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Combining learning and search algorithms
MARCUS REMGARD, CHRISTIAN NILSSON
Department of Phyics

Chalmers University of Technology

Abstract

This thesis work investigates ways of enhancing search methods used in reinforce-
ment learning by utilizing neural networks. The environment in which the methods
are tested is the classical game of pong. Two primary networks were used called
Deep value network (DVN) and Fail-state network (F-Network). The first network
aids the search by estimating state-values, the second network is used to detect
search paths that lead to certain losses. Regarding the search methods, two algo-
rithms were implemented, Random rollouts and Monte Carlo tree search (MCTS).
It was concluded that the combination of search together with DVN drastically
outperforms plain search methods, especially in environments where deep searches
are unfeasible and CPU resources are restricted. The F-Network did not show any
promising results in our study, however, possible improvements are discussed.

Keywords: Neural networks, Q-learning, Monte Carlo tree search, Pong, Search
algorithms, Reinforcement learning, Deep Q-learning.
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Introduction

This chapter introduces the reader to the problem, the scope of the thesis as well as
the main research objectives.

1.1 Background

Volvo Autonomous Solutions (VAS) was created as a business unit in the Volvo
group, with focus on developing autonomous systems for operating vehicles in con-
fined areas, such as mines, as well as open road. Since decisions made from one
vehicle will affect the operation of others, it is crucial to make the fleet of vehicles
collaborate in a well-planned manner. Furthermore, the fleet must simultaneously
act cost efficiently. Adding these layers of complexity results in optimisation prob-
lems with vast state spaces, which are often impossible to solve without applying
some form of heuristic or simplification [1] . The major issue with this type of prob-
lems is that they suffer from the curse of dimensionality, i.e the state space grows
exponentially with the number of state variables used to describe the problem [2].

The curse of dimensionality was first introduced by Bellman [3]. It is a recurrent
difficulty in many areas of physics and statistics. For example, when describing a
many-body quantum state, the information required for complete description of the
system grows exponentially [4]. The curse of dimensionality also affect traditional
nearest-neighbour searches [5], as well as more practical logistics problem encoun-
tered in every day life, for example flight-route planning [6].

In recent years, a lot of progress has been made in developing algorithms that ef-
ficiently combat the problem of large state spaces, and they are usually applied to
different types of board games, such as the game of Go [7]. The Monte Carlo tree
search (MCTS) algorithm acted as a starting point for many algorithms to come
[8]. MCTS is an effective search algorithm by itself, but it was the combination of
search together with reinforcement learning (RL) that eventually became the win-
ning concept of the Dyna2 algorithm [9], which later turned into the famous Alpha
Go agent developed by Deepmind [10].

Search algorithms alone can be surprisingly effective [11]. Yet, they lack the ability
to learn. An RL algorithm, on the other hand, has the the ability to improve its
performance with every experience it encounters. As of now, the combination of
learning and search algorithms provides one of the most promising ways to combat
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large state spaces in games [12].

In order to better understand the difficulties arising with vehicle autonomy, one first
has to simplify the problem. As such, this thesis will revolve around the game of
Pong. More specifically, deriving an RL algorithm that learns how to play Pong.
Pong is a highly relevant starting environment, because it deals with coordinating
objects - a fundamental concept when learning to control autonomous vehicles. The
Pong environment is simple enough to make the main problem tangible, yet complex
enough to experience the core issues of large state spaces.

1.2 Objectives

The aim of this thesis is to further investigate the synergism between RL and search
algorithms. Exploring ways in which RL can enhance the search will be of special in-
terest. The main objective is to research, implement and further improve upon state
of the art methods for making the search more efficient and less computationally
demanding. Moreover, ways in which the learning process itself can be accelerated
by utilizing search will also be investigated.

In the Pong environment, this translates to finding a general solution to the game
that can combat different degrees of difficulties, e.g., varying the number of balls,
varying the speed of the rackets/balls or varying the size of the game frame. Addi-
tional features will increase the state space and be more demanding of computational
efficiency, which in turn will require cost-effective searches in terms of CPU power.

1.3 Problem description

The game of double pong is played by controlling two rackets, as seen in black in
figure 1.1. The game is lost whenever a ball hits the red zone underneath the rackets,
or whenever two rackets collide with each other. If a ball hits a wall or one of the
rackets, it will simply bounce off it. The main objective is to avoid loss for as long
as possible by moving the rackets in a suitable manner. Naturally, the same rules
apply to the game of single pong, with the only difference being utilizing only one
racket.
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Figure 1.1: The figure illustrates a snapshot of double pong. The two rackets are
illustrated as two bold black surfaces.

The game frame will be represented by a rectangular shaped box, wherein the balls
move without friction. The boundary conditions of the box will be modelled as
unmovable walls, and the interaction between the ball and the wall will be com-
pletely elastic, i.e the initial speed of the ball will never change, only the sign of
its velocity components. For example, when the ball hits the left wall in figure 1.1,
the xz-component of the velocity will change from —z to x. The same dynamics
will also govern the ball-racket interaction, i.e completely elastic bounce. When
adding more balls to the game, the ball-ball interaction will be modelled as none-
existing, meaning the balls will just pass through each other as objects without mass.

The governing physics of the ball dynamics may be simple and the deterministic,
but the resulting motions can be surprisingly taxing to simulate searches on. Con-
sider a simple version of single pong. With a window size of 400x400 pixels, there
are roughly 160 000 possible locations for the position of the ball. At each loca-
tion, the racket can be placed at approximately 400 different locations. With great
simplification, the velocity vector of the ball can be assumed to have eight different
directions. This results in a state space of size 160000-400-8 = 5.12-108. With three
possible actions for every state (move the racket to the left, to the right or stand
still), storing all of these states in memory would require 3 - 5.12 - 10® = 1.536 - 10°
slots. Imagine then the state space growing even larger for double pong. Repeat-
edly iterating through all of these states would be time consuming. Any real life
autonomous application will not only involve a much larger state space, but also
demand operational speed, and so one can imagine the explosion in complexity that
follows. It is therefore clear that there is a vital need for efficient algorithms that
can operate in these large state spaces.
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Theory

This chapter provides the necessary background, theory and notation for the meth-
ods presented in chapter 3. The essential concepts of RL are provided a more robust
mathematical framework. Deep RL with neural networks is also discussed, as well
as the idea of simulating a search.

2.1 Introduction to reinforcement learning

The idea of learning from an environment is a familiar concept to us humans. As
children, we acquire new skills through simple trial and error. We make a guess,
observe how the environment responds, and then we make a new guess slightly ad-
justed based on that response. We are also much aware of the concept of delayed
rewards — giving up comfort now might result in an increased pleasure later. Bal-
ancing long-term gains with immediate satisfaction is constantly present throughout
our lives.

The aforementioned two features summarize the very heart of reinforcement learn-
ing. Learning from an environment and delaying rewards are closely related to how
both humans and animals learn in real life. As a matter of fact, the foundation of
many reinforcement learning algorithms has sprung up from investigating biologi-
cal systems. In 1927, the Russian physiologist Ivan Pavlov explored a phenomena
called classical conditioning. He conducted experiments on dogs, and noticed how
they started to drool whenever the person who normally fed them entered the room.
Pavlov used the term "reinforce" to describe how a stimulus could strengthen cer-
tain behaviour among animals [13]. The same idea is used in reinforcement learning
within the digital domain. By setting up the right rewarding system, we can make
the computer drool even when there is no food around.

2.2 Terminology

Two important components of RL have already been mentioned: the environment
and the object interacting with the environment, otherwise known as the agent. The
basic idea of utilizing a reward signal has also been touched upon. In this section,
an informal introduction to additional components characteristic for reinforcement
learning will be given.
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State, action and episode

A state is a description of the present moment. It contains all available information
about the environment. For example, in the game of single pong a state could be
as simple as a vector containing the positional coordinates of the ball and racket.
However, it could also be a RGB color image of the game provided through raw
pixel data.

Given a state, the agent can perform a number of actions. Returning to the game
of single pong, an action could be moving the racket to left. Whenever the game is
ended, the agent ends up in a so-called terminal state — a state where no further
actions can be taken

Finally, we can informally define an episode as a sequence of states and actions that
ultimately ends up in a terminal state.

Reward signal

The reward signal acts as the stimulus for the agent. It describes whether an event
was good or bad by either punishing or rewarding the agent. The one and only ob-
jective for an agent is to accumulate as much reward as possible during an episode.
Hence, the reward function is crucial for making the agent learn the desired be-
haviour. However, defining a good reward function is not entirely easy and requires
caution. There is always the risk of incorporating hidden biases. For example, giving
partial rewards during a game of chess to stimulate behaviour we believe is beneficial
might actually hinder the agent from playing optimal in the long run [14].

Policy function

The policy function is a mapping from state to action. It tells the agent what action
to perform in a certain state. The aim of reinforcement learning is to change this
policy function through experience, and to finally arrive at a so-called optimal policy
[15].

Value function

The reward function describes the immediate reward of an action, but the purpose
of the value function is to estimate the long-term expected reward of an action or
a state. In a sense, the value function describes how good or bad a particular state
is in relation to the goal of the agent. Giving up an immediate reward now might
result in collecting more rewards later, and the aim of the value function is to cor-
rectly capture these situations.



2. Theory

Summary

The concepts presented in the previous sections can be summarized in figure 2.1,
which illustrates how the introduced terminology are interconnected.

Action

=)

Reward
Environment

<=

Figure 2.1: Schematic illustration expressing how actions, rewards and states con-
nects the agent with the environment.

2.3 Mathematical framework

In this section, a robust mathematical framework for dealing with reinforcement
learning will be introduced. The notation presented here will be used throughout
the thesis.

Markov property

Whenever the current state of an environment fully encapsulates all historic events,
the system is said to fulfill the Markov property [16]. A more formal way of in-
terpreting this property is in terms of a memory less system, which satisfies the
following condition

P(zy|xi—1, -9, ...,x0) = P(x¢|xi-1) (2.1)

with ¢ being the timestep.

In other words, no additional information will improve the prediction of the future.
This property is an important simplification utilized in many reinforcement learning
problems. In order for it to be accurate, it is essential that the chosen state repre-
sentation mimics this property well. For example, given the position, velocity and
acceleration of an object in space, its future position can be accurately predicted
without knowing its previous trajectory.

Markov Decision Processes

A Markov Decision Process (MDP) is defined by a 4-tuple: (S,A,P,R), where
S denotes a set of states, A denotes a set of actions, P is a set of transitional
probabilities and R is a set of rewards [17]. Given a state s and action a, the

7
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probability of ending up in state s’ and receiving reward r is given by the transition
probability

p(s',rls,a) (2.2)
As time progresses, the agent interacts with its environment. Assume that at
timestep ¢ the agent is in a state s; and performs an action a; according to some
policy m(as|s;), i.e the probability of selecting action a;, when in state s;. As the
agent performs action a;, it will receive a reward r; and transition to a next state
si+1 according to eq.(2.2), otherwise known as the model of the environment. An
episode is defined as a trajectory of a set of states, actions, rewards and next states
that eventually end up in a terminal state sp [15],

episode = {s1,a1,71, S, ..., S, Aty Tty St11y -y ST} (2.3)

with sy being the terminal state in an episode.

Return

The return at time t is formally defined as

Rt = Z /}/krt_;'_k (24)
k=0

where v € (0,1] is the discount factor, which deducts future rewards. Roughly
speaking, it tells the agent how much weight it should give to rewards obtained far
into the future [14]. If v equals one, no discount is applied, meaning rewards col-
lected at the end of the game is considered equally important as rewards collected
near the present. In some circumstances, this is an undesired trait. Hence, fine
tuning of this hyperparameter is usually necessary.

Bellman equation

Previously, the value function was introduced as the long-term expected future re-
ward of a state. Now, the value v, (s) of a state s, based on following a certain policy
7, can be properly defined as

v (s) = E[Ry|sy = s (2.5)
which using eq.(2.2) and eq.(2.4) can be reformulated as the Bellman equation [3],

ve(s) =D m(al|s) D p(s',r|s,a) [r+yvx ()] (2.6)

a s'r

with v being the discount factor from equation 2.4.

Reinforcement learning revolves around finding an optimal policy v.(s) for a given
problem [15], or more specifically, finding

V4(s) = max ve(s) VseS (2.7)
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Policy evaluation and policy improvement

The Bellman equation, eq.(2.6), can be converted to an updating rule,

vea(s) « Sl 8) S p(sr | 5,a) [+ o (7] (2.8)
Eq.(2.8) provides an iterative updating scheme for evaluating an arbitrarily policy
7, also known as policy evaluation. The sequence of {v;} can be shown to converge
to v, as k — oo [15]. However, besides having a method for evaluating a policy,
there is also a need for improving upon a policy, i.e finding ways of accumulating
more rewards. As mentioned in section 2.2, the goal of reinforcement learning is to
find an optimal policy. It can be shown that by following a so-called greedy policy
Tgreedy defined in eq.(2.9) , a new policy is obtained which is at least as good as the
former policy 7 [15].

Tgreedy — aIg m{?X Zp (8/7 r | S, CL) [T + YUr (S/)] . (29)
Eq.(2.9) roughly implies that the agent should look one step into the future by simu-
lating actions. Then, by evaluating all next states s’ according to the current policy
7, the agent should take the action that looks the most promising, i.e provides the
highest value. This process is called policy improvement.

Policy iteration

By combining policy evaluation and policy improvement, an algorithm called policy
iteration is obtained. Initially, an evaluation of an arbitrary policy is performed
using eq.(2.8). Then, this policy is improved by acting greedy with respect to this
evaluation. Similarly, this improved policy is evaluated and then improved again by
acting greedy with respect to its evaluation. By repeating this pattern according to
figure 2.2, it can be proven that the algorithm eventually converges to an optimal
policy [15].

Vr

Policy Policy

evaluation improvement

Tlgreedy

Figure 2.2: The figure illustrates a schematic view of policy iteration, a process
which converges to an optimal policy by combing policy evaluation with policy
improvement in an iterative manner.
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These two iterations are the founding block of most RL algorithms. However, there
are loads of variants and they can be intertwined in efficient ways, with one of those
ways being Q-learning, which will be discussed next.

2.4 Q-learning

Up until now, a model of the environment has been required in order to find the
optimal value function via policy iteration. More precisely, the model has provided
the transition probabilities in eq.(2.2). However, in many situations, the transition
probabilities are unknown, i.e a model of the environment is not given beforehand.
Instead, the agent will have to rely on experience and learn how the environment
works by trial and error. This is where Q-learning comes in handy [18].

Previously, a state-value function v(s) was used to find the optimal policy for a given
problem. Q-learning, on the other hand, deals with action-value functions Q(s,a),
i.e the expected long-term future rewards for taking a certain action in a given state.
The Bellman update equation from eq.(2.8) now takes the form

Q(s.a) - Q(s,a) + afr +ymax Q(s'.a') — Q(s, ) (2.10)

where v is the discount factor from Eq.(2.4), s’ and a’ is the succeeding state and
action, and « is a hyperparameter called learning rate, which determines the step
size when moving towards a local minimum [19].

A simple Q-learning problem

In order to better understand all the concepts discussed so far, a simple Q-learning
problem consisting of connected nodes presented in figure 2.3 will be solved. The
nodes represent states, the arrows represent actions and the grey states are terminal
states. For each action, a reward can be seen. For example, transitioning from state
(5) to state (6) results in a reward of 10. On the other hand, a transition from state
(8) to (9) results in a reward of -10. Also, for state (1),(2),(4),(5),(7) and (8), the
action that returns to the same state will be defined as a = 0 giving a reward of
r = —1, while the action that transitions to a new state will be defined as a = 1
giving a reward of » = 0. Furthermore, in state (3), a transition to state (4) will be
defined as a = 0, while a transition to state (7) will be defined as a = 1.

10



2. Theory

Figure 2.3: The figure illustrates the environment for a simple node problem. The
circles represent states, the arrows represent the possible actions from each state
and the grey states represent terminal states. For each action, a reward r can be
seen.

By setting both the discount factor v and the learning rate a to one, the Q-learning
algorithm in eq.(2.10) simplifies to

Q(s,a) < r+maxQ(s',a’). (2.11)
Since a particular action-value is updated by looking one step forward, it is conve-
nient (yet not necessary) to start near a terminal state, because all action-values in
a terminal state are zero by definition [15]. All other action-values will initially be
set to zero as well. Applying eq.(2.11) to Q(s = 8,a = 1) results in,
Q(s=8,a=1)+ —10+ 0= —10. (2.12)
However, when evaluating a = 0 from state (8), the first iteration results in
Qs =8,a=0) + —1+maxQ(s' =8,d') = =1 +max(0,-10) = -1 (2.13)
The second iteration results in

Q(s=8,a=0) ¢+ —1+maxQ(s' = 8,d') = =1 +max(-1,-10) = =2 (2.14)

And by the 10th iteration, the following action-value is obtained

Q(s =8,a=0) + —1+maxQ(s' = 8,d') = =1 4+ max(-10,-10) = =11 (2.15)

This action-value has now converged, because during an additional 11th iteration,
the following action-value is obtained,

Q(s=8,a=0) ¢+ —1+maxQ(s' = 8,d') = =1+ max(-10,-11) = =11 (2.16)
By now, the action-value table looks as in table 2.1

11
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1 2 3 4 5 6 7|s=28

S =
0 -11
0 -10

I
©

S =
a=0]0
a=1]0

S =
0
0

S =
0
0

S =
0
0

S =
0
0

S =
0
0

oo ®m

Table 2.1: Action-values for the simple node problem.

Analogously, the action-values for state (7) will be updated to
Q(s=T,a=1)+ 0+maxQ(s' = 8,d') = max(-10,-11) = —10 (2.17)
and
Qs =7,a4=0) ¢+ —14+maxQ(s' =7,d') = =1 +max(0,-10) = -1 (2.18)

Once again, by the 10th iteration, the action-value Q(s = 7,a = 0) will have con-
verged to -11, resulting in table 2.3.

s=1|s=2|s=3|s=4|s=5|s=6|s=7|s=8|s=9
a=00 0 0 0 0 0 -11 -11 0
a=10 0 0 0 0 0 -10 -10 0
Table 2.2: Action-values for the simple node problem.
Similarly, the action-values for state (5) will be updated according to
Q(s=5,a=1)«10+0=10 (2.19)

and
Q(s=5,a=0) ¢+ —1+maxQ(s' = 5,a') = =1 4+ max(0,10) = 9 (2.20)

Eventually, by continuing in this manner, the following action-value table will be
obtained,

s=1|s=2|s=3|s=4|s=5|s=6|s=T7|s=8|s=9
a=01]9 9 10 9 0 -11 -11 -11 0
a=1]10 10 -10 10 0 -10 -10 -10 0

Table 2.3: Action-values for the simple Q-value problem.

Exploration and exploitation

The simple node problem presented in section 2.4 is much easier solved by utilizing a
computer. An agent will take steps in the environment, initially randomly, but as the
Q-table is updated with values, the agent will receive better and better estimates
of its action-values. The agent always has two choices when faced an arbitrary
state. Either take an action randomly, or perform a table look up and act greedy
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with respect to the current action-values. The agent will have to balance exploiting
already obtained knowledge with exploring new paths. Usually, this balance is
regulated by a term called epsilon (€), which is a percentage point controlling how
often actions are taken randomly. As long as epsilon is greater than zero, the action-
values are guaranteed to converge [15].

2.5 Value learning

Value learning (V-learning) is very much similar to Q-learning. The algorithm is
based on the same updating algorithm, see eq.(2.21), but instead of learning action-
values the algorithm learns state-values.

V(s) <= V(s) + a[r(a) + ymax V(T'(s,a)) — V(s)] (2.21)

where T'(s,a) is the transition operator, which transitions a state s to s’ through
action a.

V-learning on the simple node problem

V-learning can also be applied to the simple node problem in section 2.4. As before,
the value of terminal states (6) and (9) are zero be definition. The values of all other
states will be initialized to -1 to demonstrate the fact that initial values can be set
arbitrarily. All other assumptions holds. Once again, for convenience, the updating
algorithm in eq.(2.21) will be applied initially to state (5).

V(s =8) <+ r(a) + max V(T(s,a)) =r(a) +maz(—1,0) = —-10+0=—10 (2.22)

which results in the following V-table,

s=1|s=2|s=3|s=4|s=5|s=6|s=T7|s= s=9
V(s) | -1 -1 -1 -1 -1 0 -1 -10 0

Table 2.4: State-values for the simple node problem.

In similar fashion, state (6) and (7) will also converge to the value of -10. Proceeding
to state (5), the following update is obtained,

V(s =15) <« r(a)+ max V(T(s,a)) =r(a) + maz(—1,0) =10+0=10 (2.23)

The final V-table can be seen in table 2.5.

s=1|s=2|s=3|s=4|s=5|s=6|s=7|s= s=9
V(s) | 10 10 10 10 10 0 -10 -10 0

Table 2.5: State-values for the simple node problem.
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An interesting comment on table 2.5 is the value of state (1), which is 10, even
though none of its actions actually results in a reward of 10. However, from this
state, there is an available path that leads to state (6), where the actual reward of
10 is received. Another comment is the value of state (7), which is -10. This is due
to the fact that no matter what action is taken in this state, state (6) can never be
reached.

2.6 Function approximation

So far, the Q-learning algorithm has been relying on table look ups for updating
and storing action-values. This worked great on the simple node problem in sec-
tion 2.4, because the state space was small. However, as the state space grows,
utilizing tables for storing action-values will simply not be feasible, as discussed
in section 1.3. Therefore, there is a vital need for some type of approximation.
A common way of approximating action-values is to implement a neural network.
In this way, the agent can be trained to recognize similar situations in the state
space and thereby approximate the action-values. This type of generalization makes
the Q-learning procedure much less time consuming and suitable for more complex
problems. The combination of Q-learning and neural networks is often referred to
as Deep Q-learning [20].

2.6.1 Feedforward neural networks

Deep Q-learning uses neural networks as a function approximator for the table look
up. The simplest and also the first type of artificial neural networks are so called
feedforward neural networks. The main principle of this type of neural networks
is that information is only travelling in one direction, forward, thereby its name
feedforward neural network. The network architecture includes an input layer, an
arbitrary amount of hidden layers with hidden neurons and an output layer. The
idea is that the input data travel through the network layers and its neurons with
different activation functions and weights in order to produce a final output from a
output layer with a specific activation function. The activation functions of the net-
work aim to transform the weighted sum input to each neuron in order to produce a
final output that is feasible with the task at hand, for more complex problems they
are often chosen to be nonlinear functions [21].

When the final output is produced the loss is computed by applying a so called loss
function. A common choice of loss function for a neural network that uses several
samples of input data at once, i.e batches, is the mean squared error (MSE). On the
other hand, a binary classification neural network utilizes the binary crossentropy
loss function in order to compute the loss. Furthermore, the loss is propagated
backwards through the neural network in order to update the weights of the neurons
by using so called gradient descent. The goal of the backpropagation is to calculate
the partial derivatives of the loss function with respect to the weights and then move
in negative direction of these gradients in order to approach the minima of the loss
function. After a sufficient amount of iterations, the weights of the network should
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have converged, and the training of the network is complete [21].

2.6.2 Deep Q-learning

In classical Q-learning, the Q-values are updated using the Bellman update equation
(2.10). For deep Q-learning, the same principle can be utilized. The difference is
that the Q-values are approximated by a neural network. Since the idea is to get
the Bellman error, r +ymaxy, Q (s',a’) — Q(s,a), to converge to zero the weights
of the network is updated by minimizing the Bellman error. A common choice of
loss function, when dealing with neural networks, is the MSE. By using this loss
function it is possible to update the weights of the network with respect to several
input data each time, since the average is taken. Furthermore, the gradient descent
algorithm is a common method for updating the weights of the network. In this
method, the weights are updated in the negative direction of the gradient of the loss
function with respect to the weights, in order to move towards the minima of the
loss function. Then, the update procedure of the weights can be mathematically
formulated as

N

w' =w— avw]b Z (T + vmagXQ (s',a") —Q (s, a)>2 (2.24)

7

where the mean squared Bellman error is used. N is the number of data inputs used
when fitting the model and « € (0,1) is the learning rate of the neural network [20].

Target network

An important aspect of the DQN algorithm is the incorporation of a second network,
with the same architecture as the original network, called target network. If one
were to update both @ (s',a’) and @ (s,a) at the same training iteration with one
network it could lead to diverging Q-values. By utilizing a target network, in order
to freeze the values @ (s',a’) during a number of iterations, one can stabilize the
training procedure. The incorporation of the target network can be compared to
freezing a moving target when trying to hit bullseye [14].

Hyperparameters

Hyperparameters that need to be determined before initializing the training algo-
rithm is the learning rate a;, the number of training episodes, the size of the replay
buffer where the transitions are stored and the update frequency of the target net-
work. Also the action policy of the training agent needs to be determined. A
common approach is the epsilon greedy algorithm where at each iteration a random
action is chosen with some probability p and the optimal action, suggested by the
network, is chosen with probability 1 — p. However, since the network is gradually
improving for each gradient descent it is common practice to use some sort of epsilon
decay during the training procedure. The principle is simple, in the beginning of
the training when the network is somewhat useless a random action is chosen with a
high probability and in the end when the network is well-trained a random action is
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chosen with a low probability. One can, for example, choose to linearly decrease the
epsilon value, i.e. the probability for a random action, with the number of training
episodes [14].

Algorithm

In order to initialize the deep Q-learning network (DQN) the network is initialized
with random weights. Also, the target network is initialized with random weights.
First, only random actions is taken, in the environment, in order to fill up the
replay buffer with transitions. Then one can initialize the first training iteration by
choosing a random state in the state space. Then an action a is chosen with epsilon
greedy and a reward r for that action is collected from the environment model.
Then the transition, consisting of the previous state s, the action a, the reward r
and the new state ¢, is saved in the replay buffer. Then a minibatch of transitions,
of some predetermined size, is randomly selected from the replay buffer in order to
perform gradient descent and update the weights of the network. Eventually, after
some specific number of iterations, the target network will be updated as well [14].

Pseudo code: DQN

Algorithm 1: DQN

Initialize replay memory D
Initialize Q with random weights
Initialize Qqrger With weights 6/ =6

while i<nrTrainingEpisodes do
S < stategiort

while isNotFailure(s) do
Agpt <— Mmax, Q(s,a)
p=Random(0,1);

o= Arand lfp <€

Qopt else
s =1T(s,a)
r = R(s,a)
Store transition (s,a,r,s’) in replay memory D
s=s

EXPERIENCE REPLAY
Sample random minibatch of transitions (s,a,r,s’) from D

r if episode terminates at s’
set ¢ :{7“4—7 maxy Qrarget(s’, a'; 0') otherwise
Perform gradient descent step on (t — Q(s,a;0))* w.r.t 0
//Periodic update of target network (for stability)
Every C steps reset Quarger = Q
end

end
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Experience replay buffer

It is of outermost importance to get the training procedure to result in an agent
which is not overfitted to the training data and is able to generalize to new data.
One reason for overfitting is that there exists some bias in the training data. E.g.
the training data is not uniformly distributed over the state space.

However, in reinforcement learning, a common issue is so called sequential bias/cor-
relation when training on sequential data. In order to reduce the instability that
emerges from the training on highly correlated sequential data one can make use
of a so called experience replay buffer. One can significantly reduce the sequential
correlation by storing each transition in this replay buffer and then randomly sample
a minibatch, from the replay buffer, for each gradient descent step. By initializing
the replay buffer with some specific size, often very large, and constantly adding a
new transition for each iteration the older transitions will be pushed further back in
the replay buffer and eventually be removed [22].

2.7 Binary classification

A binary classification problem describes a situation where one seeks determine
which of two categories an example object belongs to. A binary classification model
should, given some features, be able to predict which class or category an example
belongs to. For example, if a well-performing binary classification model is given
a dataset of images of different humans and categories (labels) man and woman it
should be able to determine if an image shows a man or a woman. It is common
practice for a classification model to assign probabilities to each class instead of
outputing a definite decision. In machine learning this is achieved by applying the
Sigmoid activation function in the output layer [21]. It is highly relevant to ponder
over the final decision threshold when developing a binary classification model.

A binary classification neural network utilizes the same principles as discussed in
2.6.1. The final decision threshold for the neural network can be obtained by study-
ing the so called Receiver operating characteristic curve, often referred to as ROC
curve. More precisely, the ROC curve is the graph obtained when plotting the true
positive rate versus the false positive rate for a specific threshold. These measures
are obtained by applying the trained binary classification network to a batch of in-
put data and then comparing the output of the network to the actual output. Then
the idea is to choose the positive class threshold that corresponds to the maximum
difference between the true positive rate and the false positive rate. This threshold
should correspond to the optimal threshold for the binary classification task at hand
[23].
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2.8 Search algorithms

A search algorithm is an algorithm which explores the state space of an environment
by performing simulations. The search can implement many different strategies,
ranging from a simple rollout (section 2.8.2) to conducting a complete search tree
(section 2.8.4). The choice of search algorithm is largely dependent on the com-
plexity of the problem and the computational resources available. The search is
dependent on both the depth of the search, i.e how many steps from the current
state one simulates, and the number of overall simulations one wishes to perform
during a search. A deeper search will result in more accurate value estimations, but
it will also require heftier computational power [11].

2.8.1 Greedy one step search

Naturally, the most simple form of search is when the agent only simulates one
step ahead. Hereinafter, this will be called the greedy one-step search algorithm.
The algorithm simply chooses the most optimal action in each state, suggested by
a trained agent, i.e a neural network. This kind of approach requires a well-trained
network in order to be effective, since the state-value approximations obtained by
the network have to accurate. It is useful since it demonstrates the pure strength of
the trained agent.

Pseudo code: greedy one step search

Algorithm 2: Greedy one step search

N(s) : Pre-trained neural network

bestAction<N(s);
s'=environment.step(bestAction,s);

2.8.2 Rollout

A rollout is an important concept which refers to rolling out simulations from the
current state [15]. A rollout performs repeated simulations starting from a so-called
root node by following a certain policy . During every simulation, the accumulated
reward is collected. By averaging over many simulations, an action value is obtained
for each action at the root node [15]. Once the simulations are done and the action
values have been utilized to perform a real action, they are immediately discarded.
Despite the simplistic nature of a rollout, it is surprisingly effective [11]. Naturally,
a rollout can also estimate state-values following the same principles, i.e by rolling
out simulations from all successive root node states. Figure 2.4 describes the rollout
in a schematic way, with a search horizon D.
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Figure 2.4: The figure illustrates the rollout process. In this case, the action space
is three and the rollout search horizon is D. The rollout policy determines the
action choice at every state S. By performing repeated simulations and collecting
the rewards along the way, value estimates of the root node actions are obtained.

2.8.3 Random rollout

A Random rollout is from here on now defined as a rollout following a random policy.
This algorithm simulates random actions in order to make a final real decision from
the root node. The width of the search tree depends on the size of the action space.
The search depth depends on the search horizon, i.e how far down, in the tree, the
algorithm should perform random actions before switching to a new simulation. The
search horizon depends on the problem at hand, e.g if there is any time limit on
when to make the final decision. In order to favour more exploration one should be
careful about choosing a too large search horizon. When the time is up the algorithm
chooses the action from the root node that led to the most favourable end result.
The end result can, for example, be seen as the cumulative reward for a path.
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Pseudo code: random rollout

Algorithm 3: Random Forest search

while timeNotFinished do
S+ S0;

return = 0;

step = 0;

ao;

while step < searchHorizon AND isNotFailure(s) do
Arana = getRandomAction(s);

If (step==0) then {ap = a,qna} //store first action
s’ r < environment.step(s, arond);

return < return + r; //add reward

s+ s

step++;

end

If (return>bestReturn) then {a.; = ao}

end

QA final = Qopt

2.8.4 Monte Carlo Tree Search

Monte Carlo Tree Search (MCTS) is a search algorithm where a search tree is built
and expanded node-by-node according to the subsequent predicted outcomes for
the sequentially created and newly found leaf nodes. Usually, a specific node cor-
responds to a state in the state space that is being considered. When a sufficient
amount of searches in the tree/iterations have been performed from the root node,
trade off between computational cost and the quality of the choices made by the
agent, 1600 in AlphaGo, you make a choice of action from the root node. For com-
petitive play one should make the final choice deterministically and for exploratory
play one should make the final choice stochastically (based on the number of times
the different actions have been performed) [24].

In the MCTS algorithm there will be 4 basic steps in each iteration.

1. Selection.

2. Expansion.

3. Prediction, e.g. an output from a pre-trained neural network.

4. Back propagation.
In order to describe these steps a set of parameters, that is saved in each edge
between two nodes, has to be defined.

{N(s,a),W(s,a),Q(s,a), P(s,a)} (2.25)

Here, N(s,a) corresponds to the number of times MCTS has made the choice to
perform the action a from state s. The parameter W (s, a) is the total value of the
action, i.e. the sum of the previously obtained action values v, as obtained in the

prediction phase and Q(s,a) = % is its mean value and is a measure of how good
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the action is. The variable P(s,a) specifies the prior probability of an action a from
a specific state s and is obtained as an output from the neural network.

The algorithm starts off with the selection phase. Here, actions are chosen sequen-
tially, starting from the root node sy, until a leaf node s; is reached. Different
policies can be used in order to select an action in the tree. However, a common
choice of selection policy is to choose the action that maximizes the upper confidence

bound value (UCB)
1
UCB:Q,-JFU:QZ-H,/OiM’ (2.26)

where n; is the number of times the child node i has been visited and N, is the
number of times the parent node has been visited. The constant ¢ can here be
seen as an exploration parameter and is often chosen to be v/2. This can of course
be changed depending on personal preference regarding exploration vs exploitation.
Early in the simulation the second term in UCB dominates (more exploration) but
later on the first term dominates (less exploration). If a neural network is utilized,
the prior probability of a move P can also be incorporated in the second term of the
UCB. Then, an intuitive interpretation of the second term U is that it increases if
an action has not been explored much, relative to the other actions, or if the prior
probability of the action is high. A special case is when two or more actions hap-
pens to have the same UCB, which for example is the case when two or more child
nodes have not been visited before. Then, these possible actions have an infinite
UCB, since n; = 0 for these child nodes. In order to keep things simple one can
simply choose to perform the first action in line (i.e. first from the left in the tree) [8].

When a leaf node s;, has been reached in the selection phase an expansion of this
node, by adding the number of edges that correspond to the size of the action space,
is performed. Also, for each newly created edge, the parameters N(sp,a), W(sy,a)
and Q(sr,a) are set to zero. Simultaneously, the game state of the leaf node is
passed into the neural network, which outputs the action value v for the current
state s;, and the move probabilities P which are attached to the possible actions
(egdes) from the leaf node. The action value v is an estimate of how good the cur-
rent state is in terms of the probability of avoiding a game loss, in the near future,
from the current state.

The final step is then to update each edge that was traversed in order to get to
the leaf node sy, i.e. so called back propagation of the action value v. Each edge is
updated in the following way

N — N-+1
W —=W +v
Q = W/N.

That is the end of an iteration. This is repeated for a large amount of iterations in
order to obtain good estimates, or until the time is up. Finally a choice of action
from the root node sy is made. One can either choose the action with the largest
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value ) or simply the action with the largest value NNV, if we decide to make our
choice based on competitive play [24]. After the actual move has been made the
following is done before the next series of iterations
1. Let the new state, that was attained by choosing the preferred action above,
become the new root node sg.
2. The sub-tree from the chosen move is retained for calculating subsequent
moves.
3. The rest of the tree is discarded.

Repeat

Back propagation

PO OP e{?),v) =fy

Figure 2.5: The figure illustrates the MCTS algorithm. For simplicity only two
actions per state are included in this figure. Here, fy represents the output of the
neural network. This whole procedure is repeated until a terminal state of the game
is reached.
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Methods

This chapter describes and motivates the specific implementations used when ar-
tificially learning to play the game of pong. Initially, a brief description of the
pong environment will be given. Then, the implementation of learning and search
algorithms will be explained in detail.

3.1 Overview

Finding the optimal combination of learning and search algorithms, in the Pong
environment, is the main purpose of this thesis. The following learning and search
methods will be considered

Greedy one Random Monte Carlo
LEARNING\SEARCH step search (G) | rollout (RR) tree search
(MCTS)
Deep Value Network (DVN) | DVN + G DVN + RR | DVN + MCTS

3.2 State and actions in pong

A state in the game of pong is represented by a vector containing the z- and y-
coordinates of the ball, the z- and y-velocities of the ball as well as the z-coordinate
of the racket. This choice of state representation is motivated by the desired Markov
Property described in section 2.3

The actions available in all states of the game are either moving the racket to left,
to the right or stand still. Movement can occur in every frame of the game, with
the speed presented in table 3.1.

3.3 The pong environment

Two different types of environments for the game of pong is used, differing only in
the size of the game frame and the width of the racket. The reason for this is to ex-
amine whether the larger state space is influencing the training time of the learning
algorithms. Forthcoming, the two environments will be referred to as the small and
large environment. The specifics of the environments can be seen in table 3.1.
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Small environment | Large environment
Frame size 380x180 pixels 1000x800 pixels
Racket width 50 pixels 120 pixels

Speed of racket | 10 pixels/frame 10 pixels/frame

Table 3.1: Environmental specifics for the two different pong environments; small
and large.

The speed of the ball is constant during a game but initially randomized between
a fixed set of velocity vectors; the x-component ranges from [-5,5] pixels/frame and
the y-component ranges from [-1,-5] pixels/frame, i.e the ball is always moving away
from the racket in the beginning of a game (see figure 1.1 for definition of coordinate
system). Also, the initial position of the ball is randomly generated.

3.4 Learning algorithms

In this thesis, the main purpose of the learning algorithm is to guide the search
algorithm. The guidance can be done in a number of different ways depending on
the specific network and search algorithm used. Two different neural networks is
presented here, the F-network and the Deep Value network (DVN). The F-network
recognizes states that lead to loss and can therefore abort search simulations early,
thereby saving valuable CPU resources. DVN, on the other hand, guides the search
in the following two ways:

1. DVN estimates state-values during the final step of a rollout, i.e when the
simulation reaches the search horizon.

2. DVN aids MCTS by presenting which part of the search tree that looks the
most promising to expand on.

Learning algorithms, as opposed to search algorithms, are improved by experience.

3.4.1 Deep Value network (DVN)

DVN is a modified version of the classical Deep Q-Network described in section 2.6.
The main difference is that DVN is trained to learn state-values rather than action-
values, much like V-learning presented in section 2.5. DVN provides a more flexible
learning algorithm. For example, DVN can be used in problems where the number
of actions varies between different states.

Reward function

The self-made reward function is defined as,
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100 if hit
r =< —d(x,,x,)100/L  if miss (3.1)
0 Otherwise

where d is the distance between two points, z,. is the z-coordinate of the racket
center, x; is the z-coordinate of the ball center and L is the width of the game
frame. A hit is defined by the ball hitting the racket, and a miss is defined by a
game loss. Thus, the reward for missing is proportional to how large the miss is.

Network architecture and hyperparameters

The neural network consist of one hidden layer with 64 hidden neurons, presented
in figure 3.1.

Input layer Hidden layer Output layer
Input dim: (N,5) |:‘|> Hidden neurons: 64 E Output dim: (N, 1)

Figure 3.1: Schematic figure illustrating the architecture of the network, where N
is the variable batch size.

Table 3.2 presents the hyperparameters, motivated by running a hyperparameter
optimization, see Appendix A. The learning rate («), batch size, synchronization
frequency and experience replay size was defined in section 2.6.2, whereas the dis-
count factor was introduced in Eq.(2.4).

Hyperparameter

Learning rate () 0.001
Batch size 500
Synchronization frequency | 100
Discount factor () 0.95
Experience replay size 100000

Table 3.2: DVN hyperparameters for the small environment.

Table 3.3 presents the hyperparameters used for the large environment.

Hyperparameter

Learning rate () 0.0001
Batch size 500
Synchronization frequency | 8
Discount factor () 0.95
Experience replay size 100000

Table 3.3: DVN hyperparameters for the large environment
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The method used for normalizing the input data to the network is the common Min-
max technique [25]. During training, whenever the agent manages to strike 15 hits
in a row, the episode is ended. This reduces the training time as well as limits long
sessions of repeated ball trajectories from filling up the replay buffer (section 2.6.2)
with only successful runs. Lastly, a linear epsilon decay scheme is implemented
(section 2.6.2),

__fa—15/B ife>0.05
k1 = €L otherwise

(3.2)

where k is the current episode, ¢ = 1 and FE is the total number of training episodes.

Pseudo code: DVN

Below is the complete pseudo code for training the DVN.

Algorithm 4: DVN

Initialize replay memory D
Initialize V with random weights 6
Initialize Vigrger with weights 6" = 6

while i<nrTrainingEpisodes do
S < stategiort

while isNotFailure(s) do
action,,, < ArbitrarySearchMethod(sy)
p=Random(0,1);

g iftp <e

Qopt else
s =1T(s,a)
r= R(s,a)
Store transition (s,a,r,s’) in replay memory D
s=4¢

EXPERIENCE REPLAY
Sample random minibatch of transitions (s,a,r,s’) from D

r if episode terminates at s’
set ¢ :{T—I—’Y max, Vigrget (8’3 0') otherwise
Perform gradient descent step on (t — V/(s;0))* w.r.t 0
//Periodic update of target network (for stability)
Every C steps reset Vigrger = V
end

end

3.4.2 F-Network

In order to speed up the search in the pong environment, a binary classifier is
implemented. Throughout this report, this binary classifier is referred to as the
F-Network. The purpose of this binary classifier is to remove actions that lead to
non-feasible states, i.e fail states. Hence, the F-Network limits the search to areas of
interest by removing search tree branches of certain failure. A fail state could both
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be a direct terminal state, i.e. the ball hits the ground, or an eventual inevitable
fail state. The fact that a state must be an inevitable fail state, i.e. it should not be
possible even for an optimal policy to save the ball, is what makes the implemen-
tation problematic. Without this restriction, of it being an inevitable fail state, the
binary classifier would start to classify states that are possible to save as fail states
and that is not desirable.

The training algorithm will be based on the DVN architecture and thereby utilize
the principles presented in 2.6 and 2.7. However, there are a few key differences.
In order to explore as many states as possible, a random action will be taken with
80% probability during training. For the remaining 20 % of the time, an already
trained DVN is used to pick action. Also, in order to produce labels ¢, the targets,
the following logic is used

it Ja ! = | —
set t = { false if Ja : T<37 a)' TS and Ftarget (T(S, Cl)) 1 (33)

true Otherwise

where true means fail state. Eq. (3.3) states that if there exists an action a in the
current state s that does not lead to a terminal or eventual fail state, it should not
be classified as a fail state.

The same neural network and hyperparameters as in section 3.4.1 is used when
training the F-Network.
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Pseudo code: F-Network

The training algorithm in its entirety can be seen below.

Algorithm 5: F-Network
Initialize replay memory D
Initialize F with random weights 6
Initialize Fyqger with weights 6’ = 6

while i<nrTrainingEpisodes do
S < stategigrt

while isNotFailure(s) do

action,,; <— GreedyOneStepSearch(s)
p=Random(0,1);

a_{amnd if p<0.8

Qopt else
s =1T(s,a)
r = R(s,a)
Store transition s in replay memory D
s=4s

EXPERIENCE REPLAY F-NETWORK
Sample random minibatch of states s from D

false if 3a:T(s,a)! =TS and Fiarget(T(s,a))! =1
set t = .

true Otherwise

loss=binaryCrossEntropy

Perform gradient descent step on loss(¢, F'(s;0)) w.r.t 6
//Periodic update of target network (for stability)
Every C steps reset Fygrger = F

end

end

3.5 Search

In this section, the pong implementation of the Random rollout presented in section
2.8.2 is described. The search is not aided by a learning algorithm, and will serve as
a base line when evaluating potential improvements. The primary difference from
the pseudo code in section 2.8.2 is that a value estimate for each root node action is
continuously updated, instead of simply storing the optimal action. Besides giving
additional information, it also enables frictionless integrating of learning algorithms
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later on.

Algorithm 6: Random rollout
qs(so,a) =0V a

while cpuTimeNotFinished do
S 4 50;

return = 0;
step = 0;
ao;
while step < searchHorizon AND isNotFailure(s) do
arang = getRandomAction(s, a);
If (step==0) then {ay = a,anq} //store first action
s',r < environment.step(s, @rand);
return < return + 5 - r;
s+ &
step+-;
end
1

qs(S0, a0) = qs(So, ao) + a - (return — qs(so, ap)); where o = PP

end
Qoptimal = mgx(QS(SO7 G))

3.6 Combining learning and search

During a search, one has to take into account that there is a finite amount of CPU
time available, since the ball will inevitably move to a new position. Therefore, it is
crucial that the search is able to perform under restricted time and limited search
depth. This can be achieved by combining the learning algorithms together with
the search algorithms. Both MCTS and the Random rollout will be considered in
combination with the learning algorithms presented earlier in section 3.4.

3.6.1 DVN with greedy one step search

As discussed in section 2.8.1, the greedy one step search is the simplest form of
search, and it will serve as the evaluation baseline for the DVN. The algorithm
simply performs a one step simulation and evaluates each state with DVN. The
action that leads to the highest state-value is then chosen.
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3. Methods

Pseudo code

Algorithm 7: DVN with greedy one step search
V(s): pre-trained trained DVN
F(s): pre-trained F-Network

bestAction=get ActionMaximizingValue(s);
', r=environment.step(bestAction,s);

Function getActionMazimizing Value(s)
a < F(s) //remove actions that lead to non-feasible states (optional)
anest <= max (V(s')); //V(s") = V(T(s,a))
return apegt;

end

3.6.2 Random rollout with DVIN

The disadvantage of a Random rollout is that it often requires a deep search horizon
in order to get valuable insights. Simultaneously, there also has to be enough CPU
resources available to repeat the simulation many times, so that reasonable value
estimates are obtained. With speed demands and limited computational resources,
this trade off usually results in having to choose a short search horizon. However,
by utilizing a DVN, the information deficiency of a short search horizon can be
complemented.

During a Random rollout, there is no evaluation of the end state, i.e the state at
the search horizon. In other words, the collected rewards gets truncated. If the
search is very deep, this has little effect on the final value estimates. However, for
short searches, this can result in very skewed assessments. As discussed in section
2.2, the reward of an action tells little about the long term future rewards of that
action. Similarly, a too short search horizon gives little information on the long term
values. However, by utilizing a DVN, the final state-value can be approximated at
the search horizon.

30



3. Methods

Pseudo code: Random rollout with DVIN

Algorithm 8: Random rollout with DVN

V1 (s)-pre-trained /Continuously trained DVN/NN //long term memory
qs(so,a) =0V a //clear short term memory

while cpuTimeNotFinished do
S < Sop;

return = 0;

step = 0;

ao;

while step < searchHorizon AND isNotFailure(s) do

a < F(s) //remove actions that lead to non-feasbile states
arana = getRandomAction(s, a);

If (step==0) then {ag = a,ana} //store first action

s',r < environment.step(s, arqnd);

return < return + Y5 . r;

s+ s
step++;
If (step==searchHorizon) then {return «+ return++5 -V (s)}
end
qs(So, a0) = qs(So, ao) + « - (return — qs(so, ag)); where a = Stlep
end
p=Random(0,1);
mg:z:(qs(so, a)) if p<e

o mgm:(qs(so, a)+ V(T (sp,a)))  else
// € decaying linearly with number of episodes. Trust the agent when it has
seen more episodes.

3.6.3 Monte Carlo tree search

The core elements of section 2.8.4 is used when implementing MCTS in the Pong
environment. However, there are a few adjustments that one has to make. For
simplicity there will be no probabilities P present in the algorithm. Also, the agent
that is being trained during the MCTS simulations will also be the one guiding the
MCTS. Since the agent will need some exploration of the environment a stochastic
approach will be taken to the final move for each MCTS simulation in the earlier
stages. In the beginning episodes of the training procedure the final move will be
chosen with respect to the number of times N, a state has been visited with a higher
probability than in the end of the training procedure. Also, for these exploration
steps to be efficient the exploration parameter ¢ will be increased temporarily to 100,
in order to properly match the exploitation term in the UCB policy. Moreover, not
only the state value v will be back propagated when a leaf node has been reached,
but also the reward r produced by the reward function in the Pong environment.
The combination of r + v will make sure that both short and long term value of an
action is taken into account when evaluating the consequent state of an action, since
r only have a significant impact when the search is approaching the racket. It is
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important to mention that both a racket hit and miss is, permanently, considered as
a leaf node. Also, for simplicity, the tree will not be saved between each actual step
in the algorithm. The same network architecture and hyperparameters as before are
used for the network being trained and guiding the simulations.

3.6.3.1 Pseudo code

Algorithm 9: Monte Carlo Tree Search

V (s)-continuously trained DVN
p=Random(0,1);
{c-lOO if p<e
=2 else
j=0;
while cpuTimeNotFinished and j<mazxlter do
J
s < So; //root node
while isNotLeafNode(s) do
a = getUCBPolicy(s);
s',r < simulatedEnvironment.step(s, a);
tree.traverse(a) s « &'
end
EXPANSION
v=V(s) //Prediction
Back propagate v + r upwards in the tree
end

max tree.N(sp,a) if p<e
mazx tree.Q(so, a) else
// € decaying linearly with number of episodes. Trust the agent to exploit
when it has seen more episodes.
Sp <— environment.step(so, a);
Discard tree for next simulation
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Results

In this chapter, obtained results are presented, both for the small and large pong
environment defined in table 3.1. The different implementations are then compared
with each other in a stress test.

4.1 DVN

The training plots of the DVN together with the greedy one step search applied
to the large and small environment can be seen in figure 4.1 and 4.2, respectively.
Performance on the y-axis is measured as the number of hits during the episode,
meaning the number of times the racket manages to hit the ball.

Small environment

Figure 4.1 shows how the training evolves with the number of episodes played, using
the reward function presented in section 3.4.1 as well as the network architecture and
hyperparameters presented in section 3.4.1. The network was trained 400 episodes
with a limit of 15 hits in a row, in order to diminish the influence of repeated trajec-
tories, as discussed in section 3.4.1. These repeated cycles are specific to the pong
environment and of little relevance when analyzing the physical implications of the
algorithms and their performance in a real-world application.

The moving average uses the last 50 episodes. The network utilizes the epsilon decay
scheme of eq.(3.2), and after approximately 300 episodes € reaches its minimum 0.05.
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Figure 4.1: The plot illustrates how the training evolves with the number of
episodes for DVN with the greedy one step search. The red line marks the episode
where € reaches its minimum 0.05. The moving average is based upon the last 50
episodes. The network was trained for 400 episodes. Training time: 1848 seconds.
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Figure 4.2: The plot illustrates how the performance, racket hits for each episode,
of the DVN improves with number of episodes played. Here epsilon decreases linearly
with the number of episodes in the range (0.8,0.05).

Here, in the large environment, the learning rate is set to 0.0001 in order to achieve
optimal performance. In figure 4.2, one can see that the performance is steadily
increasing but also limited.
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4.2 Search: Random rollout

Small environment

The results from the Random rollout search (section 3.5) can be seen in figure 4.3.
The search horizon is set to 5, with a time restriction of 10 ms for each search. This
implies that in every state of the game, a maximum of 10 ms is dedicated to perform
the search. It is clear from the flat averaging curve in figure 4.3 that no learning
is present. Instead, the performance of the search is tightly bounded to its search
horizon.

Small environment
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Figure 4.3: The plot illustrates the number of hits per episode for the Random
rollout search. The search horizon is set to 5.

Large environment

The results from the Random rollout search, for the larger environment, can be
seen in figure 4.4. In this particular plot, the search depth is set to 20, with a time
restriction of 10 ms for each search, i.e in every state of the game, a maximum of 10
ms is dedicated to perform the search. It can be noticed that a search horizon of 20
is required in order to get a similar average as in figure 4.3. This is expected, since
a larger environment also implies a larger state space and more potential positions
for the racket.
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Large environment
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Figure 4.4: The plot illustrates the number of hits per episode for the Random
rollout search in the large environment. The search horizon is 20 in this particular
example.

4.3 Search + DVN: Random rollout with DVN

Small environment

The training plot from combining the Random rollout search with the DVN (section
3.6.2) can be seen in figure 4.5. The same network architecture and hyperparameters
as in figure 4.1 were used. The same epsilon decay was also implemented. Similar
to figure 4.3, the time restriction for each search is 10 ms and the search horizon is

d.
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Figure 4.5: The plot illustrates the training evolution during 400 episodes of train-
ing a DVN together with the Random rollout search algorithm. The moving average
is based on the result of the last 50 episodes. Training time: 8800 seconds.
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Figure 4.6: The plot illustrates the training evolution during 500 episodes when
training a DVN together with the Random rollout search algorithm with a search
depth of 20. The moving average is based on the result of the last 50 episodes.

In figure 4.6 one can see that optimal performance is reached after about 300
episodes. Then some catastrophic forgetting appears and after that the algorithm

approaches the optimum for the weights again.

37



4. Results

4.4 Evaluation plots

In this section, evaluation plots for different search depths are presented. In figure
4.7, the performance difference between utilizing only search (Random rollout) and
DVN + search (Random rollout together with DVN) is shown. All averages was ob-
tained from 25 samples. There is a clear improvement in performance for low search
depths. A very interesting result, since computationally taxing real life applications
usually prohibits deep searches.

Small environment
Single Pong: Evaluation
16

- RPN

10

Average number of hits
(o]

6

4

2 —— Search

0 DVN + search

0 10 20 30 40 50 60
Search horizon

Figure 4.7: The plot illustrates the average number of hits for a given search depth.
It shows the performance difference between the Random rollout search algorithm
versus combining it with a pre-trained DVN. The number of hits for each episode is
an average over 25 samples.

4.5 Stress test

In order to more clearly compare the efficiency of the different methods, a so-called
stress test was conducted. The purpose of the stress test is to simulate demanding
conditions that resembles the environment in a real-world application better. It
demonstrates how the methods perform when available CPU is very scarce. During
every simulation step, a CPU heavy time consuming dummy loop was implemented.
The z-axis shows the time restriction, i.e the total number of milliseconds allowed
during every search. When the time limit is up, a real (non-simulating) action is
taken, and a new search begins. The average number of hits are obtained from 15
samples in each time restriction, and the plot shows the moving average from the
last 5 time restrictions so that the trends are clearly visible.
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Small environment
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Figure 4.8: The plot illustrates a stress test conducted for three different methods:
search (Random rollout), DVN + search (Random rollout with DVN) and a greedy
DVN (DVN with a greedy one step search). The methods were tested for three
different search horizons: 20, 50 and 100.

The performance superiority of combining a Random rollout with DVN is evident
in figure 4.8. The combination results in a higher hit rate for every search horizon
(compare the dashed lines with the normal lines) for almost every time restriction.
Moreover, a DVN with a search horizon of 20 (red line) manages to drastically
outperform all other methods, even for very low time restrictions. Also, it is clear
that Random rollouts (searches without learning) is heavily underperforming in the
stress test. In figure 4.7, where the time restriction is 10 ms, a search horizon of
roughly 30 is enough to perform optimally. In the stress test, however, there is
simply not enough time to get reasonable value estimates from searches alone, seen
by the dashed lines in figure 4.8.

Another aspect of interest when examining the dashed curves in figure 4.8 is that
during very taxing circumstances, i.e low time restrictions, a short search horizon
(depth 20) naturally outperforms the deeper searches (depth 50 and 100). As the
time restriction eases though, a search depth of 50 begins to outperform both a search
depth of 20 and a search depth of 100. This is expected, as there is an intrinsic trade
off between selecting a deep search horizon while simultaneously having enough time
run many simulations at that depth. Finally, it is worth mentioning the performance
of the greedy DVN, i.e DVN with the greedy one step search. This demonstrates
the base line strength of the DVN alone, which is quite weak.
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4.6 MCTS

Using the algorithm described in 3.6.3, with a restricted number of simulations, the
number of times the search reaches a leaf node, of 60.
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Figure 4.9: The plot illustrates the training episodes for DVN using MCTS.

By studying figure 4.9 one can realize that the trend is pointing upwards but also
that there is a lot of catastrophic forgetting, which affects the training. There are
several factors that one has to take into account when comparing this result to the
previous one. This will be discussed in the discussion part.

4.7 F-Network

The implementation of the F-Network was not very successful, or at least not suc-
cessful enough to make an impact. The agent learns that states closer to ground is
more likely to be a fail state but does not seem to be able to differentiate between
a state where the racket is further away from the ball and one where the racket is
closer to the ball. It is important to take the racket position into account when
deciding whether a state is a fail state or not, since a state where the racket is fur-
ther away from the ball, in the x-direction, is more likely to be a fail state. This is
further discussed in the upcoming discussion part.

40



O

Discussion

In this chapter, a thorough discussion of the obtained results and their implications
are given.

First and foremost, it is evident from figure 4.1 that the learning algorithm can per-
form on its own. However, its performance seems restricted. The DVN learns and
improves over time, but there are still episodes with fierce misses. This could poten-
tially be due to to catastrophic forgetting, a common phenomenon where the agent
abruptly seems to "forget" what it recently has learnt [26]. This can potentially be
combated with prioritized replay [27]. A simplified version of the prioritized replay
was implemented and tested without any major improvements though.

Moreover, another important aspect which reduced the tendencies of catastrophic
forgetting was keeping the experience replay buffer, 2.6.2, size very large (100 000)
and limit the number of hits at a maximum of 15 hits in a row. A possible problem
with the smaller buffer sizes (500-10000) is that they quickly get filled up with only
good examples the moment the agent learns to play decently, and so the exposure to
wrong action choices gets drastically diminished. The larger buffer size reduced this
tendency, as well as restricting the number of hits in a row to only 15. However, it
could be more beneficial to reduce this cap even more, at least during training, in or-
der to not fill up the replay buffer with only good examples. Another way to combat
catastrophic forgetting could be to stop the training when a certain predetermined
goal has been reached, for example 15 hits for several episodes in a row, in order
to save the weights of the network when they are somewhat optimal. Furthermore,
one could also try to stop the decay of epsilon, the probability of a random action,
at an earlier stage than 0.05 in order to experience diversity in the state space when
the agent is well-performing.

However, a perfectly performing DVN was never the main objective. On the con-
trary, the interesting aspect is the enhancement it provides to a search. A non-
optimal DVN gives a more fair representation of any real life engineering problem,
which is rarely solved by simply utilizing a neural network alone.

Looking at the results in general, it is clear that there are a few differences between
the small and the large pong environment. First of all, looking at the figures 4.3 and
4.4 the larger pong environment needed a smaller learning rate in order for the loss
function to not get trapped in a local minima and consequently a larger amount of
episodes, 500 instead of 400, was needed for the training. Also, as one should expect,
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a deeper search depth was needed in order for the random search algorithm to more
or less replicate the same average as in the small environment. More specifically,
it was found that a search depth of 20 in the large environment corresponded to a
search depth of 5 in the small environment. The same conclusions can be drawn
from figures 4.5 and 4.4 where the training results from the DVN + Search are
shown. Here it is important to note that the search depth for the small environment
was set to 5 during training and the search depth for the large environment was set
to 20 during training.

When it comes to the Random rollout search algorithm, it is clear from the moving
average in figure 4.3 that there is no improvement over time. This means that, as
expected, the algorithm does not learn. In this particular example, the search depth
is set to 5 with a time restriction of 10 ms, and the average number of hits fluctuates
around 1. By increasing the search depth and keeping the time restriction at 10 ms,
it can be seen in figure 4.7 that optimal performance is achieved already at a search
depth of around 30. This is of course heavily dependent on the specifics of the envi-
ronment (section 3.3) as well as the action space. What is interesting though is the
general trend. When given large enough CPU time and deep enough search depth,
the Random rollout search manages well on its own, as it hits almost perfect scores
between the search depth of 30 and 60 in figure 4.7. However, in practise, CPU
time will always be a scarce resource when making decisions in live applications, for
example when steering a truck autonomously. Therefore, it is interesting to examine
figure 4.8, where the computationally heavy dummy loop was implemented - a more
likely scenario in any practical problem. It is evident that more demanding time
restrictions impacts the search algorithms negatively.

When combining the search and learning part, it is evident from figure 4.5 that
both the amount of training episodes required and training performance is greatly
improved. The sequences with zero hits are almost completely gone. Since the search
requires time to simulate (10 ms in each state), the training time was almost four
times greater than for the DVN with the greedy one step search in figure 4.1. When
training though, the search could potentially be run on a separate thread, to speed
up the training time. Another interesting aspect is that the Random rollout search
combined with DVN can also be understood as making more out of the available
training data than the DVN alone, which means that in cases where data gathering
is costly and time consuming, the additional training time might not be a problem.

In figure 4.7, one can notice a great improvement already at a search depth of three
when combining the DVN with the Random rollout search. At a search depth of
around 10 the performance is roughly optimal. This demonstrates the real strength
of combining learning with search, and the results are further validated in figure 4.8.
The time restriction is often fixed from the hardware settings in a practical problem,
and so it will impose the need of a shallower search in order to get reasonable value
estimates. As already discussed, deep searches with low time restrictions are ideal
settings that seldom can be afforded.
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The comparison between the MCTS algorithm and the DVN+Search algorithm is
problematic in many different ways. First of all, it is hard to equate the search
depth of the random rollout algorithm with the maximum number of iterations of a
simulation in MCTS, since the search depth will depend on the actual performance
of the DVN. However, it is necessary to restrict the search algorithms in some way
since otherwise they would be too good for the environment of single pong. Also, for
MCTS there is a lot of catastrophic forgetting. This is because of the fact that the
search is highly dependent on the performance of the network guiding it. Moreover,
the training could potentially be improved by continuously saving the tree after each
actual step in the algorithm. In order to really showcase the strength of MCTS, one
would need to compare its performance, after training, in the double pong environ-
ment where the state space is large enough. Also, during evaluation catastrophic
forgetting, which is detremental for MCTS, will not be present.

The F-Network, which was intended to speed up the search by cutting the search
when a failure state is found, was not very successful. There are several reasons
for this. The logic behind the algorithm is intuitive and well-performing for simple
environments. However, when dealing with larger state spaces there seems to be a
a big problem regarding the learning pattern and convergence of the weights. The
agent learns that states closer to ground is more likely to be a fail state but does
not seem to be able to differentiate between a state where the racket is further
away from the ball and one where the racket is closer to the ball. In order for the
F-Network to serve its purpose, it is vital to take the racket position into account
when deciding whether a state is a fail state or not. In conclusion, when dealing
with a state space and input of this size, an alternative method or algorithm should
be considered. Another apparent problem is that, for single pong at least, there are
not much fail states in the first place. The racket is able to save most situations and
therefore, even if the F-Network was optimally categorizing fail states, the benefit
would not be significant enough to motivate this kind of approach. To combat this
type of problem, one could for example try to reduce the speed of the racket.

5.1 Further research

There is much room for further research and improvements in the search for optimal
learning and search methods in the pong environment. One first obvious thing to
tackle would be to, more rigorously, study different combinations of hyperparameters
and network architectures in order to test their effect on the overall performance.
One particularly interesting aspect is the type of neural networks that are being uti-
lized. One could for example also try to implement a convolutional neural network
instead of a feedforward neural network. By implementing a convolutional neural
network one could process an image of the current state of the game as input instead
of having different attributes of objects in the game as input.

The next step in this topic would be to expand the environment to include two

rackets and test the different methods implemented in the single pong environment
in the double pong environment. This would imply a bigger state space and really
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put the algorithms developed in this thesis to the test. First and foremost, it would
be interesting to study the coordination and cooperation of the rackets, since this
was one of the main reasons VAS announced this thesis. A quick implementation of
MCTS in the double pong environment was made in the very end of the thesis, and
the agent seemed to be able to play in an effective manner. However, this was by
no means studied extensively and has to be researched further. Also, an alternative
version of the F-Network could be studied and implemented in the double pong
environment.

Furthermore, by the time one feels satisfied with the implementations in the double
pong environment there are a lot of interesting add ons that could contribute to a
higher complexity of the environment. For example, more balls could be added to
the game in order to make it harder for the rackets to navigate the state space. Also,
from a physics standpoint, it would be interesting to make the environment more
challenging by adding friction for the rackets, air resistance or stochastic winds to
make the movement of the balls even more unpredictable.
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Conclusion

The purpose of this thesis work was to investigate ways of enhancing search methods
used in reinforcement learning by utilizing neural networks. More specifically, the
goal was to study the performance of different learning and search algorithms in the
game of pong. The result shows that the combination of search algorithms together
with DVN drastically outperforms plain search methods, especially in environments
where deep searches are unfeasible and CPU resources are restricted. In order to
draw further conclusions regarding the performance differences between MCTS and
DVN+Search, a more complex environment must be more rigorously studied. To
expand the environment to double pong, possibly with more than one ball, would
lead to more and deeper insights in this regard. Furthermore, the F-Network did
not show any promising results. However, it is possible that a different approach to
the binary classification algorithm in the double pong environment could lead to a
decrease in search time.
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A

Appendix 1

A.1 Hyperparameter optimization for DVIN with
the greedy one step search

In order to find reasonable values for the hyperparameters in section 3.4.1, a so-
called hyperparameter optimization was performed. For three different learning
rates: 0.01, 0.001 and 0.0001 in fig A.1, fig A.2 respectively fig A.3, the total number
of hits collected during 500 episodes of training is plotted for different batch sizes
and different number of hidden neurons. From the figures, it is evident that the
number of hidden neurons has the largest influence on the learning; in all figures,
the accumulated hits is increased with increased number of hidden neurons. The
batch size, on the other hand, can be seen to have a smaller impact. A clear winning
candidate can be spotted in figure A.2, with a learning rate of 0.001, batch size of
500 and 64 hidden neurons. This is also the hyperparameters used for the DVN.
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Figure A.1: The plot illustrates the hyperoptimization with learning rate 0.01.
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Figure A.2: The plot illustrates the hyperoptimization with learning rate 0.001.
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Figure A.3: The plot illustrates the hyperoptimization with learning rate 0.0001.
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