters, the model provides an average reward of -99.33, which solves
the problem. The DQN algorithm performs much better than Q-learning.

After solving a simple environment, we try the methodology on a more complex game like
Mario. First, we needed to preprocess the environment. We have used three preprocessing
methodologies that we have compared. To summarize, the images are greyscalled and stacked
by 4. In one environment, we keep the 240 x 256 pixels image. In the other two, we reduce
this size to 84 x 84 pixels image.

After preprocessing, we have designed 12 models to determine the best parameters for DQN.
We have found the best model was model 7, producing an average reward of 864. This model

o8
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uses the resized environment, with a learning rate equal to 0.0001, a buffer size equal to 10,000,
a batch size of 64, a discount of 0.99 and is trained during 2,000,000 time steps. Despite a
relative good performance, the model cannot complete the first level of Mario.

The same methodology is employed for the PPO algorithm. Among the investigated models,
three models stand out from the crowd, the models 5, 6 and 7. All of them have been trained for
4,000,000 time steps. However, we have found that the models perform better after 3,000,000
steps of training, producing an average reward of approximately 850. We can notice that the
model 7 was trained with an environment not resized compared to the others. The three give
globally the same result, but the training of the model 7 has required 44 hours on our local
machine, compared to 21 hours for the others.

Finally, during the simulation for the three best models trained with PPO, we have seen
some rewards reaching 3000, which could signal the ending of the first level. To determine
this frequency, we have run 5000 simulations for each model and discover that the model 5
successfully ends the first level nine times, the model 6 eleven times and the model 7 seven
times. From this result, we can say that the model 6 is the best model constructed with 512
as buffer size (nstep), 64 as batch size, and a learning rate equal to le-6.

5.1 Suggestions

We end up this master thesis with some suggestions that could be worth to investigate. These
suggestions primarily concern the Mario environment.

In the first place, we have seen that finding the best parameter values is complicated due
to the extensive training time to achieve some results. A subsequent work could concern a
way to optimize these values without having to train the models during a long time.

The training time for some models also present a direct limitation of this master thesis.
When we look at models trained by companies, they have access to more computational power
than we had, leading to a difficulty to find the best parameters.

The design of the neural networks present in the DQN and PPO correspond to the de-
fault design. It could be interesting to modify this design and observe how it impacts the
performances of the models.

Finally, we have explored only model-free RL. We could investigate if using a model-based
RL algorithm like the World Models (Ha and Schmidhuber, 2018) would lead to better results.
We could also try to provide some demonstrations to the agent to accelerate its training time,
like proposed by Brys et al. (2015).
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Methodology

Key Type | Description

coins int The number of collected coins

flag get | bool True if Mario reached a flag or ax

life int The number of lives remaining

score int The cumulative in-game score

stage int The current stage [1,...,4]

status str Mario’s status |'small’, "tall’, "fireball’|

time int The time left on the clock

world int The current word [1,...,8]

X_ pos int Mario’s x position in the stage (from the left)
y_pos int Mario’s y position in the stage (from the bottom)

Table A.0.1: Information presented in the dictionary returned by the step function for the
Mario environment.
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Environment Game ROM
SuperMarioBros-v0 | Super Mario Bros. standard
SuperMarioBros-vl | Super Mario Bros. downsample
SuperMarioBros-v2 | Super Mario Bros. pixel
SuperMarioBros-v3 | Super Mario Bros. rectangle
SuperMarioBros2-v0 | Super Mario Bros. 2 | standard
SuperMarioBros2-v1l | Super Mario Bros. 2 | downsample

Table A.0.2: Type of possible environments in gym-super-mario-bros package

(2018b).
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Name of parameters

Description

Default value

policy
env
learning rate

buffer size
learning starts
batch size

tau

gamma
train_freq

gradient steps

replay buffer class
replay buffer kwargs

optimize memory usage

target update interval

exploration fraction

exploration initial eps
exploration final eps
max_grad norm
tensorboard log

create _eval env

policy kwargs

verbose

seed

device

_init_setup model

Table A.0.3: Possible arguments for the DQN function from Stable Baseline3 (Raffin et al.,

2021).

The policy model to use

The environment to learn from

The learning rate, it can be a func-
tion of the current progress remain-
ing (from 1 to 0)

Size of the replay buffer

How many steps of the model to col-
lect transitions for before learning
starts

Minibatch size for each gradient up-
date

The soft update coefficient (“Polyak
update”, between 0 and 1)

Discount factor

Update the model every train freq
steps.

How many gradient steps to do after
each rollout

Replay buffer class to use

Keyword arguments to pass to the
replay buffer on creation.

Enable a memory efficient variant of
the replay buffer at a cost of more
complexity

Update the target network ev-
ery target update interval envi-
ronment steps.

Fraction of entire training period
over which the exploration rate is re-
duced

Initial value of random action prob-
ability

Final value of random action proba-
bility

The maximum value for the gradient
clipping

The log location for tensorboard
Whether to create a second environ-
ment that will be used for evaluating
the agent periodically

Additional arguments to be passed
to the policy on creation

The verbosity level: 0 no output, 1
info, 2 debug

Seed for the pseudo random genera-
tors

Device (cpu, cuda, ...) on which
the code should be run.

Whether or not to build the network
at the creation of the instance

None
None
0.0001

1,000,000
50,000

32

0.99

None
None

False

10,000

0.1

1.0
0.05
10
None

False

None

None

"autO”

True
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Name of parameters

Description

Default value

policy
env
learning rate

n_steps

batch size
n_epochs

gamime
gae lambda

clip range

clip range vf
normalize advantage
ent coef

vf coef

max_grad norm
tensorboard log
create_eval env
policy kwargs
verbose

seed

device

_init_setup model

Table A.0.4: Possible arguments for the PPO function from Stable Baseline3 (Raffin et al.,

2021).

The policy model to use

The environment to learn from

The learning rate, it can be a func-
tion of the current progress remain-
ing (from 1 to 0)

The number of steps to run for each
environment per update

Minibatch size

Number of epoch when optimizing
the surrogate loss

Discount factor

Factor for trade-off of bias vs vari-
ance for Generalized Advantage Es-
timator

Clipping parameter

Clipping parameter for the value
function

Whether to normalize or not the ad-
vantage

Entropy coefficient for the loss cal-
culation

Value function coefficient for the loss
calculation

The maximum value for the gradient
clipping

The log location for tensorboard
Whether to create a second environ-
ment that will be used for evaluating
the agent periodically

Additional arguments to be passed
to the policy on creation

The verbosity level: 0 no output, 1
info, 2 debug

Seed for the pseudo random genera-
tors

Device (cpu, cuda, ...) on which
the code should be run.

Whether or not to build the network
at the creation of the instance

None
None
0.0003

2048

64
10

0.99
0.95
0.2

None

True

0.5
0.5
None

FALSE

None

None

"auto"

True



Appendix B

Results

B.1 Q-learning

The images bellow present the evolution of the cumulative reward and the epsilon over the
training episodes for each model obtained with the Q-leaning algorithm. The third images
shows the final policy of the model, i.e. which action the model takes depending on the inputs.

Model 1: Average Reward vs Episodes Model 1: Epsilon vs Episodes Model 1: Policy
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Figure B.1.1: Model 1: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.

Model 2: Average Reward vs Episodes Model 2: Epsilon vs Episodes Model 2: Policy
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Figure B.1.2: Model 2: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.
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Model 3: Average Reward vs Episodes Madel 3: Epsilon vs Episodes Model 3: Policy
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Figure B.1.3: Model 3: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.
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Figure B.1.4: Model 4: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.

Model 5: Epsilon vs Episodes Model 5: Palicy
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Figure B.1.5: Model 5: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.
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Model 6: Average Reward vs Episodes Model 6: Epsilon vs Episodes Model 6: Policy
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Figure B.1.6: Model 6: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.

Model 7: Average Reward vs Episodes Model 7: Epsilon vs Episodes Model 7: Policy
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Figure B.1.7: Model 7: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.
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Figure B.1.8: Model 8: rewards evolution, epsilon evolution and final policy achieved with the
Q-learning algorithm.
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Model smooth (9): Policy

Model smooth (7): Policy

Model smooth (3): Palicy
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Figure B.1.9: Policies obtained by smoothing the model 8.
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B.2 Mario Results
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Figure B.2.1: Example of a stuck model.

This figure shows the evolution of the cumulative reward through time for a stuck model. We
can see that the agent is stuck at the x-position 600. By staying stuck, the agent receives
a negative reward that impacts his final cumulative reward. If we stop the simulation when
the agent is stuck at the same place for 1000 time steps, his final reward will be equal to
approximately 450, compared to 150 if we wait the natural end of the episode occurring after
8000 time steps. The consequence being a model that over-performs if we stop it prematurely.
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