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Preface

This book aims to provide a mathematical but friendly introduction to the fundamental
concepts, basic problems, and classic algorithms in reinforcement learning. Some essential

features of this book are highlighted as follows.

¢ The book introduces reinforcement learning from a mathematical point of view. Hope-
fully, readers will not only know the procedure of an algorithm but also understand

why the algorithm was designed in the first place and why it works effectively.
¢ The depth of the mathematics is carefully controlled to an adequate level. The math-

ematics is also presented in a carefully designed manner to ensure that the book is
friendly to read. Readers can read the materials presented in gray boxes selectively

according to their interests.

¢ Many illustrative examples are given to help readers better understand the topics. All
the examples in this book are based on a grid world task, which is easy to understand

and helpful for illustrating concepts and algorithms.

¢ When introducing an algorithm, the book aims to separate its core idea from compli-
cations that may be distracting. In this way, readers can better grasp the core idea

of an algorithm.

o The contents of the book are coherently organized. Each chapter is built based on the

preceding chapter and lays a necessary foundation for the subsequent one.

This book is designed for senior undergraduate students, graduate students, researcher-
s, and practitioners who are interested in reinforcement learning. It does not require
readers to have any background in reinforcement learning because it starts by introduc-
ing the most basic concepts. If the reader already has some background in reinforcement
learning, I believe the book can help them understand some topics more deeply or provide
different perspectives. This book, however, requires the reader to have some knowledge
of probability theory and linear algebra. Some basics of the required mathematics are
also included in the appendix of this book.

I have been teaching a graduate-level course on reinforcement learning since 2019. I
want to thank the students in my class for their feedback on my teaching. I put the draft
of this book online in August 2022. Up to now, I have received valuable feedback from

many readers. I want to express my gratitude to these readers. Moreover, I would like

vil



to thank my research assistant, Jialing Lv, for her excellent support in editing the book
and my lecture videos; my teaching assistants, Jianan Li and Yize Mi, for their help in
my teaching; my Ph.D. student Canlun Zheng for his help in the design of a picture in
the book; and my family for their wonderful support. Finally, I would like to thank the
editors of this book, Dr. Lanlan Chang and Mr. Sai Guo from Springer Nature Press
and Tsinghua University Press, for their great support.

Please note that I have created an open course based on this textbook. Both the slides
of the open course and the PDF of this textbook are available online for free download. For
more information, you can visit the homepage of the textbook: https://github.com/
MathFoundationRL/Book-Mathematical-Foundation-of-Reinforcement-Learning

I sincerely hope this book can help readers smoothly enter the exciting field of rein-

forcement learning.

Shiyu Zhao
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Figure 1: The map of this book.

Before we start the journey, it is important to look at the “map” of the book shown
in Figure 1. This book contains ten chapters, which can be classified into two parts: the
first part is about basic tools, and the second part is about algorithms. The ten chapters
are highly correlated. In general, it is necessary to study the earlier chapters first before
the later ones.

Next, please follow me on a quick tour through the ten chapters. Two aspects of each
chapter will be covered. The first aspect is the contents introduced in each chapter, and
the second aspect is its relationships with the previous and subsequent chapters. A heads
up for you to read this overview is as follows. The purpose of this overview is to give you
an impression of the contents and structure of this book. It is all right if you encounter

many concepts you do not understand. Hopefully, you can make a proper study plan
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that is suitable for you after reading this overview.

o Chapter 1 introduces the basic concepts such as states, actions, rewards, returns, and
policies, which are widely used in the subsequent chapters. These concepts are first
introduced based on a grid world example, where a robot aims to reach a prespecified
target. Then, the concepts are introduced in a more formal manner based on the

framework of Markov decision processes.

¢ Chapter 2 introduces two key elements. The first is a key concept, and the second is
a key tool. The key concept is the state value, which is defined as the expected return
that an agent can obtain when starting from a state if it follows a given policy. The
greater the state value is, the better the corresponding policy is. Thus, state values

can be used to evaluate whether a policy is good or not.

The key tool is the Bellman equation, which can be used to analyze state values. In
a nutshell, the Bellman equation describes the relationship between the values of all
states. By solving the Bellman equation, we can obtain the state values. Such a
process is called policy evaluation, which is a fundamental concept in reinforcement

learning. Finally, this chapter introduces the concept of action values.

¢ Chapter 3 also introduces two key elements. The first is a key concept, and the
second is a key tool. The key concept is the optimal policy. An optimal policy has the
greatest state values compared to other policies. The key tool is the Bellman optimality
equation. As its name suggests, the Bellman optimality equation is a special Bellman

equation.

Here is a fundamental question: what is the ultimate goal of reinforcement learn-
ing? The answer is to obtain optimal policies. The Bellman optimality equation is
important because it can be used to obtain optimal policies. We will see that the
Bellman optimality equation is elegant and can help us thoroughly understand many

fundamental problems.

The first three chapters constitute the first part of this book. This part lays the
necessary foundations for the subsequent chapters. Starting in Chapter 4, the book

introduces algorithms for learning optimal policies.

¢ Chapter 4 introduces three algorithms: value iteration, policy iteration, and truncated
policy iteration. The three algorithms have close relationships with each other. First,
the value iteration algorithm is exactly the algorithm introduced in Chapter 3 for
solving the Bellman optimality equation. Second, the policy iteration algorithm is
an extension of the value iteration algorithm. It is also the foundation for Monte
Carlo (MC) algorithms introduced in Chapter 5. Third, the truncated policy iteration
algorithm is a unified version that includes the value iteration and policy iteration

algorithms as special cases.



The three algorithms share the same structure. That is, every iteration has two steps.
One step is to update the value, and the other step is to update the policy. The idea
of the interaction between value and policy updates widely exists in reinforcement
learning algorithms. This idea is also known as generalized policy iteration. In ad-
dition, the algorithms introduced in this chapter are actually dynamic programming
algorithms, which require system models. By contrast, all the algorithms introduced
in the subsequent chapters do not require models. It is important to well understand

the contents of this chapter before proceeding to the subsequent ones.

¢ Starting in Chapter 5, we introduce model-free reinforcement learning algorithms that
do not require system models. While this is the first time we introduce model-free
algorithms in this book, we must fill a knowledge gap: how to find optimal policies
without models? The philosophy is simple. If we do not have a model, we must have
some data. If we do not have data, we must have a model. If we have neither, then we
can do nothing. The “data” in reinforcement learning refer to the experience samples

generated when the agent interacts with the environment.

This chapter introduces three algorithms based on MC estimation that can learn
optimal policies from experience samples. The first and simplest algorithm is MC
Basic, which can be readily obtained by extending the policy iteration algorithm
introduced in Chapter 4. Understanding the MC Basic algorithm is important for
grasping the fundamental idea of MC-based reinforcement learning. By extending
this algorithm, we further introduce two more complicated but more efficient MC-
based algorithms. The fundamental trade-off between exploration and exploitation is

also elaborated in this chapter.

Up to this point, the reader may have noticed that the contents of these chapters are
highly correlated. For example, if we want to study the MC algorithms (Chapter 5), we
must first understand the policy iteration algorithm (Chapter 4). To study the policy
iteration algorithm, we must first know the value iteration algorithm (Chapter 4). To
comprehend the value iteration algorithm, we first need to understand the Bellman opti-
mality equation (Chapter 3). To understand the Bellman optimality equation, we need
to study the Bellman equation (Chapter 2) first. Therefore, it is highly recommended to
study the chapters one by one. Otherwise, it may be difficult to understand the contents

in the later chapters.

o There is a knowledge gap when we move from Chapter 5 to Chapter 7: the algorithms
in Chapter 7 are incremental, but the algorithms in Chapter 5 are non-incremental.
Chapter 6 is designed to fill this knowledge gap by introducing the stochastic ap-
proximation theory. Stochastic approximation refers to a broad class of stochastic
iterative algorithms for solving root-finding or optimization problems. The classic
Robbins-Monro and stochastic gradient descent algorithms are special stochastic ap-

proximation algorithms. Although this chapter does not introduce any reinforcement

X1



learning algorithms, it is important because it lays the necessary foundations for s-

tudying Chapter 7.
Chapter 7 introduces the classic temporal-difference (TD) algorithms. With the prepa-

ration in Chapter 6, I believe the reader will not be surprised when seeing the TD
algorithms. From a mathematical point of view, TD algorithms can be viewed as
stochastic approximation algorithms for solving the Bellman or Bellman optimality
equations. Like Monte Carlo learning, TD learning is also model-free, but it has some
advantages due to its incremental form. For example, it can learn in an online manner:
it can update the value estimate every time an experience sample is received. This
chapter introduces quite a few TD algorithms such as Sarsa and Q-learning. The

important concepts of on-policy and off-policy are also introduced.

Chapter 8 introduces the value function approximation method. In fact, this chap-
ter continues to introduce TD algorithms, but it uses a different way to represent
state/action values. In the preceding chapters, state/action values are represented by
tables. The tabular method is straightforward to understand, but it is inefficient for
handling large state or action spaces. To solve this problem, we can employ the value
function approximation method. The key to understanding this method is to under-
stand the three steps in its optimization formulation. The first step is to select an
objective function for defining optimal policies. The second step is to derive the gradi-
ent of the objective function. The third step is to apply a gradient-based algorithm to
solve the optimization problem. This method is important because it has become the
standard technique to represent values. It is also the location in which artificial neu-
ral networks are incorporated into reinforcement learning as function approximators.

The famous deep Q-learning algorithm is also introduced in this chapter.

Chapter 9 introduces the policy gradient method, which is the foundation of many
modern reinforcement learning algorithms. The policy gradient method is policy-based.
It is a large step forward in this book because all the methods in the previous chapters
are value-based. The basic idea of the policy gradient method is simple: it selects
an appropriate scalar metric and then optimizes it via a gradient-ascent algorithm.
Chapter 9 has an intimate relationship with Chapter 8 because they both rely on the
idea of function approximation. The advantages of the policy gradient method are
numerous. For example, it is more efficient for handling large state/action spaces. It

has stronger generalization abilities and is more efficient in sample usage.

Chapter 10 introduces actor-critic methods. From one point of view, actor-critic refers
to a structure that incorporates both policy-based and value-based methods. From
another point of view, actor-critic methods are not new since they still fall into the
scope of the policy gradient method. Specifically, they can be obtained by extending
the policy gradient algorithm introduced in Chapter 9. It is necessary for the reader

to properly understand the contents in Chapters 8 and 9 before studying Chapter 10.

xii
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Figure 1.1: Where we are in this book.

This chapter introduces the basic concepts of reinforcement learning. These concepts
are important because they will be widely used in this book. We first introduce these
concepts using examples and then formalize them in the framework of Markov decision

processes.

1.1 A grid world example

Consider an example as shown in Figure 1.2, where a robot moves in a grid world. The

robot, called agent, can move across adjacent cells in the grid. At each time step, it can



1.2. State and action

only occupy a single cell. The white cells are accessible for entry, and the orange cells
are forbidden. There is a target cell that the robot would like to reach. We will use such
grid world examples throughout this book since they are intuitive for illustrating new

concepts and algorithms.

Start.--------.

Forbidden

Forbidden R - -- Target

Figure 1.2: The grid world example is used throughout the book.

The ultimate goal of the agent is to find a “good” policy that enables it to reach
the target cell when starting from any initial cell. How can the “goodness” of a policy
be defined? The idea is that the agent should reach the target without entering any
forbidden cells, taking unnecessary detours, or colliding with the boundary of the grid.

It would be trivial to plan a path to reach the target cell if the agent knew the map of
the grid world. The task becomes nontrivial if the agent does not know any information
about the environment in advance. Then, the agent must interact with the environment
to find a good policy by trial and error. To do that, the concepts presented in the rest of

the chapter are necessary.

1.2 State and action

The first concept to be introduced is the state, which describes the agent’s status with
respect to the environment. In the grid world example, the state corresponds to the
agent’s location. Since there are nine cells, there are nine states as well. They are
indexed as $1, sg, . . ., Sg, as shown in Figure 1.3(a). The set of all the states is called the
state space, denoted as S = {s1,...,S9}.

For each state, the agent can take five possible actions: moving upward, moving
rightward, moving downward, moving leftward, and staying still. These five actions are
denoted as ay, as, . .., as, respectively (see Figure 1.3(b)). The set of all actions is called
the action space, denoted as A = {ay,...,as}. Different states can have different action
spaces. For instance, considering that taking a, or a4 at state s; would lead to a collision
with the boundary, we can set the action space for state s; as A(s1) = {az,as,a5}. In

this book, we consider the most general case: A(s;) = A = {ai,...,as} for all 7.



1.3. State transition

a
51 82 83 T
S4 S5 56 ay +—F— O ——» a
as
S7 58 59 l
as
(a) States (b) Actions
Figure 1.3: Tllustrations of the state and action concepts. (a) There are nine states {s1,...,S9}. (b)

Each state has five possible actions {a1, as,as, a4, as}.

1.3 State transition

When taking an action, the agent may move from one state to another. Such a process is
called state transition. For example, if the agent is in state s; and selects action ay (that
is, moving rightward), then the agent moves to state s,. Such a process can be expressed
as

a2
S1 — So2.
We next examine two important examples.

¢ What is the next state when the agent attempts to go beyond the boundary, for
example, taking action a; at state s;7 The answer is that the agent will be bounced
back because it is impossible for the agent to exit the state space. Hence, we have

al
S1 —r S1.

¢ What is the next state when the agent attempts to enter a forbidden cell, for example,
taking action as at state s5? Two different scenarios may be encountered. In the first
scenario, although sg is forbidden, it is still accessible. In this case, the next state
is sg; hence, the state transition process is s5 —» sg. In the second scenario, sg is
not accessible because, for example, it is surrounded by walls. In this case, the agent
is bounced back to sj if it attempts to move rightward; hence, the state transition

. a2
process is s5 —> Ss.

Which scenario should we consider? The answer depends on the physical environmen-
t. In this book, we consider the first scenario where the forbidden cells are accessible,
although stepping into them may get punished. This scenario is more general and in-
teresting. Moreover, since we are considering a simulation task, we can define the state
transition process however we prefer. In real-world applications, the state transition

process is determined by real-world dynamics.

The state transition process is defined for each state and its associated actions. This

process can be described by a table as shown in Table 1.1. In this table, each row
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corresponds to a state, and each column corresponds to an action. Each cell indicates

the next state to transition to after the agent takes an action at the corresponding state.

a; (upward) | ay (rightward) | ag (downward) | as (leftward) | as (still)
S1 S1 S2 S4 S1 S1
S92 S92 S3 Sy S1 S9
53 53 S3 S6 52 S3
S4 S1 Sy S7 Sq S4
S5 S92 S S8 S4 S5
S6 53 S6 S9 S5 S6
87 S4 S8 87 87 S7
S8 S5 S9 S8 S7 S8
S9 56 S9 S9 S8 S9

Table 1.1: A tabular representation of the state transition process. Each cell indicates the next state to
transition to after the agent takes an action at a state.

Mathematically, the state transition process can be described by conditional proba-

bilities. For example, for s; and as, the conditional probability distribution is

which indicates that, when taking a, at s;, the probability of the agent moving to s,
is one, and the probabilities of the agent moving to other states are zero. As a result,
taking action ay at s; will certainly cause the agent to transition to s,. The preliminaries
of conditional probability are given in Appendix A. Readers are strongly advised to be
familiar with probability theory since it is necessary for studying reinforcement learning.

Although it is intuitive, the tabular representation is only able to describe determinis-
tic state transitions. In general, state transitions can be stochastic and must be described
by conditional probability distributions. For instance, when random wind gusts are ap-
plied across the grid, if taking action as at s;, the agent may be blown to sj5 instead of
sy. We have p(ss|s1,az) > 0 in this case. Nevertheless, we merely consider deterministic

state transitions in the grid world examples for simplicity in this book.

1.4 Policy

A policy tells the agent which actions to take at every state. Intuitively, policies can
be depicted as arrows (see Figure 1.4(a)). Following a policy, the agent can generate a

trajectory starting from an initial state (see Figure 1.4(Db)).

4
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— L ----O — L ----0 —-1---—>-|---0O

(b) Trajectories obtained from the policy

Figure 1.4: A policy represented by arrows and some trajectories obtained by starting from different
initial states.

Mathematically, policies can be described by conditional probabilities. Denote the
policy in Figure 1.4 as m(als), which is a conditional probability distribution function

defined for every state. For example, the policy for s; is

which indicates that the probability of taking action as at state s; is one, and the prob-
abilities of taking other actions are zero.

The above policy is deterministic. Policies may be stochastic in general. For example,
the policy shown in Figure 1.5 is stochastic: in state s;, the agent may take actions to

go either rightward or downward. The probabilities of taking these two actions are the
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same (both are 0.5). In this case, the policy for s is

Figure 1.5: A stochastic policy. In state si, the agent may move rightward or downward with equal
probabilities of 0.5.

Policies represented by conditional probabilities can be stored as tables. For example,

Table 1.2 represents the stochastic policy depicted in Figure 1.5. The entry in the ith

row and jth column is the probability of taking the jth action at the i¢th state. Such

a representation is called a tabular representation. We will introduce another way to

represent policies as parameterized functions in Chapter 8.

a; (upward) | ay (rightward) | az (downward) | asq (leftward ) | a5 (still)

51 0 0.5 0.5 0 0

59 0 0 1 0 0

S3 0 0 0 1 0

54 0 1 0 0 0

S5 0 0 1 0 0

S6 0 0 1 0 0

57 0 1 0 0 0

S8 0 1 0 0 0

S9 0 0 0 0 1
Table 1.2: A tabular representation of a policy. Each entry indicates the probability of taking an action
at a state.

1.5 Reward

Reward is one of the most unique concepts in reinforcement learning.
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After executing an action at a state, the agent obtains a reward, denoted as r, as
feedback from the environment. The reward is a function of the state s and action a.
Hence, it is also denoted as r(s,a). Its value can be a positive or negative real number
or zero. Different rewards have different impacts on the policy that the agent would
eventually learn. Generally speaking, with a positive reward, we encourage the agent to
take the corresponding action. With a negative reward, we discourage the agent from
taking that action.

In the grid world example, the rewards are designed as follows:

o If the agent attempts to exit the boundary, let r,oundary = —1.
o If the agent attempts to enter a forbidden cell, let rgpigden = —1.
¢ If the agent reaches the target state, let rpget = +1.

¢ Otherwise, the agent obtains a reward of rue = 0.

Special attention should be given to the target state s9. The reward process does not
have to terminate after the agent reaches sg. If the agent takes action as at sg, the next
state is again sy, and the reward is rugee = +1. If the agent takes action ag, the next
state is also sg, but the reward is rpoundary = —1.

A reward can be interpreted as a human-machine interface, with which we can guide
the agent to behave as we expect. For example, with the rewards designed above, we can
expect that the agent tends to avoid exiting the boundary or stepping into the forbidden
cells. Designing appropriate rewards is an important step in reinforcement learning. This
step is, however, nontrivial for complex tasks since it may require the user to understand
the given problem well. Nevertheless, it may still be much easier than solving the problem
with other approaches that require a professional background or a deep understanding of
the given problem.

The process of getting a reward after executing an action can be intuitively represented
as a table, as shown in Table 1.3. Each row of the table corresponds to a state, and each
column corresponds to an action. The value in each cell of the table indicates the reward
that can be obtained by taking an action at a state.

One question that beginners may ask is as follows: if given the table of rewards, can
we find good policies by simply selecting the actions with the greatest rewards? The
answer is no. That is because these rewards are immediate rewards that can be obtained
after taking an action. To determine a good policy, we must consider the total reward
obtained in the long run (see Section 1.6 for more information). An action with the
greatest immediate reward may not lead to the greatest total reward.

Although intuitive, the tabular representation is only able to describe deterministic
reward processes. A more general approach is to use conditional probabilities p(r|s, a) to

describe reward processes. For example, for state s, we have

p(r=—1|s1,a1) =1, p(r# —1|s1,a;) = 0.



1.6. Trajectories, returns, and episodes

a; (upward) | ag (rightward) | a3 (downward) | as (leftward) | as (still)
S1 Tboundary 0 0 T'boundary 0
S92 Tboundary 0 0 0 0
S3 Tboundary Tboundary Tforbidden 0 0
S4 0 0 Tforbidden Tboundary 0
S5 0 T'forbidden 0 0 0
S6 0 Tboundary Ttarget 0 Tforbidden
S7 0 0 Tboundary T"boundary Tforbidden
S8 0 Ttarget Tboundary Tforbidden 0
S9 T'forbidden Tboundary Tboundary 0 Ttarget

Table 1.3: A tabular representation of the process of obtaining rewards. Here, the process is deterministic.
Each cell indicates how much reward can be obtained after the agent takes an action at a given state.

This indicates that, when taking a; at s, the agent obtains » = —1 with certainty. In
this example, the reward process is deterministic. In general, it can be stochastic. For
example, if a student studies hard, he or she would receive a positive reward (e.g., higher

grades on exams), but the specific value of the reward may be uncertain.

1.6 Trajectories, returns, and episodes

S1—»-—-=-=-=-- 52 <+—S3 51 52 <—3S3

i
|
i
|

S4—> s S6 S4 S5 S6
lr =0 l ;r'zfl L l
! |
! i
3 !
' |

S7—> Sg—-»——-----‘ S7——4---- 98——>**-----.
r=+1 @ r=0 r=+1 @

r=+1 r=+1

(a) Policy 1 and the trajectory (b) Policy 2 and the trajectory

Figure 1.6: Trajectories obtained by following two policies. The trajectories are indicated by red dashed
lines.

A trajectory is a state-action-reward chain. For example, given the policy shown in

Figure 1.6(a), the agent can move along a trajectory as follows:

The return of this trajectory is defined as the sum of all the rewards collected along the
trajectory:

return =04+0+0+1=1. (1.1)
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Returns are also called total rewards or cumulative rewards.

Returns can be used to ewvaluate policies. For example, we can evaluate the two
policies in Figure 1.6 by comparing their returns. In particular, starting from s;, the
return obtained by the left policy is 1 as calculated above. For the right policy, starting

from sy, the following trajectory is generated:
as as a az

S1 > S4 > S7 > S8 > S9.
r=0 r=—1 r=0 r=+1

The corresponding return is
return =0—-1+0+1=0. (1.2)

The returns in (1.1) and (1.2) indicate that the left policy is better than the right one
since its return is greater. This mathematical conclusion is consistent with the intuition
that the right policy is worse since it passes through a forbidden cell.

A return consists of an immediate reward and future rewards. Here, the immediate
reward is the reward obtained after taking an action at the initial state; the future
rewards refer to the rewards obtained after leaving the initial state. It is possible that the
immediate reward is negative while the future reward is positive. Thus, which actions to
take should be determined by the return (i.e., the total reward) rather than the immediate
reward to avoid short-sighted decisions.

The return in (1.1) is defined for a finite-length trajectory. Return can also be defined
for infinitely long trajectories. For example, the trajectory in Figure 1.6 stops after
reaching sg. Since the policy is well defined for sg, the process does not have to stop after
the agent reaches s9. We can design a policy so that the agent stays still after reaching

Sg. Then, the policy would generate the following infinitely long trajectory:

a2 as as a2 as as
S1 S9 > S > S8 > Sg > S9 > S9 ...

The direct sum of the rewards along this trajectory is
return=04+04+0+1+1+1+... = o0,

which unfortunately diverges. Therefore, we must introduce the discounted return con-
cept for infinitely long trajectories. In particular, the discounted return is the sum of the

discounted rewards:
discounted return = 0 + v0 + 4?0 + Y3 14+41 + 91 + . ., (1.3)

where v € (0,1) is called the discount rate. When v € (0, 1), the value of (1.3) can be
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calculated as

discounted return = y3(1 +~y ++*+...) = 73:.

The introduction of the discount rate is useful for the following reasons. First, it
removes the stop criterion and allows for infinitely long trajectories. Second, the dis-
count rate can be used to adjust the emphasis placed on near- or far-future rewards. In
particular, if v is close to 0, then the agent places more emphasis on rewards obtained in
the near future. The resulting policy would be short-sighted. If 7 is close to 1, then the
agent places more emphasis on the far future rewards. The resulting policy is far-sighted
and dares to take risks of obtaining negative rewards in the near future. These points
will be demonstrated in Section 3.5.

One important notion that was not explicitly mentioned in the above discussion is the
episode. When interacting with the environment by following a policy, the agent may stop
at some terminal states. The resulting trajectory is called an episode (or a trial). If the
environment or policy is stochastic, we obtain different episodes when starting from the
same state. However, if everything is deterministic, we always obtain the same episode
when starting from the same state.

An episode is usually assumed to be a finite trajectory. Tasks with episodes are called
episodic tasks. However, some tasks may have no terminal states, meaning that the pro-
cess of interacting with the environment will never end. Such tasks are called continuing
tasks. In fact, we can treat episodic and continuing tasks in a unified mathematical
manner by converting episodic tasks to continuing ones. To do that, we need well define
the process after the agent reaches the terminal state. Specifically, after reaching the
terminal state in an episodic task, the agent can continue taking actions in the following

two ways.

o First, if we treat the terminal state as a special state, we can specifically design its
action space or state transition so that the agent stays in this state forever. Such
states are called absorbing states, meaning that the agent never leaves a state once
reached. For example, for the target state sg, we can specify A(sg) = {as} or set
A(sg) ={ai,...,as} with p(sg|sg,a;) =1 foralli=1,...,5.

o Second, if we treat the terminal state as a normal state, we can simply set its action
space to the same as the other states, and the agent may leave the state and come
back again. Since a positive reward of » = 1 can be obtained every time sq is reached,
the agent will eventually learn to stay at sg forever to collect more rewards. Notably,
when an episode is infinitely long and the reward received for staying at sg is positive,

a discount rate must be used to calculate the discounted return to avoid divergence.

In this book, we consider the second scenario where the target state is treated as a normal

state whose action space is A(sg) = {a1,...,as}.

10
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1.7 Markov decision processes

The previous sections of this chapter illustrated some fundamental concepts in reinforce-

ment learning through examples. This section presents these concepts in a more formal

way under the framework of Markov decision processes (MDPs).

An MDP is a general framework for describing stochastic dynamical systems. The

key ingredients of an MDP are listed below.

<&

Sets:

- State space: the set of all states, denoted as S.
- Action space: a set of actions, denoted as A(s), associated with each state s € S.

- Reward set: a set of rewards, denoted as R (s, a), associated with each state-action

pair (s, a).
Model:

- State transition probability: In state s, when taking action a, the probability of
transitioning to state s" is p(s'|s, a). It holds that ), s p(s'|s,a) = 1 for any (s,a).

- Reward probability: In state s, when taking action a, the probability of obtaining
reward r is p(r[s,a). It holds that > _ . p(r[s,a) =1 for any (s, a).

Policy: In state s, the probability of choosing action a is m(als). It holds that
> aca(s T(als) =1 for any s € S.
Markov property: The Markov property refers to the memoryless property of a s-

tochastic process. Mathematically, it means that

p(3t+1|3t> Qgy St—1,At—1, - - -, S0, ao) = p(3t+1|3t> Clt);

p(ﬁ+1\5t, Ay St—1, At—1,5 - - -, S0, ao) = p(ﬁ+1\5t, at)7 (1-4)

where t represents the current time step and t 4+ 1 represents the next time step.
Equation (1.4) indicates that the next state or reward depends merely on the current
state and action and is independent of the previous ones. The Markov property is
important for deriving the fundamental Bellman equation of MDPs, as shown in the

next chapter.

Here, p(s'|s,a) and p(r|s,a) for all (s,a) are called the model or dynamics. The

model can be either stationary or nonstationary (or in other words, time-invariant or

time-variant). A stationary model does not change over time; a nonstationary model

may vary over time. For instance, in the grid world example, if a forbidden area may pop

up or disappear sometimes, the model is nonstationary. In this book, we only consider

stationary models.

11



1.8. Summary

One may have heard about the Markov processes (MPs). What is the difference
between an MDP and an MP? The answer is that, once the policy in an MDP is fixed,
the MDP degenerates into an MP. For example, the grid world example in Figure 1.7 can
be abstracted as a Markov process. In the literature on stochastic processes, a Markov
process is also called a Markov chain if it is a discrete-time process and the number of
states is finite or countable [1]. In this book, the terms “Markov process” and “Markov
chain” are used interchangeably when the context is clear. Moreover, this book mainly
considers finite MDPs where the numbers of states and actions are finite. This is the

simplest case that should be fully understood.

Prob=0.5

Figure 1.7: Abstraction of the grid world example as a Markov process. Here, the circles represent states
and the links with arrows represent state transitions.

Finally, reinforcement learning can be described as an agent-environment interaction
process. The agent is a decision-maker that can sense its state, maintain policies, and
execute actions. Everything outside of the agent is regarded as the environment. In the
grid world examples, the agent and environment correspond to the robot and grid world,
respectively. After the agent decides to take an action, the actuator executes such a
decision. Then, the state of the agent would be changed and a reward can be obtained.
By using interpreters, the agent can interpret the new state and the reward. Thus, a

closed loop can be formed.

1.8 Summary

This chapter introduced the basic concepts that will be widely used in the remainder of
the book. We used intuitive grid world examples to demonstrate these concepts and then
formalized them in the framework of MDPs. For more information about MDPs, readers

can see [1,2].

1.9 Q&A

o Q: Can we set all the rewards as negative or positive?

A: In this chapter, we mentioned that a positive reward would encourage the agent

to take an action and that a negative reward would discourage the agent from taking

12
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the action. In fact, it is the relative reward values instead of the absolute values that

determine encouragement or discouragement.

More specifically, we set myoundary = —1, Tforbidden = —1, Ttarget = +1, and 7other = 0 in
this chapter. We can also add a common value to all these values without changing
the resulting optimal policy. For example, we can add —2 to all the rewards to obtain
Thoundary = —3; Tforbidden = —3; Ttarget = —1, and Tother = —2. Although the rewards
are all negative, the resulting optimal policy is unchanged. That is because optimal
policies are invariant to affine transformations of the rewards. Details will be given in
Chapter 3.5.

¢ Q: Is the reward a function of the next state?

A: We mentioned that the reward r depends only on s and a but not the next state s'.
However, this may be counterintuitive since it is the next state that determines the
reward in many cases. For example, the reward is positive when the next state is the
target state. As a result, a question that naturally follows is whether a reward should
depend on the next state. A mathematical rephrasing of this question is whether we
should use p(r|s, a, s’) where s is the next state rather than p(r|s,a). The answer is
that r depends on s, a, and s’. However, since s’ also depends on s and a, we can
equivalently write r as a function of s and a: p(r|s,a) = >, p(r|s,a,s)p(s's,a). In

this way, the Bellman equation can be easily established as shown in Chapter 2.

13
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Chapter 2

State Values and Bellman Equation

Algorithms/Methods

Chapter 6:
Stochastic
Approximation

Chapterfl: with model Chapter 5:
Value Iteration & OB Monte Carlo
Policy Iteration Withoutmodel Methods

Chapter 7:
Temporal-Difference
Chapter 2: Methods
Bellman Equation

Chapter 3:
Bellman Optimality
Equation

tabular representation

function representation

Chapter 1:
Basic Concepts
Chapter 8:
Value Function

Fundamental tools Methods

Chapter 10:

. Chapter 9:
" policy-based . .
Actor-Critic plus Policy Gradient

Methods value-based Methods

Figure 2.1: Where we are in this book.

This chapter introduces a core concept and an important tool. The core concept
is the state value, which is defined as the average reward that an agent can obtain if
it follows a given policy. The greater the state value is, the better the corresponding
policy is. State values can be used as a metric to evaluate whether a policy is good or
not. While state values are important, how can we analyze them? The answer is the
Bellman equation, which is an important tool for analyzing state values. In a nutshell,
the Bellman equation describes the relationships between the values of all states. By
solving the Bellman equation, we can obtain the state values. This process is called

policy evaluation, which is a fundamental concept in reinforcement learning. Finally, this
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2.1. Motivating example 1: Why are returns important?

chapter introduces another important concept called the action value.

2.1 Motivating example 1: Why are returns impor-

tant?

The previous chapter introduced the concept of returns. In fact, returns play a funda-
mental role in reinforcement learning since they can evaluate whether a policy is good or

not. This is demonstrated by the following examples.

lr:O lr:l r=-t lr:l

53— 53—

r=1

&
i
&

%
Il
s
<
Il
i
5
Il
—_

Figure 2.2: Examples for demonstrating the importance of returns. The three examples have different
policies for s.

Consider the three policies shown in Figure 2.2. It can be seen that the three policies
are different at s;. Which is the best and which is the worst? Intuitively, the leftmost
policy is the best because the agent starting from s; can avoid the forbidden area. The
middle policy is intuitively worse because the agent starting from s; moves to the forbid-
den area. The rightmost policy is in between the others because it has a probability of
0.5 to go to the forbidden area.

While the above analysis is based on intuition, a question that immediately follows is
whether we can use mathematics to describe such intuition. The answer is yes and relies

on the return concept. In particular, suppose that the agent starts from s;.

¢ Following the first policy, the trajectory is s; — s3 — s4 — S4---. The corresponding

discounted return is

return; = 0+ 1 +~%1 + ...
=y(1+v+9*+...)

L=y
where v € (0,1) is the discount rate.

¢ Following the second policy, the trajectory is s; — s9 — s4 — S4 -+ -. The discounted

16



2.2. Motivating example 2: How to calculate returns?

return is

returng = —1 4+ 1+ %1+ ...

=—1+71+v+7*+...)
v
=—1+ —-.
+1—’y

o Following the third policy, two trajectories can possibly be obtained. One is s; —

S$3 — S4 — S4- -+, and the other is s; — s5 — s4 — s4---. The probability of either

of the two trajectories is 0.5. Then, the average return that can be obtained starting

returng = 0.5 | —1 + _r 4+ 0.5 v
1 —x 1 —v

— 054+ ——

1—~

from s is

By comparing the returns of the three policies, we notice that
return; > returng > returns (2.1)

for any value of . Inequality (2.1) suggests that the first policy is the best because its
return is the greatest, and the second policy is the worst because its return is the smallest.
This mathematical conclusion is consistent with the aforementioned intuition: the first
policy is the best since it can avoid entering the forbidden area, and the second policy is
the worst because it leads to the forbidden area.

The above examples demonstrate that returns can be used to evaluate policies: a
policy is better if the return obtained by following that policy is greater. Finally, it is
notable that returns does not strictly comply with the definition of returns because it is
more like an expected value. It will become clear later that returns is actually a state

value.

2.2 Motivating example 2: How to calculate returns?

While we have demonstrated the importance of returns, a question that immediately
follows is how to calculate the returns when following a given policy.

There are two ways to calculate returns.

¢ The first is simply by definition: a return equals the discounted sum of all the rewards
collected along a trajectory. Consider the example in Figure 2.3. Let v; denote the

return obtained by starting from s; for ¢ = 1,2, 3,4. Then, the returns obtained when

17
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o)
51 —» S9
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Figure 2.3: An example for demonstrating how to calculate returns. There are no target or forbidden
cells in this example.

starting from the four states in Figure 2.3 can be calculated as

01:r1+’yr2+727"3—|—...,
Vg = To 4+ T3 + 27 + ...
2 2 T T3 724 (2.2)
V3 =Ty +yrg+yrr+ ...,

v4:r4+'yr1+727"2—|—....

¢ The second way, which is more important, is based on the idea of bootstrapping. By

observing the expressions of the returns in (2.2), we can rewrite them as

v =11+ 7y(reo +yrs+ ...

Vg =Tog +Y(r3s+yrg + ...

( )

( ) (2.3)
vy =13+ Y(ra +yr1+...) =13+ YU,

Ve =4+ +yr2+...)

The above equations indicate an interesting phenomenon that the values of the returns
rely on each other. More specifically, v; relies on vy, vy relies on vz, v relies on vy,
and vy relies on vy. This reflects the idea of bootstrapping, which is to obtain the

values of some quantities from themselves.

At first glance, bootstrapping is an endless loop because the calculation of an unknown
value relies on another unknown value. In fact, bootstrapping is easier to understand
if we view it from a mathematical perspective. In particular, the equations in (2.3)

can be reformed into a linear matrix-vector equation:

U1 1 Yo 1 01 00 U1
v r v r 0 010 v
2 | _ 2 i YU3 _ 2 oy 2 7
V3 T3 YUy T3 0 001 V3
Vg Ty YU1 T4 1 0 00 Uy
—— S~—— ~ ;e ~——
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which can be written compactly as
v =1+ vPv.

Thus, the value of v can be calculated easily as v = (I — yP)~'r, where I is the
identity matrix with appropriate dimensions. One may ask whether I — P is always

invertible. The answer is yes and explained in Section 2.7.1.

In fact, (2.3) is the Bellman equation for this simple example. Although it is simple,
(2.3) demonstrates the core idea of the Bellman equation: the return obtained by starting
from one state depends on those obtained when starting from other states. The idea of
bootstrapping and the Bellman equation for general scenarios will be formalized in the

following sections.

2.3 State values

We mentioned that returns can be used to evaluate policies. However, they are inappli-
cable to stochastic systems because starting from one state may lead to different returns.
Motivated by this problem, we introduce the concept of state value in this section.
First, we need to introduce some necessary notations. Consider a sequence of time
steps t =0,1,2,.... At time ¢, the agent is in state S;, and the action taken following a
policy 7 is A;. The next state is Sy, 1, and the immediate reward obtained is R;,;. This

process can be expressed concisely as
Ay
Sy — Sy1, R

Note that Sy, Si11, As, Riy1 are all random variables. Moreover, Sy, S;.1 € S, Ay € A(Sy),
and Rt+1 c R(St, At)
Starting from ¢, we can obtain a state-action-reward trajectory:

A A A
Si =% Serts Riyt = Spao, Ripo — Spisy R - -
By definition, the discounted return along the trajectory is
Gy = Ri1 + YRy + 7V Ris + ..,

where v € (0, 1) is the discount rate. Note that GG is a random variable since Ry 11, Ry1o, . . .
are all random variables.
Since G, is a random variable, we can calculate its expected value (also called the

expectation or mean):

v(s) = E[G|S; = s].
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2.4. Bellman equation

Here, v,(s) is called the state-value function or simply the state value of s. Some impor-

tant remarks are given below.

o vr(s) depends on s. This is because its definition is a conditional expectation with

the condition that the agent starts from S; = s.

o vr(s) depends on 7. This is because the trajectories are generated by following the

policy 7. For a different policy, the state value may be different.

o vr(s) does not depend on ¢. If the agent moves in the state space, t represents the

current time step. The value of v,(s) is determined once the policy is given.

The relationship between state values and returns is further clarified as follows. When
both the policy and the system model are deterministic, starting from a state always leads
to the same trajectory. In this case, the return obtained starting from a state is equal
to the value of that state. By contrast, when either the policy or the system model is
stochastic, starting from the same state may generate different trajectories. In this case,
the returns of different trajectories are different, and the state value is the mean of these
returns.

Although returns can be used to evaluate policies as shown in Section 2.1, it is more
formal to use state values to evaluate policies: policies that generate greater state values
are better. Therefore, state values constitute a core concept in reinforcement learning.
While state values are important, a question that immediately follows is how to calculate

them. This question is answered in the next section.

2.4 Bellman equation

We now introduce the Bellman equation, a mathematical tool for analyzing state val-
ues. In a nutshell, the Bellman equation is a set of linear equations that describe the
relationships between the values of all the states.

We next derive the Bellman equation. First, note that G; can be rewritten as

Gy = Ry +YRiya + YRz + ..
=Riv1 +Y(Riyo + 7R3 +...)
= Rip1 + G,

where G117 = Ryro + 7R3+ .... This equation establishes the relationship between G

and Gyy1. Then, the state value can be written as

v(s) = E[Gy]S; = ]
= E[Ri11 +7G141] 5 = 4]
= E[RH_l’St == S] —+ ’}/E[Gt+1’5t = S]. (24)

20



2.4. Bellman equation

The two terms in (2.4) are analyzed below.

o The first term, E[R;;1|S; = s], is the expectation of the immediate rewards. By using

the law of total expectation (Appendix A), it can be calculated as

E[Rt+1|5t = S] = Z']T(CL|S)]E[R1L+1|S,§ =S, At = CL]

acA
= Zﬂ(a\s)Zp(r\s,a)r. (2.5)
acA reR

Here, A and R are the sets of possible actions and rewards, respectively. It should be
noted that A may be different for different states. In this case, A should be written as
A(s). Similarly, R may also depend on (s,a). We drop the dependence on s or (s,a)
for the sake of simplicity in this book. Nevertheless, the conclusions are still valid in

the presence of dependence.

o The second term, E[G1]S; = s], is the expectation of the future rewards. It can be

calculated as

E[Gia|Si = s] = Y E[Gi1] S = 5, Si1 = 5]p(s']s)

s'esS

= Z E[Gii1|Si1 = §'p(s']s) (due to the Markov property)
s'esS

=D ue(s)p(s']s)
s'esS

= Zv,,(s’)Zp(s’]s,a)ﬂ(a\s). (2.6)
s'eS acA

The above derivation uses the fact that E[G;1|S; = s, Siy1 = &' = E[Gi41]Si01 = ¢,
which is due to the Markov property that the future rewards depend merely on the

present state rather than the previous ones.

Substituting (2.5)-(2.6) into (2.4) yields

’Uﬂ(8> = E[Rt+1|5t = 3] + ’VE[Gt+1|St = 8]7

= wlals)Y_w(rls,a)r+v) mlals) Yy p(s'ls. a)o(s')

3€.A reR N acA s'eS
mean of imm?e?iiate rewards mean of fuglrlre rewards
= Zw(als) Zp(r|s, a)r + -y Zp(s’|s, a)vg(s')|, forallseS. (2.7)
acA reR s'eS

This equation is the Bellman equation, which characterizes the relationships of state
values. It is a fundamental tool for designing and analyzing reinforcement learning algo-

rithms.
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2.5. Examples for illustrating the Bellman equation

The Bellman equation seems complex at first glance. In fact, it has a clear structure.

Some remarks are given below.

o wvr(s) and v, (s") are unknown state values to be calculated. It may be confusing to
beginners how to calculate the unknown v, (s) given that it relies on another unknown
vx(s"). It must be noted that the Bellman equation refers to a set of linear equations for
all states rather than a single equation. If we put these equations together, it becomes

clear how to calculate all the state values. Details will be given in Section 2.7.

o m(als) is a given policy. Since state values can be used to evaluate a policy, solving
the state values from the Bellman equation is a policy evaluation process, which is an
important process in many reinforcement learning algorithms, as we will see later in
the book.

o p(r|s,a) and p(s'|s, a) represent the system model. We will first show how to calculate
the state values with this model in Section 2.7, and then show how to do that without

the model by using model-free algorithms later in this book.

In addition to the expression in (2.7), readers may also encounter other expressions
of the Bellman equation in the literature. We next introduce two equivalent expressions.

First, it follows from the law of total probability that

(s'|s,a) = Zps r|s, a),

reR

p(rls,a) = Zps r|s, a).

s'eS

Then, equation (2.7) can be rewritten as

ve(s) = > mlals) Y Y p(s,rls,a) [r+yve(s)].

acA s'eSreR

This is the expression used in [3].
Second, the reward r» may depend solely on the next state s’ in some problems. As a
result, we can write the reward as r(s’) and hence p(r(s')|s,a) = p(s'|s, a), substituting

which into (2.7) gives

ve(s) =Y m(als) Y p(s']s, a) [r(s) +yve(s)].

acA s'eS

2.5 Examples for illustrating the Bellman equation

We next use two examples to demonstrate how to write out the Bellman equation and
calculate the state values step by step. Readers are advised to carefully go through the

examples to gain a better understanding of the Bellman equation.
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2.5. Examples for illustrating the Bellman equation

broo [0 ems

53—

r=1

Figure 2.4: An example for demonstrating the Bellman equation. The policy in this example is deter-
ministic.

o Consider the first example shown in Figure 2.4, where the policy is deterministic. We

next write out the Bellman equation and then solve the state values from it.

First, consider state s;. Under the policy, the probabilities of taking the actions
are m(a = as|s1) = 1 and 7(a # asls1) = 0. The state transition probabilities
are p(s' = s3|s1,a3) = 1 and p(s’ # ss|s1,a3) = 0. The reward probabilities are

p(r = 0]sy,a3) = 1 and p(r # 0|s1, az) = 0. Substituting these values into (2.7) gives
Ur(s1) = 0+ yur(s3).
Interestingly, although the expression of the Bellman equation in (2.7) seems complex,

the expression for this specific state is very simple.

Similarly, it can be obtained that

Ur(82) = 14+ yur(s4),
Ur(s3) = 1+ v (84),
Ur(Ss) = 1+ YU (S4).

We can solve the state values from these equations. Since the equations are simple, we
can manually solve them. More complicated equations can be solved by the algorithms

presented in Section 2.7. Here, the state values can be solved as

Ur(84) = ﬁ:
Ur(s3) = ﬁ,
Ur(s2) = ﬁ,
Ur(s1) = ﬁ
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2.5. Examples for illustrating the Bellman equation

Furthermore, if we set v = 0.9, then

1
vn(84) = 759 =10
1
™ = = 10,
ve(s3) = 759 = 10
(52) = —— — 10
Unl%2) =909 T
0.9
(sy) = —0.
ve(51) = 759
p=0.5
Sgi: S9
rzOl l"=1
p=0.5
53—
r =
=1

Figure 2.5: An example for demonstrating the Bellman equation. The policy in this example is stochastic.

¢ Consider the second example shown in Figure 2.5, where the policy is stochastic. We

next write out the Bellman equation and then solve the state values from it.

In state s;, the probabilities of going right and down equal 0.5. Mathematically, we
have m(a = asls;) = 0.5 and 7(a = ag|s;) = 0.5. The state transition probability
is deterministic since p(s’ = ss|s1,a3) = 1 and p(s' = s3|s1,a2) = 1. The reward
probability is also deterministic since p(r = 0s1,a3) = 1 and p(r = —1|s1,a2) = 1.

Substituting these values into (2.7) gives
v(81) = 0.5[0 + yvr(s3)] + 0.5]—1 + yvL(s2)].
Similarly, it can be obtained that

Ur(s2) = 1+ qur(84),
Ur(83) = 1+ Yvz(54),
Ur(84) = 1+ 0 (s4).

The state values can be solved from the above equations. Since the equations are
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2.6. Matrix-vector form of the Bellman equation

simple, we can solve the state values manually and obtain

Ur(84) = ﬁ,

v (53) = %

Ur(82) = ﬁ,

vr(s1) = 0.5[0 + yvr(s3)] + 0.5[—1 + v (s2)],
— 05+ ﬁ

Furthermore, if we set v = 0.9, then

If we compare the state values of the two policies in the above examples, it can be
seen that

U7T1 (Sl) Z U7r2 (Si>7 7’ = 17 27 37 4—7

which indicates that the policy in Figure 2.4 is better because it has greater state values.
This mathematical conclusion is consistent with the intuition that the first policy is better
because it can avoid entering the forbidden area when the agent starts from s;. As a
result, the above two examples demonstrate that state values can be used to evaluate
policies.

2.6 Matrix-vector form of the Bellman equation

The Bellman equation in (2.7) is in an elementwise form. Since it is valid for every state,
we can combine all these equations and write them concisely in a matriz-vector form,
which will be frequently used to analyze the Bellman equation.

To derive the matrix-vector form, we first rewrite the Bellman equation in (2.7) as

Va(s) = ra(s) +7 > pal']s)va(s), (2.8)

s'eS
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2.6. Matrix-vector form of the Bellman equation

where

ra(s) = S m(als) 3 p(rls. a)r.

acA reR
px(s'ls) =Y w(als)p(s']s, a).
acA

Here, r.(s) denotes the mean of the immediate rewards, and p.(s'|s) is the probability
of transitioning from s to s’ under policy 7.
Suppose that the states are indexed as s; with ¢ = 1,...,n, where n = |S|. For state

Si, (2.8) can be written as

Ur(si) = rx(si) + Z Pr(8jlsi)vr(sy). (2.9)

SjES

Let vy = [vx(51), .., 0r(80)]T € R, 7 = [r2(51), ..., 72(50)]T € R™, and P, € R™*" with

[Prlij = pr(sj|si). Then, (2.9) can be written in the following matrix-vector form:
Up = Tx + VPwUm (2]‘0)

where v, is the unknown to be solved, and r,, P, are known.

The matrix P, has some interesting properties. First, it is a nonnegative matrix,
meaning that all its elements are equal to or greater than zero. This property is denoted
as P, > 0, where 0 denotes a zero matrix with appropriate dimensions. In this book, >
or < represents an elementwise comparison operation. Second, Py is a stochastic matrix,
meaning that the sum of the values in every row is equal to one. This property is denoted
as P;1 =1, where 1 = [1,...,1]7 has appropriate dimensions.

Consider the example shown in Figure 2.6. The matrix-vector form of the Bellman

equation is

Ur(51) Tx(51) pr(s1]s1) px(sals1) px(sslsi) pr(sals1) Ur(81)

Ur(82) _ rx(82) +ry pr(s1ls2) pr(sals2) prlsals2) pr(s4lse) Ur(82)

Ux(s3) rx(s3) pr(sils3) pr(s2ls3) pr(sslss) pr(salss) Ux(83)
. Ux(84) R T (84) R pr(s1lse) pr(s2]s4) pr(sslse) pr(safsa) . Un(84) .

va(51) 0.5(0) + 0.5(—1) 005 05 07 [ vnls1)
vr(s2) | 1 0 0 0 1 U (52)
vr(ss) | 1 7 0 1 U (83)
U (S4) 1 0 1 U (S4)
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2.7. Solving state values from the Bellman equation

It can be seen that P, satisfies P,1 = 1.

p=0.5

r=—1

S1—» S92
rzOl l"=1
p=0.5

Figure 2.6: An example for demonstrating the matrix-vector form of the Bellman equation.

2.7 Solving state values from the Bellman equation

Calculating the state values of a given policy is a fundamental problem in reinforcement
learning. This problem is often referred to as policy evaluation. In this section, we present

two methods for calculating state values from the Bellman equation.

2.7.1 Closed-form solution

Since v, = r; + vP;v, is a simple linear equation, its closed-form solution can be easily

obtained as
vp = (I —yPy) 'y

Some properties of (I —vyP,)~! are given below.

o I — P, is invertible. The proof is as follows. According to the Gershgorin circle
theorem [4], every eigenvalue of I — vP;, lies within at least one of the Gershgorin
circles. The ith Gershgorin circle has a center at [I — vP,|; = 1 — ypx(si]s;) and
a radius equal to >[I — vPxlij = — >, 7px(sj]si). Since v < 1, we know that
the radius is less than the magnitude of the center: »_.; ypx(s;lsi) <1 — ypx(silsi).
Therefore, all Gershgorin circles do not encircle the origin, and hence no eigenvalue
of I —~ Py is zero.

o (I —~yP,)™t > I, meaning that every element of (I — vP;)~! is nonnegative and,
more specifically, no less than that of the identity matrix. This is because P, has

nonnegative entries, and hence (I —yP,) ™' =1 +~yP, +y*P2>+--->1>0.

o For any vector 7 > 0, it holds that (I —yP,)~'r > r > 0. This property follows from
the second property because [(I —yP,)~! — Ilr > 0. As a consequence, if 1 > ry, we
have (I —yP,)"lry > (I — yPy) " try.
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2.7. Solving state values from the Bellman equation

2.7.2 Iterative solution

Although the closed-form solution is useful for theoretical analysis purposes, it is not
applicable in practice because it involves a matrix inversion operation, which still needs
to be calculated by other numerical algorithms. In fact, we can directly solve the Bellman

equation using the following iterative algorithm:

Vgs1 = Tn +YPrvk, k=0,1,2,... (2.11)

This algorithm generates a sequence of values {vg, vy, v, ... }, where vy € R™ is an initial
guess of v,. It holds that

v = U = (I —vP) 'ry,  ask — oo, (2.12)

Interested readers may see the proof in Box 2.1.

Box 2.1: Convergence proof of (2.12)
Define the error as 0, = v, — v,. We only need to show that d — 0. Substituting
Ugs1 = Ory1 + Ur and vy = O + v, into vy 1 = 7 + VP gives

(5k+1 + U =Tr + rYPW(ék + UTI’)7

which can be rewritten as

5k+1 = =Wz 5~ Pz ¢ 7P7r5k = ryPﬂ'/UTKW
= ’Ypﬂdk — Up + (rﬂ' + ’yPﬂ'/UTK')7

As a result,
Opr1 = YPror = 72P7§5k71 - = 7k+1p7]r€+150-

Since every entry of P, is nonnegative and no greater than one, we have that 0 <
PF <1 for any k. That is, every entry of P¥ is no greater than 1. On the other hand,
since v < 1, we know that v¥ — 0, and hence 031 = Y1 P* 16y — 0 as k — oo.

2.7.3 Illustrative examples

We next apply the algorithm in (2.11) to solve the state values of some examples.
The examples are shown in Figure 2.7. The orange cells represent forbidden areas.

The blue cell represents the target area. The reward settings are rpoundary = Tforbidden = —1
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2.7. Solving state values from the Bellman equation

1 2 3 4 5 1 2 3 4 5
1 — — — 11 3.5 3.9 4.3 4.8 5.3
b
2 I T — 21 3.1 3.5 4.8 53 5.9
b
3 I -— l — 1 3| 2.8 25 | 10.0 | 5.9 6.6
4 I —| O |=— 1 4/ 25 | 10.0 | 10.0 | 100 | 7.3
5 I — T — -— 5| 2.3 9.0 | 10.0 | 9.0 8.1
1 2 3 4 5 1 2 3 4 5
1 — — — — 1 11 3.5 3.9 4.3 4.8 5.3
2 T 1 = — 21 3.1 3.5 4.8 5.3 5.9
!
3 I -— l — 1 3| 2.8 25 | 100 | 59 6.6
4 I —| O |=— 1 4/ 25 |10.0 | 10.0 | 100 | 7.3
5 I — T — — 5| 2.3 9.0 | 10.0 | 9.0 8.1

(a) Two “good” policies and their state values. The state values of the two policies are the same,

but the two policies are different at the top two states in the fourth column.
1 2 3 4 5 1 2 3 4 5

1 - - - - —| 1 -66 | -7.3 | -81 | 9.0 | -10.0

2 - - - - —| 2/ -85 | -83 | -81 | 9.0 | -10.0

3 - - - - —|3 -756 | -83 | -81 | 9.0 | -10.0

4 — = = = —| 4| -75 | 72 | -91 | 9.0 | -10.0

5 - - - - —| 5| -76 | -7.3 | -8.1 -9.0 | -10.0

1 2 3 4 5 1 2 3 4 5
1 —|— -— I 11 0.0 0.0 0.0 |-10.0 | -10.0
2 1 o — l —|2| -90 [-10.0 | -04 | -0.5 | -10.0
3| — — l -— o 3/-100| 05 | 05 | -05 | 0.0
4] O l I I —| 4/ 00 | -1.0 | -0.5 | -0.5 | -10.0
5/ O — O —| O 5/ 0.0 0.0 0.0 0.0 0.0

(b) Two “bad” policies and their state values. The state values are smaller than those of the
“good” policies.

Figure 2.7: Examples of policies and their corresponding state values.

and 7iareer = 1. Here, the discount rate is v = 0.9.

29



2.8. From state value to action value

Figure 2.7(a) shows two “good” policies and their corresponding state values obtained
by (2.11). The two policies have the same state values but differ at the top two states in
the fourth column. Therefore, we know that different policies may have the same state
values.

Figure 2.7(b) shows two “bad” policies and their corresponding state values. These
two policies are bad because the actions of many states are intuitively unreasonable.
Such intuition is supported by the obtained state values. As can be seen, the state values
of these two policies are negative and much smaller than those of the good policies in
Figure 2.7(a).

2.8 From state value to action value

While we have been discussing state values thus far in this chapter, we now turn to
the action value, which indicates the “value” of taking an action at a state. While the
concept of action value is important, the reason why it is introduced in the last section
of this chapter is that it heavily relies on the concept of state values. It is important to
understand state values well first before studying action values.

The action value of a state-action pair (s,a) is defined as
qr(s,a) = E[Gy|S; = s, Ay = al.

As can be seen, the action value is defined as the expected return that can be obtained
after taking an action at a state. It must be noted that ¢, (s, a) depends on a state-action
pair (s,a) rather than an action alone. It may be more rigorous to call this value a
state-action value, but it is conventionally called an action value for simplicity.

What is the relationship between action values and state values?

¢ First, it follows from the properties of conditional expectation that

E(G|S, = s] = Y E[Gy[S, = 5, A, = a] 7(als).
ﬁ—/ . ~~ ~

acA

(2 (5) qr (s’a)

It then follows that
v(s) =Y m(als)gx(s,a). (2.13)
acA

As a result, a state value is the expectation of the action values associated with that

state.

¢ Second, since the state value is given by

uals) = S wlals) [ S plrls, ayr 9 D p(s')s, a)en(s)].

acA reR s'eS
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2.8. From state value to action value

comparing it with (2.13) leads to

qr(s,a) = Zp(r|s, a)r+ -y Zp(3'|s, a)v,(s). (2.14)

reR s'eS

It can be seen that the action value consists of two terms. The first term is the mean

of the immediate rewards, and the second term is the mean of the future rewards.

Both (2.13) and (2.14) describe the relationship between state values and action val-
ues. They are the two sides of the same coin: (2.13) shows how to obtain state values

from action values, whereas (2.14) shows how to obtain action values from state values.

2.8.1 [Illustrative examples

p=0.5

r=—1

S§1—» S92
r:Ol l’l"zl
p = 0.5

Figure 2.8: An example for demonstrating the process of calculating action values.

We next present an example to illustrate the process of calculating action values and
discuss a common mistake that beginners may make.
Consider the stochastic policy shown in Figure 2.8. We next only examine the actions

of s1. The other states can be examined similarly. The action value of (s, as) is

¢r(s1,a2) = =1 4 yv:(s2),

where s, is the next state. Similarly, it can be obtained that

qx(51,a3) = 0+ Yz (s3).

A common mistake that beginners may make is about the values of the actions that
the given policy does not select. For example, the policy in Figure 2.8 can only select
as or az and cannot select aj,ay4,a;. One may argue that since the policy does not
select ay, a4, as, we do not need to calculate their action values, or we can simply set

qr(81,a1) = (81, a4) = ¢r(s1,a5) = 0. This is wrong,.

o First, even if an action would not be selected by a policy, it still has an action value.

In this example, although policy m does not take a; at sy, we can still calculate its
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2.8. From state value to action value

action value by observing what we would obtain after taking this action. Specifically,
after taking a;, the agent is bounced back to s; (hence, the immediate reward is —1)
and then continues moving in the state space starting from s; by following 7 (hence,

the future reward is yv,(s1)). As a result, the action value of (s1,a;) is

%r(sla CL1> =1 + 7%(51)-

Similarly, for a, and aj, which cannot be possibly selected by the given policy either,

we have

¢r(81,a4) = =1 4+ yvr(s1),
qr(s1,a5) = 0+ yvg(s1).

o Second, why do we care about the actions that the given policy would not select?
Although some actions cannot be possibly selected by a given policy, this does not
mean that these actions are not good. It is possible that the given policy is not good,
so it cannot select the best action. The purpose of reinforcement learning is to find
optimal policies. To that end, we must keep exploring all actions to determine better

actions for each state.
Finally, after computing the action values, we can also calculate the state value ac-

cording to (2.14):

U (81) = 0.5¢,(s1,a2) + 0.5¢:(s1, as),
= 0.5[0 + v, (s3)] + 0.5[—1 + yv(s2)].

2.8.2 The Bellman equation in terms of action values

The Bellman equation that we previously introduced was defined based on state values.
In fact, it can also be expressed in terms of action values.
In particular, substituting (2.13) into (2.14) yields

qr(s,a) = Zp(ﬂs, a)r+ 7 Zp(s'|s, a) Z m(ad'|s) g (s, d'),

reER s'eS a’€A(s")

which is an equation of action values. The above equation is valid for every state-action

pair. If we put all these equations together, their matrix-vector form is
G- =T + vPllg,, (2.15)

where ¢, is the action value vector indexed by the state-action pairs: its (s, a)th element
is [¢rl(s,0) = @r(s,a). 7 is the immediate reward vector indexed by the state-action

pairs: [F(sa) = >_,er P(7]s, a)r. The matrix P is the probability transition matrix, whose
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2.9. Summary

row is indexed by the state-action pairs and whose column is indexed by the states:
[Pl(s,a),s = p(8'|s,a). Moreover, II is a block diagonal matrix in which each block is a
1 x | Al vector: Iy (s 4y = m(a'|s") and the other entries of IT are zero.

Compared to the Bellman equation defined in terms of state values, the equation
defined in terms of action values has some unique features. For example, 7 and P are
independent of the policy and are merely determined by the system model. The policy
is embedded in II. It can be verified that (2.15) is also a contraction mapping and has a

unique solution that can be iteratively solved. More details can be found in [5].

2.9 Summary

The most important concept introduced in this chapter is the state value. Mathematically,
a state value is the expected return that the agent can obtain by starting from a state.
The values of different states are related to each other. That is, the value of state s
relies on the values of some other states, which may further rely on the value of state s
itself. This phenomenon might be the most confusing part of this chapter for beginners.
It is related to an important concept called bootstrapping, which involves calculating
something from itself. Although bootstrapping may be intuitively confusing, it is clear if
we examine the matrix-vector form of the Bellman equation. In particular, the Bellman
equation is a set of linear equations that describe the relationships between the values of
all states.

Since state values can be used to evaluate whether a policy is good or not, the process
of solving the state values of a policy from the Bellman equation is called policy evalu-
ation. As we will see later in this book, policy evaluation is an important step in many
reinforcement learning algorithms.

Another important concept, action value, was introduced to describe the value of
taking one action at a state. As we will see later in this book, action values play a
more direct role than state values when we attempt to find optimal policies. Finally, the
Bellman equation is not restricted to the reinforcement learning field. Instead, it widely
exists in many fields such as control theories and operation research. In different fields,
the Bellman equation may have different expressions. In this book, the Bellman equation
is studied under discrete Markov decision processes. More information about this topic

can be found in [2].

2.10 Q&A

¢ Q: What is the relationship between state values and returns?

A: The value of a state is the mean of the returns that can be obtained if the agent

starts from that state.
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2.10. Q&A

o Q: Why do we care about state values?

A: State values can be used to evaluate policies. In fact, optimal policies are defined

based on state values. This point will become clearer in the next chapter.
o Q: Why do we care about the Bellman equation?

A: The Bellman equation describes the relationships among the values of all states.

It is the tool for analyzing state values.
o Q: Why is the process of solving the Bellman equation called policy evaluation?

A: Solving the Bellman equation yields state values. Since state values can be used to
evaluate a policy, solving the Bellman equation can be interpreted as evaluating the

corresponding policy.
o Q: Why do we need to study the matrix-vector form of the Bellman equation?

A: The Bellman equation refers to a set of linear equations established for all the
states. To solve state values, we must put all the linear equations together. The

matrix-vector form is a concise expression of these linear equations.
¢ Q: What is the relationship between state values and action values?

A: On the one hand, a state value is the mean of the action values for that state. On
the other hand, an action value relies on the values of the next states that the agent

may transition to after taking the action.
o Q: Why do we care about the values of the actions that a given policy cannot select?

A: Although a given policy cannot select some actions, this does not mean that these
actions are not good. On the contrary, it is possible that the given policy is not good
and misses the best action. To find better policies, we must keep exploring different

actions even though some of them may not be selected by the given policy.
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Actor-Critic

Figure 3.1: Where we are in this book.

The ultimate goal of reinforcement learning is to seek optimal policies. 1t is, therefore,

necessary to define what optimal policies are. In this chapter, we introduce a core concept

and an important tool. The core concept is the optimal state value, based on which we

can define optimal policies. The important tool is the Bellman optimality equation, from

which we can solve the optimal state values and policies.

The relationship between the previous, present, and subsequent chapters is as follows.
The previous chapter (Chapter 2) introduced the Bellman equation of any given policy.
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3.1. Motivating example: How to improve policies?

The present chapter introduces the Bellman optimality equation, which is a special Bell-
man equation whose corresponding policy is optimal. The next chapter (Chapter 4) will
introduce an important algorithm called value iteration, which is exactly the algorithm
for solving the Bellman optimality equation as introduced in the present chapter.

Be prepared that this chapter is slightly mathematically intensive.

worth it because many fundamental questions can be clearly answered.

3.1 Motivating example: How to improve policies?

Figure 3.2: An example for demonstrating policy improvement.

Consider the policy shown in Figure 3.2. Here, the orange and blue cells represent the
forbidden and target areas, respectively. The policy here is not good because it selects ao

(rightward) in state s;. How can we improve the given policy to obtain a better policy?

S3—»

r=1

The answer lies in state values and action values.

o Intuition: Tt is intuitively clear that the policy can improve if it selects az (downward)

instead of ay (rightward) at s;. This is because moving downward enables the agent

to avoid entering the forbidden area.

o Mathematics: The above intuition can be realized based on the calculation of state

values and action values.

First, we calculate the state values of the given policy. In particular, the Bellman

equation of this policy is

Ua(81) = —1 4+ yua(s2),
Ur(s2) = +1+ Yvr(s4),
Ur(s3) = +1 + yux(s4),
Ur(s4) = +1 4+ v, (s4).

36

However, it is



3.2. Optimal state values and optimal policies

Let v =0.9. It can be easily solved that

Ur(84) = v:(83) = vz (52) = 10,

UW(Sl) = &.

Second, we calculate the action values for state s;:

¢r(s1,a1) = =1 + v (s1) = 6.2,
qr(51,02) = =1 4+ Y0z (s2) = 8
qr(s1,a3) = 0+ yvs(s3) =9,
qr(s1,a4) = =14+ vyv:(s1) = 6.2,
I (s1,a5) = 0+ yor(s1) = 7.2.

It is notable that action a3 has the greatest action value:

Gr(81,0a3) > qr(s1,a;), for all i # 3.
Therefore, we can update the policy to select ag at s;.

This example illustrates that we can obtain a better policy if we update the poli-
cy to select the action with the greatest action wvalue. This is the basic idea of many
reinforcement learning algorithms.

This example is very simple in the sense that the given policy is only not good for
state s;. If the policy is also not good for the other states, will selecting the action with
the greatest action value still generate a better policy? Moreover, whether there always
exist optimal policies? What does an optimal policy look like? We will answer all of

these questions in this chapter.

3.2 Optimal state values and optimal policies

While the ultimate goal of reinforcement learning is to obtain optimal policies, it is
necessary to first define what an optimal policy is. The definition is based on state
values. In particular, consider two given policies m; and 7. If the state value of m; is

greater than or equal to that of my for any state:
Un, (8) > vpy(s), forall s €S,

then 7 is said to be better than my. Furthermore, if a policy is better than all the other

possible policies, then this policy is optimal. This is formally stated below.
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3.3. Bellman optimality equation

Definition 3.1 (Optimal policy and optimal state value). A policy ©* is optimal if
U (8) > vg(8) for all s € S and for any other policy w. The state values of ™™ are the

optimal state values.

The above definition indicates that an optimal policy has the greatest state value
for every state compared to all the other policies. This definition also leads to many

questions:

¢ Existence: Does the optimal policy exist?
¢ Uniqueness: Is the optimal policy unique?
© Stochasticity: Is the optimal policy stochastic or deterministic?

¢ Algorithm: How to obtain the optimal policy and the optimal state values?

These fundamental questions must be clearly answered to thoroughly understand
optimal policies. For example, regarding the existence of optimal policies, if optimal
policies do not exist, then we do not need to bother to design algorithms to find them.

We will answer all these questions in the remainder of this chapter.

3.3 Bellman optimality equation

The tool for analyzing optimal policies and optimal state values is the Bellman optimality
equation (BOE). By solving this equation, we can obtain optimal policies and optimal
state values. We next present the expression of the BOE and then analyze it in detail.

For every s € S, the elementwise expression of the BOE is

o(s) = max Y rlals) (Zp<rrs,a>r +1 3wl a>v<8'>>
acA

reER s'eS

= max m(a|s)q(s, a), 3.1
) 3 alg(s.) (3.

where v(s), v(s") are unknown variables to be solved and

a(s,a) =) p(rls.a)r+7 ) p(s']s,a)u(s).

reR s'eS

Here, 7(s) denotes a policy for state s, and I1(s) is the set of all possible policies for s.

The BOE is an elegant and powerful tool for analyzing optimal policies. However,
it may be nontrivial to understand this equation. For example, this equation has two
unknown variables v(s) and m(als). It may be confusing to beginners how to solve two
unknown variables from one equation. Moreover, the BOE is actually a special Bellman
equation. However, it is nontrivial to see that since its expression is quite different from
that of the Bellman equation. We also need to answer the following fundamental questions
about the BOE.
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3.3. Bellman optimality equation

o Existence: Does this equation have a solution?
¢ Uniqueness: Is the solution unique?
¢ Algorithm: How to solve this equation?

¢ Optimality: How is the solution related to optimal policies?

Once we can answer these questions, we will clearly understand optimal state values and

optimal policies.

3.3.1 Maximization of the right-hand side of the BOE

We next clarify how to solve the maximization problem on the right-hand side of the
BOE in (3.1). At first glance, it may be confusing to beginners how to solve two unknown
variables v(s) and m(als) from one equation. In fact, these two unknown variables can

be solved one by one. This idea is illustrated by the following example.

Example 3.1. Consider two unknown variables x,y € R that satisfy

= 27 — 1 —1?).

7 = max(2z )
The first step is to solve y on the right-hand side of the equation. Regardless of the value
of ¥, we always have max,(2x — 1 — y?) = 2z — 1, where the mazimum is achieved when
y = 0. The second step is to solve x. When y = 0, the equation becomes x = 2x — 1,

which leads to x = 1. Therefore, y =0 and x = 1 are the solutions of the equation.  [J

We now turn to the maximization problem on the right-hand side of the BOE. The

BOE in (3.1) can be written concisely as

v(s) = max m(als)q(s,a), s€S.
()= _max, S n(ablals.)

Inspired by Example 3.1, we can first solve the optimal 7 on the right-hand side. How to

do that? The following example demonstrates its basic idea.

Example 3.2. Given qq,q,q3 € R, we would like to find the optimal values of ¢y, co, c3

to maximize
3

Z C;q; = C1q1 + C2G2 + C3G3,
i=1

where ¢ + co +c3 =1 and ¢, c,c3 > 0.
Without loss of generality, suppose that q3 > q1,q2. Then, the optimal solution is

c5=1and c; =c5=0. This is because
g3 = (c1 + 2+ ¢3)q3 = 13 + C2g3 + €303 = C1¢1 + C2G2 + €343

for any ¢, ca, c3. O
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3.3. Bellman optimality equation

Inspired by the above example, since ), w(a|s) = 1, we have

Zw(a|s)q(s,a) < Zw(a|s) max ¢(s,a) = maxq(s, a),

acA acA
acA acA
where equality is achieved when

1, a=a"
m(als) = 0, a+#a*

Here, a* = argmax, q(s,a). In summary, the optimal policy 7(s) is the one that selects

the action that has the greatest value of ¢(s, a).

3.3.2 Matrix-vector form of the BOE

The BOE refers to a set of equations defined for all states. If we combine these equations,
we can obtain a concise matrix-vector form, which will be extensively used in this chapter.
The matrix-vector form of the BOE is

v = max(r, + v7Pv), (3.2)

mell

where v € RI°l and max, is performed in an elementwise manner. The structures of 7,

and P, are the same as those in the matrix-vector form of the normal Bellman equation:

[rels = Y wlals) Y p(rls,a)r,  [Pasw = p(s'ls) = D m(als)p(s']s, a).

acA reR acA

Since the optimal value of 7 is determined by v, the right-hand side of (3.2) is a function
of v, denoted as
flv) = I?gﬁ((rw + vPv).

Then, the BOE can be expressed in a concise form as

v = f(v). (3.3)

In the remainder of this section, we show how to solve this nonlinear equation.

3.3.3 Contraction mapping theorem

Since the BOE can be expressed as a nonlinear equation v = f(v), we next introduce
the contraction mapping theorem [6] to analyze it. The contraction mapping theorem is
a powerful tool for analyzing general nonlinear equations. It is also known as the fixed-
point theorem. Readers who already know this theorem can skip this part. Otherwise,

the reader is advised to be familiar with this theorem since it is the key to analyzing the
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3.3. Bellman optimality equation

BOE.
Consider a function f(x), where z € R? and f : RY — R%. A point 2* is called a fized
point if
fla®) =a"
The interpretation of the above equation is that the map of z* is itself. This is the

reason why z* is called “fixed”. The function f is a contraction mapping (or contractive
function) if there exists v € (0, 1) such that

1f (1) = f@)l] < Allzr — 2l

for any z1, 2o € R In this book, || - || denotes a vector or matrix norm.

Example 3.3. We present three examples to demonstrate fixed points and contraction

mappings.

o x = f(x) =05z, z € R.
It is easy to verify that x = 0 is a fized point since 0 = 0.5-0. Moreover, f(x) = 0.5z
is a contraction mapping because ||0.5x1 — 0.5z| = 0.5||z1 — 22| < y||z1 — @2 for
any v € [0.5,1).

o x = f(x) = Az, where x € R", A € R™" and |A]| <~ < 1.
It is easy to verify that x = 0 is a fized point since 0 = A0. To see the contraction
property, |Azy — Awol| = [|A(z1 — z2)|| < [[Aflllzr — woll < Allz1 — w2l Therefore,
f(z) = Az is a contraction mapping.

o x = f(x)=0.5sinz, zr € R.
It is easy to see that x = 0 is a fized point since 0 = 0.58in0. Moreover, it follows

from the mean value theorem [7, 8/ that

0.5sinx; — 0.58in x5

= [0.5cosx3| < 0.5, x3 € [x1,2].
L1 — T2

As a result, |0.5sinzy — 0.5sinxzy| < 0.5|z1 — x| and hence f(x) = 0.5sinx is a

contraction mapping. O

The relationship between a fixed point and the contraction property is characterized

by the following classic theorem.

Theorem 3.1 (Contraction mapping theorem). For any equation that has the form x =
f(z) where x and f(x) are real vectors, if f is a contraction mapping, then the following

properties hold.

o Euxistence: There exists a fized point x* satisfying f(x*) = x*.
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3.3. Bellman optimality equation

o Uniqueness: The fized point x* is unique.

o Algorithm: Consider the iterative process:

Tr1 = f(xn),

where k =0,1,2,.... Then, xp — =¥ as k — oo for any initial guess xo. Moreover,

the convergence rate is exponentially fast.

The contraction mapping theorem not only can tell whether the solution of a nonlinear
equation exists but also suggests a numerical algorithm for solving the equation. The
proof of the theorem is given in Box 3.1.

The following example demonstrates how to calculate the fixed points of some equa-

tions using the iterative algorithm suggested by the contraction mapping theorem.

Example 3.4. Let us revisit the abovementioned examples: x = 0.5bx, x = Az, and
x = 0.5sinxz. While it has been shown that the right-hand sides of these three equations
are all contraction mappings, it follows from the contraction mapping theorem that they
each have a unique fized point, which can be easily verified to be x* = 0. Moreover, the

fixed points of the three equations can be iteratively solved by the following algorithms:

Tpy1 = 0.524,
Tpp1 = Ay,

Tr4+1 = 0.5sin xg,

gien any initial guess xg. 0

Box 3.1: Proof of the contraction mapping theorem

Part 1: We prove that the sequence {xy}32, with xy = f(xk_1) is convergent.

The proof relies on Cauchy sequences. A sequence x1,Ts,--- € R is called Cauchy
if for any small ¢ > 0, there exists N such that ||z,, — z,|| < € for all m,n > N.
The intuitive interpretation is that there exists a finite integer N such that all the
elements after N are sufficiently close to each other. Cauchy sequences are important
because it is guaranteed that a Cauchy sequence converges to a limit. Its convergence
property will be used to prove the contraction mapping theorem. Note that we must
have ||z, — z,|| < e for all m,n > N. If we simply have z,,3 — x, — 0, it is
insufficient to claim that the sequence is a Cauchy sequence. For example, it holds
that z,,1 — z, — 0 for x, = \/n, but apparently, x,, = \/n diverges.

We next show that {zx = f(xr_1)}32, is a Cauchy sequence and hence converges.
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3.3. Bellman optimality equation

First, since f is a contraction mapping, we have

lorer = 2ll = [1f (2x) = flee-2)ll < vllan = zpall

Similarly, we have ||z — zx—_1|| < y||xp—1 — Tp—2||, - - -, [|x2 —21|| < 7|21 — 20]|. Thus,

we have

[k r1 — zil] < llzk — 2

< YP||wpo1 — Tr—a|

< ’YkHiﬁ — Zo]|-

Since v < 1, we know that ||zy11 — x1|| converges to zero exponentially fast as k — oo
given any x1,zo. Notably, the convergence of {||xxy1 — x|/} is not sufficient for
implying the convergence of {x)}. Therefore, we need to further consider ||z, — x,||

for any m > n. In particular,

[Zm = Zall = [[Zm — Tmo1 + Tno1 — -+ = Tn1 + Tog1 — T
< lzm = el + -+ + (|20 — 24|
<A™z = @l + -+ " [l — o]
=" ("I 4+ D)l — o
e I R B e GRS || P |
o

As a result, for any e, we can always find N such that ||z, —x,| < e for allm,n > N.
Therefore, this sequence is Cauchy and hence converges to a limit point denoted as
¥ =limy_, Tk.

Part 2: We show that the limit x* = limy_, k. 1S a fixed point. To do that, since

£ (k) — zill = |Trss — zill < V|21 — 20,

we know that ||f(xx) — zx|| converges to zero exponentially fast. Hence, we have
f(x*) = x* at the limit.

Part 3: We show that the fixed point is unique. Suppose that there is another
fixed point 2’ satisfying f(z') = 2’. Then,

I = 2*|| = If (&) = f(=)I| < 7ll=" = =7
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3.3. Bellman optimality equation

Since vy < 1, this inequality holds if and only if ||2' — 2*|| = 0. Therefore, 2’ = z*.
Part 4: We show that x) converges to x* exponentially fast. Recall that ||z, —

Tl < %H% — ]|, as proven in (3.4). Since m can be arbitrarily large, we have

n

[o" =zl = Tim ||z — 2, < 1 = ol|
m—0o0

Since v < 1, the error converges to zero exponentially fast as n — co.

3.3.4 Contraction property of the right-hand side of the BOE

We next show that f(v) in the BOE in (3.3) is a contraction mapping. Thus, the con-

traction mapping theorem introduced in the previous subsection can be applied.

Theorem 3.2 (Contraction property of f(v)). The function f(v) on the right-hand side
of the BOE in (3.3) is a contraction mapping. In particular, for any vy, vy € RIS it holds
that

[f(v1) = f(v2)lloo < Yllv1 — v2|c0,

where v € (0,1) is the discount rate, and || - || is the mazimum norm, which is the

mazimum absolute value of the elements of a vector.

The proof of the theorem is given in Box 3.2. This theorem is important because we

can use the powerful contraction mapping theorem to analyze the BOE.

Box 3.2: Proof of Theorem 3.2

Consider any two vectors vy, v, € RIS, and suppose that 7} = arg max, (ry + vP,v;)
and 75 = arg max,(r; + 7Pvz). Then,

f(vl) = mfriX(Tﬂ + ’prvl) = rﬂf + P)/Pﬂfvl 2 Tn; + fYPTré‘Ula

f(v2) = Hle(?",r + ’}/PTI'UZ) = Tn; + ’YPWSIUQ 2 7ﬂrrf + F}/PTI'T'U27

where > is an elementwise comparison. As a result,

fv1) = f(v2) = Ty + YPrsv1 — (7 + Y Prsv2)
S Tﬂi‘ + Vowvl - (wa ar IVPWTUZ)
= Y Prs (v1 — v2).
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3.3. Bellman optimality equation

Similarly, it can be shown that f(vy) — f(v1) < vPr;(v2 — v1). Therefore,

Define
z = max { |7 Py (v1 — v2)|, |7 Prs (v1 — w2)|} € RIS,

where max(-), | - |, and > are all elementwise operators. By definition, z > 0. On the
one hand, it is easy to see that

—2 < YPrs(v1 —v2) < fv1) = fv2) < yPrr(v1 —v2) < 2,
which implies
|f(v1) = f(v2)] < 2.

It then follows that

1f (1) = fv2)lloo < l|2]loo; (3-5)

where || - || is the maximum norm.
On the other hand, suppose that z; is the ith entry of z, and p! and ¢! are the
ith row of Py and Py, respectively. Then,

Z; = max{ﬂp;fr(m - U2>|a7|qz'T(U1 —vg)l}-

Since p; is a vector with all nonnegative elements and the sum of the elements is

equal to one, it follows that
P! (1 —v2)| < Py Jor — o] < [|v1 — s
Similarly, we have |¢f (v; —v2)| < ||v1 — V2||0o. Therefore, z; < ¥||v; — v3]|oo and hence
I2lloc = max |z;] < y[lv1 — vaf|oo-
Substituting this inequality to (3.5) gives
1f (v1) = f(v2)lloe < Yllv1 — volloos

which concludes the proof of the contraction property of f(v).
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3.4 Solving an optimal policy from the BOE

With the preparation in the last section, we are ready to solve the BOE to obtain the

optimal state value v* and an optimal policy 7*.

¢ Solving v*: If v* is a solution of the BOE, then it satisfies
* - P’]T Y
v rilgﬁc(r + v Pv")

*

Clearly, v* is a fixed point because v* = f(v*). Then, the contraction mapping

theorem suggests the following results.

Theorem 3.3 (Existence, uniqueness, and algorithm). For the BOE v = f(v) =
maxqer(ry + YPv), there always erxists a unique solution v*, which can be solved

iteratively by
Vg1 = flog) = meal%((r,r +yPvg), k=0,1,2,....

The value of vy converges to v* exponentially fast as k — oo given any initial guess

Vo-

The proof of this theorem directly follows from the contraction mapping theorem since
f(v) is a contraction mapping. This theorem is important because it answers some

fundamental questions.

- Existence of v*: The solution of the BOE always exists.
- Uniqueness of v*: The solution v* is always unique.

- Algorithm for solving v*: The value of v* can be solved by the iterative algorithm
suggested by Theorem 3.3. This iterative algorithm has a specific name called
value iteration. Its implementation will be introduced in detail in Chapter 4. We

mainly focus on the fundamental properties of the BOE in the present chapter.

¢ Solving 7*: Once the value of v* has been obtained, we can easily obtain 7* by solving
T = arg glgﬁ((m + Y Prv). (3.6)
The value of 7* will be given in Theorem 3.5. Substituting (3.6) into the BOE yields
V' =1+ yPrev™.
Therefore, v* = v,- is the state value of 7*, and the BOE is a special Bellman equation

whose corresponding policy is 7*.
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At this point, although we can solve v* and 7*, it is still unclear whether the solution

is optimal. The following theorem reveals the optimality of the solution.

Theorem 3.4 (Optimality of v* and 7*). The solution v* is the optimal state value, and

*

7 4s an optimal policy. That is, for any policy , it holds that
vt = Vs 2> Ur,

where v, s the state value of m, and > is an elementwise comparison.

Now, it is clear why we must study the BOE: its solution corresponds to optimal state

values and optimal policies. The proof of the above theorem is given in the following box.

Box 3.3: Proof of Theorem 3.4

For any policy 7, it holds that
VUp = Tx + Y P,
Since
v = nrl;?bx(nr + YPv*) = 1pr + YPrev™ 2 1 + Y Pt
we have
V' — g 2 (rp + YPv*) — (rn + Y Prvg) = Y P (v* — vy).

Repeatedly applying the above inequality gives v* — v, > Y (v* — vy) > V2 P2(v* —
Vg) > oo > 4" Pr(v* — v,). It follows that

vt — vy > nh_}rgo Y'Pr(v* — v,) =0,

where the last equality is true because v < 1 and P is a nonnegative matrix with
all its elements less than or equal to 1 (because P*1 = 1). Therefore, v* > v, for

any .

We next examine 7* in (3.6) more closely. In particular, the following theorem shows

that there always exists a deterministic greedy policy that is optimal.

Theorem 3.5 (Greedy optimal policy). For any s € S, the deterministic greedy policy

(als) = { Loa=da(s), (3.7)
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3.4. Solving an optimal policy from the BOE

1s an optimal policy for solving the BOE. Here,
a*(s) = argmax q*(a, s),

where

q"(s;a) =Y plrls,a)r +7 ) p(sls,a)o"(s).

reR s'eS

Box 3.4: Proof of Theorem 3.5

While the matrix-vector form of the optimal policy is 7* = arg max, (r, + vy Pv*), its

elementwise form is

7*(s) = argmax » m(a|s) (Zp(r|s, a)r + -y Zp(s’\s, a)v*(s')) , seS.
aceA

mell
reR s'eS
TV
q*(s,a)

N

It is clear that ) _ ,7(als)q*(s,a) is maximized if 7(s) selects the action with the

greatest ¢*(s,a).

The policy in (3.7) is called greedy because it seeks the actions with the greatest

q*(s,a). Finally, we discuss two important properties of 7*.

¢ Uniqueness of optimal policies: Although the value of v* is unique, the optimal policy
that corresponds to v* may not be unique. This can be easily verified by counterex-

amples. For example, the two policies shown in Figure 3.3 are both optimal.

o Stochasticity of optimal policies: An optimal policy can be either stochastic or de-
terministic, as demonstrated in Figure 3.3. However, it is certain that there always

exists a deterministic optimal policy according to Theorem 3.5.

p=20.5

go=d

Figure 3.3: Examples for demonstrating that optimal policies may not be unique. The two policies are
different but are both optimal.
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3.5 Factors that influence optimal policies

The BOE is a powerful tool for analyzing optimal policies. We next apply the BOE to
study what factors can influence optimal policies. This question can be easily answered

by observing the elementwise expression of the BOE:

v(s) = max 7(als) (Zp(r]s, a)r+-y Zp(5'|s, a)v(s’)) , seS.
acA

ell
m(s)ell(s) S rerR s'eS

The optimal state value and optimal policy are determined by the following param-
eters: 1) the immediate reward r, 2) the discount rate v, and 3) the system model
p(s|s,a),p(r|s,a). While the system model is fixed, we next discuss how the optimal
policy varies when we change the values of r and ~. All the optimal policies presented
in this section can be obtained via the algorithm in Theorem 3.3. The implementation
details of the algorithm will be given in Chapter 4. The present chapter mainly focuses

on the fundamental properties of optimal policies.

A baseline example

Consider the example in Figure 3.4. The reward settings are Thoundary = Tforbidden = —1
and 7iarger = 1. In addition, the agent receives a reward of rypher = 0 for every movement
step. The discount rate is selected as v = 0.9.

With the above parameters, the optimal policy and optimal state values are given in
Figure 3.4(a). It is interesting that the agent is not afraid of passing through forbidden
areas to reach the target area. More specifically, starting from the state at (row=4,
column=1), the agent has two options for reaching the target area. The first option is to
avoid all the forbidden areas and travel a long distance to the target area. The second
option is to pass through forbidden areas. Although the agent obtains negative rewards
when entering forbidden areas, the cumulative reward of the second trajectory is greater
than that of the first trajectory. Therefore, the optimal policy is far-sighted due to the

relatively large value of ~.

Impact of the discount rate

If we change the discount rate from v = 0.9 to v = 0.5 and keep other parameters
unchanged, the optimal policy becomes the one shown in Figure 3.4(b). It is interesting
that the agent does not dare to take risks anymore. Instead, it would travel a long
distance to reach the target while avoiding all the forbidden areas. This is because the
optimal policy becomes short-sighted due to the relatively small value of ~.

In the extreme case where v = 0, the corresponding optimal policy is shown in

Figure 3.4(c). In this case, the agent is not able to reach the target area. This is
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1 2 3 4 5 1 2 3 4 5
1 — 11 5.8 5.6 6.2 6.5 5.8
| b
2 2| 6.5 7.2 8.0 7.2 6.5
e |
3 — — 3| 7.2 8.0 10.0 8.0 7.2
b
4 — — [e] -— -— 4| 8.0 10.0 | 10.0 | 10.0 8.0
5 T — T -— —_ 5 7.2 9.0 10.0 9.0 8.1
(a) Baseline example: Thoundary = Tforbidden = —1, Ttarget = 1, 7 = 0.9.
1 2 3 4 5 1 2 3 4 5
1 —_— —_— — — 1 11 0.0 0.0 0.0 0.0 0.0
2 1 1 — — 1 2| 0.0 0.0 0.0 0.0 0.1
3 1 -—_ — 3] 0.0 0.0 2.0 0.1 0.1
| |
4 I — O |+ 1 4] 0.0 2.0 2.0 2.0 0.2
5 I — I -— -— 5/ 0.0 1.0 2.0 1.0 0.5

(b) The discount rate is changed to v = 0.5. The other parameters are the same as those in (a).

1 2 3 4 5 1 2 3 4 5
1 o |— 11 0.0 0.0 0.0 0.0 0.0
! b
2 T l I (0] T 2| 0.0 0.0 0.0 0.0 0.0
3| O o o 3| 0.0 0.0 1.0 0.0 0.0
! !
4 1 —| O |=— T 41 0.0 1.0 1.0 1.0 0.0
5 T = I -— — 5/ 0.0 0.0 1.0 0.0 0.0

(¢) The discount rate is changed to v = 0. The other parameters are the same as those in (a).

1 2 3 4 5 1 2 3 4 5

1 — — — — 1 11 3.5 3.9 4.3 4.8 5.3

2 T 1 — — 2| 31 3.5 4.8 5.3 59
!

3 T -— — 3| 2.8 25 | 10.0 | 5.9 6.6
| !

4 T —| O |— 1 4/ 25 ]110.0 | 10.0 | 100 | 7.3

5 T — I -— — 5/ 2.3 90 | 100 | 9.0 8.1

(d) Tforbidden is changed from —1 to —10. The other parameters are the same as those in (a).

Figure 3.4: The optimal policies and optimal state values given different parameter values.

20



3.5. Factors that influence optimal policies

because the optimal policy for each state is extremely short-sighted and merely selects
the action with the greatest immediate reward instead of the greatest total reward.

In addition, the spatial distribution of the state values exhibits an interesting pattern:
the states close to the target have greater state values, whereas those far away have lower
values. This pattern can be observed from all the examples shown in Figure 3.4. It can
be explained by using the discount rate: if a state must travel along a longer trajectory

to reach the target, its state value is smaller due to the discount rate.

Impact of the reward values

If we want to strictly prohibit the agent from entering any forbidden area, we can increase
the punishment received for doing so. For instance, if 7opidgen i changed from —1 to
—10, the resulting optimal policy can avoid all the forbidden areas (see Figure 3.4(d)).
However, changing the rewards does not always lead to different optimal policies.
One important fact is that optimal policies are invariant to affine transformations of the
rewards. In other words, if we scale all the rewards or add the same value to all the

rewards, the optimal policy remains the same.

Theorem 3.6 (Optimal policy invariance). Consider a Markov decision process with
v* € RISl as the optimal state value satisfying v* = maxqcr(ry +yPrv*). If every reward
r € R is changed by an affine transformation to ar + B, where o, B € R and o > 0, then
the corresponding optimal state value v’ is also an affine transformation of v*:

B
=t + 1 3.8
v = au +1—'y’ (3.8)

where v € (0,1) is the discount rate and 1 = [1,...,1]T. Consequently, the optimal policy

derived from v' is invariant to the affine transformation of the reward values.

Box 3.5: Proof of Theorem 3.6

For any policy , define r, = [...,r:(s),...]T where

re(s) = Zﬁ(a|s) Zp(r|s,a)r, seS.

acA reR

If r — ar + B, then r.(s) — ary(s) + 8 and hence r, — ar, + 1, where 1 =
[1,...,1]7. In this case, the BOE becomes

v = maﬁ((myr + Bl +yP). (3.9)
TE
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3.5. Factors that influence optimal policies

We next solve the new BOE in (3.9) by showing that v' = av*+¢1 with ¢ = /(1 —7)

is a solution of (3.9). In particular, substituting v = av* 4 ¢l into (3.9) gives
av' +cl = maﬁc(omr + Bl + yPr(av* + 1)) = maﬁc(omr + A1 + ayPv* + cy1),
TE TE

where the last equality is due to the fact that P,1 = 1. The above equation can be

reorganized as

av* = maﬁ((om7r + ayPrv*) + B1 + ¢yl — 1,
€

™

which is equivalent to
Bl+cyl —cl =0.

Since ¢ = 3/(1—7), the above equation is valid and hence v" = av*+cl is the solution
of (3.9). Since (3.9) is the BOE, ¢/ is also the unique solution. Finally, since v’ is
an affine transformation of v*, the relative relationships between the action values
remain the same. Hence, the greedy optimal policy derived from v is the same as

that from v*: arg max,ep(r, + v P,v’) is the same as arg max,(r, + vP,v*).

Readers may refer to [9] for a further discussion on the conditions under which mod-

ifications to the reward values preserve the optimal policy.

Avoiding meaningless detours

In the reward setting, the agent receives a reward of roner = 0 for every movement
step (unless it enters a forbidden area or the target area or attempts to go beyond the
boundary). Since a zero reward is not a punishment, would the optimal policy take
meaningless detours before reaching the target? Should we set roher to be negative to

encourage the agent to reach the target as quickly as possible?

| ‘ ‘ | 90 10.0 | ‘ - | 90 8.1
: — O 2 10.0 10.0 2 — ©) 2 10.0 10.0
(a) Optimal policy (b) Non-optimal policy

Figure 3.5: Examples illustrating that optimal policies do not take meaningless detours due to the
discount rate.

Consider the examples in Figure 3.5, where the bottom-right cell is the target area
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3.6. Summary

to reach. The two policies here are the same except for state s,. By the policy in
Figure 3.5(a), the agent moves downward at s, and the resulting trajectory is sy — sy4.
By the policy in Figure 3.5(b), the agent moves leftward and the resulting trajectory is
Sg —> 81 — S3 — S4.

It is notable that the second policy takes a detour before reaching the target area. If
we merely consider the immediate rewards, taking this detour does not matter because
no negative immediate rewards will be obtained. However, if we consider the discounted
return, then this detour matters. In particular, for the first policy, the discounted return
1S

return = 1 4+~1 ++*14--- =1/(1 —v) = 10.

As a comparison, the discounted return for the second policy is
return = 0 4+~0 +?1 +~*1+--- =+2/(1 — ) = 8.1.

It is clear that the shorter the trajectory is, the greater the return is. Therefore, although
the immediate reward of every step does not encourage the agent to approach the target
as quickly as possible, the discount rate does encourage it to do so.

A misunderstanding that beginners may have is that adding a negative reward (e.g.,
—1) on top of the rewards obtained for every movement is necessary to encourage the
agent to reach the target as quickly as possible. This is a misunderstanding because
adding the same reward on top of all rewards is an affine transformation, which preserves
the optimal policy. Moreover, optimal policies do not take meaningless detours due to

the discount rate, even though a detour may not receive any immediate negative rewards.

3.6 Summary

The core concepts in this chapter include optimal policies and optimal state values. In
particular, a policy is optimal if its state values are greater than or equal to those of any
other policy. The state values of an optimal policy are the optimal state values. The BOE
is the core tool for analyzing optimal policies and optimal state values. This equation
is a nonlinear equation with a nice contraction property. We can apply the contraction
mapping theorem to analyze this equation. It was shown that the solutions of the BOE
correspond to the optimal state value and optimal policy. This is the reason why we need
to study the BOE.

The contents of this chapter are important for thoroughly understanding many funda-
mental ideas of reinforcement learning. For example, Theorem 3.3 suggests an iterative
algorithm for solving the BOE. This algorithm is exactly the value iteration algorithm
that will be introduced in Chapter 4. A further discussion about the BOE can be found
in [2].
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3.7 Q&A

o Q: What is the definition of optimal policies?

A: A policy is optimal if its corresponding state values are greater than or equal to

any other policy.
It should be noted that this specific definition of optimality is valid only for tabular

reinforcement learning algorithms. When the values or policies are approximated by
functions, different metrics must be used to define optimal policies. This will become

clearer in Chapters 8 and 9.
¢ Q: Why is the Bellman optimality equation important?

A: It is important because it characterizes both optimal policies and optimal state
values. Solving this equation yields an optimal policy and the corresponding optimal

state value.
¢ Q: Is the Bellman optimality equation a Bellman equation?

A: Yes. The Bellman optimality equation is a special Bellman equation whose corre-

sponding policy is optimal.
o Q: Is the solution of the Bellman optimality equation unique?

A: The Bellman optimality equation has two unknown variables. The first unknown
variable is a value, and the second is a policy. The value solution, which is the optimal
state value, is unique. The policy solution, which is an optimal policy, may not be

unique.

¢ Q: What is the key property of the Bellman optimality equation for analyzing its

solution?

A: The key property is that the right-hand side of the Bellman optimality equation is
a contraction mapping. As a result, we can apply the contraction mapping theorem

to analyze its solution.
¢ Q: Do optimal policies exist?

A: Yes. Optimal policies always exist according to the analysis of the BOE.
o Q: Are optimal policies unique?

A: No. There may exist multiple or infinite optimal policies that have the same

optimal state values.
¢ Q: Are optimal policies stochastic or deterministic?

A: An optimal policy can be either deterministic or stochastic. A nice fact is that

there always exist deterministic greedy optimal policies.
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o Q: How to obtain an optimal policy?

A: Solving the BOE using the iterative algorithm suggested by Theorem 3.3 yields an
optimal policy. The detailed implementation of this iterative algorithm will be given
in Chapter 4. Notably, all the reinforcement learning algorithms introduced in this

book aim to obtain optimal policies under different settings.

¢ Q: What is the general impact on the optimal policies if we reduce the value of the

discount rate?

A: The optimal policy becomes more short-sighted when we reduce the discount rate.
That is, the agent does not dare to take risks even though it may obtain greater

cumulative rewards afterward.
¢ Q: What happens if we set the discount rate to zero?

A: The resulting optimal policy would become extremely short-sighted. The agent
would take the action with the greatest immediate reward, even though that action

is not good in the long run.

o Q: If we increase all the rewards by the same amount, will the optimal state value

change? Will the optimal policy change?

A: Increasing all the rewards by the same amount is an affine transformation of the
rewards, which would not affect the optimal policies. However, the optimal state value

would increase, as shown in (3.8).

o Q: If we hope that the optimal policy can avoid meaningless detours before reaching
the target, should we add a negative reward to every step so that the agent reaches

the target as quickly as possible?

A: First, introducing an additional negative reward to every step is an affine transfor-
mation of the rewards, which does not change the optimal policy. Second, the discount
rate can automatically encourage the agent to reach the target as quickly as possible.
This is because meaningless detours would increase the trajectory length and reduce

the discounted return.
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Chapter 4

Value Iteration and Policy Iteration

Algorithms/Methods

Chapter 4: . Chapter 5: Chapter 6:
with model :
Value Iteration & to Monte Carlo StOChaStl(.:
Policy Iteration T et Methods Approximation

Chapter 7:
Temporal-Difference
Chapter 2: Methods
Bellman Equation

Chapter 3:
Bellman Optimality
Equation

tabular representation

function representation

Chapter 1:
Basic Concepts
Chapter 8:
Value Function

Fundamental tools Methods

Chapter 10: . Chapter 9:
" policy-based . .
Actor-Critic plus Policy Gradient
Methods value-based Methods

Figure 4.1: Where we are in this book.

With the preparation in the previous chapters, we are now ready to present the first

algorithms that can find optimal policies. This chapter introduces three algorithms that

are closely related to each other. The first is the value iteration algorithm, which is

exactly the algorithm suggested by the contraction mapping theorem for solving the

Bellman optimality equation as discussed in the last chapter. We focus more on the

implementation details of this algorithm in the present chapter. The second is the policy

iteration algorithm, whose idea is widely used in reinforcement learning algorithms. The

third is the truncated policy iteration algorithm, which is a unified algorithm that includes

the value iteration and policy iteration algorithms as special cases.
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4.1. Value iteration

The algorithms introduced in this chapter are called dynamic programming algorithms
[10,11], which require the system model. These algorithms are important foundations of
the model-free reinforcement learning algorithms introduced in the subsequent chapters.
For example, the Monte Carlo algorithms introduced in Chapter 5 can be immediately

obtained by extending the policy iteration algorithm introduced in this chapter.

4.1 Value iteration

This section introduces the value iteration algorithm. It is exactly the algorithm suggested
by the contraction mapping theorem for solving the Bellman optimality equation, as

introduced in the last chapter (Theorem 3.3). In particular, the algorithm is
Vg1 = maﬁ((r7r +yPovg), k=0,1,2,...
TE

It is guaranteed by Theorem 3.3 that v, and 7, converge to the optimal state value and
an optimal policy as k — 0o, respectively.

This algorithm is iterative and has two steps in every iteration.

o The first step in every iteration is a policy update step. Mathematically, it aims to

find a policy that can solve the following optimization problem:
Try1 = argmax(r, + vPruy),

where v, is obtained in the previous iteration.

¢ The second step is called a value update step. Mathematically, it calculates a new

value vgy1 by

Uk—|—1 - r7rk+1 + ’yPWk+1Uk7 (41)

where vi1 will be used in the next iteration.

The value iteration algorithm introduced above is in a matrix-vector form. To im-
plement this algorithm, we need to further examine its elementwise form. While the
matrix-vector form is useful for understanding the core idea of the algorithm, the ele-

mentwise form is necessary for explaining the implementation details.

4.1.1 Elementwise form and implementation

Consider the time step k£ and a state s.
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4.1. Value iteration

o First, the elementwise form of the policy update step w11 = argmax,(r, + vPrvx) is

Tr1(8) = arg Hlf?XZﬂ'(CL’S) (Zp(r\s, a)r + 72]}(5’]3, a)vk(s’)>, seS.

-

ka;a)
We showed in Section 3.3.1 that the optimal policy that can solve the above optimiza-

tion problem is

1, a=ajp(s),

0, o ails) 42

Th1(als) = {
where a;(s) = argmax, ¢x(s,a). If aj(s) = argmax, qx(s,a) has multiple solutions,
we can select any of them without affecting the convergence of the algorithm. Since
the new policy 71 selects the action with the greatest gx (s, a), such a policy is called

greedy.

o Second, the elementwise form of the value update step vy 1 =1z, +vPr,, Uk is

/

vrp1(s) = Zﬂk+1(a|s) (Zp(r]s, a)r + ’yZp(s’|s, a)vk(s')> , seS.

qx(s,a)

Substituting (4.2) into the above equation gives
Vgr1(s) = max qx (s, a).
In summary, the above steps can be illustrated as
vk(s) = qx(s,a) = new greedy policy 741(s) — new value vyy1(s) = max qr(s,a)

The implementation details are summarized in Algorithm 4.1.

One problem that may be confusing is whether vy in (4.1) is a state value. The
answer is no. Although v, eventually converges to the optimal state value, it is not
ensured to satisfy the Bellman equation of any policy. For example, it does not satisfy
Vg = Ty + Y Pr Uk OF Uy = 77, + 7P, vy in general. It is merely an intermediate value
generated by the algorithm. In addition, since v is not a state value, ¢, is not an action

value.

4.1.2 Illustrative examples

We next present an example to illustrate the step-by-step implementation of the value

iteration algorithm. This example is a two-by-two grid with one forbidden area (Fig-
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4.1. Value iteration

Algorithm 4.1: Value iteration algorithm

Initialization: The probability models p(r|s,a) and p(s'|s,a) for all (s,a) are known.
Initial guess vyg.

Goal: Search for the optimal state value and an optimal policy for solving the Bellman
optimality equation.

While vy, has not converged in the sense that ||vy — v,_1]| is greater than a predefined
small threshold, for the kth iteration, do
For every state s € S, do
For every action a € A(s), do
g-value: gi(s,a) = 3, p(rls,a)r +7 32, p(s']s, a)ur(s)

Maximum action value: a}(s) = argmax, ¢x(s, a)

Policy update: m1(als) =1 if a = aj, and m41(als) = 0 otherwise

Value update: vi,1(s) = max, qx(s, a)

g-table a, ao as ay as
1 —1+7v(s1) | =14+v(s2) | 0+7v(s3) | —=14+~v(s1) | 0+ ~v(sy)
So —14+v(se) | =1+~yv(s2) | 14+v(ss) | 0O+~v(s1) | =1+ vyv(ss)
S3 0+v(s1) | 14+7v(ss) | —14+~yv(s3) | —1+v(s3) | 04 yv(s3)
S4 —14+v(se) | =1 +7v(ss) | =14+ yv(ss) | O+7v(s3) | 14 yv(sy)
Table 4.1: The expression of ¢(s,a) for the example as shown in Figure 4.2.
ure 4.2). The target area is s,. The reward settings are rpoundary = Tforbidden = —1 and

Ttarget = 1. The discount rate is v = 0.9.

S1 S @ Sf sll Sf
S3 S4 S53—» S53—»

Figure 4.2: An example for demonstrating the implementation of the value iteration algorithm.

The expression of the g-value for each state-action pair is shown in Table 4.1.

o k=0
Without loss of generality, select the initial values as vy(s1) = vo(s2) = wvo(s3) =
’UQ(S4) =0.

q-value calculation: Substituting wvg(s;) into Table 4.1 gives the g-values shown in
Table 4.2.
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4.1. Value iteration

g-table | a; as as ay as
S1 —1 —1 0 —1 0
S9 —1 —1 1 0 —1
S3 0 1 —1 —1 0
S4 —1 —1 -1 0 1

Table 4.2: The value of ¢(s,a) at k = 0.

g-table | a; as as ay as
$1 —14+~40 | —=1+~1 | 0+~1 —1+~0 ] 0+~0
S9 —1+~1 | =14+~1|1+4+~91 0+~0 1471
S3 0+~0 14791 —1+~91 | -14+~1|0+~1
S4 1491 -1+l | =141 | 0+~1 14+791

Table 4.3: The value of ¢(s,a) at k = 1.

Policy update: m; is obtained by selecting the actions with the greatest g-values for
every state:

7T1(a5|81) = ]., 7T1(CL3|82) = 1, 7T1(a2’83) = 1, 771<CL5|S4) =1.
This policy is visualized in Figure 4.2 (the middle subfigure). It is clear that this
policy is not optimal because it selects to stay still at s;. Notably, the g-values for

(s1,a5) and (s1,a3) are actually the same, and we can randomly select either action.

Value update: v, is obtained by updating the v-value to the greatest g-value for each
state:

v1(s1) =0, vi(s2) =1, wvi(s3) =1, wvi(sy) =1

k=1

q-value calculation: Substituting v;(s;) into Table 4.1 yields the g-values shown in
Table 4.3.

Policy update: w5 is obtained by selecting the greatest g-values:

7T2(a3|51) = 1, 7T2(a3’52) = 1, 7T2(CL2’83) = 1, 7TQ<0/5‘84> =1.

This policy is visualized in Figure 4.2 (the right subfigure).

Value update: vs is obtained by updating the v-value to the greatest g-value for each
state:

va(s1) =1, wa(s2) =141, wva(s3) =141, we(sq) =141

o k=2,34,...

It is notable that policy s, as illustrated in Figure 4.2, is already optimal. Therefore, we
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4.2. Policy iteration

only need to run two iterations to obtain an optimal policy in this simple example. For
more complex examples, we need to run more iterations until the value of vy converges

(e.g., until ||vgs; — v || is smaller than a pre-specified threshold).

4.2 Policy iteration

This section presents another important algorithm: policy iteration. Unlike value itera-
tion, policy iteration is not for directly solving the Bellman optimality equation. However,
it has an intimate relationship with value iteration, as shown later. Moreover, the idea
of policy iteration is very important since it is widely utilized in reinforcement learning

algorithms.

4.2.1 Algorithm analysis

Policy iteration is an iterative algorithm. Each iteration has two steps.

o The first is a policy evaluation step. As its name suggests, this step evaluates a given
policy by calculating the corresponding state value. That is to solve the following

Bellman equation:
Uny = T, + VP VUry s (4.3)

where 7, is the policy obtained in the last iteration and v, is the state value to be

calculated. The values of 7, and P;, can be obtained from the system model.

© The second is a policy improvement step. As its name suggests, this step is used to
improve the policy. In particular, once v,, has been calculated in the first step, a new

policy 741 can be obtained as

Tt1 = argmax(ry + v Prvs, ).

Three questions naturally follow the above description of the algorithm.

¢ In the policy evaluation step, how to solve the state value vy, 7
¢ In the policy improvement step, why is the new policy w1 better than ;7

¢ Why can this algorithm finally converge to an optimal policy?

We next answer these questions one by one.

In the policy evaluation step, how to calculate v, ?

We introduced two methods in Chapter 2 for solving the Bellman equation in (4.3).

We next revisit the two methods briefly. The first method is a closed-form solution:
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4.2. Policy iteration

Ur, = (I=Py,) 'ry,. This closed-form solution is useful for theoretical analysis purposes,
but it is inefficient to implement since it requires other numerical algorithms to compute
the matrix inverse. The second method is an iterative algorithm that can be easily
implemented:

Ut — I + 7P oV 5 =0,1,2, ... (4.4)

T Tk~ )

where v,(rjk) denotes the jth estimate of v, . Starting from any initial guess U7(1-?€), it is

ensured that U,(rjk) — Up, as j — 00. Details can be found in Section 2.7.

Interestingly, policy iteration is an iterative algorithm with another iterative algorithm
(4.4) embedded in the policy evaluation step. In theory, this embedded iterative algorithm
requires an infinite number of steps (that is, j — 00) to converge to the true state value
vr,. This is, however, impossible to realize. In practice, the iterative process terminates
when a certain criterion is satisfied. For example, the termination criterion can be that
Hw(r],jl) — vé? || is less than a prespecified threshold or that j exceeds a prespecified value.
If we do not run an infinite number of iterations, we can only obtain an imprecise value
of v, , which will be used in the subsequent policy improvement step. Would this cause
problems? The answer is no. The reason will become clear when we introduce the

truncated policy iteration algorithm later in Section 4.3.

In the policy improvement step, why is 7., better than ;7

The policy improvement step can improve the given policy, as shown below.
Lemma 4.1 (Policy improvement). If 7,41 = argmaxy (ry + vPrvr, ), then vq, ., > vn, .

Here, vg,,, > vy, means that vy, ,(s) > vg, (s) for all s. The proof of this lemma is

given in Box 4.1.

Box 4.1: Proof of Lemma 4.1

Since vy, ., and vy, are state values, they satisfy the Bellman equations:

Uﬂ'k+1 = rﬂk+1 + 7P7l'k+1vﬂ'k+17

Up, = T, + VP, VUn,-
Since T = argmax,(r, + 7Py, ), we know that

Treer T '7P7rk+1v7rk 2 Ty + VP, Uny -
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4.2. Policy iteration

It then follows that

Urp = Umyr = (Tﬂk + PYPTUCUM) - (rﬂ'kJrl + 7Pﬂk+1vﬂk+1)
S (Tﬂk+1 + fyPWk-',-lvﬂ’k) - (Tﬂk+1 + ’VPFk+1U7Tk+1)

rYPWk+1 (Uﬂ'k - Uﬁk+1)'

IA

Therefore,

e Umpyq < ’YQPQ (Uﬂk - UWk«H) S S ’ynPn (Uﬂ'k - /U7Tk+1)

Ur Th41 Th+1

: n pn o
< lim y*Pr | (0n, = Umy,) = 0.

The limit is due to the facts that v — 0 as n — oo and Pr. ., is a nonnegative
stochastic matrix for any n. Here, a stochastic matrix refers to a nonnegative matrix

whose row sums are equal to one for all rows.

Why can the policy iteration algorithm eventually find an optimal policy?

The policy iteration algorithm generates two sequences. The first is a sequence of policies:
{mo,m1,..., T, ... }. The second is a sequence of state values: {vry, Vryy---sVnp,--- }-
Suppose that v* is the optimal state value. Then, v,, < v* for all k. Since the policies

are continuously improved according to Lemma 4.1, we know that
Ung val S/U’TI'Q S <U7r

Since v,, is nondecreasing and always bounded from above by v*, it follows from the
monotone convergence theorem [12] (Appendix C) that v,, converges to a constant value,

denoted as v,,, when k& — 0o. The following analysis shows that v,, = v*.

Theorem 4.1 (Convergence of policy iteration). The state value sequence {vy, }72, gen-
erated by the policy iteration algorithm converges to the optimal state value v*. As a

result, the policy sequence {m}32, converges to an optimal policy.

The proof of this theorem is given in Box 4.2. The proof not only shows the conver-
gence of the policy iteration algorithm but also reveals the relationship between the policy
iteration and value iteration algorithms. Loosely speaking, if both algorithms start from
the same initial guess, policy iteration will converge faster than value iteration due to
the additional iterations embedded in the policy evaluation step. This point will become

clearer when we introduce the truncated policy iteration algorithm in Section 4.3.
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Box 4.2: Proof of Theorem 4.1

The idea of the proof is to show that the policy iteration algorithm converges faster
than the value iteration algorithm.
In particular, to prove the convergence of {v,, }72,, we introduce another sequence

{vk}32, generated by
Vpr1 = flog) = mfux(mr + yPrug).

This iterative algorithm is exactly the value iteration algorithm. We already know
that vy converges to v* when given any initial value vy.

For k = 0, we can always find a vy such that v, > vy for any 7.

We next show that v, < v, < v* for all £ by induction.

For k£ > 0, suppose that v, > vy.

For k + 1, we have

Uﬂk_'.l - ,Uk;-‘rl = (rﬂk+1 + ’yPWk+1U7Tk+1) - mT?‘X(TW + ')’Pka)
Z (rﬂ'k+1 + ,}/P’/’l'k_t,_lvﬂ'k) - mT?'X(rﬂ' + ,yPﬂ',Uk’)
(because Urpsr = Ur,, by Lemma 4.1 and Py, > 0)
- (Tﬂk+1 + ’7P7rk+1v7fk) - (Tﬂ,; + VPn;cUIO
(suppose 7, = arg max(r, + fyP,Tvk))
Z (7’711c + ’)/Pﬂ’;cvﬂk> - (Tﬂfc + ’)/Pﬂ;cvk)
(because Tpy1 = arg max(r, + fyPﬂvﬂk))
= Pt (Ur,, — Vk)-
Since vr, — vx > 0 and PW;c is nonnegative, we have Pﬂ;c(v,rk — v) > 0 and hence
Uryy — Vk1 = 0.

Therefore, we can show by induction that vy < v, < v* for any £ > 0. Since vy

converges to v*, v, also converges to v*.

k

4.2.2 Elementwise form and implementation

To implement the policy iteration algorithm, we need to study its elementwise form.

¢ First, the policy evaluation step solves v, from v, = 7, + VP vs by using the
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Algorithm 4.2: Policy iteration algorithm

Initialization: The system model, p(r|s,a) and p(s'|s,a) for all (s,a), is known. Initial
guess 7.
Goal: Search for the optimal state value and an optimal policy.

While v, has not converged, for the kth iteration, do
Policy evaluation:
Initialization: an arbitrary initial guess vSr?c)

While U,(rjk) has not converged, for the jth iteration, do
For every state s € S, do

W () = X2, mulals) |32, p(rls, a)r + 5 X, p(s')s, @)l (s)
Policy improvement:
For every state s € S, do
For every action a € A, do
qm<87 a) = Zr p(T’|S, CL)T + Y Zs’ p(8/|87 a)vﬂk (3/)
ap(s) = argmax, gr, (s, a)
Tr+1(als) = 1if a = aj, and m11(a|s) = 0 otherwise

iterative algorithm in (4.4). The elementwise form of this algorithm is

WV (s) = T m(als) (zmms,a)r N va(S’\S,a)vﬁi)(S’)> Cses

where j =0,1,2,....

o Second, the policy improvement step solves 711 = argmax,(r, + vPv; ). The

elementwise form of this equation is

The1(s) = arg mngw(ab) (Zp(r|s, a)r + vzp(s']s, a)vm(s')), ses§,

J/

qry, (s,a)

where ¢, (s,a) is the action value under policy 7. Let a}(s) = argmax, ¢, (s, a).
Then, the greedy optimal policy is

1, a=ap(s),

Tr+1(als) :{ 0, a+a(s).

The implementation details are summarized in Algorithm 4.2.
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4.2. Policy iteration

4.2.3 Illustrative examples

A simple example

Consider a simple example shown in Figure 4.3. There are two states with three possible
actions: A = {ay,ap,a.}. The three actions represent moving leftward, staying un-
changed, and moving rightward. The reward settings are rpoundary = —1 and Tiarger = 1.
The discount rate is v = 0.9.

-5 859 S1—> @

(a) (®)

Figure 4.3: An example for illustrating the implementation of the policy iteration algorithm.

We next present the implementation of the policy iteration algorithm in a step-by-step
manner. When k = 0, we start with the initial policy shown in Figure 4.3(a). This policy
is not good because it does not move toward the target area. We next show how to apply

the policy iteration algorithm to obtain an optimal policy.

o First, in the policy evaluation step, we need to solve the Bellman equation:

Uﬂo(sl) =—-1+ 7“#0(31)7
Uro(82) = 0+ Yvry(51).

Since the equation is simple, it can be manually solved that
Umo(51) = —10, gy (52) = —9.

In practice, the equation can be solved by the iterative algorithm in (4.4). For example,

select the initial state values as vgr?))(sl) = 117(8)(32) = 0. It follows from (4.4) that

vl (s1) = =1 + 70l (s1) = —1,
{ vk (52) = 0+ i) (51) = 0,
v%)(sl) =—-1+ yv%)(sl) = —1.9,
{ vl (52) = 0+ i (s1) = —0.9,
{ v,(r?(sl) =—14+ 71}7(%)(81) = —2.71,
vl (52) = 0+ vl (s1) = —1.71,
With more iterations, we can see the trend: v%)(sl) — VU, ($1) = —10 and v,(r%)(s2) —
Umo(S2) = —9 as j increases.
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4.2. Policy iteration

o Second, in the policy improvement step, the key is to calculate ¢, (s,a) for each

state-action pair. The following g-table can be used to demonstrate such a process:

qry, (57 CL) Ay Qg ay
S1 -1 +7U7Fk<51) 0+7U7Fk<51> 1 +7U7Fk(82)
S2 0+ VVmy, (51) 1+ 7”%(32) -1+ YVry, (52)

Table 4.4: The expression of ¢, (s,a) for the example in Figure 4.3.

Substituting v, (s1) = —10,v,,(s2) = —9 obtained in the previous policy evaluation
step into Table 4.4 yields Table 4.5.

QW0(87 CL) ay ap Ay
$1 —-10| =9 | —7.1
52 9 [ —71] —91

Table 4.5: The value of ¢, (s,a) when k = 0.
By seeking the greatest value of ¢, the improved policy m; can be obtained as
mi(ays1) =1, mi(agls:) = 1.
This policy is illustrated in Figure 4.3(b). It is clear that this policy is optimal.

The above process shows that a single iteration is sufficient for finding the optimal

policy in this simple example. More iterations are required for more complex examples.

A more complicated example

We next demonstrate the policy iteration algorithm using a more complicated example
shown in Figure 4.4. The reward settings are rpoundary = —1, Tforbidden = —10, and ryarger =
1. The discount rate is v = 0.9. The policy iteration algorithm can converge to the
optimal policy (Figure 4.4(h)) when starting from a random initial policy (Figure 4.4(a)).

Two interesting phenomena are observed during the iteration process.

o First, if we observe how the policy evolves, an interesting pattern is that the states
that are close to the target area find the optimal policies earlier than those far away.
Only if the close states can find trajectories to the target first, can the farther states

find trajectories passing through the close states to reach the target.

¢ Second, the spatial distribution of the state values exhibits an interesting pattern: the
states that are located closer to the target have greater state values. The reason for
this pattern is that an agent starting from a farther state must travel for many steps
to obtain a positive reward. Such rewards would be severely discounted and hence

relatively small.
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4.3. Truncated policy iteration

1 2 3 4 5 1 2 3 4 5 4 5 1 2 3 4 5
e ° o o © |1 00 | 00| 00| 00| 00 ~— |— |1 00|00 | 00| 00|00
2| © o o ) © |2 00 [-100.0/-100.0| 0.0 | 0.0 i 00 [ 00 | 00 | 00 | 00
s o o o ) © |3 00 | 00 |-100.0| 00 | 0.0 o © |3 00 | 00 |100 | 00 | 00
4 o o o o o |4 00 [-100.0| 10.0 [-100.0| 0.0 — | 0.0 | 10.0 | 10.0 | 100 | 0.0
5| O o o o o |s| 00 [-1000| 0.0 | 00 | 0.0 —| o |s 00 | 90 |100]| 00 | 00

a) mo and vy, b) m; and v,
0 0 1

1 2 3 4 5 1 2 3 4 5 4 5 1 2 3 4 5
1| o o —| o © |1 00 | 00| 00| 00 | 00 — © |1 00 | 00| 00| 00| 00
2| o I I l -— 2/ 00 | 00 | 00 | 00 | 0.0 T — 2| 00 | 0.0 [ 00 | 00 0.0
3 - | —|~— |3/ 00 | 00 [100| 00 | 00 | 3 00 | 00 [10.0 | 00 | 00
Al —| o |— © |4 00 [100 | 10.0 | 100 | 0.0 — | 0.0 | 10.0 | 10.0 | 100 | 7.3
J | S I P, 00 | 90 | 100 | 90 | 00 ~— |— |s 00| 90 |100]| 90 | 81

(c) mo and v, (d) w3 and vy,

1 2 3 4 5 1 2 3 4 5 4 5 1 2 3 4 5
1| o |— |— o || 00 | 00 | 00 | 00 | 00 | ] 00 | 00 | 43 | 48 | 43
2| o | —| —|— |2 00 [ 00| 00 | 00 | 00 | | |7 o° 0.0 | 48 | 53 | 59
s| o |— | o B 0.0 | 00 | 100 | 00 | 66 —| | |3 00|00 100 | 59 | 66
J 1 —| o |— e 0.0 | 10.0 | 10.0 | 100 | 7.3 — | 0.0 | 10.0 | 10.0 | 100 | 7.3
J | | I PR B 0.0 | 90 | 100 | 90 | 8.1 ~— |=— |s 00| 90 |100]| 90 | 81

(e) m4 and v, (f) 75 and vy,

1 2 3 4 5 1 2 3 4 5 4 5 1 2 3 4 5
1) — = — | | 11 35 | 39 | 43 | 48 | 53 l | 1135 | 39 | 43 | 48 | 53
o ! ! = || 31 | 35 | 48 | 53 | 59 | || 31 | 35 | 48 | 53 | 59
3 ! o | =l 28 | 00 | 100 | 59 | 66 =l 28 | 25 | 100 | 59 | 66
4 o —| o |— | 0.0 [10.0 | 10.0 | 100 | 7.3 — | |4 28 10.0 | 10.0 | 100 | 7.3
s| O S I PR P 00 | 90 | 100 | 90 | 8.1 — |— |5 23| 90 |100]| 90 | 81

(g) T and vy,

(h) w0 and vy,

Figure 4.4: The evolution processes of the policies generated by the policy iteration algorithm.
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4.3. Truncated policy iteration

4.3 Truncated policy iteration

We next introduce a more general algorithm called truncated policy iteration. We will
see that the value iteration and policy iteration algorithms are two special cases of the

truncated policy iteration algorithm.

4.3.1 Comparing value iteration and policy iteration

First of all, we compare the value iteration and policy iteration algorithms by listing their

steps as follows.

o Policy iteration: Select an arbitrary initial policy my. In the kth iteration, do the

following two steps.

- Step 1: Policy evaluation (PE). Given 7, solve v,, from
VUpp = T + VP, U, -
- Step 2: Policy improvement (PI). Given vy, , solve 741 from
Tpy1 = arg m;mx(r,r + YPrvg, ).

¢ Value iteration: Select an arbitrary initial value vy. In the kth iteration, do the

following two steps.

- Step 1: Policy update (PU). Given vy, solve 1, from
eyl = arg rnftx(r,r + v Pruy).
- Step 2: Value update (VU). Given 7y, 1, solve vgyq from
Vg4l = Ty + VP, Uk

The above steps of the two algorithms can be illustrated as

Policv i . PE PI PE PI PE PI
olicy 1teration: my ——Uy, —> M1 — Uy, —> Mg —> Uy, —

. . PU  _, VU PU _, VU PU
Value iteration: Vg —> T —> V] —> Ty —> Uy —> ...

It can be seen that the procedures of the two algorithms are very similar.

We examine their value steps more closely to see the difference between the two
algorithms. In particular, let both algorithms start from the same initial condition:
Ugp = Un,. The procedures of the two algorithms are listed in Table 4.6. In the first

three steps, the two algorithms generate the same results since vy = v,,. They become
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4.3. Truncated policy iteration

Policy iteration algorithm Value iteration algorithm Comments

1) Policy: | mo N/A

2) Value: | vny = Try + 7 Pro Vo Vo = Ury

3) Policy: | m = argmax,(ry + YPrvr,) | 1 = argmax,(rr + yPrvo) | The two policies are
the same

4) Value: | v, = rny + YPr, Uny V1 = Tr, +vPr V0 Ur, > U1 since
Uy 2 Uryg

5) Policy: | mq = argmax,(ry + YPrvy,) | 7h = argmax, (1, + yPrv1)

Table 4.6: A comparison between the implementation steps of policy iteration and value iteration.

different in the fourth step. During the fourth step, the value iteration algorithm executes

U1 = Tm, + 77 Pr,vo, which is a one-step calculation, whereas the policy iteration algorithm

solves v, = 1r, +7Pr, Ur,, which requires an infinite number of iterations. If we explicitly

write out the iterative process for solving v, = 7., +7v P, vr, in the fourth step, everything

(0)

becomes clear. By letting vy, = vy, we have

0) _
’Uﬂ.l = Vg

value iteration < v; +— vl = Tr + VP, vl

T ™1 Yy

v = 4 yP oM

™ T

vfﬂ? =1y, + P oYU

17

truncated policy iteration < v +—

policy iteration - v, +— vl = Ty + VPr ()

™1 177

The following observations can be obtained from the above process.

(1)

o If the iteration is run only once, then vz, is actually v, as calculated in the value
iteration algorithm.

o If the iteration is run an infinite number of times, then vfrolo) is actually v,,, as calcu-
lated in the policy iteration algorithm.

o If the iteration is run a finite number of times (denoted as jiruncate), then such an algo-

rithm is called truncated policy iteration. It is called truncated because the remaining

iterations from jiuncate t0 00 are truncated.

As a result, the value iteration and policy iteration algorithms can be viewed as two

extreme cases of the truncated policy iteration algorithm: value iteration terminates
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4.3. Truncated policy iteration

Algorithm 4.3: Truncated policy iteration algorithm

Initialization: The probability models p(r|s,a) and p(s'|s,a) for all (s,a) are known.
Initial guess 7.
Goal: Search for the optimal state value and an optimal policy.

While v;, has not converged, for the kth iteration, do
Policy evaluation:
Initialization: select the initial guess as v,(co) = Vr_1. The maximum number of
iterations is set as Jiruncate-
Whlle ] < jtruncate, dO
For every state s € S, do
o0 s) = 2, milals) [, prls. a)r + 7 Sy pls'ls a)o ()

_ (jtruncate)
Set v = vy

Policy improvement:
For every state s € S, do
For every action a € A(s), do
ar(s,a) = 22, p(r]s, a)r + 73, p(s']s, a)ui(s))
ay(s) = argmax, qx(s, a)
mrv1(als) = 1if a = aj, and m11(a|s) = 0 otherwise

at Jiruncate = 1, and policy iteration terminates at Jiuncate = 00. It should be noted
that, although the above comparison is illustrative, it is based on the condition that

vffi) = Uy = Ur,. The two algorithms cannot be directly compared without this condition.

4.3.2 Truncated policy iteration algorithm

In a nutshell, the truncated policy iteration algorithm is the same as the policy iteration
algorithm except that it merely runs a finite number of iterations in the policy evaluation
step. Its implementation details are summarized in Algorithm 4.3. It is notable that vy
and v,(f ) in the algorithm are not state values. Instead, they are approximations of the
true state values because only a finite number of iterations are executed in the policy
evaluation step.

If vy, does not equal v, , will the algorithm still be able to find optimal policies? The
answer is yes. Intuitively, truncated policy iteration is in between value iteration and
policy iteration. On the one hand, it converges faster than the value iteration algorithm
because it computes more than one iteration during the policy evaluation step. On
the other hand, it converges slower than the policy iteration algorithm because it only
computes a finite number of iterations. This intuition is illustrated in Figure 4.5. Such

intuition is also supported by the following analysis.

Proposition 4.1 (Value improvement). Consider the iterative algorithm in the policy
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4.3. Truncated policy iteration

—®— Policy iteration
—4—Value iteration
—=—Truncated policy iteration
— Optimal state value

k

Figure 4.5: An illustration of the relationships between the value iteration, policy iteration, and truncated
policy iteration algorithms.

evaluation step:

pUtD — Tr, + VP, oY) 5 =0,1,2,...

Tk Tk~ 0
If the initial guess is selected as v7(r(,? = Ur,_,, it holds that

Ut > ()

Tk — Tk

forj=0,1,2,....

Box 4.3: Proof of Proposition 4.1

First, since v{) = T, + 'yPWkU%_l) and v¥ ™) = T + vPﬂkvfrj,}, we have

W — o) = 1P (08 — 1Y) =

-=~'P! (v%) —v9), (4.5)

Tk

. 0
Second, since v7(rk) = Ur,_,, We have

vl = Tm, + 7P, i = T T VPV 2 Ty + VP Uy, = Uy, = ol

T Tk =T, TR )

where the inequality is due to 7 = arg max,(rx +yP;vr,_,). Substituting UT(r? > Ugr?c)

into (4.5) yields v& ™ > v¥),

Notably, Proposition 4.1 requires the assumption that vg,l) = Up,_,. However, v,, | is

unavailable in practice, and only v;_; is available. Nevertheless, Proposition 4.1 still sheds
light on the convergence of the truncated policy iteration algorithm. A more in-depth
discussion of this topic can be found in [2, Section 6.5].

Up to now, the advantages of truncated policy iteration are clear. Compared to the
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policy iteration algorithm, the truncated one merely requires a finite number of iterations
in the policy evaluation step and hence is more computationally efficient. Compared to
value iteration, the truncated policy iteration algorithm can speed up its convergence

rate by running for a few more iterations in the policy evaluation step.

4.4 Summary

This chapter introduced three algorithms that can be used to find optimal policies.

¢ Value iteration: The value iteration algorithm is the same as the algorithm suggested
by the contraction mapping theorem for solving the Bellman optimality equation. It

can be decomposed into two steps: value update and policy update.

¢ Policy iteration: The policy iteration algorithm is slightly more complicated than the
value iteration algorithm. It also contains two steps: policy evaluation and policy

improvement.

¢ Truncated policy iteration: The value iteration and policy iteration algorithms can

be viewed as two extreme cases of the truncated policy iteration algorithm.

A common property of the three algorithms is that every iteration has two steps.
One step is to update the value, and the other step is to update the policy. The idea
of interaction between value and policy updates widely exists in reinforcement learning
algorithms. This idea is also called generalized policy iteration [3].

Finally, the algorithms introduced in this chapter require the system model. Starting
in Chapter 5, we will study model-free reinforcement learning algorithms. We will see that

the model-free can be obtained by extending the algorithms introduced in this chapter.

4.5 Q&A

o Q: Is the value iteration algorithm guaranteed to find optimal policies?

A: Yes. This is because value iteration is exactly the algorithm suggested by the
contraction mapping theorem for solving the Bellman optimality equation in the last
chapter. The convergence of this algorithm is guaranteed by the contraction mapping

theorem.
o Q: Are the intermediate values generated by the value iteration algorithm state values?
A: No. These values are not guaranteed to satisfy the Bellman equation of any policy.
o Q: What steps are included in the policy iteration algorithm?

A: Each iteration of the policy iteration algorithm contains two steps: policy evalu-
ation and policy improvement. In the policy evaluation step, the algorithm aims to

solve the Bellman equation to obtain the state value of the current policy. In the
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policy improvement step, the algorithm aims to update the policy so that the newly

generated policy has greater state values.
o Q: Is another iterative algorithm embedded in the policy iteration algorithm?

A: Yes. In the policy evaluation step of the policy iteration algorithm, an iterative

algorithm is required to solve the Bellman equation of the current policy.

o Q: Are the intermediate values generated by the policy iteration algorithm state val-

ues?

A: Yes. This is because these values are the solutions of the Bellman equation of the

current policy.
o Q: Is the policy iteration algorithm guaranteed to find optimal policies?
A: Yes. We have presented a rigorous proof of its convergence in this chapter.

o Q: What is the relationship between the truncated policy iteration and policy iteration

algorithms?

A: As its name suggests, the truncated policy iteration algorithm can be obtained
from the policy iteration algorithm by simply executing a finite number of iterations

during the policy evaluation step.
o Q: What is the relationship between truncated policy iteration and value iteration?

A: Value iteration can be viewed as an extreme case of truncated policy iteration,

where a single iteration is run during the policy evaluation step.

¢ Q: Are the intermediate values generated by the truncated policy iteration algorithm

state values?

A: No. Only if we run an infinite number of iterations in the policy evaluation step,
can we obtain true state values. If we run a finite number of iterations, we can only

obtain approximates of the true state values.

o Q: How many iterations should we run in the policy evaluation step of the truncated

policy iteration algorithm?

A: The general guideline is to run a few iterations but not too many. The use of a few
iterations in the policy evaluation step can speed up the overall convergence rate, but
running too many iterations would not significantly speed up the convergence rate.

o Q: What is generalized policy iteration?

A: Generalized policy iteration is not a specific algorithm. Instead, it refers to the
general idea of the interaction between value and policy updates. This idea is root-
ed in the policy iteration algorithm. Most of the reinforcement learning algorithms

introduced in this book fall into the scope of generalized policy iteration.

¢ Q: What are model-based and model-free reinforcement learning?
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A: Although the algorithms introduced in this chapter can find optimal policies, they
are usually called dynamic programming algorithms rather than reinforcement learn-
ing algorithms because they require the system model. Reinforcement learning al-
gorithms can be classified into two categories: model-based and model-free. Here,
“model-based” does not refer to the requirement of the system model. Instead, model-
based reinforcement learning uses data to estimate the system model and uses this
model during the learning process. By contrast, model-free reinforcement learning
does not involve model estimation during the learning process. More information

about model-based reinforcement learning can be found in [13-16].
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Monte Carlo Methods
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Figure 5.1: Where we are in this book.

In the previous chapter, we introduced algorithms that can find optimal policies based
on the system model. In this chapter, we start introducing model-free reinforcement
learning algorithms that do not presume system models.

While this is the first time we introduce model-free algorithms in this book, we must
fill a knowledge gap: how can we find optimal policies without models? The philosophy
is simple: If we do not have a model, we must have some data. If we do not have data,
we must have a model. If we have neither, then we are not able to find optimal policies.
The “data” in reinforcement learning usually refers to the agent’s interaction experiences

with the environment.
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5.1. Motivating example: Mean estimation

To demonstrate how to learn from data rather than a model, we start this chapter by
introducing the mean estimation problem, where the expected value of a random variable
is estimated from some samples. Understanding this problem is crucial for understanding
the fundamental idea of learning from data.

Then, we introduce three algorithms based on Monte Carlo (MC) methods. These
algorithms can learn optimal policies from experience samples. The first and simplest
algorithm is called MC Basic, which can be readily obtained by modifying the policy itera-
tion algorithm introduced in the last chapter. Understanding this algorithm is important
for grasping the fundamental idea of MC-based reinforcement learning. By extending
this algorithm, we further introduce another two algorithms that are more complicated

but more efficient.

5.1 Motivating example: Mean estimation

We next introduce the mean estimation problem to demonstrate how to learn from data
rather than a model. We will see that mean estimation can be achieved based on Monte
Carlo methods, which refer to a broad class of techniques that use stochastic samples
to solve estimation problems. The reader may wonder why we care about the mean
estimation problem. It is simply because state and action values are both defined as
the means of returns. Estimating a state or action value is actually a mean estimation
problem.

Consider a random variable X that can take values from a finite set of real numbers
denoted as X'. Suppose that our task is to calculate the mean or expected value of X:

E[X]. Two approaches can be used to calculate E[X].

o The first approach is model-based. Here, the model refers to the probability distribu-
tion of X. If the model is known, then the mean can be directly calculated based on

the definition of the expected value:

E[X] = Zp(:c)x

TeX

In this book, we use the terms expected value, mean, and average interchangeably.

o The second approach is model-free. When the probability distribution (i.e., the model)
of X is unknown, suppose that we have some samples {z1,xs,...,z,} of X. Then,

the mean can be approximated as
Bix~7=13
NT=— x;.
n !

When n is small, this approximation may not be accurate. However, as n increases,

the approximation becomes increasingly accurate. When n — oo, we have 7 — E[X].
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5.1. Motivating example: Mean estimation

This is guaranteed by the law of large numbers: the average of a large number of
samples is close to the expected value. The law of large numbers is introduced in
Box 5.1.

The following example illustrates the two approaches described above. Consider a
coin flipping game. Let random variable X denote which side is showing when the coin
lands. X has two possible values: X = 1 when the head is showing, and X = —1 when
the tail is showing. Suppose that the true probability distribution (i.e., the model) of X

1S

If the probability distribution is known in advance, we can directly calculate the mean as
EX]=05-140.5-(—=1)=0.

If the probability distribution is unknown, then we can flip the coin many times and
record the sampling results {z;}! ;. By calculating the average of the samples, we can
obtain an estimate of the mean. As shown in Figure 5.2, the estimated mean becomes

increasingly accurate as the number of samples increases.

2

O samples
average

-1 oD @GN - @DIEENGD KD GHETD - GBOO OODGROCORIDAMITD GIXIIX)

) ‘ ‘ ‘
0 50 100 150 200

Sample index

Figure 5.2: An example for demonstrating the law of large numbers. Here, the samples are drawn from
{+1, —1} following a uniform distribution. The average of the samples gradually converges to zero, which
is the true expected value, as the number of samples increases.

It is worth mentioning that the samples used for mean estimation must be independent
and identically distributed (i.i.d. or iid). Otherwise, if the sampling values correlate, it
may be impossible to correctly estimate the expected value. An extreme case is that
all the sampling values are the same as the first one, whatever the first one is. In this
case, the average of the samples is always equal to the first sample, no matter how many

samples we use.
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5.2. MC Basic: The simplest MC-based algorithm

Box 5.1: Law of large numbers

For a random variable X, suppose that {x;}!, are some ii.d. samples. Let = =

% > i, z; be the average of the samples. Then,

var[z| = Evar[X ].

The above two equations indicate that T is an unbiased estimate of E[X], and its
variance decreases to zero as n increases to infinity.

The proof is given below.

First, E[z] = E[ Y, z;/n] = Y1, E[z;]/n = E[X], where the last equability is
due to the fact that the samples are identically distributed (that is, E[z;] = E[X]).

Second, var(z) = var[Y o x;/n] = Yo varlz]/n® = (n - var[X])/n? =
var[X]/n, where the second equality is due to the fact that the samples are indepen-
dent, and the third equability is a result of the samples being identically distributed
(that is, var[z;] = var[X]).

5.2 MC Basic: The simplest M C-based algorithm

This section introduces the first and the simplest MC-based reinforcement learning algo-
rithm. This algorithm is obtained by replacing the model-based policy evaluation step in
the policy iteration algorithm introduced in Section 4.2 with a model-free MC' estimation

step.

5.2.1 Converting policy iteration to be model-free

There are two steps in every iteration of the policy iteration algorithm (see Section 4.2).
The first step is policy evaluation, which aims to compute v,, by solving v, = 7., +
VP vr,. The second step is policy improvement, which aims to compute the greedy
policy 741 = arg max,(r. + vP;vs, ). The elementwise form of the policy improvement

step is
Tr1(8) = arg mngﬂ(a]s) Zp(r|s, a)r + vzp(s’\s, a)vr, (")
= arg maxZw(a]s)qﬂk(s, a), ses.

It must be noted that the action values lie in the core of these two steps. Specifically.

in the first step, the state values are calculated for the purpose of calculating the action
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5.2. MC Basic: The simplest MC-based algorithm

values. In the second step, the new policy is generated based on the calculated action
values. Let us reconsider how we can calculate the action values. Two approaches are

available.

o The first is a model-based approach. This is the approach adopted by the policy
iteration algorithm. In particular, we can first calculate the state value v,, by solving

the Bellman equation. Then, we can calculate the action values by using
Gr(s,0) = Y p(rls,a)r +7 ) p(s']s, a)vr, (s)). (5.1)

This approach requires the system model {p(r|s,a), p(s'|s,a)} to be known.

o The second is a model-free approach. Recall that the definition of an action value is

QWk(S7a) = E[Gt|St - S7At - CL]
=E[Ri1 + 7R + YV’ Riyz+ ... |5, = s, Ay = al,

which is the expected return obtained when starting from (s, a). Since ¢, (s,a) is an
expectation, it can be estimated by MC methods as demonstrated in Section 5.1. To
do that, starting from (s, a), the agent can interact with the environment by following
policy m, and then obtain a certain number of episodes. Suppose that there are n
episodes and that the return of the ith episode is g%)(s,a). Then, ¢, (s,a) can be

approximated as
1<~
4r(5,0) = E[G|S: = 5, Ay = a] ~ — 29&2@, a). (5.2)

We already know that, if the number of episodes n is sufficiently large, the approxi-

mation will be sufficiently accurate according to the law of large numbers.

The fundamental idea of MC-based reinforcement learning is to use a model-free
method for estimating action values, as shown in (5.2), to replace the model-based method

in the policy iteration algorithm.

5.2.2 The MC Basic algorithm

We are now ready to present the first MC-based reinforcement learning algorithm. S-
tarting from an initial policy g, the algorithm has two steps in the kth iteration (k =
0,1,2,...).

o Step 1: Policy evaluation. This step is used to estimate ¢y, (s, a) for all (s, a). Specif-
ically, for every (s, a), we collect sufficiently many episodes and use the average of the

returns, denoted as g (s, a), to approximate ¢, (s, a).
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5.2. MC Basic: The simplest MC-based algorithm

Algorithm 5.1: MC Basic (a model-free variant of policy iteration)

Initialization: Initial guess 7.
Goal: Search for an optimal policy.

For the kth iteration (k =0,1,2,...), do
For every state s € S, do

For every action a € A(s), do
Collect sufficiently many episodes starting from (s, a) by following 7
Policy evaluation:
qr,(8,a) = qi(s,a) = the average return of all the episodes starting from
(s,a)

Policy improvement:

ai(s) = argmax, qx(s, a)

Try1(als) = 1if a = aj, and m11(a|s) = 0 otherwise

o Step 2: Policy improvement. This step solves m11(s) = argmax, y . 7(a|s)q(s, a) for

all s € §. The greedy optimal policy is m;11(ai|s) = 1 where a} = arg max, qx(s, a).

This is the simplest MC-based reinforcement learning algorithm, which is called MC
Basic in this book. The pseudocode of the MC Basic algorithm is given in Algorithm 5.1.
As can be seen, it is very similar to the policy iteration algorithm. The only difference is
that it calculates action values directly from experience samples, whereas policy iteration
calculates state values first and then calculates the action values based on the system
model. It should be noted that the model-free algorithm directly estimates action values.
Otherwise, if it estimates state values instead, we still need to calculate action values
from these state values using the system model, as shown in (5.1).

Since policy iteration is convergent, MC Basic is also convergent when given suffi-
cient samples. That is, for every (s, a), suppose that there are sufficiently many episodes
starting from (s,a). Then, the average of the returns of these episodes can accurately ap-
proximate the action value of (s, a). In practice, we usually do not have sufficient episodes
for every (s,a). As a result, the approximation of the action values may not be accurate.
Nevertheless, the algorithm usually can still work. This is similar to the truncated policy
iteration algorithm, where the action values are neither accurately calculated.

Finally, MC Basic is too simple to be practical due to its low sample efficiency. The
reason why we introduce this algorithm is to let readers grasp the core idea of MC-
based reinforcement learning. It is important to understand this algorithm well before
studying more complex algorithms introduced later in this chapter. We will see that more
complex and sample-efficient algorithms can be readily obtained by extending the MC

Basic algorithm.
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5.2. MC Basic: The simplest MC-based algorithm

5.2.3 Illustrative examples

A simple example: A step-by-step implementation

!
S1 S2 53—
!
Sq4—> S5 Se
| }
S7—> S8 —»

Figure 5.3: An example for illustrating the MC Basic algorithm.

We next use an example to demonstrate the implementation details of the MC Basic
algorithm. The reward settings are rpoundary = 7Tforbidden = —1 and Tiarger = 1. The
discount rate is v = 0.9. The initial policy my is shown in Figure 5.3. This initial policy
is not optimal for s; or ss.

While all the action values should be calculated, we merely present those of s; due
to space limitations. At s;, there are five possible actions. For each action, we need
to collect many episodes that are sufficiently long to effectively approximate the action
value. However, since this example is deterministic in terms of both the policy and model,
running multiple times would generate the same trajectory. As a result, the estimation
of each action value merely requires a single episode.

Following my, we can obtain the following episodes by respectively starting from

(81,&1), (Sl,ag), ceey (31,a5).

o Starting from (s1,a;), the episode is s; s sy 2 ... The action value equals

the discounted return of the episode:

-1
Oro(s1,01) = =1+ 7(=1) +7*(=1) + - = T
o Starting from (s;,as), the episode is s; =355 =% s5 —» .... The action value equals
the discounted return of the episode:
3
Gy (51,02) = 0470+ 70+ (1) + 7' (1) + -+ = 7 p
o Starting from (s, as3), the episode is s; D5y 2 55 =% ... The action value equals
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5.2. MC Basic: The simplest MC-based algorithm

the discounted return of the episode:

qﬂo(slvaﬁ) =0+10 +’720 +73(1) +ry4(1) Tooe= 17—’7'
o Starting from (s, a4), the episode is s; M6 sy 2 ... The action value equals
the discounted return of the episode:
9 -1
Qﬂ'O(817a4) =—1+ 7<_1) + 7y (_1) +---= :
o Starting from (s;,as), the episode is s; =351 = s; — .... The action value equals
the discounted return of the episode:
_ 2 _ =7
Ono(51,05) =0+ (1) +77(=1) + - = 1=~

By comparing the five action values, we see that

73

Gro (51, G2) = Gro(51,03) = T— 5

are the maximum values. As a result, the new policy can be obtained as
mi(az|s1) =1 or m(asls;) = 1.

It is intuitive that the improved policy, which takes either as or as at s;, is optimal.
Therefore, we can successfully obtain an optimal policy by using merely one iteration
for this simple example. In this simple example, the initial policy is already optimal for
all the states except s; and s3. Therefore, the policy can become optimal after merely
a single iteration. When the policy is nonoptimal for other states, more iterations are

needed.

A comprehensive example: Episode length and sparse rewards

We next discuss some interesting properties of the MC Basic algorithm by examining
a more comprehensive example. The example is a 5-by-5 grid world (Figure 5.4). The
reward settings are rpoundary = —1, Tforbidden = —10, and ruger = 1. The discount rate is
v =0.9.

First, we demonstrate that the episode length greatly impacts the final optimal poli-
cies. In particular, Figure 5.4 shows the final results generated by the MC Basic algorithm
with different episode lengths. When the length of each episode is too short, neither the
policy nor the value estimate is optimal (see Figures 5.4(a)-(d)). In the extreme case

where the episode length is one, only the states that are adjacent to the target have
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Episode length=1 Episode length=1 Episode length=2 Episode length=2
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
11 00| 00| 00|00 |00 |1 O |— |— l o 1 00 | 0.0 | 0.0 | 0.0 | 0.0 |1 —| O |— l o
2/ 00 | 00 | 00 | 00|00 |2 © | l l | |2/ 00 {00 |00 00 |00]: I = — |

31 0.0 | 00| 10 | 0.0 | 0.0 | I o 1 l l 31 0.0 | 00| 19 | 00 | 0.0 | 3 l -— 1 ] —

4000 | 10| 1.0 | 1.0 | 00 | ¢ t —| o |— s 00|19 |19 |19 | 00 |4 I —| o |— o

5/ 00 00| 10 | 00 | 0.0 |5 O |=— ' —| © |5/ 0009 |19 |09 |00/ 5 O = ' — |

(a) Final value and policy with episode length=1  (b) Final value and policy with episode length=2

Episode length=3 Episode length=3 Episode length=4 Episode length=4
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
1100 | 00 | 00| 00 | 0.0 |1 — o — 1 0.0 | 00 | 0.0 | 00 | 0.0 |1 —|— — |
| l |
2/ 00 | 00 | 00 | 0.0 | 0.0 |2 l = t o O |2 0000|0000 00]2 l — — O I
3100 | 00 | 27 | 0.0 | 0.0 |3 -— — 31 00 | 00 | 34 | 0.0 | 0.0 |3 I — I I
! ! ! !
4100 | 27 | 27 | 27 | 0.0 | 4 I —| O | ] 400 | 34 | 34 | 34 | 0.7 | 4 —| O |
! !
5100 | 1.7 | 27 | 1.7 | 0.8 | 5] O — l —_ |- 5/ 00 | 24 | 34 | 24 | 15 |5 ! — ! — |—

(c) Final value and policy with episode length=3  (d) Final value and policy with episode length=4

Episode length=14 Episode length=14 Episode length=15 Episode length=15
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
11216 |20 | 25 |30 |1 —| —| —| —| | |1 1418|2227 |33 — —| —| |
2/ 09 | 1.2 | 25 | 30 | 36 |2 ! ! —| —| | |z 111427 33 |38 2 ! | — -
3/ 05|03 |77 |36 | 43|53 [ | —| | || 08|05 [79 38|45 o - | =
4/ 03 | 7.7 | 7.7 | 7.7 | 5.0 | ¢ ' —| o |— | |4 o579 | 79 79|52 ¢ ! —| o |— |
5/ 00 | 67 | 7.7 | 67 | 58 | 5 ' — = = s 02|69 |79 |69 |60]s ! S0 I B P

(e) Final value and policy with episode length=14 (f) Final value and policy with episode length=15

Episode length=30 Episode length=30 Episode length=100 Episode length=100
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
1131 | 35|39 |44 |49 |1 —| —| — | || 35 | 39 | 43 | 48 | 53 | 1| —| —| —| — |
2 27 | 81 | 44 | 49 | 55 |2 ' ! = =] | 31|35 | 48 | 53 | 59 |2 ! ! = |
3| 24 21 9.6 5.5 6.1 3 I -— l — l 3| 2.8 25 | 10.0 | 59 6.6 |3 l -— l — l
40 21| 96 | 96 | 96 | 69 |« ! —| o |— | | ¢ 25|100 100|100 7.3 | I —| o |— |
519 | 86 | 96 | 86 | 7.7 |5 ! — l —_ |- 5/ 23 | 90 | 100 | 90 | 81 |5 ! — ! — |-

(g) Final value and policy with episode length=30 (h) Final value and policy with episode length=100

Figure 5.4: The policies and state values obtained by the MC Basic algorithm when given different
episode lengths. Only if the length of each episode is sufficiently long, can the state values be accurately
estimated.
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nonzero values, and all the other states have zero values since each episode is too short
to reach the target or get positive rewards (see Figure 5.4(a)). As the episode length
increases, the policy and value estimates gradually approach the optimal ones (see Fig-
ure 5.4(h)).

As the episode length increases, an interesting spatial pattern emerges. That is, the
states that are closer to the target possess nonzero values earlier than those that are
farther away. The reason for this phenomenon is as follows. Starting from a state, the
agent must travel at least a certain number of steps to reach the target state and then
receive positive rewards. If the length of an episode is less than the minimum desired
number of steps, it is certain that the return is zero, and so is the estimated state value. In
this example, the episode length must be no less than 15, which is the minimum number
of steps required to reach the target when starting from the bottom-left state.

While the above analysis suggests that each episode must be sufficiently long, the
episodes are not necessarily infinitely long. As shown in Figure 5.4(g), when the length
is 30, the algorithm can find an optimal policy, although the value estimate is not yet
optimal.

The above analysis is related to an important reward design problem, sparse reward,
which refers to the scenario in which no positive rewards can be obtained unless the target
is reached. The sparse reward setting requires long episodes that can reach the target.
This requirement is challenging to satisfy when the state space is large. As a result,
the sparse reward problem downgrades the learning efficiency. One simple technique for
solving this problem is to design nonsparse rewards. For instance, in the above grid world
example, we can redesign the reward setting so that the agent can obtain a small positive
reward when reaching the states near the target. In this way, an “attractive field” can
be formed around the target so that the agent can find the target more easily. More

information about sparse reward problems can be found in [17-19].

5.3 MC Exploring Starts

We next extend the MC Basic algorithm to obtain another MC-based reinforcement

learning algorithm that is slightly more complicated but more sample-efficient.

5.3.1 Utilizing samples more efficiently

An important aspect of MC-based reinforcement learning is how to use samples more
efficiently. Specifically, suppose that we have an episode of samples obtained by following

a policy 7:

513521498112—)82&85%... (53)
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5.3. MC Exploring Starts

where the subscripts refer to the state or action indexes rather than time steps. Every
time a state-action pair appears in an episode, it is called a wisit of that state-action pair.
Different strategies can be employed to utilize the visits.

The first and simplest strategy is to use the initial visit. That is, an episode is only
used to estimate the action value of the initial state-action pair that the episode starts
from. For the example in (5.3), the initial-visit strategy merely estimates the action
value of (s1,az). The MC Basic algorithm utilizes the initial-visit strategy. However, this
strategy is mot sample-efficient because the episode also visits many other state-action
pairs such as (sg,a4), (S2,a3), and (s5,a;). These visits can also be used to estimate the
corresponding action values. In particular, we can decompose the episode in (5.3) into

multiple subepisodes:

S1 2y 59 2 51 By g9 By ogp Iy [original episode]
59 2 51 B 59 2 55 s ... [subepisode starting from (sg, ay)]
512 59 % 55 X .. [subepisode starting from (s, as)]
sy % 55 % ... [subepisode starting from (sy,as)]
s5 —% ... [subepisode starting from (ss,a;)]

The trajectory generated after the visit of a state-action pair can be viewed as a new
episode. These new episodes can be used to estimate more action values. In this way,
the samples in the episode can be utilized more efficiently.

Moreover, a state-action pair may be visited multiple times in an episode. For exam-
ple, (s1,az) is visited twice in the episode in (5.3). If we only count the first-time visit,
this is called a first-visit strategy. If we count every visit of a state-action pair, such a
strategy is called every-visit [20].

In terms of sample usage efficiency, the every-visit strategy is the best. If an episode
is sufficiently long such that it can visit all the state-action pairs many times, then this
single episode may be sufficient for estimating all the action values using the every-visit
strategy. However, the samples obtained by the every-visit strategy are correlated because
the trajectory starting from the second visit is merely a subset of the trajectory starting
from the first visit. Nevertheless, the correlation would not be strong if the two visits are

far away from each other in the trajectory.

5.3.2 Updating policies more efficiently

Another aspect of MC-based reinforcement learning is when to update the policy. Two

strategies are available.

¢ The first strategy is, in the policy evaluation step, to collect all the episodes starting
from the same state-action pair and then approximate the action value using the

average return of these episodes. This strategy is adopted in the MC Basic algorithm.
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5.3. MC Exploring Starts

Algorithm 5.2: MC Exploring Starts (an efficient variant of MC Basic)

Initialization: Initial policy my(a|s) and initial value ¢(s, a) for all (s,a). Returns(s,a) =
0 and Num(s,a) = 0 for all (s, a).
Goal: Search for an optimal policy.

For each episode, do

Episode generation: Select a starting state-action pair (sg, @) and ensure that all
pairs can be possibly selected (this is the exploring-starts condition). Following the
current policy, generate an episode of length T: sg, ag,71,...,S87_1,a7r_1,77.
Initialization for each episode: g < 0
For each step of the episode, t =T — 1,7 —2,...,0, do

g 79+ T

Returns(s;, a;) < Returns(s;, a;) + g

Num(s, a;) < Num(s, ap) + 1

Policy evaluation:

q(s¢, a;) < Returns(sy, ag)/Num(sg, a;)

Policy improvement:

m(a|s;) = 1 if a = argmax, q(s¢, a) and w(als;) = 0 otherwise

The drawback of this strategy is that the agent must wait until all the episodes have

been collected before the estimate can be updated.

¢ The second strategy, which can overcome this drawback, is to use the return of a
single episode to approximate the corresponding action value. In this way, we can
immediately obtain a rough estimate when we receive an episode. Then, the policy

can be improved in an episode-by-episode fashion.

Since the return of a single episode cannot accurately approximate the corresponding
action value, one may wonder whether the second strategy is good. In fact, this strategy
falls into the scope of generalized policy iteration introduced in the last chapter. That is,

we can still update the policy even if the value estimate is not sufficiently accurate.

5.3.3 Algorithm description

We can use the techniques introduced in Sections 5.3.1 and 5.3.2 to enhance the
efficiency of the MC Basic algorithm. Then, a new algorithm called MC Exploring Starts
can be obtained.

The details of MC Exploring Starts are given in Algorithm 5.2. This algorithm uses
the every-visit strategy. Interestingly, when calculating the discounted return obtained
by starting from each state-action pair, the procedure starts from the ending states and
travels back to the starting state. Such techniques can make the algorithm more efficient,

but it also makes the algorithm more complex. This is why the MC Basic algorithm,
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5.4. MC e-Greedy: Learning without exploring starts

which is free of such techniques, is introduced first to reveal the core idea of MC-based
reinforcement learning.

The exploring starts condition requires sufficiently many episodes starting from every
state-action pair. Only if every state-action pair is well explored, can we accurately
estimate their action values (according to the law of large numbers) and hence successfully
find optimal policies. Otherwise, if an action is not well explored, its action value may
be inaccurately estimated, and this action may not be selected by the policy even though
it is indeed the best action. Both MC Basic and MC Exploring Starts require this
condition. However, this condition is difficult to meet in many applications, especially
those involving physical interactions with environments. Can we remove the exploring

starts requirement? The answer is yes, as shown in the next section.

5.4 MC e-Greedy: Learning without exploring starts

We next extend the MC Exploring Starts algorithm by removing the exploring starts
condition. This condition actually requires that every state-action pair can be visited

sufficiently many times, which can also be achieved based on soft policies.

5.4.1 e-greedy policies

A policy is soft if it has a positive probability of taking any action at any state. Consider
an extreme case in which we only have a single episode. With a soft policy, a single
episode that is sufficiently long can visit every state-action pair many times (see the
examples in Figure 5.8). Thus, we do not need to generate a large number of episodes
starting from different state-action pairs, and then the exploring starts requirement can
be removed.

One type of common soft policies is e-greedy policies. An e-greedy policy is a stochastic
policy that has a higher chance of choosing the greedy action and the same nonzero
probability of taking any other action. Here, the greedy action refers to the action with
the greatest action value. In particular, suppose that € € [0,1]. The corresponding

e-greedy policy has the following form:

€

|A(s)]

1- (JA(s)| = 1), for the greedy action,

m(als) = )

|A(s)]”

for the other |A(s)| — 1 actions,

where | A(s)| denotes the number of actions associated with s.
When € = 0, e-greedy becomes greedy. When € = 1, the probability of taking any
action equals @.

The probability of taking the greedy action is always greater than that of taking any
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other action because

€ € €

A A =D =1 =+ 20 = )

1—

for any € € [0, 1].

While an e-greedy policy is stochastic, how can we select an action by following such
a policy? We can first generate a random number z in [0,1] by following a uniform
distribution. If z > €, then we select the greedy action. If x < €, then we randomly select
an action in A(s) with the probability of m (we may select the greedy action again).
In this way, the total probability of selecting the greedy action is 1 — € + Wes)\’ and the

probability of selecting any other action is @.

5.4.2 Algorithm description

To integrate e-greedy policies into MC learning, we only need to change the policy im-
provement step from greedy to e-greedy.
In particular, the policy improvement step in MC Basic or MC Exploring Starts aims

to solve
Ter(5) = argmas 3 w(als)gn, (5, ). (54)

where II denotes the set of all possible policies. We know that the solution of (5.4) is a
greedy policy:

%
1, a=ay,

7Tk+1<a’3) = { 0. a 7£ ar
) ko

where af = arg max, ¢, (s, a).

Now, the policy improvement step is changed to solve
T 1 (s) = argmax 3 _ 7(als)gr, (5, ), (5.5)

where II, denotes the set of all e-greedy policies with a given value of €. In this way, we

force the policy to be e-greedy. The solution of (5.5) is

A(s)|—1
1 — ML €, a=ay,

7Tk+1(a|3):{ 1 A

*
[A()] € a # aj,

where af = argmax, ¢, (s,a). With the above change, we obtain another algorithm
called MC e-Greedy. The details of this algorithm are given in Algorithm 5.3. Here, the

every-visit strategy is employed to better utilize the samples.
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Algorithm 5.3: MC e-Greedy (a variant of MC Exploring Starts)

Initialization: Initial policy my(a|s) and initial value ¢(s, a) for all (s,a). Returns(s,a) =
0 and Num(s,a) = 0 for all (s,a). € € (0,1]
Goal: Search for an optimal policy.

For each episode, do
Episode generation: Select a starting state-action pair (sg, ag) (the exploring starts
condition is not required). Following the current policy, generate an episode of length
T: So, Q0,715 -.,ST—-1,A7-1,TT.
Initialization for each episode: g < 0
For each step of the episode, t =T — 1,7 —2,...,0, do
g4 79+ e
Returns(s;, a;) < Returns(s;, a;) + g
Num(s, a;) < Num(s, ap) + 1
Policy evaluation:
q(s¢, a;) < Returns(sy, ay)/Num(ss, a;)
Policy improvement:
Let a* = argmax, q(s,a) and

| = MG
7'((@‘30 = 1 |A(5t)| .
[A(s0) & a#a

If greedy policies are replaced by e-greedy policies in the policy improvement step,
can we still guarantee to obtain optimal policies? The answer is both yes and no. By yes,
we mean that, when given sufficient samples, the algorithm can converge to an e-greedy
policy that is optimal in the set II.. By no, we mean that the policy is merely optimal in
[T, but may not be optimal in II. However, if € is sufficiently small, the optimal policies

in II, are close to those in II.

5.4.3 Illustrative examples

Consider the grid world example shown in Figure 5.5. The aim is to find the optimal
policy for every state. A single episode with one million steps is generated in every
iteration of the MC e-Greedy algorithm. Here, we deliberately consider the extreme case
with merely one single episode. We set youndary = Tforbidden = — 1, Ttarget = 1, and v = 0.9.

The initial policy is a uniform policy that has the same probability 0.2 of taking
any action, as shown in Figure 5.5. The optimal e-greedy policy with ¢ = 0.5 can be
obtained after two iterations. Although each iteration merely uses a single episode, the
policy gradually improves because all the state-action pairs can be visited and hence their

values can be accurately estimated.
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I S e I e B I B B o Y B Bl B
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(a) Initial policy (b) After the first iteration  (c) After the second iteration

Figure 5.5: The evolution process of the MC e-Greedy algorithm based on single episodes.

5.5 Exploration and exploitation of e-greedy policies

Ezploration and exploitation constitute a fundamental tradeoff in reinforcement learning.
Here, exploration means that the policy can possibly take as many actions as possible.
In this way, all the actions can be visited and evaluated well. Exploitation means that
the improved policy should take the greedy action that has the greatest action value.
However, since the action values obtained at the current moment may not be accurate
due to insufficient exploration, we should keep exploring while conducting exploitation
to avoid missing optimal actions.

e-greedy policies provide one way to balance exploration and exploitation. On the
one hand, an e-greedy policy has a higher probability of taking the greedy action so that
it can exploit the estimated values. On the other hand, the e-greedy policy also has a
chance to take other actions so that it can keep exploring. e-greedy policies are used
not only in MC-based reinforcement learning but also in other reinforcement learning
algorithms such as temporal-difference learning as introduced in Chapter 7.

Exploitation is related to optimality because optimal policies should be greedy. The
fundamental idea of e-greedy policies is to enhance exploration by sacrificing optimal-
ity /exploitation. If we would like to enhance exploitation and optimality, we need to
reduce the value of e. However, if we would like to enhance exploration, we need to
increase the value of e.

We next discuss this tradeoff based on some interesting examples. The reinforce-
ment learning task here is a 5-by-5 grid world. The reward settings are rpoundary = —1,

Tforbidden = —10, and 7arget = 1. The discount rate is v = 0.9.

Optimality of e-greedy policies
We next show that the optimality of e-greedy policies becomes worse when € increases.

o First, a greedy optimal policy and the corresponding optimal state values are shown

in Figure 5.6(a). The state values of some consistent e-greedy policies are shown in
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1 2 3 4 5 1 2 3 4 5

1 - = | — l 11 35 | 39 | 43 | 48 | 53

2 T T B l 2| 3.1 35 | 48 | 53 | 59

l — l 31 28 | 25 | 100 | 59 | 6.6

4 T —| O |=— l 4 25 | 100 | 10.0 | 10.0 | 7.3

l
T
T

5/ 23 | 9.0 | 100 | 9.0 | 81

(a) A given e-greedy policy and its state values: e =0

1 2 3 4 5 1 2 3 4 5
1 — — — +— I 1 0.4 0.5 0.9 1.3 14
2 1[ 1 — I 2| 0.1 0.0 | 0.5 1.3 1.7
3 »[ — T — I 31 01 | -04 | 34 14 1.9
4 I —| & |—+ I 4/ -01 | 34 | 33 | 37 | 22
5 I — l — |+ 5/ -0.3 | 2.6 3.7 3.1 2.7
(b) A given e-greedy policy and its state values: € = 0.1
1 2 3 4 5 1 2 3 4 5
1 =] = | +— T 11 22 | 24 | 21| 1.7 | -1.8
2 l l‘ | 4 T 2| 25 ] -30 | -3.3 | -23 | -2.0
3 ‘L —+ T +— T 3| 23 | -33 | 25 | -28 | 2.2
4 i +—| o |—+ T 4 25 | 25 | -28 | 2.0 | -24
5 l +— Jr — |+ 5/ -28 [ 32 | -21 | -23 | 2.2
(c) A given e-greedy policy and its state values: € = 0.2
1 2 3 4 5 1 2 3 4 5
1 A= = = T 11 -80 | 9.0 | -84 | -7.2 | -7.8
of + [ = +— + 2| 87 |-108|-124 | -96 | -8.9
sl 4 |+ + | |+ | o 83 |-123[-163|-123 |-105
J + Bl ¢ [oF + 4| 9.7 | 155 |-17.0 | -14.4 | -12.2
5 —l‘ +— 'l‘ —+ | —+ 5/-10.9 [ -16.7 | -15.2 | -14.3 | -12.4

(d) A given e-greedy policy and its state values: € = 0.5

Figure 5.6: The state values of some e-greedy policies. These e-greedy policies are consistent with each
other in the sense that the actions with the greatest probabilities are the same. It can be seen that,
when the value of € increases, the state values of the e-greedy policies decrease and hence their optimality

becomes worse.
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1 2 3 4 5 1 2 3 4 5
1 — ] | — l 11 35 | 39 | 43 | 48 | 53
2 x T B l 2| 3.1 35 | 48 | 53 | 59
3 T -— l — l 31 28 | 25 | 100 | 59 | 6.6
4 T —| O |— l 4/ 25 | 100 | 10.0 | 10.0 | 7.3
5 T == T R 5/ 23 | 9.0 | 100 | 9.0 | 81

(a) The optimal e-greedy policy and its state values: ¢ =0

1 2 3 4 5 1 2 3 4 5
1 | | | I 11 04 | 05 | 09 | 13 1.4
2 1[ 1 = I 2| 0.1 00 | 05 | 1.3 1.7
3 I — T — I 31 0.1 | -04 | 34 | 14 1.9
4 I —| ® |+ I 4/ -01 | 34 | 33 | 3.7 | 22
5 I = l —+ |t 51 -03 | 26 | 3.7 | 31 2.7

(b) The optimal e-greedy policy and its state values: € = 0.1

1 2 3 4 5 1 2 3 4 5

1) e |+ | +— T 1 -111]-15]-11)|-06|-06
2 l l = +—| ° 2| 15 | -22 | -23 | -1.0 | -0.6
3l @ |-+ = +— i 3 1.2 | -24 | 22 | -15 | 06
4 i +—| o == i 4 -16 | 23 | 26 | -14 | -1.1
5 i = = +—| @ 5/ -20 [ 3.0 | -1.8 | -14 | 1.0

(c¢) The optimal e-greedy policy and its state values: € = 0.2

1 2 3 4 5 1 2 3 4 5
1 | | | | % 1| 43| 55 | -45 | 26 | 23
2 'l‘ 'l‘ +— +— 'l‘ 2| -56 | 7.7 | -7.7 | 41 | -24
sf ¢ |+ | 4| | b+ | 3| 55| 00| 80| 56]|-28
J 4 + | + i 4| 68 | 89 | 9.4 | 55 | 42
s bl ae| 4| ] e | 5| 79 |-104] 67 | 51| 37

(d) The optimal e-greedy policy and its state values: ¢ = 0.5

Figure 5.7: The optimal e-greedy policies and their corresponding state values under different values of
€. Here, these e-greedy policies are optimal among all e-greedy ones (with the same value of €). It can
be seen that, when the value of € increases, the optimal e-greedy policies are no longer consistent with
the optimal one as in (a).
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Figures 5.6(b)-(d). Here, two e-greedy policies are consistent if the actions with the

greatest probabilities in the policies are the same.

As the value of € increases, the state values of the e-greedy policies decrease, indicating
that the optimality of these e-greedy policies becomes worse. Notably, the value of
the target state becomes the smallest when € is as large as 0.5. This is because, when
€ is large, the agent starting from the target area may enter the surrounding forbidden

areas and hence receive negative rewards with a higher probability.

o Second, Figure 5.7 shows the optimal e-greedy policies (they are optimal in I1.). When
e = 0, the policy is greedy and optimal among all policies. When € is as small as 0.1,
the optimal e-greedy policy is consistent with the optimal greedy one. However, when
€ increases to, for example, 0.2, the obtained e-greedy policies are not consistent with
the optimal greedy one. Therefore, if we want to obtain e-greedy policies that are

consistent with the optimal greedy ones, the value of € should be sufficiently small.

Why are the e-greedy policies inconsistent with the optimal greedy one when € is
large? We can answer this question by considering the target state. In the greedy
case, the optimal policy at the target state is to stay still to gain positive rewards.
However, when € is large, there is a high chance of entering the forbidden areas and
receiving negative rewards. Therefore, the optimal policy at the target state in this

case is to escape instead of staying still.

Exploration abilities of e-greedy policies

We next illustrate that the exploration ability of an e-greedy policy is strong when € is
large.

First, consider an e-greedy policy with € = 1 (see Figure 5.5(a)). In this case, the
exploration ability of the e-greedy policy is strong since it has a 0.2 probability of taking
any action at any state. Starting from (s, a;), an episode generated by the e-policy is
given in Figures 5.8(a)-(c). It can be seen that this single episode can visit all the state-
action pairs many times when the episode is sufficiently long due to the strong exploration
ability of the policy. Moreover, the numbers of times that all the state-action pairs are
visited are almost even, as shown in Figure 5.8(d).

Second, consider an e-policy with € = 0.5 (see Figure 5.6(d)). In this case, the e-greedy
policy has a weaker exploration ability than the case of € = 1. Starting from (s;,a;), an
episode generated by the e-policy is given in Figures 5.8(e)-(g). Although every action
can still be visited when the episode is sufficiently long, the distribution of the number
of visits may be extremely uneven. For example, given an episode with one million steps,
some actions are visited more than 250,000 times, while most actions are visited merely
hundreds or even tens of times, as shown in Figure 5.8(h).

The above examples demonstrate that the exploration abilities of e-greedy policies

decrease when e decreases. One useful technique is to initially set € to be large to enhance
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1 2 3 4 5 1 2 3 4 5

1 1

2 2

3 3

4 4

5 \‘ 5

(a) e = 1, trajectory of 100 steps (e) € = 0.5, trajectory of 100 steps
1 2 3 4 5 1 2 3 4 5

1 + 1 =—++

2 2

3 3

4 4

5 5

(b) € = 1, trajectory of 1,000 steps (f) e = 0.5, trajectory of 1,000 steps

1 2 3 4 5 1 2 3 4 5

5

(c) e = 1, trajectory of 10,000 steps (g) € = 0.5, trajectory of 10,000 steps
5
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(d) € = 1, number of times each action is vis-  (h) e = 0.5, number of times each action is
ited within 1 million steps visited within 1 million steps

Figure 5.8: Exploration abilities of e-greedy policies with different values of e.
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exploration and gradually reduce it to ensure the optimality of the final policy [21-23].

5.6 Summary

The algorithms in this chapter are the first model-free reinforcement learning algorithms

ever introduced in this book. We first introduced the idea of MC estimation by exam-

ining an important mean estimation problem. Then, three MC-based algorithms were

introduced.

&

MC Basic: This is the simplest MC-based reinforcement learning algorithm. This al-
gorithm is obtained by replacing the model-based policy evaluation step in the policy
iteration algorithm with a model-free MC-based estimation component. Given suffi-
cient samples, it is guaranteed that this algorithm can converge to optimal policies

and optimal state values.

MC Exploring Starts: This algorithm is a variant of MC Basic. It can be obtained
from the MC Basic algorithm using the first-visit or every-visit strategy to use samples

more efficiently.

MC e-Greedy: This algorithm is a variant of MC Exploring Starts. Specifically, in the
policy improvement step, it searches for the best e-greedy policies instead of greedy
policies. In this way, the exploration ability of the policy is enhanced and hence the

condition of exploring starts can be removed.

Finally, a tradeoff between exploration and exploitation was introduced by examining

the properties of e-greedy policies. As the value of € increases, the exploration ability

of e-greedy policies increases, and the exploitation of greedy actions decreases. On the

other hand, if the value of € decreases, we can better exploit the greedy actions, but the

exploration ability is compromised.

57 Q&A

o

Q: What is Monte Carlo estimation?

A: Monte Carlo estimation refers to a broad class of techniques that use stochastic

samples to solve approximation problems.
Q: What is the mean estimation problem?

A: The mean estimation problem refers to calculating the expected value of a random

variable based on stochastic samples.
Q: How to solve the mean estimation problem?

A: There are two approaches: model-based and model-free. In particular, if the proba-

bility distribution of a random variable is known, the expected value can be calculated
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based on its definition. If the probability distribution is unknown, we can use Monte
Carlo estimation to approximate the expected value. Such an approximation is accu-

rate when the number of samples is large.
¢ Q: Why is the mean estimation problem important for reinforcement learning?

A: Both state and action values are defined as expected values of returns. Hence,

estimating state or action values is essentially a mean estimation problem.
¢ Q: What is the core idea of model-free MC-based reinforcement learning?

A: The core idea is to convert the policy iteration algorithm to a model-free one.
In particular, while the policy iteration algorithm aims to calculate values based on
the system model, MC-based reinforcement learning replaces the model-based policy
evaluation step in the policy iteration algorithm with a model-free MC-based policy

evaluation step.
¢ Q: What are initial-visit, first-visit, and every-visit strategies?

A: They are different strategies for utilizing the samples in an episode. An episode
may visit many state-action pairs. The initial-visit strategy uses the entire episode to
estimate the action value of the initial state-action pair. The every-visit and first-visit
strategies can better utilize the given samples. If the rest of the episode is used to
estimate the action value of a state-action pair every time it is visited, such a strategy
is called every-visit. If we only count the first time a state-action pair is visited in the

episode, such a strategy is called first-visit.
o Q: What is exploring starts? Why is it important?

A: Exploring starts requires an infinite number of (or sufficiently many) episodes to be
generated when starting from every state-action pair. In theory, the exploring starts
condition is necessary to find optimal policies. That is, only if every action value is
well explored, can we accurately evaluate all the actions and then correctly select the

optimal ones.
¢ Q: What is the idea used to avoid exploring starts?

A: The fundamental idea is to make policies soft. Soft policies are stochastic, enabling
an episode to visit many state-action pairs. In this way, we do not need a large number
of episodes starting from every state-action pair.

o Q: Can an e-greedy policy be optimal?

A: The answer is both yes and no. By yes, we mean that, if given sufficient samples,
the MC e-Greedy algorithm can converge to an optimal e-greedy policy. By no, we
mean that the converged policy is merely optimal among all e-greedy policies (with

the same value of ¢).

o Q: Is it possible to use one episode to visit all state-action pairs?
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A: Yes, it is possible. If the policy is soft (e.g., e-greedy) and the episode is sufficiently
long.

o Q: What is the relationship between MC Basic, MC Exploring Starts, and MC e-
Greedy?

A: MC Basic is the simplest MC-based reinforcement learning algorithm. It is impor-
tant because it reveals the fundamental idea of model-free MC-based reinforcement
learning. MC Exploring Starts is a variant of MC Basic that adjusts the sample us-
age strategy. Furthermore, MC e-Greedy is a variant of MC Exploring Starts that
removes the exploring starts requirement. Therefore, while the basic idea is simple,
complication appears when we want to achieve better performance. It is important

to split the core idea from the complications that may be distracting for beginners.
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Chapter 6

Stochastic Approximation

Algorithms/Methods

Chapter 4: A Chapter 5: Chapter 6:

i with model Stochastic

Value Iteration & o Monte Carlo ; S
Policy Iteration R ER e Methods . 2 | Approximation

Chapter 7:
Temporal-Difference
Chapter 2: Methods
Bellman Equation

Chapter 3:
Bellman Optimality
Equation

tabular representation
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Chapter 1: P

Basic Concepts
Chapter 8:
Value Function

Fundamental tools Methods

Chapter 9:

Chapter 10:

" policy-based . .
Actor-Critic plus Policy Gradient
Methods value-based Methods

Figure 6.1: Where we are in this book.

Chapter 5 introduced the first class of model-free reinforcement learning algorithms

based on Monte Carlo estimation. In the next chapter (Chapter 7), we will introduce an-

other class of model-free reinforcement learning algorithms: temporal-difference learning.

However, before proceeding to the next chapter, we need to press the pause button to

better prepare ourselves. This is because temporal-difference algorithms are very different

from the algorithms that we have studied so far. Many readers who see the temporal-

difference algorithms for the first time often wonder how these algorithms were designed
in the first place and why they can work effectively. In fact, there is a knowledge gap
between the previous and subsequent chapters: the algorithms we have studied so far are
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non-incremental, but the algorithms that we will study in the subsequent chapters are
incremental.

We use the present chapter to fill this knowledge gap by introducing the basics of
stochastic approximation. Although this chapter does not introduce any specific rein-
forcement learning algorithms, it lays the necessary foundations for studying subsequen-
t chapters. We will see in Chapter 7 that the temporal-difference algorithms can be
viewed as special stochastic approximation algorithms. The well-known stochastic gradi-
ent descent algorithms widely used in machine learning are also introduced in the present

chapter.

6.1 Motivating example: Mean estimation

We next demonstrate how to convert a non-incremental algorithm to an incremental one
by examining the mean estimation problem.

Consider a random variable X that takes values from a finite set X. Our goal is to
estimate E[X]. Suppose that we have a sequence of i.i.d. samples {z;}! ;. The expected

value of X can be approximated by

EX|~z=— x;. (6.1)
o

The approximation in (6.1) is the basic idea of Monte Carlo estimation, as introduced in

Chapter 5. We know that z — E[X] as n — 0o according to the law of large numbers.
We next show that two methods can be used to calculate z in (6.1). The first non-
incremental method collects all the samples first and then calculates the average. The
drawback of such a method is that, if the number of samples is large, we may have to
wait for a long time until all of the samples are collected. The second method can avoid
this drawback because it calculates the average in an incremental manner. Specifically,

suppose that

and hence

1
wk:mle, k:2,3,

i=1
Then, w1 can be expressed in terms of wy, as

1 < 1 (& 1 1
Wr1 = 7 sz =T (;xz +$k> = E«k — Dwy +x1,) = wy, — E(wk — T).

=1
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6.2. Robbins-Monro algorithm

Therefore, we obtain the following incremental algorithm:

Wg+1 = W — E(wk — l'k) (62)

This algorithm can be used to calculate the mean Z in an incremental manner. It can be
verified that

Wy = T,
1

Wo = Wy — I(Uh - xl) = I,
1 1 1

W3 = Wy — 5(202 — 1'2) =X — 5(551 — 332) = 5(171 + $2),
1

wy = W3 — g(wg — (L’g) = g(xl =+ T2 +ZE3)7

k
1
Wr4+1 = E ;$Z (63)

The advantage of (6.2) is that the average can be immediately calculated every time we
receive a sample. This average can be used to approximate Z and hence E[X]. Notably,
the approximation may not be accurate at the beginning due to insufficient samples.
However, it is better than nothing. As more samples are obtained, the estimation accuracy
can be gradually improved according to the law of large numbers. In addition, one
can also define wi,; = I%kzgll z; and w, = %Zle x;. Doing so would not make
any significant difference. In this case, the corresponding iterative algorithm is wy; =
W — ﬁ(wk - $k+1).

Furthermore, consider an algorithm with a more general expression:

Wg+1 = W — Oék(wk - {L‘k) (64)

This algorithm is important and frequently used in this chapter. It is the same as (6.2)
except that the coefficient 1/k is replaced by ay > 0. Since the expression of «y is not
given, we are not able to obtain the explicit expression of wy as in (6.3). However, we
will show in the next section that, if {ay} satisfies some mild conditions, wy — E[X] as
k — oo. In Chapter 7, we will see that temporal-difference algorithms have similar (but

more complex) expressions.

6.2 Robbins-Monro algorithm

Stochastic approximation refers to a broad class of stochastic iterative algorithms for

solving root-finding or optimization problems [24]. Compared to many other root-finding
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algorithms such as gradient-based ones, stochastic approximation is powerful in the sense
that it does not require the expression of the objective function or its derivative.

The Robbins-Monro (RM) algorithm is a pioneering work in the field of stochastic
approximation [24-27]. The famous stochastic gradient descent algorithm is a special
form of the RM algorithm, as shown in Section 6.4. We next introduce the details of the
RM algorithm.

Suppose that we would like to find the root of the equation

where w € R is the unknown variable and ¢ : R — R is a function. Many problems can be
formulated as root-finding problems. For example, if J(w) is an objective function to be
optimized, this optimization problem can be converted to solving g(w) = V,,J(w) = 0.
In addition, an equation such as g(w) = ¢, where ¢ is a constant, can also be converted
to the above equation by rewriting g(w) — ¢ as a new function.

If the expression of g or its derivative is known, there are many numerical algorithms
that can be used. However, the problem we are facing is that the expression of the
function ¢ is unknown. For example, the function may be represented by an artificial
neural network whose structure and parameters are unknown. Moreover, we can only

obtain a noisy observation of g(w):

glw,n) = g(w) +n,

where n € R is the observation error, which may or may not be Gaussian. In summary;,
it is a black-box system where only the input w and the noisy output g(w,n) are known

(see Figure 6.2). Our aim is to solve g(w) = 0 using w and g.

w §(w=77)

—1 g(w) 1t

Figure 6.2: An illustration of the problem of solving g(w) = 0 from w and g.
The RM algorithm that can solve g(w) = 0 is
Wg41 = Wi _akg(wkank>7 k= 172737"' (65)

where wy, is the kth estimate of the root, g(wy, ny) is the kth noisy observation, and ay, is
a positive coefficient. As can be seen, the RM algorithm does not require any information

about the function. It only requires the input and output.
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N

Estimated root Wy

Observation noise My

Iteration index k

Figure 6.3: An illustrative example of the RM algorithm.

To illustrate the RM algorithm, consider an example in which g(w) = w® — 5. The
true root is 5'/3 ~ 1.71. Now, suppose that we can only observe the input w and the
output g(w) = g(w) + n, where 7 is i.i.d. and obeys a standard normal distribution
with a zero mean and a standard deviation of 1. The initial guess is w; = 0, and the
coefficient is ay = 1/k. The evolution process of wy is shown in Figure 6.3. Even though
the observation is corrupted by noise 7, the estimate wj can still converge to the true
root. Note that the initial guess w; must be properly selected to ensure convergence
for the specific function of g(w) = w® — 5. In the following subsection, we present the

conditions under which the RM algorithm converges for any initial guesses.

6.2.1 Convergence properties

Why can the RM algorithm in (6.5) find the root of g(w) = 0?7 We next illustrate the
idea with an example and then provide a rigorous convergence analysis.

Consider the example shown in Figure 6.4. In this example, g(w) = tanh(w —1). The
true root of g(w) = 0 is w* = 1. We apply the RM algorithm with w; = 3 and a, = 1/k.
To better illustrate the reason for convergence, we simply set n, = 0, and consequently,
g(wi,mk) = g(wy). The RM algorithm in this case is wyy1 = wg — agg(wy). The resulting
{wy} generated by the RM algorithm is shown in Figure 6.4. It can be seen that wy
converges to the true root w* = 1.

This simple example can illustrate why the RM algorithm converges.

o When wy, > w*, we have g(wy) > 0. Then, w1 = wi — agg(wy) < wg. If apg(wy) is
sufficiently small, we have w* < wgy1 < wy. As a result, wyq is closer to w* than wy.
o When wy, < w*, we have g(wy) < 0. Then, wi1 = wi — apg(wg) > wg. I |arg(wy)]| is

sufficiently small, we have w* > wy1 > wg. As a result, wy; is closer to w* than wy.

In either case, wy; is closer to w* than wy. Therefore, it is intuitive that wj converges

to w*.
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151

g(w)

0.5 1 1.5 2 25 3 3.5 4
Figure 6.4: An example for illustrating the convergence of the RM algorithm.

The above example is simple since the observation error is assumed to be zero. It
would be nontrivial to analyze the convergence in the presence of stochastic observation

errors. A rigorous convergence result is given below.

Theorem 6.1 (Robbins-Monro theorem). In the Robbins-Monro algorithm in (6.5), if
(a) 0<c <Vyug(w) <cy forall w;

(b) > o ar =00 and Y o ai < 00;

(c) E[m|Hi] =0 and E[ng|Hs] < oo;

where Hy, = {wg, wg_1,...}, then wy almost surely converges to the root w* satisfying
g(w*) = 0.

We postpone the proof of this theorem to Section 6.3.3. This theorem relies on the
notion of almost sure convergence, which is introduced in Appendix B.

The three conditions in Theorem 6.1 are explained as follows.

o In the first condition, 0 < ¢; < V,,¢(w) indicates that g(w) is a monotonically increas-
ing function. This condition ensures that the root of g(w) = 0 exists and is unique. If
g(w) is monotonically decreasing, we can simply treat —g(w) as a new function that

is monotonically increasing.

As an application, we can formulate an optimization problem in which the objective
function is J(w) as a root-finding problem: g(w) = V,,J(w) = 0. In this case, the
condition that g(w) is monotonically increasing indicates that J(w) is convex, which

is a commonly adopted assumption in optimization problems.

The inequality V,g(w) < ¢, indicates that the gradient of g(w) is bounded from
above. For example, g(w) = tanh(w — 1) satisfies this condition, but g(w) = w?® — 5

does not.
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o The second condition about {ay} is interesting. We often see conditions like this in
reinforcement learning algorithms. In particular, the condition Y - a7 < co means
that lim,,_~ Zzzl czi is bounded from above. It requires that a; converges to zero
as k — oo. The condition )"~ a; = oo means that lim, .. Y ,_; a) is infinitely
large. It requires that a; should not converge to zero too fast. These conditions have

interesting properties, which will be analyzed in detail shortly.

¢ The third condition is mild. It does not require the observation error 7 to be Gaussian.
An important special case is that {n;} is an i.i.d. stochastic sequence satisfying
E[n] = 0 and E[n?] < oo. In this case, the third condition is valid because 7, is
independent of H; and hence we have E[n|Hi] = E[ni] = 0 and E[nZ|H:] = E[n7].

We next examine the second condition about the coefficients {a;} more closely.

o Why is the second condition important for the convergence of the RM algorithm?

This question can naturally be answered when we present a rigorous proof of the above

theorem later. Here, we would like to provide some insightful intuition.

First, > -, ai < oo indicates that a;, — 0 as k — oo. Why is this condition impor-
tant? Suppose that the observation §(wy,nx) is always bounded. Since

W1 — Wi = —akg(Wk, M),

if ap — 0, then aig(wy,nx) — 0 and hence wy1 — wr — 0, indicating that wyy; and
wy, approach each other when k& — oco. Otherwise, if a, does not converge, then wy

may still fluctuate when k£ — oo.

Second, 22021 a = oo indicates that ay should not converge to zero too fast. Why

is this condition important? Summarizing both sides of the equations of wy — w; =

—a1§(w1,m), wg — wy = —azg(we, n2), Wy — wg = —azg(ws,n3), ... gives
W1 — Woo = Z kg (Wi, 7).
k=1

If Y77 ap < oo, then |77, arg(wy, ng)| is also bounded. Let b denote the finite
upper bound such that

> axg(wi, i)

k=1

<. (6.6)

[w1 — Woo| =

If the initial guess w; is selected far away from w* so that |wy — w*| > b, then it is
impossible to have w., = w* according to (6.6). This suggests that the RM algorithm
cannot find the true solution w* in this case. Therefore, the condition Y, a; = 0o

is necessary to ensure convergency given an arbitrary initial guess.
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o  What kinds of sequences satisfy Y p-  a = 0o and >, ai < oo?

One typical sequence is
1
ap = E
On the one hand, it holds that

. — 1
nhj& (Zz—lnn> =K,

where k & 0.577 is called the Euler-Mascheroni constant (or Euler’s constant) [28].

Since Inn — oo as n — 0o, we have

NE
I =
[

1

>
Il
—

In fact, H, = Y ,_, + is called the harmonic number in number theory [29]. On the

other hand, it holds that
2

S e

2 — .

— k 6

Finding the value of Y_;7, % is known as the Basel problem [30].

In summary, the sequence {a, = 1/k} satisfies the second condition in Theorem 6.1.
Notably, a slight modification, such as a, = 1/(k+ 1) or ar = ¢/k where ¢ is
bounded, also preserves this condition.

In the RM algorithm, a; is often selected as a sufficiently small constant in many
applications. Although the second condition is not satisfied anymore in this case because
S ore ai = oo rather than Y ;- a2 < oo, the algorithm can still converge in a certain
sense [24, Section 1.5]. In addition, g(x) = 2® — 5 in the example shown in Figure 6.3
does not satisfy the first condition, but the RM algorithm can still find the root if the

initial guess is adequately (not arbitrarily) selected.

6.2.2 Application to mean estimation
We next apply the Robbins-Monro theorem to analyze the mean estimation problem,
which has been discussed in Section 6.1. Recall that

Wiy1 = Wk + Oék(.ilﬁk — wk)

is the mean estimation algorithm in (6.4). When oy = 1/k, we can obtain the analytical
expression of wy,1 as wgr; = 1/k Zle x;. However, we would not be able to obtain
an analytical expression when given general values of ay. In this case, the convergence

analysis is nontrivial. We can show that the algorithm in this case is a special RM
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algorithm and hence its convergence naturally follows.

In particular, define a function as
g(w) =w — E[X].

The original problem is to obtain the value of E[X]. This problem is formulated as a
root-finding problem to solve g(w) = 0. Given a value of w, the noisy observation that

we can obtain is § = w — x, where z is a sample of X. Note that g can be written as

§(w777) =w-—-x
—w - +E[X] - E[X]
= (w — E[X]) + (E[X] — ) = g(w) + 7,

where nn = E[X] — x.
The RM algorithm for solving this problem is

Wi+1 = Wi — akﬁ(wm 77k:) = Wk — ak<wk: - fl?k:),

which is exactly the algorithm in (6.4). As a result, it is guaranteed by Theorem 6.1 that
wy, converges to E[X] almost surely if Y 7 a = 00, > oo, @i < 0o, and {x;} is i.i.d.
It is worth mentioning that the convergence property does not rely on any assumption
regarding the distribution of X.

6.3 Dvoretzky’s convergence theorem

Until now, the convergence of the RM algorithm has not yet been proven. To do that,
we next introduce Dvoretzky’s theorem [31,32], which is a classic result in the field
of stochastic approximation. This theorem can be used to analyze the convergence
of the RM algorithm and many reinforcement learning algorithms.

This section is slightly mathematically intensive. Readers who are interested in
the convergence analyses of stochastic algorithms are recommended to study this

section. Otherwise, this section can be skipped.
Theorem 6.2 (Dvoretzky’s theorem). Consider a stochastic process
Apy1 = (1 — ap) Ay + Ben,

where {ou 521, {Br oy, {mk} 22, are stochastic sequences. Here ay, > 0, By > 0 for all

k. Then, A converges to zero almost surely if the following conditions are satisfied:
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(a) > pl ap=00, > 0 ai <00, and Y oo, B < oo uniformly almost surely;
(b) E[nk|Hi] =0 and E[ni|Hi]) < C almost surely;

where Hk = {AkaAkfb RN ) Y 0 ) " I 7/8145*17 200 }
Before presenting the proof of this theorem, we first clarify some issues.

o In the RM algorithm, the coefficient sequence {ay} is deterministic. However,
Dvoretzky’s theorem allows {ay}, {6r} to be random variables that depend on

H;.. Thus, it is more useful in cases where a4, or ) is a function of Ay.

¢ In the first condition, it is stated as “uniformly almost surely”. This is because ay,
and [ may be random variables and hence the definition of their limits must be in
the stochastic sense. In the second condition, it is also stated as “almost surely”.
This is because Hj, is a sequence of random variables rather than specific values.
As a result, E[ng|Hi] and E[n?|H] are random variables. The definition of the

conditional expectation in this case is in the “almost sure” sense (Appendix B).

o The statement of Theorem 6.2 is slightly different from [32] in the sense that Theo-
rem 6.2 does not require Y, , B = oo in the first condition. When > 77, B < oo,
especially in the extreme case where (5, = 0 for all k, the sequence can still con-

verge.

6.3.1 Proof of Dvoretzky’s theorem

The original proof of Dvoretzky’s theorem was given in 1956 [31]. There are also other
proofs. We next present a proof based on quasimartingales. With the convergence
results of quasimartingales, the proof of Dvoretzky’s theorem is straightforward. More

information about quasimartingales can be found in Appendix C.

Proof of Dvoretzky’s theorem. Let hy, = A2. Then,

hirr — b = AF L, — A7
= (Ak+1 — Ap)(Api1 + Ag)
= (—ar A + Benw)[(2 — aw) Ag + Bri]
= —a(2 — ap) A2 + B0t + 2(1 — o) Bk A

Taking expectations on both sides of the above equation yields

Elhir1 — hiHi] = E[—on(2 — o) AZ[Hi] + E[B30z | He] + E[2(1 — o) Brne A | Ha).
(6.7)

First, since A, is included and hence determined by Hj, it can be taken out from

the expectation (see property (e) in Lemma B.1). Second, consider the simple case
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where ay, B is determined by Hj. This case is valid when, for example, {a4} and
{Bk} are functions of Ay or deterministic sequences. Then, they can also be taken

out of the expectation. Therefore, (6.7) becomes
Elir1 — hi|Hi] = —aw(2 — ai) A + BRE[R | Hi] + 2(1 — o) B ARE[ne|Hi].  (6.8)

For the first term, since >, a? < oo implies a; — 0 almost surely, there exists a
finite n such that a; < 1 almost surely for all £ > n. Without loss of generality, we
next merely consider the case of ay, < 1. Then, —a(2 — ak)Ai < 0. For the second
term, we have B2E[nZ|H;] < B2C as assumed. The third term equals zero because
E[nk|Hk] = 0 as assumed. Therefore, (6.8) becomes

Elhis1 — halHi] = —ow(2 — ax) A + BRE[m;| Hi] < BRC, (6.9)

and hence
> Elhrsr — hi|Hi] <> BRC < 0.
k=1 k=1

The last inequality is due to the condition Y~ 37 < oo. Then, based on the
quasimartingale convergence theorem in Appendix C, we conclude that h; converges
almost surely.
We next determine what value Ay converges to. It follows from (6.9) that
> ak(2—ap)AF = BRI — Y Elhger — hi|H)-
k=1 k=1 .

k=1

The first term on the right-hand side is bounded as assumed. The second term
is also bounded because hj converges and hence hyy; — hp is summable. Thus,
Sor k(2 — i) AZ on the left-hand side is also bounded. Since we consider the case

of ap, <1, we have

oo > Zak(Q — o) A7 > ZakAi > 0.

k=1 k=1

Therefore, > .2, ayA7 is bounded. Since > 7, ax = oo, we must have A, — 0

almost surely. []
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6.3.2 Application to mean estimation

While the mean estimation algorithm, wy,1 = wy + ag(xx — wy), has been analyzed
using the RM theorem, we next show that its convergence can also be directly proven

by Dvoretzky’s theorem.

Proof. Let w* = E[X]. The mean estimation algorithm w1 = wy + ag (2 — wy) can

be rewritten as
Wer1 — W = wy — w* + ag(zy — W + w* — wy).
Let A = w — w*. Then, we have

Ak+1 = Ak Sl Oék(xk —w" — Ak)
= (1 — Oék)Ak + o (.CI?k — U)*) 5
——

Mk

Since {zy} is i.i.d., we have E[xy|Hi] = E[zx] = w*. As a result, E[ng|Hi] = Elz, —
w*|Hy] = 0 and E[ni|Hi] = E[z?|Hi] — (w*)? = E[z}] — (w*)? are bounded if the
variance of xy, is finite. Following Dvoretzky’s theorem, we conclude that A, converges

to zero and hence wy, converges to w* = E[X] almost surely. ]

6.3.3 Application to the Robbins-Monro theorem

We are now ready to prove the Robbins-Monro theorem using Dvoretzky’s theorem.

Proof of the Robbins-Monro theorem. The RM algorithm aims to find the root of
g(w) = 0. Suppose that the root is w* such that g(w*) = 0. The RM algorithm is

Wr41 = Wi — arg(Wk, M)

= wy, — ax[g(wr) + Nkl
Then, we have
Wp1 — W = wy —w* — ak[g(wk) - Q(W*) + 77k]~

Due to the mean value theorem [7,8], we have g(wy) — g(w*) = V,g(w},)(wr, — w*),

112



6.2. Robbins-Monro algorithm

where wy, € [wy, w*]. Let Ay = wy, — w*. The above equation becomes

A1 = Ay — ay [ng(w;c)(wk - W*) + 77k]
= Ay — axVug(wy) A + ax(—nk)
= [1 — axVug(wy)] Ax + arx(—m%).
S ——

A

Note that V,,g(w) is bounded as 0 < ¢; < V,,g(w) < ¢ as assumed. Since > ;- aj =
oo and Yo, ai < oo as assumed, we know Y 2 ap = o0 and Y-, o2 < co. Thus,
all the conditions in Dvoretzky’s theorem are satisfied and hence Aj converges to

zero almost surely. O]

The proof of the RM theorem demonstrates the power of Dvoretzky’s theorem.
In particular, a4 in the proof is a stochastic sequence depending on wy, rather than a

deterministic sequence. In this case, Dvoretzky’s theorem is still applicable.

6.3.4 An extension of Dvoretzky’s theorem

We next extend Dvoretzky’s theorem to a more general theorem that can handle
multiple variables. This general theorem, proposed by [32], can be used to analyze

the convergence of stochastic iterative algorithms such as Q-learning.

Theorem 6.3. Consider a finite set S of real numbers. For the stochastic process

Api1(s) = (1 — ar(s)Ax(s) + Br(s)mk(s),

it holds that Ag(s) converges to zero almost surely for every s € S if the following

conditions are satisfied for s € S:

(a) Ypaw(s) = oo, Y, ai(s) < oo, 3 Bi(s) < oo, and E[Bu(s)|Hi] <
Elag(s)|Hy] uniformly almost surely;

(0) NE[m(s)|Hllloo < V| Aklloo, where v € (0,1);
(c) var[ni(s)|Hr] < C(1 + [|Ak(s)|ls)?, where C is a constant.

Here, Hi = {Ap, Ap—1, ooy M1y oy A1, -+, Br_1, ...} represents the historical in-

formation. The term || - ||« refers to the mazimum norm.

Proof. As an extension, this theorem can be proven based on Dvoretzky’s theorem.

Details can be found in [32] and are omitted here. O

Some remarks about this theorem are given below.
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o  We first clarify some notations in the theorem. The variable s can be viewed
as an index. In the context of reinforcement learning, it indicates a state or a
state-action pair. The mazimum norm || - || is defined over a set. It is similar
but different from the L norm of vectors. In particular, ||E[n.(s)|Hlllco =
max,es [Ef(s)Hall and [|Ax(s)]o = max.es [Ax(s)].

¢ This theorem is more general than Dvoretzky’s theorem. First, it can handle the
case of multiple variables due to the maximum norm operations. This is important
for a reinforcement learning problem where there are multiple states. Second,
while Dvoretzky’s theorem requires E[ny(s)|Hy] = 0 and var[ng(s)|Hx] < C, this
theorem only requires that the expectation and variance are bounded by the error
Ay.

o It should be noted that the convergence of A(s) for all s € S requires that the
conditions are valid for every s € §. Therefore, when applying this theorem to
prove the convergence of reinforcement learning algorithms, we need to show that

the conditions are valid for every state (or state-action pair).

6.4 Stochastic gradient descent

This section introduces stochastic gradient descent (SGD) algorithms, which are widely
used in the field of machine learning. We will see that SGD is a special RM algorithm,
and the mean estimation algorithm is a special SGD algorithm.

Consider the following optimization problem:
min J(w) = E[f(w, X)], (6.10)

where w is the parameter to be optimized, and X is a random variable. The expectation
is calculated with respect to X. Here, w and X can be either scalars or vectors. The
function f(-) is a scalar.

A straightforward method for solving (6.10) is gradient descent. In particular, the
gradient of E[f(w, X)] is V,E[f(w, X)] = E[V,f(w,X)]. Then, the gradient descent

algorithm is
Wiy1 = Wy, — Vi J (W) = wi, — B[V, f(wy, X)]. (6.11)

This gradient descent algorithm can find the optimal solution w* under some mild con-
ditions such as the convexity of f. Preliminaries about gradient descent algorithms can
be found in Appendix D.

The gradient descent algorithm requires the expected value E[V,,f(wg, X)]. One
way to obtain the expected value is based on the probability distribution of X. The
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distribution is, however, often unknown in practice. Another way is to collect a large

number of i.i.d. samples {z;}!, of X so that the expected value can be approximated as
1 n
E vw 7X ~ — Vw s Lg ).
[V f(wy, X)] n; f(wy, ;)

Then, (6.11) becomes

(67

Wiyl = Wk — ;k Z Vo f(wg, x;). (6.12)
i=1

One problem of the algorithm in (6.12) is that it requires all the samples in each iteration.
In practice, if the samples are collected one by one, then it is favorable to update w every

time a sample is collected. To that end, we can use the following algorithm:
Why1 = Wy — ag Vi f (W, Tp), (6.13)

where x;, is the sample collected at time step k. This is the well-known stochastic gradient
descent algorithm. This algorithm is called “stochastic” because it relies on stochastic
samples {zy}.

Compared to the gradient descent algorithm in (6.11), SGD replaces the true gra-
dient E[V,, f(w, X)] with the stochastic gradient V., f(wg,zy). Since V., f(wg,xr) #
E[Vf(w, X)], can such a replacement still ensure w, — w* as k — oo? The answer
is yes. We next present an intuitive explanation and postpone the rigorous proof of the
convergence to Section 6.4.5.

In particular, since

Voo (wr 2) = B[V f (w3, X)) + (Vo f (wi, 20) = BV, f (o, X))
= E[Vu f(we, X)] + 0,

the SGD algorithm in (6.13) can be rewritten as
W1 = wy — B[V f(wi, X)] — agn.

Therefore, the SGD algorithm is the same as the regular gradient descent algorithm except
that it has a perturbation term aym. Since {zx} is i.i.d., we have E, [V, f(wk, zx)] =
Ex[Vuf(wg, X)]. As a result,

Elp] = E [vw Flwe, ) — B[V f(wy, X)]] = By, [V f (wi, 21)] — Ex [V f(wi, X)] = 0.

Therefore, the perturbation term 7 has a zero mean, which intuitively suggests that it

may not jeopardize the convergence property. A rigorous proof of the convergence of
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SGD is given in Section 6.4.5.

6.4.1 Application to mean estimation

We next apply SGD to analyze the mean estimation problem and show that the mean
estimation algorithm in (6.4) is a special SGD algorithm. To that end, we formulate the

mean estimation problem as an optimization problem:
1
min J(w) = E | = XP?| = Blf(w ) (6.14)

where f(w,X) = ||lw — X||?/2 and the gradient is V, f(w,X) = w — X. It can be
verified that the optimal solution is w* = E[X] by solving V,,J(w) = 0. Therefore, this

optimization problem is equivalent to the mean estimation problem.

o The gradient descent algorithm for solving (6.14) is

We+1 = W — akaJ(wk)
= wy — B[V, f(wy, X))

= W — ak]E[wk — X]

This gradient descent algorithm is not applicable since E[w, — X]| or E[X] on the

right-hand side is unknown (in fact, it is what we need to solve).

o The SGD algorithm for solving (6.14) is
Wi1 = Wi, — Vi f (Wi, 21) = wi — ag(wy, — x),

where z; is a sample obtained at time step k. Notably, this SGD algorithm is the
same as the iterative mean estimation algorithm in (6.4). Therefore, (6.4) is an SGD

algorithm designed specifically for solving the mean estimation problem.

6.4.2 Convergence pattern of SGD

The idea of the SGD algorithm is to replace the true gradient with a stochastic gradient.
However, since the stochastic gradient is random, one may ask whether the convergence
speed of SGD is slow or random. Fortunately, SGD can converge efficiently in general.
An interesting convergence pattern is that it behaves similarly to the regular gradient
descent algorithm when the estimate wy, is far from the optimal solution w*. Only when
wyg, is close to w*, does the convergence of SGD exhibit more randomness.

An analysis of this pattern and an illustrative example are given below.
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© Analysis: The relative error between the stochastic and true gradients is

- VS (wr, ) — B[V f(we, X)) _

O BN/ (e, X))

For the sake of simplicity, we consider the case where w and V, f(w,z) are both
scalars. Since w* is the optimal solution, it holds that E[V,, f(w*, X)] = 0. Then, the

relative error can be rewritten as

5, = Voo f (wi, 1) = BIVw [ (wi, XN [V f (wi, 2x) = B[V f (wi, X)|
B[V f(wr, X)] = B[V f(w*, X)]] [E[VE,f (Wr, X) (wi — w*)]]

, (6.15)

where the last equality is due to the mean value theorem [7,8] and wy € [wy, w*].
Suppose that f is strictly convex such that V2 f > ¢ > 0 for all w, X. Then, the

denominator in (6.15) becomes

B[V S (e, X) (wi — w)]| = [E[VEf (0, X)]|| (wi — w")|

> clwp — w’|.

Substituting the above inequality into (6.15) yields

stochastic gradient true gradient
.

| Vof (e, an) — BV (0|

clwy, — w”|
—_——

o <
distance to the optimal solution

The above inequality suggests an interesting convergence pattern of SGD: the relative
error 0y is inversely proportional to |wy, —w*|. As a result, when |wy, — w*| is large, oy
is small. In this case, the SGD algorithm behaves like the gradient descent algorithm
and hence wy, quickly converges to w*. When wy, is close to w*, the relative error oy

may be large, and the convergence exhibits more randomness.

¢ Example: A good example for demonstrating the above analysis is the mean estima-
tion problem. Consider the mean estimation problem in (6.14). When w and X are
both scalar, we have f(w, X) = |w — X|?/2 and hence

vwf(wvxk) = W — Tk,

E[Vuf(w,zr)] = w —E[X] =w — w".

Thus, the relative error is

_ [V f(wr, 2x) = B[V f(wr, | [(wr = 2x) = (w — E[X])| _ [BIX] — 24|

1) = = .
; B[V f (wr, X)]| [wy — w*] [wy — w]

The expression of the relative error clearly shows that 0y is inversely proportional to
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Figure 6.5: An example for demonstrating stochastic and mini-batch gradient descent algorithms. The
distribution of X € R? is uniform in the square area centered at the origin with a side length as 20. The
mean is E[X] = 0. The mean estimation is based on 100 i.i.d. samples.

|wr — w*|. As a result, when wy, is far from w?*, the relative error is small, and SGD
behaves like gradient descent. In addition, since dy is proportional to |E[X]| — x|, the

mean of d; is proportional to the variance of X.

The simulation results are shown in Figure 6.5. Here, X € R? represents a random
position in the plane. Its distribution is uniform in the square area centered at the
origin and E[X| = 0. The mean estimation is based on 100 i.i.d. samples. Although
the initial guess of the mean is far away from the true value, it can be seen that the
SGD estimate quickly approaches the neighborhood of the origin. When the estimate

is close to the origin, the convergence process exhibits certain randomness.

6.4.3 A deterministic formulation of SGD

The formulation of SGD in (6.13) involves random variables. One may often encounter
a deterministic formulation of SGD without involving any random variables.

In particular, consider a set of real numbers {z;} ;, where z; does not have to be a
sample of any random variable. The optimization problem to be solved is to minimize

the average:
1 n
Hgn ‘](w) - E Z f(wa :L‘i)a
i=1
where f(w, ;) is a parameterized function, and w is the parameter to be optimized. The

gradient descent algorithm for solving this problem is

n

1
= - w = - - vw y Lg ).
Wrt1 = Wy — Vo J(wy) = wy o E f(wg, ;)

=1

Suppose that the set {z;}! , is large and we can only fetch a single number each time.
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In this case, it is favorable to update wy, in an incremental manner:
Wr1 = Wi — @ Vo f (W, Tg). (6.16)

It must be noted that x; here is the number fetched at time step k instead of the kth
element in the set {z;}7;.

The algorithm in (6.16) is very similar to SGD, but its problem formulation is subtly
different because it does not involve any random variables or expected values. Then,
many questions arise. For example, is this algorithm SGD? How should we use the finite
set of numbers {z;}? ;7 Should we sort these numbers in a certain order and then use
them one by one, or should we randomly sample a number from the set?

A quick answer to the above questions is that, although no random variables are
involved in the above formulation, we can convert the deterministic formulation to the
stochastic formulation by introducing a random variable. In particular, let X be a random
variable defined on the set {z;}" ,. Suppose that its probability distribution is uniform
such that p(X = x;) = 1/n. Then, the deterministic optimization problem becomes a

stochastic one:

min J(1) = % > flw,w) = Blf(w, X))

The last equality in the above equation is strict instead of approximate. Therefore, the
algorithm in (6.16) is SGD, and the estimate converges if zy, is uniformly and indepen-
dently sampled from {x;}! ;. Note that x; may repeatedly take the same number in

{z;}"_; since it is sampled randomly.

6.4.4 BGD, SGD, and mini-batch GD

While SGD uses a single sample in every iteration, we next introduce mini-batch gradient
descent (MBGD), which uses a few more samples in every iteration. When all samples
are used in every iteration, the algorithm is called batch gradient descent (BGD).

In particular, suppose that we would like to find the optimal solution that can min-
imize J(w) = E[f(w, X)] given a set of random samples {x;}! , of X. The BGD, SGD,
and MBGD algorithms for solving this problem are, respectively,

1 n
=wp— =y : BGD
W1 Wi Oékn 2 wa(wk,xz), ( G )
1
= wp —ap— Y Vo f(wp 1), MBGD
Wg4+1 = Wk akmjez f(wy, x]) ( )
k

Wg4+1 = Wi — akaf(wk, l’k) (SGD)

In the BGD algorithm, all the samples are used in every iteration. When n is large,
(1/n)>7" Vi f(wg, x;) is close to the true gradient E[V,, f(wg, X)]. In the MBGD al-
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gorithm, 7, is a subset of {1,...,n} obtained at time k. The size of the set is |Z;| = m.
The samples in Z; are also assumed to be i.i.d. In the SGD algorithm, z; is randomly
sampled from {z;}, at time k.

MBGD can be viewed as an intermediate version between SGD and BGD. Compared
to SGD, MBGD has less randomness because it uses more samples instead of just one
as in SGD. Compared to BGD, MBGD does not require using all the samples in every
iteration, making it more flexible. If m = 1, then MBGD becomes SGD. However, if
m = n, MBGD may not become BGD. This is because MBGD uses n randomly fetched
samples, whereas BGD uses all n numbers. These n randomly fetched samples may
contain the same number multiple times and hence may not cover all n numbers in
{ziti,

The convergence speed of MBGD is faster than that of SGD in general. This is
because SGD uses V,, f(wg, xx) to approximate the true gradient, whereas MBGD uses
(1/m) > ez, Vuf(wk, x;), which is closer to the true gradient because the randomness is
averaged out. The convergence of the MBGD algorithm can be proven similarly to the
SGD case.

A good example for demonstrating the above analysis is the mean estimation prob-
lem. In particular, given some numbers {x;}" ;, our goal is to calculate the mean
T =) x;/n. This problem can be equivalently stated as the following optimization

problem:
. 1 < )
my}nj(w) = %121 ||w - $z'|| )

whose optimal solution is w* = z. The three algorithms for solving this problem are,

respectively,
LS () (we-1),  (BGD)
Wiyl = Wi — Q— wy, — x;) = wy — ap(wy — T),
k41 k o 2 k k k(W
1 _(m)
Wikt = Wk = Qg Z(wk —Tj) = w — ay, (wk — T, ) , (MBGD)
JE€Ly
Wr4+1 = Wi — ak(wk - ZEk), (SGD)
where f,(cm) = > ez, Tj/m. Furthermore, if ay, = 1/k, the above equations can be solved
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as follows:
1k
Wg+1 = E E T = Ii', (BGD)

k
1
_ =(m)
Wht1 EE T, (MBGD)

k
1
Wg+1 = E Zl’j. (SGD)

The derivation of the above equations is similar to that of (6.3) and is omitted here. It
can be seen that the estimate given by BGD at each step is exactly the optimal solution
w* = . MBGD converges to the mean faster than SGD because f,(cm) is already an
average.

A simulation example is given in Figure 6.5 to demonstrate the convergence of MBGD.
Let a = 1/k. It is shown that all MBGD algorithms with different mini-batch sizes can
converge to the mean. The case with m = 50 converges the fastest, while SGD with m =1
is the slowest. This is consistent with the above analysis. Nevertheless, the convergence

rate of SGD is still fast, especially when wy, is far from w*.

6.4.5 Convergence of SGD

The rigorous proof of the convergence of SGD is given as follows.
Theorem 6.4 (Convergence of SGD). For the SGD algorithm in (6.13), if the following
conditions are satisfied, then wy, converges to the root of V., E[f(w, X)] = 0 almost surely.
(a) 0<ci <V2f(w,X)<co;

(b) > i ax =00 and Y po a; < 00;

(¢c) {xp}, are i.i.d.
The three conditions in Theorem 6.4 are discussed below.

o Condition (a) is about the convexity of f. It requires the curvature of f to be bounded
from above and below. Here, w is a scalar, and so is V2 f(w, X). This condition can
be generalized to the vector case. When w is a vector, V2 f(w, X) is the well-known

Hessian matrix.

o Condition (b) is similar to that of the RM algorithm. In fact, the SGD algorithm is
a special RM algorithm (as shown in the proof in Box 6.1). In practice, ay is often
selected as a sufficiently small constant. Although condition (b) is not satisfied in this

case, the algorithm can still converge in a certain sense [24, Section 1.5].

o Condition (c) is a common requirement.
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Box 6.1: Proof of Theorem 6.4

We next show that the SGD algorithm is a special RM algorithm. Then, the conver-
gence of SGD naturally follows from the RM theorem.

The problem to be solved by SGD is to minimize J(w) = E[f(w, X)]. This
problem can be converted to a root-finding problem. That is, finding the root of
VuJ(w) =E[V, f(w, X)] =0. Let

g(w) = VyJ(w) = E[Vy f(w, X)].

Then, SGD aims to find the root of g(w) = 0. This is exactly the problem solved by
the RM algorithm. The quantity that we can measure is § = V,, f(w, z), where x is

a sample of X. Note that g can be rewritten as

g(wa 77) = wa(wv'r)
= E[Vuf(w, X)] + Vo f(w,2) - E[V, f(w, X)].

~-
n

Then, the RM algorithm for solving g(w) = 0 is

Wi4+1 = W — ak§<wk> 77k) = Wk — akvwf(wka »Tk)>

which is the same as the SGD algorithm in (6.13). As a result, the SGD algorithm

is a special RM algorithm. We next show that the three conditions in Theorem 6.1

are satisfied. Then, the convergence of SGD naturally follows from Theorem 6.1.

o Since Vy,g(w) = V,E[V,f(w,X)] = E[V?f(w,X)], it follows from ¢ <
V2 f(w, X) < ¢y that ¢; < Vyg(w) < . Thus, the first condition in Theo-

rem 6.1 is satisfied.

¢ The second condition in Theorem 6.1 is the same as the second condition in this

theorem.

o The third condition in Theorem 6.1 requires E[ng|Hi] = 0 and E[n?|H;] < oo.
Since {zy} is i.i.d., we have E,, [V, f(w, zx)] = E[V,, f(w, X)] for all k. Therefore,

E[nk|Hi] = E[Vu f(wi, 2x) — B[V f(we, X)]|Ha)-

Since Hj, = {wy, wg_1,...} and x is independent of Hy, the first term on the
right-hand side becomes E[V,, f(wy, xk)|Hr] = Es [V f(wk, 2)]. The second
term becomes E[E[V.,, f(wk, X)]|Hi] = E[V.wf(wy, X)] because E[V,, f(wy, X)] is
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6.5. Summary

a function of wy. Therefore,
Elnk|He] = Bo, [V f (i, 22)] = B[V f(wi, X)] = 0.

Similarly, it can be proven that E[n2|Hx] < oo if |V, f(w,z)| < oo for all w given

any x.

Since the three conditions in Theorem 6.1 are satisfied, the convergence of the
SGD algorithm follows.

6.5 Summary

Instead of introducing new reinforcement learning algorithms, this chapter introduced the
preliminaries of stochastic approximation such as the RM and SGD algorithms. Com-
pared to many other root-finding algorithms, the RM algorithm does not require the
expression of the objective function or its derivative. It has been shown that the SGD al-
gorithm is a special RM algorithm. Moreover, an important problem frequently discussed
throughout this chapter is mean estimation. The mean estimation algorithm (6.4) is the
first stochastic iterative algorithm we have ever introduced in this book. We showed that
it is a special SGD algorithm. We will see in Chapter 7 that temporal-difference learn-
ing algorithms have similar expressions. Finally, the name “stochastic approximation”
was first used by Robbins and Monro in 1951 [25]. More information about stochastic

approximation can be found in [24].

6.6 Q&A

o Q: What is stochastic approximation?

A: Stochastic approximation refers to a broad class of stochastic iterative algorithms

for solving root-finding or optimization problems.
¢ Q: Why do we need to study stochastic approximation?

A: This is because the temporal-difference reinforcement learning algorithms that will
be introduced in Chapter 7 can be viewed as stochastic approximation algorithms.
With the knowledge introduced in this chapter, we can be better prepared, and it will

not be abrupt for us to see these algorithms for the first time.
o Q: Why do we frequently discuss the mean estimation problem in this chapter?

A: This is because the state and action values are defined as the means of random
variables. The temporal-difference learning algorithms introduced in Chapter 7 are

similar to stochastic approximation algorithms for mean estimation.
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¢ Q: What is the advantage of the RM algorithm over other root-finding algorithms?

A: Compared to many other root-finding algorithms, the RM algorithm is powerful
in the sense that it does not require the expression of the objective function or its
derivative. As a result, it is a black-box technique that only requires the input and
output of the objective function. The famous SGD algorithm is a special form of the
RM algorithm.

o Q: What is the basic idea of SGD?

A: SGD aims to solve optimization problems involving random variables. When the
probability distributions of the given random variables are not known, SGD can solve
the optimization problems merely by using samples. Mathematically, the SGD algo-
rithm can be obtained by replacing the true gradient expressed as an expectation in

the gradient descent algorithm with a stochastic gradient.
o Q: Can SGD converge quickly?

A: SGD has an interesting convergence pattern. That is, if the estimate is far from
the optimal solution, then the convergence process is fast. When the estimate is close
to the solution, the randomness of the stochastic gradient becomes influential, and

the convergence rate decreases.
¢ Q: What is MBGD? What are its advantages over SGD and BGD?
A: MBGD can be viewed as an intermediate version between SGD and BGD. Com-

pared to SGD, it has less randomness because it uses more samples instead of just one
as in SGD. Compared to BGD, it does not require the use of all the samples, making

it more flexible.
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Figure 7.1: Where we are in this book.

This chapter introduces temporal-difference (TD) methods for reinforcement learning.
Similar to Monte Carlo (MC) learning, TD learning is also model-free, but it has some
advantages due to its incremental form. With the preparation in Chapter 6, readers will
not feel alarmed when seeing TD learning algorithms. In fact, TD learning algorithms can
be viewed as special stochastic algorithms for solving the Bellman or Bellman optimality
equations.

Since this chapter introduces quite a few TD algorithms, we first overview these

algorithms and clarify the relationships between them.

¢ Section 7.1 introduces the most basic TD algorithm, which can estimate the state
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7.1. TD learning of state values

values of a given policy. It is important to understand this basic algorithm first

before studying the other TD algorithms.

o Section 7.2 introduces the Sarsa algorithm, which can estimate the action values of a
given policy. This algorithm can be combined with a policy improvement step to find
optimal policies. The Sarsa algorithm can be easily obtained from the TD algorithm

in Section 7.1 by replacing state value estimation with action value estimation.

¢ Section 7.3 introduces the n-step Sarsa algorithm, which is a generalization of the
Sarsa algorithm. It will be shown that Sarsa and MC learning are two special cases

of n-step Sarsa.

o Section 7.4 introduces the Q-learning algorithm, which is one of the most classic
reinforcement learning algorithms. While the other TD algorithms aim to solve the
Bellman equation of a given policy, Q-learning aims to directly solve the Bellman

optimality equation to obtain optimal policies.

¢ Section 7.5 compares the TD algorithms introduced in this chapter and provides a

unified point of view.

7.1 TD learning of state values

TD learning often refers to a broad class of reinforcement learning algorithms. For ex-
ample, all the algorithms introduced in this chapter fall into the scope of TD learning.
However, TD learning in this section specifically refers to a classic algorithm for estimat-

ing state values.

7.1.1 Algorithm description

Given a policy m, our goal is to estimate v.(s) for all s € S. Suppose that we have
some experience samples (Sg, 71,1, - - ., S, T'ta1, St41, - - - ) generated following 7. Here, ¢
denotes the time step. The following TD algorithm can estimate the state values using
these samples:

Vi1 (1) = ve(se) — cu((se) |:Ut(5t) — (1 + 7Ut(5t+l))} : (7.1)
ver1(s) = vi(s), for all s # sy, (7.2)
where t =0, 1,2,.... Here, v(s;) is the estimate of v, (s;) at time ¢; a4(s;) is the learning

rate for s; at time ¢.

It should be noted that, at time ¢, only the value of the visited state s, is updated. The
values of the unvisited states s # s; remain unchanged as shown in (7.2). Equation (7.2)
is often omitted for simplicity, but it should be kept in mind because the algorithm would

be mathematically incomplete without this equation.
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7.1. TD learning of state values

Readers who see the TD learning algorithm for the first time may wonder why it
is designed like this. In fact, it can be viewed as a special stochastic approximation
algorithm for solving the Bellman equation. To see that, first recall that the definition of

the state value is
v (8) = E[RtH + vG11|Se = s}, seS. (7.3)
We can rewrite (7.3) as
Ur(8) = E[Ri1 + e (Se1)[Se = s], s €S. (7.4)

That is because E[Gi41|S; = s] = >, w(als) >, p(s'|s,a)v.(s") = E[vg(Si41)]S: = s].
Equation (7.4) is another expression of the Bellman equation. It is sometimes called the
Bellman expectation equation.

The TD algorithm can be derived by applying the Robbins-Monro algorithm (Chap-
ter 6) to solve the Bellman equation in (7.4). Interested readers can check the details in
Box 7.1.

Box 7.1: Derivation of the TD algorithm

We next show that the TD algorithm in (7.1) can be obtained by applying the
Robbins-Monro algorithm to solve (7.4).

For state s;, we define a function as

9(vr(st)) = vr(s1) = B[ Ropa + 70r(Ser)|S; = s1].

Then, (7.4) is equivalent to
9(vn(s1)) = 0.

Our goal is to solve the above equation to obtain v, (s;) using the Robbins-Monro
algorithm. Since we can obtain r;.; and s;;1, which are the samples of R;,; and

St+1, the noisy observation of g(v,(s;)) that we can obtain is

G(vr(st)) = v (st) — [Tt+1 =+ ’Wfr(StH)}
= <U7r(3t) - E[Rt—i—l + YU (Se41)|S: = 3t]>

N

-~

9(vr(st))
U <E [Rt+1 + ’}/UW(St+1)|St = St} — [T’tJrl —+ ’}/UW(StJrl)]) 5

[\

-~

n
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7.1. TD learning of state values

Therefore, the Robbins-Monro algorithm (Section 6.2) for solving g(v,(s;)) = 0 is

Ve1(81) = v(Se) — (1) g(vi(se))

= vi(st) — auls1) (wn(50) = [ress +70n(se)] ) (75)

where v;(s;) is the estimate of v, (s;) at time ¢, and ay(s;) is the learning rate.

The algorithm in (7.5) has a similar expression to that of the TD algorithm in
(7.1). The only difference is that the right-hand side of (7.5) contains v.(S¢+1),
whereas (7.1) contains v;(s:41). That is because (7.5) is designed to merely estimate
the state value of s; by assuming that the state values of the other states are already
known. If we would like to estimate the state values of all the states, then v, (s;y1) on
the right-hand side should be replaced with v;(s;41). Then, (7.5) is exactly the same
as (7.1). However, can such a replacement still ensure convergence? The answer is

yes, and it will be proven later in Theorem 7.1.

7.1.2 Property analysis

Some important properties of the TD algorithm are discussed as follows.
First, we examine the expression of the TD algorithm more closely. In particular,
(7.1) can be described as

TD error ¢
7\

viri(s) = wils)  —au(s)[vi(se) = (e +yvi(sen) ) ] (7.6)
—— —— N ~
new estimate current estimate TD target v¢

where

Up = Tee1 + Y0e(S141)

is called the T'D target and

O = v(sy) — v = vi(s) — (reg1 +yve(s041))

is called the TD error. It can be seen that the new estimate v;11(s;) is a combination of

the current estimate v;(s;) and the TD error J;.

o Why is v; called the TD target?

This is because v; is the target value that the algorithm attempts to drive v(s;) to.

To see that, subtracting v; from both sides of (7.6) gives

Vi (1) = O = [0n(se) — 0] — u(se) [0a(s0) — 0]

= [1 = au(se)] [v(se) — T
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7.1. TD learning of state values

Taking the absolute values of both sides of the above equation gives
Vi1 (se) = O] = |1 — cu(se)||ve(se) — vl.

Since ay(s;) is a small positive number, we have 0 < 1 — ay(s;) < 1. It then follows
that

[V 1(80) — | < |ve(s1) — 4.

The above inequality is important because it indicates that the new value vyy1(s¢) is
closer to v, than the old value v;(s;). Therefore, this algorithm mathematically drives

vy (s;) toward v;. This is why ; is called the TD target.
¢ What is the interpretation of the TD error?

First, this error is called temporal-difference because d; = vi(s;) — (rev1 + Yve(Si41))
reflects the discrepancy between two time steps ¢ and ¢t 4+ 1. Second, the TD error is
zero in the expectation sense when the state value estimate is accurate. To see that,

when v; = v,, the expected value of the TD error is

E[6:]S; = s¢] = E[v,,(St) — (Ris1 + Y0 (Si41))|Se = St]
= Ur(8) — E[Rt-i-l + YU (Sp1)|St = St]
= 0. (due to (7.3))

Therefore, the TD error reflects not only the discrepancy between two time steps but
also, more importantly, the discrepancy between the estimate v; and the true state

value v,.

On a more abstract level, the TD error can be interpreted as the innovation, which
indicates new information obtained from the experience sample (s;, 7441, S¢+1). The
fundamental idea of TD learning is to correct our current estimate of the state val-
ue based on the newly obtained information. Innovation is fundamental in many

estimation problems such as Kalman filtering [33, 34].

Second, the TD algorithm in (7.1) can only estimate the state values of a given policy.
To find optimal policies, we still need to further calculate the action values and then
conduct policy improvement. This will be introduced in Section 7.2. Nevertheless, the
TD algorithm introduced in this section is very basic and important for understanding
the other algorithms in this chapter.

Third, while both TD learning and MC learning are model-free, what are their ad-

vantages and disadvantages? The answers are summarized in Table 7.1.
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TD learning of state values

TD learning

MC learning

Incremental: 'TD learning is incremen-
tal. It can update the state/action values
immediately after receiving an experience
sample.

Non-incremental: MC learning is non-
incremental. It must wait until an episode
has been completely collected. That is be-
cause it must calculate the discounted re-
turn of the episode.

Continuing tasks: Since TD learning is in-
cremental, it can handle both episodic and
continuing tasks. Continuing tasks may
not have terminal states.

Episodic tasks: Since MC learning is non-
incremental, it can only handle episodic
tasks where the episodes terminate after a
finite number of steps.

Bootstrapping: 'TD learning bootstraps
because the update of a state/action val-
ue relies on the previous estimate of this
value. As a result, TD learning requires
an initial guess of the values.

Non-bootstrapping: MC is not bootstrap-
ping because it can directly estimate s-
tate/action values without initial guesses.

Low estimation vartance: The estimation
variance of TD is lower than that of M-
C because it involves fewer random vari-
ables. For instance, to estimate an ac-
tion value ¢ (s¢, a¢), Sarsa merely requires
the samples of three random variables:
Rii1, Spy1, Avyr

High estimation variance: The estimation
variance of MC is higher since many ran-
dom variables are involved. For example,
to estimate ¢, (s, a;), we need samples of
Ry +YRipo+v*Rii5+. ... Suppose that
the length of each episode is L. Assume
that each state has the same number of
actions as |A|. Then, there are |A|X pos-
sible episodes following a soft policy. If we
merely use a few episodes to estimate, it
is not surprising that the estimation vari-
ance is high.

Table 7.1: A comparison between TD learning and MC learning.

7.1.3 Convergence analysis

The convergence analysis of the TD algorithm in (7.1) is given below.

Theorem 7.1 (Convergence of TD learning). Given a policy 7, by the TD algorithm in

(7.1), vi(s) converges almost surely to vy(s) ast — oo for all s € S if Y, au(s) = oo and

Yo, ai(s) < oo foralls € S.

Some remarks about «, are given below. First, the condition of ), au(s) = oo and
>, ai(s) < oo must be valid for all s € S. Note that, at time ¢, ay(s) > 0 if s is being

visited and a;(s) = 0 otherwise. The condition ), o (s) = oo requires the state s to

be visited an infinite (or sufficiently many) number of times. This requires either the

condition of exploring starts or an exploratory policy so that every state-action pair can

possibly be visited many times. Second, the learning rate a; is often selected as a small

130



7.1. TD learning of state values

positive constant in practice. In this case, the condition that Y, o7(s) < oo is no longer
valid. When « is constant, it can still be shown that the algorithm converges in the sense

of expectation [24, Section 1.5].

Box 7.2: Proof of Theorem 7.1

We prove the convergence based on Theorem 6.3 in Chapter 6. To do that, we need
first to construct a stochastic process as that in Theorem 6.3. Consider an arbitrary
state s € S. At time ¢, it follows from the TD algorithm in (7.1) that

Vir1(8) = vi(s) — ay(s) (vt(s) — (rep1 + /yvt(StJ,_l))), if s = s, (7.7)

or
vir1(s) = ve(s), if s # s (7.8)
The estimation error is defined as
Ay(s) = vi(s) — vr(s),

where v, (s) is the state value of s under policy 7. Deducting v,(s) from both sides
of (7.7) gives

Arpr(s) = (1 = ai(5))Ax(s) + i(s)(rea1 + 701(5141) — v(8))

-~

nt(s)

= (1 — () As(s) + au(s)me(s), s = 5. (7.9)

Deducting v, (s) from both sides of (7.8) gives

Ap1(s) = A(s) = (1 — ax(s))As(s) + ar(s)me(s), s # St,

whose expression is the same as that of (7.9) except that a;(s) = 0 and n(s) = 0.

Therefore, regardless of whether s = s;, we obtain the following unified expression:

Agpr(s) = (1 = au(s))A(s) + au(s)me(s).

This is the process in Theorem 6.3. Our goal is to show that the three conditions in
Theorem 6.3 are satisfied and hence the process converges.

The first condition is valid as assumed in Theorem 7.1. We next show that the
second condition is valid. That is, ||E[n:(s)|H¢]|lc < V||At(S)]| for all s € S. Here,
H; represents the historical information (see the definition in Theorem 6.3). Due to

the Markovian property, 1:(s) = 7141 +Yvi(S141) — vx(s) or m:(s) = 0 does not depend
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on the historical information once s is given. As a result, we have E[n(s)|H:] =
E[n(s)]. For s # s;, we have n;(s) = 0. Then, it is trivial to see that

[E[m(s)]] = 0 < 7[[Ad(s)]loo- (7.10)

For s = s;, we have

Elni(s)] = En(s1)]
= Elres1 +y0e(se41) — vn(se)|s4]
= Elreea + yoe(sesa)]s] — v(se).

Since v, (st) = E[rir1 + yu(Se41)|se), the above equation implies that

E[n:(s)] = YE[ve(se41) — vr(Se41)] ]
=7 ) p(s|se)[vi(s") — va(s)].

s'eS

It follows that

[Elne(s)]l = D p(s'Ise)[ve(s") — va(s)]

s'eS
<7 SZE;SP(S’\SO max [vy(s) — ve(s')]

_ no_ /
= ymax|v(s’) — or(s)]

= Y||ve(s") — vr(8) oo
= V1 A¢(5) [l oo- (7.11)

Therefore, at time ¢, we know from (7.10) and (7.11) that [E[n;(s)]| < v]|A¢(8)||e for
all s € S regardless of whether s = s;. Thus,

B[]0 < Al AL() o0,

which is the second condition in Theorem 6.3. Finally, regarding the third condition,
we have var[n:(s)|Hs] = var[re1 + Yve(ser1) — va(Se)|se) = var[repr + yor(ser1)]se] for
s = s; and var[n,(s)|H,] = 0 for s # s,. Since r,,; is bounded, the third condition
can be proven without difficulty.

The above proof is inspired by [32].
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7.2 TD learning of action values: Sarsa

The TD algorithm introduced in Section 7.1 can only estimate state values. This section
introduces another TD algorithm called Sarsa that can directly estimate action values.
Estimating action values is important because it can be combined with a policy improve-

ment step to learn optimal policies.

7.2.1 Algorithm description

Given a policy 7, our goal is to estimate the action values. Suppose that we have some
experience samples generated following m: (g, @g, 71, S1, A1, - - -y Sty Qs Te1, Stt1y Qpits - - - )-

We can use the following Sarsa algorithm to estimate the action values:

Qer1(Se,ar) = qi(se, ar) — au(se, an) | @ (s, ar) — (Ter +v@(Sea1, 1)) | (7.12)

qii1(s,a) = qi(s,a), for all (s,a) # (s, a),

where t =0, 1,2, ... and (s, a;) is the learning rate. Here, ¢;(s;, a;) is the estimate of
Gr(St,ar). At time ¢, only the g-value of (s, a;) is updated, whereas the g-values of the
others remain the same.

Some important properties of the Sarsa algorithm are discussed as follows.

¢ Why is this algorithm called “Sarsa”? That is because each iteration of the algorithm
requires (g, ag, Te11, St+1, Aey1). Sarsa is an abbreviation for state-action-reward-state-
action. The Sarsa algorithm was first proposed in [35] and its name was coined by
[3].

¢ Why is Sarsa designed in this way? One may have noticed that Sarsa is similar to the
TD algorithm in (7.1). In fact, Sarsa can be easily obtained from the TD algorithm

by replacing state value estimation with action value estimation.

o What does Sarsa do mathematically? Similar to the TD algorithm in (7.1), Sarsa
is a stochastic approximation algorithm for solving the Bellman equation of a given

policy:
qr(s,a) =E[R+ vq.(S', A")|s,a], for all (s,a). (7.13)

Equation (7.13) is the Bellman equation expressed in terms of action values. A proof

is given in Box 7.3.
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Box 7.3: Showing that (7.13) is the Bellman equation

As introduced in Section 2.8.2, the Bellman equation expressed in terms of action

values is
ge(s,0) =Y _rp(rls,a) +7 ) > axls, d)p(s']s, a)m(d'|s)
=> rp(rls,a) + 7Y _p(s']s,a) Y gx(s,a)m(a]s). (7.14)

This equation establishes the relationships among the action values. Since

p(s',d|s,a) = p(s'|s,a)p(d'|s, s,a)

p(s'|s,a)p(a’|s’)  (due to conditional independence)

(s'ls, a)m(dls"),

(7.14) can be rewritten as
qr(s,a) = Z rp(r|s,a) + v Z Z q-(s',a)p(s',d'|s, a).

By the definition of the expected value, the above equation is equivalent to (7.13).
Hence, (7.13) is the Bellman equation.

o Is Sarsa convergent? Since Sarsa is the action-value version of the TD algorithm in

(7.1), the convergence result is similar to Theorem 7.1 and given below.

Theorem 7.2 (Convergence of Sarsa). Given a policy w, by the Sarsa algorithm in
(7.12), ¢(s,a) converges almost surely to the action value g(s,a) ast — oo for all

(s,a) if >, cu(s,a) =00 and Y, ai(s,a) < oo for all (s,a).

The proof is similar to that of Theorem 7.1 and is omitted here. The condition of
Yo ai(s,a) = oo and Y, af(s,a) < oo should be valid for all (s,a). In particular,
> (s, a) = oo requires that every state-action pair must be visited an infinite (or
sufficiently many) number of times. At time ¢, if (s,a) = (s, a¢), then au(s,a) > 0;

otherwise, a;(s,a) = 0.

7.2.2 Optimal policy learning via Sarsa

The Sarsa algorithm in (7.12) can only estimate the action values of a given policy. To
find optimal policies, we can combine it with a policy improvement step. The combination

is also often called Sarsa, and its implementation procedure is given in Algorithm 7.1.
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Algorithm 7.1: Optimal policy learning by Sarsa

Initialization: «y(s,a) = a > 0 for all (s,a) and all t. € € (0,1). Initial go(s,a) for all
(s,a). Initial e-greedy policy 7y derived from gq.

Goal: Learn an optimal policy that can lead the agent to the target state from an initial
state s.

For each episode, do
Generate ag at s following mo(so)
If s, (t=0,1,2,...) is not the target state, do
Collect an experience sample (711, S¢11,aiy1) given (sy, a;): generate 141, Si11
by interacting with the environment; generate a;, following m;(s41).
Update g-value for (s, a;):

C]t+1(3t, at) = Qt(st; at) - CYt(St, at) Qt(St, at) - (Tt+1 + ’YQt(StJrla at+1))
Update policy for s;:
T (als) =1 — m(\fl(st)] — 1) if a = argmax, g+1(s¢, a)

1 (alsy) = TGy Otherwise

St < St41, G < Q41

As shown in Algorithm 7.1, each iteration has two steps. The first step is to update
the g-value of the visited state-action pair. The second step is to update the policy to an
e-greedy one. The g-value update step only updates the single state-action pair visited
at time t. Afterward, the policy of s; is immediately updated. Therefore, we do not
evaluate a given policy sufficiently well before updating the policy. This is based on the
idea of generalized policy iteration. Moreover, after the policy is updated, the policy is
immediately used to generate the next experience sample. The policy here is e-greedy so
that it is exploratory.

A simulation example is shown in Figure 7.2 to demonstrate the Sarsa algorithm.
Unlike all the tasks we have seen in this book, the task here aims to find an optimal
path from a specific starting state to a target state. It does not aim to find the optimal
policies for all states. This task is often encountered in practice where the starting state
(e.g., home) and the target state (e.g., workplace) are fixed, and we only need to find an
optimal path connecting them. This task is relatively simple because we only need to
explore the states that are close to the path and do not need to explore all the states.
However, if we do not explore all the states, the final path may be locally optimal rather
than globally optimal.

The simulation setup and simulation results are discussed below.

o Simulation setup: In this example, all the episodes start from the top-left state and ter-
minate at the target state. The reward settings are riaget = 0, Tforbidden = Tboundary =
—10, and ropmer = —1. Moreover, a4(s,a) = 0.1 for all ¢ and € = 0.1. The initial

guesses of the action values are go(s,a) = 0 for all (s,a). The initial policy has a
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Figure 7.2: An example for demonstrating Sarsa. All the episodes start from the top-left state and
terminate when reaching the target state (the blue cell). The goal is to find an optimal path from the
starting state to the target state. The reward settings are riarget = 0, Tforbidden = Tboundary = —10, and
Tother = —1. The learning rate is « = 0.1 and the value of € is 0.1. The left figure shows the final policy
obtained by the algorithm. The right figures show the total reward and length of every episode.

uniform distribution: m(als) = 0.2 for all s, a.

o Learned policy: The left figure in Figure 7.2 shows the final policy learned by Sarsa.
As can be seen, this policy can successfully lead to the target state from the starting
state. However, the policies of some other states may not be optimal. That is because

the other states are not well explored.

o Total reward of each episode: The top-right subfigure in Figure 7.2 shows the to-
tal reward of each episode. Here, the total reward is the non-discounted sum of all
immediate rewards. As can be seen, the total reward of each episode increases grad-
ually. That is because the initial policy is not good and hence negative rewards are

frequently obtained. As the policy becomes better, the total reward increases.

o Length of each episode: The bottom-right subfigure in Figure 7.2 shows that the
length of each episode drops gradually. That is because the initial policy is not good
and may take many detours before reaching the target. As the policy becomes better,
the length of the trajectory becomes shorter. Notably, the length of an episode may
increase abruptly (e.g., the 460th episode) and the corresponding total reward also
drops sharply. That is because the policy is e-greedy, and there is a chance for it to
take non-optimal actions. One way to resolve this problem is to use decaying € whose

value converges to zero gradually.

Finally, Sarsa also has some variants such as Expected Sarsa. Interested readers may
check Box 7.4.
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7.2. TD learning of action values: Sarsa

Box 7.4: Expected Sarsa

Given a policy 7, its action values can be evaluated by Expected Sarsa, which is a

variant of Sarsa. The Expected Sarsa algorithm is

Qig1(Se, ar) = qe(5e, ap) — (e, a0) |qe(Se, ar) — (11 + VE[%(SHL A)]) )

qri1(s,a) = qi(s,a), for all (s,a) # (s, a;),

where

Elg:(st11, A)] = Zﬁt(a|5t+1)fh(5t+1, a) = ve(St41)

a

is the expected value of g;(si+1,a) under policy m. The expression of the Ex-
pected Sarsa algorithm is very similar to that of Sarsa. They are different only
in terms of their TD targets. In particular, the TD target in Expected Sarsa is
rer1+VE[qi(se41, A)], while that of Sarsa is 7411 +7q:(S¢41, ary1). Since the algorithm
involves an expected value, it is called Expected Sarsa. Although calculating the
expected value may increase the computational complexity slightly, it is beneficial
in the sense that it reduces the estimation variances because it reduces the random
variables in Sarsa from {s;, as, 711, St1, @ey1} t0 {Se, as, Tev1, Sea1}-

Similar to the TD learning algorithm in (7.1), Expected Sarsa can be viewed as

a stochastic approximation algorithm for solving the following equation:

qr(s,a) = E|Rip1 + YE[qr (Si11, Ati1)|Se41]|S: = s, Ay = a|, for all s,a. (7.15)

The above equation may look strange at first glance. In fact, it is another expression

of the Bellman equation. To see that, substituting

E[Qw(st+17At+1)|St+l] = ZQW(StJrl; A/)W(A/|St+1) = Uw(StJrl)
Al

into (7.15) gives
QW(S,G) = E[Rt-i—l + 7”w(5t+1)|5t =5,A; = a]?

which is clearly the Bellman equation.
The implementation of Expected Sarsa is similar to that of Sarsa. More details
can be found in [3, 36, 37].
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7.3 TD learning of action values: n-step Sarsa

This section introduces n-step Sarsa, an extension of Sarsa. We will see that Sarsa and
MC learning are two extreme cases of n-step Sarsa.

Recall that the definition of the action value is
qr(s,a) = E[Gy|S; = s, Ay = al, (7.16)
where Gy is the discounted return satisfying
Gy = Rip1 +YRiyo + 7V Rz + .. ..
In fact, GG; can also be decomposed into different forms:
Sarsa +— Ggl) = Rit1 + 74 (Set1, Aeir),
G§2) = Ris1 + 7R + 720 (Sig2, Arsa),

n-step Sarsa <— Glgn) = Rip1 +YRipo + - + 7" ¢ (Stgm, Avin),

MC+— G =Ry +vRipo + V*Ress + V*Risa . ..

It should be noted that G; = Ggl) = G?) = GE”) = G,SOO), where the superscripts merely
indicate the different decomposition structures of G;.
Substituting different decompositions of Gi") into ¢, (s,a) in (7.16) results in different

algorithms.

¢ When n =1, we have
Gr(s,a) = E[Gz(el)|57 al = E[Ryt1 + 7z (Sey1, Ari1)s; al.
The corresponding stochastic approximation algorithm for solving this equation is

Qer1(8e, ar) = qe(se, ar) — (e, ar) | Ge(Se, ar) — (re1 + VG (St41, aeg1)) | s

which is the Sarsa algorithm in (7.12).

¢ When n = oo, we have

qr(s,a) = E[GEOO)|8, a] = E[Ris1 + YRiyo + V2 Riss + ... |8, a].
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7.3. TD learning of action values: n-step Sarsa

The corresponding algorithm for solving this equation is

Gri1(St, @) = Gr = Tey1 + Vo2 + VT3 + .o,

where ¢; is a sample of G;. In fact, this is the MC learning algorithm, which approx-
imates the action value of (s;, a;) using the discounted return of an episode starting

from (s, ay).

¢ For a general value of n, we have
Gr(s,a) = E[ng)]s, al = E[Ryp1 + YRiva + -+ + 7" 4 (St Avin)|s; al.
The corresponding algorithm for solving the above equation is

Qt+1(3t, at) = Qt(St, Clt)

— sy, ay) [Qt(st; a;) — (Tt+1 + 72+ "G (St at+n))]- (7.17)
This algorithm is called n-step Sarsa.

In summary, n-step Sarsa is a more general algorithm because it becomes the (one-
step) Sarsa algorithm when n = 1 and the MC learning algorithm when n = oo (by
setting oy = 1).

To implement the n-step Sarsa algorithm in (7.17), we need the experience samples
(St Aty Pe1s Sta1y Gttty -« s Tty Stany Qan). SINCE (Tin, Stin, Gripn) has not been collected
at time ¢, we have to wait until time ¢ + n to update the g-value of (s;, a;). To that end,

(7.17) can be rewritten as

Qt+n(3t, at) = Qt—i-n—l(sta at)

— Qein—1(St, @) | Qen—1(5t, ar) — (Tt+1 +Teve + o+ Y Grn-1 (St at+n))i| ;

where g1, (s, a;) is the estimate of ¢.(s, a;) at time ¢ + n.

Since n-step Sarsa includes Sarsa and MC learning as two extreme cases, it is not
surprising that the performance of n-step Sarsa is between that of Sarsa and MC learning.
In particular, if n is selected as a large number, n-step Sarsa is close to MC learning:
the estimate has a relatively high variance but a small bias. If n is selected to be small,
n-step Sarsa is close to Sarsa: the estimate has a relatively large bias but a low variance.
Finally, the n-step Sarsa algorithm presented here is merely used for policy evaluation.
It must be combined with a policy improvement step to learn optimal policies. The
implementation is similar to that of Sarsa and is omitted here. Interested readers may
check [3, Chapter 7] for a detailed analysis of multi-step TD learning,.
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7.4 'TD learning of optimal action values: Q-learning

In this section, we introduce the Q-learning algorithm, one of the most classic reinforce-
ment learning algorithms [38,39]. Recall that Sarsa can only estimate the action values of
a given policy, and it must be combined with a policy improvement step to find optimal
policies. By contrast, Q-learning can directly estimate optimal action values and find

optimal policies.

7.4.1 Algorithm description

The Q-learning algorithm is

Qi1 (Se, ar) = qu(se, ar) — (e, a0) | q(se, ar) — (Tt+1 +7 max )qt(st—l-laa)) ,  (7.18)

aeA(st+1
Gir1(s,a) = qi(s,a), forall (s,a) # (s, a),

where t =0, 1,2,.... Here, q;(s,a;) is the estimate of the optimal action value of (s;, a;)
and (s, a;) is the learning rate for (s;, a;).

The expression of QQ-learning is similar to that of Sarsa. They are different only
in terms of their TD targets: the TD target of Q-learning is 711 + 7 max, ¢;(Si+1,a),
whereas that of Sarsa is 7441 + Vqi(Se41, ar+1). Moreover, given (s, a;), Sarsa requires
(ris1, St41, ar11) in every iteration, whereas Q-learning merely requires (r;41, S;11).

Why is Q-learning designed as the expression in (7.18), and what does it do mathe-
matically? Q-learning is a stochastic approximation algorithm for solving the following

equation:
q(s,a) = E | Ry + ymax q(Sip1,a) Sy = s, Ay = a] . (7.19)

This is the Bellman optimality equation expressed in terms of action values. The proof is
given in Box 7.5. The convergence analysis of Q-learning is similar to Theorem 7.1 and

omitted here. More information can be found in [32,39].

Box 7.5: Showing that (7.19) is the Bellman optimality equation

By the definition of expectation, (7.19) can be rewritten as

Zp r|s, a‘r—l-fyZp '|s,a) max q(s,a).

acA(s")
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7.4. 'TD learning of optimal action values: Q-learning

Taking the maximum of both sides of the equation gives

acA(s) acA(s)

max ¢(s,a) = max [Zp r|s, ar+72p "Is,a) maX q(s a)].

By denoting v(s) = max,c () ¢(s, @), we can rewrite the above equation as

v(s) = argjé) [Zp(r|s,a)r + VZP(S’|S,G)U(S’)]
= max > m(als) [ZP(7‘|S7G)T+72p(8'|87a)ﬂ(5/)] 7

acA(s)

which is clearly the Bellman optimality equation in terms of state values as introduced
in Chapter 3.

7.4.2 Off-policy vs on-policy

We next introduce two important concepts: on-policy learning and off-policy learning.
What makes Q-learning slightly special compared to the other TD algorithms is that
Q-learning is off-policy while the others are on-policy.

Two policies exist in any reinforcement learning task: a behavior policy and a target
policy. The behavior policy is the one used to generate experience samples. The target
policy is the one that is constantly updated to converge to an optimal policy. When the
behavior policy is the same as the target policy, such a learning process is called on-policy.
Otherwise, when they are different, the learning process is called off-policy.

The advantage of off-policy learning is that it can learn optimal policies based on
the experience samples generated by other policies, which may be, for example, a policy
executed by a human operator. As an important case, the behavior policy can be selected
to be exploratory. For example, if we would like to estimate the action values of all state-
action pairs, we must generate episodes visiting every state-action pair sufficiently many
times. Although Sarsa uses e-greedy policies to maintain certain exploration abilities, the
value of € is usually small and hence the exploration ability is limited. By contrast, if
we can use a policy with a strong exploration ability to generate episodes and then use
off-policy learning to learn optimal policies, the learning efficiency would be significantly
increased.

To determine if an algorithm is on-policy or off-policy, we can examine two aspects.
The first is the mathematical problem that the algorithm aims to solve. The second is

the experience samples required by the algorithm.
¢ Sarsa is on-policy.
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7.4. 'TD learning of optimal action values: Q-learning

The reason is as follows. Sarsa has two steps in every iteration. The first step is to
evaluate a policy 7w by solving its Bellman equation. To do that, we need samples
generated by w. Therefore, 7 is the behavior policy. The second step is to obtain an
improved policy based on the estimated values of 7. As a result, « is the target policy
that is constantly updated and eventually converges to an optimal policy. Therefore,

the behavior policy and the target policy are the same.

From another point of view, we can examine the samples required by the algorithm.
The samples required by Sarsa in every iteration include (s, as, 7441, S¢11, @ry1). How

these samples are generated is illustrated below:

model

T Tp
St — A —— T41, St+1 — Qg41

As can be seen, the behavior policy m, is the one that generates a; at s; and a;4q
at s;11. The Sarsa algorithm aims to estimate the action value of (s;,a;) of a policy
denoted as mp, which is the target policy because it is improved in every iteration
based on the estimated values. In fact, 77 is the same as m, because the evaluation
of mr relies on the samples (7441, St11, asy1), where a;1 ;1 is generated following 7,. In

other words, the policy that Sarsa evaluates is the policy used to generate samples.
o Q-learning is off-policy.

The fundamental reason is that Q-learning is an algorithm for solving the Bellman
optimality equation, whereas Sarsa is for solving the Bellman equation of a given
policy. While solving the Bellman equation can evaluate the associated policy, solving
the Bellman optimality equation can directly generate the optimal values and optimal

policies.

In particular, the samples required by Q-learning in every iteration is (s;, ag, 711, Si11)-

How these samples are generated is illustrated below:
T model
St —> Qg — Ti41, St41

As can be seen, the behavior policy 7, is the one that generates a; at s;. The Q-learning
algorithm aims to estimate the optimal action value of (s;, a;). This estimation process
relies on the samples (ryy1,S:41). The process of generating (441, s;41) does not
involve 7, because it is governed by the system model (or by interacting with the
environment). Therefore, the estimation of the optimal action value of (s, a;) does
not involve 7, and we can use any 7, to generate a; at s;. Moreover, the target
policy w7 here is the greedy policy obtained based on the estimated optimal values

(Algorithm 7.3). The behavior policy does not have to be the same as 7.

¢ MC learning is on-policy. The reason is similar to that of Sarsa. The target policy to

be evaluated and improved is the same as the behavior policy that generates samples.
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7.4. 'TD learning of optimal action values: Q-learning

Another concept that may be confused with on-policy/off-policy is online/offline.
Online learning refers to the case where the agent updates the values and policies while
interacting with the environment. Offline learning refers to the case where the agent up-
dates the values and policies using pre-collected experience data without interacting with
the environment. If an algorithm is on-policy, then it can be implemented in an online
fashion, but cannot use pre-collected data generated by other policies. If an algorithm is

off-policy, then it can be implemented in either an online or offline fashion.

Algorithm 7.2: Optimal policy learning via Q-learning (on-policy version)

Initialization: oy (s,a) = a > 0 for all (s,a) and all t. € € (0,1). Initial go(s,a) for all
(s,a). Initial e-greedy policy 7 derived from g.

Goal: Learn an optimal path that can lead the agent to the target state from an initial
state sg.

For each episode, do
If s, (t=0,1,2,...) is not the target state, do
Collect the experience sample (ag, 7411, Si11) given s;: generate a; following
m(s¢); generate 1441, Si41 by interacting with the environment.
Update g-value for (s, a;):

Qe1(5¢, ar) = qe(5e, a) — (e, ar) | qe (e, ar) — (regr +y maxg ¢ (Se41,a))
Update policy for s;:
Teri(als) =1 — 7 (s — 1) if a = argmax, gera (s, a)

€

1 (alsy) = Ay Otherwise

Algorithm 7.3: Optimal policy learning via Q-learning (off-policy version)

Initialization: Initial guess g(s,a) for all (s,a). Behavior policy m,(als) for all (s,a).
at(s,a) = a > 0 for all (s,a) and all £.

Goal: Learn an optimal target policy 7w for all states from the experience samples
generated by .

For each episode {sg, ag, 1, $1,a1,72, ...} generated by m,, do
For each step t = 0,1,2,... of the episode, do
Update g-value for (s, a;):
Gr1(86, ar) = qe(8e, ar) — (s, ar) | Ge(se, ar) — (regn +y maxg ¢ (se41,a))
Update target policy for s;:

mri1(alsy) = 1if a = argmax, ¢+1(st, a)
mrei1(als:) = 0 otherwise
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Figure 7.3: An example for demonstrating Q-learning. All the episodes start from the top-left state and
terminate after reaching the target state. The aim is to find an optimal path from the starting state to
the target state. The reward settings are rtarget = 0, Tforbidden = Tboundary = —10, and 7other = —1. The
learning rate is & = 0.1 and the value of € is 0.1. The left figure shows the final policy obtained by the
algorithm. The right figure shows the total reward and length of every episode.

7.4.3 Implementation

Since Q-learning is off-policy, it can be implemented in either an on-policy or off-policy
fashion.

The on-policy version of Q-learning is shown in Algorithm 7.2. This implementation
is similar to the Sarsa one in Algorithm 7.1. Here, the behavior policy is the same as the
target policy, which is an e-greedy policy.

The off-policy version is shown in Algorithm 7.3. The behavior policy 7, can be any
policy as long as it can generate sufficient experience samples. It is usually favorable when
m, is exploratory. Here, the target policy 7 is greedy rather than e-greedy since it is
not used to generate samples and hence is not required to be exploratory. Moreover, the
off-policy version of Q-learning presented here is implemented offline: all the experience

samples are collected first and then processed.

7.4.4 Illustrative examples

We next present examples to demonstrate Q-learning.

The first example is shown in Figure 7.3. It demonstrates on-policy Q-learning. The
goal here is to find an optimal path from a starting state to the target state. The setup
is given in the caption of Figure 7.3. As can be seen, Q-learning can eventually find an
optimal path. During the learning process, the length of each episode decreases, whereas
the total reward of each episode increases.

The second set of examples is shown in Figure 7.4 and Figure 7.5. They demonstrate
off-policy Q-learning. The goal here is to find an optimal policy for all the states. The
reward setting iS Thoundary = Tforbidden = —1, and r'targer = 1. The discount rate is v = 0.9.
The learning rate is av = 0.1.
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o Ground truth: To verify the effectiveness of Q-learning, we first need to know the
ground truth of the optimal policies and optimal state values. Here, the ground truth
is obtained by the model-based policy iteration algorithm. The ground truth is given
in Figures 7.4(a) and (b).

o Ezxperience samples: The behavior policy has a uniform distribution: the probability
of taking any action at any state is 0.2 (Figure 7.4(c)). A single episode with 100,000
steps is generated (Figure 7.4(d)). Due to the good exploration ability of the behavior

policy, the episode visits every state-action pair many times.

o Learned results: Based on the episode generated by the behavior policy, the final
target policy learned by Q-learning is shown in Figure 7.4(e). This policy is optimal
because the estimated state value error (root-mean-square error) converges to zero as
shown in Figure 7.4(f). In addition, one may notice that the learned optimal policy
is not exactly the same as that in Figure 7.4(a). In fact, there exist multiple optimal

policies that have the same optimal state values.

o Different initial values: Since Q-learning bootstraps, the performance of the algorithm
depends on the initial guess for the action values. As shown in Figure 7.4(g), when the
initial guess is close to the true value, the estimate converges within approximately
10,000 steps. Otherwise, the convergence requires more steps (Figure 7.4(h)). Nev-
ertheless, these figures demonstrate that Q-learning can still converge rapidly even

though the initial value is not accurate.

o Different behavior policies: When the behavior policy is not exploratory, the learning
performance drops significantly. For example, consider the behavior policies shown
in Figure 7.5. They are e-greedy policies with € = 0.5 or 0.1 (the uniform policy in
Figure 7.4(c) can be viewed as e-greedy with e = 1). It is shown that, when € decreases
from 1 to 0.5 and then to 0.1, the learning speed drops significantly. That is because
the exploration ability of the policy is weak and hence the experience samples are

insufficient.

7.5 A unified viewpoint

Up to now, we have introduced different TD algorithms such as Sarsa, n-step Sarsa, and
Q-learning. In this section, we introduce a unified framework to accommodate all these
algorithms and MC learning.

In particular, the TD algorithms (for action value estimation) can be expressed in a

unified expression:

Qr1(St, ar) = qi(se, ar) — (e, ar)[qe(se, ar) — @), (7.20)
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Figure 7.4: Examples for demonstrating off-policy learning via Q-learning. The optimal policy and
optimal state values are shown in (a) and (b), respectively. The behavior policy and the generated
episode are shown in (c¢) and (d), respectively. The estimated policy and the estimation error evolution
are shown in (e) and (f), respectively. The cases with different initial values are shown in (g) and (h).
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Figure 7.5: The performance of Q-learning drops when the behavior policy is not exploratory. The figures
in the left column show the behavior policies. The figures in the middle column show the generated
episodes following the corresponding behavior policies. The episode in each example has 100,000 steps.
The figures in the right column show the evolution of the root-mean-square error of the estimated state
values.
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7.6. Summary

Algorithm Expression of the TD target g, in (7.20)

Sarsa Qi = Ti41 + 79t(8t+1; at+1)

n-step Sarsa Qt = Tg41 + Y2 + -+ qut(8t+n, at+n)

Q-learning Gt = Te1 + Y max, ¢ (Se41,a)

Monte Carlo | §; = ryp1 + Yo + V2rigs + . ..

Algorithm Equation to be solved
Sarsa BE: ¢x(s,a) = E[Rit1 + ¥qr (Str1, Ary1)| S = 5, Ay =

n-step Sarsa | BE: ¢:(s,a) = E[Riy1 +YRivo+ -+ 7" 0 (Stns Arin)| St = 8, Ay = a

Q-learning BOE: ¢(s,a) = E [Rt+1 + ymax, q(Sii1, a)|St =s,A = a]

Monte Carlo | BE: ¢:(s,a) = E[Riy1 + YRiy2 + v Riyz + ... |S; = s, Ay = a]

Table 7.2: A unified point of view of TD algorithms. Here, BE and BOE denote the Bellman equation
and Bellman optimality equation, respectively.

where @ is the T'D target. Different TD algorithms have different ¢;. See Table 7.2 for a
summary. The MC learning algorithm can be viewed as a special case of (7.20): we can
set ay(s¢, a;) = 1 and then (7.20) becomes q1(8¢, ar) = G-

Algorithm (7.20) can be viewed as a stochastic approximation algorithm for solving
a unified equation: ¢(s,a) = E[¢|s,a]. This equation has different expressions with
different ;. These expressions are summarized in Table 7.2. As can be seen, all of the
algorithms aim to solve the Bellman equation except QQ-learning, which aims to solve the

Bellman optimality equation.

7.6 Summary

This chapter introduced an important class of reinforcement learning algorithms called
TD learning. The specific algorithms that we introduced include Sarsa, n-step Sarsa, and
Q-learning. All these algorithms can be viewed as stochastic approximation algorithms
for solving Bellman or Bellman optimality equations.

The TD algorithms introduced in this chapter, except Q-learning, are used to eval-
uate a given policy. That is to estimate a given policy’s state/action values from some
experience samples. Together with policy improvement, they can be used to learn opti-
mal policies. Moreover, these algorithms are on-policy: the target policy is used as the
behavior policy to generate experience samples.

Q-learning is slightly special compared to the other TD algorithms in the sense that
it is off-policy. The target policy can be different from the behavior policy in Q-learning.
The fundamental reason why Q-learning is off-policy is that Q-learning aims to solve the

Bellman optimality equation rather than the Bellman equation of a given policy.
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7.7, Q&A

It is worth mentioning that there are some methods that can convert an on-policy

algorithm to be off-policy. Importance sampling is a widely used one [3,40] and will be

introduced in Chapter 10. Finally, there are some variants and extensions of the TD

algorithms introduced in this chapter [41-45]. For example, the TD(\) method provides

a more general and unified framework for TD learning. More information can be found
in [3,20,46].

7.7 Q&A

o

Q: What does the term “TD” in TD learning mean?

A: Every TD algorithm has a TD error, which represents the discrepancy between the
new sample and the current estimate. Since this discrepancy is calculated between

different time steps, it is called temporal-difference.
Q: What does the term “learning” in TD learning mean?

A: From a mathematical point of view, “learning” simply means “estimation”. That
is to estimate state/action values from some samples and then obtain policies based

on the estimated values.

Q: While Sarsa can estimate the action values of a given policy, how can it be used

to learn optimal policies?

A: To obtain an optimal policy, the value estimation process should interact with
the policy improvement process. That is, after a value is updated, the corresponding
policy should be updated. Then, the updated policy generates new samples that can

be used to estimate values again. This is the idea of generalized policy iteration.
Q: Why does Sarsa update policies to be e-greedy?

A: That is because the policy is also used to generate samples for value estimation.

Hence, it should be exploratory to generate sufficient experience samples.

Q: While Theorems 7.1 and 7.2 require that the learning rate «; converges to zero

gradually, why is it often set to be a small constant in practice?

A: The fundamental reason is that the policy to be evaluated keeps changing (or called
nonstationary). In particular, a TD learning algorithm like Sarsa aims to estimate
the action values of a given policy. If the policy is fixed, using a decaying learning
rate is acceptable. However, in the optimal policy learning process, the policy that
Sarsa aims to evaluate keeps changing after every iteration. We need a constant
learning rate in this case; otherwise, a decaying learning rate may be too small to
effectively evaluate policies. Although a drawback of constant learning rates is that
the value estimate may fluctuate eventually, the fluctuation is neglectable as long as

the constant learning rate is sufficiently small.
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o Q: Should we learn the optimal policies for all states or a subset of the states?

A: Tt depends on the task. One may notice that some tasks considered in this chapter
(e.g., Figure 7.2) do not require finding the optimal policies for all states. Instead,
they only need to find an optimal path from a given starting state to the target state.
Such tasks are not demanding in terms of data because the agent does not need to
visit every state-action pair sufficiently many times. It, however, must be noted that
the obtained path is not guaranteed to be optimal. That is because better paths may
be missed if not all state-action pairs are well explored. Nevertheless, given sufficient

data, we can still find a good or locally optimal path.

¢ Q: Why is Q-learning off-policy while all the other TD algorithms in this chapter are
on-policy?

A: The fundamental reason is that Q-learning aims to solve the Bellman optimality
equation, whereas the other TD algorithms aim to solve the Bellman equation of a

given policy. Details can be found in Section 7.4.2.

o Q: Why does the off-policy version of Q-learning update policies to be greedy instead
of e-greedy?

A: That is because the target policy is not required to generate experience samples.

Hence, it is not required to be exploratory.
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Figure 8.1: Where we are in this book.

In this chapter, we continue to study temporal-difference learning algorithms. How-
ever, a different method is used to represent state/action values. So far in this book,
state/action values have been represented by tables. The tabular method is straightfor-
ward to understand, but it is inefficient for handling large state or action spaces. To
solve this problem, this chapter introduces the value function method, which has become
a standard way to represent values. It is also where artificial neural networks are incorpo-
rated into reinforcement learning as function approximators. The idea of value function

can also be extended to policy function, as introduced in Chapter 9.
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S1 Sy 83 S4 ... Sp s

Figure 8.2: An illustration of the function approximation method. The x-axis and y-axis correspond to
s and 9(s), respectively.

8.1 Value representation: From table to function

We next use an example to demonstrate the difference between the tabular and function
approximation methods.

Suppose that there are n states {s;}?_,, whose state values are {v.(s;)}}_,. Here, w
is a given policy. Let {0(s;)}"; denote the estimates of the true state values. If we use
the tabular method, the estimated values can be maintained in the following table. This
table can be stored in memory as an array or a vector. To retrieve or update any value,

we can directly read or rewrite the corresponding entry in the table.

State $1 S e Sp

Estimated value 0(s1) 0(s2) e 0(sp)

We next show that the values in the above table can be approximated by a function.
In particular, {(s;,0(s;))}, are shown as n points in Figure 8.2. These points can be
fitted or approximated by a curve. The simplest curve is a straight line, which can be

described as

U(s,w) =as+b=[s,1] [ ¢ ] = o7 (s)w. (8.1)
~~| b

67 (5) em

Here, 0(s,w) is a function for approximating v, (s). It is determined jointly by the state s
and the parameter vector w € R?. (s, w) is sometimes written as 9,,(s). Here, ¢(s) € R?
is called the feature vector of s.

The first notable difference between the tabular and function approximation methods

concerns how they retrieve and update a value.

¢ How to retrieve a value: When the values are represented by a table, if we want to

retrieve a value, we can directly read the corresponding entry in the table. However,
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8.1. Value representation: From table to function

when the values are represented by a function, it becomes slightly more complicated
to retrieve a value. In particular, we need to input the state index s into the function
and calculate the function value (Figure 8.3). For the example in (8.1), we first need
to calculate the feature vector ¢(s) and then calculate ¢ (s)w. If the function is
an artificial neural network, a forward propagation from the input to the output is

needed.

function

Figure 8.3: An illustration of the process for retrieving the value of s when using the function approxi-
mation method.

The function approximation method is more efficient in terms of storage due to the
way in which the state values are retrieved. Specifically, while the tabular method
needs to store n values, we now only need to store a lower dimensional parameter
vector w. Thus, the storage efficiency can be significantly improved. Such a benefit
is, however, not free. It comes with a cost: the state values may not be accurately
represented by the function. For example, a straight line is not able to accurately fit
the points in Figure 8.2. That is why this method is called approximation. From a
fundamental point of view, some information will certainly be lost when we use a low-
dimensional vector to represent a high-dimensional dataset. Therefore, the function

approximation method enhances storage efficiency by sacrificing accuracy.

¢ How to update a value: When the values are represented by a table, if we want
to update one value, we can directly rewrite the corresponding entry in the table.
However, when the values are represented by a function, the way to update a value is
completely different. Specifically, we must update w to change the values indirectly.

How to update w to find optimal state values will be addressed in detail later.

Thanks to the way in which the state values are updated, the function approximation
method has another merit: its generalization ability is stronger than that of the tabular
method. The reason is as follows. When using the tabular method, we can update
a value if the corresponding state is visited in an episode. The values of the states
that have not been visited cannot be updated. However, when using the function
approximation method, we need to update w to update the value of a state. The
update of w also affects the values of some other states even though these states have
not been visited. Therefore, the experience sample for one state can generalize to help

estimate the values of some other states.

The above analysis is illustrated in Figure 8.4, where there are three states {s1, $2, s3}.
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8.1. Value representation: From table to function

Suppose that we have an experience sample for s3 and would like to update v(s3).
When using the tabular method, we can only update 0(s3) without changing v(s;) or
0(s2), as shown in Figure 8.4(a). When using the function approximation method,
updating w not only can update v(s3) but also would change v(s;1) and 0(s3), as shown
in Figure 8.4(b). Therefore, the experience sample of s3 can help update the values

of its neighboring states.

0(s) 0(s) °
update (s3)

i i i i i i
‘ T T T > ‘ T T T >

S1 S9 S3 S S1 S9 S3 S

(a) Tabular method: when 9(s3) is updated, the other values remain the same.

o(s) b(s)
update w for s3 /

e [ s

i i i i i i
‘ T T T > ‘ T T T >

S1 S9 S3 S S1 S92 S3 S

(b) Function approximation method: when we update v(s3) by changing w, the values of the
neighboring states are also changed.

Figure 8.4: An illustration of how to update the value of a state.

We can use more complex functions that have stronger approximation abilities than

straight lines. For example, consider a second-order polynomial:

a
d(s,w) =as® +bs+c=1[s%51]| b | =" (s)w. (8.2)
——
o7 (s) ¢
——

w

We can use even higher-order polynomial curves to fit the points. As the order of the
curve increases, the approximation accuracy can be improved, but the dimension of the
parameter vector also increases, requiring more storage and computational resources.
Note that 0(s,w) in either (8.1) or (8.2) is linear in w (though it may be nonlinear
in s). This type of method is called linear function approximation, which is the simplest
function approximation method. To realize linear function approximation, we need to
select an appropriate feature vector ¢(s). That is, we must decide, for example, whether
we should use a first-order straight line or a second-order curve to fit the points. The
selection of appropriate feature vectors is nontrivial. It requires prior knowledge of the
given task: the better we understand the task, the better the feature vectors we can select.

For instance, if we know that the points in Figure 8.2 are approximately located on a
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8.2. TD learning of state values based on function approximation

straight line, we can use a straight line to fit the points. However, such prior knowledge
is usually unknown in practice. If we do not have any prior knowledge, a popular solution
is to use artificial neural networks as nonlinear function approximations.

Another important problem is how to find the optimal parameter vector. If we know
{vr(s;)}, this is a least-squares problem. The optimal parameter can be obtained by

optimizing the following objective function:

n n

Jp = Z (0(s:,w) — Uﬁ(si))2 = Z (o7 (si)w — U,,(si))2
& (1) velsn) 7|
= : w — E = || ow — vr 1%,
¢T(3n) Ur(8n)
where
GbT(Sl) UW(SI)
o = : € R™2, Uy = : € R
¢* (sn) Ur($n)

It can be verified that the optimal solution to this least-squares problem is
w* = (&1 P) v,

More information about least-squares problems can be found in [47, Section 3.3] and
[48, Section 5.14].
The curve-fitting example presented in this section illustrates the basic idea of value

function approximation. This idea will be formally introduced in the next section.

8.2 TD learning of state values based on function

approximation

In this section, we show how to integrate the function approximation method into TD
learning to estimate the state values of a given policy. This algorithm will be extended
to learn action values and optimal policies in Section 8.3.

This section contains quite a few subsections and many coherent contents. It is better

for us to review the contents first before diving into the details.

o The function approximation method is formulated as an optimization problem. The
objective function of this problem is introduced in Section 8.2.1. The TD learning

algorithm for optimizing this objective function is introduced in Section 8.2.2.
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8.2. TD learning of state values based on function approximation

o To apply the TD learning algorithm, we need to select appropriate feature vectors.

Section 8.2.3 discusses this problem.

¢ Examples are given in Section 8.2.4 to demonstrate the TD algorithm and the impacts

of different feature vectors.

¢ A theoretical analysis of the TD algorithm is given in Section 8.2.5. This subsection

is mathematically intensive. Readers may read it selectively based on their interests.

8.2.1 Objective function

Let v.(s) and 0(s,w) be the true state value and approximated state value of s € S,
respectively. The problem to be solved is to find an optimal w so that (s, w) can best

approximate v, (s) for every s. In particular, the objective function is
J(w) = E[(v:(5) — (S, w))?], (8.3)

where the expectation is calculated with respect to the random variable S € §. While S
is a random variable, what is its probability distribution? This question is important for
understanding this objective function. There are several ways to define the probability
distribution of S.

o The first way is to use a uniform distribution. That is to treat all the states as equally
important by setting the probability of each state to 1/n. In this case, the objective

function in (8.3) becomes

T(w) = = 3 (0(s) ~ (s, w))?, (8.4)

seS

which is the average value of the approximation errors of all the states. However, this
way does not consider the real dynamics of the Markov process under the given policy.
Since some states may be rarely visited by a policy, it may be unreasonable to treat
all the states as equally important.

¢ The second way, which is the focus of this chapter, is to use the stationary distribution.
The stationary distribution describes the long-term behavior of a Markov decision
process. More specifically, after the agent executes a given policy for a sufficiently
long period, the probability of the agent being located at any state can be described

by this stationary distribution. Interested readers may see the details in Box 8.1.

Let {d:(s)}ses denote the stationary distribution of the Markov process under policy
7. That is, the probability for the agent visiting s after a long period of time is d,(s).
By definition, ) . dx(s) = 1. Then, the objective function in (8.3) can be rewritten
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8.2. TD learning of state values based on function approximation

as

Jw) = 3 du(s) (0a(s) — 8(s,w))?, (8.5)

seS

which is a weighted average of the approximation errors. The states that have higher

probabilities of being visited are given greater weights.

It is notable that the value of d(s) is nontrivial to obtain because it requires knowing
the state transition probability matrix P, (see Box 8.1). Fortunately, we do not need to
calculate the specific value of d.(s) to minimize this objective function as shown in the
next subsection. In addition, it was assumed that the number of states was finite when
we introduced (8.4) and (8.5). When the state space is continuous, we can replace the

summations with integrals.

Box 8.1: Stationary distribution of a Markov decision process

The key tool for analyzing stationary distribution is P, € R™*", which is the probabil-
ity transition matrix under the given policy 7. If the states are indexed as sy, ..., s,
then [P;];; is defined as the probability for the agent moving from s; to s;. The
definition of P, can be found in Section 2.6.

o Interpretation of P* (k=1,2,3,...).

First of all, it is necessary to examine the interpretation of the entries in P*. The
probability of the agent transitioning from s; to s; using exactly & steps is denoted
as

prff) - Pr(stk - j|St0 = 2)7

where t; and t;, are the initial and kth time steps, respectively. First, by the

definition of P, we have
1
[Prlis =1,

which means that [P;];; is the probability of transitioning from s; to s; using a

single step. Second, consider P2. Tt can be verified that

n

[P2li; = [PrPrlis = ) [Pelig[Pelas-

g=1

Since [Prliq[Prlq; is the joint probability of transitioning from s; to s, and then

from s, to s;, we know that [P2];; is the probability of transitioning from s; to s;
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using exactly two steps. That is

_,®
[P 2]2‘3’ =D -
Similarly, we know that

k k
[PHy = p),
which means that [PF];; is the probability of transitioning from s; to s; using

exactly k steps.
¢ Definition of stationary distributions.

Let dy € R™ be a vector representing the probability distribution of the states at
the initial time step. For example, if s is always selected as the starting state,
then do(s) = 1 and the other entries of dy are 0. Let dp € R™ be the vector
representing the probability distribution obtained after exactly k& steps starting

from dy. Then, we have

n

di(si)) = do(sj)[Pslj, i=1,2,.... (8.6)

J=1

This equation indicates that the probability of the agent visiting s; at step k
equals the sum of the probabilities of the agent transitioning from {s;}7_; to s;

using exactly k steps. The matrix-vector form of (8.6) is

di = dt Pt (8.7)

When we consider the long-term behavior of the Markov process, it holds under

certain conditions that

lim P* =1,dZ%, (8.8)
k—oo
where 1, = [1,...,1]7 € R" and 1,d? is a constant matrix with all its rows

equal to dX. The conditions under which (8.8) is valid will be discussed later.
Substituting (8.8) into (8.7) yields

mndT:dggm}f:quﬂizdg (8.9)
—00

k—00

where the last equality is valid because di 1,, = 1.

Equation (8.9) means that the state distribution dj, converges to a constant value

d., which is called the limiting distribution. The limiting distribution depends
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on the system model and the policy w. Interestingly, it is independent of the
initial distribution dy. That is, regardless of which state the agent starts from,
the probability distribution of the agent after a sufficiently long period can always
be described by the limiting distribution.

The value of d, can be calculated in the following way. Taking the limit of both

sides of d} = dl | P, gives limy_,o d} = limy_,, d} P, and hence
dl = dLp;. (8.10)

As a result, d, is the left eigenvector of P, associated with the eigenvalue 1. The
solution of (8.10) is called the stationary distribution. It holds that ) _¢dx(s) =
1 and d,(s) > 0 for all s € S. The reason why d.(s) > 0 (not d,(s) > 0) will be

explained later.
Conditions for the uniqueness of stationary distributions.

The solution d, of (8.10) is usually called a stationary distribution, whereas the
distribution d, in (8.9) is usually called the limiting distribution. Note that (8.9)
implies (8.10), but the converse may not be true. A general class of Markov
processes that have unique stationary (or limiting) distributions is irreducible (or
reqular) Markov processes. Some necessary definitions are given below. More
details can be found in [49, Chapter IV].

- State s; is said to be accessible from state s; if there exists a finite integer k
so that [P,T]?j > 0, which means that the agent starting from s; can possibly

reach s; after a finite number of transitions.

- If two states s; and s; are mutually accessible, then the two states are said to

communicate.

- A Markov process is called irreducible if all of its states communicate with each
other. In other words, the agent starting from an arbitrary state can possibly
reach any other state within a finite number of steps. Mathematically, it
indicates that, for any s; and s;, there exists & > 1 such that [P¥];; > 0 (the

value of k may vary for different i, 7).

- A Markov process is called regular if there exists k > 1 such that [PF];; > 0
for all i,j. Equivalently, there exists & > 1 such that P¥ > 0, where > is
elementwise. As a result, it is possible that every state is reachable from any
other state within at most k steps. A regular Markov process is also irreducible,
but the converse is not true. However, if a Markov process is irreducible and
there exists 4 such that [P,]; > 0, then it is also regular. Moreover, if P* > 0,
then P¥ > 0 for any k' > k since P; > 0. It then follows from (8.9) that
d.(s) > 0 for every s.
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¢ Policies that may lead to unique stationary distributions.

Once the policy is given, a Markov decision process becomes a Markov process,
whose long-term behavior is jointly determined by the given policy and the system
model. Then, an important question is what kind of policies can lead to regular
Markov processes? In general, the answer is exploratory policies such as e-greedy
policies. That is because an exploratory policy has a positive probability of taking
any action at any state. As a result, the states can communicate with each other

when the system model allows them to do so.

¢ An example is given in Figure 8.5 to illustrate stationary distributions. The policy
in this example is e-greedy with ¢ = 0.5. The states are indexed as s1, S, 3, S4,
which correspond to the top-left, top-right, bottom-left, and bottom-right cells in
the grid, respectively.

We compare two methods to calculate the stationary distributions. The first
method is to solve (8.10) to get the theoretical value of d,. The second method is
to estimate d, numerically: we start from an arbitrary initial state and generate a
sufficiently long episode by following the given policy. Then, d, can be estimated
by the ratio between the number of times each state is visited in the episode and
the total length of the episode. The estimation result is more accurate when the

episode is longer. We next compare the theoretical and estimated results.
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Figure 8.5: Long-term behavior of an e-greedy policy with ¢ = 0.5. The asterisks in the right
figure represent the theoretical values of the elements of d..

- Theoretical value of d,: It can be verified that the Markov process induced
by the policy is both irreducible and regular. That is due to the following
reasons. First, since all the states communicate, the resulting Markov process

is irreducible. Second, since every state can transition to itself, the resulting
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Markov process is regular. It can be seen from Figure 8.5 that

03 01 01 0
pr_ [ 0103 0 01
T 06 0 03 0.1

0 06 06 0.8

The eigenvalues of P! can be calculated as {—0.0449,0.3,0.4449,1}. The
unit-length (right) eigenvector of PT corresponding to the eigenvalue 1 is
[0.0463, 0.1455,0.1785,0.9720]7. After scaling this vector so that the sum of

all its elements is equal to 1, we obtain the theoretical value of d, as follows:

0.0345
0.1084
0.1330
0.7241

The ith element of d, corresponds to the probability of the agent visiting s;
in the long run.

- Estimated value of d,: We next verify the above theoretical value of d, by
executing the policy for sufficiently many steps in the simulation. Specifically,
we select s; as the starting state and run 1,000 steps by following the policy.
The proportion of the visits of each state during the process is shown in Fig-
ure 8.5. It can be seen that the proportions converge to the theoretical value

of d after hundreds of steps.

8.2.2 Optimization algorithms

To minimize the objective function J(w) in (8.3), we can use the gradient descent algo-

rithm:
Wr4+1 = Wi — akaJ(wk),

where
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Therefore, the gradient descent algorithm is
Wiyt = Wi, + 20, E[(0x(S) — 9(5, wi)) V0 (S, wy)], (8.11)

where the coefficient 2 before a; can be merged into «y without loss of generality. The
algorithm in (8.11) requires calculating the expectation. In the spirit of stochastic gra-
dient descent, we can replace the true gradient with a stochastic gradient. Then, (8.11)

becomes
W1 = Wy + O (Uw<5t> - 73(St, wt))vw@(St, wt)7 (8-12)

where s; is a sample of S at time ¢.
Notably, (8.12) is not implementable because it requires the true state value v,, which
is unknown and must be estimated. We can replace v, (s;) with an approximation to make

the algorithm implementable. The following two methods can be used to do so.

o Monte Carlo method: Suppose that we have an episode (sg, 71, s1,72,...). Let g; be
the discounted return starting from s;. Then, g; can be used as an approximation of

Ux(8¢). The algorithm in (8.12) becomes
Wil = Wi + 0y (Qt — 0(st, wt))vw@(Sm wy).

This is the algorithm of Monte Carlo learning with function approximation.

o Temporal-difference method: In the spirit of TD learning, ;11 + Y0(S¢41, w;) can be

used as an approximation of v.(s;). The algorithm in (8.12) becomes
Wesr = we + o [re1 + Y0(Se11, we) — 0(se, we)] V(s wy). (8.13)

This is the algorithm of TD learning with function approximation. This algorithm is

summarized in Algorithm 8.1.

Understanding the TD algorithm in (8.13) is important for studying the other algo-
rithms in this chapter. Notably, (8.13) can only learn the state values of a given policy.

It will be extended to algorithms that can learn action values in Sections 8.3.1 and 8.3.2.

8.2.3 Selection of function approximators

To apply the TD algorithm in (8.13), we need to select appropriate 0(s, w). There are two
ways to do that. The first is to use an artificial neural network as a nonlinear function
approximator. The input of the neural network is the state, the output is 0(s,w), and

the network parameter is w. The second is to simply use a linear function:

(s, w) = ¢" (s)w,
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Algorithm 8.1: TD learning of state values with function approximation

Initialization: A function o(s,w) that is differentiable in w. Initial parameter wy.
Goal: Learn the true state values of a given policy .

For each episode {(s;, 7411, S1+1)}+ generated by 7, do
For each sample (s¢, 7441, S¢v1), do
In the general case, w1 = Wi+ [Tee1 + YO(Sp1, W) — 0(Se, )] Vi 0(Se, wy)
In the linear case, wyy1 = wy + ¢ [re41 + Y07 (se1)wy — @7 (s)we d(s)

where ¢(s) € R™ is the feature vector of s. The lengths of ¢(s) and w are equal to m,
which is usually much smaller than the number of states. In the linear case, the gradient
is

Vwﬁ(s, UJ) - ¢(3),
Substituting which into (8.13) yields

Wig1 = Wy + Oy [Tt+1 + 0" (ser1)wy — ¢T(St)wt]¢(3t)- (8.14)

This is the algorithm of TD learning with linear function approximation. We call it
TD-Linear for short.

The linear case is much better understood in theory than the nonlinear case. However,
its approximation ability is limited. It is also nontrivial to select appropriate feature
vectors for complex tasks. By contrast, artificial neural networks can approximate values
as black-box universal nonlinear approximators, which are more friendly to use.

Nevertheless, it is still meaningful to study the linear case. A better understanding
of the linear case can help readers better grasp the idea of the function approximation
method. Moreover, the linear case is sufficient for solving the simple grid world tasks
considered in this book. More importantly, the linear case is still powerful in the sense
that the tabular method can be viewed as a special linear case. More information can be
found in Box 8.2.

Box 8.2: Tabular TD learning is a special case of TD-Linear

We next show that the tabular TD algorithm in (7.1) in Chapter 7 is a special case
of the TD-Linear algorithm in (8.14).

Consider the following special feature vector for any s € S:
o(s) =e; € R,

where e is the vector with the entry corresponding to s equal to 1 and the other
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entries equal to 0. In this case,

T

0(s,w) = e, w = w(s),

where w(s) is the entry in w that corresponds to s. Substituting the above equation
into (8.14) yields

Wiyl = W + O (Tt+1 + ywe(Se41) — wt(st))65t-

The above equation merely updates the entry wy(s;) due to the definition of e,.

Motivated by this, multiplying e?t on both sides of the equation yields

wyy1(8e) = we(se) + ay (Tt+1 + ywy(Se41) — wt<3t))a

which is exactly the tabular TD algorithm in (7.1).
In summary, by selecting the feature vector as ¢(s) = e,, the TD-Linear algorithm

becomes the tabular TD algorithm.

8.2.4 [Illustrative examples

We next present some examples for demonstrating how to use the TD-Linear algorithm
in (8.14) to estimate the state values of a given policy. In the meantime, we demonstrate

how to select feature vectors.

1 2 3 4 5 1 2 3 4 5
True state value
1 4 | 4+ | 4| 4| 4 |1 38]|-38|-36]-31]-32
2l 4 | 4 | 4+ | 4+ | + |2 -38|-38]-38]-31]-29
3 4+ | 4+ | 4+ | 4+ | 4+ | 3 -36|-39]|-84|-32]|-29
al 4+ L4 | 4+ | 4+ | 4 |4 39|-36]|-34]|29|-32
sl + | 4+ | 4+ | 4+ | 4+ |5 45| 42| -34]|-34|-35

(a) (b) (c)

Figure 8.6: (a) The policy to be evaluated. (b) The true state values are represented as a table. (c) The
true state values are represented as a 3D surface.

The grid world example is shown in Figure 8.6. The given policy takes any action at a
state with a probability of 0.2. Our goal is to estimate the state values under this policy.
There are 25 state values in total. The true state values are shown in Figure 8.6(b). The

true state values are visualized as a three-dimensional surface in Figure 8.6(c).
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We next show that we can use fewer than 25 parameters to approximate these state
values. The simulation setup is as follows. Five hundred episodes are generated by the
given policy. Each episode has 500 steps and starts from a randomly selected state-action
pair following a uniform distribution. In addition, in each simulation trial, the parameter
vector w is randomly initialized such that each element is drawn from a standard normal
distribution with a zero mean and a standard deviation of 1. We set ¢obidden = Tboundary =
—1, Ttarget = 1, and v = 0.9.

To implement the TD-Linear algorithm, we need to select the feature vector ¢(s) first.

There are different ways to do that as shown below.

¢ The first type of feature vector is based on polynomials. In the grid world example, a
state s corresponds to a 2D location. Let z and y denote the column and row indexes
of s, respectively. To avoid numerical issues, we normalize x and y so that their values
are within the interval of [—1,+1]. With a slight abuse of notation, the normalized

values are also represented by x and y. Then, the simplest feature vector is

In this case, we have

w

W

o(s,w) = ¢' (s)w = [z, ] [ ! ] = w1 T + way.

When w is given, 0(s, w) = w1z + wyy represents a 2D plane that passes through the
origin. Since the surface of the state values may not pass through the origin, we need
to introduce a bias to the 2D plane to better approximate the state values. To do

that, we consider the following 3D feature vector:
op(s)=| z | €R> (8.15)

In this case, the approximated state value is

w1
(s, w) = ¢ (s)w = [1,z,y] | wy | =wi + wox + w3y.

w3

When w is given, (s, w) corresponds to a plane that may not pass through the origin.
Notably, ¢(s) can also be defined as ¢(s) = [x,y, 1]7, where the order of the elements

does not matter.

The estimation result when we use the feature vector in (8.15) is shown in Fig-
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ure 8.7(a). It can be seen that the estimated state values form a 2D plane. Although
the estimation error converges as more episodes are used, the error cannot decrease

to zero due to the limited approximation ability of a 2D plane.

To enhance the approximation ability, we can increase the dimension of the feature
vector. To that end, consider

¢(s) = [L,z,y,2%, v, xy]" € R, (8.16)

In this case, 0(s,w) = ¢*(s)w = wy + woxr + w3y + wyz* + wsy* + wezry, which
corresponds to a quadratic 3D surface. We can further increase the dimension of the

feature vector:
o(s) = [1,2,y,2°, 5%, wy, 2%, 9, 2%y, ] € R (8.17)

The estimation results when we use the feature vectors in (8.16) and (8.17) are shown
in Figures 8.7(b)-(c). As can be seen, the longer the feature vector is, the more
accurately the state values can be approximated. However, in all three cases, the
estimation error cannot converge to zero because these linear approximators still have

limited approximation abilities.

TD-Linear TD-Linear TD-Linear

column

o
o
w
&

——TD-Linear: =0.0005 —TD-Linear: =0.0005 — TD-Linear: =0.0005

IS
IS

w
w

N
N

-

State value error (RMSE)
-

State value error (RMSE)
State value error (RMSE)

o
o
o

o
o

100 200 300 400 500 100 200 300 400 500 0 100 200 300 400 500
Episode index Episode index Episode index

(a) 6(s) € R? (b) ¢(s) € R (c) ¢(s) € RY®

Figure 8.7: TD-Linear estimation results obtained with the polynomial features in (8.15), (8.16), and
(8.17).

¢ In addition to polynomial feature vectors, many other types of features are available

such as Fourier basis and tile coding [3, Chapter 9]. First, the values of x and y of
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TD-Linear TD-Linear TD-Linear

1 column

1 column 1 column

5 5 6
— —TD-Linear: =0.0005 — ——TD-Linear: o=0.0005 — ——TD-Linear: o=0.0005
w w w
[ 04 05
g g g
< T 4
g3 g3 2
3 s 33
EF 32 3
5 S T2
> > >
o o o
g1 g1 g,
1] 1] 1]

0 0 0

o
o

100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Episode index Episode index Episode index

(a) ¢ =1 and ¢(s) € R* (b) ¢ =2 and ¢(s) € R° (c) ¢ =3 and ¢(s) € RIS

o

Figure 8.8: TD-Linear estimation results obtained with the Fourier features in (8.18).

each state are normalized to the interval of [0, 1]. The resulting feature vector is

o(s) = | cos (7‘(’(61;”6 +y)) | € REHD?, (8.18)

where 7 denotes the circumference ratio, which is 3.1415. .. | instead of a policy. Here,
c1 or ¢y can be set as any integers in {0, 1,...,q}, where ¢ is a user-specified integer.
As a result, there are (¢ + 1)? possible values for the pair (¢, ;) to take. Hence, the

dimension of ¢(s) is (¢ + 1)?. For example, in the case of ¢ = 1, the feature vector is

cos (W(OCE + Oy)) 1
oy | o8 (r(0z +1y)) | cos(my) 4
o(s) cos (W(lx + Oy)) cos(mr) <
cos (m(lz + 1y)) cos(m(x +y))

The estimation results obtained when we use the Fourier features with ¢ = 1,2, 3 are
shown in Figure 8.8. The dimensions of the feature vectors in the three cases are
4,9, 16, respectively. As can be seen, the higher the dimension of the feature vector

is, the more accurately the state values can be approximated.

8.2.5 Theoretical analysis

Thus far, we have finished describing the story of TD learning with function approxima-

tion. This story started from the objective function in (8.3). To optimize this objective
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function, we introduced the stochastic algorithm in (8.12). Later, the true value function
in the algorithm, which was unknown, was replaced by an approximation, leading to the
TD algorithm in (8.13). Although this story is helpful for understanding the basic idea
of value function approximation, it is not mathematically rigorous. For example, the
algorithm in (8.13) actually does not minimize the objective function in (8.3).

We next present a theoretical analysis of the TD algorithm in (8.13) to reveal why
the algorithm works effectively and what mathematical problems it solves. Since gen-
eral nonlinear approximators are difficult to analyze, this part only considers the linear
case. Readers are advised to read selectively based on their interests since this part is

mathematically intensive.

Convergence analysis

To study the convergence property of (8.13), we first consider the following deterministic

algorithm:

W1 = wy + ulE |:(Tt+1 + 0" (se31)wy — ¢T(5t)wt)¢(5t>} ) (8.19)

where the expectation is calculated with respect to the random variables s;, S;i1,7¢41-
The distribution of s; is assumed to be the stationary distribution d,. The algorithm
in (8.19) is deterministic because the random variables s, s;+1, 741 all disappear after
calculating the expectation.

Why would we consider this deterministic algorithm? First, the convergence of this
deterministic algorithm is easier (though nontrivial) to analyze. Second and more im-
portantly, the convergence of this deterministic algorithm implies the convergence of the
stochastic TD algorithm in (8.13). That is because (8.13) can be viewed as a stochastic
gradient descent (SGD) implementation of (8.19). Therefore, we only need to study the
convergence property of the deterministic algorithm.

Although the expression of (8.19) may look complex at first glance, it can be greatly
simplified. To do that, define

= ¢l(s) | eR™™ D= d(s) e R™™, (8.20)

where ® is the matrix containing all the feature vectors, and D is a diagonal matrix with
the stationary distribution in its diagonal entries. The two matrices will be frequently

used.

Lemma 8.1. The expectation in (8.19) can be rewritten as
E |:(rt+1 + 70" (sp41)wp — CbT(St)wt)Qb(St)} =b— Awy,
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where

A=®TD(I — yP,)® € R™™,
b=®&'Dr, ¢ R™ (8.21)

Here, P.,r. are the two terms in the Bellman equation v, = r; + YPrv., and I is the

identity matriz with appropriate dimensions.

The proof is given in Box 8.3. With the expression in Lemma 8.1, the deterministic

algorithm in (8.19) can be rewritten as
W41 = Wy + Oét(b - Awt), (822)

which is a simple deterministic process. Its convergence is analyzed below.

First, what is the converged value of w;? Hypothetically, if w; converges to a constant
value w* as t — oo, then (8.22) implies w* = w* + @y (b — Aw*), which suggests that
b — Aw* = 0 and hence

w* = A'D.

Several remarks about this converged value are given below.

o Is A invertible? The answer is yes. In fact, A is not only invertible but also positive
definite. That is, for any nonzero vector x with appropriate dimensions, 27 Az > 0.
The proof is given in Box 8.4.

o What is the interpretation of w* = A=1b? It is actually the optimal solution for min-

imizing the projected Bellman error. The details will be introduced in Section 8.2.5.

¢ The tabular method is a special case. One interesting result is that, when the di-
mensionality of w equals n = |S| and ¢(s) = [0,...,1,...,0]7, where the entry corre-

sponding to s is 1, we have
w* = A7 = v, (8.23)

This equation indicates that the parameter vector to be learned is actually the true
state value. This conclusion is consistent with the fact that the tabular TD algorithm
is a special case of the TD-Linear algorithm, as introduced in Box 8.2. The proof
of (8.23) is given below. It can be verified that ® = I in this case and hence A =
®TD(I — yP,)® = D(I — vP,) and b = ®'Dr, = Dr,. Thus, w* = A7'b =
(I —yP)'D'Dr, = (I —~vP;) 'ry = v,.

Second, we prove that w; in (8.22) converges to w* = A7'b as t — co. Since (8.22) is
a simple deterministic process, it can be proven in many ways. We present two proofs as
follows.
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© Proof 1: Define the convergence error as d; = w; — w*. We only need to show that o,

converges to zero. To do that, substituting w, = é; + w* into (8.22) gives
575_;,_1 = (St — OétAat = ([ — OZtA)(St.

It then follows that
5t+1 = ([ — OétA) cee ([ — @0A)50.

Consider the simple case where ay = « for all £. Then, we have
81l < [IT — @ All5™[|o] 2.

When a > 0 is sufficiently small, we have that || — «Al|s < 1 and hence §; — 0 as
t — 0o. The reason why || — @A|]z < 1 holds is that A is positive definite and hence
27(I — aA)z < 1 for any .

o Proof 2: Consider g(w) = b— Aw. Since w* is the root of g(w) = 0, the task is actually
a root-finding problem. The algorithm in (8.22) is actually a Robbins-Monro (RM)
algorithm. Although the original RM algorithm was designed for stochastic processes,
it can also be applied to deterministic cases. The convergence of RM algorithms can
shed light on the convergence of w1 = w; + o (b — Awy). That is, w; converges to

w* when Y, ay = 00 and Y, a? < 0.

Box 8.3: Proof of Lemma 8.1

By using the law of total expectation, we have

E [ re19(s1) + ¢(s0) (19" (s101) = 6" (51)) i
= Zd [7}+1¢ st) + (st) (’Y¢T(St+1) - ¢T<St))wt}3t = S}

seS

= Zdw(S)E [Tt+1¢<5t>‘5t = 5} + Z dr(s)E [¢(5t>(7¢T(5t+1) - ¢T(St))wt|5t = S].
sES sES

(8.24)

Here, s; is assumed to obey the stationary distribution d..
First, consider the first term in (8.24). Note that

E|:Tt+l¢(5t)’3t = 5] = ¢(s)E [Tt+1|3t = 3} = ¢(s)rx(s),

where r(s) = >, m(a|s) >, rp(r|s,a). Then, the first term in (8.24) can be rewritten
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as

Z d,(s)E [rt+1¢(st) |st = 3} Z d( =& Dr,, (8.25)

s€eS seS
where 7, = [+ ,r:(s), - |7 € R™.
Second, consider the second term in (8.24). Since
E[9(s0) (97 (s121) = 67 (50) )]sy = 5|
=-E [gb(s YT (s wt|3t = s] + E[7q§ S¢) ¢ (st+1)wt}st = s}
— — ()" (s)wn +79()E |9 (5121 !st — s|w,
= —(s)p" (s)w; + yo(s Zp "wi,

s'eS

the second term in (8.24) becomes

> dal [ ) (70" (5641) — 67 (50) ) wes: = S]

SES
:Zdw(S)[—¢(8 s)we +76(s) > p(s| ]
SES s'€S
= 3" dn(5)0()] = 8(s) +7 D pls'1s)(s)] th
seS s'eS
= ®T'D(—® + P, d)w,
= —0"D(I — vP,)Pw;,. (8.26)

Combining (8.25) and (8.26) gives
E |:(Tt+1 + Y@ (8441 )Wy — ¢T<St)wt)¢<8t)i| = ®'Dr, — ®'D(I — yP,)dw,

where b = ®T Dr, and A = ®TD(I — vP,)®.

Box 8.4: Proving that A = &7 D(I—~P,)® is invertible and positive definite.

The matrix A is positive definite if 27 Az > 0 for any nonzero vector x with ap-
propriate dimensions. If A is positive (or negative) definite, it is denoted as A = 0
(or A < 0). Here, > and < should be differentiated from > and <, which indicate

elementwise comparisons. Note that A may not be symmetric. Although positive
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definite matrices often refer to symmetric matrices, nonsymmetric ones can also be
positive definite.
We next prove that A > 0 and hence A is invertible. The idea for proving A > 0

is to show that
D(I —~vP;) =M > 0. (8.28)

It is clear that M = 0 implies A = ®TM® = 0 since P is a tall matrix with full column
rank (suppose that the feature vectors are selected to be linearly independent). Note
that

M+MY M- MT

2 + 2 '
Since M — M7 is skew-symmetric and hence 27 (M — M)z = 0 for any x, we know
that M > 0 if and only if M + M” = 0. To show M + M7T = 0, we apply the fact
that strictly diagonal dominant matrices are positive definite [4].

First, it holds that

M=

(M + M™1, >0, (8.29)

where 1,, = [1,...,1]T € R™. The proof of (8.29) is given below. Since P;1, = 1,,
we have M1, = D(I — yP;)1, = D(1,, —v1,) = (1 — v)d,. Moreover, M*1, =
(I —~vPHYD1,, = (I — yPT)d, = (1 — 7¥)d,, where the last equality is valid because

P7rT dr = d,. In summary, we have
(M + MH1, = 2(1 — 7)d,.

Since all the entries of d, are positive (see Box 8.1), we have (M + M*)1,, > 0.

Second, the elementwise form of (8.29) is

Y IM+MT; >0, i=1,...n,

g=1

which can be further written as

[M + M) + ) [M+ M");; > 0.
J#i

It can be verified according to the expression of M in (8.28) that the diagonal entries

of M are positive and the off-diagonal entries of M are nonpositive. Therefore, the
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above inequality can be rewritten as

(M + MTJa] > D [[M + My
J#i
The above inequality indicates that the absolute value of the ith diagonal entry in
M + M7 is greater than the sum of the absolute values of the off-diagonal entries
in the same row. Thus, M + M7 is strictly diagonal dominant and the proof is

complete.

TD learning minimizes the projected Bellman error

While we have shown that the TD-Linear algorithm converges to w* = A~'b, we next
show that w* is the optimal solution that minimizes the projected Bellman error. To do

that, we review three objective functions.

¢ The first objective function is
Je(w) = E[(vs(S) — 8(S, w)),

which has been introduced in (8.3). By the definition of expectation, Jg(w) can be

reexpressed in a matrix-vector form as
Tp(w) = [[o(w) — ve[,

where v, is the true state value vector and ©(w) is the approximated one. Here, || - [|3,

is a weighted norm: ||z||%, = 27 Dx = ||D'/?z||2, where D is given in (8.20).

This is the simplest objective function that we can imagine when talking about func-
tion approximation. However, it relies on the true state, which is unknown. To obtain
an implementable algorithm, we must consider other objective functions such as the

Bellman error and projected Bellman error [50-54].

¢ The second objective function is the Bellman error. In particular, since v, satisfies
the Bellman equation v, = r; + 7P,v,, it is expected that the estimated value 0(w)
should also satisfy this equation to the greatest extent possible. Thus, the Bellman

Jpp(w) = [|0(w) — (rx +yPro(w)) |5 = 0(w) — Te(d(w)) 3. (8.30)

Here, T, (-) is the Bellman operator. In particular, for any vector = € R", the Bellman
operator is defined as
T.(z) =71, +vyPrx.
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Minimizing the Bellman error is a standard least-squares problem. The details of the

solution are omitted here.

o Third, it is notable that Jgg(w) in (8.30) may not be minimized to zero due to the
limited approximation ability of the approximator. By contrast, an objective function

that can be minimized to zero is the projected Bellman error:
Jppp(w) = [[6(w) — MT:(0(w))|[3,

where M € R™" is the orthogonal projection matrix that geometrically projects any

vector onto the space of all approximations.

In fact, the TD learning algorithm in (8.13) aims to minimize the projected Bellman
error Jpgg rather than Jg or Jgg. The reason is as follows. For the sake of simplicity,
consider the linear case where 0(w) = ®w. Here, ® is defined in (8.20). The range space

of ® is the set of all possible linear approximations. Then,
M = ®(®"'Dd)'d'D e R™"

is the projection matrix that geometrically projects any vector onto the range space ®.
Since v(w) is in the range space of ®, we can always find a value of w that can minimize
Jppr(w) to zero. It can be proven that the solution minimizing Jppg(w) is w* = A7'b.
That is

w* = A7'b = argmin Jpgp(w),
The proof is given in Box 8.5.

Box 8.5: Showing that w* = A~ minimizes Jppp(w)

We next show that w* = A~'b is the optimal solution that minimizes Jppg(w). Since
Jppr(w) =04 o(w) — MT,(0(w)) = 0, we only need to study the root of

B(w) = MT (6(w)).

In the linear case, substituting v(w) = ®w and the expression of M into the above

equation gives

dw = ®(TDP) ST D(r, + 7P Pw). (8.31)
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Since ¢ has full column rank, we have ®x = oy < = = y for any z,y. Therefore,
(8.31) implies

w = (T D®) T D(r, + yPrdw)

= &' D(r; +yP,dw) = (&' DP)w

<= &' Dr, + y®" DP,dw = (®" DP)w

— &' Dr, = ' D(I — yP,)dw

< w = (®"D(I —yP,)®)'®"Dr, = A",

where A,b are given in (8.21). Therefore, w* = A~') is the optimal solution that

minimizes JPBE (w) o

Since the TD algorithm aims to minimize Jpgp rather than Jg, it is natural to ask
how close the estimated value 0(w) is to the true state value v,. In the linear case, the
estimated value that minimizes the projected Bellman error is 0(w*) = ®w*. Its deviation

from the true state value v, satisfies
~ * * 1 . A 1 .
[0(w") = vl p = [[Pw™ — vr|[p < T, mn [0(w) = vxllp = mrrganE(w)-
(8.32)

The proof of this inequality is given in Box 8.6. Inequality (8.32) indicates that the
discrepancy between ®w* and v, is bounded from above by the minimum value of Jg(w).
However, this bound is loose, especially when v is close to one. It is thus mainly of

theoretical value.

Box 8.6: Proof of the error bound in (8.32)

Note that

|Pw* — ve|| p = ||PwW" — Mz + Mvz — vr||p
< ||[@w* — Mux|p + | Mvr — vrllp
= || MT5(®w*) — MT:(va)llp + [[Mvr — velp (8.33)

where the last equality is due to dw* = MT,(Pw*) and v, = T (v,). Substituting

MT, (dw*) — MT,(vz) = M(rz + P ®w*) — M(ry + vPrvg) = YM P (Qw* — vy)
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into (8.33) yields

[®w* — vallp < [[YM Pr(@w* — vr)|lp + [[Mvr — vr|lp
< yIM||p||Pr(®w* — vx)|lp + || Mvr — vxllp
= || Pr(Pw* — vr)||p + | Mvr — vrllp (because |M||p = 1)

< || Pw* — v||p + |Mvr — vzl D (because || Prx||p < ||z||p for all x)

The proof of |[M||p = 1 and ||Prz||p < ||z||p are postponed to the end of the box.

Recognizing the above inequality gives

1
[®w* — vl < —— Moy — vyl
D 1 —

1 o il
= —— min [o(w) - vellp,

where the last equality is because ||Mv, — v,||p is the error between v, and its
orthogonal projection into the space of all possible approximations. Therefore, it is
the minimum value of the error between v, and any o(w).
We next prove some useful facts, which have already been used in the above proof.
o Properties of matrix weighted norms. By definition, ||z|p = vVzT Dz = || Dz |,.
The induced matrix norm is || A|| p = max, || Az||p/||z||p = || DY?AD~Y2||y. For
matrices A, B with appropriate dimensions, we have ||ABz||p < ||A|lp||Bllpllx| b-
To see that, |[ABz|p = ||DY?ABz|, = ||DY?AD~Y2DY2BD~1/2D' 2|, <
|DV2ADY2 ||| DY2BDV25 | DV2a | = | AlblIBllo 2]l .

o Proof of |M||p = 1. This is valid because |M|p = [|®(®TD®)'®TD|p =
| DV2® (T DP)"1®T DD /2|, = 1, where the last equality is valid due to the
fact that the matrix in the Ls-norm is an orthogonal projection matrix and the

Lo-norm of any orthogonal projection matrix is equal to one.

o Proof of || Pyx||p < ||z||p for any x € R™. First,

|Przl|}, = 2" PTDPrz = Y mi[PTDPlya; = Y <Z[P,TT]H€[D]M[PW]M> 5.
i i

i’j
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Reorganizing the above equation gives

1P| = Z[D]kk(Z[Pﬂ]km>2

7

k
< Z[D]kk ( Z[Pw]kﬂ?) (due to Jensen’s inequality [55,56])
k

= >~ (X DhalPrls)a?

= D)2 due to dL P, = d*
Z[ 1 s s

= |||

Least-squares TD

We next introduce an algorithm called least-squares TD (LSTD) [57]. Like the TD-Linear
algorithm, LSTD aims to minimize the projected Bellman error. However, it has some
advantages over the TD-Linear algorithm.

Recall that the optimal parameter for minimizing the projected Bellman error is
w* = A7'b, where A = ®TD(I —vP,)® and b = ® Dr,. In fact, it follows from (8.27)

that A and b can also be written as

A =E[o(s0) (6(s1) —10(501))"].
b=E [Tt+1¢(3t)} :

The above two equations show that A and b are expectations of s, $;11,74+1. The idea of
LSTD is simple: if we can use random samples to directly obtain the estimates of A and
b, which are denoted as A and I;, then the optimal parameter can be directly estimated
as w* ~ A1

In particular, suppose that (sg, 71,81, .., S, Tea1, Set1,---) IS a trajectory obtained

by following a given policy 7. Let A, and b; be the estimates of A and b at time ¢,

respectively. They are calculated as the averages of the samples:
t—1
A T
Ay =" o) (6(sk) =10 (sk11))
k=0

t—1
b= riro(sk). (8.34)
k=0

Then, the estimated parameter is

177



8.2. TD learning of state values based on function approximation

The reader may wonder if a coefficient of 1/¢ is missing on the right-hand side of (8.34).
In fact, it is omitted for the sake of simplicity since the value of w; remains the same
when it is omitted. Since A, may not be invertible especially when ¢ is small, A, is usually
biased by a small constant matrix o/, where [ is the identity matrix and o is a small
positive number.

The advantage of LSTD is that it uses experience samples more efficiently and con-
verges faster than the TD method. That is because this algorithm is specifically designed
based on the knowledge of the optimal solution’s expression. The better we understand
a problem, the better algorithms we can design.

The disadvantages of LSTD are as follows. First, it can only estimate state values.
By contrast, the TD algorithm can be extended to estimate action values as shown in the
next section. Moreover, while the TD algorithm allows nonlinear approximators, LSTD
does not. That is because this algorithm is specifically designed based on the expression
of w*. Second, the computational cost of LSTD is higher than that of TD since LSTD
updates an m X m matrix in each update step, whereas TD updates an m-dimensional
vector. More importantly, in every step, LSTD needs to compute the inverse of At, whose
computational complexity is O(m?). The common method for resolving this problem is
to directly update the inverse of A, rather than updating A, In particular, fltﬂ can be

calculated recursively as follows:

t

Arpr =7 o) (0(sk) — v6(s1)) "

= i ¢(3k)(¢(3k) - ’Y¢(3k+1))T + ¢(5t)(¢(3t) - ’Y¢(5t+1))T
= Ay + ¢(50) (6(51) — 16 (s041)) " -

The above expression decomposes At+1 into the sum of two matrices. Its inverse can be
calculated as [58]

.
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A;1¢(5t) (¢(5t> - ’Y¢(5t+1)) Ay
L+ (6(s0) = v0(si1)) AT o (s1)

(A0 + 6ls0)(0(s0) — v6(s121) ")

= A7t +

Therefore, we can directly store and update A{ ! to avoid the need to calculate the matrix
inverse. This recursive algorithm does not require a step size. However, it requires setting
the initial value of Aj'. The initial value of such a recursive algorithm can be selected as
Ag ! = 41, where o is a positive number. A good tutorial on the recursive least-squares

approach can be found in [59].
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8.3. TD learning of action values based on function approximation

8.3 TD learning of action values based on function

approximation

While Section 8.2 introduced the problem of state value estimation, the present section
introduces how to estimate action wvalues. The tabular Sarsa and tabular Q-learning
algorithms are extended to the case of value function approximation. Readers will see

that the extension is straightforward.

8.3.1 Sarsa with function approximation

The Sarsa algorithm with function approximation can be readily obtained from (8.13)
by replacing the state values with action values. In particular, suppose that ¢,(s,a) is

approximated by ¢(s, a,w). Replacing 0(s,w) in (8.13) by (s, a,w) gives
Wiy = Wy + 0 |Tep1 +YG(St41, A1, i) — G(St, ar, we) | VwG(Se, ag, wy). (8.35)

The analysis of (8.35) is similar to that of (8.13) and is omitted here. When linear

functions are used, we have

i(s,a,w) = ¢" (s, a)w,

where ¢(s,a) is a feature vector. In this case, V,q(s, a,w) = ¢(s,a).

The value estimation step in (8.35) can be combined with a policy improvement step
to learn optimal policies. The procedure is summarized in Algorithm 8.2. It should be
noted that accurately estimating the action values of a given policy requires (8.35) to be
run sufficiently many times. However, (8.35) is executed only once before switching to the
policy improvement step. This is similar to the tabular Sarsa algorithm. Moreover, the
implementation in Algorithm 8.2 aims to solve the task of finding a good path to the target
state from a prespecified starting state. As a result, it cannot find the optimal policy
for every state. However, if sufficient experience data are available, the implementation
process can be easily adapted to find optimal policies for every state.

An illustrative example is shown in Figure 8.9. In this example, the task is to find a
good policy that can lead the agent to the target when starting from the top-left state.
Both the total reward and the length of each episode gradually converge to steady values.
In this example, the linear feature vector is selected as the Fourier function of order 5.

The expression of a Fourier feature vector is given in (8.18).

179



8.3. TD learning of action values based on function approximation

o O _ . 1 2 3 4 5
©
5 -500 1] % i
S
© -1000
= ‘ ‘ ‘ . 2 I J» -[ -I
0 100 200 300 400 500
< I | e
S 500 F 3 1
[
o
3 4 @ —| 4 |
2
oo !
0 100 200 300 400 500 5 —
Episode index

Figure 8.9: Sarsa with linear function approximation. Here, v = 0.9, € = 0.1, "boundary = Tforbidden =
7103 Ttarget = 1, and a = 0.001.

Algorithm 8.2: Sarsa with function approximation

Initialization: Initial parameter wy. Initial policy my. oy = o > 0 for all t. € € (0,1).
Goal: Learn an optimal policy that can lead the agent to the target state from an initial
state sg.
For each episode, do
Generate ag at s following mo(so)
If s, (t=0,1,2,...) is not the target state, do
Collect the experience sample (7441, Si11, ar1) given (8¢, az): generate ryy1, Sii1
by interacting with the environment; generate a1 following 7;(ssy1).
Update g-value:

W1 = Wy + o |Teg1 + YG(Seq1, Qerr, we) — G(Se, a, wy) | VG (e, ag, wy)
Update policy:

7rt+1<a’3t) =1- m(]fl(stﬂ - 1) if a = arg MmMaXge A(sy) @(St, a, wt+1)
i1 (alsy) = Ay Otherwise

St = St41, A < Qg4

8.3.2 Q-learning with function approximation

Tabular Q-learning can also be extended to the case of function approximation. The
update rule is

Wiy = Wy + oy |:Tt+1 + fyaeﬁl(%il) G(Ser1,a,wy) — G(8¢, ap, wy) | Vid(se, ag, wy).  (8.36)
The above update rule is similar to (8.35) except that §(s;41, ai+1,w;) in (8.35) is replaced
with maxee a(s,.1) 4(St41, @, wy).

Similar to the tabular case, (8.36) can be implemented in either an on-policy or
off-policy fashion. An on-policy version is given in Algorithm 8.3. An example for
demonstrating the on-policy version is shown in Figure 8.10. In this example, the task is

to find a good policy that can lead the agent to the target state from the top-left state.
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8.4. Deep Q-learning

Algorithm 8.3: Q-learning with function approximation (on-policy ver-
sion)

Initialization: Initial parameter wy. Initial policy my. ay = o > 0 for all t. € € (0, 1).

Goal: Learn an optimal path that can lead the agent to the target state from an initial
state sg.

For each episode, do
If s, (t=0,1,2,...) is not the target state, do
Collect the experience sample (ag, 7411, Si11) given s, generate a; following
m(s¢); generate 1441, S¢41 by interacting with the environment.
Update g-value:

Wip1 = Wy + Qg |Typ1 + 7Y efﬁax @(5t+17 a, wt) - Q(St, ag, wt)] Vw@(Sta ag, wt)
a St4+1

Update policy:
mipa(alse) =1 — iy (MA(s)| — 1) if a = arg maxaea(s) 4(s¢, @, wig1)
i1 (alsy) = TGy Otherwise

As can be seen, Q-learning with linear function approximation can successfully learn an
optimal policy. Here, linear Fourier basis functions of order five are used. The off-policy

version will be demonstrated when we introduce deep Q-learning in Section 8.4.
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Figure 8.10: Q-learning with linear function approximation. Here, v = 0.9, € = 0.1, Thoundary =
Tforbidden = —10, Ttarget = 1, and o = 0.001.

One may notice in Algorithm 8.2 and Algorithm 8.3 that, although the values are
represented as functions, the policy 7(als) is still represented as a table. Thus, it still
assumes finite numbers of states and actions. In Chapter 9, we will see that the policies

can be represented as functions so that continuous state and action spaces can be handled.

8.4 Deep Q-learning

We can integrate deep neural networks into Q-learning to obtain an approach called
deep Q-learning or deep Q-network (DQN) [22,60,61]. Deep Q-learning is one of the
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8.4. Deep Q-learning

earliest and most successful deep reinforcement learning algorithms. Notably, the neural
networks do not have to be deep. For simple tasks such as our grid world examples,
shallow networks with one or two hidden layers may be sufficient.

Deep Q-learning can be viewed as an extension of the algorithm in (8.36). However,
its mathematical formulation and implementation techniques are substantially different

and deserve special attention.

8.4.1 Algorithm description

Mathematically, deep Q-learning aims to minimize the following objective function:

J=E
acA(S")

<R+7 max §(S', a,w) — 4(S, A, w))2] , (8.37)

where (S, A, R, S’) are random variables that denote a state, an action, the immediate
reward, and the next state, respectively. This objective function can be viewed as the

squared Bellman optimality error. That is because

q(s,a) = E {RHI +79 max q(Si1,a)|S =s, A = a] , forall s,a
a€A(Si+1)

is the Bellman optimality equation (the proof is given in Box 7.5). Therefore, R +
ymaxqeasy 4(5, a,w) — ¢(S, A,w) should equal zero in the expectation sense when
G(S, A, w) can accurately approximate the optimal action values.

To minimize the objective function in (8.37), we can use the gradient descent algorith-
m. To that end, we need to calculate the gradient of J with respect to w. It is noted that
the parameter w appears not only in ¢(S, A, w) but also in y = R+vymax,ec 45y (S, a, w).
As a result, it is nontrivial to calculate the gradient. For the sake of simplicity, it is as-
sumed that the value of w in y is fixed (for a short period of time) so that the calculation
of the gradient becomes much easier. In particular, we introduce two networks: one is a
main network representing ¢(s,a,w) and the other is a target network ¢(s,a,wr). The

objective function in this case becomes

J=E
acA(S!

2
<R+ v max)cj(S’, a,wr) — Q(S,A,w)) ] ,
where wr is the target network’s parameter. When wr is fixed, the gradient of J is

Vol = —E [(R%—v rrﬁgc)cj(S’,a,wT) — Q(S,A,w)) VwQ(S,A,w)} , (8.38)
ac !

where some constant coefficients are omitted without loss of generality.

To use the gradient in (8.38) to minimize the objective function, we need to pay
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8.4. Deep Q-learning

attention to the following techniques.

o The first technique is to use two networks, a main network and a target network,
as mentioned when we calculate the gradient in (8.38). The implementation details
are explained below. Let w and wr denote the parameters of the main and target

networks, respectively. They are initially set to the same value.

In every iteration, we draw a mini-batch of samples {(s, a,r, s')} from the replay buffer
(the replay buffer will be explained soon). The inputs of the main network are s and
a. The output y = ¢(s, a,w) is the estimated g-value. The target value of the output
is yr = r + ymaxeeas) (s, a,wr). The main network is updated to minimize the

TD error (also called the loss function) > (y — yr)? over the samples {(s, a,yr)}.

Updating w in the main network does not explicitly use the gradient in (8.38). Instead,
it relies on the existing software tools for training neural networks. As a result, we
need a mini-batch of samples to train a network instead of using a single sample to
update the main network based on (8.38). This is one notable difference between deep

and nondeep reinforcement learning algorithms.

The main network is updated in every iteration. By contrast, the target network is
set to be the same as the main network every certain number of iterations to satisfy

the assumption that wy is fixed when calculating the gradient in (8.38).

o The second technique is experience replay [22,60,62]. That is, after we have collected
some experience samples, we do not use these samples in the order they were collected.
Instead, we store them in a dataset called the replay buffer. In particular, let (s, a,r, s')
be an experience sample and B = {(s,a,r,s’)} be the replay buffer. Every time we
update the main network, we can draw a mini-batch of experience samples from the
replay buffer. The draw of samples, or called experience replay, should follow a uniform

distribution.

Why is experience replay necessary in deep Q-learning, and why must the replay
follow a uniform distribution? The answer lies in the objective function in (8.37).
In particular, to well define the objective function, we must specify the probability
distributions for S, A, R, S’. The distributions of R and S’ are determined by the
system model once (S, A) is given. The simplest way to describe the distribution of

the state-action pair (S, A) is to assume it to be uniformly distributed.

However, the state-action samples may not be uniformly distributed in practice s-
ince they are generated as a sample sequence according to the behavior policy. It is
necessary to break the correlation between the samples in the sequence to satisfy the
assumption of uniform distribution. To do this, we can use the experience replay tech-
nique by uniformly drawing samples from the replay buffer. This is the mathematical
reason why experience replay is necessary and why experience replay must follow a

uniform distribution. A benefit of random sampling is that each experience sample
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8.4. Deep Q-learning

Algorithm 8.3: Deep Q-learning (off-policy version)

Initialization: A main network and a target network with the same initial parameter.
Goal: Learn an optimal target network to approximate the optimal action values from
the experience samples generated by a given behavior policy 7.

Store the experience samples generated by 7, in a replay buffer B = {(s,a,r,s')}

For each iteration, do
Uniformly draw a mini-batch of samples from B
For each sample (s,a,r,s'), calculate the target value as yr = r +
Y MmaXqea(s) §(8', a, wr), where wy is the parameter of the target network
Update the main network to minimize (yr — ¢(s,a,w))? using the mini-batch
of samples

Set wr = w every C iterations

may be used multiple times, which can increase the data efficiency. This is especially

important when we have a limited amount of data.

The implementation procedure of deep Q-learning is summarized in Algorithm 8.3.

This implementation is off-policy. It can also be adapted to become on-policy if needed.

8.4.2 [Illustrative examples

An example is given in Figure 8.11 to demonstrate Algorithm 8.3. This example aims
to learn the optimal action values for every state-action pair. Once the optimal action
values are obtained, the optimal greedy policy can be obtained immediately.

A single episode is generated by the behavior policy shown in Figure 8.11(a). This
behavior policy is exploratory in the sense that it has the same probability of taking
any action at any state. The episode has only 1,000 steps as shown in Figure 8.11(b).
Although there are only 1,000 steps, almost all the state action pairs are visited in this
episode due to the strong exploration ability of the behavior policy. The replay buffer is
a set of 1,000 experience samples. The mini-batch size is 100, meaning that we uniformly
draw 100 samples from the replay buffer every time we acquire samples.

The main and target networks have the same structure: a neural network with one
hidden layer of 100 neurons (the numbers of layers and neurons can be tuned). The
neural network has three inputs and one output. The first two inputs are the normalized
row and column indexes of a state. The third input is the normalized action index. Here,
“normalization” means converting a value to the interval of [0,1]. The output of the
network is the estimated value. The reason why we design the inputs as the row and
column of a state rather than a state index is that we know that a state corresponds to
a two-dimensional location in the grid. The more information about the state we use

when designing the network, the better the network can perform. Moreover, the neural
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(d) The loss function converges to zero. (e) The value error converges to zero.
Figure 8.11: Optimal policy learning via deep Q-learning. Here, v = 0.9, Tboundary = Tforbidden = —10,

and 7arges = 1. The batch size is 100.

network can also be designed in other ways. For example, it can have two inputs and
five outputs, where the two inputs are the normalized row and column of a state and the
outputs are the five estimated action values for the input state [22].

As shown in Figure 8.11(d), the loss function, defined as the average squared TD
error of each mini-batch, converges to zero, meaning that the network can fit the training
samples well. As shown in Figure 8.11(e), the state value estimation error also converges
to zero, indicating that the estimates of the optimal action values become sufficiently
accurate. Then, the corresponding greedy policy is optimal.

This example demonstrates the high efficiency of deep Q-learning. In particular, a
short episode of 1,000 steps is sufficient for obtaining an optimal policy here. By contrast,
an episode with 100,000 steps is required by tabular Q-learning, as shown in Figure 7.4.
One reason for the high efficiency is that the function approximation method has a strong
generalization ability. Another reason is that the experience samples can be repeatedly
used.

We next deliberately challenge the deep Q-learning algorithm by considering a scenario
with fewer experience samples. Figure 8.12 shows an example of an episode with merely

100 steps. In this example, although the network can still be well-trained in the sense
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Figure 8.12: Optimal policy learning via deep Q-learning. Here, v = 0.9, Tboundary = Tforbidden = —10,

and 7arges = 1. The batch size is 50.

that the loss function converges to zero, the state estimation error cannot converge to
zero. That means the network can properly fit the given experience samples, but the

experience samples are too few to accurately estimate the optimal action values.

8.5 Summary

This chapter continued introducing TD learning algorithms. However, it switches from
the tabular method to the function approximation method. The key to understanding
the function approximation method is to know that it is an optimization problem. The
simplest objective function is the squared error between the true state values and the
estimated values. There are also other objective functions such as the Bellman error
and the projected Bellman error. We have shown that the TD-Linear algorithm actually
minimizes the projected Bellman error. Several optimization algorithms such as Sarsa
and Q-learning with value approximation have been introduced.

One reason why the value function approximation method is important is that it allows
artificial neural networks to be integrated with reinforcement learning. For example,

deep Q-learning is one of the most successful deep reinforcement learning algorithms.
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Although neural networks have been widely used as nonlinear function approximators,
this chapter provides a comprehensive introduction to the linear function case. Fully
understanding the linear case is important for better understanding the nonlinear case.
Interested readers may refer to [63] for a thorough analysis of TD learning algorithms
with function approximation. A more theoretical discussion on deep Q-learning can be
found in [61].

An important concept named stationary distribution is introduced in this chapter.
The stationary distribution plays an important role in defining an appropriate objective
function in the value function approximation method. It also plays a key role in Chapter 9
when we use functions to approximate policies. An excellent introduction to this topic
can be found in [49, Chapter IV]. The contents of this chapter heavily rely on matrix
analysis. Some results are used without explanation. Excellent references regarding

matrix analysis and linear algebra can be found in [4,48].

8.6 Q&A

¢ Q: What is the difference between the tabular and function approximation methods?
A: One important difference is how a value is updated and retrieved.

How to retrieve a value: When the values are represented by a table, if we would like
to retrieve a value, we can directly read the corresponding entry in the table. However,
when the values are represented by a function, we need to input the state index s into
the function and calculate the function value. If the function is an artificial neural

network, a forward prorogation process from the input to the output is needed.

How to update a value: When the values are represented by a table, if we would like
to update one value, we can directly rewrite the corresponding entry in the table.
However, when the values are represented by a function, we must update the function

parameter to change the values indirectly.

¢ Q: What are the advantages of the function approximation method over the tabular
method?

A: Due to the way state values are retrieved, the function approximation method is
more efficient in storage. In particular, while the tabular method needs to store |S|
values, the function approximation method only needs to store a parameter vector

whose dimension is usually much less than |S]|.

Due to the way in which state values are updated, the function approximation method
has another merit: its generalization ability is stronger than that of the tabular
method. The reason is as follows. With the tabular method, updating one state
value would not change the other state values. However, with the function approx-

imation method, updating the function parameter affects the values of many states.
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Therefore, the experience sample for one state can generalize to help estimate the

values of other states.
¢ Q: Can we unify the tabular and the function approximation methods?

A: Yes. The tabular method can be viewed as a special case of the function approxi-

mation method. The related details can be found in Box 8.2.
¢ Q: What is the stationary distribution and why is it important?

A: The stationary distribution describes the long-term behavior of a Markov decision
process. More specifically, after the agent executes a given policy for a sufficiently long
period, the probability of the agent visiting a state can be described by this stationary

distribution. More information can be found in Box 8.1.

The reason why this concept emerges in this chapter is that it is necessary for defining
a valid objective function. In particular, the objective function involves the probability
distribution of the states, which is usually selected as the stationary distribution. The
stationary distribution is important not only for the value approximation method but

also for the policy gradient method, which will be introduced in Chapter 9.

o Q: What are the advantages and disadvantages of the linear function approximation
method?

A: Linear function approximation is the simplest case whose theoretical properties
can be thoroughly analyzed. However, the approximation ability of this method is
limited. It is also nontrivial to select appropriate feature vectors for complex tasks.
By contrast, artificial neural networks can be used to approximate values as black-box
universal nonlinear approximators, which are more friendly to use. Nevertheless, it
is still meaningful to study the linear case to better grasp the idea of the function
approximation method. Moreover, the linear case is powerful in the sense that the

tabular method can be viewed as a special linear case (Box 8.2).
¢ Q: Why does deep Q-learning require experience replay?

A: The reason lies in the objective function in (8.37). In particular, to well define
the objective function, we must specify the probability distributions of S, A, R, S".
The distributions of R and S’ are determined by the system model once (S, A) is
given. The simplest way to describe the distribution of the state-action pair (S, A)
is to assume it to be uniformly distributed. However, the state-action samples may
not be uniformly distributed in practice since they are generated as a sequence by the
behavior policy. It is necessary to break the correlation between the samples in the
sequence to satisfy the assumption of uniform distribution. To do this, we can use
the experience replay technique by uniformly drawing samples from the replay buffer.
A benefit of experience replay is that each experience sample may be used multiple

times, which can increase the data efficiency.
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o Q: Can tabular Q-learning use experience replay?

A: Although tabular Q-learning does not require experience replay, it can also use
experience relay without encountering problems. That is because QQ-learning has no
requirements about how the samples are obtained due to its off-policy attribute. One
benefit of using experience replay is that the samples can be used repeatedly and

hence more efficiently.
o Q: Why does deep Q-learning require two networks?

A: The fundamental reason is to simplify the calculation of the gradient of (8.37).
Since w appears not only in ¢(S, A,w) but also in R + vy maxeca(s1y 4(5', a, w), it is
nontrivial to calculate the gradient with respect to w. On the one hand, if we fix
w in R + ymaxeeacsy 4(5', a,w), the gradient can be easily calculated as shown in
(8.38). This gradient suggests that two networks should be maintained. The main
network’s parameter is updated in every iteration. The target network’s parameter
is fixed within a certain period. On the other hand, the target network’s parameter

cannot be fixed forever. It should be updated every certain number of iterations.

¢ Q: When an artificial neural network is used as a nonlinear function approximator,

how should we update its parameter?

A: Tt must be noted that we should not directly update the parameter vector by
using, for example, (8.36). Instead, we should follow the network training procedure
to update the parameter. This procedure can be realized based on neural network

training toolkits, which are currently mature and widely available.
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Figure 9.1: Where we are in this book.

The idea of function approximation can be applied not only to represent state/action
values, as introduced in Chapter 8, but also to represent policies, as introduced in this
chapter. So far in this book, policies have been represented by tables: the action prob-
abilities of all states are stored in a table (e.g., Table 9.1). In this chapter, we show

that policies can be represented by parameterized functions denoted as 7(als, 0), where

6 € R™ is a parameter vector. It can also be written in other forms such as my(als),

mo(a, s), or m(a, s, 0).

When policies are represented as functions, optimal policies can be obtained by op-

timizing certain scalar metrics. Such a method is called policy gradient. The policy
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Policy representation: From table to function

ai as as a4 as
s1 | w(a1ls1) | w(ag|s1) | w(as|s1) | w(aq|s1) | m(as|s1)
sg | m(a1lsg) | m(ag|sg) | m(as|se) | m(as|sy) | m(as|sg)

Table 9.1: A tabular representation of a policy. There are nine states and five actions for each state.

m(a1ls, )
S —
m(als, 0)
a
m(as|s, 0)

function function
(a) (b)

Figure 9.2: Function representations of policies. The functions may have different structures.

gradient method is a big step forward in this book because it is policy-based. By contrast,

all the previous chapters in this book discuss value-based methods. The advantages of the

policy gradient method are numerous. For example, it is more efficient for handling large

state/action spaces. It has stronger generalization abilities and hence is more efficient in

terms of sample usage.

9.1 Policy representation: From table to function

When the representation of a policy is switched from a table to a function, it is necessary

to clarify the difference between the two representation methods.

o

First, how to define optimal policies? When represented as a table, a policy is defined
as optimal if it can maximize every state value. When represented by a function, a

policy is defined as optimal if it can maximize certain scalar metrics.

Second, how to update a policy? When represented by a table, a policy can be updated
by directly changing the entries in the table. When represented by a parameterized
function, a policy can no longer be updated in this way. Instead, it can only be

updated by changing the parameter 6.

Third, how to retrieve the probability of an action? In the tabular case, the probability
of an action can be directly obtained by looking up the corresponding entry in the
table. In the case of function representation, we need to input (s, a) into the function
to calculate its probability (see Figure 9.2(a)). Depending on the structure of the
function, we can also input a state and then output the probabilities of all actions

(see Figure 9.2(b)).
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The basic idea of the policy gradient method is summarized below. Suppose that J(0)
is a scalar metric. Optimal policies can be obtained by optimizing this metric via the

gradient-based algorithm:
9t+1 = et -+ @V@J(et),

where VyJ is the gradient of J with respect to 6, ¢ is the time step, and « is the
optimization rate.
With this basic idea, we will answer the following three questions in the remainder of

this chapter.

¢ What metrics should be used? (Section 9.2).
o How to calculate the gradients of the metrics? (Section 9.3)

o How to use experience samples to calculate the gradients? (Section 9.4)

9.2 Metrics for defining optimal policies

If a policy is represented by a function, there are two types of metrics for defining optimal
policies. One is based on state values and the other is based on immediate rewards.
Metric 1: Average state value

The first metric is the average state value or simply called the average value. 1t is defined

Ur = Y _d(s)ve(s),

where d(s) is the weight of state s. It satisfies d(s) > 0 for any s € S and ) _sd(s) = 1.
Therefore, we can interpret d(s) as a probability distribution of s. Then, the metric can

be written as
177r = ESNd[UW(Sﬂ.

How to select the distribution d? This is an important question. There are two cases.

¢ The first and simplest case is that d is independent of the policy 7. In this case, we
specifically denote d as dy and v, as ©° to indicate that the distribution is independent
of the policy. One case is to treat all the states equally important and select dy(s) =
1/|S|. Another case is when we are only interested in a specific state sq (e.g., the

agent always starts from sp). In this case, we can design
do(So) = 1, dQ(S # S()) =0.
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o The second case is that d is dependent on the policy 7. In this case, it is common to

select d as d,, which is the stationary distribution under m. One basic property of d,

is that it satisfies
dip, =dZI,
where P, is the state transition probability matrix. More information about the

stationary distribution can be found in Box 8.1.

The interpretation of selecting d, is as follows. The stationary distribution reflects the
long-term behavior of a Markov decision process under a given policy. If one state is
frequently visited in the long term, it is more important and deserves a higher weight;

if a state is rarely visited, then its importance is low and deserves a lower weight.

As its name suggests, v, is a weighted average of the state values. Different values

of 0 lead to different values of v,. Our ultimate goal is to find an optimal policy (or

equivalently an optimal #) to maximize v.

We next introduce another two important equivalent expressions of v;.

o Suppose that an agent collects rewards {R;1}7°, by following a given policy m(#).

Readers may often see the following metric in the literature:

J(6) = lim E > VR | =E|D V'Rin (9.1)
t=0 t=0

This metric may be nontrivial to interpret at first glance. In fact, it is equal to v,.

To see that, we have

EZh%Hziy@EZh%m&:4
t=0 seS t=0
= d(s)va(s)
SES
= Uy.

The first equality in the above equation is due to the law of total expectation. The

second equality is by the definition of state values.

The metric v, can also be rewritten as the inner product of two vectors. In particular,
let

Ve = [, va(s),...]F € RISI,
d=1...,d(s),...]" € RIS,
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Then, we have
U, = d v,.
This expression will be useful when we analyze its gradient.

Metric 2: Average reward

The second metric is the average one-step reward or simply called the average reward
[2,64,65]. In particular, it is defined as

Pr =Y de(s)rx(s)

seS

= ESNd,, [Tﬂ(S)], (92)

where d, is the stationary distribution and

re(s) = Zw(a|s, 0)r(s,a) = Ear(sglr(s, A)ls] (9.3)
acA

is the expectation of the immediate rewards. Here, r(s,a) = E[R]s,a] =), rp(r|s, a).

We next present another two important equivalent expressions of 7.

o Suppose that the agent collects rewards {R;.1}:°, by following a given policy m(#).
A common metric that readers may often see in the literature is

n—1
1
ﬂ@z&ﬂ%E;;RHl (9.4)

It may seem nontrivial to interpret this metric at first glance. In fact, it is equal to

T
1 n—1
lim —E Z Ri| = Zdw(s)rﬁ(s) = . (9.5)
n—oo N
t=0 seS

The proof of (9.5) is given in Box 9.1.

o The average reward 7, in (9.2) can also be written as the inner product of two vectors.

In particular, let

e =1[..,rx(s),...]" € RIS,
de=[...,ds(s),...]" € RI¥I,
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where 7.(s) is defined in (9.3). Then, it is clear that

- Zd =d"r,.

seS

This expression will be useful when we derive its gradient.

Box 9.1: Proof of (9.5)

Step 1: We first prove that the following equation is valid for any starting state

Sop € S:
1 n—1
T}LT{}Q nE tz; Rt+1|80 = 80] .

To do that, we notice

1
lim —E

n—oo N, n—oo 1,

= lim E [Rt+1|50 = 80] y
t—o0

=1 n—1
Z Rt+1|80 == 80] = lim — ZE Rt+1|S() == 80]

(9.6)

(9.7)

where the last equality is due to the property of the Cesaro mean (also called the

Cesaro summation). In particular, if {ax};2, is a convergent sequence such that

limy_,oo g exists, then {1/n)"}_ ax}e>, is also a convergent sequence such that

0 n 0
limy, oo 1/n) 0 a = limy_ o0 ay.

We next examine E [R;;1|So = so] in (9.7) more closely. By the law of total

expectation, we have

E [R41]|S0 = so) = ZE [Re+1]S: = s, S0 = so) p(t)(3|30)

seS

= ZE [Ri41|Sy = 4] p(t)(3|30)

seS

=D_ra(s)p(slso).

seES

where p*)(s]sg) denotes the probability of transitioning from sy to s using exactly ¢

steps. The second equality in the above equation is due to the Markov memoryless

property: the reward obtained at the next time step depends only on the current

state rather than the previous ones.
Note that

hmp (|so) d(s)
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by the definition of the stationary distribution. As a result, the starting state sq does

not matter. Then, we have

thm E[Ri11]S0 = so] = hm Z ra(s

SGS

(s]s0) =

D ra(s)d

SES

Substituting the above equation into (9.7) gives (9.6).

Step 2: Consider an arbitrary state distribution d.

we have
lim ~E ZR — [ & d(s)E
n—oo 1 t+1 n—oo N,
seS
= Z d(s) lim ]E
SES n~>oo n

By the law of total expectation,

fr1 -
E Rt+1|SO =S
L t=0 i
Fn1 -
E Rt+1|S0 =S
L ¢=0 i

Since (9.6) is valid for any starting state, substituting (9.6) into the above equation

yields

lim IE

n—oo M

ZRM => d(s)r

sES

The proof is complete.

Some remarks

Metric | Expression 1 | Expression 2 Expression 3
U Z d(s)vr(s) | Egualva(9)] 7111—>H010E|:Z,y Rt+1}
sES t=0
n—1
T Z;dﬂ(s)rﬁ(s) Eswa[r+(5)] | lim nIELZ; Rm}
se

Table 9.2: Summary of the different but equivalent expressions of v, and 7.

Up to now, we have introduced two types of metrics: v, and 7.

several different but equivalent expressions.

They are summarized in Table 9.2. We

sometimes use v, to specifically refer to the case where the state distribution is the

stationary distribution d, and use 9 to refer to the case where dy is independent of 7.

Some remarks about the metrics are given below.

o All these metrics are functions of w. Since 7 is parameterized by 6, these metrics

are functions of #. In other words, different values of 6 can generate different metric
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values. Therefore, we can search for the optimal values of 6 to maximize these metrics.

This is the basic idea of policy gradient methods.

¢ The two metrics v, and 7, are equivalent in the discounted case where v < 1. In

particular, it can be shown that
e = (1= 7).

The above equation indicates that these two metrics can be simultaneously maximized.

The proof of this equation is given later in Lemma 9.1.

9.3 Gradients of the metrics

Given the metrics introduced in the last section, we can use gradient-based methods to
maximize them. To do that, we need to first calculate the gradients of these metrics.

The most important theoretical result in this chapter is the following theorem.

Theorem 9.1 (Policy gradient theorem). The gradient of J() is

Vo (6) = Y n(s) . Vam(als, 0)g.(s, a), (9.8)

seS acA

where 1 is a state distribution and Vym is the gradient of m with respect to 6. Moreover,

(9.8) has a compact form expressed in terms of expectation:
Vo (0) = Es oy in(s0) [vg In7(A|S, 8)g, (S, A)] , (9.9)

where In is the natural logarithm.

Some important remarks about Theorem 9.1 are given below.

¢ It should be noted that Theorem 9.1 is a summary of the results in Theorem 9.2,
Theorem 9.3, and Theorem 9.5. These three theorems address different scenarios
involving different metrics and discounted /undiscounted cases. The gradients in these
scenarios all have similar expressions and hence are summarized in Theorem 9.1. The
specific expressions of J(#) and n are not given in Theorem 9.1 and can be found in
Theorem 9.2, Theorem 9.3, and Theorem 9.5. In particular, J(6) could be 22, v,
or 7r. The equality in (9.8) may become a strict equality or an approximation. The

distribution 7 also varies in different scenarios.

The derivation of the gradients is the most complicated part of the policy gradient
method. For many readers, it is sufficient to be familiar with the result in Theorem 9.1
without knowing the proof. The derivation details presented in the rest of this section
are mathematically intensive. Readers are suggested to study selectively based on

their interests.
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o The expression in (9.9) is more favorable than (9.8) because it is expressed as an
expectation. We will show in Section 9.4 that this true gradient can be approximated

by a stochastic gradient.

Why can (9.8) be expressed as (9.9)?7 The proof is given below. By the definition of

expectation, (9.8) can be rewritten as

VoJ(0) = n(s) Y Ver(als,0)4(s,a)

seS acA
=Es., ZV@?T(CL|S, g, (S,a)| . (9.10)
acA

Furthermore, the gradient of In7(als, ) is

Vor(als,0)
1 0) = ——————=.
v@ Il7T(G|S, ) 7r(a]8,9)
It follows that
Vom(als, ) = m(als,8)Vylnr(als,0). (9.11)

Substituting (9.11) into (9.10) gives

VeJ(0) = E

Z m(alS,0)Velnm(alS,0)q. (S, a)]
acA

= Egn ann(s,0) [Ve In7(AlS,0)qx (S, A)] -

o It is notable that m(als, ) must be positive for all (s,a) to ensure that Inm(als,6) is

valid. This can be achieved by using softmaz functions:
6h(s,a,@)

h(s,a’,0)’
Za’eA e ( )

where h(s,a,0) is a function indicating the preference for selecting a at s. The policy
in (9.12) satisfies 7(als,#) € (0,1) and ), 7(als,) =1 for any s € S. This policy

can be realized by a neural network. The input of the network is s. The output layer

m(als,0) =

a€ A, (9.12)

is a softmax layer so that the network outputs m(als,f) for all a and the sum of the

outputs is equal to 1. See Figure 9.2(b) for an illustration.

Since 7(a|s,#) > 0 for all a, the policy is stochastic and hence ezploratory. The policy
does not directly tell which action to take. Instead, the action should be generated

according to the probability distribution of the policy.
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9.3.1 Derivation of the gradients in the discounted case

We next derive the gradients of the metrics in the discounted case where v € (0,1). The

state value and action value in the discounted case are defined as

Un(8) = E[Ri1 4+ YRio + ¥ Reys + ... |S; = ],
7= (s, a) = E[Rtﬂ +yRio + 72Rt+3 +.. ]S =54 = a}.

It holds that v.(s) = > .. 47(als,0)q:(s,a) and the state value satisfies the Bellman
equation.

First, we show that v,(f) and 7(0) are equivalent metrics.

Lemma 9.1 (Equivalence between v,(0) and 7.(0)). In the discounted case where v €
(0,1), it holds that

— (1 — ’y)’l_jw_ (913)

Proof. Note that v,(0) = dfv, and 7(0) = dlr,, where v, and r, satisfy the Bellman
equation vy = r; + v Prv,. Multiplying dX on both sides of the Bellman equation yields

Up =Tr + depwvw =r;+ 'devw =T+ 'ij

which implies (9.13). O
Second, the following lemma gives the gradient of v,(s) for any s.

Lemma 9.2 (Gradient of v,(s)). In the discounted case, it holds for any s € S that

Vovr(s Z Pr,(s|s) Z Vor(als',0)q: (s, a), (9.14)

s'eS acA

where
Pr.(s Zv [PHles = [(In —vPx) '],

is the discounted total probability of transitioning from s to s’ under policy . Here,
[lss denotes the entry in the sth row and s'th column, and [PF|.y is the probability of

transitioning from s to s using exactly k steps under .
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Box 9.2: Proof of Lemma 9.2

First, for any s € §, it holds that

Vovr(s) = Vg Zﬂ(a|s,0)qﬂ(s,a)
acA
= [Vor(als,0)gx(s, a) + m(als, 0)Vogx (s, a)] (9.15)
a€A

where ¢, (s,a) is the action value given by

ar(s,a) = 7(s,a) +7 Y p(s'|s, a)on(s").

s'eS

Since r(s,a) = Y, rp(r|s, a) is independent of 6, we have

Vour(s,a) = 0+7 ) p(s']s,a)Vovr(s).

s'eS

Substituting this result into (9.15) yields

Vour(s) = Z Vor(als,0)qr(s,a) + mw(als, )y Zp(s'|s, a)Vour(s')

acA s'eS
= Vor(als,0)gx(s,a) + 7> _7(als,0) > p(s'|s,a)Vove(s).  (9.16)
acA a€EA s'eS

It is notable that Vyv, appears on both sides of the above equation. One way to
calculate it is to use the unrolling technique [64]. Here, we use another way based on
the matriz-vector form, which we believe is more straightforward to understand. In

particular, let

s) = Z Ver(als,0)qx(s,a).

acA
Since
Z |S ‘9 Zp |S CL VQUW ZP vé’vﬂ' ) — Z[PTF]SS/VGUW(SI)7
acA s'eS s'eS s'eS

equation (9.16) can be written in matrix-vector form as

Voue(s) | = | u(s) | +7(Pr ® 1) | Vou(s) |,

VovreRM? ueR™M” VovreRM™
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which can be written concisely as
Vour = u+ Y(Pr ® I1n)Vour.

Here, n = |S|, and m is the dimension of the parameter vector §. The reason that
the Kronecker product ® emerges in the equation is that Vyuv,(s) is a vector. The

above equation is a linear equation of Vyuv,, which can be solved as

VGUW - (Inm - '7P7r X ]m)_lu
=1, @I, —YP: ®I,) 'u
= [(In —7Pr) 7' ® Iy u. (9.17)

For any state s, it follows from (9.17) that

Vour(s) = ) [(In = vP0) 7], uls)

s'eS
= Z [(In — vPx)~ ZVM als’,0)q (', a). (9.18)
s'eS acA

The quantity [(Z,, — vPx) "], has a clear probabilistic interpretation. In particular,
since (I, — YPy) ' = I+ yPy +v*P?+ - - -, we have

[(In - fYPw)_l}SS/ = [I]ss’ +7[P ]ss’ +7 [ ss’ : 2'7 Pk ss’

Note that [P¥],s is the probability of transitioning from s to s’ using exactly k
steps (see Box 8.1). Therefore, [(I,, — vPr) "', is the discounted total probability of
transitioning from s to s’ using any number of steps. By denoting [(I, — vP,) '], =
Pr.(s'|s), equation (9.18) becomes (9.14).

With the results in Lemma 9.2, we are ready to derive the gradient of 2.

Theorem 9.2 (Gradient of ¥ in the discounted case). In the discounted case where
€ (0,1), the gradient of v° = dlv, is

Voty = E[VyInm(AlS, 0)g.(S, 4)],
where S ~ p. and A ~ 7(S,0). Here, the state distribution p, is

=Y do(sPra(s]s),  s€S, (9.19)

s'eS

where Prr(s|s') = >0 V¥ [PFlys = [(I — vPr)7Y,, is the discounted total probability of
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transitioning from s’ to s under policy .

Box 9.3: Proof of Theorem 9.2

Since dy(s) is independent of 7, we have

V02 = Vo > do(s)vx(s) =Y do(s)Vova(s).

seS SES

Substituting the expression of Vyv,(s) given in Lemma 9.2 into the above equation

yields

Votl = do(s)Vove(s) = Y do(s) Y Pra(s'|s) > Ver(als',0)qx(s', a)

seS seS s'eS acA

- 3 (St S e .0
s'eS \seS acA

= Z p(s") Z Vor(als',0)q: (s, a)
s'eS acA

=" 0u(5) 3" Von(als,0)ge(5,0)  (change ' to 5)
s€S acA

= Z pr(s) Z m(als,0)Velnn(als,0)g:(s,a)
seS acA

=E[VyIn7(A]S,0)g(S, A)],

where S ~ p, and A ~ 7(S,0). The proof is complete.

With Lemma 9.1 and Lemma 9.2, we can derive the gradients of 7, and v,.

Theorem 9.3 (Gradients of 7, and v, in the discounted case). In the discounted case

where v € (0,1), the gradients of 7 and v, are

Vorr = (1 —7v)Vov, = Zdﬂ(s) Z Vor(als,0)q,(s,a)
seS acA

=E[VyIn7(A|S,0)q:(S, A)],

where S ~ dr and A ~ w(S,0). Here, the approzimation is more accurate when 7 is
closer to 1.
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Box 9.4: Proof of Theorem 9.3

It follows from the definition of ¥, that

Vols = Vo ) _ dr(s)0n(s)

seS

= Vodr(s)va(s) + Y dn(s)Voua(s (9.20)

SES seS

This equation contains two terms. On the one hand, substituting the expression of

Vv, given in (9.17) into the second term gives

> " da(5)Vov(s) = (dX ® I,,)Vgvr

seS

= (dX @ L) [(In — vPr) ™' ® L) w

= [dX (I, — vPr) '] ® Lnu. (9.21)
It is noted that
(I, — 4P = T
1—y ™

which can be easily verified by multiplying (1, — vP;) on both sides of the equation.
Therefore, (9.21) becomes

1
Z dr(8)Vovr(s) = —dz ® I,u
-~
seS
1
= T d )ZVQW(CL’S,Q)(]W(S,(Z)-
v SES acA

On the other hand, the first term of (9.20) involves Vyd,. However, since the second
term contains ﬁ,
negligible when v — 1. Therefore,

the second term becomes dominant, and the first term becomes

Vo & 1o 3 de(s) S Vom(als, 0)gr(s, ).

seS acA

Furthermore, it follows from 7, = (1 — 7)o, that

Vorr = (1—7)Voix = Y _de(s) Y Von(als,0)gx(s, a)

seS acA
= Zd Z (als,0)Volnn(als,0)q:(s,a)
seS acA

=E[Volnn(A|S,0)q,(S, A)].
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The approximation in the above equation requires that the first term does not go to

infinity when v — 1. More information can be found in [66, Section 4].

9.3.2 Derivation of the gradients in the undiscounted case

We next show how to calculate the gradients of the metrics in the undiscounted case
where v = 1. Readers may wonder why we suddenly start considering the undiscounted
case while we have only considered the discounted case so far in this book. In fact, the
definition of the average reward 7, is valid for both discounted and undiscounted cases.
While the gradient of 7, in the discounted case is an approximation, we will see that its

gradient in the undiscounted case is more elegant.

State values and the Poisson equation

In the undiscounted case, it is necessary to redefine state and action values. Since the
undiscounted sum of the rewards, E[R;y1 + Ry + Rivs + ... |S; = s], may diverge, the

state and action values are defined in a special way [64]:

Ux(8) = E[(Ri1 — Tx) + (Riyo — 7)) + (Riys — 7)) + ... [Sh = 3],
qﬂ(S, a) = E[(Rt+1 — fﬂ-) + (Rt+2 — fﬂ-) + (Rt+3 — 7777) —+ ... ’St = S,At = Cl],

where 7 is the average reward, which is determined when 7 is given. There are different
names for v,(s) in the literature such as the differential reward [65] or bias [2, Sec-
tion 8.2.1]. It can be verified that the state value defined above satisfies the following

Bellman-like equation:
v (8) = Z 7(als, 6) Zp(r|s, a)(r —7.) + Zp(s’|s, a)vg(s)] . (9.22)

Since vr(s) = > ,ca7(als,0)q-(s,a), it holds that g(s,a) = > p(r|s,a)(r — 7x) +
Yoo D(8'|s,a)vr(s"). The matrix-vector form of (9.22) is

U =Tr — 777r]-n + PTI'UTH (923)

where 1,, = [1,...,1]T € R". Equation (9.23) is similar to the Bellman equation and it
has a specific name called the Poisson equation [65,67].
How to solve v, from the Poisson equation? The answer is given in the following

theorem.
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Theorem 9.4 (Solution of the Poisson equation). Let

vf = (I, — Pr + 1,d%) "y (9.24)

e

Then, v* is a solution of the Poisson equation in (9.23). Moreover, any solution of the

Poisson equation has the following form.:
Ur = Vs + 1y,

where ¢ € R.

This theorem indicates that the solution of the Poisson equation may not be unique.

Box 9.5: Proof of Theorem 9.4

We prove using three steps.

o Step 1: Show that v in (9.24) is a solution of the Poisson equation.

For the sake of simplicity, let

A=1,— P, +1,d~.

Then, v} = A~ 'r,. The fact that A is invertible will be proven in Step 3. Substi-
= A1

tuting v’ rr into (9.23) gives
Ay =, — 1,1er7T + P, A,

This equation is valid as proven below. Recognizing this equation gives (—A~! +
I, — 1,dr + P,A7Y)r, = 0, and consequently,

(I, +A—1,d5A+ P,)A 'r, = 0.

The term in the brackets in the above equation is zero because —1I,, + A —1,,dL A+
P.=—1I,+ (I, — P, + 1,dY) — 1,,dX(I,, — P, + 1,dY) + P, = 0. Therefore, v* in
(9.24) is a solution.

o Step 2: General expression of the solutions.

Substituting 7, = d-r, into (9.23) gives
Up = Ty — lnal?rr7r + P.v, (9.25)
and consequently

(In — Po)vge = (I, — 1,d%)rs. (9.26)

206



9.3. Gradients of the metrics

It is noted that I, — Py is singular because (I,, — P;)1,, = 0 for any 7. Therefore,
the solution of (9.26) is not unique: if v} is a solution, then v} +x is also a solution
for any x € Null(Z,, — P;). When Py is irreducible, Null({,, — P;) = span{1,}.
Then, any solution of the Poisson equation has the expression v} + cl, where
c € R.

o Step 3: Show that A = I, — P, + 1,d% is invertible.
Since v¥ involves A™1, it is necessary to show that A is invertible. The analysis is

summarized in the following lemma.

Lemma 9.3. The matriz I,, — P, + lndz 1s invertible and its inverse is

(I — (Pr = 1,dD)] 7 = Y (PF — 1,d%) + 1.

k=1

Proof. First of all, we state some preliminary facts without proof. Let p(M)
be the spectral radius of a matrix M. Then, I — M is invertible if p(M) < 1.
Moreover, p(M) < 1 if and only if limy_,o, M* = 0.

Based on the above facts, we next show that limg_,.(P; — 1,d%)* — 0, and then
the invertibility of I,, — (P; — 1,d%) immediately follows. To do that, we notice
that

(P — 1,d5)* = PF —1,d%L, k>1, (9.27)

which can be proven by induction. For instance, when k& = 1, the equation is
valid. When k& = 2, we have

(Pr — 1ndZ)2 = (Pr — 1nd£)(P7T - 1nd£)
= P? - P.1,dl — 1,dL P, + 1,d1,d~
= P? - 1,d%,

where the last equality is due to P,;1,, = 1, dzp7r = dz, and dzln = 1. The case

of k£ > 3 can be proven similarly.

Since d,, is the stationary distribution of the state, it holds that limy_., P* = dZ1,
(see Box 8.1). Therefore, (9.27) implies that

lim (P — 1,d%)* = lim P* —df1, =0.

k—o0 k—o0

Asaresult, p(P,—1,dL) < 1 and hence I,,—(P,—1,d%) is invertible. Furthermore,
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9.3. Gradients of the metrics

the inverse of this matrix is given by

([n - (Pﬂ - 1nd£))71 = (Pfr - 1nd£)k

WK

i

0

M8

=I,+ Y (P —1,d0)"
k=1
k=1
= (PF—1,d}) +1,d}.
k=0
The proof is complete. O

The proof of Lemma 9.3 is inspired by [66]. However, the result (I, — P, +
1,d0)~t = Y77 (PF — 1,dL) given in [66] (the statement above equation (16)
n [66]) is inaccurate because Y o (P¥ — 1,dL) is singular since Y - (PF —

1,d%)1, = 0. Lemma 9.3 corrects this inaccuracy.

Derivation of gradients

Although the value of v, is not unique in the undiscounted case, as shown in Theorem 9.4,

the value of 7, is unique. In particular, it follows from the Poisson equation that

Trly =75 + (Pr — L) s
=r.+ (Pr— In)(vy +cl,)
=71y + (P — I,)vL.
Notably, the undetermined value c¢ is canceled and hence 7, is unique. Therefore, we
can calculate the gradient of 7, in the undiscounted case. In addition, since v, is not
unique, v, is not unique either. We do not study the gradient of v, in the undiscounted
case. For interested readers, it is worth mentioning that we can add more constraints to
uniquely solve v, from the Poisson equation. For example, by assuming that a recurrent
state exists, the state value of this recurrent state can be determined [65, Section II], and
hence ¢ can be determined. There are also other ways to uniquely determine v,. See, for
example, equations (8.6.5)-(8.6.7) in [2].

The gradient of 7, in the undiscounted case is given below.

Theorem 9.5 (Gradient of 7, in the undiscounted case). In the undiscounted case, the
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9.3. Gradients of the metrics

gradient of the average reward 7, s

Vory = Z dr(s) Z Vor(als,0)q,(s,a)

SES acA

= E[V,In7(AlS, 0)g:(S, A)], (9.28)

where S ~ d. and A ~ m(S,0).

Compared to the discounted case shown in Theorem 9.3, the gradient of 7, in the
undiscounted case is more elegant in the sense that (9.28) is strictly valid and S obeys

the stationary distribution.

Box 9.6: Proof of Theorem 9.5

First of all, it follows from v,(s) = >, 4 7(als,8)q(s,a) that

Voux(s) = Vo | Y w(als,0)qx(s,a)
acA
= [Vor(als,0)gx(s, a) + m(als, 0)Vogx (s, a)] (9.29)
ac€A

where ¢.(s,a) is the action value satisfying
qx(s,a) = Zp(r|s, a)(r —7r) + Zp(s’\s, a)vg(s')
=r(s,a) — 7y + Zp(s’|s, a)vg(s).

Since r(s,a) = Y rp(r|s, a) is independent of 6, we have

Voax(s,a) =0 — Vorr + > _ p(s'|s, a) Vova(s').

s'eS

Substituting this result into (9.29) yields

Vovz(s) = Z Vor(als, 0)q(s,a) + m(als,0) (—V(;fﬂ + Zp(3'|s, a)VwAs'))]

acA s'eS
= Z Vor(als, 0)q.(s,a) — Very + Z m(als, 0) Z:p(s’|57 a)Vour(s').
acA acA s'eS
(9.30)

Let
u(s) = Z Vom(als, 0)q(s,a).

acA
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9.4. Monte Carlo policy gradient (REINFORCE)

Since ) cam(als,0) > csp(s'[s,a)Vovr(s) = > . csp(s'|5)Vevn(s'), equation
(9.30) can be written in matrix-vector form as

Voue(s) | = | u(s) | =1, @ Voin + (Pr ® Iny) | Vour(s) |,

V(.)’Uﬂ— cRmn ueRmMmn V(.)’Uﬂ— cRmn

where n = |S|, m is the dimension of #, and ® is the Kronecker product. The above

equation can be written concisely as

Vovr =u—1, ® Vo + (Pr ® I,,,)Vour,
and hence

1, ® Vyir = u+ (Pr ® I,) Vour — Vgu,.
Multiplying dX ® I,,, on both sides of the above equation gives

(dE1,) ® Vofr = dt @ Iyu + (dEP,) ® I, Vv, — dt ® I, Vevy
= df ® Lyu,

which implies

Ve = dX @ Iyu
= Z dr(s)u(s)

seS
= Z dTl'<S) Z VGﬂ-(a’Sa 6>Q7r(87 (l)-
SES acA

9.4 Monte Carlo policy gradient (REINFORCE)

With the gradient presented in Theorem 9.1, we next show how to use the gradient-based
method to optimize the metrics to obtain optimal policies.

The gradient-ascent algorithm for maximizing J(6) is

6t+1 = et + OéVgJ(Qt)
— 0, + aB|VyIn7(A|S, 6:) (S, A)], (9.31)

where o > 0 is a constant learning rate. Since the true gradient in (9.31) is unknown, we
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9.4. Monte Carlo policy gradient (REINFORCE)

can replace the true gradient with a stochastic gradient to obtain the following algorithm:
0t+1 = 015 + O[VQ 1Il W(at|8t, Qt)qt(st, at>, (932)

where q;(s, a;) is an approximation of g, (s, a;). If g:(s¢, ar) is obtained by Monte Carlo
estimation, the algorithm is called REINFORCE [68] or Monte Carlo policy gradient,
which is one of earliest and simplest policy gradient algorithms.

The algorithm in (9.32) is important since many other policy gradient algorithms can

be obtained by extending it. We next examine the interpretation of (9.32) more closely.
Vor(at|st,0t)

Since Vg lnm(as|ss, 0;) = P

, we can rewrite (9.32) as

S¢, @
Op1 =0+« (M> Vor(ae|st, 0r),

m(ay|ss, 6;)
Bt
which can be further written concisely as
9t+1 = et + OéﬁtVQTF(CLtLS’t, et) (933)

Two important interpretations can be seen from this equation.

o First, since (9.33) is a simple gradient-ascent algorithm, the following observations

can be obtained.
- If B, > 0, the probability of choosing (s, a;) is enhanced. That is
W(at|3t,9t+1) > 7r(Olt|3t,9t)-

The greater S, is, the stronger the enhancement is.

- If B, <0, the probability of choosing (s, a;) decreases. That is
T(ae|se, Opy1) < m(ar|se, 0r).

The above observations can be proven as follows. When 6,,, — 6, is sufficiently small,

it follows from the Taylor expansion that

W(at|8t, Qt—l-l) ~ W(at|8t, et) + (VQ'TF((lt’St, gt))T<9t+1 — Qt)
m(ag|se, 0;) + aBy(Vom(as|ss, 0:)) (Vor(a|s:, 6;))  (substituting (9.33))
m(ag]st, 0r) + aBi|| Vor(ayse, 0)]]3.

It is clear that m(a|s;, 0pe1) > m(aglse, 0;) when B, > 0 and 7(ay|ss, Op1) < m(ag|s, 0;)
when 3; < 0.

¢ Second, the algorithm can strike a balance between exploration and exploitation to a

211



9.4. Monte Carlo policy gradient (REINFORCE)

Algorithm 9.1: Policy Gradient by Monte Carlo (REINFORCE)

Initialization: Initial parameter 6; v € (0,1); o > 0.
Goal: Learn an optimal policy for maximizing J(0).

For each episode, do
Generate an episode {sg, ag,r1,...,Sr_1,ar_1, 77} following 7(0).
Fort=0,1,...,7T —1:
Value update: q;(s;,a;) = Zfitﬂ ALY
Policy update: 0 <— 0 + aVgInr(a|ss, 0)q(se, ar)

certain extent due to the expression of

qr(5¢, ay)
7T(at|5t, Qt) ’

B =

On the one hand, f; is proportional to q;(s;,a;). As a result, if the action value of
(s¢,a¢) is large, then m(ay|s;,0;) is enhanced so that the probability of selecting a;
increases. Therefore, the algorithm attempts to exploit actions with greater values.
One the other hand, §; is inversely proportional to m(a|s;, 6;) when ¢, (s, a;) > 0. As
a result, if the probability of selecting a, is small, then m(a;|s;, 6;) is enhanced so that
the probability of selecting a; increases. Therefore, the algorithm attempts to explore

actions with low probabilities.

Moreover, since (9.32) uses samples to approximate the true gradient in (9.31), it is

important to understand how the samples should be obtained.

<

How to sample S7 S in the true gradient E[VyIn7(A|S,0;)q,(S, A)] should obey the
distribution 7 which is either the stationary distribution d, or the discounted total
probability distribution p, in (9.19). Either d, or p, represents the long-term behavior

exhibited under 7.

How to sample A7 A in E[V,Inn(A|S,0;)¢:(S, A)] should obey the distribution of
m(A|S,0). The ideal way to sample A is to select a; following 7(a|s;, 0;). Therefore,
the policy gradient algorithm is on-policy.

Unfortunately, the ideal ways for sampling S and A are not strictly followed in practice

due to their low efficiency of sample usage. A more sample-efficient implementation of

(9.32) is given in Algorithm 9.1. In this implementation, an episode is first generated by

following 7(#). Then, € is updated multiple times using every experience sample in the

episode.
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9.5 Summary

This chapter introduced the policy gradient method, which is the foundation of many
modern reinforcement learning algorithms. Policy gradient methods are policy-based. It
is a big step forward in this book because all the methods in the previous chapters are
value-based. The basic idea of the policy gradient method is simple. That is to select an
appropriate scalar metric and then optimize it via a gradient-ascent algorithm.

The most complicated part of the policy gradient method is the derivation of the
gradients of the metrics. That is because we have to distinguish various scenarios with
different metrics and discounted /undiscounted cases. Fortunately, the expressions of the
gradients in different scenarios are similar. Hence, we summarized the expressions in
Theorem 9.1, which is the most important theoretical result in this chapter. For many
readers, it is sufficient to be aware of this theorem. Its proof is nontrivial, and it is not
required for all readers to study.

The policy gradient algorithm in (9.32) must be properly understood since it is the
foundation of many advanced policy gradient algorithms. In the next chapter, this algo-

rithm will be extended to another important policy gradient method called actor-critic.

9.6 Q&A

o Q: What is the basic idea of the policy gradient method?

A: The basic idea is simple. That is to define an appropriate scalar metric, derive
its gradient, and then use gradient-ascent methods to optimize the metric. The most
important theoretical result regarding this method is the policy gradient given in
Theorem 9.1.

¢ Q: What is the most complicated part of the policy gradient method?

A: The basic idea of the policy gradient method is simple. However, the derivation
procedure of the gradients is quite complicated. That is because we have to distin-
guish numerous different scenarios. The mathematical derivation procedure in each
scenario is nontrivial. It is sufficient for many readers to be familiar with the result

in Theorem 9.1 without knowing the proof.

o Q: What metrics should be used in the policy gradient method?

0

o, and 7. Since they

A: We introduced three common metrics in this chapter: v,, v
all lead to similar policy gradients, they all can be adopted in the policy gradient
method. More importantly, the expressions in (9.1) and (9.4) are often encountered

in the literature.

<

Q: Why is a natural logarithm function contained in the policy gradient?
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A: A natural logarithm function is introduced to express the gradient as an expected

value. In this way, we can approximate the true gradient with a stochastic one.
o Q: Why do we need to study undiscounted cases when deriving the policy gradient?

A: The definition of the average reward 7, is valid for both discounted and undis-
counted cases. While the gradient of 7, in the discounted case is an approximation,

its gradient in the undiscounted case is more elegant.
o Q: What does the policy gradient algorithm in (9.32) do mathematically?

A: To better understand this algorithm, readers are recommended to examine its
concise expression in (9.33), which clearly shows that it is a gradient-ascent algorithm
for updating the value of m(a;|s¢, 0;). That is, when a sample (s;, a;) is available, the
policy can be updated so that m(a¢|ss, Or11) > m(ae|st, 0;) or w(ag|ss, Orp1) < w(ag|se, 6;)

depending on the coefficients.
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Chapter 10

Actor-Critic Methods
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Figure 10.1: Where we are in this book.

This chapter introduces actor-critic methods. From one point of view, “actor-critic”
refers to a structure that incorporates both policy-based and value-based methods. Here,
an “actor” refers to a policy update step. The reason that it is called an actor is that the
actions are taken by following the policy. Here, an “critic” refers to a value update step. It
is called a critic because it criticizes the actor by evaluating its corresponding values. From
another point of view, actor-critic methods are still policy gradient algorithms. They can
be obtained by extending the policy gradient algorithm introduced in Chapter 9. It is
important for the reader to well understand the contents of Chapters 8 and 9 before

studying this chapter.
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10.1 The simplest actor-critic algorithm (QAC)

This section introduces the simplest actor-critic algorithm. This algorithm can be easily
obtained by extending the policy gradient algorithm in (9.32).

Recall that the idea of the policy gradient method is to search for an optimal policy
by maximizing a scalar metric J(6). The gradient-ascent algorithm for maximizing J(0)

is

9t+1 = et + OéVgJ((%)
=0; + aEgopamn | Volnm(A|S, 0:) (S, A)|, (10.1)

where 7 is a distribution of the states (see Theorem 9.1 for more information). Since the

true gradient is unknown, we can use a stochastic gradient to approximate it:
Oi11 = 0, + aVglnm(ay|se, 0;)q(se, ar). (10.2)

This is the algorithm given in (9.32).

Equation (10.2) is important because it clearly shows how policy-based and value-
based methods can be combined. On the one hand, it is a policy-based algorithm since it
directly updates the policy parameter. On the other hand, this equation requires knowing
qi(S¢, ar), which is an estimate of the action value g, (s, a;). As a result, another value-
based algorithm is required to generate q;(s:, a¢). So far, we have studied two ways to
estimate action values in this book. The first is based on Monte Carlo learning and the

second is temporal-difference (TD) learning.

o 1If g;(s¢, at) is estimated by Monte Carlo learning, the corresponding algorithm is called
REINFORCE or Monte Carlo policy gradient, which has already been introduced in
Chapter 9.

o 1If qi(s¢,ay) is estimated by TD learning, the corresponding algorithms are usually
called actor-critic. Therefore, actor-critic methods can be obtained by incorporating

TD-based value estimation into policy gradient methods.

The procedure of the simplest actor-critic algorithm is summarized in Algorithm 10.1.
The critic corresponds to the value update step via the Sarsa algorithm presented in
(8.35). The action values are represented by a parameterized function ¢(s,a,w). The
actor corresponds to the policy update step in (10.2). This actor-citric algorithm is
sometimes called @ actor-critic (QAC). Although it is simple, QAC reveals the core idea
of actor-critic methods. It can be extended to generate many advanced ones as shown in

the rest of this chapter.
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Algorithm 10.1: The simplest actor-critic algorithm (QAC)

Initialization: A policy function m(als,fy) where 6 is the initial parameter. A value
function q(s, a,wy) where wy is the initial parameter. a,,, ap > 0.
Goal: Learn an optimal policy to maximize J(#).

At time step t in each episode, do
Generate a; following 7(als;, 6;), observe 11, 411, and then generate a,,; following
7T(a|5t+1, Qt)
Actor (policy update):
Or11 = 0r + Vo Inm(ay|se, 0;)q(se, ar, wy)
Critic (value update):
W1 = Wi + [T’t+1 +7q(8t41, Ary1, W) — q(, ag, wt)]qu(sta g, W)

10.2 Advantage actor-critic (A2C)

We now introduce the algorithm of advantage actor-critic. The core idea of this algorithm

is to introduce a baseline to reduce estimation variance.

10.2.1 Baseline invariance

One interesting property of the policy gradient is that it is invariant to an additional

baseline. That is

Byt | Vo In7(ALS, 0)5(S, A)| = By ar | Vo n w(AlS, 0,)(4:(5, 4) = b(S)) .
(10.3)

where the additional baseline b(.S) is a scalar function of S. We next answer two questions

about the baseline.

o First, why is (10.3) valid?
Equation (10.3) holds if and only if

Esyaer| VoInm(A|S, Ht)b(S)] ~0.
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10.2. Advantage actor-critic (A2C)

This equation is valid because

Esna~r | Volnm(AlS, 6;)b ] Zn Z (als,0:)Volnm(als,b;)b(s)

sSES acA

= Z n(s Z Vom(als, ;)b(s)
sES acA

= Z n(s Z Vor(als, ;)
seS acA

= Z n(s)b(s)Va Z m(als, 0;)
seS acA

= n(s)b(s) Vel = 0.
seS

o Second, why is the baseline useful?

The baseline is useful because it can reduce the approximation variance when we use

samples to approximate the true gradient. In particular, let
X(S,A) =Vylnn(A|S,0,)[q:(S, A) — b(S)]. (10.4)

Then, the true gradient is E[X (S, A)]. Since we need to use a stochastic sample z to
approximate E[X], it would be favorable if the variance var(X) is small. For example,
if var(X) is close to zero, then any sample x can accurately approximate E[X]. On

the contrary, if var(X) is large, the value of a sample may be far from E[X].

Although E[X] is invariant to the baseline, the variance var(X) is not. Our goal is to
design a good baseline to minimize var(X). In the algorithms of REINFORCE and
QAC, we set b = 0, which is not guaranteed to be a good baseline.

In fact, the optimal baseline that minimizes var(X) is

Ear [[VoInm(Als, 0,)]7 ¢ (s, A)]
EANW[”VQ 1n7r(A|s,9t)||2} ’

b*(s) = seS. (10.5)

The proof is given in Box 10.1.

Although the baseline in (10.5) is optimal, it is too complex to be useful in practice.
If the weight ||VgIn7(Als, 6;)]|* is removed from (10.5), we can obtain a suboptimal

baseline that has a concise expression:
b1 (s) = Eporlgn(s, A)] = ve(s), s€S.

Interestingly, this suboptimal baseline is the state value.
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Box 10.1: Showing that 0*(s) in (10.5) is the optimal baseline

Let z = E[X], which is invariant for any b(s). If X is a vector, its variance is a
matrix. It is common to select the trace of var(X) as a scalar objective function for

optimization:

tr[var(X)] = ttE[(X — z)(X — 2)7]

= B[ X XT — zXT — XzT + zz7]

=E[X*'X - X"z - 27X + 27 7]

=E[XTX]-z"z. (10.6)
When deriving the above equation, we use the trace property tr(AB) = tr(BA)
for any squared matrices A, B with appropriate dimensions. Since Z is invariant,
equation (10.6) suggests that we only need to minimize E[X7 X]. With X defined in
(10.4), we have

EX"X]=E [(Voln7)" (VoIn7)(g:(S, A) — b(5))?]
=E [||[VoIn7|*(:(S, 4) = b(S))*] ,

where m(A|S, 0) is written as 7 for short. Since S ~ 7 and A ~ 7, the above equation

can be rewritten as

E(X"X] = 3" n(s)Eawr [[Voln | (gx(s, A) — b(s))?]

seS

To ensure V,E[XTX] =0, b(s) for any s € S should satisfy
Eavr [[IVoIn7[*(b(s) = gx(s,A)] =0, s€S.

The above equation can be easily solved to obtain the optimal baseline:

_ EauallI Vo ln7|2gs(s, A)

b* = .
&) =="%, Vemm* °€5

More discussions on optimal baselines in policy gradient methods can be found in
[69,70].
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10.2.2 Algorithm description

When b(s) = v.(s), the gradient-ascent algorithm in (10.1) becomes

Ous1 = 00 + QB | Vo In(A[S, 0,) g (S, 4) = va(S)]
=0, +aE [vg In7(AS, 8,5, (S, A)} . (10.7)

Here,

0:(S,A) = q:(S, A) — v (5)

is called the advantage function, which reflects the advantage of one action over the
others. More specifically, note that v,(s) = >, 4, 7(als)gx (s, a) is the mean of the action
values. If 0,(s,a) > 0, it means that the corresponding action has a greater value than
the mean value.

The stochastic version of (10.7) is

9t+1 = et =+ OéVg In 7T(Clt|5t, Ht)[qt(st, (It) — /Ut<8t)]
= Qt + Oévg lnﬂ(at|8t,0t)5t(8t,at), (108)

where s;, a; are samples of S, A at time ¢t. Here, ¢;(s;, a;) and v4(s;) are approximations of
Ir(0,) (8¢, ar) and vr(g,)(s¢), respectively. The algorithm in (10.8) updates the policy based
on the relative value of g with respect to v; rather than the absolute value of g;. This is
intuitively reasonable because, when we attempt to select an action at a state, we only
care about which action has the greatest value relative to the others.

If q;(s¢, ay) and vy(s;) are estimated by Monte Carlo learning, the algorithm in (10.8) is
called REINFORCE with a baseline. If ¢;(s;, a;) and v,(s;) are estimated by TD learning,
the algorithm is usually called advantage actor-critic (A2C). The implementation of A2C
is summarized in Algorithm 10.2. It should be noted that the advantage function in this

implementation is approximated by the TD error:

Ge(St, ar) — ve(Se) = i1 + YUe(Se1) — ve(Se).

This approximation is reasonable because

qﬂ'(sh at) - Uﬂ(st) =K Rt+1 + ’YUw(StH) - UW(St)|St = 5., Ap = at]7

which is valid due to the definition of ¢,(s;,a;). One merit of using the TD error is
that we only need to use a single neural network to represent v,(s). Otherwise, if d; =
qi(Se,ar) — vi(s¢), we need to maintain two networks to represent v.(s) and ¢.(s,a),
respectively. When we use the TD error, the algorithm may also be called T'D actor-
critic. In addition, it is notable that the policy m(6;) is stochastic and hence exploratory.

Therefore, it can be directly used to generate experience samples without relying on
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Algorithm 10.2: Advantage actor-critic (A2C) or TD actor-critic

Initialization: A policy function m(als,fy) where 6 is the initial parameter. A value
function v(s,wy) where wy is the initial parameter. a,, ay > 0.
Goal: Learn an optimal policy to maximize J(#).

At time step t in each episode, do
Generate a, following 7(al|s;, 8;) and then observe 7,1, S¢41.
Advantage (TD error):
O = T + YU(Spp1, wy) — v(S¢, wy)
Actor (policy update):
9t+1 = 9t + ()égétVQ In W(at’fﬁt, 9,5)
Critic (value update):
Wi = Wi + 0 VU (5¢, wy)

techniques such as e-greedy. There are some variants of A2C such as asynchronous

advantage actor-critic (A3C). Interested readers may check [71,72].

10.3 Off-policy actor-critic

The policy gradient methods that we have studied so far, including REINFORCE, QAC,
and A2C, are all on-policy. The reason for this can be seen from the expression of the

true gradient:
VoI (6) = Esenar [ Vo Inm(AlS, 0,)(4x(S, 4) = va(S))|.

To use samples to approximate this true gradient, we must generate the action samples
by following 7(#). Hence, 7(6) is the behavior policy. Since 7(6) is also the target policy
that we aim to improve, the policy gradient methods are on-policy.

In the case that we already have some samples generated by a given behavior policy,
the policy gradient methods can still be applied to utilize these samples. To do that,
we can employ a technique called importance sampling. 1t is worth mentioning that the
importance sampling technique is not restricted to the field of reinforcement learning.
It is a general technique for estimating expected values defined over one probability

distribution using some samples drawn from another distribution.

10.3.1 Importance sampling

We next introduce the importance sampling technique. Consider a random variable
X € X. Suppose that po(X) is a probability distribution. Our goal is to estimate

Ex.p[X]. Suppose that we have some i.i.d. samples {z;}I ;.
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o First, if the samples {x;}", are generated by following pg, then the average value
T = <37 x; can be used to approximate Ex ., [X] because Z is an unbiased estimate
of Ex.,,[X] and the estimation variance converges to zero as n — oo (see the law of

large numbers in Box 5.1 for more information).

o Second, consider a new scenario where the samples {z;}" , are not generated by
po. Instead, they are generated by another distribution p;. Can we still use these
samples to approximate Ex.,,[X]|? The answer is yes. However, we can no longer use

T =137 2 to approximate Ex.,,[X] since Z ~ Ex.,, [X] rather than Ex.,,[X].

In the second scenario, Ex.,,[X] can be approximated based on the importance sam-

pling technique. In particular, Ex.,,[X] satisfies

BxonlX] = Yomio) = Somle) B =B /X)) (109)
TE TE W

Thus, estimating Ex.,,[X]| becomes the problem of estimating Ex.,, [f(X)]. Let

Since f can effectively approximate Ex.,, [f(X)], it then follows from (10.9) that

-1 1 < PolT;
Exnpy[X] = Exup [f(X)] = f= =) fle)=~) COR (10.10)
o ni i)
S——"
importance
weight

Equation (10.10) suggests that Ex.,,[X] can be approximated by a weighted average of
x;. Here, % is called the importance weight. When p; = pg, the importance weight
is 1 and f becomes . When py(z;) > p1(x;), z; can be sampled more frequently by pg
but less frequently by p;. In this case, the importance weight, which is greater than one,
emphasizes the importance of this sample.

Some readers may ask the following question: while py(z) is required in (10.10), why
do we not directly calculate Ex.,,[X] using its definition Ex.,,[X] = > .y po(z)z?
The answer is as follows. To use the definition, we need to know either the analytical
expression of py or the value of py(z) for every x € X. However, it is difficult to obtain
the analytical expression of py when the distribution is represented by, for example, a
neural network. It is also difficult to obtain the value of py(z) for every x € X when X
is large. By contrast, (10.10) merely requires the values of po(x;) for some samples and

is much easier to implement in practice.
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An illustrative example

We next present an example to demonstrate the importance sampling technique. Consider
X € X = {+1, —1}. Suppose that py is a probability distribution satisfying

po(X =+1)=0.5, po(X =-1)=0.5.
The expectation of X over pq is

Exp,[X]=(+1)-0.5+(—1)-0.5=0.
Suppose that p; is another distribution satisfying

pi(X =+1)=08, pi(X=-1)=0.2.
The expectation of X over p; is

Exp, [X] = (+1)-0.8+ (—1)-0.2 = 0.6.

Suppose that we have some samples {z;} drawn over p;. Our goal is to estimate
Ex~p,[X] using these samples. As shown in Figure 10.2, there are more samples of +1
than —1. That is because p; (X = +1) = 0.8 > p; (X = —1) = 0.2. If we directly calculate
the average value Y, z;/n of the samples, this value converges to Ex.,, [X] = 0.6 (see
the dotted line in Figure 10.2). By contrast, if we calculate the weighted average value
as in (10.10), this value can successfully converge to Ex.p,[X] = 0 (see the solid line in
Figure 10.2).

27 O samples
........ average
importance sampling

ST GO DL 0! 8 IO G DI )

-1 @ @O0 Q- D QD DO ©O-@0G

_2 L L L
0 50 100 150 200

Sample index

Figure 10.2: An example for demonstrating the importance sampling technique. Here, X € {41, —1} and
po(X = +1) = po(X = —1) = 0.5. The samples are generated according to p; where p;(X = +1) = 0.8
and p1(X = —1) = 0.2. The average of the samples converges to Ex~p, [X] = 0.6, but the weighted
average calculated by the importance sampling technique in (10.10) converges to Ex.p,[X] = 0.
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Finally, the distribution p;, which is used to generate samples, must satisfy that
p1(z) # 0 when po(x) # 0. If p1(x) = 0 while py(z) # 0, the estimation result may be
problematic. For example, if

pl(X = —|—1) = 1, pl(X = —1) = O,
then the samples generated by p; are all positive: {z;} = {+1,+1,...,+1}. These
samples cannot be used to correctly estimate Ex.,,[X] = 0 because
1 & ; 1 & 1 1 <~0.5
—ZM%‘ _ —Z]M1 Ly 08y
n < pi(z;) n < pi(+1) n< 1

no matter how large n is.

10.3.2 The off-policy policy gradient theorem

With the importance sampling technique, we are ready to present the off-policy policy
gradient theorem. Suppose that § is a behavior policy. Our goal is to use the samples

generated by [ to learn a target policy 7 that can maximize the following metric:

= dg(s)va(s) = Egea,[vx(5)],

seS

where dg is the stationary distribution under policy 8 and v, is the state value under

policy w. The gradient of this metric is given in the following theorem.

Theorem 10.1 (Off-policy policy gradient theorem). In the discounted case where v €
(0,1), the gradient of J(0) is

7(A[S,0)
B(A[S)
——

importance
weight

VQJ(Q) :ESNp,ANB[ VQ 1H7T(A’S, 9)qﬂ(S, A) s (10.11)

where the state distribution p is

Zdﬂ PI'7T ) seSs,

s'eS

where Prr(s|s') = > 2 A*[PFys = [(I — vPr) 7Y, is the discounted total probability of

transitioning from s’ to s under policy .

The gradient in (10.11) is similar to that in the on-policy case in Theorem 9.1, but
there are two differences. The first difference is the importance weight. The second

difference is that A ~ f instead of A ~ mw. Therefore, we can use the action samples

224



10.3. Off-policy actor-critic

generated by following 3 to approximate the true gradient. The proof of the theorem is
given in Box 10.2.

Box 10.2: Proof of Theorem 10.1

Since dg is independent of 0, the gradient of J(6) satisfies

Vod(0) = Vo Y _da(s)ve(s) = Y _ da(s)Voua(s). (10.12)

sES SES

According to Lemma 9.2, the expression of Vyv.(s) is

Vv, (s Z Pr,(s'|s) Z Vor(als',0)q: (s, a), (10.13)

s'eS acA

where Pr.(s'|s) = Y 7o V*[PMssy = [(In —vPx)"',,. Substituting (10.13) into
(10.12) yields

Vo J (6 ng YWVour(s ng )ZPrﬂ(s'|s)ZVgﬂ(a|s’,9)q7r(s',a)

sES s€S s'eS a€A

= Z (Z ds(s)Prx(s ) ZV@W (als’,0)qr (s, a)
s'eS \seS acA

= Z p(‘S/) Z VQW(C”S/? 9>Q7r(8/a CL)
s'eS acA

= Zp(s) Z Vor(als, 0)qx(s,a) (change s’ to s)
seS acA

=Es~p | Y Vor(alS, 0)qx(S, a)] .

acA

By using the importance sampling technique, the above equation can be further

rewritten as

By, | Y )T f>vfcf|5'i’f>qﬂ<s,a>]

IESwp Z vﬁﬂ-(a|57 H)QW(Su CL)

acA aEA
=Esv, | > B( |s (a]S, ?V(;lnw(aw,g)qﬂ(&a)]
Lac A
A|S. 6
=Egp 4~z [%Vg In7w(A|S,0)g-(S, A)] :

The proof is complete. The above proof is similar to that of Theorem 9.1.
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10.3.3 Algorithm description

Based on the off-policy policy gradient theorem, we are ready to present the off-policy
actor-critic algorithm. Since the off-policy case is very similar to the on-policy case, we
merely present some key steps.
First, the off-policy policy gradient is invariant to any additional baseline b(s). In
particular, we have
m(AlS,0)

V@J(Q) = ESNp,Awﬁ {WV@ 1Il7T(A|S, 0) (qW(S, A) — b(S)):| s

because E [ﬂéﬁff)) Volnm(A|S, 9)1)(5)} = 0. To reduce the estimation variance, we can

select the baseline as b(S) = v,(S) and obtain

m(A|S,0)

Vel (6) =E [ BUAIS)

Volnm(A|S,0)(g-(5, A) — vﬂ(S))] :

The corresponding stochastic gradient-ascent algorithm is

7T(C1,t |St, (9,5)

0,11 =0
t+1 r + Qg Blarlss)

Vg ln W(at|3t, ‘gt) (Qt(t% at) - Ut(st))y
where ay > 0. Similar to the on-policy case, the advantage function ¢/(s,a) — v(s) can
be replaced by the TD error. That is

Ge(St, ar) — ve(Se) = i1 + YUr(Se1) — ve(Se) = 0e(Se, ar).

Then, the algorithm becomes

7(a|s, 0)

0,01 =0
i1 t 1+ Q B(adlss)

Volnm(as:, 0)d:(st,ar).

The implementation of the off-policy actor-critic algorithm is summarized in Algorith-
m 10.3. As can be seen, the algorithm is the same as the advantage actor-critic algorithm
except that an additional importance weight is included in both the critic and the actor.
It must be noted that, in addition to the actor, the critic is also converted from on-policy
to off-policy by the importance sampling technique. In fact, importance sampling is a
general technique that can be applied to both policy-based and value-based algorithms.
Finally, Algorithm 10.3 can be extended in various ways to incorporate more techniques

such as eligibility traces [73].
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10.4. Deterministic actor-critic

Algorithm 10.3: Off-policy actor-critic based on importance sampling

Initialization: A given behavior policy 3(als). A target policy 7(a|s, 0y) where 6, is the
initial parameter. A value function v(s, wg) where wy is the initial parameter. oy, ay > 0.
Goal: Learn an optimal policy to maximize J(0).

At time step t in each episode, do
Generate a; following (3(s;) and then observe 7,1, S441.
Advantage (TD error):
8 = Tep1 + YU(Sp41, wy) — v(se, wy)
Actor (policy update):
01 = 0; + (a"St 9”5 Vo lnm(as, 0;)
Critic (value update)

m(ag|st,0t
Wi = Wy + Oy B(altls mlalsebn) 5 7 wU (8¢, wy)

10.4 Deterministic actor-critic

Up to now, the policies used in the policy gradient methods are all stochastic since it is
required that 7(a|s,#) > 0 for every (s, a). This section shows that deterministic policies
can also be used in policy gradient methods. Here, “deterministic” indicates that, for
any state, a single action is given a probability of one and all the other actions are given
probabilities of zero. It is important to study the deterministic case since it is naturally
off-policy and can effectively handle continuous action spaces.

We have been using 7(als, ) to denote a general policy, which can be either stochastic

or deterministic. In this section, we use
a = pu(s,0)

to specifically denote a deterministic policy. Different from 7 which gives the probability
of an action, u directly gives the action since it is a mapping from S to A. This deter-
ministic policy can be represented by, for example, a neural network with s as its input,
a as its output, and 6 as its parameter. For the sake of simplicity, we often write (s, 6)

as u(s) for short.

10.4.1 The deterministic policy gradient theorem

The policy gradient theorem introduced in the last chapter is only valid for stochastic
policies. When we require the policy to be deterministic, a new policy gradient theorem

must be derived.
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Theorem 10.2 (Deterministic policy gradient theorem). The gradient of J(0) is

Vo J(0) = Z n(s)Vapu(s) (Vaqu(sv a)) |a=u(8)

seS

= Esy [Vor(8)(Vatu(5,0)) layis)] (10.14)

where 1 is a distribution of the states.

Theorem 10.2 is a summary of the results presented in Theorem 10.3 and Theorem 10.4
since the gradients in the two theorems have similar expressions. The specific expressions
of J(#) and 7 can be found in Theorems 10.3 and 10.4.

Unlike the stochastic case, the gradient in the deterministic case shown in (10.14)
does not involve the action random variable A. As a result, when we use samples to
approximate the true gradient, it is not required to sample actions. Therefore, the de-
terministic policy gradient method is off-policy. In addition, some readers may wonder
why (Vaqu(S,a))|azu(s) cannot be written as V,q,(S, #(S)), which seems more concise.
That is simply because, if we do that, it is unclear how ¢, (5, (5)) is a function of a. A
concise yet less confusing expression may be V,q,(S,a = p(5)).

In the rest of this subsection, we present the derivation details of Theorem 10.2. In
particular, we derive the gradients of two common metrics: the first is the average value
and the second is the average reward. Since these two metrics have been discussed in
detail in Section 9.2, we sometimes use their properties without proof. For most readers,
it is sufficient to be familiar with Theorem 10.2 without knowing its derivation details.

Interested readers can selectively examine the details in the remainder of this section.

Metric 1: Average value

We first derive the gradient of the average value:
J(0) = Efvu(s)] = D do(s)va(s), (10.15)

where dj is the probability distribution of the states. Here, d; is selected to be independent
of u for simplicity. There are two special yet important cases of selecting dy. The first
case is that do(sg) = 1 and do(s # sg) = 0, where sq is a specific state of interest. In
this case, the policy aims to maximize the discounted return that can be obtained when
starting from sg. The second case is that dy is the distribution of a given behavior policy
that is different from the target policy.

To calculate the gradient of J(6), we need to first calculate the gradient of v,(s) for
any s € S. Consider the discounted case where v € (0, 1).
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Lemma 10.1 (Gradient of v,(s)). In the discounted case, it holds for any s € S that

Vov,(s) Z Pr,(s'|s)Vou(s )(Vaqu(s', a))|azu(5/), (10.16)

s'eS

where
Pr, (s 27 ] vP,)” }S,

is the discounted total probability of transitioning from s to s under policy p. Here, [-]ss

denotes the entry in the sth row and s'th column of a matriz.

Box 10.3: Proof of Lemma 10.1
Since the policy is deterministic, we have

vu(8) = (s, 1())-

Since both ¢, and p are functions of 0, we have

VGUM(S) - v@Qu(Sa M(S» = (VGQ;L(Sa CL)) |a:u(s) I Vg,u(s) (Vaqu(sv a)) |a:u(s)- (10'17>

By the definition of action values, for any given (s, a), we have

qM(Sv CL) = T(S7 a) +v Zp(3,|5’ a’)vu(sl)7

s'eS

where r(s,a) = > rp(r|s,a). Since r(s, a) is independent of y, we have

Voqu(s,a) =0+~ Zp(s’\s, a)Vou,(s).

s'eS

Substituting the above equation into (10.17) yields

Vouu(s) = 73 pl)s, 4(5)) Vouu(s') + Vou(s) (Vagu(5,0) oy, 5 € 5.

s'eS b

u(s)
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Since the above equation is valid for all s € S, we can combine these equations to

obtain a matrix-vector form:

VQU,LL<S) = | u(s) +7(Pu®fm> VGUu(SI) )

Vv, ERMN u€Rmn Vv, ERMN

where n = |S|, m is the dimensionality of 6, P, is the state transition matrix with
[P.)ss = p(s'|s, pu(s)), and ® is the Kronecker product. The above matrix-vector

form can be written concisely as
Vov, = u~+v(P, ® In)Vev,,
which is a linear equation of Vyv,. Then, Vyv, can be solved as

Vov, = (Inn — VP, ® I,) "t
= ([, ®I,— VP, ®IL,) 'u
= [(In —YP.) " ® In] . (10.18)

The elementwise form of (10.18) is

Vouu(s) = 3 [(1 = 7P, uls)

s'eS
=3 [d-vR)M],, [Vgu(sl) (Vagu(s', a)) |a:#(s,)] . (10.19)

s'eS

The quantity [(I —~P,)""],, has a clear probabilistic interpretation. Since (I —
YP,)' =I+~P,+~*P2+---, we have

|@— B, = Hlee Sl Py [l = DD oF (Bl eeie
k=0

Note that [P/’f]ss/ is the probability of transitioning from s to s’ using exactly k steps

(see Box 8.1 for more information). Therefore, [(I —~P,)™'],,, is the discounted

SS

total probability of transitioning from s to s’ using any number of steps. By denoting
(I —~P,)~ Y, = Pru(s']s), equation (10.19) leads to (10.16).

With the preparation in Lemma 10.1, we are ready to derive the gradient of J(0).

Theorem 10.3 (Deterministic policy gradient theorem in the discounted case). In the
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discounted case where v € (0,1), the gradient of J(6) in (10.15) is

VGJ(Q) = Z pM(S)ng,(S) (Vaqlt(sv a)) |a:p(s)

seS

= ESNPM [V@,LL(S) (Vaq,u(su CL)) ’a:u(S)] )

where the state distribution p, s

Zdo )Pr,(s]s"), seS.

s'eS

Here, Pr,(s|s') = > 02 v [Piles = [(I —vP.) "], is the discounted total probability of

transitioning from s' to s under policy pu.

Box 10.4: Proof of Theorem 10.3

Since dj is independent of u, we have

Vo (0) = do(s)Vovy(s)

seS

Substituting the expression of Vyv,(s) given by Lemma 10.1 into the above equation
yields

VoJ(0) = do(s)Vovy(s)

sES

- Z do(s Z Pr,,(s's)Veu(s )(vaqu(sl’ a)) |a=u(s)
seS s'eS

=2 (Z do()Pr, (s ) Vott(') (Vo' @) o=t
s'eS \seS

= Z pu(s") Vou(s' (Vaqu(s/, a)) la=u(s)
s'eS

- Z pll(S)v@:U’(s) (vaqﬂ(su (I)) ’a:u(s) (Change s’ to S)
seS

= ESNP# [V@,U(S) (anu(S7 a)) ‘CLZH(S)} :

The proof is complete. The above proof is consistent with the proof of Theorem 1
in [74]. Here, we consider the case in which the states and actions are finite. When
they are continuous, the proof is similar, but the summations should be replaced by
integrals [74].
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Metric 2: Average reward

We next derive the gradient of the average reward:

J(O) =70 =Y du(s)ru(s)

seS

= Egea, [ru(S)), (10.20)

where

ru(s) =E[R]s,a = p(s)] = Y rp(rls,a = u(s))

.
is the expectation of the immediate rewards. More information about this metric can be
found in Section 9.2.

The gradient of J(#) is given in the following theorem.

Theorem 10.4 (Deterministic policy gradient theorem in the undiscounted case). In the
undiscounted case, the gradient of J(0) in (10.20) is

VGJ(H) - Z d#(S>V0:UJ<S) (VaqM<S7 a)) |a:u(s)
seS

= ESNdM [V@M(S) (VaQ,u(Sa a)) ’a:,u(S)] ’

where d,, is the stationary distribution of the states under policy p.

Box 10.5: Proof of Theorem 10.4

Since the policy is deterministic, we have
vu(8) = qu(s, pu(s)).
Since both ¢, and p are functions of 6, we have
Vouu(s) = Voqu(s, 1(s)) = (Voqu(s, a)) lazues) + Vor(s) (Vaqu(s, @) lazues). (10.21)

In the undiscounted case, it follows from the definition of action value (Section 9.3.2)
that

qu(s,a) =E[Riy1 — 7y + 0,(Si41)]s, @]

= S plrls, ) — ) + Y p(s'ls, a)o(s)
=r(s,a) — T, + Zp(s’|s, a)v,(s').
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Since r(s,a) = >, rp(r|s, a) is independent of §, we have

Voqu(s,a) =0 — Vo, + Zp(s’\s, a)Vou,(s).
Substituting the above equation into (10.21) gives

Vouu(s) = ~Vor + 3 p(s'ls, 1(5)) Vovu(s') + Vou(s) (Vagu(s,0) oy, 5 € .

5 u(s)

While the above equation is valid for all s € S, we can combine these equations to

obtain a matrix-vector form:

Vouu(s) | = —La®@ Vor, + (Pu ® In) | Vouvu(s) | + | u(s) |,
Vv, €RMN Vv, €RMn ueRmn
where n = |S|, m is the dimension of 6, P, is the state transition matrix with

[Pu)ss = p(s'|s, p(s)), and ® is the Kronecker product. The above matrix-vector

form can be written concisely as
Vov, =u—1, ® Vo7, + (P, ® I,,,) Vv,
and hence
1, ® Vor, =u+ (P, ® L,)Vev, — Vou,. (10.22)

Since d, is the stationary distribution, we have d P, = d}. Multiplying d, ® I,, on
both sides of (10.22) gives

(d1,) ® Vory, = d, @ Iyu+ (d. P,) ® I,.Vv, — d, ® I, Vv,
=d @ Iyu+d}, ® I,Vov, — d} ® I,Vgu,
= df; ® I,u.

233



10.4. Deterministic actor-critic

Since diln = 1, the above equations become

V@fu = d;"; ® I,u

= du(s)us)

seS

= Z du(S)VQM(S) (VaqM(S> a)) ‘GZ#(S)

seS

= ESNdH [V@M(S) (VaqM(Sv a)) |a=/ﬁ(5)} :

The proof is complete.

10.4.2 Algorithm description

Based on the gradient given in Theorem 10.2, we can apply the gradient-ascent algorithm

to maximize J(6):
041 = 0, + apEgy [Vg,u(S) (Vaqu(S, a)) |a:H(S):| )

The corresponding stochastic gradient-ascent algorithm is

9t+1 = et + Oé@V@,U(St) (VaQ,u<St7 CL)) |a:,u,(8z)'

The implementation is summarized in Algorithm 10.4. It should be noted that this
algorithm is off-policy since the behavior policy § may be different from p. First, the
actor is off-policy. We already explained the reason when presenting Theorem 10.2.
Second, the critic is also off-policy. Special attention must be paid to why the critic is
off-policy but does not require the importance sampling technique. In particular, the
experience sample required by the critic is (s, ay, 711, Sev1, ri1), Where @ = pu(Se41)-
The generation of this experience sample involves two policies. The first is the policy
for generating a;, at s;, and the second is the policy for generating a;.; at s, 1. The
first policy that generates a; is the behavior policy since a; is used to interact with the
environment. The second policy must be p because it is the policy that the critic aims
to evaluate. Hence, p is the target policy. It should be noted that a;.; is not used to
interact with the environment in the next time step. Hence, p is not the behavior policy.
Therefore, the critic is off-policy.

How to select the function ¢(s,a,w)? The original research work [74] that proposed
the deterministic policy gradient method adopted linear functions: ¢(s,a,w) = ¢* (s, a)w
where ¢(s,a) is the feature vector. It is currently popular to represent ¢(s,a,w) using
neural networks, as suggested in the deep deterministic policy gradient (DDPG) method
[75].
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Algorithm 10.4: Deterministic policy gradient or deterministic actor-critic

Initialization: A given behavior policy 3(als). A deterministic target policy pu(s,6p)
where 6 is the initial parameter. A value function ¢(s,a,wq) where wy is the initial
parameter. v, ag > 0.

Goal: Learn an optimal policy to maximize J(6).

At time step t in each episode, do

Generate a; following 3 and then observe 4,1, Sy11.
TD error:

8 = Te1 + Yq(Seg1, 1(Ses1, 00), wi) — q(Se, ag, wy)
Actor (policy update):

et—l—l = et + aeveﬂ(st, 9,5) (an(St7 a, wt)) |a=,u(st)
Critic (value update):

W1 = Wy + a0V q(Se, ag, wy)

How to select the behavior policy 87 It can be any exploratory policy. It can also be

a stochastic policy obtained by adding noise to p [75]. In this case, u is also the behavior

policy and hence this way is an on-policy implementation.

10.5 Summary

In this chapter, we introduced actor-critic methods. The contents are summarized as

follows.

o

Section 10.1 introduced the simplest actor-critic algorithm called QAC. This algo-
rithm is similar to the policy gradient algorithm, REINFORCE, introduced in the
last chapter. The only difference is that the g-value estimation in QAC relies on TD
learning while REINFORCE relies on Monte Carlo estimation.

Section 10.2 extended QAC to advantage actor-critic. It was shown that the policy
gradient is invariant to any additional baseline. It was then shown that an optimal

baseline could help reduce the estimation variance.

Section 10.3 further extended the advantage actor-critic algorithm to the off-policy

case. To do that, we introduced an important technique called importance sampling.

Finally, while all the previously presented policy gradient algorithms rely on stochastic
policies, we showed in Section 10.4 that the policy can be forced to be determinis-
tic. The corresponding gradient was derived, and the deterministic policy gradient

algorithm was introduced.

Policy gradient and actor-critic methods are widely used in modern reinforcement

learning. There exist a large number of advanced algorithms in the literature such as
SAC [76,77], TRPO [78], PPO [79], and TD3 [80]. In addition, the single-agent case can
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also be extended to the case of multi-agent reinforcement learning [81-85]. Experience
samples can also be used to fit system models to achieve model-based reinforcement learn-
ing [15,86,87]. Distributional reinforcement learning provides a fundamentally different
perspective from the conventional one [88,89]. The relationships between reinforcement
learning and control theory have been discussed in [90-95]. This book is not able to cov-
er all these topics. Hopefully, the foundations laid by this book can help readers better
study them in the future.

10.6 Q&A

o Q: What is the relationship between actor-critic and policy gradient methods?

A: Actor-critic methods are actually policy gradient methods. Sometimes, we use
them interchangeably. It is required to estimate action values in any policy gradient
algorithm. When the action values are estimated using temporal-difference learning
with value function approximation, such a policy gradient algorithm is called actor-
critic. The name “actor-critic” highlights its algorithmic structure that combines the
components of policy update and value update. This structure is also the fundamental

structure used in all reinforcement learning algorithms.
¢ Q: Why is it important to introduce additional baselines to actor-critic methods?

A: Since the policy gradient is invariant to any additional baseline, we can utilize the
baseline to reduce estimation variance. The resulting algorithm is called advantage

actor-critic.

¢ Q: Can importance sampling be used in value-based algorithms other than policy-

based ones?

A: The answer is yes. That is because importance sampling is a general technique
for estimating the expectation of a random variable over one distribution using some
samples drawn from another distribution. The reason why this technique is useful
in reinforcement learning is that the many problems in reinforcement learning are
to estimate expectations. For example, in value-based methods, the action or state
values are defined as expectations. In the policy gradient method, the true gradient is
also an expectation. As a result, importance sampling can be applied in both value-
based and policy-based algorithms. In fact, it has been applied in the value-based
component of Algorithm 10.3.

¢ Q: Why is the deterministic policy gradient method off-policy?

A: The true gradient in the deterministic case does not involve the action random
variable. As a result, when we use samples to approximate the true gradient, it is
not required to sample actions and hence any policy can be used. Therefore, the

deterministic policy gradient method is off-policy.
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Appendix A

Preliminaries for Probability Theory

Reinforcement learning heavily relies on probability theory. We next summarize some

concepts and results frequently used in this book.

¢ Random wvariable: The term “variable” indicates that a random variable can take
values from a set of numbers. The term “random” indicates that taking a value must
follow a probability distribution.

A random variable is usually denoted by a capital letter. Its value is usually denoted
by a lowercase letter. For example, X is a random variable, and x is a value that X
can take.

This book mainly considers the case where a random variable can only take a finite

number of values. A random variable can be a scalar or a vector.

Like normal variables, random variables have normal mathematical operations such
as summation, product, and absolute value. For example, if X,Y are two random
variables, we can calculate X +Y, X 4+ 1, and XY

o A stochastic sequence is a sequence of random variables.

One scenario we often encounter is collecting a stochastic sampling sequence {x;}",
of a random variable X. For example, consider the task of tossing a die n times.
Let x; be a random variable representing the value obtained for the ¢th toss. Then,

{x1,x9,...,2,} is a stochastic process.

It may be confusing to beginners why x; is a random variable instead of a deterministic
value. In fact, if the sampling sequence is {1,6,3,5,...}, then this sequence is not a
stochastic sequence because all the elements are already determined. However, if we
use a variable x; to represent the values that can possibly be sampled, it is a random
variable since x; can take any value in {1,...,6}. Although z; is a lowercase letter, it

still represents a random variable.

o Probability: The notation p(X = x) or px(z) describes the probability of the random
variable X taking the value x. When the context is clear, p(X = x) is often written

as p(z) for short.
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Joint probability: The notation p(X = z,Y = y) or p(z,y) describes the probability
of the random variable X taking the value z and Y taking the value y. One useful

identity is as follows:

S pla,y) = pla).

Conditional probability: The notation p(X = z|A = a) describes the probability of the
random variable X taking the value x given that the random variable A has already
taken the value a. We often write p(X = z|A = a) as p(z|a) for short.

It holds that

and

p(ala) =2

Since p(z) =Y, p(z,a), we have
plx) =Y plx,a) = plzla)p(a),

which is called the law of total probability.

Independence: Two random variables are independent if the sampling value of one

random variable does not affect the other. Mathematically, X and Y are independent
if
p(z,y) = p()p(y).

Since p(z,y) = p(z|y)p(y), the above equation implies
p(zly) = p(x).

Conditional independence: Let X, A, B be three random variables. X is said to be
conditionally independent of A given B if

p(X =z|A=a,B=0)=p(X =z|B=0»).

In the context of reinforcement learning, consider three consecutive states: s;, s¢11, S¢1a-
Since they are obtained consecutively, sy, is dependent on s, and also s;. However,

if 5,41 is already given, then s, is conditionally independent of s;. That is

p(5t+2‘5t+17 St) = p(5t+2|5t+1)'

This is also the memoryless property of Markov processes.

Law of total probability: The law of total probability was already mentioned when we
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introduced the concept of conditional probability. Due to its importance, we list it

= ZP(I',ZJ)

again below:

and

p(zla) = Ejpxma

Chain rule of conditional probability and joint probability. By the definition of con-
ditional probability, we have

p(a,b) = p(alb)p(b).
This can be extended to
pla, b, c) = p(alb, c)p(b, ¢) = p(alb, c)p(ble)p(c),

and hence p(a,b,c)/p(c) = p(a,blc) = p(alb,c)p(blc). The fact that p(a,blc) =
p(alb, ¢)p(b|c) implies the following property:

= p(x,bla) = > p(x[b, a)p(b|a)

FEzpectation/expected value/mean: Suppose that X is a random variable and the prob-

ability of taking the value x is p(z). The expectation, expected value, or mean of X

=> pla)x

The linearity property of expectation is

is defined as

E[X +Y] =E[X]|+E[Y],
ElaX] = aE[X].

The second equation above can be trivially proven by definition. The first equation

is proven below:

EX+Y]= ZZx—l—y r,Y =y)
=Zﬁ§:p%y+§:@zp%w
= ap(z)+ Y yp(y)

— E[X] +E[Y].
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Due to the linearity of expectation, we have the following useful fact:

i

E

Similarly, it can be proven that
E[AX] = AE[X],

where A € R™ " is a deterministic matrix and X € R” is a random vector.

Conditional expectation: The definition of conditional expectation is
E[X]|A = a] Z xp(x|a)
Similar to the law of total probability, we have the law of total expectation:

= E[X|A = a]p(a).

The proof is as follows. By the definition of expectation, it holds that

ZEX’A—CL Z[Z;m ]
> [gp<x|a>p<a>] '
= ;p(ﬂf)l‘

— E[X].

The law of total expectation is frequently used in reinforcement learning.

Similarly, conditional expectation satisfies

E[X|A=a] =) E[X|A=a,B = bp(bla).

This equation is useful in the derivation of the Bellman equation. A hint of its proof
is the chain rule: p(x|a,b)p(bla) = p(z, bla).

Finally, it is worth noting that E[X|A = q] is different from E[X|A]. The former is
a value, whereas the latter is a random variable. In fact, E[X|A] is a function of the

random variable A. We need rigorous probability theory to define E[X|A].
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o Gradient of expectation: Let f(X, ) be a scalar function of a random variable X and

a deterministic parameter vector 5. Then,
VBELf(X, 8)] = E[Vsf(X, B)].

Proof: Since E[f(X, )] = )_, f(z,a)p(x), we have VGE[f (X, B)] = Vg >_, f(z,a)p(x) =
S, Vaf (@ aple) = E[Vf(X, B).

o Variance, covariance, covariance matrixz: For a single random variable X, its variance
is defined as var(X) = E[(X — X)?|, where X = E[X]. For two random variables X,Y’,
their covariance is defined as cov(X,Y) = E[(X — X)(Y —Y)]. For a random vector
X = [Xy,..., X,])7, the covariance matrix of X is defined as var(X) = ¥ = E[(X —
X)(X — X)T] € R™". The ijth entry of ¥ is [X];; = E[[X — X|;[X — X;] = E[(X; —
X)) (X; — X;)] = cov(X;, X;). One trivial property is var(a) = 0 if a is deterministic.
Moreover, it can be verified that var(AX + a) = var(AX) = Avar(X)AT = AX AT,

Some useful facts are summarized below.

- Fact: E[(X — X)(Y - Y)] =E[XY] - XY = E[XY] — E[X]E[Y].
Proof: E[(X — X)(Y —Y)] = E[XY — XY — XY + XY] = E[XY] - E[X]Y —
XE[Y]+ XY = E[XY] - E[X]E[Y] - E[X]E[Y] + E[X]E[Y] = E[XY] - E[X]E[Y].
- Fact: E[XY] = E[X]E[Y] if X, Y are independent.
Proof: E[XY] =" > p(z,y)zy = >, >, p(@)py)zy = >, p(x)z >, p(y)y =
E[X]E[Y].
- Fact: cov(X,Y) =0 if X,Y are independent.
Proof: When X, Y are independent, cov(X,Y) = E[XY]-E[X]E[Y] = E[X]|E[Y]—
E[X]E[Y] = 0.
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Appendix B

Measure-Theoretic Probability
Theory

We now briefly introduce measure-theoretic probability theory, which is also called rig-
orous probability theory. We only present basic notions and results. Comprehensive
introductions can be found in [96-98]. Moreover, measure-theoretic probability theory
requires some basic knowledge of measure theory, which is not covered here. Interested
readers may refer to [99].

The reader may wonder if it is necessary to understand measure-theoretic probability
theory before studying reinforcement learning. The answer is yes if the reader is interested
in rigorously analyzing the convergence of stochastic sequences. For example, we often
encounter the notion of almost sure convergence in Chapter 6 and Chapter 7. This notion
is taken from measure-theoretic probability theory. If the reader is not interested in the

convergence of stochastic sequences, it is okay to skip this part.

Probability triples

A probability triple is fundamental for establishing measure-theoretic probability theory.
It is also called a probability space or probability measure space. A probability triple

consists of three ingredients.

o 2 This is a set called the sample space (or outcome space). Any element (or point)
in €2, denoted as w, is called an outcome. This set contains all the possible outcomes

of a random sampling process.

Example: When playing a game of dice, we have six possible outcomes {1,2,3,4,5,6}.
Hence, 2 = {1,2,3,4,5,6}.

o JF: This is a set called the event space. In particular, it is a o-algebra (or o-field) of
Q). The definition of a g-algebra is given in Box B.1. An element in F, denoted as
A, is called an event. An elementary event refers to a single outcome in the sample

space. An event may be an elementary event or a combination of multiple elementary

events.
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Example: Consider the game of dice. An example of an elementary event is “the num-
ber you get is ", where i € {1,...,6}. An example of a nonelementary event is “the
number you get is greater than 3”. We care about such an event in practice because,
for example, we can win the game if this event occurs. This event is mathematically
expressed as A = {w € Q : w > 3}. Since Q = {1,2,3,4,5,6} in this case, we have
A=1{4,5,6}.

o [P This is a probability measure, which is a mapping from F to [0,1]. Any A € F is

a set that contains some points in 2. Then, P(A) is the measure of this set.

Example: If A = Q, which contains all w values, then P(A) = 1; if A = (), then
P(A) = 0. In the game of dice, consider the event “the number you get is greater
than 3”. In this case, A = {w € Q:w > 3}, and Q@ = {1,2,3,4,5,6}. Then, we have
A ={4,5,6} and hence P(A) = 1/2. That is, the probability of us rolling a number
greater than 3 is 1/2.

Box B.1: Definition of a o-algebra

An algebra of € is a set of some subsets of ) that satisfy certain conditions. A
o-algebra is a specific and important type of algebra. In particular, denote F as a
o-algebra. Then, it must satisfy the following conditions.

¢ F contains () and Q;
o F is closed under complements;

o F is closed under countable unions and intersections.

The o-algebras of a given () are not unique. F may contain all the subsets of
2, and it may also merely contain some of them as long as it satisfies the above
three conditions (see the examples below). Moreover, the three conditions are not
independent. For example, if F contains €2 and is closed under complements, then it

naturally contains (). More information can be found in [96-98].

o Example: When playing the dice game, we have Q = {1,2,3,4,5,6}. Then,
F ={92,0,{1,2,3},{4,5,6}} is a o-algebra. The above three conditions can be
casily verified. There are also other o-algebras such as {,0,{1,2,3,4,5},{6}}.
Moreover, for any €2 with finite elements, the collection of all the subsets of €2 is

a o-algebra.

Random variables

Based on the notion of probability triples, we can formally define random variables. They

are called variables, but they are actually functions that map from €2 to R. In particular,
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a random variable assigns each outcome in 2 a numerical value, and hence it is a function:
X(w): Q=R
Not all mappings from 2 to R are random variables. The formal definition of a random

variable is as follows. A function X : 2 — R is a random variable if
A={weQX(w) <z} eF

for all z € R. This definition indicates that X is a random variable only if X (w) < x is

an event in F. More information can be found in [96, Section 3.1].

Expectation of random variables

The definition of the expectation of general random variables is sophisticated. Here, we
only consider the special yet important case of simple random variables. In particular,
a random variable is simple if X (w) only takes a finite number of values. Let X be the
set of all the possible values that X can take. A simple random variable is a function:
X(w): Q@ — X. It can be defined in a closed form as

X(w) =) ala,(w),

rEX
where
Ay ={weQX(w) =2} =X ()
and
1, weAd
1 = ’ w7 B.1
A: () { 0, otherwise. (B-1)

Here, 14, (w) is an indicator function 14, (w) : @ — {0,1}. If w is mapped to z, the
indicator function equals one; otherwise, it equals zero. It is possible that multiple w’s
in 2 map to the same value in X', but a single w cannot be mapped to multiple values in
X.

With the above preparation, the expectation of a simple random variable is defined
as

E[X] =) aP(A,), (B.2)

where

A, ={w e QX (w) = z}.

The definition in (B.2) is similar to but more formal than the definition of expectation
in the nonmeasure-theoretic case: E[X] =" _. xp(x).

As a demonstrative example, we next calculate the expectation of the indicator func-
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tion in (B.1). It is notable that the indicator function is also a random variable that
maps (2 to {0, 1} [96, Proposition 3.1.5]. As a result, we can calculate its expectation. In

particular, consider the indicator function 1,4 where A denotes any event. We have
E[l14] =P(A).
To prove that, we have

E[la = ) 2P(ls=2)

z€{0,1}
=0-P(I4,=0)+1-P(1y=1)
—P(1,=1)
— P(A).

More properties of indicator functions can be found in [100, Chapter 24].

Conditional expectation as a random variable

While the expectation in (B.2) maps random variables to a specific value, we next intro-
duce a conditional expectation that maps random variables to another random variable.

Suppose that X,Y, Z are all random variables. Consider three cases. First, a condi-
tional expectation like E[X|Y = 2] or E[X|Y" = 5] is specific number. Second, E[X|Y = y],
where y is a variable, is a function of y. Third, E[X|Y], where Y is a random variable,
is a function of Y and hence also a random wvariable. Since E[X|Y] is also a random
variable, we can calculate, for example, its expectation.

We next examine the third case closely since it frequently emerges in the convergence
analyses of stochastic sequences. The rigorous definition is not covered here and can be

found in [96, Chapter 13]. We merely present some useful properties [101].
Lemma B.1 (Basic properties). Let X,Y, Z be random variables. The following proper-
ties hold.

(a) ElalY] = a, where a is a given number.

(b) ElaX +bZ|Y]| =aE[X|Y]+ VE[Z]Y].

(¢) E[X|Y]=E[X]if X,Y are independent.

(d) EXfY)Y]= f¥Y)EX]Y]

(e) E[fY)IY]=f(Y).

(f) E[X]Y, f(Y)] =E[X]Y].

(9) If X >0, then E[X|Y] >0
(h) IfX > 7, then E[X|Y] > E[Z|Y].
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Proof. We only prove some properties. The others can be proven similarly.

To prove E[a|Y] = a as in (a), we can show that E[a]Y = y| = a is valid for any y
that Y can possibly take. This is clearly true, and the proof is complete.

To prove the property in (d), we can show that E[ X f(Y)|Y =y] = f(Y = y)E[X|Y =

y] for any y. This is valid because E[X f(Y)|Y = y] = > «f(y)p(z|y) = f(y) >, zp(z|y) =
FYEX]Y = y]. 0

Since E[X|Y] is a random variable, we can calculate its expectation. The related
properties are presented below. These properties are useful for analyzing the convergence

of stochastic sequences.

Lemma B.2. Let X,Y, Z be random variables. The following properties hold.
(a) E[ELX|Y]] = E[x].

() E[ELX]Y, 2] - E[X].

(c) E[EIX|Y)|Y] = E[X|V]

Proof. To prove the property in (a), we need to show that E[E[X|Y = y]] = E[X] for
any y that Y can possibly take. To that end, considering that E[X|Y] is a function of Y,
we denote it as f(Y) = E[X|Y]. Then,

EEX[Y]] =E[f(Y)] =) _f(V =
=Y E[X[Y =ylp(y)

=> (Z xp(:v|y)) p(y)
= zy: x ip(fvly)p(y)

= i x i p(z,y)

= Xi:xp(yx)

= E[X].
The proof of the property in (b) is similar. In particular, we have

[E[X]Y, Z]] ZE Xy, 2lp(y, 2) = Y > aplaly, 2)ply, 2) = Y ap(x) =

The proof of the property in (c) follows immediately from property (e) in Lemma B.1.
That is because E[X|Y] is a function of Y. We denote this function as f(Y). It then
follows that E[E[X|Y]|Y] = E[f(Y)[Y] = f(Y) = E[X]|Y]. O
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Definitions of stochastic convergence

One main reason why we care about measure-theoretic probability theory is that it can
rigorously describe the convergence properties of stochastic sequences.

Consider the stochastic sequence { X3} = {X1, X, ..., Xy, ... }. Each element in this
sequence is a random variable defined on a triple (Q, F,P). When we say {Xx} converges
to a random variable X, we should be careful since there are different types of convergence
as shown below.

o Sure convergence:

Definition: {X}} converges surely (or everywhere or pointwise) to X if

lim Xj(w) = X(w), forallwe Q.

k—o00

It means that limg_,o, Xi(w) = X(w) is valid for all points in Q. This definition can

be equivalently stated as

A=Q where A= {w eQ: klim X (w) :X(w)}.
—00

o Almost sure convergence:

Definition: {X} converges almost surely (or almost everywhere or with probability 1
or w.p.1) to X if

P(A) =1 where A= {w €N kh_)rroloXk(w) = X(w)} . (B.3)

It means that limy_,. Xi(w) = X (w) is valid for almost all points in Q. The points,
for which this limit is invalid, form a set of zero measure. For the sake of simplicity,

(B.3) is often written as
P ((lim X, = X) =1,
k—ro0

Almost sure convergence can be denoted as X, — X.
o Convergence in probability:
Definition: {Xj} converges in probability to X if for any € > 0,
klim P(Ax) =0 where Ay ={we Q:|Xp(w)—X(w)| > ¢€}. (B.4)
— 00

For simplicity, (B.4) can be written as

lim P(| X, — X| >¢€) =0.
k—o00
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The difference between convergence in probability and (almost) sure convergence is
as follows. Both sure convergence and almost sure convergence first evaluate the
convergence of every point in ) and then check the measure of these points that
converge. By contrast, convergence in probability first checks the points that satisfy

| Xx — X| > € and then evaluates if the measure will converge to zero as k — oo.
o Convergence in mean:

Definition: {X}} converges in the r-th mean (or in the L™ norm) to X if
lim E[| X, — X|"] =0.
k—oo

The most frequently used cases are r = 1 and r = 2. It is worth mentioning that
convergence in mean is not equivalent to limy_,. E[X; — X| = 0 or limy_,., E[X}] =

E[X], which indicates that E[X}] converges but the variance may not.
o Convergence in distribution:

Definition: The cumulative distribution function of Xy is defined as P(Xy < a) where
a € R. Then, {X;} converges to X in distribution if the cumulative distribution

function converges:

lim P(X), <a) =P(X <a), forallaecR.

k—o0

A compact expression is

lim P(A,) = P(A),

k—o0

where

Ay ={weN: X (w)<a}, A={we: X(w)<a}.

The relationships between the above types of convergence are given below:

almost sure convergence = convergence in probability = convergence in distribution

convergence in mean = convergence in probability = convergence in distribution

Almost sure convergence and convergence in mean do not imply each other. More infor-
mation can be found in [102].
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Appendix C

Convergence of Sequences

We next introduce some results about the convergence of deterministic and stochastic se-
quences. These results are useful for analyzing the convergence of reinforcement learning
algorithms such as those in Chapters 6 and 7.

We first consider deterministic sequences and then stochastic sequences.

C.1 Convergence of deterministic sequences

Convergence of monotonic sequences

Consider a sequence {z} = {x1,29,..., 2, ...} where 2, € R. Suppose that this se-
quence is deterministic in the sense that x; is not a random variable.
One of the most well-known convergence results is that a nonincreasing sequence with

a lower bound converges. The following is a formal statement of this result.

Theorem C.1 (Convergence of monotonic sequences). If the sequence {xy} is nonin-

creasing and bounded from below:

o Nonincreasing: xpi1 < xp for all k;

o Lower bound: xyp > « for all k;
then xy, converges to a limit, which is the infimum of {xy}, as k — oc.

Similarly, if {zx} is nondecreasing and bounded from above, then the sequence is

convergent.

Convergence of nonmonotonic sequences

We next analyze the convergence of nonmonotonic sequences.

251



C.1.

Convergence of deterministic sequences

To analyze the convergence of nonmonotonic sequences, we introduce the following

useful operator [103]. For any z € R, define

if 2z >0,
if z <0,
if 2 <0,
if z > 0.

It is obvious that 2™ > 0 and 2~ < 0 for any 2. Moreover, it holds that
z2=2" 4+ 27

for all z € R.

To analyze the convergence of {x}}, we rewrite z;, as

Tp =T — L] + L1 — Tp—o+ -+ —To+Tg— 2T+ 21

k-1
Z(%‘H — ;) + 11
i=1

Sk + 71, (Cl)

where S, = Z;:ll (xi11 — ;). Note that Sy can be decomposed as

where

S = Z(l"iﬂ — ;)" >0,

=1

k—1

Sk_ = Z($i+1 — .CEZ‘)_ S 0.

i=1

Some useful properties of S;” and S, are given below.

o {S;" > 0} is a nondecreasing sequence since S;,, > S; for all k.

k+1

o {S; <0} is a nonincreasing sequence since S, 1 <5, for all k.

o If S is bounded from above, then S, is bounded from below. This is because
Sy > —S,j — 1 due to the fact that S, + S: +x1 =x1 > 0.

With the above preparation, we can show the following result.

Theorem C.2 (Convergence of nonmonotonic sequences). For any nonnegative sequence
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C.1. Convergence of deterministic sequences

{zr 2 0}, if

Z(wkH — )T < oo, (C.2)

k=1

then {x1} converges as k — oo.

Proof. First, the condition Y25, (41 — 7)" < oo indicates that S; =S¢ (241 —
z;)" is bounded from above for all k. Since {5, } is nondecreasing, the convergence
of {S;"} immediately follows from Theorem C.1. Suppose that S; converges to S;.
Second, the boundedness of S, implies that S, is bounded from below since
S, > =S} — ;. Since {S; } is nonincreasing, the convergence of {5, } immediately
follows from Theorem C.1. Suppose that S, converges to S, .
Finally, since xj, = S;" + S, + 1, as shown in (C.1), the convergence of S, and

S, implies that {z}} converges to S} + S, + ;. O

Theorem C.2 is more general than Theorem C.1 because it allows zj to increase as
long as the increase is damped as in (C.2). In the monotonic case, Theorem C.2 still
applies. In particular, if z41 < xg, then Y ° (2341 — x,)" = 0. In this case, (C.2) is
still satisfied and the convergence follows.

We next consider a special yet importance case. Suppose that {x; > 0} is a nonneg-
ative sequence satisfying

Thy1 < T + M.

When n, = 0, we have xp, 1 < xi, meaning that the sequence is monotonic. When 7, > 0,
the sequence is not monotonic because x;; may be greater than x;. Nevertheless, we can
still ensure the convergence of the sequence under some mild conditions. The following

result is an immediate corollary of Theorem C.2.

Corollary C.1. For any nonnegative sequence {x; > 0}, if
Tt1 < Tg + Nk

and {nx, > 0} satisfies
an’ < o0,
k=1

then {xy > 0} converyges.
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C.2. Convergence of stochastic sequences

Proof. Since zy.1 < x) + ng, we have (x4 — x;)T < g for all k. Then, we have

Z($k+1 —ap)t < Zﬁk < 0.
k=1 k=1
As a result, (C.2) is satisfied and the convergence follows from Theorem C.2. [

C.2 Convergence of stochastic sequences

We now consider stochastic sequences. While various definitions of stochastic sequences
have been given in Appendix B, how to determine the convergence of a given stochastic
sequence has not yet been discussed. We next present an important class of stochastic
sequences called martingales. If a sequence can be classified as a martingale (or one of

its variants), then the convergence of the sequence immediately follows.

Convergence of martingale sequences

o Definition: A stochastic sequence {X;}32, is called a martingale if E[|X|] < co and
E[Xeat| X1, .., Xi] = X, (C.3)

almost surely for all £.

Here, E[ X} 1] X7, ..., X] is a random variable rather than a deterministic value. The
term “almost surely” in the second condition is due to the definition of such expecta-
tions. In addition, E[ X, 1| X1, ..., X}] is often written as E[ X}, 1|H}] for short where
Hy = {Xi,..., Xi} represents the “history” of the sequence. H;, has a specific name
called a filtration. More information can be found in [96, Chapter 14] and [104].

¢ Example: An example that can demonstrate martingales is random walk, which is a
stochastic process describing the position of a point that moves randomly. Specifically,
let X} denote the position of the point at time step k. Starting from X}, the expecta-
tion of the next position X, equals X, if the mean of the one-step displacement is

zero. In this case, we have E[Xy41| X1, ..., Xi] = Xj and hence {X}} is a martingale.

A basic property of martingales is that
E[Xk11] = E[X4]

for all £ and hence
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This result can be obtained by calculating the expectation on both sides of (C.3)
based on property (b) in Lemma B.2.

While the expectation of a martingale is constant, we next extend martingales to

submartingales and supermartingales, whose expectations vary monotonically.

o Definition: A stochastic sequence { X} } is called a submartingale if it satisfies E[| Xj|] <

oo and
E[Xk1] X1, ..o Xi] = Xi (C.4)

for all k.

Taking the expectation on both sides of (C.4) yields E[X,4] > E[X}]. In particular,
the left-hand side leads to E[E[Xy.1|X1, ..., Xk]] = E[Xki1] due to property (b) in

Lemma B.2. By induction, we have
E[X)] > E[Xy1] > --- > E[X,] > E[X}].

Therefore, the expectation of a submartingale is nondecreasing.

It may be worth mentioning that, for two random variables X and Y, X <Y means
X(w) < Y(w) for all w € €. It does not mean the maximum of X is less than the

minimum of Y.

o Definition: A stochastic sequence {X} is called a supermartingale if it satisfies
E[| Xk|] < co and

E[ X1 Xy, .., X £ X5 (C.5)

for all k.
Taking expectation on both sides of (C.5) gives E[X}1] < E[X]. By induction, we

have
E[Xi] <E[Xj1] <--- <E[X;3] <E[X;].

Therefore, the expectation of a supmartingale is nonincreasing.

The names “submartingale” and “supmartingale” are standard, but it may not be easy
for beginners to distinguish them. Some tricks can be employed to do so. For example,
since “supermartingale” has a letter “p” that points down, its expectation decreases;
since submartingale has a letter “b” that points up, its expectation increases [104].

A supermartingale or submartingale is comparable to a deterministic monotonic se-
quence. While the convergence result for monotonic sequences has been given in Theo-

rem C.1, we provide a similar convergence result for martingales as follows.
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C.2. Convergence of stochastic sequences

Theorem C.3 (Martingale convergence theorem). If { Xy} is a submartingale (or super-

martingale), then there is a finite random variable X such that X — X almost surely.

The proof is omitted. A comprehensive introduction to martingales can be found in
(96, Chapter 14] and [104].

Convergence of quasimartingale sequences

We next introduce quasimartingales, which can be viewed as a generalization of martin-
gales since their expectations are not monotonic. They are comparable to nonmonotonic
deterministic sequences. The rigorous definition and convergence results of quasimartin-

gales are nontrivial. We merely list some useful results.

The event Ay is defined as Ay = {w € Q : E[Xyy1 — Xi|Hi] > 0}, where Hy =
{X1,..., Xk} Intuitively, Ay indicates that X, is greater than X} in expectation.

Let 1,4, be an indicator function:

k

ILA _ 17 E[XkJrl - Xk‘Hk] > 07
0, E[Xpp1 — Xa[Ha] < 0.

The indicator function has a property that

for any event A where A° denotes the complementary event of A. As a result, it holds

for any random variable that

X =14X + 14 X.

Although quasimartingales do not have monotonic expectations, their convergence is

still ensured under some mild conditions as shown below.

Theorem C.4 (Quasimartingale convergence theorem). For a nonnegative stochastic
sequence { Xy > 0}, if

D E[(Xps1 — Xi)la,] < o0,

k=1
then > oo E[( Xt — Xk)]lA;] > —oo and there is a finite random variable such that
X — X almost surely as k — oo.

Theorem C.4 can be viewed as an analogy of Theorem C.2, which is for nonmono-
tonic deterministic sequences. The proof of this theorem can be found in [105, Proposi-
tion 9.5]. Note that X} here is required to be nonnegative. As a result, the boundedness
of > o E[(Xgy1 — Xi)14,] implies the boundedness of D7 | E[(Xp1 — Xi)Lac].
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Summary and comparison

We finally summarize and compare the results for deterministic and stochastic sequences.
¢ Deterministic sequences:

- Monotonic sequences: As shown in Theorem C.1, if a sequence is monotonic and
bounded, then it converges.

- Nonmonotonic sequences: As shown in Theorem C.2, given a nonnegative se-
quence, even if it is nonmonotonic, it can still converge as long as its variation is

damped in the sense that Y, (z541 — )" < o0.
¢ Stochastic sequences:

- Supermartingale/submartingale sequences: As shown in Theorem C.3, the expec-
tation of a supermartingale or submartingale is monotonic. If a sequence is a

supermartingale or submartingale, then the sequence converges almost surely.

- Quasimartingale sequences: As shown in Theorem C.4, even if a sequence’s expec-
tation is nonmonotonic, it can still converge as long as its variation is damped in
the sense that ZZO:I E[(Xk+1 — Xk)]-E[Xk+1—Xk\Hk}>O] < 0.

The above properties are summarized in Table C.1.

Variants of martingales | Monotonicity of E[X]
Martingale Constant: E[Xj41] = E[X}]
Submartingale Increasing: E[Xj41] > E[X}]
Supermartingale Decreasing: E[Xj11] < E[X}]
Quasimartingale Non-monotonic

Table C.1: Summary of the monotonicity of different variants of martingales.
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Appendix D

Preliminaries for Gradient Descent

We next present some preliminaries for the gradient descent method, which is one of the

most frequently used optimization methods. The gradient descent method is also the

foundation for the stochastic gradient descent method introduced in Chapter 6.

Convexity

¢ Definitions:

Convex set: Suppose that D is a subset of R"”. This set is convex if z = cx + (1 —
¢)y € D for any z,y € D and any ¢ € [0, 1].

Convex function: Suppose f : D — R where D is convex. Then, the function f(z)

is convex if

flex+ (1 —2)y) <cf(z)+ (1 —c)f(y)

for any x,y € D and ¢ € [0, 1].

¢ Convex conditions:

First-order condition: Consider a function f : D — R where D is convex. Then, f
is convex if [106, 3.1.3]

fly) = f(x) > Vf(x)"(y —x), foralla,yeD. (D.1)

When x is a scalar, V f(x) represents the slope of the tangent line of f(z) at x.
The geometric interpretation of (D.1) is that the point (y, f(y)) is always located

above the tangent line.

Second-order condition: Consider a function f : D — R where D is convex. Then,

f is convex if
V2f(x) =0, forall xz €D,

where V2f(x) is the Hessian matrix.
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¢ Degree of convexity:

Given a convex function, it is often of interest how strong its convexity is. The Hessian
matrix is a useful tool for describing the degree of convexity. If V2 f(z) is close to rank
deficiency at a point, then the function is flat around that point and hence weakly
conver. Otherwise, if the minimum singular value of V2f(z) is positive and large,
the function is curly around that point and hence strongly conver. The degree of

convexity influences the step size selection in gradient descent algorithms.

The lower and upper bounds of V?f(z) play an important role in characterizing the

function convexity.

- Lower bound of V2f(z): A function is called strongly convex or strictly convex if
V2f(x) = LI,, where £ > 0 for all z.

- Upper bound of V2f(x): If V2f(x) is bounded from above so that V2 f(x) < LI,,
then the change in the first-order derivative V f(x) cannot be arbitrarily fast;

equivalently, the function cannot be arbitrarily convex at a point.

The upper bound can be implied by a Lipschitz condition of V f(z), as shown

below.

Lemma D.1. Suppose that f is a convex function. If V f(x) is Lipschitz contin-

wous with a constant L so that

IVf(z) =V W)l < Ll —yll,  for all z,y,

then V2 f(x) X LI, for all x. Here, || - || denotes the Euclidean norm.

Gradient descent algorithms

Consider the following optimization problem:

min f(z)

xT

where z € D CR" and f : D — R. The gradient descent algorithm is
Tyl = T — Oék;Vf(ZL'k), k= 0, 1, 2, Ce (D2)

where «y, is a positive coefficient that may be fixed or time-varying. Here, a4 is called

the step size or learning rate. Some remarks about (D.2) are given below.

o Direction of change: V f(zy) is a vector that points in the direction along which f(zy)
increases the fastest. Hence, the term —aV f(xy) changes xj in the direction along

which f(xy) decreases the fastest.

o Magnitude of change: The magnitude of the change —a,V f(zy) is jointly determined
by the step size ay and the magnitude of V f(zy).
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- Magnitude of V f(zy):
When zy, is close to the optimum x* where V f(2*) = 0, the magnitude ||V f(z)]|

is small. In this case, the update process of z}, is slow, which is reasonable because

we do not want to update x too aggressively and miss the optimum.

When zy, is far from the optimum, the magnitude of V f(x;) may be large, and
hence the update process of z, is fast. This is also reasonable because we hope

that the estimate can approach the optimum as quickly as possible.
- Step size ag:
If a is small, the magnitude of —,V f(zy) is small, and hence the convergence

process is slow. If oy is too large, the update process of xj is aggressive, which

leads to either fast convergence or divergence.

How to select «ay? The selection of ay should depend on the degree of convexity
of f(zy). If the function is curly around the optimum (the degree of convexity is
strong), then the step size «aj should be small to guarantee convergence. If the
function is flat around the optimum (the degree of convexity is weak), then the
step size could be large so that x; can quickly approach the optimum. The above
intuition will be verified in the following convergence analysis.

Convergence analysis

We next present a proof of the convergence of the gradient descent algorithm in (D.2).
That is to show x converges to the optimum z* where V f(z*) = 0. First of all, we make

some assumptions.

o Assumption 1: f(z) is strongly convex such that
V2f(x) =4I,

where ¢ > 0.

o Assumption 2: V f(z) is Lipschitz continuous with a constant L. This assumption

implies the following inequality according to Lemma D.1:

V2f(x) < LI,.

The convergence proof is given below.

Proof. For any xy.1 and zy, it follows from [106, Section 9.1.2] that

fxrga) = flan) + Vf(xp)" (ep — 2p) + %(xk—i-l — )" V2 f(z) (apn — ), (D.3)
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where z; is a convex combination of x;, and z1. Since it is assumed that V2 f(z;) < LI,
we have ||[V2f(z)| < L. (D.3) implies

F(n) < @)+ VI (ren = 2) + 5 IV lowsn — 2l
< Fla) + V@) e — o) + 5 o = 2l

Substituting zx1 = zx — oV f(z) into the above inequality yields

flapn) < flan) + V()" (—aV f(ay)) + g“akvf(xk)”Q

2
= (@) — x|V @) + “EE 9 )

~ flo - ax (1= ) 9@ 0.4
N ~- y
We next show that if we select
0< < z, (D.5)

L

then the sequence { f(xy)}?2, converges to f(z*) where V f(z*) = 0. First, (D.5) implies
that 9 > 0. Then, (D.4) implies that f(zx41) < f(x). Therefore, { f(zx)} is a nonin-
creasing sequence. Second, since f(zy) is always bounded from below by f(z*), we know
that {f(z)} converges as k — oo according to the monotone convergence theorem in
Theorem C.1. Suppose that the limit of the sequence is f*. Then, taking the limit on
both sides of (D.4) gives

lim f(zpgr) < lim f(z) = lim nel|V £ (z3) |12
k—o00 k—o00 k—ro0

& [ < lim |V f()P

= 0< — lim nkHVf(l"k)Hz
k—o0

Since 1|V f(zy)]|*> > 0, the above inequality implies that limg . 7|V f(z)]|* = 0. As
a result, x converges to x* where V f(z*) = 0. The proof is complete. The above proof is
inspired by [107]. O

The inequality in (D.5) provides valuable insights into how «y should be selected. If
the function is flat (L is small), the step size can be large; otherwise, if the function
is strongly convex (L is large), then the step size must be sufficiently small to ensure
convergence. There are also many other ways to prove the convergence such as the
contraction mapping theorem [108, Lemma 3]. A comprehensive introduction to convex

optimization can be found in [106].
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Symbols

In this book, a matrix or a random variable is represented by capital letters. A vector, a
scalar, or a sample is represented by a lowercase letter. The mathematical symbols that

are frequently used in this book are listed below.

equality
approximation

equality by definition

>, > << elementwise comparison

€ is an element of

|- Il2 Euclidean norm of a vector or the corresponding in-
duced matrix norm

|- |loo maximum norm of a vector or the corresponding in-
duced matrix norm

In natural logarithm

R set of real numbers

R™ set of n-dimensional real vectors

Rmxm set of all n x m-dimensional real matrices

Ar-0(A>0) matrix A is positive semidefinite (definite)

A=0(A>0) matrix A is negative semidefinite (definite)

|| absolute value of real scalar x

|S| number of elements in set S

V. f(z) gradient of scalar function f(x) with respect to vector
x. It may be written as V f(z) for short.

[A]; element in the ith row and jth column of matrix A

[z]; ith element of vector x

X ~p p is the probability distribution of random variable

p(X =x), Pr(X

p(zly)
EXNP[X]

X.

probability of X = z. They are often written as p(z)
or Pr(x) for short.

conditional probability

expectation or expected value of random variable X.
It is often written as E[X] for short when the distri-

bution of X is clear.
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var(X)
arg max, f(x)
1,

I,

variance of random variable X

maximizer of function f(x)

vector of all ones. It is often written as 1 for short
when its dimension is clear.

n X n-dimensional identity matrix. It is often written

as I for short when its dimensions are clear.
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Index

e-greedy policy, 89 contraction property, 44
n-step Sarsa, 138 elementwise expression, 38

matrix-vector expression, 40

action, 2 optimal policy, 47

action space, 2 optimal state value, 47

action value, 30 solution and properties, 46

illustrative examples, 31 bootstrapping, 18

relationship to state value, 30

undiscounted case, 205 Cauchy sequence, 42
actor-critic, 216 contraction mapping, 41
advantage actor-critic, 217 contraction mapping theorem, 42

deterministic actor-critic, 227 L .
) o deterministic actor-critic, 227
off-policy actor-critic, 221
QAC, 216

advantage actor-critic, 217

policy gradient theorem, 228
pseudocode, 235

deterministic policy gradient, 235

dvant function, 220
advantage tunction, discount rate, 9

baseline invariance, 217 .
discounted return, 9

timal baseline, 218
optimas baseiiie, Dvoretzky’s convergence theorem, 109

pseudocode, 221
agent, 12 environment, 12

episode, 10

Bellman equation, 20 episodic tasks, 10

closed-form solution, 27 expected Sarsa, 137

elementwise expression, 21 experience replay, 183

equivalent expressions, 22 exploration and exploitation, 92

expression in action values, 32 policy gradient, 212
illustrative examples, 22
iterative solution, 28 feature vector, 152
matrix-vector expression, 26 fixed point, 41

li luation, 27
POTCY evattation, grid world example, 1
Bellman error, 173
Bellman expectation equation, 127 importance sampling, 221

Bellman optimality equation, 38 illustrative examples, 223
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Index

importance weight, 222

law of large numbers, 80
least-squares TD, 177

recursive least squares, 178

Markov decision process, 11
model and dynamics, 11
Markov process, 12
Markov property, 11
mean estimation, 78
incremental manner, 102
metrics for policy gradient
average reward, 195
average value, 193
equivalent expressions, 197
metrics for value function approximation
Bellman error, 173
projected Bellman error, 174
Monte Carlo methods, 78
MC e-Greedy, 90
MC Basic, 81
MC Exploring Starts, 86
comparison with TD learning, 129

on-policy, 142

off-policy, 141

off-policy actor-critic, 221
importance sampling, 221
policy gradient theorem, 224
pseudocode, 226

on-policy, 141

online and offline, 130

optimal policy, 37
greedy is optimal, 47
impact of the discount rate, 49
impact of the reward values, 51

optimal state value, 37

Poisson equation, 205
policy, 4

function representation, 192
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deterministic policy, 5
stochastic policy, 5
tabular representation, 6
policy evaluation
illustrative examples, 17
solving the Bellman equation, 27
policy gradient theorem, 198
deterministic case, 228
off-policy case, 224
policy iteration algorithm, 62
comparison with value iteration, 70
convergence analysis, 64
pseudocode, 66

projected Bellman error, 174

Q-learning (deep Q-learning), 182
experience replay, 183
illustrative examples, 184
main network, 182
pseudocode, 184
replay buffer, 183
target network, 182
Q-learning (function representation), 180
Q-learning (tabular representation), 140
illustrative examples, 144
pseudocode, 143
off-policy, 141
QAC, 216

REINFORCE, 210

replay buffer, 183

return, 8

reward, 6

Robbins-Monro algorithm, 103
application to mean estimation, 108

convergence analysis, 106

Sarsa (function representation), 179

Sarsa (tabular representation), 133
convergence analysis, 134
on-policy, 141

variant: n-step Sarsa, 138
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variant: expected Sarsa, 137
algorithm, 133
optimal policy learning, 135

state, 2

state space, 2

state transition, 3

state value, 19
function representation, 152
relationship to action value, 30
undiscounted case, 205

stationary distribution, 157
metrics for policy gradient, 193
metrics for value function approxima-

tion, 156

stochastic gradient descent, 114
application to mean estimation, 116
comparison with batch gradient de-

scent, 119

convergence analysis, 121
convergence pattern, 116

deterministic formulation, 118

TD error, 128
TD target, 128
temporal-difference methods, 125
n-step Sarsa, 138
Q-learning, 140
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Sarsa, 133

TD learning of state values, 126

a unified viewpoint, 145

expected Sarsa, 137

value function approximation, 151
trajectory, 8
truncated policy iteration, 70

comparison with value iteration and

policy iteration, 74
pseudocode, 72

value function approximation
Q-learning with function approxima-
tion, 180
Sarsa with function approximation,
179
TD learning of state values, 155
deep Q-learning, 182
function approximators, 162
illustrative examples, 164
least-squares TD, 177
linear function, 155
theoretical analysis, 167
value iteration algorithm, 58
comparison with policy iteration, 70

pseudocode, 60
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