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ABSTRACT

Overcoming Hard Exploration Problem in Markov
Decision Process Using Inverse Reinforcement Learning
and Human Demonstrations

Wadhah Zeyad Tareq TAREQ

Department of Computer Engineering
Doctor of Philosophy Thesis

Supervisor: Assoc. Prof. Dr. Mehmet Fatih AMASYALI

In this study, performance enhancement of Deep Reinforcement Learning (DRL)
algorithms on hard exploration environments have been proposed by using external
reward systems. For this, first, human demonstrations were used as an external
reward. A complete training phase (Pre-training phase) includes the human
demonstration is performed to imitate the human performance and get the advantage
of embedded rewards. After that, an independent Reward Function using Inverse
Reinforcement Learning (IRL) principles is established to gain better performance on

an additional training phase (Interacting phase).

This thesis proposes to train a notable and simple Deep Reinforcement Learning
algorithm using external rewards in the Pre-training phase. During building the
human demonstrations dataset, the actions made by the human are tagged as
correct, and all other possible actions are tagged as wrong. Prioritized Double
Deep Q-Networks (PDDQN) algorithm was chosen to train on this dataset. It has
become possible for this trained model to predict correct action in hard exploration
environments. In addition, the important samples selection ratio has been optimized
to improve the performance of the algorithm. As a result, the PDDQN algorithm

outperformed all baseline algorithms in hard exploration environments.

This thesis proposes a reward function for the Interacting phase using the principles of
Inverse Reinforcement Learning. It has been determined that the difference between
the environmental rewards and external rewards in human demonstrations leads to

xii



a decrease in the efficiency of the algorithm in the interaction phase. In order to
solve this problem, an Inverse Reinforcement Learning reward function, which is one
of the common techniques developed in recent years, has been created to predict
human/expert behaviors by using rewards. The reward function is trained with a
set of data extracted from phase one human demonstrations, and then the rewards
it predicts can be used in conjunction with environment rewards. With this feature,

better performance has been seen in the experiments.

Keywords: Deep reinforcement learning, learning from human demonstration,

inverse reinforcement learning, atari games

YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF SCIENCE AND ENGINEERING
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OZET

Markov Karar Siirecinde Zor Kesif Probleminin Ters

Pekistirmeli Ogrenme ve Insan Gosterimleri
Kullanilarak Asilmasi

Wadhah Zeyad Tareq TAREQ

Bilgisayar Miihendisligi Anabilim Dal1
Doktora Tezi

Danisman: Doc¢. Dr. Mehmet Fatih AMASYALI

Bu calismada, Derin Pekistirmeli Ogrenme (Deep Reinforcement Learning, DRL)
algoritmalarinin zorlu kesif ortamlarinda dissal bir o6diil sistemi kullanilarak
performanslarinin iyilestirilmesi 6nerilmistir. Bunun i¢in 6ncelikle insan gosterimleri
dissal bir 6diil olarak kullanilmistir. Algoritmanin insan performansini taklit etmesi ve
dissal odiillerden yararlanmasi i¢in insan gosterimlerini iceren bir egitim asamasini
(On egitim asamas1) tamamlamas: gerekmektedir. Bunun ardindan, algoritmanin
daha iyi performans elde etmesi i¢in ek bir egitim asamasinda da (Etkilesim asamasi)
Ters Pekistirmeli Ogrenme (Inverse Reinforcement Learning, IRL) ilkeleri kullanilarak

bir 6diil fonksiyonu kurulmustur.

Bu tez, On egitim asamasi icin, digsal 6diiller kullanarak basit ve etkili bir Derin
Pekistirmeli Ogrenme algoritmasi egitmeyi 6nermektedir. Insan gésterimleri iceren
egitim kiimesini olustururken insan tarafindan yapilan eylemler dogru diger tiim
olas1 eylemler yanlis olarak etiketlenmistir. Bu veri kiimesini egitmek icin Oncelikli
Cift Derin Q-Aglar1 (Prioritized Double Deep Q-Networks, PDDQN) algoritmasi
secilmistir. Egitilen bu modelin zorlu kesif ortamlarinda dogru eylemi tahmin etmesi
miimkiin hale gelmistir. Buna ek olarak, algoritmanin performansini artirmak icin
onemli goriilen orneklerin secilme orani optimize edilmistir. Sonug olarak, PDDQN
algoritmasi zorlu kesif ortamlarinda tiim temel algoritmalardan daha iyi performans

gostermistir.
Bu tez, Etkilesim asamasi icin, Ters Pekistirmeli Ogrenme ilkelerini kullanan bir 6diil

Xiv



fonksiyonu 6nermektedir. Insan gosterimlerindeki digsal édiillerle ortam o6diilleri
arasindaki farkin etkilesim asamasinda algoritmanin verimliliginde bir azalmaya
yol actig1 belirlenmistir. Bu sorunu ¢o6zmek i¢in son yillarda gelistirilen yaygin
tekniklerden biri olan Ters Pekistirmeli Ogrenme ile édiiller kullanarak insan/uzman
davranislarin1 tahmin eden bir 6diil fonksiyonu olusturulmustur. Odiil fonksiyonu
birinci asama insan gosterimlerinden cikarilan veriler kiimesiyle egitilmekte ve daha
sonra tahmin ettigi odiiller gercek ortam odiilleriyle birlikte kullanilabilmektedir. Bu

ozelligi sayesinde yapilan deneylerde, daha iyi performans sagladig1 goriilmiistiir.

Anahtar Kelimeler: Derin pekistirmeli 6grenme, insan gosteriden 6grenme, ters

pekistirmeli 6grenme, atari oyunlari

YILDIZ TEKNIK UNIVERSITESI
FEN BILIMLERI ENSTITUSU
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1

INTRODUCTION

1.1 Literature Review

Our research is based on Deep Reinforcement Learning (DRL) and Deep Inverse
Reinforcement Learning (DIRL) algorithms. In this study, we have modified the
classical algorithms for getting higher performance by using human demonstrations.
This literature survey is categorized into three groups. The first group is about
the appearance and the development of Reinforcement Learning (RL) algorithms in
video games. The second group is regarding using human demonstrations in DRL
algorithms. The last group is about Inverse Reinforcement Learning (IRL) and DIRL.

1.1.1 Deep Reinforcement Learning

RL allows agents to explore the environment and learn from trial and error without
the need for the demonstrator. Many RL agents successfully built to learn how to play
Atari games. The first deep RL agent was introduced by [1]]. The agent learned control
policies to play six different games from game frames and scores only. After that, [2]]
introduced a notable RL agent, known as Deep Q-Network (DQN), that can play 49
different Atari games. DQN merges the Q-learning [[3] with the Convolutional Neural
Network (CNN). The result showed that the DQN agent was able to reach the expert
performance on many games. Two main components enabled the agent to perform

well: the target network and the experience replay.

Later, the RL community has made many changes and extensions to the DQN algorithm
to improve its performance and stability. Using the Double Q-learning algorithm [4]
rather than the Q-learning algorithm was the first change to the DQN. The Double
DQN (DDQN) [5]] showed that the DON suffers from significant overestimation
in some games, and the Double Q-learning reduces that overestimation and leads
to better performance. Prioritized experience replay (PER) [6] replaced random
sampling with sampling experience with probability. This change allowed the DQN

to sample experiences that have more information to learn than the other. The



Dueling Double Deep Q-network (DDDQN) [|7] architecture suggests decoupling the
double Q-learning into two estimators: state and action. The state estimator tells
us it is (or is not) a valuable state regardless of the effect of the actions at that state.
Asynchronous Advantage Actorcritic (A3C) [|8] presented asynchronous four standard
reinforcement learning algorithms and showed that parallel actor-learners stabilize
training, allowing all four methods to train neural network controllers successfully.
Distributional Q-learning [9]] learns a categorical distribution of discounted returns
instead of estimating the mean. Noisy DQN [10] uses stochastic network layers for
exploration. Finally, Rainbow [|11] studied the efficiency of the six previous extensions
in one algorithm. Their algorithm provided an agent with performance better than

each extension separately.

1.1.2 Learning from Demonstrations

Despite these achievements and enhancements, the RL agent performs poorly in
environments where the feedback is unavailable or intermittent. Generally, the
RL agent learns good policies in many games where there is feedback from the
environment. Many environments do not come with such features. Montezuma’s
Revenge and Pitfall are good examples of such environments. In these games, the
feedback comes after performing a sequence of actions. For covering this gab, many
works suggested using human demonstrations in the learning. Human demonstrations
provide many other advantages like reducing the training time and solving problems

of the environment that do not come with an accurate simulator.

Deep Q from Demonstrations (DQfD) [[12] introduced a DRL agent that uses human
demonstrations to learn to play Atari games. Their algorithm accelerated the learning
process and automatically assessed the necessary ratio of demonstration data. Also,
DQfD achieved acceptable results in sparse rewards environments. Another study
[13] trained an agent to accomplish the same states seen in a YouTube video of the
game, where [|14] combines a sophisticated version of Q-learning to maximize the
likelihood of actions taken in a demonstration. Learning from Single Demonstration
(LfSD) [15]] also proposed using the human demonstration to cover the sparse rewards
problem in Montezuma’s Revenge games by starting their agent from demonstration
states rather than from the game standard start states. This process aims to break
down the complex exploration problem into a curriculum of sub tasks. The Go-explore
[16] agent played well in Montezuma’s Revenge and Pitfall games by remembering the
state it visited. The agent is starting the exploration from a new promising state. After

that, it is building the policy by imitation learning.



1.1.3 Inverse Reinforcement Learning

The IRL first appeared to solve the problem of the new state in the Imitation Learning
(IL) approaches. In IL, when the agent visited a new state, it became impossible
to return to the demonstrated states. IRL was first introduced by Ng and Russell
[17]. They proposed to solve the reward engineering problem by inferring the reward
function from the expert demonstrations. The main challenge was the ambiguity. In
some demonstrations, many reward functions could produce the expert policy. In
[18], they developed an approach that can get the same reward as the expert policy
rewards. The later works are Bayesian IRL and Maximum Entropy IRL. Bayesian IRL
[19] adopted the ambiguity by calculating the distributed rewards rather than focusing
on the given function. This method produces the same guarantee as in [18]. On
the other hand, Maximum Entropy IRL [20] builds a reward function that meets
the expert features. This function guarantees the higher-entropy stochastic policy.
This allowed increasing the generalization in the environments using many different

planning dynamics.

As we mentioned before, the researchers developed a few IRL algorithms to play
video games. The work by Uchibe [21] used logistic regression to classify the
transitions into two groups: expert and non-expert. The classifier is used instead
of the reward function to train standard deep RL algorithms. The results showed that
their performance rarely outperforms the IL. The second work [22] which named
CNN-AIRL. They modified the Adversarial IRL algorithm [23]]. Their modification
includes adding CNN to the AIRL baseline, normalizing the environment reward,
and increasing the size of the discriminator data set. Additionally, they represented
the state with low-dimensional by autoencoder architecture built especially for video
games. Their algorithm achieves good performance on the simple Catcher video game

while lower than the expert performance on the Atari game.

1.2 Objective of the Thesis

High-dimensional inputs and scale of rewards represent a challenge for DRL
algorithms. DQN overcame these challenges by learning directly from the raw pixel
and clipped game score. However, the DQN agent failed in many environments due
to the distribution of rewards. Such environments are known as hard-discovering
environments. Montezuma’s Revenge, Private Eye, and Pitfall are popular examples of
these environments. For example, Montezuma’s Revenge requires hundreds of actions
to produce a reward. As a result, random action (DQN working method) makes
a reward every half a million steps. This scaling limits the abilities of the current

DRL techniques. In this thesis, we have aimed to enable DRL algorithms to perform



well in hard exploration games by using external rewards involved within the human

demonstrations to be available at all times during the learning.

1.3 Hypothesis

To enable classical DRL algorithms to play hard exploration games, we assume
it is better to reward each action selected by the algorithms. We adoptive the
Prioritized Double DQN (PDDQN) algorithm and trained it with three steps to prove
the hypothesis. Firstly, building human demonstrations with an external reward to
supply each action with a reward. Secondly, train PDDQN with these demonstrations
to measure the effect of these external rewards. Thirdly, using IRL to enable PDDQN to
learn from self-generated data by interacting with the environment. These hypotheses

can be clarified with the supports of the detailed information given below.

Human demonstrations are the primary key used with DRL algorithms to enable them
to play hard exploration games. The demonstration is built by human and consist
of the current state of the game, the action (selected by a human), game feedback
(reward), and the next state of the game. In this study, the main difference in the
demonstration is the reward. Rather than using the game rewards, the human sets
the correct action reward to a constant r = 1 and sets rewards to a constant r = 0 to

all other actions in the action space.

The PDDQN is a combination of DQN [2]], DDQN [/5]], and PER [/6]]. PDDQN provides
good performance on games where rewards are available. In hard exploration games,
this algorithm suffers from the disappearance and absence of rewards. In contrast to
the traditional way, the demonstration with an external reward covers the problem of
reward disappearance and lack. This proposed demonstration makes hard exploration

games possible for the PDDQN and any DRL algorithm.

As famous, agents interacting with the game environment are essential for measuring
the performance and enhancing the RL algorithms. The difference in the distribution
of rewards between the demonstration and the game made interacting with the
environment impossible. This study proposed to use IRL to generate reward function
from the demonstration. This reward function makes interacting with the game
environment possible and enables the PDDQN algorithm to continue learning and

enhancement.



2

BACKGROUND

This chapter presents the background for the contents in the following chapters and
a set of definitions for some essential topics. The chapter starts with a summary
of machine learning, which is the global context of the study in this thesis. The
difference between machine learning subfields. Then, the Markov Decision Process
(MDP) architecture and details. Finally, the fundamentals of Q-learning and general
information about the Convolutional Neural Networks (CNN).

2.1 Machine Learning

Machine learning is concerned with creating applications that automatically improve
with experience.  Recently, machine learning engineering developed several
applications starting from data-mining applications that learn to detect fraudulent
bank transactions to learn user’s preferences by information-filtering systems. The
field has also seen significant progress in autonomous vehicles that can learn to drive
in cities and highways. All these applications resulted from the significant advances
in algorithms that form the foundations of this field [24]]. There are three popular
sub-fields of machine learning: Supervised Learning, Unsupervised Learning, and
Reinforcement Learning [125]].

2.1.1 Supervised Learning

Supervised learning is the most well-known machine learning sub-field. Supervised
learning seeks to build an approach that finds appropriate output according to some
input depending on training data. There are many examples of supervised learning

applications:

¢ Text classification

* Image classification and object location



* Regression problems

* Sentiment analysis

Despite the difference between these applications, but the same mechanism can solve
them. The supervisor has provided the application with labeled examples, and the
application learns from these examples. Many examples represent the input, and the
application generates an output depending on the given output. That is why it is called

supervised learning.

2.1.2 Unsupervised Learning

In unsupervised learning, the data has no labels assigned before. The algorithm aims
to learn the hidden structure of the examples. Data clustering is a common example
of unsupervised learning approaches. The algorithm finds the relationships among

particular examples and combines these examples into a set of clusters.

Generative Adversarial Networks (GANs) [26] is another popular unsupervised
learning method. GANs is a framework that uses the adversarial process for computing
the generative models. The idea of GANSs is to generate two models. The first model
generates fake data, and the second model tries to distinguish the artificially generated
data from the original data in the data set. Over time, the two models are becoming
more qualified by acquiring more experience in their tasks by capturing particular

patterns of the dataset.

2.1.3 Reinforcement Learning

RL is the third subfield and lies between supervision and unsupervised learning
methods. It doesn’t work with labeled examples as in supervised learning. However,
it is not completely blind as in unsupervised learning due to the reward system.
RL uses many supervised learning methods, such as function approximation with
deep neural networks, backpropagation, and stochastic gradient descent, to learn
data representation. Good RL examples are an automatic helicopter trying to make
a roll, news recommendation to users, and an algorithm learning playing chess
game to defeat a professional human player. There are two primary entities in RL:
Agent and Environment. Also, there are communication channels between these
entities: Actions, Rewards, and Observations, as is seen in figure In the next

few paragraphs, we will explain these entities in detail.



Action

Agent < Reward Environment

Observations

Figure 2.1 Reinforcement learning entities and their communications

The Environment is everything outside of an agent. The agent interacts with its
environment by actions only, and these actions cannot change the dynamics or rules of
the environment. An Agent is software written to solve a problem without any prior
knowledge. The agent selects action and performs that action in the environment to
receive rewards to evaluate its performance. The agent could be an algorithm trying
to learn to play a chess game or an extension software in the web that tells the browser
where to drag the mouse cursor, where to click, and what to write in each text-box.

Actions are movements or capabilities that the agent can do in the environment.
Actions are pre-established rules that the agent cannot change over the running time.
There are two types of actions: discrete and continuous. Discrete actions are a finite
set of independent things with predefined values, such as moving one step for left or
right in a video game. Continuous actions have a range of values attached to a finite
set of actions. A car’s actions, such as the steering wheel and gas pedal, is an example

of continuous actions.

The Reward is a value the agent obtains periodically from the environment. It’s a
number that could be small or large and positive or negative. The purpose of reward
is to determine the efficiency of the agent’s behavior. The availability of rewards is
different from the environment to environment. It’s common to receive a reward for
every interaction. Nevertheless, in some environments, a reward can appear once in

an agent’s lifetime. In this case, all rewards except the last one will be zero.

Observation of the environment is the second source of information that the agent
can get. The observations tell the agent the changes that occurred in the background,
and the agent uses them to select the next action. In the chess game, observation is

the new position of each pawn on the game board after executing one step.



2.2 Markov Decision Process (MDP)

Markov Decision Process (MDPs) [27]] are a standard formalization for describing
sequential decision-making problems. MDPs are meant to be a straightforward
framing of learning from interaction to achieve a goal. For this reason, MDPs become
a mathematically idealized form of the reinforcement learning problem for precise
theoretical statements. In MDPs, an agent and environment interact at a sequence of
discrete-time steps t =0, 1, 2, 3,... As it is seen in Figure |2.2} at each time step t, the
agent obtains a state s, € S, which is a representation of environment’s situation, and
depending on this situation, the agent chooses an action, a, € A(s). After that, and
depending on the agent’s action, the environment feedback the agent with a reward
which is a numerical value, r,,; € R, and move the agent to a new state, s,,;. The
environment and agent in conjunction shape a sequence or circuit that forms such as
this:

sO’ aO) r1:511a1: r2:52) a2: T'3,... (2]—)
>
Agent
state eward
action

S ¢

|

Ry )

D Sin Environment <

|

Figure 2.2 The agent-environment interaction in a Markov decision process [27]]

The chosen action determines the probability of the new state s,,;. In math, this
probability represents by the state transition function T(s,.;|s,a). This function
satisfies the Markov Property. Markov Property proposes that the current state is the
only parameter to determine the future dynamics of the system. That means each
state in the system must be distinguishable and unique. The agent’s main problem in
MDPs is finding the function that defines which action will be chosen in the current
state. This function is known as the policy, and it represents by 7t(s). The agent aims

to find the optimal policy 7*(s) that will maximize the cumulative reward [25]] [28]:

R= Zytr(s,a,stﬂ) (2.2)
t=0

The y is known as a discount factor and takes values starting from 0 to 1. The main
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purpose of y is to reduce the effects of late rewards.

Finding optimal policy achieving through finding the optimal value function. The
procedure of finding the optimal value function is by starting in a state and calculating
the future predicted discounted reward. Richard Bellman [29]] has introduced a
dynamic programming algorithm known as the Value Iteration (VI) to find the optimal
value function. The prime concept of the VI algorithm is the Bellman equation. The
Bellman equation says that the optimal value is the value of action with the maximum
discounted future reward (the action with maximum Q-value). The Q-value for a
pair of the current state and action is the expected immediate reward summed with

discounted future reward. The formulas of VI and Q-value are:

V(s) = max,Q(s,a) (2.3)

Q@) = D T(spsals, D[RGS, @,501) + YV (5041)] 2.4)

St+1

2.3 Q-Learning

Q-Learning [30] is a learning algorithm that suggests determining the behavior from
direct experience with the environment. A learning algorithm generally applies when
the learner does not have prior knowledge about the problem or the environment.
As the name suggests, Q-learning estimates the optimal Q-values of an MDB which
means that behavior can be learned by taking actions greedily with respect to the
learned Q-values. In the Q-learning algorithm, the most common way to choose an
action in the current state (s) is to use a greedy policy. € is a fraction between 0 and 1.
Based on the policy, the agent randomly selects a fraction of time among all actions,
whereas the action with respect to the Q-value estimates a fraction of (1 — €) time.

The update rule for Q-learning is below [28]]:

Q(s,a) :==Q(s,a) + a[R(s, a,s. 1) + ymax,, ,Q(S;41,ars1) — QLs, a)] (2.5)

The Q-value is updated by the last state-action pair (s,,;,a,.;) concerning the next
state s,,; and environmental reward R(s, a,s,,;). The a is the learning rate and takes

values arranged from O to 1.

Q-learning differs from the Value Iteration by calculating the Q-value. In Value
Iteration, we have the reward and the transition probabilities for every action in the
state, and we estimate the Q-value depending on these inputs. In Q-learning, the

reward and the transition probabilities are unavailable. The agent must discover the
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reward by selecting an action and observing the reward and the next state. To reach
all possible states, the agent keeps trying by selecting random actions on the current
state. Over time, the agent starts to move close to the true Q-value. The comparison
between Q-learning and Value Iteration algorithm is in Table

Table 2.1 Summary of comparison for the Q-learning and Value Iteration methods

Parameter Value Iteration | Q-Learning
T matrix [ | O
R matrix [ | [ |
% ] m
a O |
€ | |
edecay O u
iter ux [ | [ |
Inner loop operator Bellman Max
Stop condition iterax itermax
Convergence | O

It is usual to use a function approximator to determine the Q-value. The old
reinforcement learning algorithms rely on handcrafted features, which limits the
application scope. Using deep learning algorithms, especially convolutional neural
networks (CNN), enabled reinforcement learning to benefit from the raw high
dimensional inputs like visual and auditory information. The CNN details will explain

in the next section.

2.4 Convolutional Neural Networks

Convolutional networks [31]], also known as convolutional neural networks, or
CNNs, are specialized neural networks for processing data with a known grid-like
topology. Examples include time-series data, which can be thought of as a 1-D grid
taking samples at regular time intervals, and image data, which can be considered
a 2-D grid of pixels. Convolutional networks have been tremendously successful
in practical applications. The name “convolutional neural network” indicates that
the network employs a mathematical operation called convolution. Convolution is a
specialized kind of linear operation. Convolutional networks are neural networks that
use convolution in place of general matrix multiplication in at least one of their layers
[32]]. Figure shows the typical architecture of CNN. Generally, there are five kinds
of layers in CNN: Input Layer, Convolutional Layer, Pooling Layer, Fully-Connected
Layer, and Output Layer [28].
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Figure 2.3 The Architecture of Convolutional Neural Networks ]

2.4.1 Input layer

The input layer is the first layer in CNN. The input layer reserves the image as input
with a W x H x C structure. The W is the width, and H is the height of the image. The
C character represents the number of channels in the image. For example, the RGB

image has three channels Red, Green, and Blue.

2.4.2 Convolutional Layer

The convolutional layer is one of the core layers in CNN. CNN is designed to
capture the invariant features of images. Capturing the feature is done by the dot
operation between the local region and weights, followed by the pooling method. The
convolutional layer receives the image with size W x H x C. It is calculated the output
neurons attached to the receptive fields. The output size is calculated by a quad (K, E
S, ZP), where K is the number of filters, F is the filter size, S is the stride number, and
ZP is the size of zero-padding separately. The size of the output could be found by:

., W—F+2P
=—— = (2.6)
S+1
, H—F+2P
H=2"-"2 (2.7)
S+1
C' =K (2.8)

Based on the sharing policy between the weights, each down map has weights with a
size of F x F x C. Thus, it will amount to F x F x C x K weights and K bias to be trained

in the convolutional layer.
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2.4.3 Pooling Layer

The pooling layer is the second core layer in the CNN. This layer has many different
functions, such as max pooling, average pooling, and L2-norm pooling. These
functions perform a non-linear down-sampling operation over the entire feature maps.
The most simple and performance process is the max pooling. For these reasons,
it becomes the most used function in deep learning approaches. The pooling layer
receives input with W x H x C size, perform a down-sampling, and the size of the

output could be found by:

’ W_F
W = (2.9)
S+1
’ H_F
H = (2.10)
S+1
c =cC (2.11)

The feature maps remain constant; thus, it is worth nothing to use the zero-padding
technique. The pooling process reduces the size of parameters which reduces the
computation time of the next processes. Figure shows the architecture of the

Convolutional and pooling layers.

Convolution Layer Max-pooling layer
Features maps Input for next layer

Features maps

Input image

Figure 2.4 The structure of convolutional and pooling layers [34]

2.4.4 Fully-connected Layer

The last layer in CNN is the fully-connected layer. Each neuron is a fully-connected to
all neurons in the previous layer. The fully-connected layer computes the final class

scores where each class corresponds to a label in the training data set.
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3

DEEP REINFORCEMENT LEARNING AND INVERSE
REINFORCEMENT LEARNING

The deep word in deep reinforcement learning (DRL) refers to combining
reinforcement learning (RL) with deep learning (DL) []35]. The benefit of including
DL with RL is allowing the agent to make decisions in environments with unstructured
data. DRL algorithms can take in massive inputs and decide what actions to perform
to optimize an objective. Therefore, DRL agents have been used in a new set of
applications such as Video Games, Natural Language Processing (NLP), Robotics,

Education, and Healthcare.

Recently, video games have become a platform for evaluating DRL agents. In video
games, the pixels of the game screen is the unstructured input data, and the agent’s
main objective is to maximize the game score. Arcade Learning Environment (ALE)
[36]] provided hundreds of Atari 2600 game environments to be research challenges
for model imitation learning, and reinforcement learning. The essential features of
ALE are differences, interests, and challenges in each environment. Furthermore,
ALE provides a standard framework for testing and comparing different learning

approaches.

This chapter introduces the details of the powerful algorithms that used DRL in Atari
games. Moreover, we present basic information about the Inverse Reinforcement
learning methods. We provide all these details because we use some of these

algorithms in our proposed system.

3.1 Deep Q-Networks

DQN [2] is an artificial agent trained by Google DeepMind using reinforcement
learning principles to learn decision-making from high-dimensional information. They
used the advances in DL [37]] [[38] [39] [40] to develop the DQN agent and tested

it on Atari 2600 games. By receiving the game score and screenshots, the agent’s
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performance exceeds all previous algorithms. Furthermore, it achieves an equivalent
level to a professional human player in many games using the same algorithm,

hyper-parameters, and network architecture.

The Breakout (Figure[3.1] left) is an example of the Atari 2600 games. The agent aims
to get the maximum reward by shooting the ball to knock the bricks and moving the
paddle to catch the ball and avoid life loss. This is a standard RL problem (Figure (3.1,
right), which trains an agent to communicate with the game and achieve maximum
reward by following specific policies. Through repeated training, the agent becomes
more intelligent to interact with the environment to achieve high rewards [[41]]. The
working procedure of the DQN agent is explained in the following few subsections in
detail.

noop, fire,
right, left

action

paddle position, Environment
ball position,
direction, speed,

brick state, etc.

0,1,4,0or7

points Agent

Figure 3.1 The Breakout game in the Markov decision process form [41]

3.1.1 Preprocessing

The first step in DQN is processing the images coming from the environment. The
directly raw image of atari games has 210 x 160 pixels with a 128-color palette. This
amount of data is required a large storage capacity and long computing time. First,
The DQN takes the maximum pixel color value over the previous frame and the present
frame to encode each frame. The encoding is essential to remove the flickering in video
games because some game objects are seen in some frames while different objects are
seen in other frames. Second, the DQN removes the luminance which is the Y channel
in the RGB frame, and resizes the frame into 84x84. These steps are applying to m
of frames (most recent frames) and stack them as one input to the Q-function. The
preprocessing function responsible for these steps is represented by the symbol & in
the algorithm1 described below.

The DQN used four-game frames and stacked them together as a sequence. This
history sequence enables the agent to understand both the direction and acceleration
of the moving objects. For example, in the Breakout game, it is impossible to determine

the ball is moving up or down from one frame. But with the use of history sequence,
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the action can be different from one case to another. If the ball moves down, it is
better to move the paddle to bounce the ball back up. If the ball is moving up, the
agent can wait a little longer or try to move in the opposite direction where the ball
will eventually reach there, see Figure The DQN algorithm is robust to different

values of the history sequence. For example, it works with a series of 3 or 5 frames.

Figure 3.2 A fully preprocessed state for breakout.

3.1.2 Model architecture

The DQN used a deep convolutional neural network (CNN) to approximate the optimal
action-value function. Their architecture is shown in Figure The input to the
neural network is the state representation only with an 84 x 84 x 4 image produced
by the pre-processing function. The output of the CNN is 18 separate units. Each unit
represents a possible action. The number of valid actions varied between 4 and 18
depending on the game’s action space. The first hidden layer convolves 32 filters of
8x8 with stride 4 with the input image and applies a rectifier non-linearity [42] [43]].
The second hidden layer convolves 64 filters of 4x4 with stride 2, followed by a rectifier
non-linearity. This is followed by the third convolutional layer that convolved 64 filters
of 3 x 3 with stride 1 followed by a rectifier. The final hidden layer is fully-connected
and consists of 512 rectifier units. The output layer is a fully-connected linear layer
with a single output for each valid action. Each output is responsible for predicting the
Q-values of a single action from the game actions. This architecture allows calculating
Q values for all available actions in the current state with a single network forward

pass.
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Figure 3.3 Schematic illustration of the convolutional neural network used in DQN

[2]

3.1.3 Learning by interacting

First, the agent needs to interact with the environment to generate data to train on.
The agent can act randomly, but that requires an extremely long time. The alternative
way is using the Q function approximation as a source of behavior. At the beginning
of the training, the representation of the Q is not perfect and will stuck the agent
with wrong actions without trying to behave differently. The best way to balance
the randomness and the Q function is by using exploration and exploitation. In the
beginning, the agent needs to explore the transition and the action outcomes, so it
is better to use the random behavior. After training progresses, random behavior
becomes time-wasting, and it is better to use the Q approximation to interact with

the environment efficiently.

This behavior is known as an epsilon-greedy or (e — greedy) method that uses
probability hyper-parameter € to control the switching between Q policy and random.
The DQN agent starts with ¢ = 1.0, which means only random actions are
selected. This value slowly decreases through the training to become € = 0.1. The
epsilon-greedy method helps the agent explore the environment initially and select
good actions at the end of the training. DQN uses a technique known as experience
replay [|44] to store the agent’s experiences. At each time step t, the agent acts by using
the e-greedy method. The agent stores the transition experience e, = (s;; a;; 7} S¢41)

in the replay memory D, =e;;e,;...; e,.
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3.1.4 Training details

As it’s like in supervised learning, DQN calculates the loss function by finding the
difference between the target value and the current prediction value (CNN output).
The core of reinforcement learning is that we don’t have the real target value. The
target value can be estimated using the Bellman equation which the target is the

current reward plus the discounted highest Q value for the next state.

Q(s,a) =r(s,a) + ymax, Q(s;11,qr41) (3.1)

So The loss function changes at each iteration i:

Li(ei) = E[(T’(S, Cl) + YmaxaH_lQ(st-i—lz Ari15 91) —Q(S, a; 91))2] (32)

The problem is using the same weights for estimating the target and the current
prediction of the Q value. This led to a significant correlation between the target
and the weights we are changing. It means that both the Q value and the target value
are shifting at every step of training. So, the agent is getting closer to the target, but
the target is also moving. To make training more stable, DQN proposed to use the
target network. The target network weights are copied from the current network and
calculate the target Q value in the Bellman equation. The target network weights are
copied once in N steps. DQN copied the weights after each 10 thousand of training
(N =10000):

L:(6) = E[(r(s,a) + ymax,  Q(s.+1,as1;0,7)—Q(s, a3 6,))°] (3.3)

Where 6 is the weight of the current CNN, 6~ is the weights of the target network.
DON trained their agent on 49 different Atari games. For all games, they used the same
network architecture, hyper-parameters, and learning algorithm. All parameters are
shown in Table During the training only, DQN changed all positive rewards to 1,
negative reward to -1, and kept the 0 rewards unchanged. DQN changed the rewards
to limit the error derivatives’ scale and make it easier to use the same learning rate
across multiple games. The life counter (number of lives in the game) is used to
determine the end of the episode during the training. In all these experiments, DQN
used the Root Mean Square Propagation algorithm (RMSProp) [45]] with mini-batches
of size 32. The complete algorithm for training deep Q-networks is presented in
Algorithm 1.
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Table 3.1 List of DQN hyper-parameters and their values

Hyper-parameter Value
Reply memory size 1000000
Target network update frequency (N) 10000
Discount factor (6) 0.99
Learning rate 0.0025
Gradient momentum 0.95
Squared gradient momentum 0.95
Min squared gradient 0.01
Initial exploration 1
Final exploration 0.1
Final exploration steps 1000000

Algorithm 1 DQN

1: Set replay buffer D with N capacity

2: Initialize Q function with random weights 6

3: Initialize target Q function with weights 6~ = 6
4: for episode = 1, M do

5: Set s, = x; and preprocessed ¢; = ¢p(s)
6: fort=1,Tdo
7: With e select action randomly a,
8: otherwise select action a, using trained policy
9: Execute action a, in emulator and observe reward r, and image x,,,
10: Set s,,; = s, and preprocess ¢,,; = ¢(s,41)
11: Store transition (¢,,a,, r;, ¢.41) in D
12: Sample random minibatch of transitions (¢;, a;, ;, ¢;4,) from D
13: Set y; =r;+ymax,, Q(¢j411,a:41;607)
14: Perform a gradient descent step on (yi —Q(6},a;,0))* with respect to the
network parameters 6
15: Every 10000 steps reset 6~ = 0
16: end for
17: end for

3.2 Deep Q-network Extensions
DQN algorithm had a notable effect on the Reinforcement Learning (RL) field by

using a nonlinear approximator which provided many interests in the deep Q-learning
field in particular and in deep RL overall. Since then, the RL community has made
many changes and extensions to the DQN basic architecture to improve stability and
convergence [25]. In the following few subsections, we’ll take a deeper look at some
of those ideas.
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3.2.1 Double Q-Learning

The first improvement to the basic DQN came from DeepMind researchers in a paper
titled Deep Reinforcement Learning with Double Q-learning [5]. The authors showed
that the standard DQN suffers from overestimating the Q values. This overestimation
is harmful to the agent’s performance and leads to sub optimal policies. The reason
for the overestimation is the max operation in the Bellman equation. The Double
Q-Learning solved this problem by modifying the Bellman equation by choosing
actions for the next state using the trained network but taking values of Q from the

target network. So, the new expression for target Q-values will look like this:

Q(s,a) = r(s,a) + yQs,41,argmax,Q(se+1,a; 6,); 0;7) (3.4

Double DQN finds better policies, obtaining new state-of-art results on the Atari 2600
domain.

3.2.2 Prioritized Experience Replay
The next idea to improve DQN was the Prioritized Experience Replay (PER) [6]].

This method aimed to enhancement the sampling efficiency in the replay buffer. The
standard DQN sampled the experiences from the replay buffer randomly to get the next
training batch. The PER replaced this random sample policy by assigning priorities to
each sample in the buffer. The priority value is the difference between the current
network prediction and the target output for the same sample (Temporal Difference

TD error). To find the priority of transition i:

pi=lo|+e (3.5)

Where e is a small positive constant that assumes that no transition has zero probability
to be taken, o is the TD error for that transition. However, Setting the priority using
TD-error has several issues. First, the TD errors are updated for the transitions that
are replayed. If the transition has a low TD error at the beginning of training may
not be selected for a long time. Secondly, the TD error shrinks gradually, so the
transitions with high TD error often get chosen. These issues make the system prone
to over-fitting. To defeat these issues, PER proposed to use a stochastic sampling
method that includes both priority and random sampling. Concretely, the probability
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of sampling transition i can be defined as:

a

b;

Zk P

P(i) = (3.6)

where p; is the priority of transition i. The exponent a is a hyper-parameter used
to reintroduce some randomness in the transition selection for the training batch. If
a = 0, all transitions in the training batch will select randomly, and if @ = 1, only
the transitions with the highest priorities will be chosen. Prioritized Double DQN
(PDDQN) combined the reinforcement learning approach (represented by the Double
DQN algorithm) with the prioritized replay mechanism. The standard reinforcement
learning approaches sample data randomly while the new prioritized approaches
sample data with prioritization.

3.2.3 Dueling Network Architectures

The next improvement to the standard DQN was proposed by [7]] named Dueling
Network Architectures for Deep Reinforcement Learning. The main idea of Dueling
architecture is dividing the Q-values Q(s, a) into quantities: the value of being at that

state V(s) and the advantage of taking that action at that state A(s, a):

Q(s,a) = A(s,a) + V(s) (3.7)

After calculating these two quantities, the new Q value comes from combining them
through an aggregation layer. Figure compares the basic DQN with the Dueling

architecture.
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Als.a)

Figure 3.4 Basic (top) and dueling (bottom) DQN architecture [|7]]

The DQN computes the Q value for every action in the current state. Sometimes the
state is not useful and there is no advantage from calculating the Q value for such
state actions. For example, in video games, some states contain actions that lead to
termination only. The dueling architecture decouples the estimation to discover such
types of states without the need to calculate the Q value for each action in that state.
As a result, the Dueling architecture is helpful for states when the actions have no
impact on the environment. One popular example is the car racing game. When the
way is empty, the actions responsible for moving left or right do not matter. In such a
case, the dueling DQN does not calculate the Q value of all actions, just calculates the
Q value of the meaningful actions.

3.2.4 Rainbow

Rainbow [|11]] examines six improvements to the standard DQN algorithm (some
of them explained before). These improvements are Double DQN [5]], Prioritized
experience replay [|6], Dueling network architecture [7]], A3C [8]], Distributional
Q-learning [|9], and Noisy DQN [10]]. Rainbow aims to study the effect of combining
these improvements. The new agent is a single integrated agent with all mentioned
improvements named Rainbow. Combining all of these improvements in one hybrid
method occur in three steps: First, the network architecture: the new architecture
used the categorical DQN to predict the value probability distribution of action. Also,
the network will have two separate paths for values and advantage distributions as
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in Dueling architecture and replace the last layers in the DQN network with the
NoisyLinear layer as in the Noisy network. Second, they used the prioritized replay
buffer to sample transitions by priority rather than random. Finally, the Bellman
equation disseminates to several steps as in the n-steps and uses the double DQN
to limit the overestimation of Q values. The Rainbow agent performs better than all

previous separate improvements in terms of data efficiency and final performance.

3.3 Deep Q-learning from Demonstrations

Despite the apparent successes of deep reinforcement learning, it suffers in
environments where rewards are missing or rare. Such environments are known as
Hard Exploration environments in which the reward distribution is irregular. The first
algorithm that was able to solve the problem of the uneven distribution of rewards
is Deep Q-learning from Demonstrations (DQfD) [12]. The DQfD used human
demonstrations to accelerate the learning process and enable the agent to play the
hard discovering environments such as Montezuma’s Revenge, Private Eye, and Pitfall
for the first time. The DQfD consists of two phases, the first is the pre-training phase,

and the second is the interaction phase. We will explain these phases in detail.

3.3.1 The Pre-training Phase

The pre-training phase aims to imitate the demonstrator by training the agent with
samples from the demonstration data. In this phase, the agent does not interact with
the environment, which means that it does not receive the current state, does not
choose an action, does not receive a reward, and does not move to the next state. All
this information is present as a sample in the demonstration data. The mini-batches
samples select from these demonstrations data to update the weights of the agent’s
network to satisfy the Bellman equation (target value). The agent uses many losses
functions to update the network weights and biases. These functions are the double
Q learning with one step (Jpo(Q)), the double Q-learning with n-step (J,,(Q)), the
supervised large margin (J;(Q)), and the L2 regularization (J;,(Q)).

Double Q learning with one step guarantees that the agent’s network fulfills the
Bellman equation. Double Q-learning with n-step (n = 10) verify reliable pre-training
by reproducing the demonstrations values of all previous states. The third loss function
[46] is used to make the values of the other actions be at most a margin lower than
the value of the expert’s action. Using the supervised large margin classification loss
grounds the values of the unselect actions to logical values and makes the greedy policy

induced by the value function imitate the demonstrator. Finally, the L2 regularization
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loss is implemented to control the over-fitting of the weights on demonstration data
with a small size. The functions loss that applied by the DQfD to update the weights
are shown below:

Jpo(Q) = (R(s,a) + vQ(s41,argmax, ;67 ) —Q(s, a, 6,))° (3.8)
Jn(Q) =1+ 4T+ o+ Y g + max yQ(s iy, @) (3.9)
JE(Q) = max,ea[Q(s, a) + [(ag,a)] — Q(s, ag) (3.10)

J(Q) = Jpo(Q) + 241J,(Q) + A,J5(Q) + A3J;,(Q) (3.11)

The notation aj represents the action selected by the demonstrator in current state s
and the value [(ag, a) represents the margin part. The margin part value becomes 0
when the agent’s action and the demonstrator’s action are the same a = a;. The A

parameters control the weighting between the losses.

3.3.2 The Interacting Phase

Once the first phase is complete, the DQfD agent starts interacting with the
environment by selecting an action with its learned policy, receiving the reward, and
moving to the next state. This data are known as self-generated data, and the agent
saves it to the agent’s replay buffer. When the agent’s replay memory exceeds the
specified size, the agent starts overwriting the previously generated samples without
overwriting the existing demonstrations. In this phase, the agent updates its network
with a mix of self-generated and demonstration data. The DQfD algorithm used
the prioritized replay mechanism [6] to control the ratio between sampling the
demonstration and self-generated data. All the losses are used to train the agent in
this phase, except the supervised large margin classification loss (J;(Q)) is not applied
to self-generated data. It is necessary for the demonstration data only since these data
cover a limited number of states and do not take all possible actions. This guarantees

to assigned the other state-action pairs to real values.

In general, the main difference between the DQFD algorithm and the traditional deep

reinforcement learning algorithms can be summarized in these three main points:

* Training samples: DQfD relies on a group of pre-built samples held in the agent’s
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memory during the training period.

* Pre-training phase: all previous algorithms trained their agents with only the

interacting phase.

* Losses function: The DQfD algorithm used four losses functions while all other

algorithms only used one loss.

Algorithm 2 shows the Pseudo-code of the DQfD.

Algorithm 2 DQfD

1: Input: D,,,,,: contains demonstration data, 6: behavior weights (random),
0~ target weights (random), T: target network update frequency, k: steps of
pre-training phase

2: for steps =1, kdo
3: Select samples with prioritization from D,
4: Compute loss J(Q) by the target network
5: Update the 0 by using the gradient descent
6: if steps mod T = 0 then
7: 0~ <0
8: end if
9: end for
10: for steps =1, 2, ... do
11: Select action using learned policy
12: Play action a and observe (s,,,7)
13: Save new samples (s,a,r,s,.;) in the memory, overwriting previous
self-generated samples if memory is full
14 Select samples with prioritization from D,
15: Compute loss J(Q) by the target network

16: Update the 6 by using the gradient descent
17: if steps mod T = 0 then

18: 0”06
19: end if

20: S < Si1
21: end for

3.4 Inverse Reinforcement Learning

Inverse reinforcement learning (IRL) aims to understand the decisions of another
agent from its performance and therefore avoid the manual design of its reward
function [[47]]. IRL can use recorded demonstrations to build agents capable of
performing a task without any prior knowledge about that task. For this reason,
many communities such as artificial intelligence, control theory, and psychology have

become more interested in IRL.
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Since the IRLs agent follows the expert’s policy built under the Markov decision

process (MDP), the MDP can also be used as a framework for the IRL agents. The

main difference is the agent learns from the expert’s optimal policy rather than the

environment reward. Figure [3.5/shows the difference between the MDP approach for
RL and IRL. Algorithm 3 shows the standard template for most IRL methods.

Environment Expert
Reward Policy
Agent Agent
Policy Reward
Function

Figure 3.5 RL (left) vs IRL (right).

Algorithm 3 IRL Standard Template

1:

Input: Trajectory (S, A, T, y), group of samples showing the expected behavior:
D = (s¢,ay), (s1,a3),---,(5;,a,),s, € S,a, €A, t €N, or a policy that describes the
expert’s behavior.

Output: Reward Estimation Ry

Assign the expert’s behavior as the optimal solution for MDP

Set reward function parameters using linearly weighted, distribution through
rewards, or any different way;

: Develop new policy or behavior by applying the existing reward function in the

MDP.

Update the reward function parameters using IRL methods such as Entropy
optimization, Margin optimization, etc to reduce the variation between the
expert’s policy and the current policy.

Repeat steps 5 and 6 until the policies variation becomes acceptable.
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Existing techniques try to build a reward function to explain the expert’s behavior
described in various forms. These techniques can be a mix of weight-based functions,
states to reward mapped values using probability diffusion, and others. The following
subsections classify IRL techniques depending on the main principles of inverse
learning into four classes which are Margin, Entropy, Bayesian, and the last one is

classification and regression [48]].

3.4.1 Margin optimization

The margin optimization [49]] seeks to build a function that explains an expert’s
behavior in a way more accurate using the margin. This class includes many methods
to find the reward function by maximizing some margin, and these methods are

classified depending on the type of margin used.

The optimal margin optimization is the earlier and uncomplicated way to build policy
from other policies. The margin can be found by the summation of the distinctions
between the optimal policy action value and the following action using the same policy
through all states:

Moptimal = Z:seSQn(s: a*) - maxaeAQﬁ(s: Cl) (312)

Where Q" is the Q value for the expert policy 7, the a* is the optimal action for s. The
earliest method that used the margin in the equation above is Ng and Russell’s [[17]].
They used the expert’s policy as input and recover the reward function that provide

the optimal output in MDP

The second method is the margin observed from learned feature expectations, which
used the feature to find a reward function that minimizes the margin between the
feature expectations of a leaner policy and the feature expectations from the expert’s
policy. Max-margin and projection methods use the feature expectation loss [[17]]. In
practice, the expert’s policy can not reach by the learner. On the contrary, the learner
takes the demonstration of the expert as input. In this method, the reward function

represents by the feature functions as a sum of linear weights.

The last margin method is the learned policy over the distributed actions. This method
is a second choice after the previous method and seeks to reduce the dissimilarity
between the random policies per state. Since the demonstration data is obtainable
rather than the expert’s behavior, the dissimilarity between the random policies is

found depending on the estimated state visitation times. Briefly, how many times has
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the same state been visited by the same policy? Hybrid-IRL [50] used the observed and
learned policy distributions to solve the problem by employing the gradient descent

in the reward theories space.

3.4.2 Entropy optimization

The main disadvantage in IRL is the ambiguity, where many reward functions can
be derived from the same behavior for the same expert. The margin optimization
introduced previously enters a bias for the reward function. Many methods used the
maximum entropy principle [|51]] to obtain the distribution over all reward functions.
Distribution with maximum entropy is better than the other distributions. The
methods that use entropy optimization can be categorized based on the distribution

used by the process.

The first method is the distribution entropy over tracks or policies. The reward
function builds from the policies rather than transitions with the maximum entropy
in this method. The reason for doing this is that the search space grows exponentially
with time, leading to excessive growth. Ziebart et al. [|52] built a popular IRL
technique by adding two constraints. First, the distribution over all policies should
be a probability distribution. Second, the expected feature count of the learner must

match the count obtained from the expert’s demonstration.

Relative distribution entropy over tracks is another method of entropy optimization for
IRL approaches. This method suggests minimizing the relative entropy between two
different reward functions over the policies. Relative Entropy Inverse Reinforcement
Learning (REIRL) [53]] is a famous method that uses the relative entropy of the
distribution. Their results in car racing video games showed that the relative entropy
of the distribution could obtain expert reward function and learn a good policy from

a small number of demonstrations.

3.4.3 Bayesian update

Another method is the Bayesian update. In this method, the state action pairs are
treated as statements that enable a primary distribution of Bayesian updates over
reward functions. The Bayesian update generated various principled IRL methods
where no reward function has a typical structure. Let P.(Rg) be an initial allocation
over the functions of reward and P,(T|Ry) be the statement probability of the reward

theory. Then, reward functions allocation is received using the following Bayesian
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update:

P.(Rg|T) o< P.(T|Rg)(RE) (3.13)

Where (Rj) is the reward function, and T is a trajectory that contains state-action
pair. Bayesian update methods categorize depends on type of observation likelihood
model in the update above. The Bayesian update is executed with the same amount
of trajectories in the expert demonstration. The probability function famous option
is Boltzmann distribution (Gibbs distribution) with function of state-action Q-value
calculated as:

Q*(s,a,RE)

P.((s,a)|lRg)cce 7 (3.14)

The notation 8 management the state-action probability (higher 3, the more priority
selection of state-action pairs). The earliest Bayesian IRL technique is Bayesian Inverse
Reinforcement Learning (BIRL) [19]], which used the Boltzmann distribution. BIRL
offers several various information about the reward function with continuous values.
Analytically obtaining the posterior is a challenge in continuous reward functions
space. To solve this problem, BIRL used the Markov chain Monte Carlo (MCMC)
algorithm in policies space to obtain an approximation of the posterior for each sample.
Another solutioin for this challenge is using gradient descent as in [[54]]. Lopes et
al. [|55] demonstrate that the rear calculated in BIRL can use include learning from
interacting in IRL. The agent asks the supervisor for more data of state-action pairs
where the entropy is high. These new state-action pairs enable the learner to improve

the posterior.

The second option for the likelihood function is Gaussian process. The Gaussian
process is an effective approach by allowing a nonlinear reward function Ry = f (r, ¢).
The structure of the reward function is provided by a function parameterized by 6.
The previous rear function becomes P,(r,0|T, ¢) in which r is a reward connected
with a feature functions ¢ at a pair of states and actions. The Gaussian Process Inverse
Reinforcement Learning (GPIRL) method [56] calculates the rear as a Bayesian update
together with Gaussian distribution probability. GPIRL circulates from only a slight
subset of values included in the experimental samples with rare extra rewards within

random states.

The last model for the likelihood function is Maximum likelihood estimation.

Maximum likelihood immediately increases the probability of data for the posterior
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estimation in BIRL [19] methods. Vroman et al. [[57] in the technique Maximum
Likelihood Inverse Reinforcement Learning (MLIRL) determine the Boltzmann
exploration policy to assume feature weights of the reward that guides to the highest
probability calculation. As a differentiable probability, the algorithm connects to the

optimal weights by employing gradient ascent with standard criteria.

3.4.4 C(lassification and Regression

One of the machine learning techniques that served as a significant factor in IRL is
the Classification and Regression methods. The action-value scores Classification and
state-space divisions Regression tree methods show that the IRL can be launched into

such framework.

The action-value scores classification developed the IRL as a multi-class classification
problem. The pair of state and action can be used as data label pairs. In
most domains, there are two or more activities that lead this classification into
multiple classes classification. Klein et al. [58]] introduced Structured Classification
Inverse Reinforcement Learning (SCIRL) which is an IRL method with multi-class
classification. The classifier is a reward function trained with the demonstration data.
SCIRL select the large margin method of structured prediction [59]] as the algorithm
for classification. While SCIRL assumes the presence of a transition model to compute
the scoring function, an extension called Cascaded Supervised Inverse Reinforcement
Learning (CSIRL) [|60] takes a step further and estimates the transition probabilities
if they are not known. CSIRL uses standard regression on a simulated demonstration
data set to estimate the transition model and thereafter learn the reward function
using SCIRL. Notice that SCIRL is predicated on the action in the state-action pair
being the desired optimal action and uses it as the label. In this context, Brown et
al. [61]] shows that if the input to IRL also includes a ranking of the trajectories
based on the degree of suboptimality of the trajectory, the model may utilize this
additional preference information to fit a neural network representation of the reward
function. A cross-entropy-based loss function trains the neural network to obtain a
higher cumulative reward for the trajectory that is preferred over another per the

given ranking.

Representing the reward function as a linearly weighted sum of features over the entire
demonstration may be ineffective or require many features when the demonstration
size is large. The state-space division’s regression tree is an alternate solution in which
the nodes represent the features, while the leaves define the intersection of features.
The state-action represents by a path of the tree, and the whole tree generates a section

of the demonstration. Feature Inverse Reinforcement Learning (FIRL) [62[] builds
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the regression tree and the features frequently to get to the current regression tree
reward function. In the last few years, Uchibe [[21] used logistic regression to train
three networks for value-function approximations, reward function, and the ratio of

controlled and uncontrolled state transitions in the demonstrations.
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4

PROPOSED SYSTEM

As we mentioned earlier, many existing systems failed in many environments due
to the distribution of rewards. Such environments are known as hard-discovering
environments. Montezuma’s Revenge, Private Eye, and Pitfall are popular examples of
these environments. For example, Montezuma’s Revenge requires hundreds of actions
to produce a reward. The random manner used in baselines makes a reward every half
a million steps. This scaling limits the abilities of the Deep Reinforcement Learning
(DRL) techniques. Algorithms built to solve this problem were complex and required
hardware with high computation ability. Accordingly, we suggest a new modification
to the available methods to cover the disadvantages above. This chapter will explain

the details of the modification suggested in this thesis.

4.1 Inclusion External Reward

Since the agent uses one architecture to play several different games, this means that
the different representation of the games or the difference in the difficulty does not
affect its performance. Also, the difference in the value of rewards from one game to
another does not affect the performance of the agent because normalizing the rewards
to 1, 0, and -1 for all games. The only factor that led to the failure of the agents is the

missing of rewards.

From this point, we suggested using an external reward makes all environments share
the same reward feature. We build new demonstrations that contained these rewards.
After that, we used these demonstrations to train one of the most popular algorithms
to prove the efficiency of our approach. All the details of building the demonstrations

and the selected algorithm will be explained in the next subsections.
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4.1.1 Pre-Training Phase

The pre-training phase is the first stage for the agent to learn how to imitate the
same behavior that was used to build the demonstration. First, we must build
demonstrations to be used later in the training. These demonstrations will contain
external rewards. A human player selects the correct action in each step and sets that
action’s reward to 1. The reward of the rest actions is 0. Assigning actions with O
is essential to give all actions realistic values because the demonstration is visiting a
limited number of the states and not selecting all actions in the action space. These
absolute values prevent the network from updating toward ungrounded variables.
The selected action and the assigned reward are saved alongside the current state
and the next state. These four pieces of information represent one sample. Also,
the rest actions and the assigned rewards are saved with the same current state and
the next state separately. Thus, for each step, we are saving several samples equal
to the number of actions in the game. The player keeps playing until filling the
demonstration with a specific number of samples. Figure[4.1|shows the demonstration

building procedure.

. ' Assign selected action with
- t Perform the action and t reward = 1 and assign all
Select action observe the next state other action with reward =0

For each action in the action

space: Save action, reward,

current state, and next state
as sample

t=1t+1 | Assign next state t
as a current state

Current state

Figure 4.1 Demonstration building procedure

We built five different demonstrations for five different games to train and test
our agent. These games are Montezuma’s Revenge, Pitfall, Private Eye, Pong, and
Breakout. Each demonstration builds by playing the game and selecting actions by
the keyboard. It is not required to be a super player to select the correct actions only.
The game waits for us each time to select the action by the keyboard, which gives
us time to select the action correctly. During building the demonstration, we found
many actions in the hard exploration games are useless. Thus, we reduce the number
of actions from 18 to 8. The actions number, episodes number, total steps, and scores
obtained in our demonstration for each game are shown in Table
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Table 4.1 The demonstration actions number, episodes number, total steps, and
scores for each game

Game Best Worst Total Episodes | Actions
Score Score Steps Number
Montezuma Revenge 32000 30000 15900 S 8
Pitfall 35711 3971 27908 5 8
Private Eye 20700 20300 8636 5 8
Breakout 79 17 10289 9 4
Pong 1 -1 6107 3 6

When the construction of the demonstration is completed, the next step is training the
agent to measure the effect of the external rewards. Deep Q-Network (DQN) [?2] is the
notable agent that used the DRL principles to learn how to play video games. Later, two
extensions were added to the DQN agent to increase its performance. These extensions
are Double Deep Q-Network (DDQN) [5] and Prioritized Experience Replay (PER)
[6]]. In this thesis, we used the Prioritized Double Deep Q-Network (PDDQN)
algorithm to build our agent. The objective of the pre-training phase is to learn to
imitate the player behavior with a value function that meets the Bellman equation
so that it can be updated once the agent begins interacting with the environment.
During this phase, the agent samples mini-batches from the demonstration data and
updates the network by applying the DDQN loss on the network weights and biases.
The DDQN loss guarantee that the network can continue learning later by fulfilling

the Bellman equation:

Q(S7 a) = (T(SJ a) + YQ(St+17 argmaxaQ(St+1J a; 0)7 9_) - Q(SJ a; 9))2 (41)

Where r (s, a) is the environment’s reward for the current state s and action a, y is
the discount factor, s,,; is the next state, 8 is the current network weights, and 6~
is the target network weights. The left side of the subtraction represents the target
value while the right side is the agent network prediction. The DDQN uses the current
network to select the action, and the target network to calculate the Q value of that

state-action pair.

Our agent selects samples from the demonstration data using the PER. According to
the PER, each sample has a priority value calculated by taking the absolute value of
subtracting the target value from the network prediction for that sample. Previous
works sampled 60 percent of mini-batch samples by priority and the rest samples
were selected by random. The 60 percent increase annealed linearly to reaching 100

percent, which means selecting all samples with priority. In the pre-training phase, we
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selected 90 percent of mini-batch with priority and only 10 percent by random. Also,
we increased this percent in the same way. The reason to select 90 percent is that
all the samples in the demonstration are important to us, and we want to learn from
all of them. The pseudocode of our demonstration building and pre-training phase is

shown in Algorithm 4.

Algorithm 4 Phase One

1: Input: DPfer: empty buffer for storage the demonstrations. 0: weights
for behavior network (random initialization), 6~: weights for target network
(random initialization), T: target network update frequency, k: steps of
pre-training phase s,: human demonstrations steps, k: number of pre-training
gradient updates.

2: for steps =1, s, do
3: Select action by the human player.
4: Play action a on state s, and observe s, ;.
5: Set the reward of the selected action with r = 1 and the rest with r = 0.
6:  Store (s,,a,r,s,,,) into DP/fer,
7: St € St
8: end for
9: for steps =1, k do
10: Sample a mini-batch of n transitions from D" /¢ with prioritization.
11: Calculate loss using the DDQN loss.
12: Perform a gradient descent step to update 6.
13: if steps mod T = 0 then
14: 0«06
15: end if
16: end for

4.1.2 Interacting Phase

Once the pre-training phase is complete, the agent starts acting on the environment by
selecting action using its learned policy, collecting self-generated data, and learning
from that data. The objectives of phase two are to explore new states and make the
agent performance more stable. However, once the agent started interacting with
the environment, the learned policy performance decreased. The reason here is the
reward distribution. In phase one, the agent received 0 or 1 reward for each action.
On the other hand, phase two depends on environment rewards. These rewards have
different time intervals variations from game to game. Figure shows the effect of

reward distribution on agent performance in Montezuma’s Revenge.
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Figure 4.2 The performance of our agent in phase two for a hard exploration
environment. The agent starts learning from self-generated data after performing
20,000 steps. The results are normalized between 0 and 1

Figure proves that the agent performance gets effect by the newly generated
data. The agent runs on the environment for 50000 steps which is enough to show
the problem. To solve this problem, we propose to use the concepts of inverse
reinforcement learning to extract new auxiliary rewards that help the agent during
phase two. Inverse reinforcement learning generates a reward function from the
demonstration. This reward function makes interacting with the game environment

possible and enables the PDDQN algorithm to continue learning and enhancement.

4.2 Inclusion Inverse Reinforcement Learning

Inverse Reinforcement Learning (IRL) main concept is learning the Reward Function
(RF) from the demonstration data. The RF explains the policy that the expert followed
during building the demonstrations. The agent will select the action and the RF will
provide a reward for the selected action. This reward will be added to the environment
reward. Using both the reward from the RF and the environments reward provide 3

main advantages:

* Uniform the reward distribution in the two phases.

* Take advantage of the environment’s reward in simple environments.
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* Enable the agent to discover new states beyond the demonstration states.

Figure shows the differences between the standard RL framework and our

framework.
> a > a,
> Agent > Agent
r .
@<~ Reward Function [¢———
Tt Tt ? S
St+1 Environment St+1 Environment

Figure 4.3 The left plots show the standard MDP for solving Reinforcement Learning
problems. The right plots show our new framework by adding the Reward Function

4.2.1 Preparation of Reward Function Learning Datasets

The training of reward function learning datasets have been extracted from the
previous phase demonstration. The RF’s main objective is to evaluate the selected
action according to the state in which it was selected. So, the input of the RF is the
current state, and the output is the reward for each action in that state. Recall our
demonstration construction, we set the reward of the selected action equal to 1 and
the other action with a reward equal to 0. That’s means we have several samples for
the same state. To cover this problem, we selected the sample with a reward equal to 1
only. Such samples contain the current state and the action number. The current state
in that sample is considered as an input to the RE A zeros array with a size equal to
the number of actions of the environment is a target output for the RE Only the action
in that sample is assigned with 1 in the target output. The processor of building the
RF dataset is shown in Figure

Demonstrations

S a r S’

St | 0 1 0 | Ses1 | Takethe N

S| 1 | 0 | Sp ™7k rlth; Sample in;?;:;lzloé% Input Target Output
Se| 2|0 ]S 'S, [ 4 [ 1 ]Sy "s, oloJoJol1]o0
St | 3| 0] Sy

St | 4 | 1 | S

St | 5 0 | S¢q

Figure 4.4 Reward function dataset building procedure
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4.2.2 Reward Function Architecture

We build a separate Convolutional Neural Network (CNN) to serve as an RE The RF
has the same architecture as the agent regular CNN architecture from phase one.
The main differences are the output activation function and the loss function. In the
agent’s CNN, we used a linear activation function. In the reward function, we used
the SoftMax function. For the loss function, we used Categorical Cross-Entropy rather
than the Huber loss. The input to the RF is the same input to the agent network (4
pre-processed states stacked together). The output of the RF is an array with zero
values for all actions except the correct action for that state which will assign with a
reward equal to 1. Algorithm 5 shows the pseudocode for training the RF network.

Algorithm 5 Training the Reward Function

. Input: R®//¢": the reward dataset. 0: weights for behavior network (random
initialization), k: number of training gradient updates.
: for steps = 1, k do
Sample a mini-batch of samples from R®//¢" with random.
Calculate loss using the Categorical cross-entropy.
Perform a gradient descent step to update 6.
end for

—_

AN S >

4.3 The Integrated Agent

The integrated agent performs both the pre-training and interacting phases. Initially,
the agent starts to imitate the demonstration behavior by sampling a mini-batch from
the demonstration to train the PDDQN algorithm. The total training steps in this phase
are 250,000 steps. Once the imitating learning is done, the agent trains the reward
function on the dataset extracted from the same demonstration for 20,000 steps. The
last task of the agent is interacting with the environment. In this phase, the agent
starts selecting action using the learned policy from phase one and saving the new
samples in an empty folder. As in phase one, the sample contains the current state,
action number, reward value, and the next state. The reward in the sample is a result

of summation environment reward with the reward from the reward function.

The last thing to mention is comparing our agent with the Deep Q-learning from
Demonstrations [|12]] (DQfD) agent. Among all previous DRL agents, the DQfD agent
is the most similar agent to our agent in the architecture. We compare most of our
results with the DQfD agent results. The DQfD agent has both the pre-training and
the interacting phases. The DQfD agent learns from both the demonstration data
and the self-generated data. The DQfD agent differs from ours in rewards only. The

DQfD agent uses the environment rewards in both phases while our agent uses the
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external reward in phase one and the external and environment rewards in phase two.
Algorithm 6 shows the pseudocode of our integrated agent, and Figure 4.5/ compares

our architecture with the DQfD architecture for both phases.

Algorithm 6 Our Agent with Phase One and Phase Two

1: Input: D"W/¢r: buffer contains the demonstration data. A®//¢": empty buffer for
storage agent self-generated data. 6,: weights for behavior network in phase one
(random initialization), 6, : weights for target network in phase one (random
initialization), 6,: weights for behavior network in phase two (weights will copy
from phase one network), 6, : weights for target network in phase two (weights
will copy from phase one network), 6;: Reward Function weights, T: target
network update frequency, k: steps of pre-training phase

2: Pre-training Phase
3: for steps =1, k do
4:  Sample a mini-batch of n transitions from D?¥//¢" with prioritization.
5: Calculate loss using the DDQN loss.
6: Perform a gradient descent step to update 6;.
7: if steps mod T = 0 then
8: 0] < 6
9: end if
10: end for
11: Interacting Phase
12: for steps =1, 2, ... do
13: Select action a by the trained policy from phase one.
14: Play the action a and observe (s,,1,7).
15: Clip positive reward at 1 and leave O rewards unchanged.
16: Calculate reward ryy for s, and a by the Reward Function with 6;.
17: Calculate the final reward r = r + g
18:  Store (s,,a,r,s,,,) into APWSer
19:  Select samples with prioritization from A"/ f¢r
20: Compute loss using DDQN loss
21: Update the 6, by using the gradient descent
22: if steps mod T = 0 then
23: 0, « 0,
24: end if
25: end for
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Figure 4.5 The difference between our agent architecture (left) and the DQfD agent
architecture (right)
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5}

EXPERIMENTAL SETUP

In the essence of this thesis study, enabling simple and basic algorithms to play
hard exploration games has been proposed by using external rewards. The thesis
stands on the basis that the missing reward is the main challenge for most deep
reinforcement learning techniques. The external reward solves this challenge by
covering the absence of environmental rewards and reducing the time required to
reach acceptable performance. The external reward has been used in two forms. The
first form is implying it within the demonstrations and the second form is predicting
it using the deep inverse reinforcement learning principles. The environment setup,
parameters, and the results including the comparing results are explained detailly in

the next sections.

5.1 Environment Setup

We trained and tested our agent on the Arcade Learning Environment (ALE) [37]].
ALE become a standard benchmark for Reinforcement Learning (RL) algorithms since
Deep Q-Network (DQN) used it. ALE is a set of video games known as Atari games that
contain many different games each game is considered as an environment in which the
agent can be trained and tested. We selected five different games from the classic Atari
games. These games are Montezuma’s Revenge, Pitfall, Private Eye, Breakout, and
Pong. The first three games are popular examples of hard exploration environments.
The other games are simple exploration games. Figure shows screenshots from

the five games that we used for training and testing our approach.

Montezuma’s Revenge, Pitfall, and Private Eye are hard exploration games in which
the player performs a sequence of actions to accomplish one reward. In these games,
the player goes throw a number of rooms to collect rewards and avoid a number of
enemies and traps. The place of rewards and other items is fixed. Therefore, the

structure of the room remains constant regardless of the player’s action.
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On the other hand, Breakout and Pong are simple exploration games in which the
player receives a reward for each action that has been selected. In these games, the
player controls a paddle by two actions right or left to hit a ball to hit the ceiling or
pass through another player. The player’s action determines the direction and speed of
the ball. Therefore, each state of the game changes depending on the selected action.

2000
I120:00

s

Figure 5.1 Screenshots from five Games: (Left-to-right) Montezuma’s Revenge,
Pitfall, Private Eye, Breakout, and Pong.

The agent receives the game screenshots as an environment state. The Atari game
screenshot has 210 x 160 pixels with 128 colors which can be demanding in
terms of computation and memory requirements. DQN applied a pre-processing
step down-sampled the screenshot into an 84x84 grey-scale image. Since that, all
Deep Reinforcement Learning (DRL) agents, including our agent, followed the same
pre-processing step. As we mentioned earlier, every single state stacked 4 screenshots

to determine the direction and speed of animated entities in the game.

There are two ways to evaluate DRL agents in ALE environments. The first way is
evaluating the agent during the training by reporting game scores. In general, this
way occurs when the agent interacts with the environment. The instant rewards are
reported without any change regardless of how the agent is representing the reward
internally. The second way is by taking the last or the best weight produced from
the training stage and testing it by playing the game number of episodes. The game
score is reported after finishing each episode. Also, the reward is reported without any
change regardless of how the agent is representing the reward internally. We evaluated
our agent in both ways. During the pre-training phase, there is no interaction with
the environment so we saved several weights and tested them once the training is
finished. In the interacting phase, we reported the game scores achieved by the agent

immediately.

Depending on the evaluation methods mentioned above, we compared our agent
performance with pre-published agents: DQN, DDQN, Prioritized DDQN, Dueling
DDQN, Distributional DQN, Noisy DQN, Rainbow, and DQfD. It is impossible to train
and test all these algorithms on our devices due to the hardware features and training
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time requirements. To achieve a fair comparison, we followed the same evaluation
settings of the published results that we took from [11]] except for the DQfD’s agent.
The DQfD’s agent is the most similar agent to our agent. Thus, we trained and tested
the DQfD’s agent in our device to get accurate results to enable us to make accurate

comparisons between our agent and the DQfD’s agent.

Finally, Table shows the hyper-parameters used for the training and testing of the
baseline, DQfD agent, and our agent. Some of these hyper-parameters were used in
all algorithms and some of them were used in some algorithms depending on each
algorithm. The Baseline hyper-parameters took from the same source of the results.
The last thing to be mentioned is that each training occurs on a single Nvidia GeForce
GTX 1060 graphics processing unit (6 GB memory version) with about 12 GB random

access memory and an Intel Core i5 ninth generation processor.

Table 5.1 The parameters used for training and testing the algorithms.

Hyper-parameter Baselines | DQfD | Our Agent
Grey-scaling Yes Yes Yes
State size (84, 84) | (84, 84) (84, 84)
Frames stacked 4 4 4
Reward clipping [-1,1] | log scale [0, 1]
Discount factor 0.99 0.99 0.99
Memory size 1M 1M 80k
Mini-batch size 32 32 32
Target network update 10k 10k 10k
Prioritized replay ratio 0.6 0.6 0.9 /0.6
Exploration Yes Yes N/A
Pre-training steps N/A 750k 250k
Interacting steps 200M 200M 500k
Reducing actions number N/A N/A 18— 8
Reward function training steps N/A N/A 20k

5.2 Experimental Results and Discussion

5.2.1 Pre-training Phase

All results in phase one are reported after finishing the training. The agent is trained
for 250 thousand steps and after each 10 thousand, we are saving the network weights.
Once the training is finished, we will have 25 different weights. we tested each weight

on 10 episodes and took the average and maximum score for these 10 episodes.

Initially, we compared the difference between the standard hyper-parameters and

the new hyper-parameters that we used. For all these comparisons, we used
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Montezuma’s Revenge game which is a popular game in the RL community. The
first hyper-parameter is reducing the number of actions. During building the
demonstrations, we found that many actions are useless, and using these actions
will be led to an increase in the number of samples which in turn increases the
requirements of the memory size and training time. So, we trained and tested our
agent on 8 actions (A sufficient number of actions to play the game and finish the
first level) rather than the standard 18 actions. Figure shows the results of testing
the agent with eight actions and eighteen actions. Training the agent with 8 actions
rather than 18 led to scoring 17000 scores higher and enable the agent to finish the
first level of the game. We have used this number of actions in all the remaining hard

exploration games (Pitfall and Private Eye).

The second hyper-parameter is the important sampling ratio. The standard ratio used
in most RL algorithms is 0.6. In our demonstration, all samples are important and
we want to learn from all of them. Thus we increased the important sampling ratio
from 0.6 to 0.9. Figure shows the results of testing the agent after training it with
0.9 and 0.6 rates. When we used a 0.9 ratio, the required training steps to get the

maximum score are reduced from 120000 to 50000 only.
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Figure 5.2 The difference between 8 actions and 18 action results. (a) plot shows
the maximum scores. (b) plot shows the average scores
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Figure 5.3 The difference between 0.9 PER and 0.6 PER results. (a) plot shows the
maximum scores. (b) plot shows the average scores.
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After proving the efficacy of the new hyper-parameters, the agent trained using the
new hyper-parameters with the hyper-parameters introduced in Table The agent
trained on the five games we mentioned before. The results of these games are shown

in figures and The gray area represents the minimum and

maximum scores of the demonstration used in training for each game.
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Figure 5.4 Maximum and average scores for phase one agent on Montezuma’s
Revenge game
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Pitfall
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Figure 5.5 Maximum and average scores for phase one agent on the Pitfall game
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Figure 5.6 Maximum and average scores for phase one agent on the Private Eye
game
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Figure 5.7 Maximum and average scores for phase one agent on the Breakout game
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Figure 5.8 Maximum and average scores for phase one agent on the Pong game
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These results are reported in two ways, the average of the ten episodes and the
maximum score of these ten episodes for each weight. In the first game, Montezuma’s
Revenge, our agent scored 28.900 after only 80.000 steps of training. This score is
meaning that the agent successfully finished the first level of the game which contains
24 different rooms. This weight is the best snapshot of our agent in Montezuma’s
Revenge game. For the rest of the weights, the results varied between 3000 and 29,000
scores. The second game is the Pitfall game. In this game, our agent has a more stable
performance compared with the previous game. The agent scored 7782 after 60.000
training steps. This weight is the best snapshot of our agent in the Pitfall game. For
the rest of the weights, the maximum score was 4000 scores for all weights. In the
Private Eye game, the third hard exploration environment, our agent’s performance is
excellent. The agent takes only 40.000 steps to score higher than the demonstration’s
maximum score. The demonstration’s maximum score is 20.700 while the agent’s
maximum score is 28.374. The fourth weight is the best snapshot of our agent in this
game. For the rest of the weights, the maximum score was between 20000 and 21000

SCores.

The last two games are Breakout and Pong games. These games are popular examples
of simple environments. Most classical RL algorithms achieved a high score in both
games. However, these algorithms required millions of training steps to reach these
scores. In general, classical RL algorithms required 200 million steps to train their
agents. On the other hand, our agent required 250 thousand steps which are very
small training steps compared to classical RL agents. Moreover, the states of these
two simple environments change depending on each action, and it is impossible to
cover all these states with the demonstrations. Our agent’s performance is acceptable
compared to the time of training and demonstration size. In the Breakout game, our
agent scored 31 as a maximum score after 240.000 steps of training. This weight is
the best snapshot of our agent in the Breakout game. The agent required all this time
to learn as much as possible from the demonstrations before scoring that score. The
reason here is the variation between samples in the demonstration data. In the Pong
game, our agent scored -10 (which means 11 scores from the total scores of 21) after
20.000 steps of training. This weight is the best snapshot of our agent in the Pong
game. For the rest of the weights, the results varied between -18 and -10 scores. This
game has an opponent player and the state relies on both our agent’s action and the

other player’s action. Therefore, the results were varied and low.

Figure[5.9]is comparing the phase one results for both our agent and DQfD’s agent that
we trained on Montezuma’s Revenge game. Both agents trained with the same period
and tested on the same settings. Recall our agent results, the agent’s maximum score

is 28.900, and the maximum average score of ten episodes is 9570. For the DQfD’s
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agent, the agent’s maximum score is 1400 which means that the agent was able to pass

two or three rooms only, and the maximum average score of ten episodes is 1400.
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Figure 5.9 Comparing phase one performance for both agents. (a) plot shows the
average scores. (b) plot shows the maximum scores
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Finally, Table shows the comparison between DQN, DDQN, Prioritized DDQN,
Dueling DDQN, Distributional DQN, Noisy DQN, Rainbow, DQfD, and our agent.
To perform a fair comparison, we followed the same evaluating procedure of the
published results that we took from [[11]. The table is showing the raw scores
for all games averaged over 200 episodes for the best snapshot obtained during the
training. In each episode, the agent starts with 30 no-op steps. The 30 no-op is a
random number between 1 and 30 of do-nothing action. The no-op is important to
provide a random starting position for the agent. We report the published scores for
DQN, DDQN, Prioritized DDQN, Dueling DDQN, Distributional DQN, Noisy DQN, and
Rainbow. For DQfD and Our agents, we report our evaluations of the agents.

In hard exploration environments (Montezuma’s Revenge, Pitfall, and Private Eye),
our agent performance is better than all previous baselines with a small period of
training time. The table shows the significant difference between the baselines results
and our agent results. In simple environments, the performance of the baselines is
excellent. Even these games were the main reason for the popularity of RL algorithms.
Our agent performance is weak. Nevertheless, it is still better than the performance
of the DQfD agent in both games Pong and Breakout.

Table 5.2 Comparing our agent phase one performance with the baseline

performance

Game Montezuma’s Revenge | Pitfall | Private Eye | Pong | Breakout
DQN 0.0 -286 146 19.5 385.5
DDQN 0.0 -29.9 129 20.9 418.5
PDDQN 0.0 0.0 200 20.7 381.5
Duel DDQN 0.0 0.0 103 21.0 345.3
Distrib. DQN 384 -2.1 15172 20.8 612.5
Noisy DQN 206 -18.2 3966 21.0 459.1
Rainbow 384 0.0 4234 20.9 417.5
DQfD 206 265 8438 -19.5 1.99
Our Agent 5035 2034.3 23152 -14.5 2.39
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5.2.2 Interacting Phase

The first interacting result we want to share is the direct agent performance after
finishing the pre-training phase. These results are showing the effect of environment
reward distribution and how our agent started losing its performance once the learning
from the interaction is started. Figure 5.9 shows the agent performance on two
games Montezuma’s Revenge and Breakout. These games are a good example for
both simple exploration environments (Breakout), and hard exploration environments
(Montezuma’s Revenge). In both games, the agent starts to learn from self-generated
data after performing 20,000 steps to show the effect of reward distribution clearly.
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Figure 5.10 The performance of our agent in phase two. (a) plots show online
rewards of Montezuma’s Revenge game. (b) plots show online rewards of the
Breakout game
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It is clear how the reward distribution harms the agent’s performance. At the
beginning of the interaction, the agent selects actions using the pre-trained policy. This
policy enabled the agent to play and score efficiently in the first 20 thousand steps.
During these steps, the agent is saving the new data as self-generated data. After the
20 thousand steps, the agent starts updating its network using the self-generated data.
In the Breakout game, the agent scores are reduced, and in the Montezuma’s Revenge

game the scores become equal to zero.

The second part of interacting results is the Reward Function (RF) training and testing
results. As we mentioned before, the RF trained with a new dataset had been extracted
from the phase one demonstrations. The RF’s convolutional neural network (CNN) is
trained with 20.000 steps for each game. Later, the RF for each game was tested
with a new dataset. This dataset differs from the training dataset. We built a new
test dataset by playing each game for one episode. The idea behind building a new
dataset is to find out if the reward function suffers from overfitting or underfitting.
The details of the training dataset, test dataset, and test accuracy are shown in Table
Furthermore, we calculated the F1 score to measure the test accuracy. The F1
score results are shown in Table

Table 5.3 Reward Function learning dataset details and test accuracy

Game Training Dataset Test Dataset Test Accuracy
Size Episode | Size | Episode
MR 60877 5 9705 1 0.8646
Pitfall 132844 S5 25135 1 0.9148
Private Eye | 39098 5 8282 1 0.8443
Breakout 31297 9 3282 1 0.6453
Pong 26783 3 6245 1 0.7969

Table 5.4 Reward Function learning F1 scores for each action

Accuracy 0 1 2 3 4 5 6 7 | Weighted
MR 0.86 | 0.63 | 0.91 | 0.88 | 0.85 | 0.85 | 0.78 | 0.74 0.86
Pitfall 093|064 |0.78 093 | 0. |059|0.76 | O. 0.91
Private Eye | 0.41 | 0. | 0.54 | 0.87 {092 | 0. | 0.55] 0.57 0.83
Breakout | 0.68 | 0. | 0.29 | 0.29 - - - - 0.56
Pong 0.87 | 0.64 | 0.51 | 0.6 0. 0. - - 0.81
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The first table shows the test accuracy which represents the ratio of predicted values
that match with actual values. For the hard exploration environments, the RF
accuracies were between 84% and 91% which were a good percentage. For the simple
environments, in which the state-space is infinite, the RF accuracies were between 64%
and 79% which were an acceptable percentage. It is known that there are many classes
each class represents one action in the datasets. To find the number of true predictions
for each class, we calculated the F1 score. The F1 Score is a metric that represents
the ratio between the exactness and completeness of the classifier. In another way, the

ratio between Precision and Recall. The F1 Score value could be found by:

precision x recall
F1=2x — (5.1)
precision + recall

The last results are the performance of our agent with an integrated model in which the
agent uses the self-generated data including the Inverse Reinforcement Learning (IRL)
rewards. Our integrated approach has only been tested on two games: Montezuma’s
Revenge and Breakout. The reason that we tested it on two games is due to the training
time that is required. For comparison, we trained our integrated agent, the integrated
DQfD agent, and the standard Prioritized Double DQN (DDQN) agent on these two
games. The standard PDDQN is the algorithm that we used to build our approach.
The PDDOQN agent differs from our agent because it does not have demonstration
data, pre-training phase, and reward function. The PDDQN agent took about one
week to finish the training for each game. The DQfD agent took about four days for
each game, while our agent required 20 days to complete the training for each game.
The reason for the difference in training time is due to the number of predications in
the algorithms. In each step, our agent makes two predictions, the first prediction is
selecting the correct action, and the second is predicting the reward for that action.
On the other hand, the DQfD and PDDQN agents predict the correct action only. The
difference in training time is the only disadvantage in our work. Figures|5.11| and
Showing the online results for the three algorithms in Montezuma’s Revenge
and Breakout games respectively.
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Figure 5.11 Online rewards for DQfD agent, standard PDDQN agent, and our agent
on the Montezuma’s Revenge game. We removed the zero reward between the
episodes
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Figure 5.12 Online rewards for DQfD agent, standard PDDQN agent, and our agent
on the Breakout game. We removed the zero reward between the episodes
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As usual, our agent performance is better than the other agents on Montezuma’s
Revenge game. The RF rewards enable the agent to keep learning without decreasing
performance. In the beginning, the agent starts learning from the self-generated data
before reaching any reward. For this reason, in the beginning, the agent score is zero
due to the change that occurs in the network weights. Our agent starts scoring faster
than the DQfD agent and finishes the training with a higher score. The PDDQN’s agent
starts and finishes the training without scoring any positive score. For the Breakout
game, our agent score is in the middle between the DQfD’s and PDDQN’s. In general,
the PDDQN’s agent is scoring higher than our agent in this game but after millions
of training steps. For the first 500 thousand steps, our agent’s performance is better
and was able to score triple the PDDQN’s score. The DQfD’s agent was better than our
agent from the beginning to the end. Except for the period between 425 thousand
and 475 thousand in which our agent starts scoring higher than the DQfD’s agent.

The last plot we want to show is the ratio between the demonstration and the
self-generated data in the mini-batch. As we mentioned before, the DQfD agent
trained its current network using both demonstrations data and self-generated data.
We calculate the ratio for both games Montezuma’s Revenge and Breakout as shown
in Figure Unlike our agent, the DQfD agent relies on demonstrations all-time of
training. Furthermore, it uses the demonstrations only at the beginning of the training
without returning to the self-generated data. Our agent uses the self-generated data
only, which is the main concept in learning from interaction and makes it different

from imitation learning.
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Figure 5.13 The ratio of how often the demonstration data was sampled versus the
self-generated data in the DQfD algorithm while we trained it
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6

RESULTS AND DISCUSSION

In this research, a new solution for enhancement Deep Reinforcement Learning
algorithms has been suggested. A novel way of addressing the problem of rewards
scarcity in hard exploration environments. The proposed research contributes an
external reward system used independently or alongside the environment reward.

Our mechanism proposed a strategy of combining Reinforcement Learning,
Learning from Demonstration, and Inverse Reinforcement Learning. Learning from
demonstration helps us to reduce the learning duration and gives us the ability to
employ external rewards. The only problem is the difference in the distribution
between external rewards and environmental rewards. A Reward Function based on
Inverse Reinforcement Learning principles is proposed for two reasons. The first one
is to uniform the distribution of rewards between the training phases. The second
reason is to enable the agent to interact with the environment to take the advantage

of the environment’s reward to discover new states beyond the demonstration states.

The training and testing were carried out on 5 different environments of both
types hard exploration and simple environments. Experimental results show that
the proposed method has better performance than the previous methods on hard
exploration environments. Nevertheless, our mixed method has a little bit more time
complexity since it contains extra predications. On the other hand, the performance

in simple environments is not as efficient but still acceptable.
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6.1 Suggestions

Although our system has achieved high success rates in its experimental results,
there are still many improvements and experiences to make. These experiments and

improvements can be summarized in the following points:

1. Training and testing our method on more games. The deep reinforcement
learning community used to train their agents on 49 games. With a few
improvements that can be added to the device used, we can train at least
another five games besides the current games. Training these games will prove
that our approach is reliable and flexible at the same time. Moreover, these
improvements allow us to train the agent with larger memory and a longer

training period which in turn improves the agent performance.

2. Using other techniques or algorithms. In this work, we have purposely used
the simplest deep reinforcement learning approach to show up the efficiency
of our enhancements. In the future, the system can be improved by using
more complex techniques such as Dueling Deep Q-Network [7]], Distributional

Q-learning [9]]. These techniques will raise the performance of our approach.

3. The last enhancement to be made is enabling the Reward Function to learn
in parallel with the agent. In our approach, the agent interacts with the
environment and learns from self-generated data. During the interaction phase,
the agent evaluates its behavior depending on incoming rewards from the
environment and the pre-trained reward function. The weights of this function
never change during the interaction phase. One of the possible enhancements
is updating the network weights using the agent’s self-generated data. In this
way, the agent continues to benefit from the external rewards and the reward

function learns from more data that covers states not found in demonstrations.
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