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, B)p(x), we have VGE[f(X, B)] = Vg )_, f(z, B)p(x) =
20 Vil (x, B)p(x) = E[Vs f(X, B)].

o Variance, covariance, covariance matrixz: For a single random variable X, its variance
is defined as var(X) = E[(X — Z)?], where Z = E[X]. For two random variables
X, Y, their covariance is defined as cov(X,Y) = E[(X — Z)(Y — y)]. For a random
vector X = [X,...,X,]T, the covariance matrix of X is defined as var(X) = X =
E[(X—Z)(X—z)T] € R™". Theijth entry of ¥ is [X];; = E[[X —z];[X —7],] = E[(X;—
7;)(X; — z;)] = 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 = AL AT,

Some useful facts are summarized below.

- Fact: E[(X —Z)(Y — 9)] = E[XY] — 7y = E[XY] — E[X]E[Y].
Proof: E[(X—2)(Y —9)] = E[XY -Xy—2Y+2zy| = EXY]|-E[X|y—zE[Y]+2y =
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.
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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.

253



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



C.2. Convergence of stochastic sequences

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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C.2. Convergence of stochastic sequences

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 =c)y) <cf(z)+(1—0)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



