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1 INTRODUCTION

1.1 MAIN IDEAS OF PROBABILITY THEORY I

This course is a continuation of Probability Theory I. In case you have not taken that course,
or in any case to summarize, you can think of the following as the main ideas and objects
introduced there.

First, measure and integration theory give us a collection of definitions and associated
basic results from analysis that, in the context of probability theory, lead to coherent and

useful notions of intuitive ideas like “random”, “uniformly at random”, “expected value”,
“convergence in distribution”, “conditional distribution”, and so forth. This level of formal-
ism can usually be avoided when dealing with discrete probability, but it can be dangerous to
try to reason about continuous probability without understanding these foundations thor-
oughly. One simple example yet that appeared quite late in the literature (around 1900) as
an illustration of such confusion is Bertrand’s paradox, which you can read about online if
you are interested. While parts of continuous probability can also be carried out less for-
mally by always using density functions, measure theory also gives us a united language
for discrete and continuous probability, and also allows us to reason easily about “hybrid”
distributions that have some point masses and some continuous parts.

Next, independence is perhaps the main structural assumption on measures that is char-
acteristic of probability theory; in measure-theoretic language this is the study of product
measures. Very many of the random varaibles we are interested in in probability theory
arise, even if they are not themselves independent, as an image of some underlying indepen-
dent random variables (such as polynomials, matrix functions, or other “simple” functions
of i.i.d. random variables).

Third, main business of classical probability theory is to prove limit theorems about
random variables: results that say that sequences of random variables S, have some lim-
iting behavior in terms of their full distributions or summary statistics like expectations,
moments, or particular tail probabilities as n — co. Examples include laws of large numbers,
central limit theorems, and large deviations principles. Further, we are usually interested
in S, that somehow involve the “aggregation” of the effect of many random influences on
a single random quantity, like the main model we discuss below. This focus stems in part
from the motivation for classical probability from statistical mechanics in physics, the study
of how the aggregate behavior of many simple particles gives rise to more complicated phe-
nomena. An important parallel pursuit but one that we will only touch upon occasionally in
this course is non-asymptotic results in probability theory, which also treat large random
systems but seek instead to explicitly describe or bound properties of S,, for a given n rather
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than treating the limit as n — o. These two styles of analysis are complementary, and it is
useful to be comfortable with both.

Finally, the concrete model you focused on in Probability Theory 1 is the sum of inde-
pendent and identically distributed (i.i.d.) random variables, S,, = >, X; for X; drawn
ii.d. from some distribution. Such models are also called random walks. This is an very,
very widely studied model that is an excellent place to start building probabilistic intuition
and to familiarize yourself with the main tools of probability. You may have also taken a
few steps beyond this basic model, in particular to the generalization where the X; have dif-
ferent distributions but are still independent. These were the settings in which you should
have seen the law of large numbers, central limit theorem, Poisson limit theorem, and large
deviations inequalities, properties of the sequence of random variables (S, ),>0; we will very
briskly review these below.

1.2 OUR GOALS IN PROBABILITY THEORY II

The goal of this class is to take the following two important steps beyond the above top-
ics. First, we will consider more general discrete sequences of random variables whose
construction deviates in various ways from the sum-of-i.i.d. model. The following are two
important examples.

Example 1.2.1 (Martingales and functions of i.i.d. variables). The sum-of-i.i.d. model
may be reframed as the study of f(X3,..., X,) for the particular function f (x1,...,x,) =
Z?:l x;, the sum function. It is natural to ask how well we can understand other, in par-
ticular nonlinear, functions of i.i.d. random variables. In fact we will see that the “partial
expectations” given by

My = E  f(Xy,...,Xn)

form a sequence (My)}_, that in some regards behaves similarly to the sequence (Sx);_,
from the sum-of-i.i.d. model. This object is called a Doob martingale; more generally,
we will see that martingales are an even more general family of random sequences to
which a large chunk of the theory of sums-of-i.i.d. can be adapted.

Example 1.2.2 (Markov chains). Generalizing in a different direction, suppose that X; €
{#1}. Then, the sum-of-i.i.d. or random walk model S, is, indeed, a random walk on the
graph formed by the integers Z, where we move to the left or to the right by one step
with a given probability. We may dispose of the arithmetic qualities of this setting and
ask more generally: what happens if we take random walks on general graphs or other
geometric objects, generated by a sequence of independent “steps” to new locations?
Again, we will see that some of the theory of sums-of-i.i.d. may be adapted to more
general random walks, which are formalized and further generalized in the theory of
Markov chains. We will see that this leads to interesting connections to graph theory
and applications to Monte Carlo methods in machine learning and scientific computing.

Second, we will move away from the discrete setting and take some initial steps in the
theory of continuous families of random variables. In particular, we will focus on general-



izations of random walks S,, = S(n) to continuous variants (S (t));=0, the most important of
which is Brownian motion. More generally, this will give you a taste of the theory of random
functions on continuous domains and their various technicalities and intriguing properties;
towards the end, we will see a bit of stochastic calculus, the interaction of the ordinary cal-
culus and theory of differential equations that you are familiar with with the behavior of
functions driven by random processes. Here as in other branches of advanced probability,
it is natural to ask the same basic questions as before, the most important being: what
limit theorems can we formulate about these new objects, in our case random functions? A
notable example we will come back to is the following.

Example 1.2.3 (Donsker’s invariance principle). Suppose that X; are i.i.d. centered ran-
dom variables with unit variance (i.e., EX; = 0 and [EXi2 = 1). We have discussed above
the sum-of-i.i.d. model generated from these, S, = Z?:l Xi. We may view this as S(n),
a random function S : Z.o — R. Further, interpolating linearly between the values S
takes, we may extend that to a random function S : R,y — R, the kind of object men-
tioned above. It turns out that a certain family of renormalizations of S “converges” in
a suitable technical sense we will develop. Namely, S(ct)/+/c “converges”, as ¢ — oo,
to Brownian motion—regardless of the distribution of the steps X;! You may view this
as the “functional” analog of the central limit theorem, thus a comparably foundational
result of the theory of random functions.

1.3 BRIEF TECHNICAL REVIEW

Before we start our new topics, let us briefly sketch some proof techniques and applications
of them that you should have seen in Probability Theory I. Here we will always be discussing
the sum-of-i.i.d. model S, = 31| X, for X1, X, ... ~ p i.i.d. for some probability measure p.
Let us write ¢ := EXj.

1.3.1 LAWS OF LARGE NUMBERS

A weak law of large numbers (WLLN) is a result of the form
1
75‘}1 E’ c,
n
the notation denoting convergence in probability, meaning that, for any € > 0,

im e[| L5, -c| > ] <o
n—oo n
The WLLN holds under only the very mild assumption E|X;| < o, which indeed is necessary
for the definition of ¢ to make sense in the usual sense. A straightforward way to prove this
is to first show that the WLLN holds if [EXi2 < oo by applying Chebyshev’s inequality to the
above probability. Then, the trick of truncation, replacing X; by Y; := X; - 1{|X;| < C} for
some large constant C, allows the condition to be relaxed as above.



A strong law of large numbers (SLLN) is a result of the form
1 a.s.
S, — ¢,
n n
the notation denoting convergence almost surely, meaning that

P Um %Sn = c} = 1.
Note that this is an extremely different notion on a conceptual level from convergence in
probability: convergence almost surely refers to a probability concerning the entire random
sequence (Sy)x=0, While convergence in probability only refers to a sequence of probabilities
concerning each S,, individually. Yet, the two can sometimes be related; in particular, the
SLLN holds under the same assumption E|X;| < oo, and that can be proved by the methods
above along with the Borel-Cantelli lemma, an important “bridge” between properties of the
Sy individually and the entire sequence.

1.3.2 WEAK CONVERGENCE AND CONVERGENCE IN DISTRIBUTION

Before proceeding, let us introduce a common and very handy piece, though not entirely
standard, piece of terminology.

Definition 1.3.1. Let (Q, F, P) be a probability space and X be a random variable taking
values in some other measurable space (3, G), i.e., a measurable function X : Q — X.4
Then, the law of X is the probability measure u on 3 defined by

p(A) = P(X"1(A))
for each A € G. In more conventional probabilistic notation,
u(A) = P[X € Al.

We denote p = Law(X).

9Most often for us X is the real numbers and G their Borel o-algebra.

It will help greatly to clarify your probabilistic thinking to internalize this notation. Law is
just a formal way to talk about “the distribution of a random variable”. Thus, if Law(X) =
Law(Y), then X and Y have the same distribution, i.e., the probabilities with which they take
various values are all the same, P[X € A] = P[Y € A]. If Law(X) is “close” in some sense
to Law(Y), then that should mean that P[X € A] = P[Y € A]. The main benefit of but also
source of confusion in thinking about laws is that X and Y need not be defined on the same
probability space. For instance, central limit theorems can be viewed as saying that the law
of arandom variable (a normalized sum-of-i.i.d.) is close to a Gaussian, where that Gaussian
can and should be viewed as just some other random variable on an unrelated probability
space.



With that, you can understand that convergence in distribution is convergence of laws
of random variables, i.e., a notion of convergence of measures. One way to formalize that
notion is as follows; we focus on measures on R for the sake of simplicity.

Definition 1.3.2 (Weak convergence). Let uy, U, ..., Us be probability measures on R.

We say that u, converges weakly to u., denoted uy, A28 Uw, if, for any f : R - R
bounded and continuous, we have

lim [ £ dpn = | £ dpie.

If X1,X>,..., X are random variables such that u,, = Law(X,) for each n =1, 2,..., o,
then the above condition may be written in probabilistic notation as

lim Ef (Xn) = Ef (Xa).

In this case, weak convergence is also called convergence in distribution of X,, to X,
and denoted X, = X..

In my opinion, weak convergence can be a little bit less confusing than convergence in
distribution for many limit theorems you come across. The reason is that, as mentioned
before, X,, = X, looks like a claim about the random variables X,,, but it actually does
not depend on their coupling for different n but rather only on the individual laws of each
X, one at a time. In particular, in statements like central limit theorems, X, needs to
be some Gaussian random variable, but that random variable does not (and cannot, as your
homework will show in a particular sense) have anything in particular to do with the X,,; it is
just some other unrelated Gaussian random variable “floating in space”. To avoid needing to
talk about this unusual object, I think that writing Law (X},) W (0,1) is nicer and clearer,
where N (0, 1) (or whatever limiting distribution we are interested in) is a straightforward
object—a measure—and the left-hand side of the convergence is just a sequence of other
measures.

You may have also seen weak convergence in the following equivalent form.

Proposition 1.3.3 (Part of “Portmanteau Theorem”). Let uy, to,..., Ho be probability
measures on R. Then, u, W, U if and only if, for all ¢ € R such that u. ({t}) = 0,7 we
have

lim iy (=00, 1]) = Heo (=00, 2]).
If X1,X>,..., X are random variables such that u,, = Law(X,,) as above, then the above

is equivalent to, for any t such that P[ X, = t] = 0, having

lim P[X, <t] =P[ X, < t].

Nn— o

The function Fx(t) = P[X < t]is called the distribution functions of a random variable X
(in other contexts often also the cumulative distribution function or c.d.f.), and thus this



shows that convergence in distribution in the previous sense is equivalent to pointwise
convergence of distribution functions at all points where Fyx_ is continuous.

9A point t with pu({t}) > 0 is called an atom or point mass of a measure p.

While the definition in terms of bounded continuous functions turns out to be both
more general (since it can be generalized to very broad domains just provided they allow for
a notion of continuity, for instance arbitrary metric spaces) and often easier to work with,
the above equivalent form is comforting because it tells us that weak convergence indeed
implies “convergence of distributions” in the sense of distribution functions, which measure
concrete tail probabilities.

1.3.3 CHARACTERISTIC FUNCTIONS

How do we establish weak convergence? There are actually many means, but you have
probably focused on just one so far, using characteristic functions, the functions associated
to a probability measure uy or random variable X given by

bu(t) = Jexp(itx) du(x),
bx(t) := Eexp(itX).

Remark 1.3.4. If u has a density function p(x) with respect to the Lebesgue measure, then
the characteristic function is merely the Fourier transform of p:

Pu(t) = Jexp(itx)p(x) dx.

If you are familiar with a bit of harmonic analysis, this perspective makes the main proper-
ties of characteristic functions not so surprising.

The main important properties of the characteristic function are as follows.

Proposition 1.3.5. The characteristic function satisfies the following:
1. Law(X) = Law(Y) if and only if ¢px(t) = ¢py(t) for all t € R.
2. (Lévy continuity theorem) X,, = X if and only if ¢y, (£) — ¢Ppx, (f) for all t € R.
3. If X and Y are independent, then ¢x.y(t) = px(t)py(t).
The point, then, is that the characteristic function on the one hand gives a tool for estab-
lishing weak convergence by establishing pointwise convergence of characteristic functions,

while also being particularly friendly with sums of independent random variables. Thus, it
is an excellent tool in particular for the sum-of-i.i.d. model.



Example 1.3.6 (Law of large numbers). Let us sketch how to use characteristic functions
to reprove the WLLN. Let X7, X5,... ~ u be ii.d. with finite mean and variance and let
Sp = >, X;. Then, we compute

d)%gn(t) = qb%xﬁ_..._,_%xn(t)
=iy (t) -y (1)
- ((l)%xl(t))n
- (eew (")

Now, letting ourselves be a little heuristic (it is not hard to make this step precise), take
a Taylor expansion of the exponential function inside, and by our assumption of finite

variance we have
it 1\\"
- (1 + x40 (2>)
n n

— exp(itEXy).

This limit is the characteristic function of the constant scalar random variable ¢ :=
EX;. Thus, we find that %Sn = ¢, and as an exercise you may show that this implies
convergence in probability as well. Of course, the WLLN is already easy to prove by
other and more direct means, but as we will see below this is an illustrative calculation
for the general method around using characteristic functions on sum-of-i.i.d. models.

1.3.4 CENTRAL LIMIT THEOREM

Now let X, X»,... ~ u be i.i.d. with mean ¢ and variance 0> < o0, and let S,, := >, (X; — ¢).
Since we are centering S,, without loss of generality we may assume ¢ = 0. A central limit
theorem (CLT) is a result of the form

1 W)
Law<S )—»N 0,0%),
Nk ( )
a weak convergence statement with meaning as discussed above.

The CLT holds just under the above assumptions, but let us review a quick proof using
characteristic functions of a version with the extra assumption that E|X;|3 < co. In this case,
we may mimic our proof of the WLLN above: expanding similarly, we find

b1, (1) = (Eexp (%))n

it t? 1\)\"
=1+ —=EX —[EX2+O<)
( N Y n3/2 )
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and using our assumption on the first two moments of X, we have
ot: _ 1 "
= (1 - o EX{ + O (7113/2)

olt?
E

which an integral calculation shows is precisely ¢ (o o2 (t).

Our next topic will be one of the many other methods of proof of limit theorems in
general and CLTs in particular. Before that, it is instructive to reflect on this proof and its
advantages and disadvantages. On the one hand, it is very short and simple, and if we take
the Lévy continuity theorem for granted, the manipulations with characteristic functions are
also quite elementary.

On the other hand, the proof has many disadvantages. First, it depends very rigidly on
the structure of the sum-of-i.i.d. model (via the special properties of characteristic functions
for independent sums) Second, it is “not probabilistic” in the sense that it operates in the
more mysterious Fourier domain without giving us intuition about the probabilistic phe-
nomena that make the CLT hold. For instance, it is hard to use this proof to give an intuitive
explanation for why the all sum-of-i.i.d. models up to mild assumptions have the same dis-
tributional limit (the universality aspect of the CLT) or for why that limit is Gaussian. And
lastly, perhaps in part for this reason, it is unclear how (though possible sometimes) to use
this proof to give quantitative bounds in the CLT, say on how far certain probabilities or
expectations are from their Gaussian limits. Next we will see a very different approach to
the CLT that addresses all of these issues, and is a useful technique in probability theory
broadly speaking, including some modern applications we will mention.
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2 ADVANCED LIMIT THEOREMS

We will next see some new ways to prove limit theorems, in particular the central and Pois-
son limit theorems and some variations thereof. To do this, we will develop two additional
ways to prove weak convergence. One may view these techniques as associated to different

test functions and assumptions on them: recall that weak convergence u,, W, U is defined
as having

| aw ~ | £an.

for every bounded continuous f : R — R. The “Fourier method” of characteristic func-
tions amounts to showing (in the Lévy continuity theorem) that it suffices to consider the
special test functions f(x) = exp(itx). However, as a more general principle, any “suffi-
ciently dense” family of test functions that can approximate bounded continuous functions
sufficiently well can be used in this way, and leads to a method for proving weak conver-
gence. Thus, an important aspect of weak convergence proofs is to choose to work with test
functions that are well-adapted to one’s situation.

2.1 LINDEBERG METHOD

The first method we consider uses calculus on test functions, and thus we focus on test
functions that are smooth (so that we can take derivatives) and compactly supported (so that
those derivatives are bounded).

2.1.1 CONTINUITY THEOREM

First, let us show that there is indeed an associated “continuity theorem” yielding weak
convergence.

Lemma 2.1.1 (Weak convergence by smooth functions). Let pu, Uy, ..., U be probability

measures. Then, W, U if and only if [ fdu, — [ fdu. for all f smooth and
compactly supported.

Proof. One direction is immediate by definition. For the other, suppose we have the con-
vergence of integrals of smooth and compactly supported functions. Let f be bounded and
continuous, such that |f(x)| < K for all x € R. Fix €, M > 0. We will take for granted that
there exists a smooth compactly supported g : R — R such that:

12



1. |f(x)—g(x)| <eforall x e [-M,M].
2. |g(x)| < 2K for all x € R.

Using this, we may bound by the triangle inequality

'delvln_deUoo +Ugdun—jgduw .

< |[ £ aun - [ g

+ Hfduoo—Jgduoo

Here by assumption the last term goes to zero as n — co. For the second term, we have

[ Faue-[gdu|<| 1f-gldu.+| f— gl dite < €+ 3Kpia (R \ [—M, M]).
[-M,M] R\[-M,M]
Similarly for the first term,

deun ~ [gtun] < ¢+ 3KunRA LM, M) = €+ 3K(L (LM, M),

Here, we would like to control the term involving u, by something instead involving ., So
that we may obtain a bound as n — oo. We will also take for granted that there exists a
smooth compactly supported h : R — R sandwiched between two indicator functions,

Li-mzm21(x) < h(x) < Li—pm(x).
By assumption,

Nn—oo

lim Jhdun = Jhduw.

By bounding the left- and right-hand side using the property of h above, we find

and thus

lim sup deun - Jgdun

Nn—oo

< €+3K(1-pu([-M/2,M/2])) = €+3K(1—pe (R\[-M/2,M/2])).

Putting everything together, we find

limsup Hfdun—deum

n—oo

<2€+6K(1 - Ho(R\ [-M/2,M/2])).

Since this holds for all €, M > 0, taking € — 0 and M — oo then gives the result. O

2.1.2 PROOF OF CENTRAL LIMIT THEOREM

Now we introduce the Lindeberg method and give a new proof of the central limit theorem.
We focus on the following slightly weakened version.
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Theorem 2.1.2 (Weak CLT). Let X1, Xp,... ~ u be iid. with EX; = ¢, VarX; = ¢?, and
E|X;|3 < co. Write Sy, := 37 | (X; — ¢) and let N ~ N (0, 1). Then, ﬁSn = N.

Proof. First, note that we may assume by translating and scaling the X; that, without loss of
generality, ¢ = 0 and 0® = 1. Further, let us define R := E|X;|3.

By Lemma 2.1.1, it suffices to show that for all f : R — R smooth and compactly sup-
ported, we have

1 X1+ 4+ Xn)
Ef |— =Ef|———— ) = Ef(N).
F(Gsn) =B (P FN)
The simple idea of the Lindeberg method is to observe that, if we introduce Yi,...,Y, ~
N (0,1) i.i.d., then we have by basic properties of Gaussian distributions that
Law(N) = Law (Yl * \/ﬁ+ Y") )
Thus, it suffices to control the differences
X +---+X Yi+---4Y,
AM = (1 ”)—[E (1 ").

Lindeberg’s method is simply to expand this into a telescoping sum where we replace
the X; with the Y; one by one, and show that each step only incurs a small amount of error.
That is, we first expand

A —

[ (Y1+---+Yk1+Xk+---+Xn)

-+Yk+Xk+1+---+Xn>j|
ND

_[Ef(YlJr T

A(")

2
2

We now try to control the individual |A§<") |. Fix some k and define

Yi+- + Y+ X1+ + Xy,

Ly = \/ﬁ

Then, we may write
Xk Yi
AV = E (z +—>—[E <Z +>.
S\ Zk N S\ Zk n
We expect to have Z; ~ S, so in particular this quantity should be (typically) of order
©(1), while the terms involving Xy and Y} are of order O(1/./n). Thus, it is reasonable to
use Taylor expansion on the above expressions, which we may do since we have assumed
f is smooth. We find that, using the explicit form of the Taylor remainder, there is some
Z = Z(Zy, Xx) such that
2 q 3

X
P2+ TE) = (20 + f 20T+ 587 @0+ G D)
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We note, importantly, that Z; is independent of Xj. Therefore, taking expectations, using
this independence and that EX; = 0 and EX ,f = 1, and bounding the remainder term crudely,
we find

Xk ) | R ' | R R
Efl{Zr+ —= | —Ef(Zy) — —Ef"(Zy)| < = o —,
EF (20 25 )~ EF(20 - 5B F (20| = GIF e
But, an identical argument also applies to the version with Y} instead of Xy, giving:
Y 144 /// R
EF (20 25) ~EF(20 - 3B F (20| = GIF e i
Thus, by triangle inequality we have
Xk Yi
IA(")|=‘[Ef(Zk+>—[Ef( +>‘
¢ Jn N
rrr R
= §||f ||wa-
Finally, since A®™ is a sum of n such terms, we have
rrr 1
A < ||f IR - 55,
and in particular lim,_. |A™ | = 0, completing the proof. O

Let us make a few additional remarks about this method and its generalizations and
applications beyond the CLT.

2.1.3 UNIVERSALITY

The first important quality of the Lindeberg method is that it would still have been very
useful even if we did not know that the limiting distribution of j—ﬁSn was Gaussian. Even
S0, we could still show, provided that EX; = FY;, EX? = EY?, and E|X;|3,E|Y;]® < R < o,
that |[Ef( 21 1 Xi) — [Ef( Zl 1Y) | 5 1//n. That is, we could prove the universality of
a limit w1th0ut actually knowmg what that limit is. This is often useful in more advanced
applications when one does not know what the exact limiting distribution of some random
variable is, or perhaps does not even expect it to admit a tractable description. One concrete
and very much analogous application to what we have seen is in random matrix theory,
where many such universality properties are known for, say, matrices with ii.d. random
entries, provided that the first four moments of those entries take some fixed values (see,
e.g., [TVI11]).

2.1.4 QUANTITATIVE RATES OF CONVERGENCE

Also notably, the Lindeberg method provides fully explicit and non-asymptotic bounds on
IEf(%Sn) — Ef(N)| in terms of f, E|X; |3, and n. These kinds of bounds can be very useful
in applications, and also give us some information about what properties of the setting
govern the rate of convergence: in this case, we see that it is the “flatness” of f and the
light tails of the X; that lead to faster convergence. It turns out to be possible to carry out
a similar quantitative proof for the non-smooth test function f(x) = 1{x < t}, which leads
to the following useful bound on the difference of distribution functions:
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Theorem 2.1.3 (Berry-Esséen). In the setting of Theorem 2.1.2 with ¢ = 0 and 0?2 = 1,
we have for any ¢t > 0 that

‘u» [\/lﬁsn < t] - P[N < t]‘ < (1+ [E|X1|3)\/1ﬁ.
The basic idea is to approximate the above indicator function f(x) by a smooth function
and handle the resulting error.

Note also that the source of the 1/n!/? error rate in n is the Taylor expansion: that we
could only match the first two terms of the expansion led to an error of (1/n'/?)3, and n
such errors led to a bound of n - (1/n'/?)3 = n!-3/2 = n=1/2_ If we have EX¥ = EN* = EY}
for all 0 < k < ¢ for some £ > 3, then we may carry out the same argument with a Taylor

expansion of order £, and expect to get an error of n - (1/n'/2)¢ = n=¢-1/2_Indeed this can
be done, both in the ordinary and Berry-Esséen CLTs:

Theorem 2.1.4 (Moment matching CLTs). Suppose in the setting of Theorem 2.1.2 with
c=0and o2 = 1 that EX¥ = EN¥ for all 0 < k < £ and R := E|X;|**! < co. Then, for any
smooth and compactly supported f : R — R, for a constant C = C(f,R), we have

() 2709 =

Further, for another constant C' = C'(R), for any t > 0, we also have
1 C’
’P[\/ﬁsnﬁt]—P[NSt]‘SW

Good resources for learning more about these methods include the recent very short
paper [Ver26] as well as the more comprehensive Chapter 11 of [O'D14].

2.2 MOMENT METHOD

The next method for weak convergence we consider is based instead on polynomial test
functions. While for technical reasons this is not how we will actually prove the associated
continuity theorem below, the idea in the spirit of the above arguments is that results like
the Weierstrass approximation theorem imply that polynomials can, on bounded intervals,
approximate continuous functions arbitrarily well.

2.2.1 CONTINUITY THEOREM

Again, we first prove a general result showing that it suffices to establish convergence of
moments along with a certain regularity condition in order to show weak convergence.
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Lemma 2.2.1 (Weak convergence by moments). Suppose that X;, X»,...,X. € R are
random variables with all moments finite and satisfying the following:

1. EXK — EXK for all k > 0 (note that this also implies by linearity that Ep(X,) —
Ep(X«) for all polynomials p(x)).

2. E|Xol* < (e(k) - k)* for all k = 0, for some function € : Z-y — R.o such that
e(k) - 0as k — oo.

Then, X,, = X..

Example 2.2.2. It is clear that Condition 2 of the Lemma holds for any compactly sup-
ported Law(X.). Further, we will see below results implying that it also holds for X
that is either Gaussian or Poisson (with any parameters).

Proof of Lemma 2.2.1. We will show that the associated characteristic functions have the
convergence ¢x, — ¢x., which completes the proof by Lévy’s continuity theorem. Fix some
k > 1. We then expand the characteristic functions in Taylor series of order k. For X, we
have,' using that ¢x_(t) = Eexp(itX,) and taking a Taylor expansion,
ko oy
(it)/ ,
Px. (B) — > i EX!

|t|k+1
<
= 1T (k+ D)

[E|Xoo|k+1

and now using our assumption about the moments of X, and a standard bound on the
factorial,
|t|k+1
- k+1

<k+1
e

(e(k +1) - (k+1))%D

= (elt] - e(k + 1)**!,

Also by assumption, for sufficiently large n we have, say, E|X,|**! < 2E|X.|**!. Thus,
repeating the same argument, we have for such »n that

|t|k+1

K ooomi
GO e i | <

k+1
! - (I<+1)![E|X"|

bx, (t) —
j=0
|t|k+1

<D [E|Xoo|k+1

TS (k+1)!
<2 (elt] - ek + 1))k,

Thus, again using the convergence of moments,

limsup | $x, (£) — by ()| <3 (elt] - e(k + 1)K,

Nn—o

and by taking k — co we find ¢x, () — ¢x, (f), for all ¢ € R. The result then follows by
Lévy’s continuity theorem. O

ISee [Kle14, Lemma 15.31] for this estimate.
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We will not prove the following result, but mention it since it gives the optimal statement
of this kind. See [Bil17, Section 30] for details.

Definition 2.2.3. A probability measure u on R is moment-determinate if all of its mo-
ments are finite and, whenever [x*dv = [x*¥du for another probability measure v,
then v = u.

Theorem 2.2.4. Suppose that X1, X»,..., X~ € R are random variables with all moments
finite and satisfying the following:

1. EXK — EXX for all k > 0 (note that this also implies by linearity that Ep(X,) —
Ep(X) for all polynomials p(x)).

2. Law(X.) is moment-determinate.

Then, X,, = Xo.

Note that if X is a random variable and X;, X»,... are each equal to X, then X,, = X.
Since a given sequence can only converge in distribution to a random variable with a unique
law, any condition we substitute in place of Condition 2 above would have to imply moment-
determinacy. In that sense, the above result is optimal.

2.2.2 PROOF OF CENTRAL LIMIT THEOREM

We will prove the following even more weakened version of the CLT here; however, by the
standard truncation argument the boundedness condition that appears here is actually with-
out loss of generality (after carrying out some initial bounds).

Theorem 2.2.5 (Very weak CLT). Let X1, X>,... ~ u be ii.d. with EX; = ¢, VarX; = 02,
and |X;| < R almost surely. Write S, := > ,(X; —¢) and let N ~ N (0,1). Then,
%Sn = N.

To prove this by the moment method, we must establish first that the Gaussian distri-
bution satisfies the regularity Condition 2 of Lemma 2.2.1, and second that the moments of
%Sn converge to those of N. You may show as an exercise the following characterization
of the moments of a standard Gaussian distribution, which we need for both of the above
tasks.

Definition 2.2.6 (Partitions and matchings). Let S be a finite set. A partition of S is a

collection of disjoint, non-empty Si,...,S, < S such that S = S; - - - US,,. A matching
of S is a partition all of whose parts have size 2. We write Part(S) for the set of partitions
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of S and Match(S) for the set of matchings of S. Lastly, we define M := |Match([k])]|
and Py := | Part([k])].

Proposition 2.2.7. Let N ~ N (0,1). Then, for all k > 1,

0 if k is odd,

k _ _ : _
B = by = Al iings of k) = { (k— 1! if k is even.

Here we use the notation (k — 1)!!=(k—-1)(k—-3) - - - 1.

In particular, we have |ENX| < k*/2 for all k > 1, so Lemma 2.2.1 indeed applies to the
limiting distribution N (0, 1).

Proof of Theorem 2.2.5. It remains to show that E(%Sn)k — My for all k = 0. We first
expand the left-hand side of the convergence, finding

1 k 1 i
[E <Sn> = T [EXil -t Xik'
vn nk e
Let us first work on a single term of this sum. Suppose % = (i1,...,ix) € [n]¥ is fixed.
Define the vector of “frequencies”, fy = #{a € [k] : i, = «} for @ € [n]. Then, we have by
independence of the X; that

Eii=EXy -+ Xy = EX oo X0 = (EXTY) -+ - (EX).
We make a few preliminary observations about these quantities:
1. If any fy = 1, then E; = 0 since EX; = 0.
2. If all fy € {0,2}, then E; = 1 since EX? = 1.
3. For all ¢, we have |E;| < R¥ since |X;| < R almost surely.

Note that the number of terms E; with fy € {0,2} for all @ € [n] is precisely My - n(n —
1)---(n—-k/2+1), the number of matchings of [k] times the number of ways to label each
matched pair with a different index. And, the number of terms E; with all f, + 1 and some
fx = 3 is at most Py - n!*k=3)/2: each such term corresponds to a partition of [k] into parts
of size at least 2 and one of which has size at least 3, with parts labelled by indices in [n].
The total number of parts is then at most 1 + (k — 3)/2, and the number of such partitions
is at most Py, the total number of partitions. Thus, in total we find that

[E( 1 S )k 1 g E
N R e
! ic[n]K
_ . — 1-(k-3)/2
nn-1) (n—-k/2+1) N (PkRkn )

= My nki2 nk/2

= Mp(1 +0k(1)) + O (\/1%) .
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Thus, we find
k
lim E (jﬁsn) = My = EN¥

Nn—oo

for all k > 0, completing the proof. O

2.2.3 POISSON LIMIT THEOREMS FOR RARE EVENTS

As another application of the moment method, we study Poisson limits of integer-valued
random variables. Recall that X ~ Pois(A) is X € Z.( with probability mass function

t
PIX =t] = exp(—t)?‘ foreach t € Z.,.

We first develop some general tools for proving convergence to these distributions.
As we will see, in this case it turns out to be useful to use a slightly different polynomial
basis than before.

Definition 2.2.8 (Falling factorial polynomials). For any k € Z-¢ and x € R, define
xki=x(x—-1)---(x —k+1).

On the one hand, this is a polynomial in R[x] of degree k. On the other hand, if x € Z.
then we also have the following interpretation.

Proposition 2.2.9. If x € Z-, then xX is the number of ways to assign labels from [x]
to k objects, or equivalently

(2.2.1)

K 0 ifx<k-1,
xX— =
x!/(x —k)! if x = k.

Because these polynomials generate all of the polynomials of R[x], and in particular the
standard monomials x* are clearly linear combinations of the 1 = x% x1,..., x¥, we have
the following.

Proposition 2.2.10. If EXy — EX& for all k > 0, then also EXX — EX for all k > 0.

The following identity, which you may prove as an exercise, shows why the falling factorial
polynomials are especially well-suited to working with Poisson random variables.

Proposition 2.2.11. If X ~ Pois(A), then EXX = Ak,

From this you may also show together with some combinatorics that Pois(A) indeed satisfies
Condition 2 of Lemma 2.2.1, and thus that we are justified in using the moment method for
convergence to a Poisson distribution. As a result, we find:
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Corollary 2.2.12. Suppose that X,, € Z-( are random variables such that [EX% — Ak for
all k > 0, for some A > 0. Then, X,, = X, ~ Pois(A).

Finally, let us describe the quantities EXX for the kinds of random variables X that one
often encounters in such statements. We consider counting variables X, ones that count
how many of several possible events occurred. Formally, we just view X as a sum of Boolean
variables, whose probabilistic interpretation will be as the indicator functions of events. The
following is just a deterministic fact about the falling factorial.

Proposition 2.2.13. Suppose that Fy,...,F, € {0,1}, and X = >, F;. Then,

Xt= >  Fy---F.

(i1,...,ix) E[m]
all i, distinct

Proof. Since X € 7., by (2.2.1) we have that XX has the combinatorial interpretation of the
number of ways to assign distinct labels from [X] to k objects. The right-hand side above
clearly counts the same thing. O

Corollary 2.2.14. Suppose that Eq,...,E, are events, and X = Zﬁl 1g,, the (random)
number of the E; that occur. Then,

ExE= >  PIE;n---nE,l

(i1,..ig) E[M]
all i, distinct

Thus we have established a toolkit for proving Poisson limit theorems for random vari-
ables counting numbers of rare events that occur that merely asks us to evaluate expres-
sions of the above kind. Let us describe when we expect to be able to do this. Suppose
that X,, = 31", 1, for some events EM, ... E® for each n = 1 and some m = m(n). We
roughly speaking lexpect to have X, = X, ~ Pois(A) provided that:

1. EX, = 3, P[E™] — A
2. max; P[E] < 1.

3. E™ are only weakly dependent.
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That is because, in this case, we should be able to argue, starting from Corollary 2.2.14, that

EXn= > PEMn---nEM]

(i1, i) E[m]
all i, distinct

> PIE{"]---PLE"]
(i1, ig) E[m]
all i, distinct

Q

PLEM]- - PLEM]

2
M

as desired.

We will now see several examples where it is indeed possible to carry out such an argu-
ment precisely. These also give us a chance, after recalling the basic Poisson limit theorem,
to mention two other important models from discrete probability. For a much deeper treat-
ment of these ideas, a great reference is the book [Ald13].

2.2.4 PROOF OF CLASSICAL POISSON LIMIT THEOREM

The simplest case of such Poisson limit theorems is the following result that you are proba-
bly familiar with already.

Theorem 2.2.15 (Poisson limit theorem). For any A > 0, Bin(n,% W, Pois(A) as n — .

Proof. For each n, let F™ ... F{ ~ Ber(%) be ii.d. Write X, := Z?:lFf"), then we have
Law(X,,) = Ber(n,% .
By Corollary 2.2.12, it suffices to show [EX% — A¥ for each k > 0. By Proposition 2.2.13,
we may expand this expression as
EXp= > EFy---Fy

(i1,-ig) E[N]
all i, distinct

if k > n, then the sum is empty and this value is zero. Otherwise, by independence we may
factorize each term of the sum as

=1{k=n} >  (EFy)---(EFy)

(i1,-ig) €[]
all i, distinct
ALK
= 1{k < n} - nk. (—)
n
and so as n — oo for any fixed k > 0 we have
— Ak
completing the proof. O
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2.2.5 APPLICATION: FIXED POINTS OF RANDOM PERMUTATIONS

Let Sym(n) := {0 : [n] — [n] bijective}, the set of permutations. By elementary com-
binatorics, |Sym(n)| = n!. We study the random variable o = ™ ~ Unif(Sym(n)). In
particular, consider the number of fixed points:

EM™ = (o™ (i) = i},

n
Xy = z 1E(n>
i=1
=#{ie[n]:oc™3) =i}
Note that we have by symmetry
" 1
EXy = > PIEM]=n-==1.
i=1 n

Thus, the following is not surprising.
Theorem 2.2.16. X,, = X, ~ Pois(1).

Proof. As before, we consider the falling factorial moments. We have by Corollary 2.2.14:

EXn= > PEMn---nEM]

(i1,-ig) €[N]
all i, distinct

where the sum is empty if k > n, and otherwise

=1{k=n} >  Plo(i) =i1,...,0(ix) = ix]

(i1,.-ig) E[N]
all i, distinct

and we may enumerate the number of such o as (n — k)!, the number of permutations of
the points other than those fixed by the above condition. Thus,

—1lk<n} > (n—k)!

(inoipein

all i, distinct
B n! (n —k)!
=Lk =mn} (n —k)! n!
=1{k < n}.

In particular then, for any fixed k > 0, as n — o we have EXX - 1, and so by Corollary 2.2.12
the proof is complete. O

2.2.6 APPLICATION: MOTIFS IN RANDOM GRAPHS

The following is the foundational model of random graph theory.
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Definition 2.2.17 (Erdos-Rényi random graph). G(n, p) is the law of a random graph G
on vertex set [n], where every pair of vertices 1 < i < j < n are connected indepen-
dently with probability p. We write i ~; j for the relation of adjacency in the graph G,
or just i ~ j when the graph G is clear from context.

Note that the expected degree of any given vertex in such a graph is p(n —1) ~ pn. Here we
focus on the sparse regime of Erdos-Rényi graphs, where this number is of constant order.
To achieve this, we take p = ;- for some constant ¢ > 0 not changing with n.

One may study in general the number of various motifs or subgraph occurrences in
G ~ G(n,p). We take the following simple case:

Xy i=#{triangles in G} =#{l <i<j<k<n:i~j,i~k,j~k}.

We see that this case is a little different from the previous ones, in that the number of events
m we are study is not just n. Let m = (’31), which we may identify with the number of ways

to choose 1 <i < j < k <n. Write <[’3”) for the set of such subsets {i, j, k}. Then, writing

Egjxy = {i~j,i~k,j~k}, wehave

Xn= > Eujn-
ti.gkye ()

SN ORI GRCIE

{i.gkie (1)

In particular, we have

Thus, we are not surprise to find:
Theorem 2.2.18. X, = X, ~ Pois($ ).

We do not give a detailed proof here, but the basic idea is also a little different from
the application to random permutations. Here, it is not the case that all of the E; j; are
slightly dependent: most collections—for those triangles that do not share any edges—are
independent, while some collections—for triangles that do share an edge—are considerably
dependent. Thus, the proof amounts to showing that most collections of k triangles are
edge-disjoint, a straightforward combinatorial fact.

You may consult the survey [Wor99] for extensive further discussion of applications of
such moment methods to random graph theory, including in models with more complicated
dependencies than the simple Erd6s-Rényi graph we have considered here.

2.3 VECTOR LIMIT THEOREMS

We now consider how one can prove limit theorems for random vectors X,, € R4. We first
develop the following very useful general tool.
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2.3.1 CRAMER-WOLD DEVICE

Let us first recall a few aspects of the theory of characteristic functions for these.

Definition 2.3.1. For X € R4 random and t € R4, we define the characteristic function
$x (1) = Eexp(i(t, X)),
for the standard scalar inner product (¢, X) = Z‘ii:l tiX;.
These multivariate characteristic functions share many important properties with their uni-
variate versions, the main ones being as follows.

Proposition 2.3.2. The following hold:

. For X,Y random vectors in R4, Law(X) = Law(Y") if and only if ¢ x () = Py (¢)
for all t € R4.

- For X,, X random vectors in R%, X,, = X, if and only if ¢ x, (t) — ¢ x. (t) for
all t € R4.

Note here that X,, = X means that Ef(X,,) - Ef(X«) for all bounded continuous f :
R4 — R, the same exact definition as for real-valued random variables. This generality is
an important advantage of defining weak convergence (or convergence in distribution) in
terms of test functions rather than objects like distribution functions, though the latter may
appears more concrete at first.

Now, we may note that the characterizations in terms of characteristic functions can be
viewed as families of properties of the scalar random variables (t, X ) independently (and
similarly for Y, X,,, and X in each statement above). Thus, through the intermediate stop
of characteristic functions we may obtain a more conceptual statement that relates multi-
variate laws and convergence in distribution to that of these scalar projections:

Corollary 2.3.3 (Cramér-Wold). The following hold in the contexts of Proposition 2.3.2:
- Law(X) = Law(Y) if and only if Law({t, X)) = Law((¢,Y")) for all t € R4,
- X, = X, if and only if (¢, X,,) = (t, X.) for all t € R4,

2.3.2 MULTIVARIATE CENTRAL LIMIT THEOREM

As a first application, let us prove a multivariate version of the central limit theorem.
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Definition 2.3.4 (Covariance matrix). For a random X € R4, we define its covariance
matrix to be

Cov[X]:=E(X -EX)( X -EX)" =F[XX"] - (EX)(EX)T € R4,

Here we use linearity of expectation on expressions involving matrix algebra, which you may
check as an exercise is valid.

Let us establish a few preliminaries. First, in general, the covariance matrix characterizes
the variances of scalar projections of a random vector.

Proposition 2.3.5. Var[(t, X )] =t" Cov[ X |t .
Proof. Expanding from the definition of the covariance matrix, we immediately have that
tT Cov[X]tT = E({t, X) — E(t, X))?, the definition of the variance. O
Also, we recall the following property of Gaussian random vectors.

Proposition 2.3.6. If X ~ N (u,X), then Law(Ax +b) = N (Au + b, AXAT). In partic-
ular, Law({(t, X)) = N ({u, t),t"2t).

We now state and prove the multivariate central limit theorem.

Theorem 2.3.7 (Multivariate CLT). Let X, X>,--- € R4 be iid. with ¢ = EX; and
2 = Cov[X;], with both of these expectations existing. Then,

N

fz X;i—p) > X ~N(0,Z).

Proof. Without loss of generality we may assume g = 0. By Corollary 2.3.3, it suffices to
show that, for any t € R4, % STt Xy) = (t, X»). We have that the (¢, X) are i.i.d. with
E(t, Xx) = 0 and, by Proposition 2.3.5, Var[(t, X})] = t"2t. On the other hand, by Propo-
sition 2.3.6, we have Law((t, X)) = NN (0,t"Xt). Thus, this one-dimensional convergence
holds by the ordinary central limit theorem, completing the proof. O

2.3.3 APPLICATION: x° TEST AND STATISTIC

We show as an application how the multivariate central limit theorem can be used to under-
stand a subtle point in statistics that you may have come across. This concerns the following
important probability measure.

Definition 2.3.8 (Multinomial distribution). Let pi,...,px > 0 have Zi-‘:l pi = 1. We
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write Mult(n; p1,..., px) for the law of X € z’;o where X; is the number of balls in bin
i when n balls are thrown independently at random into bin i with probability p;.

We note that, if X ~ Mult(n;p,,...,pr), then Law(X;) = Bin(n, p;), so in particular
EX; = p;n and Var X; = p;(1 — p;)n.

The Pearson x? test of classical statistics involves hypothesis testing whether the out-
comes of several trials of an experiment with k possible results arose from the null hypoth-
esis of the multinomial distribution. It proposes to do this by considering the test statistic

K (X - pm\°
S(X):=3 (l i )
-1\ VPl
To carry out such a hypothesis test in the style of asypmtotic statistics, we must understand
the asymptotic distribution of S(X'), which is described by the following foundational re-
sult.

Theorem 2.3.9 (Pearson). Let Z1,...,Zx_1 ~ N (0, 1) be independent. Then, in the above
setting, S(X) = Z{ + -+ + Z¢ , asn — oo,

The right-hand side has the x? distribution with k — 1 degrees of freedom, a rather
surprising result since S(X) involves a sum of k squares. We will see in the proof how the
multivariate CLT elucidates this matter.

Proof. Let ey, ..., ex be the standard basis of R and write u for the probability measure
drawing e; with probability p;. Then, if vy,..., v, ~ p are i.i.d., we have Law (v, + - - - +v,) =
Mult(n; p1,..., px) (vi may be viewed as the indicator vector of the destination bin of the

ith ball in our above description of the multinomial distribution). Thus, the multinomial
distribution is merely a sum of i.i.d. random vectors with a particular distribution.

Let us apply the multivariate CLT to X ™ = >'*' | v;. To do this, we calculate the statistics
of the v;. Let us introduce p = (p1,..., px) € Rk. We have:

Ev; = pre1 + - - - + prex

= p,
Covv; = Ev;v] — (Ev;) (Ev;) T
= pieie] + - -+ prexey —pp’
= Diag(p) - pp’
=:2.
By the CLT, we then have
1

ﬁ(X”” —np) > X ~ N(0,%).

Thus, we also have

ki x™ _pn 2 ko xo?
S(Xn) = > (l) = ( ; ) = || Diag(p) "> X |3,
i=1 vpin i=1 VPi

27



A Gaussian calculation gives:

Law(Diag(p) 12X ) = N (0, Diag(p) */*=Diag(p) /%)
= N (0, Diag(p)~'/*(Diag(p) — pp")Diag(p)~''?)
=N(0,Ix — qq"),

where q; = ,/p;. Note that this vector has ||qll> = 2’;1 pi = 1, a unit vector. In particular
then, I — qqT is a projection matrix to a (k — 1)-dimensional subspace of R.

Let us write g := Diag(p) /2 X (), which we have established has law Law(g) = N (0, I;—
qq"). Now, for any orthogonal matrix Q € ©(k), we have ||g|l5 = |Qgl5. On the other hand,

Law(Qg) = N (0,Q(Ix —qq")Q") = N (0, I — (Qq)(Qq)").

Choosing @ appropriately, we may in particular arrange to have Qq = ex. Thus, we have
that Law(llgll3) = Law(||h[|3) for h ~ N (0, I} — exe]). In particular, |hl5 = S¥ | h?, where
hi,...,hx-1 ~ N(0,1) are i.i.d. The above establishes that S(X,,) = ||h||§, completing the
proof. O
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3 CONDITIONAL EXPECTATION

3.1 MOTIVATION

Our next goal will be to develop a general measure-theoretic framework for conditional prob-
ability and expectation. The intuitive idea behind these constructions is to perform prob-
abilistic reasoning where certain random variables are “fixed” to given values while others
still fluctuate randomly, or where certain events are “fixed” to occur. Let us first review a few
elementary constructions of conditional probability and expectation that you have probably
seen before, which we will try to unify and generalize in our abstract formulation.

EXAMPLE 1: DISCRETE RANDOM VARIABLES Suppose that (X,Y) € X x Y Cc R? only take on
finitely many values (we could allow countably many just as well). Their joint distribution is
then specified by the probability mass function,

plx,y)=PX=x,Y =y].

Let us assume for the sake of simplicity that p(x,y) > 0 for all (x,y) € X x V. In this case,
the elementary notion of conditional probability is given by the definition
P[X =x,Y = y] p(x,y)

PIX=x|Y=y]:= PIY =v]  Seexp(x,¥)

For any given y € VY, the above is a probability measure over X. Thus, the conditional
probability is a parametric family of probability measures, or a function Yy — M(X). The
associated notion of conditional expectation is given in terms of these conditional probabil-
ities by
E[X|Y=y]i=> x-P[X=x|Y=yl
xeX

This yields a number for each y € V; i.e., the “type” of this notion of conditional expectation
is a function Y — R.

EXAMPLE 2: CONTINUOUS RANDOM VARIABLES Suppose that (X,Y) € R? instead have a
continuous joint density p(x,y) > 0. The conditional density on a given value of Y is then

—y) = - PXY)
PXIY =x) =plxly)i= g e
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This again is a probability density for each y € Y = R, and thus may be viewed as the same
kind of object, a function Y = R — M(X), as above. Likewise, the associated conditional
expectation is

E[X|Y = y] = jxp(x | y)dx,

which is again a function Y = R — R.

ExXAMPLE 3: EVENTS For a different example of an elementary notion of conditional expec-
tation, suppose that A and B are events and P[B] > 0. Then, the conventional definition of
conditional probability of events is

P[A N B]

P[A | B] := P[B]

Similarly, if X is a random variable, then we may define the conditional expectation on an

event as
EX1p

P[B]"
This example, while clearly similar in spirit to the above two, is suspiciously different: now
the “type” both of the conditional probability and the conditional expectation is merely that
of a single scalar, not a function. We will next concern ourselves with how to reconcile and
generalize all of these notions into one unifying setup.

E[X | B] :=

3.2 INFORMATION, 0 -ALGEBRAS, AND RESTRICTED RANDOM
VARIABLES

The way we will unite the above examples is by formalizing how to condition on a general
“collection of information”. We think of the first two examples above as our being told
the value of Y, and taking probabilities or expectations over the “remaining randomness”.
Likewise, we think of the last example as being told whether event B did or did not happen
(the formalism we recalled only talks about assuming that B did happen, but we will soon
see that it is more sensible to consider E[X | B] and E[X | B¢] as bundled together into one
object).

What will be the “collections of information” that we work with? In Kolmogorov’s foun-
dations of probability that we have been working in, this is precisely the role that o-algebras
play, describing coherent collections of information over which we can do probability (and
the underlying measure theory).

Suppose that we are working over an underlying probability space (Q, F,P). Then, the
objects we will consider conditioning on are sub-o -algebras G < F, constructing the object

“E[X [ G]”

(We will see that focusing on conditional expectations and then defining conditional proba-
bilities in terms of those is a clearer path to take.) These represent a “partial outcome” that
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we have access to, and our conditional expectations will be over the “remaining random-
ness”; the larger G, the more of the outcome we have access to, and the less our conditional
expectation should average. We will work from the following guiding examples of what
E[X | G] should mean:

- G = {0,Q}: this, the smallest possible sub-o-algebra, should represent taking expec-
tations without conditioning at all, so we expect to have E[X | G] = E[X].

- G =0(B) = {0,B,B%,Q}: this algebra represents conditioning on whether event B
happened or not, so E[X | G] should in some sense contain just the two numbers
E[X | B] and E[X | B¢].

- G = o(Y) for a random variable Y: this algebra represents conditioning on the value
of Y, so E[X | G] should be a function from values of Y to R.

- G = F: this, the largest possible sub-o-algebra, should represent not taking an expec-
tation at all, so we expect to have E[X | G] containing all of the information of the
value of the random variable X itself.

It remains mysterious what kind of mathematical object E[X | G] should be, since the
various “types” it needs to have for different choices of G seem quite different. However,
we will see next that there is an elegant choice that indeed captures all of these examples,
which is to take Z := E[X | G] to be a random variable, i.e., a function Z : Q — R, which is G-
measurable. Let us understand why this is compatible with the above examples by reviewing
what G-measurability means in each case. Three of the examples are simple:

- G =1{J,Q}: here, Z: QO — R is G-measurable if and only if it is constant. Thus, such Z
indeed “contains” or “encodes” a single scalar value, as we expect.

- G =0(B): here, Z : QO — R is G-measurable if and only if Z(w) = b when w € B and
Z(w) = ¢ when w € B¢, for some b,c € R. Thus again this definition is compatible
with the above, containing exactly two scalar values.

- G = F: here, any random variable Z is G = ‘F-measurable by definition. Indeed, we
will see that here it is sensible to take Z = X, so that the expectation “conditional on
everything” has no effect on a random variable.

The last case G = o (Y) is trickier: recall that here we hope that an G-measurable random
variable will be a function of values of Y. This is true by an important but seldom mentioned
result of measure theory:

Lemma 3.2.1 (Doob-Dynkin). If Y : O — R is a random variable and Z : Q — R is o (Y)-
measurable, then there exists an f : R — R Borel-measurable such that Z(w) = f(Y(w))
for all w € Q.

Thus we are in luck and indeed a G = o (Y)-measurable Z contains precisely the information
of a function of values of Y.

We have arrived at a proposal for what type of object Z = E[X | G] should be: a G-
measurable random variable on the same space that X is defined on. Now let us see how we
can specify what such a Z should be.
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3.3 CHARACTERIZING CONDITIONAL EXPECTATIONS

First, we show the following description of a collection of data that specifies a G-measurable
random variable.

Proposition 3.3.1. Suppose that Z,Z’ are G-measurable random variables such that
E[Z1la] = E[Z'14] for all A € G. Then, Z = Z’' P-almost surely.

In other words, the collection of numbers (E[Z14]) 4cg determines Z up to differences on
null sets.

Proof. We can calculate

ElZ-Z'|=E[(Z—-Z)1iz-z>01] + E[(Z = Z)1z-7' <0} ]
=E[Z14] —E[Z'1A] + E[Z'1Ac] — E[Z14c]
~0

for A = {Z -7 > 0} € G. At the end above we apply our assumption, and the result
follows. O

With this, let us revisit the first of our examples and see how this collection of data looks
in that case. Recall that in this case we have (X,Y) € X x VY for X,V finite sets, and we
gave an explicit definition of E[X | Y = y] = f(y) that we would like our definition of
Z =[E[X | G] for G = 0(Y) to recover. In particular, we would like this to be Z = f(Y), the
function f : Y/ — R evaluated on the random variable Y. The function f(y) was given by

p(x,y)
= . [P X: Y: = . —_—,
f) ngx [X=x1Y=y] gxx PLY = 3]

Suppose we have A € G = o (Y). Such sets are of the form A = {Y € B} for some B < V.
Thus, we may calculate

E[Z14] = Ef(Y)1{Y € B}
= > PIY=x]-f(»)

YEB

p(x,y)
= N P[Y = v] - P Y)
2P =T 2 xSy

= > 2 x-px,y)

yeBxeX
= E[X1{Y € B}]
=E[X14].

Thus, omitting the intermediate details, we find the relation

E[Z1,] = E[X1,] forall A € G.
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You may check as an exercise that in fact the same relation holds in the second example of
continuous random variables as well, essentially by doing the same calculation with sums
replaced with integrals as appropriate. By Proposition 3.3.1, this criterion characterizes the
random variable Z up to P-null events.

3.4 DEFINITION, EXISTENCE, AND UNIQUENESS

Our next step is to take the above as the definition of the conditional expectation. We will
show that such a random variable Z always exists, and will denote by it the conditional
expectation:

Theorem 3.4.1. Let (Q, F,P) be a probability space and X € L'(P) a random variable
(i.e., one having E|X| < o). Let G = T be a sub-o-algebra. Then, there exists a random
variable Z satisfying the following:

1. Z is G-measurable.
2. E[Z1,] = E[X1,] forall A € G.
3. Z € LY(P).

Further, if Z and Z’ both satisfy the above conditions, then Z = Z’ P-almost surely.

Definition 3.4.2. We denote E[X | G] := Z for Z as in Theorem 3.4.1. Note that Z is
only well-defined up to P-null events.

We have already seen that E[X | o(Y)] defined in this more abstract way behaves in a
way compatible with our elementary definitions, since we calculated above that the elemen-
tary definition yields a Z that indeed satisfies the above conditions (in particular the main
Condition 2), which must therefore be unique up to P-null events by the uniqueness clause
of the Theorem. Let us see what happens in the other examples we looked at:

- G =1{9,Q}: here, on the one hand Z = E[X | G] must be G-measurable, i.e., constant.
On the other hand, taking A = Q, we must have E[Z] = E[Z14] = E[X14] = E[X], so
we must have Z = E[X], as we expected above.

- G = 0(B): here, we must have Z(w) = b if w € B and Z(w) = c if w € B¢ for some
b,c € R. Let us derive these values. Taking A = B,

bP[B] = E[Z1p] = E[X13],
and thus, if P[B] > 0,

_ E[X1g]
~ P[B]

= E[X | B],

33



the right-hand side referring to the elementary notion of expectation conditional on
an event. Similarly, you may derive that ¢ = E[X | B°]. Thus, as we hoped above,
E[X | o(B)] contains precisely these two elementary conditional expectation values.

3.4.1 RADON-NIKODYM THEOREM

We now move towards the proof of Theorem 3.4.1. The main difficulty will be in the ex-
istence proof, for which we allude to the following important and useful result of general
measure theory. We sketch the main ideas of its proof here as well.

Theorem 3.4.3 (Radon-Nikodym). Let (2, G) be a measurable space and u, v be finite,
non-negative measures on this space. Suppose that v < u, meaning that v(A) = 0
whenever p(A) = 0. Then, there exists a G-measurable f : QO — R such that f(w) > 0
for all w, and

v(A) = Lfdu for all A € G. (3.4.1)

This f is unique up to p-null events (i.e., if f and g both satisfy the above, then u({f —
g =+0})=0).

The function f as in the Theorem is usually denoted

av

du =

and called the relative density of v with respect to u.
The proof will rely on the following standard measure-theoretic result, whose proof we
omit (see [Bil17, Theorem 32.1] for details).

Theorem 3.4.4 (Hahn decomposition). Let (Q,G) be a measurable space and u be a
signed measure on it. Then, there exist P, N € Q disjoint and such that P L N = Q such
that u(A) >0 forall A€ Gwith A< P,and u(A) <0 forall A€ Gwith A< N.

Proof Sketch of Theorem 3.4.3. We outline the proof of the existence part of the statement.
We begin by constructing a candidate function f, and then show that it works. Consider the
set of functions that “underestimate” the equality that f is supposed to have:

F = {f:Q — R: f =0, G-measurable, J fdu<v(A)forall A e g}.
A

Note that ¥ + & since the zero function belongs to F. Also, you may check that F is closed
under taking the maximum of functions and monotone limits of functions. Define

K:=sup | fdu.
feFlQ
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Since ¥ is closed under maxima and monotone limits, by taking a sequence g;,g>,--- € F
that achieves the supremum, letting f,, := max{gi,...,gn}, and letting f := lim,_ fn, We
see that there exists an f € F that achieves the supremum, i.e., that has

K=JQfdu.

Next, we argue that this f we have constructed in fact satisfies the conditions of being a
relative density. Define the “remainder measure” associated to this f,

0(A) =v(A) - Lfdu.

This is a non-negative finite measure on (€, G). We will be done if we can show that 6 = 0.
For the sake of contradiction, suppose otherwise. Then, 6(Q) > 0, and so there exists
some € > 0 such that 6(Q) — eu(Q) > 0. Consider the signed measure y := 6 — €u. By
Theorem 3.4.4, there exists some P € G such that y(A) > 0O for all A < P and such that
y(Q) < y(PN). In particular, y(P) > ON. N

Define f := f + €lp. We have f > 0 and f is G-measurable by construction, and for
Aeg,

Lfdu = Lfdu+eu(PmA)

=v(A) —6(A) +eu(PnA)
<V(A)—6(PNA)+eu(PnA)
=v(A) —y(PnA)

<v(A),

SO f € J. And, we have

J J?dIJ:J fdu+euP) =K+ eu(P).
Q Q

Also,
0<y(P)=06(P)—€u(P)=<d6(P)<v(P).

Using our assumption of absolute continuity, since v(P) > 0 we must have u(P) > 0 as well.
Thus, [, f du > K, a contradiction to the definition of K.
Thus, we must have 6 = 0, and thus f satisfies the required condition. O

3.4.2 EXISTENCE: PROOF OF THEOREM 3.4.1

We are now ready for the proof we skipped earlier. Before continuing, we note that we will
use Theorem 3.4.3 in a way that might seem unusual: given a fixed pair of measures u, v on
(Q, F), we may apply the Theorem with respect to any G < F. This gives different relative
densities f = fg: they must be G-measurable, which is more restrictive the smaller G is, but
also they must satisfy the family of conditions (3.4.1), which are fewer the smaller G is.
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Proof of Theorem 3.4.1. Consider first the case X > 0. From X, we define a measure
V(A) = E[X14] = J X(w)dP(w).
A

Note that, in the notation of Theorem 3.4.3, this makes it so that X = %, using a random
variable as a relative density. Since X > 0 this measure is non-negative, and since X € L! it is
finite. Thus, we may apply Theorem 3.4.3 to v and u = P, but we do so, as indicated above,
with respect to the sub-algebra G < F. This yields Z : Q — R a non-negative G-measurable
function, which satisfies

j Z(w)dP(w) = v(A)
A

for all A € G. But, rewriting either side and viewing Z as a random variable, this equivalently
says
EZ1s = EX1y,

and so this Z satisfies precisely the desired condition.

For general X, write X* := X v 0 and X~ := X A 0, so that X* > 0 while X = X* — X~.
Then, you may check that setting E[X | G] := E[XT | G] — E[X~ | G] achieves the desired
properties, where each of the individual conditional expectations is constructed by the above
means. O

3.5 BASIC PROPERTIES

We now establish some basic “building block” properties that make it easier to work with
conditional expectations. To prove these, we work directly from the defining property in
Theorem 3.4.1, constructing Z = E[X | G] by checking that we indeed have

E[Z14] = E[X14] forall A € G. (3.5.1)

We will be a little sloppy with the other conditions, but you may check that they hold in
all cases below. We also note that the conditional expectation is only defined up to P-null
events, so all equalities of random variables below involving conditional expectations are
also to be interpreted in this sense.

Proposition 3.5.1 (Linearity). Let X,Y € L', G < ‘F a sub-o-algebra, and a, b € R. Then,

E[aX + bY | G] = aE[X | G] + BE[Y | G].

Proof. We check that the right-hand side satisfies (3.5.1): letting A € G,

[E[(a[E[X |61+ PE[Y | gmA] - a[E[[E[X | G114+ b[E[[E[Y | g])lA]
and using (3.5.1) in each term,

= a[E[XlA] + b[E[YlA]
=E[(aX +bY)1,]. O
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Proposition 3.5.2 (Monotonicity). Let X,Y € L', G < F a sub-o-algebra, and suppose
that X < Y almost surely. Then, E[X | G] < E[Y | G] almost surely.

Proof. By Proposition 3.5.1, without loss of generality, we may take X = 0. Let Z := E[Y | G].
Then, using (3.5.1) and then that Y > 0 almost surely, we have
E[Z1{Z <0}] =E[Y1{Z <0}] =0,

so Z = 0 almost surely as claimed. O

Proposition 3.5.3 (Factorization). Let X,Y,XY € L', G ¢ F a sub-o-algebra, and sup-
pose that X is G-measurable. Then,

E[XY | G] = XE[Y | G].

Proof. The proof follows the standard “simple function ladder” method of establishing the
result for X = 1, for A € G, then for linear combinations of such indicator random variables,
then for general non-negative random variables, i.e., G-measurable functions, and finally for
all random variables. We only describe the first part and leave the rest as an exercise.
Suppose X = 1z for B € G. Let Z := XE[Y | G] = 13E[Y | G]. We want to show that
Z = E[XY | G], so we verify (3.5.1): let A € G, then we have

E[Z1a] = E[1angE[Y | G]]
and since A N B € G, by the property (3.5.1) we have

= E[1anpY]
= E[XY14],

as required. O

Proposition 3.5.4 (Independence). Let X € L', G < F a sub-o-algebra, and suppose X
is independent of G. Then,
E[X | g] = E[X].

In particular, if X and Y are independent random variables, then

E[X |Y]=E[X].

Proof. Let A € G and write z := E[X], using a lowercase letter since this is just a determin-
istic number. We have

E[X1a] = E[X] - E[1a] = z - E[14] = E[214],

thus the constant random variable z satisfies (3.5.1). O
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Proposition 3.5.5 (Tower property). Let X € L! and H{ < G < F nested o-algebras.
Then,

[E[[E[XIG] 3| = ELX | 21,

In particular, taking H = {&,Q}, we have

[E[[E[X | g]_ = E[X].

Proof. Let A € H; note that then A € G as well by assumption. Then, we have using (3.5.1)
twice,

[E[[E[X | Q]lA] =[E[X14] = [E[[E[X | 5—[]1A].

But, this also verifies (3.5.1) for the stated equality of conditional expectations. O

Proposition 3.5.6. Let X € L! and f : R — R convex such that f(X) € L' as well. Then,
almost surely (noting that either side of the below is a random variable!), we have

ELf(X) 1G] = f(E[X|GD).

Proof Sketch. Use that any convex f is a supremum of linear functions, along with Proposi-
tions 3.5.1 and 3.5.2. O

3.6 CONDITIONAL PROBABILITY

The approach we have taken above might seem a bit unusual, since in our motivating exam-
ples conditional probability was the more intuitive object from which we derived conditional
expectations. However, we will see here that this is a subtler matter that can be treated in
different ways and in any case requires more care than conditional expectation. We just give
an overview of the main ideas; a good source for details is the paper [CP97] and the textbook
[Pol02, Chapter 5].

3.6.1 CONDITIONAL PROBABILITIES AS CONDITIONAL EXPECTATIONS

On the bright side, there is really only one reasonable definition of conditional probability:
if Ae Fand G < F is a sub-o-algebra, we define

P[A]G]:=E[14a ]G]

As with all conditional expectations, this is a G-measurable random variable, and comes
with the caveat that it is well-defined only up to P-null events.
In particular, if Y : Q — VY is a random variable, we write

PIA|Y]:=P[A]| o(Y)].
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We will mostly focus on this case. Let us review our motivating examples and see how this
construction compares with those:

EXAMPLE 1: DISCRETE CASE Suppose that Q) = X x V is finite, that Y (x, y) = », and that
PI(X,Y) = (x,¥)] = p(x,»)

for a probability mass function p(x, y) > 0. Then for each y € VY the formula

[P;y[A] i Z p(x;y)

x:(x,y)€A 2xex (X', ¥)

defines a probability measure on () concentrated on the fiber of the space of outcomes
{(X,¥): ¥ = v} < Q. (Previously we viewed this as a probability measure just on X, but
we will see that this equivalent perspective of a measure on a single fiber X x {y} is easier
to generalize.) In particular, this is compatible with the elementary definition of conditional
probability,

p(x,y)
SrxexP(x,y)
Thus, the above formula may be viewed as specifying a family of probability measures P,
for each y €V a possible value of the random variable Y.

PIX=x|Y=y]=P,[{(x,»)}] =

EXAMPLE 2: CONTINUOUS CASE Suppose that Q = R?, that Y(x,y) = v, and that P has a
continuous density p(x,y) > 0 with respect to Lebesgue measure. The elementary defini-
tion of continuous conditional probability is

__ PXxY)
Py = T, vy dx

Then for each y € R the formula
PylALi= | 1a(x,)p(x | ) dx

again defines a probability measure concentrated on the fiber {(X,y) : ¥ = y} c Q = R
For instance, if A = C x {y} for some Borel set C < R, then

Pyl = | px1y)dx,

again recovering the familiar formula from multivariable calculus.

On the other hand, note that this definition allows us to condition on the event Y = y
of measure zero, in a way that seems logical and unique. Below we will clarify when this is
possible more generally.
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3.6.2 INCOHERENCE FOR GENERAL LARGE MEASURABLE SPACES

Based on the above examples, let us summarize what we want a construction of condi-
tional probability to behave like, versus what our construction via conditional expectation
achieves.

The examples lead us to look for a family of probability measures (P, ), cy, which satisfy
the following properties:

1. P, is indeed a probability measure (which we repeat here since it will become an issue
below).

2. P, is supported on the fiber {w € Q: Y(w) = y}.

3. P, respects the tower-type formula E[Py[A]] = P[A], which may be verified in both
of the above cases and should make intuitive sense, allowing us to “distintegrate”
probabilities over the conditional probability distributions.

We will see later that, if modified a bit, such a list of conditions specifies an essentially
unique family of probability measures, so let us take these natural conditions to be the
criteria for a sensible construction of values of P[A | Y = y].

On the other hand, what we have actually built so far is the object Z = Z4, = P[A |
Y], which is a random variable Z4(w) for each A € F. Since Z, is o(Y)-measurable,
Lemma 3.2.1 implies that there exists a Borel-measurable function f4 : Y — R such that,
almost surely,

Za = fa(Y).

This suggests the provisional definition

Py[A]:= fa(y),

which is really the only sensible definition that the theory we have developed so far leads us
to. The question remains: does this definition satisfy the above criteria?

At first glance our construction looks promising. For each fixed set A, the function
Y o [IBy [A] is measurable, and

Py [A]l = P[A | Y](w)

holds almost surely.

However, if we look into the details of the above claim we start to see an issue: the claim
holds almost surely for each A, meaning that to each A € F there is associated a “bad set”
N4 such that P[N4] = 0 and such that we are only guaranteed that

Py(w)[A]l = P[A | Y](w) for w ¢ Na.

The problem is that if we want to argue that the [INDy have various properties for a fixed vy,
we must avoid many different sets Ny, which can become impossible if the o-algebra T is
sufficiently rich.
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As a simple example, consider trying to show that [}Nl’y is a probability measure, and in
particular showing the simple property that it is additive over all disjoint pairs of sets. Fix
A,B € F with An B = J. We expect to be able to show

P,[AUBlY B, [A] + P,[B].

All three of these expressions are random variables, i.e., functions of w. We should be able
to argue as follows: if w is such that y = Y (w), then

B, [Al(w) + By [BI(w) = Pyw)[A] + By(w)[B]

=P[A| Y](w) + P[B| Y](w) (for w ¢ N4 U Np)
=[E[14 | Y](w) + E[1p | Y](w)
=[E[1a+ 15| Y](w) (for w ¢ NY5)

= E[1aup | YI(w)

=P[AUB|Y](w)

= Py(w)[A UB] (for w ¢ Naug)
= P,[AUB]

But, this only actually holds with the various restrictions on «w mentioned above, where
Nﬁfﬁd) is another null set away from which additivity of the conditional expectation above
holds.

Thus, the entire chain of equations above holds only provided that v = Y (w) for some
W ¢ Mag = NaUNg U Nap UNSY. We have P[Mag] = 0, so for any given A, B the
above indeed holds almost surely. Equivalently, we can write vy = Y(w) ¢ Map as y €
y-1 (Mj ) =: Fap, for some Fyp < Y. Writing Q := Law(Y) a probability measure on VY, then
we have Q[F4 3] = 1. In words, for any fixed A, B, [IN%, is additive on A and B for Q-almost
every y.

But now, when do we actually find that the entire function P, : Q — R is additive on
disjoint pairs of subsets? Since this requires quantifying over all pairs of subsets, it only
happens on

y e (W FABZZ:Fmdm_

ABEF
ANB=J

If F is countable, then the above is a countable intersection of sets of full measure, so
Q[F@dd] = 1, In the same spirit we could check the remaining properties of a probability
measure and we would find that, for Q-almost every v, ﬁy in our definition is indeed a
probability measure. However, once T is uncountable (as happens in all examples with
continuous random variables taking values in R), the above intersection is also uncountable,
and we are not guaranteed that any given [INDy is a probability measure!

This is the main issue that we will look for other ways to address: at a high level, when
we do not have some extra “control” on the nature of the base measurable space (Q, F), the
natural construction of conditional probability via conditional expectation is not guaranteed
to give rise to a sensible family of objects. That is precisely the gap that the notion of regular
conditional probability is designed to fill.
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3.6.3 REGULAR CONDITIONAL PROBABILITY

The basic idea is that the above issues can be addressed if we make some additional struc-
tural assumptions on (Q, F). These assumptions will be of a topological nature: they will
ask for some additional structure beyond just the very “loose” one of being a measurable
space. To set up the general statements, let (Y, B) be a measurable space, and let Y be a
VY-valued random variable as above, i.e., a measurable Y : Q — Y. We write Q := Law(Y),
a probability measure on Y. The following encodes a small variation on our criteria listed
before:

Definition 3.6.1 (Strong regular conditional probability). A family (P, ),cy is called a
(strong) regular conditional probability of P given Y if the following hold:

1. For each y € Y, P,, is a probability measure on (Q, F).

2. For Q-almost every y € Y, we have
P,[Y = y] = 1.
3. For every bounded measurable function f : Q — R, the map

y e Lzﬂw)dn»y(w)

is B-measurable.

4. For every bounded measurable function f: Q — R,

J, £ ap) = [ (] £ dpy@)deo.

When such a family exists (and is “unique enough,” which we will return to below), we
are justified in writing
PIA|Y = y] = IPy[A]

and, more generally,
EIX Y = y] = JQX(w)dPy(w).

Condition 2 says that P, is concentrated on the fiber {Y = y}, atleast for Q-almost every
. Note that some caveat like this is necessary, since if Y (w) never equals y, then this fiber
is empty, while we still want P, have some set on which it is allowed to be supported.
Condition 4 says that P may be recovered by first drawing y from Q and then drawing w
from P,, a kind of reverse Fubini theorem. This is why the above type of construction is
also sometimes called disintegrating P into the measures P,,.

The definition has been formulated using bounded measurable test functions because
this is the cleanest way to package both measurability and the disintegration formula. Tak-
ing f(w) = 1,(w) immediately gives the following.
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Proposition 3.6.2. If (P, ),cy is a strong regular conditional probability of P given Y,
then, for every A € T

1. The map y ~ P, [A] is B-measurable.

2. We have
Mm=memmw.

Further, when a strong regular conditional probability exists, it almost surely coincides
with our construction of conditional probability from conditional expectation; thus, it is
indeed a stronger or “more regular” restricted version of that same construction.

Proposition 3.6.3. Let (P, ),cy be a strong regular conditional probability of P given Y.
Let A € F. Define

ga(y) = Py[A],
Ga(w) = ga(Y(w)).

Then, G4, = P[A | Y] almost surely. More generally, for every bounded measurable
h:VY — R, almost surely

Emuum]=LhonmLﬂd@w»

The proof is a straightforward verification of the defining property of P[A | Y].

In summary, we have at least found the right definition of a stronger notion of condi-
tional probability: if we can construct a strong regular conditional probability, then it both
almost surely coincides with our first idea for each test set A, and modifies it within those
constraints to behave more sensibly as a family of probability measures.

3.6.4 DISINTEGRATION THEOREM

The remaining question is whether such families exist and are unique. The answer is yes
under mild topological hypotheses on (€, F), but no in complete generality: there do exist
probability spaces (Q, F, P) and measurable maps Y for which no strong regular conditional
probability exists. So, some extra structure really is necessary. The following is one state-
ment of an existence and uniqueness result.

Theorem 3.6.4 (Disintegration theorem). Suppose that the following hold.
1. Q is a metric space and 7 is its Borel o-algebra.

2. There exist finite non-negative measures p, uz,... on (Q, F), each with compact
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support, such that

P = Z U
n=1

3. The graph set
Graph(Y) := {(w,y) e OXxVY:y =Y (w)}

belongs to F ® B.

Then, there exists a strong regular conditional probability (P, ),cy of P given Y. More-
over, if (P,),cy and ([P”y) yey are two such families, then, for Q-almost every y, we have
[Py = I]DS/.

We will not prove this theorem here; see [Pol02, Chapter 5] for more detailed discussion.
The point is that, once one assumes enough regularity of the underlying measurable spaces,
the informal notation P[A | Y = y] can indeed be made rigorous.

You may also verify that this recovers the elementary constructions discussed above
both in the discrete and continuous cases. Again, see [Pol02, Chapter 5] for many more
examples, including ones in more applied statistical contexts.

3.6.5 WARNINGS

There are two basic warnings to keep in mind when venturing into working with regular
conditional probabilities and conditioning on events of measure zero:

1. The notation P[A | B] for an event B with P[B] = 0 is not meaningful on its own. It
only becomes sensible when B is understood as a fiber {Y = y} of some associated
random variable Y, together with a coherent family of probability measures (P,) on
the fibers {Y = v}. You may look up the famous Borel-Kolmogorov paradox for an
example of the perils of not being careful about this.

2. Even when a strong regular conditional probability exists, the quantity P[A | ¥ =
y] is, in the theory we have seen, only defined for Q-almost every y. At a single
exceptional value of y, one may modify P, arbitrarily without changing any of the
properties discussed above. This is why uniqueness in Theorem 3.6.4 is only a Q-
almost-everywhere statement.

With regard to Warning 2, you might notice that this still slightly violates the nice be-
havior of our example of continuous conditional probability, where we really could make
sense of, say, P[A | Y = 0] for a real-valued Y in a coherent way. To formalize this kind of
refinement, the right idea is to ask for some kind of continuity of the map y — P,. For one
approach to this in some generality, see [Tju75].
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4 MARTINGALES

4.1 BASIC DEFINITIONS

We first give the main definitions surrounding martingales, and then give some motivating
examples in the following Section to show the wide range random sequences martingales can
describe. Martingales are discrete-time stochastic processes, sequences (My),-o of random
variables with a discrete time index n € Z.,. We define the following structure of o -algebras
describing the “information” available at time n.

Definition 4.1.1 (Filtration). A filtration (‘F,.)n>0 of a o-algebra F is a nested sequence
Focs F1<---< Fn<--- < F of sub-o-algebras. We say that a sequence (X, )y=0 of
random variables is adapted to (Fy) if X;, is F,-measurable for each n > 0, and that a
sequence (X, )n>1 is predictable with respect to (F,) if X, is F,,_1-measurable for each
n > 1.

Definition 4.1.2 (Martingale). A sequence (M, ),>o of random variables is a martingale
with respect to a filtration (F,,) if the following hold:

1. (M,) is adapted to (Fy).
2. M, € L' forall n = 0.
3. E[My,.1 | Fnl = M,, almost surely for all n > 0.
Such a sequence is a submartingale if instead E[M,,.1 | Fnl] = M, and a supermartin-

gale if instead E[My,.1 | Fnl < M,,.

Remark 4.1.3. A sub/super/martingale also automatically has the same property with re-
spect to the filtration F, := o (My,...,M, ), the minimal filtration to which the sequence is
adapted.

The following is an important basic property to keep in mind—in expectation, martin-
gales stay constant, submartingales go up, and supermartingales go down.
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Proposition 4.1.4. If (M,,) is a martingale, then EM,, = EMy and E[M,,.x | Fn]l = M,
almost surely for all n,k > 1. If (M,) is a sub/supermartingale, then the same holds
with = replaced by > or <, respectively.

Proof. By the tower property and induction. O

There is also another way to view the definition of martingales in terms of the differences
between consecutive values.

Definition 4.1.5 (Martingale increments). A sequence (A,),>1 of random variables is
a sequence of martingale increments with respect to a filtration (F,) if the following
hold:

1. (A,) is adapted to Fj.
2. ALl foralln = 1.

3. E[Ans1 | Fnl=0foralln = 0.

Definition 4.1.6 (Finite differences). Given a sequence (M;,),-0, We write A(M) for the
sequence A(M),, = M,, — M,,_; for n > 1.

Proposition 4.1.7. Let (M,) be an adapted sequence of L' random variables. Then, M,,
is a martingale if and only if A(M) is a sequence of martingale increments.

4.2 MOTIVATING EXAMPLES

4.2.1 RANDOM WALK

The simplest example of a martingale is the random walk or sum of independent random
variables that you are already familiar with. Let X; be independent with EX; = 0, and define
Sp = >, X;, with Sy = 0. Then, with respect to the filtration F, = o(Xy,...,Xy), the
sequence (S,) is a martingale. To check this, we compute

[E[Sn+1 | :Fn] = [E[Sn + Xn+1 | .,,Fn] = IE[Sn | fn] + [E[Xn+l | fn] = Sn + [E[Xn+1] = Sn

using the linearity, factorization, and independence properties of conditional expectation.
To compare with other examples, we note some aspects of the limiting behavior of this
sequence: S, almost surely does not converge, but %Sn does by the law of large numbers,
while %Sn converges in distribution (provided X; € L? are i.i.d.) by the central limit theo-
rem, and we can prove concentration estimates on P[S,, = tn] in large deviations principles.
We will see a little later how some of these properties enjoy generalizations to martingales.
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4.2.2 GEOMETRIC RANDOM WALK

Suppose now that X; are independent with X; > 0 almost surely and EX; = 1. Define
M, = 1_[?:1 Xi, with M,, = 1. Then, (M,,) is a martingale with respect to the same filtration
as above. Indeed, we have:

[E[Mn+l | ,Tn] = [E[Man+l | ,Tn] = Mn[E[Xn+l | ,Tn] = Mn[E[Xn+l] = Mn-

This kind of object is called a geometric random walk, and for example has many applica-
tions in mathematical finance.

These examples can have quite different convergence behavior than random walks. For
instance, suppose X; ~ Unif({0,2}). Then, you may check that M,, — 0 almost surely. In
particular then, we have

0= [EYILiIQOM" < 7Iler!o EM, =1,

or in other words, the M,, converge almost surely but not in L'. We will later study under
what conditions martingales converge, and when we can avoid the above situation and have
convergence both almost surely and in L.

4.2.3 DOOB MARTINGALE

Let X € L! be any random variable, and (F,) any filtration. Then, you may check that
M, = E[X | Fn] is always a martingale, a simple consequence of the tower property. If
further we choose Fy = {J,Q} while Fy = F for some N, then we will have My = EX
while My = X. In between, in some way according to the filtration, the martingale gradually
“reveals information” about the outcome of the random variable X.

One important practical application of this construction is to X = f(Z;,...,Zy) for Z;
independent random variables and ¥, := o(Zi,...,Z,). We will see soon that this can be
used to prove concentration inequalities for quite general nonlinear functions of indepen-
dent ranodm variables.

4.2.4 MARTINGALE TRANSFORM
Another important general construction of martingales is the following, which can be viewed

as a kind of discrete-time stochastic integral.

Definition 4.2.1 (Martingale transform). Let (H;),>1 and (My),-0 be sequences of ran-
dom variables. Then, we define

(HoM)y:=> HAM); = > Hi(M; — M;_;)
i=1 i=1

foreachn = 1, and (H ¢ M) := 0.
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Proposition 4.2.2. Suppose H = (H,),>1 is predictable and M = (M, ),>0 iS a mar-
tingale. Then, H ¢ M is a martingale provided each of its elements is L!. If H,, > 0
almost surely for each n > 1 as well, and M is a sub/supermartingale, then H « M is a
sub/supermartingale as well.

Proof. We check that the increments satisfy the required property: we have A(H ¢« M), =
H,A(M),, and so

[E[A(H b M)n+1 | fn] = [E[Hn+1A(M)n+1 | .Tn] = Hn+1[E[A(M)n+1 | .Tn]
by the predictability of H. Then, the result follows by Proposition 4.1.7. O

Remark 4.2.3. In general, H ¢« M = > H;A(M); should be viewed as a discrete analog of the
Stieltjes integral, and we will later develop some theory around Stieltjes integrals, in which
martingales and a version of the above result play a crucial role.

4.2.5 GAMBLING AND THE MARTINGALE BETTING STRATEGY

For example, consider martingale transforms of the simple random walk: let X; ~ Unif({x1})

and S, = Z?:lXi, a martingale with respect to ¥, = o(Xi,...,Xy). Consider a pre-
dictable sequence (H,),>1 with respect to this filtration. This means Hy is o (X1,..., Xn_1)-
measurable, so by Lemma 3.2.1 we have H, = h,(Xi,...,X,_1) almost surely for some

measurable h, : R*~! — R. Then, the martingale transform takes the form

n n
(HeS)n=2> HiX;=> hi(Xy,...,Xi 1) Xi.
i=1 i=1

We may interpret this in terms of gambling strategies: X; is the outcome of a simple fair
game where we bet some amount and either lose our bet or win an amount equal to our bet.
H; = hi(Xy,...,X;_1) the size of our bet on the ith round of the game, which may depend on
the previous outcomes of the game. The martingale transform H ¢ S then gives the sequence
of our profit over the course of the game.

There is a special case of this that is commonly cited as a paradox of probability theory,
confusingly also called “the martingale” sometimes. Formally, we set

Hl = 1,

H . 2H7’L*1 if anl = _1,
1o if Xppo1 =+1 '

In words, we double our bet until the first time we win, at which point we stop playing.
To analyze the behavior of this strategy, note that almost surely there will be some
Xi = +1,solet n:=min{i: X; = +1}. Then, we have the sequence of bets

H=1=2% Hy=2' .-+ Hp=2""', Hyu=Hpo2=---=0.
The sequence of outcomes is

X1="'=Xn_1=_1, n=+1.



Thus, for all N > n, we have

N
(HeS)y = ZHiXiz _20 _ol _  , _on-2_ on-1_ 1
i=1

That is, we appear to always systematically win money!

Of course, the sensible resolution of the paradox is that there is a risk we have not
modelled: if we have a finite budget, then we will be “stopped out” of the game and forced
to stop playing if we lose all of our money. We will see below that, once we take this into
account, we can rigorously show that it is impossible to systematically win money in this
way.

For now, let us notice three diverse possible behaviors of martingales that the above
examples show us:

1. Random walk: EM,, = 0, M,, almost surely does not converge.

2. Geometric random walk: EM, = 1, M,, — 0 almost surely, and so

lim EMy, =1>0=E lim M,.

Nn— oo n—oo
3. Martingale betting strategy: EM,, = 0, M,, — 1 almost surely, and so

Nn— o Nn— o

4.3 STOPPING TIMES

One alternative way in which we can view the example of the martingale betting strategy
is as an ongoing random walk that we decide to “stop” at a particular random time. In
particular, consider the martingale, for X; ~ Unif ({+1}), given by

n
My = > X;- 200,
i=1

This is just a weighted random walk, and so is a martingale. Then, if we define

T:=min{n:X, = +1},
Mn:z MT/\n,

then M, has the same law as the martingale associated to the martingale betting strategy
formed as a martingale transform above.

We will see that it is useful for the general theory of martingales as well as other ap-
plications to develop some general tools around such random times. The following is a
reasonable notion of random time with respect to a filtration.
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Definition 4.3.1 (Stopping time). T : Q — Z.o U {+0} is a stopping time with respect to
the filtration (F,) if {T = n} € F, for all n > 0, or equivalently if {T < n} € F, for all
n > 0.

Two natural examples can be formulated in terms of the simple random walk S, =
>, Xi, with X; ~ Unif ({£1}) (or any other distribution):

T:
T:

min{n:S, = a}, (hitting time)
minfn:S, ¢ [—a,b]}. (exit time)

One natural example of a random time that is not a stopping time is
T :=sup{n:S, =al. (last visit time)

We focus on the behavior of M7 for T a stopping time, a single random variable, or of the
sequence (Mr.y,), which follows the trajectory of (M,,) until T happens (if ever), and then
“stops” at its current value and remains there forever.

The following is a useful property to keep in mind for building predictable processes out
of stopping times.

Proposition 4.3.2. If T is a stopping time, then, foranyn > 1, {n > T}, {n <T} € Fn_1.

Proof. The two events are complementary, so it suffices to consider either one, and we have
in>T}={T <n-1} € F,,_1 by definition. O

Proposition 4.3.3. If T is a stopping time and (M,) is a sub/supermartingale, then
(M7 Ay) is also a sub/supermartingale.

Proof. Let H, := 1{n < T}, then (H,) is predictable by Proposition 4.3.2. Also, H, > 0, so
the martingale transform H e M retains the properties of being a sub/supermartingale. And,
we have

n TAn
(HeM)y = > Hi(M;—Mi_1) = > (M; — M;_1) = Mypn — Mo,
i=1 i=1

and shifting by M, an ‘Fy-measurable random variable also does not affect the properties of
being a sub/supermartingale. O

Corollary 4.3.4. Suppose that T is a stopping time that is almost surely bounded, i.e.
there exists some T € Z.( such that T < T almost surely. If (M,,) is a martingale, then
EMr = EM, (and similarly with inequalities of (M, ) is a sub/supermartingale).
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Proof. Write ]\7_f,1 := Mt n, which is a martingale by Proposition 4.3.3. Then, we have
EM; = EMypr = EMy = EMy = EM7,o = EM,. O

We will next pursue the question of, for (M,) a martingale and T a stopping time, when
we have
EMr 2 EM,
Note that this can be viewed as asking when the property that EM,, = EM, can be extended
to random times n. So far, we know that the answer is “sometimes”: the above Corollary
says this holds provided T is bounded, while the example of the martingale betting strategy
gives a construction where 1 = EMt > EM, = 0.

4.3.1 OPTIONAL STOPPING THEOREM

The following gives several useful conditions under which the above kind of result holds.

Theorem 4.3.5 (Doob optional stopping). Suppose that (M,,) is a martingale and T is a
stopping time. Suppose also that any one of the following conditions holds:

1. (“Boundedness in time”) T < T almost surely for some T € 7.

2. (“Boundedness in space”) T < oo almost surely and, for some C € R.q, |IM,| < C
almost surely for all n > 0.

3. (“Boundedness in increments”) ET < oo (i.e., T € L') and, for some C € R,
|M,, — M,, 1| < C almost surely for all n > 1.

Then, M € L! and EMt = EM,.

Proof. The sufficiency of Condition 1 is just the statement of Corollary 4.3.4 above.

For Condition 2, note that if T < o almost surely then Mt,,, — Mr almost surely, and
this sequence of random variables is uniformly bounded by C. Therefore, by the bounded
convergence theorem, My € L' and EM7 = lim,, ... EM7,,. But, since (M7,,) is a martingale,
for any n we have EMyt,,, = EMr,o = EMy, and thus EM; = EM,.

For Condition 3, we use a slightly subtler version of the above argument. Since ET < oo,
we also have T < oo almost surely, and so, as above, we have (M1, — My) — (M7 — My)
almost surely. We also can bound

TAn

> (M;— M;)

i=1
<C(T Am)
<CT.

|MTAn - M0| =
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Since T € L!, this means that M., — My are dominated by the integrable random variable
CT. So, we can apply the dominated convergence theorem to this sequence, which gives
(Mr — M) € L' whereby M7 € L', and

EMp — EMy = E[M7 — My] = ﬂILim E[Mran — Mo].

But again since Mr,, is a martingale every term in the limit is 0, so we find EM; = EM,
again. O

4.3.2 APPLICATION: SIMPLE RANDOM WALK

We now show how the seemingly abstract optional stopping theorem can actually give very
concrete insights about the behavior of the fundamental simple random walk model, S,, =
>, X; with X; ~ Unif({+1}) ii.d. Recall that this S, is a martingale. We consider the two
stopping times discussed above.

HITTING TIME Leta + 0 and
T=T,:=min{n:S,=a}.

We will show the following result, which should be quite surprising on its face if you try
picturing it for a small value like a = 1.

Theorem 4.3.6. For any a = 0, ET,, = oo.

Proof. If we do not have T = T, < o almost surely, then the result follows immediately. So,
suppose T < o« almost surely (you may show separately that this is in fact the case). Then,
St = a by definition, so ESt = a = 0 = ESy. Thus, Theorem 4.3.5 must not apply to this
example, so Conditions 1, 2, and 3 must all fail. Condition 1 fails because T is not bounded
almost surely, and Condition 2 because |S,| is not bounded almost surely uniformly in n.
But, S, satisfies the bounded increments part of Condition 3. So, the only way Condition 3
can fail is if ET = oo. O

Note that, unlike treatments of this by direct combinatorics that you might have seen
in more elementary probability theory, this generalizes immediately to random walks with
arbitrary bounded step sizes by exactly the same proof.

ExiT TIME Leta,b > 0 and consider the slightly modified version of the exit time
T=Tsp:=min{n:S, € {—a,b}}.

That is, this is the first time that S,, hits the boundary of the interval [—a, b].
As a preliminary, we establish the following, which shows that the situation for hitting
times will not occur here.
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Proposition 4.3.7. ET,, < (a + b)2%*P < c.

Proof. Note that, if X1 = -+ - = Xyiap = +1,then T <k + (a+ b),ie,ifarunof a+ b
steps in the same direction has just occurred, then T must have occurred by the end of such
arun. So, define the random variables

Yoi=UHX-vyam+1 =+ = Xp@asp) = +1}
for € = 1. These are independent and Law(Yy;) = Ber(2-(@*D)), If we set
G:=min{f:Y, =1},
then the above observation gives that
T <(a+Db)G.

On the other hand, G is a geometric random variable, Law(G) = Geom(2~(@*P)) and you may
compute directly that E[G] = 29*?, giving the result. O

We will then obtain the following by applying the optional stopping theorem to the
exit time, describing the probability with which S,, exits [—a, b] on either side of the in-
terval.

Theorem 4.3.8. For any a,b > 0,

b
[}D[STu’b = _a] = a+ b!
a
PlSn, = bl =075

Note that the dependence on a and b looks inverted but is intuitively correct on reflection:
as b gets larger, it becomes less likely to exit [—a, b] on the upper side, and vice-versa.

Proof. Write T = T, ). Note that St € {—a, b} almost surely, and write p := P[St = —a].
Condition 3 of Theorem 4.3.5 holds, so we have

0=ESy=ESt=p-(-a)+(1—p)-b=b—-pla+b),
and solving for p gives the result. O

It turns out that we may derive much more information about the joint distribution of
the random variables (T, St) by building other martingales out of S,. Let us demonstrate
the first natural such extension.

Proposition 4.3.9. Let (S,) be the simple random walk as above. Then, M,, := S2 — n is
a martingale.
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Proof. We may calculate directly

E(Mp | Frn-1]=E[(Sn-1+Xn)? =1 | Fni]
= E[S2_, | Fuor) + E[2XnSno1 | Faor] + EIXZ | Faal -1
=82 | +28, 1E[X,] + E[X3] —n
=52, -(n-1)
= Mn-1,
as required. O
We would like to use Theorem 4.3.5 on this new martingale (M,,) together with the exit
stopping time T. As before, Conditions 1 and 2 of Theorem 4.3.5 do not apply, so we can

only hope to use Condition 3. However, in this case Condition 3 does not apply either! That
is because the increments of M,, are unbounded. These are:

My—M, 1=52-n-(52,-(n-1))
which is unbounded since |X,,| = 1 while S,,_; can be as large as n — 1.

However, we can get around this issue by a sneaky trick: consider the stopping time T
we are interested in, and define the stopped martingale

MJn = MT/\n.

Consider the increments of this martingale: if T < n—1, then we have 1\771—1\771,1 =Mr—My =
0. If T = n, then we have |S,|, |Su_1] < a Vv b, since by definition T > n means that S,, has
not exited the interval [—a, b] by time n. Thus, in this case we have

\My,, — My 1| = [My — Myp_1| = [2XpSn 1 + 1| <2(a Vv b) + 1,

and so M, does have bounded increments and can be used with Theorem 4.3.5. Doing this,
we get the following new piece of information about T:

Theorem 4.3.10. For any a,b > 0, E[T, ] = ab.

Proof. By the above remarks, we may apply Theorem 4.3.5 to the martingale M,, = My, and
the stopping time T. This gives

EMy = EMy = EMy = EM, = 0.
Expanding the definition of M7 here, we find
0=E[S?-T]
= E[SF] - E[T]
= a’P[St = a] + b*P[St = b] — E[T]

b a
_ 2. 2, _
-4 a+b +b a+b ELT]
=ab - [E[T],
and rearranging gives the result. O
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4.3.3 APPLICATION: ENUMERATION PROBLEMS AND CAYLEY’S THEOREM

Another charming application of the optional stopping theorem is due to [Was20] and gives
an unconventional proof of the following classical theorem in combinatorics; see the refer-
ence for more applications.

Theorem 4.3.11 (Cayley). The number of trees on vertex set [#] (up to isomorphism as
labelled graphs) is n"2.

Proof. Consider the following one-player game, that [Wads20] calls padlock solitaire. We have
n boxes, each with a lock and a key. Key i opens Box i. All boxes start out locked. We keep
Key 1, and place each Key 2 up to Key n into a uniformly random box from Box 1 through
Box n.

Thus, at the beginning, we can open Box 1. It might contain some keys, letting us open
more boxes. We win the game if we can eventually retrieve all n keys (or equivalently even-
tually open every box), and lose otherwise. This outcome is random depending on the dis-
tribution of locks in boxes. Note that the total number of possible configurations of locks
and boxes is n"!, since we place n — 1 locks each into a random one of n boxes.

Associated to a given configuration of locks and boxes, we can draw a “dependency
graph” on [n]: if Box i contains Key j, then we draw a directed edge from i to j, representing
that opening Box i allows us to open Box j later as well. The structure of this graph is that
Vertex 1 has no inbound edges, since we have kept Key 1 at the beginning. Every other
vertex has exactly one inbound edge. A winning configuration is exactly one where there
is a directed path from Vertex 1 to every other vertex. On the other hand, by the above
constraints, the connected component of Vertex 1 is a directed tree, rooted at Vertex 1, with
all edges directed away from that root. Thus, if T (n) is the number of labelled trees we want

to count, then we have exactly
T(n)

n?’l*l ’

P[winning] =

and thus
T(n) = n"! . P[winning],

so calculating the probability of winning will precisely solve our problem.

Let us fix a specific order in which we open the boxes: at each step, if we have any
unused keys, we open the box associated to the key of lowest index that we have (e.g., if Box
1 contains Keys 4, 6, and 7, then in the first step we open Box 1, and then open Box 4). Let
Sj € [n] be the (random) set of indices of keys we have collected after we have opened j
boxes, and K; = [S;| be the number of such keys, with Sy = @ and so Ky = 0. Then, define

n-K; 1 <, .
M; = Fe s
i=1

n-—j n

Since at time j we have opened j boxes, this is the number of keys we do not have divided
by the number of boxes we have not opened (in which all of the keys we do not have are
contained), or the average number of missing keys per unopened box.
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Let ¥; := 0(So,...,S;). We then claim that (M;) is a martingale with respect to the
filtration (F;). Indeed, we have

EIM, | Fj1) = nl_J STE[LLE ¢ S5} | Fjoa]
i=1
1 <« .
erizzlp[lfsj“]:jfl]

Since S; 2 S;_1, for i € §;_; this probability is zero, and we may restrict to

- LS plies; | F)

N =T ictnns; o

But now, before opening the jth box, each key i ¢ S;_; that we do not have is located in a
uniformly random one of the n — (j — 1) unopened boxes, and so

1 1
noj 2 (1_n—(j—1))

ie[nl\S;_,

1 1
iy (125
_1 (n—K,1)- <"_J>

n-—j n-((G-1)
. n—Kj,1
n-(G-1
=Mj_1.

Now let us describe the stopping time T when we are forced to stop playing. This hap-
pens either when we have collected all of the keys, K; = n, or when the number of boxes
we have opened equals the number of keys we have, K; = j, so there are no more boxes to
open. In the first case we have won and we have M; = 0, while in the second we have lost
and have M; = 1. Thus, since M, = "T_l, by Theorem 4.3.5 we have

~1
"T — EM, = EMy = 1 — P[winning],

thus we find ) )
Plwinning] = 1 — *—+ = =,
n n

and the result follows. O

4.4 CONVERGENCE OF MARTINGALES

4.4.1 ALMOST SURE CONVERGENCE

We now prove the following fundamental result about the convergence of submartingales
and supermartingales under a relatively mild condition.
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Theorem 4.4.1 (Doob almost sure martingale convergence). Suppose (M,,) is a sub/su-
permartingale that is bounded in L!, i.e., such that sup,, E|M,,| < «. Then, there exists a
random variable M,, € L! such that M,, — M, almost surely.

Before giving the proof, let us see what this says about our discussion of gambling strate-
gies from Section 4.2.5.

Corollary 4.4.2. Suppose (M,,) is a supermartingale that is bounded below, i.e., such
that, for some C > 0, M,, > —C almost surely for all n > 0. Then, there exists a random
variable M., € L! such that M,, — M,, almost surely, and further EM,, < inf,, EM,, < EM,.

Proof. Under the boundedness assumption, we have
IM,,| <2C + M,,
and therefore, together with the monotonicity of expectations for supermartingales,
EIM,| <2C+ EM, < 2C + EM,.

Thus, Theorem 4.4.1 applies and gives the existence of M., satisfying the needed condition.
Further, by Fatou’s Lemma we have, again using the boundedness,

EM, = Eliminf M,

n—oo
< liminf EM,,

n—oo

and, since for a supermartingale this is a non-increasing sequence, we have

n

IA

EM,,

as claimed. 0

Since any martingale is a supermartingale, this applies to any martingale transform H e S of
the simple random walk process S = (S,,). In particular, you can read this result as saying
that, if your betting strategy H is such that you make sure (by any mechanism you like) that
you never lose an amount of money more than C > 0, then your sequence of profits must
eventually converge (i.e., you must gradually diminish the size of your bets over time), and
you cannot win money on average.

Relatedly, note that it is not necessarily the case that EM. = Elimy_ My = limy,— oo EMy,,
as for instance the geometric random walk example we saw earlier shows. Later we will
address separately when this happens, which is a consequence of a stronger mode of con-
vergence for M,, — M., namely convergence in L!.

Towards the proof of Theorem 4.4.1, let us describe some objects that allow us to talk
about the convergence of a sequence. Our general idea is control convergence by controlling
the oscillations of a sequence of numbers.
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To that end, we introduce the following times associated to a general sequence (M,): for
agivena < b € R,

NO = —1,
Nok_1:i=min{n = Nox_» : M,, < a} foreach k = 1,
Nokx :=min{n = Nox_1 : M,, = b} foreach k = 1.

Said in words, each odd-indexed time N, N3, Ns,... is the first time after the previous
even-indexed time that our sequence drops below level a, and each even-indexed time
Ny, N4, Ng, ... is the first time after the previous odd-indexed time that our sequence rises
above level b.

We call each interval [N»x_1,Nox] for k = 1 an upcrossing of the interval [a, b] by our
sequence, for obvious reasons. Further, we define

Usw = Us(a,b) := Ln;o Un(a,b).

These are respectively the number of complete upcrossings that have occurred by time n,
and the total number of upcrossings (possibly infinite) over all time.

Our first Lemma towards the main proof relates the U, (a, b) to the event that M,, con-
verges:

Lemma 4.4.3. Suppose that, for all a < b € R, we have P[U(a,b) < o] = 1. Then, we
also have P[lim;_. M, exists] = 1, where we allow for this limit to be *+o.

Proof. We relate the event that lim,,_. M, does not exist to a countable union of events
related to U (a, b), by restricting our attentiontoa < b € Q:
[P’[Vllim M,, does not exist]

= P[Iirrlrlinan < limsup M, ]

Nn—oo

= P[there exist a < b € Q such that Iiminan <a<b<limsupM,]

Nn—o

< P[there exist a < b € Q such that U, (a,b) = o]
=0

by assumption, since the last event is a countable union of events of probability zero. O

Next, we develop a quantitative tool to control the number of upcrossings, which will let
us verify the condition of Lemma 4.4.3.

Lemma 4.4.4 (Doob upcrossing lemma). Suppose M, is a supermartingale. Then, for all
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n>=landa<b e R,

EMy —a) _ lal + EIM,|

EUn(a,b) = =" = = —

We will use the following fact that is easy to verify from the definition of the times N;:

Proposition 4.4.5. The N; for each i > 1 are all stopping times.

Proof of Lemma 4.4.4. The argument is a lovely “financial proof”, arguing that on the one
hand, a supermartingale is a “losing game”, in the sense that we do not expect to be able to
profit by betting on it. On the other hand, when a process has many upcrossings, we can
profit from it by “buying low and selling high.”

To implement this idea, consider the sequence

H, :=1{n € (N>k_1,N>¢] for some k = 1}.

Roughly speaking, up to careful treatment of the boundary conditions, this is the indicator
that the time »n occurs during an upcrossing. By Proposition 4.3.2, the treatment of the
boundary conditions is such that H,, is predictable. Also, H,, = 0. So, by Proposition 4.2.2,
H « M is a supermartingale, and in particular

E(HeM), <E(HeM)y=0.

This formalizes the first part of our intuitive argument above, that we cannot make money
by betting (in this case, according to the strategy H) on the supermartingale M.

We now argue that if U,(a,b) is large then so is (H e M),. Indeed, we have, letting
u = Un(a,b),

> Hi(M; — M;_y)

(HeM)y =
i=1
N2 Noy n
= > (Mi-Mi)+--+ > (Mi-Mi-)+ > (Mj— M)
i=Ni+1 i=Nay_1+1 i=Nays1+1

Here, the last sum might be empty, in which case we view it as being zero. Continuing by
telescoping these sums,

= (Mn, = Mn,) + - - - + (Mn,, — Mn,,,) +1{n > Noyi1} (My — Mny,,,,)
Each of the first u differences is at least (b — a) by definition of the times N;, so we have
>u-(b-a)— (My—Mn,,,)"
and since My,,., < a and u = Uy(a,b), we have

>Uy(a,b)-(b—a)—- (M, —a)".
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Taking expectations and combining our two observations,
O>EHeM),>(b-a)tUy(a,b) —-EM, —a),
and rearranging gives the result. O]

Finally, by putting together our two Lemmas, we are ready for the proof of the main
result, which is quick using these tools.

Proof of Theorem 4.4.1. If (M,,) is a martingale, then it is also a supermartingale, and if (M)
is a submartingale, then (—M,,) is a supermartingale, so without loss of generality we may
assume that (M,) is a supermartingale. Suppose that K := sup,, E|M,|, which is finite by
assumption.

By Lemma 4.4.4, foralla < b € R and n = 1, we have

la| + E|My| - lal + K

b-a ~ b-a’
In particular, this bound is independent of n. Also, U, (a, b) are non-negative random vari-
ables that increase to Uy (a, b), so by the monotone convergence theorem we have

EUn(a,b) <

|a|+K<oo
b-a

EUs(a,b) <

In particular then, Uy (a, b) < c almost surely.
Thus, the condition of Lemma 4.4.3 is satisfied. So, we obtain that lim;,.. M, =! My
exists almost surely, though a priori it may be +oo. But, by Fatou’s Lemma we also have

E|IMs| = E lim |[My,| < liminf E[M,| < K < o,
n— oo n— oo

thus M., € L! and is finite almost surely. O

4.4.2 L' CONVERGENCE AND UNIFORM INTEGRABILITY

We recall the definition of L” norms of random variables, which we will use throughout the
next few sections:

Definition 4.4.6. For X a random variable and p > 1, we write
1 Xle == (EIX|P)YP

and L” = {X : ||X||, < co}. We say that X, = X, if [|Xy — Xwllz» — O.

As we saw above, even when lim,,_..» M, exists almost surely, Theorem 4.4.1 does not
distinguish whether we have the convergence of expectations

. @ .
E lim M, = Alm EM,,.

n—o

We will probe this question instead from the point of view of modes of convergence, asking
when beyond convergence almost surely we have convergence in L? for various p. The
following justifies why this is just a slightly stronger version of the above question, and we
will see more connections below.
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Proposition 4.4.7. If X1, X>,..., X« € L! and X, 15N Xo, then EX,, — EX.

Proof. We have |EX,, — EXo| < E| Xy — Xoo| = 1 X0 — Xooll[2 — O. a

In fact, for the case of L' convergence, we can use tools mostly unrelated to martingales
to understand the stronger mode of convergence quite precisely.

Definition 4.4.8. (X,,) are uniformly integrable (Ul) if

im sup[E[Ian - 1{ X, = t}] =0.

|
t—-co p

One way to think of the UI condition is as being stronger than random variables being
bounded in L', but weaker than random variables being dominated uniformly by a single L'
random variable, as the following propositions show.

Proposition 4.4.9. If (X,,) are Ul then sup,, [| Xy |1 < oo.

Proof. We have || X,,||;1 < t+E[|X,] - 1{|Xn] = t}] forall t > 0, and the right-hand side must
be finite for some t > 0 by the Ul assumption. O

Proposition 4.4.10. If there exists Z € L! such that | X,,| < Z almost surely for all n > 1,
then (X,,) are UL

Proof. Without loss of generality Z > 0 almost surely. We have E[|X,,| - 1{|X,| = t}] <
E[Z - 1{Z = t}]. It remains to show that the right-hand side goes to 0 as t — o0, a general
fact about integrable random variables, proved as follows. Write Z©) := 7Z.1{Z > t}. We have
Z® — 0 almost surely as t — o, and Z'¥) < Z € L'. Thus, by the dominated convergence
theorem EZ¥) — 0 as required. O

Thus the following result, which we will not prove here, should not be entirely surprising,
saying that in fact the Ul condition is the “right” weakest condition under which we can apply
the dominated convergence theorem. See [Kle14, Section 6.2] or [Pol02, Section 2.8] for many
more details.

Theorem 4.4.11 (“Strong dominated convergence”). Let X1, X>,...,X. € L' and sup-
1
pose that X;, — X, almost surely. Then, X, Eal X if and only if (X;,) are UL

Note that, combined with Proposition 4.4.10, this indeed implies the usual dominated con-
vergence theorem, hence the name.
Applying this to martingales, we find the following.
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Theorem 4.4.12 (L! martingale convergence). Suppose (M,,) is a sub/supermartingale
that is UL Then, there exists a random variable M, € L! such that M,, — M, almost
surely and in L.

Proof. By Proposition 4.4.9, sup,, IMyull;1 < o and thus Theorem 4.4.1 applies to show that
there exists M, € L! such that M,, — M, almost surely. Then, Theorem 4.4.11 implies
convergence in L. O

It is natural to wonder how useful this result actually is, since it is not clear how to
conveniently check UI for concrete sequences of random variables. Below we describe a few
criteria that can be used in general or for martingales specifically.

Lemma 4.4.13. Suppose f : R.o — R.o has lim,_ % = oo. If Ef(|X},|) is bounded,
then (X, ) are UL

Proof. We may bound

| X |
E[|Xnl - {|Xnl 2t}] =E| ——— - 1{|Xyn]| =t} - f(X
[ Xl - L{X | > t}] [f(anl) {1 Xnl >t} - f( n|):|
<(su S )-[E[f(IX )]
RSP b
and the second factor is bounded while the first goes to 0 as t — oo by assumption. O

Corollary 4.4.14. If sup,, | Xull1r < oo for any p > 1, then (X,) are UL

Proof. Apply Lemma 4.4.13 with f(x) = x?. O

This is perhaps the most directly useful application, but others come in handy as well, for
instance the choice f(x) = xlog(1 + x).
For martingales, a special property leads to the following useful condition.

Corollary 4.4.15. Suppose (M,) is a martingale with My € L? and >, E(M; — M; 1) =
>21 IM; = Mi_1 1%, < . Then, sup,, [My|l;2 < o, and in particular (M,,) is UL

Proof. We have M,, = My + >, (M; — M;_1), so from the assumption it follows that M,, € L?
for all n > 0. The result follows by expanding EM2 = IIMWIIE2 and using that, when M,, € L?
for all n > 0, we also have the property of uncorrelated increments,

E(M; —M.))(M, —M,)=0forall0<a<b<c=d,

which you may check as a simple exercise with the tower property. O
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4.4.3 LP CONVERGENCE AND MAXIMAL INEQUALITIES

The next result we show addresses the same question as above but for convergence in L?. In
fact, the main result here is perhaps cleaner, not requiring us to introduce an extra condition
like uniform integrability.

Theorem 4.4.16 (L” martingale convergence). Suppose (M,,) is a martingale, p > 1, and
sup,, IMyllzr < . Then, there exists M., € LP such that M,, — M, almost surely and in
LP.

As one important detail, note that here it is important that we assume that M,, is specifically
a martingale, not just a sub/supermartingale.

As we will see in a moment, this follows essentially immediately from the following also
important inequality.

Theorem 4.4.17 (L” martingale maximal inequality). Suppose (M,,) is a submartingale,
M,, > 0 almost surely, and p > 1. Define

M, := max M;.
0<k=<n
Then,
p
1My < - | Myllre.

The following will be an important tool in the proof of Theorem 4.4.16 from Theo-
rem 4.4.17, and also will let us clarify part of the statement of the latter.

Proposition 4.4.18. Let f : R — R be convex. Then, the following hold:

1. If (M,,) is a martingale and f(M,) € L! for each n, then (f(M,)) is a submartin-
gale.

2. If (M,,) is a submartingale, f(M,) € L', for each n, and f is non-decreasing, then

(f(My)) is a submartingale.

Proof. The first property is immediate by Jensen’s inequality for conditional expectation:
almost surely, we have

[E[f(Mn) | .Tn—l] = f([E[Mn | fn—l]) = f(Mn—l)-

For the second property, we use the same argument but at the end must use the monotonic-
ity of f that we add as an extra assumption, since we only have E[M,, | Fn_1] = M,,_;. O

Then, the following shows that the assumption that M,, > 0 in Theorem 4.4.17 is without
loss of generality.
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Proposition 4.4.19. If (M,) is a submartingale, then (M,) = (max{0,M,}) is a sub-
martingale as well.

Proof. Use Proposition 4.4.18 with f(x) = max{0, x}. O

We now prove the main result, Theorem 4.4.16, using Theorem 4.4.17, whose proof we
give afterwards.

Proof of Theorem 4.4.16. By Jensen's inequality, sup,, [Myll;1 < sup,, [Myllrr < o, so Theo-
rem 4.4.1 applies to give that M,, — M, € L' almost surely (Theorem 4.4.12 may also be
applied via Corollary 4.4.14 to show convergence in L' immediately, though that will not
directly help us here). Thus, it remains to upgrade this convergence to convergence in L”.

The idea is to use the dominated convergence theorem. Write A, := |[M,, — M|?, then
A, — 0 almost surely and it suffices to construct Z € L! such that A, < Z for each n. We
use

Ay < (sup IMy| + [Mu|)?P < 2P (sup |[My|)?P =: Z.
n n

Thus it is enough to show Z € L!, for which it is enough in turn to show that M* :=
sup,, IMy| € LP.
Let us write, as before,
M) := max |My]l.

O<k<n
Then, we have that [M,f|P > 0 and these random variables increase almost surely to |[M*|?.
So, by the monotone convergence theorem, it suffices to show that sup,, E|M;f|F < oo. But,
by Theorem 4.4.17 together with Proposition 4.4.18 (on the convex function f(x) = |x|),
we have E|M*|P = M|}, < (ﬁ)”HMnll’L’p, which is bounded over all n by assumption,
completing the proof. ]

It remains to prove the LP maximal inequality, Theorem 4.4.17. To do this, we will
produce a few preliminary tools.

Proposition 4.4.20. Suppose that M,, is a submartingale and T is a stopping time. Then,
for any n = 0,
EMy < EM7Ay < EM,,.

Proof. The first inequality follows since Mt ,, is a submartingale. For the second, define the
non-negative predictable process H,, := 1{T < n}. Then, H ¢« M is a submartingale, and we
have (H ¢ M)y = O while (H ¢ M),, = M,, — Mt,,. Thus,

O=EHeM)o<E(H M)y, =E[My,] - E[Mranl,
giving the result. O

The following is another form of maximal inequality, that can be viewed as a “maximal
Markov inequality” to which we will reduce our L¥ maximal inequality. It has uses beyond
this, one of which we discuss in Section 4.5.4 below in the context of concentration inequal-
ities.
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Lemma 4.4.21 (Doob maximal inequality). Suppose (M,,) is a submartingale with M,, >
0 alsmot surely, as before write
MY = My,
" OTkaan K
and let t > 0. Then,

*
P[M} > t] < [E[Mnl{];/l > t}] < [EI;/I".

Proof. Define the stopping time T := min{n : M,, > t}. By Proposition 4.4.20, EMt,,, < EM,,.
Let us expand each of these expectations according to whether T has happened yet. We have

EM, = EM,1{M; >t} + EM,1{M, < t},

and here in the first expectation we have Mr,,, = Mt = t by definition, while in the second
we have Mr,,, = M,. Thus,

= EM71{M; >t} + EM, 1{M,; <t}
> tP[M, > t] + EM,1{M;; < t}.

Thus EM7 ., < EM,, implies that
tP[M;; > t] + EM,1{M;) <t} < EM,1{M;; >t} + EM,,1{M,’ < t},
and rearranging gives the result. O]

Finally, we use Lemma 4.4.21 to prove the L” maximal inequality, Theorem 4.4.17, thereby
also completing the proof of Theorem 4.4.16.

Proof of Theorem 4.4.17. As before, we write M;f := maxo<k<n Mk = 0. Further, fixa C > 0
and write X, := M, A C. We work with this X, in order to avoid integrability issues, and at
the end take C — oo to recover the result. We begin by using the identity x? = [; pt?~! dt:

I XnllTr = EXn
Xn
=F [pj Pt dt]
0
_pE U 110X, > t}dt]
0

and by Fubini’s theorem on the expectation and the integral (recalling that an expectation is
just another integral over a measurable space),

= pJ E[tP~11{X, = t}]dt
0

= pj tPIP[X, = t]dt
0

C
= pj tPIP[MF > t]dt
0
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and now we are in position to use Lemma 4.4.21, which gives
<p JOC tP2E[M,1{M} > t}]dt
after which we reverse all of the previous steps:
=p J: tP2E[Mp1{X, = t}]dt
using Fubini’s theorem again,

= pE JO tP°Mp1{X, =t} dt]
= pE MnJ tP21{X, = t}dt]
B 0

Xn
= pE Mnj t""zdt]
| 0

p—-1
_ n
e[ 250

= P E, x5
p-1

Lastly, we use Holder’s inequality to make this comparable to the expression we started
with,

IA

v*’i - (EIMa ) PR X P07 7

p-1

ﬁnMnnmnxnuLs

and rearranging this gives
p

p—-1
and finally taking C — o gives the result by using the monotone convergence theorem on
the left-hand side. ]

| Xnllrr < | MyllLr,

4.5 APPLICATION: CONCENTRATION INEQUALITIES

Our first application is to concentration inequalities, which say that certain random variables
are unlikely to deviate far from their expectations. The general phenomenon of concen-
tration of measure may be summarized informally as follows. Suppose we have random
variables X; € X; in some domain, and a function f : Xj X - - - X X;; — R. Under suitable
conditions, we expect that

[P)[lf(Xl”XTl) - [Ef(Xl”X‘l’l)l > t]
should be small. It is reasonable to hope for this provided that:

1. f depends only weakly on any individual one of its inputs, and

2. the random variables X; are only weakly dependent.
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4.5.1 SUMS OF INDEPENDENT VARIABLES: HOEFFDING INEQUALITY

The most classical example takes both assumptions to an extreme: it concerns the very
simple sum function f(xi,...,x,) = Zf‘:l xi, and the random X; being exactly indepen-
dent.

Theorem 4.5.1 (Hoeffding inequality). Let X, ..., X, be independent random variables
with X; € [a, b;] almost surely. Define Sy, := >.I | X;. Then, for any t > 0,

2
P[|S,, — ESy,| > t] < 2exp(—2at2 ),

prox

where
n

prox_ Z b _al

As an example, suppose X; ~ Unif({+1}). Then ES,, = 0 and a; = -1, b; = 1, so

Oox = M. The above bound becomes

2
P[IS,| > t] < 2exp<—2tn> ,

o[ 2] > 5] <2005,

which makes it clear how this result is a non-asymptotic tail bound version of the central
limit theorem, since the right-hand side is close to the tail behavior of an N (0,1) random
variable.

The basic technique behind proving this and many other concentration inequalities might
be called the Chernoff or nonlinear Markov method. This involves applying Markov’s in-
equality after a suitable transformation of a probability, and also appears in Chebyshev-like
inequalities and many other settings.

or equivalently

Definition 4.5.2 (Moment generating function). For a random variable X € R, we denote
its moment generating function ¢ : R — R by

dx(A) := Eexp(A(X — EX)).

Centering X in the definition is unconventional but will be convenient for us. With this, for
any random variable Y and A > O,

Fexp(AY) ¢y (A)

PLY > t] = Plexp(AY) > exp(AD)] = = T30 = oep(at)

Thus we may bound tail probabilities by optimizing such an expression over A. Particularly
conveniently, the numerator factors over sums of independent random variables, making
this a very useful device for sums of independent random variables.
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Proposition 4.5.3. If Y; and Y, are independent, then ¢y, .y, (A) = ¢y, (A) + Py, (A).

Building up to the proof of Theorem 4.5.1, we introduce the following class of random
variables and some of its basic properties. The following is a simple exercise to verify.

Proposition 4.5.4. If X ~ N (0, 0?), then ¢px(A) = exp(%ZAZ).
This justifies the following term:

Definition 4.5.5 (Subgaussianitzy). We say that a random variable X is o?-subgaussian
if, for all A € R, px(A) < exp(%)xz). In this case, we call o2 the variance proxy.

The following is then immediate from Proposition 4.5.3:

Proposition 4.5.6. If X and Y are independent and o?- and T2-subgaussian respectively,
then X + Y is (02 + T2)-subgaussian.

Finally, subgaussianity gives us the kinds of tail bounds we are trying to establish in Theo-
rem 4.5.1.

Proposition 4.5.7. If X is o2-subgaussian, then, for all t > 0,

2
PIIX — EX] > t] < 2exp (-2;2) .

Proof. Using the Chernoff method on one tail (the other can be bounded by a symmetric
argument), we get

P[X —EX > t]

Plexp(A(X — EX)) > exp(At)]

_ Px(A)
B exp(At)

2
< exp (22\2 - t?\)

and choosing the minimizing value A := t/o? gives

t2
).

as claimed. ]

The final ingredient is the following result, which shows that bounded random variables
are automatically subgaussian.
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Lemma 4.5.8 (Hoeffding lemma). If X € [a,b] almost surely, then X is %(b —a)?-
subgaussian.

We will prove this in a moment, but let us first see how it implies the main result.

Proof of Theorem 4.5.1. By Lemma 4.5.8, each Xj is %(bi — a;)?-subgaussian. Since they are
independent, by Proposition 4.5.6, S, = >.1; X; is (flfmx-subgaussian for 050y = % Sti(b;—
a;)°. Finally, the required bound then follows by Proposition 4.5.7. O

To prove Lemma 4.5.8, we will need a few more tools. The following is a basic fact
about variances of bounded random variables that may be viewed as a “baby version”
of Hoeffding’s Lemma, bounding the variance by the same variance proxy that appears
there.

Proposition 4.5.9. Suppose that X € [a, b] almost surely. Then, Var[X] < %(b —a)l.

Proof. We have

Var[X]:Var[X—b_a] s[E(X—b_a>2s <b—a>2’

giving the result. O
Next we give a sufficient condition for the property of subgaussianity in terms of a new

object.

Definition 4.5.10 (Cumulant generating function). For a random variable X, we define
Wx(A) :=log px(A).

Proposition 4.5.11. Suppose that @y is smooth and ¢/ (A) < o2 for all A € R. Then, X
is o?-subgaussian.

Proof. We calculate

Yx(0) =logEexp(0) =0,
E(X — EX) exp(A(X — EX)) _
Eexp(A(X — EX)) A0

Py (0) =

By Taylor’s theorem with a remainder estimate we then find @x(A) < "722\2 forall A € R, and
thus ¢x(A) = exp(@x(A)) < exp(%ZA2), as required. O
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Proof of Lemma 4.5.8. Without loss of generality we may assume EX = 0. Suppose X is
defined on the probability space (Q, F,P). For each A € R, let Q) be another probability
measure on (Q, F) such that

Li(w) = 22

As an exercise you may check that, since the right-hand side is a non-negative random
variable of expectation 1, indeed this specifies a valid probability measure.
Now, note that the first few derivatives of @ x can be written in a way involving Qj:

() = exp(AX(w))
" Eexp(AX(w))’

Yx(A) = log Eexp(AX),
EX exp(AX)
E exp(AX)

Jx<w>LA<w>dn><w>

PyA) =

- JX(w)d@m)
= Eq,[X],

where we write Eq for the expectation under a different probability measure Q on the same
measurable space. In the same way, we find

A = EX*exp(AX) ([ EXexp(AX) ’
Wx ~ Eexp(AX) Eexp(AX)
~ Eo,[X?] - (Eq,X)?

= Varq, [X].

Indeed, we will not need to use it here but if you continue in the same spirit you will find that
the higher derivatives of @y evaluated at A give the cumulants of X under the probability
measure Q..

In particular, under Q, we still have X € [a, b] almost surely. Thus, by Proposition 4.5.9
we have @y (A) < i(b —a)? for all A, and so by Proposition 4.5.11 X is %(b —a)?, as claimed,
completing the proof. ]

4.5.2 MARTINGALE GENERALIZATION: AZUMA INEQUALITY

Surprisingly, the proof of Hoeffding’s inequality can be generalized to martingales, though
it seems like it uses the linearity of the sum function in an important way.

Theorem 4.5.12 (Azuma inequality). Let (M, ) be a martingale and suppose that its
increments satisfy a; < M; — M; 1 < b; almost surely for all i > 1, for constants a;, b; €
R. Then, M,, — My is 05;0x-subgaussian with

1
O-grox = 4 Z(bl - ai)z-
i=1



In particular,

t2
P[|IM,, — My| > t] < 2exp(—20_2 )

prox

Proof. Without loss of generality we may assume M, = 0. We expand in the usual telescoping
series inside of the moment generating function:

bu, (A) = Eexp(AMy,)

= Eexp (/\ >(M; - Mil))

i=1

and by the tower and factorization properties of conditional expectation,

=E|E {exp (7\ > (M; - Mi—l)) ‘fn—1i|j|
| i-1

[ n-1
=[E [exp (7\ >(M; - Mil)) E [exp(A(My — Mp_1)) |.Tn1]j|

i=1

As an exercise you may verify that there is a version of Lemma 4.5.8 for conditional expec-

tations, which gives
n-1 2 _ 2
<[E {exp (2\ Z (M; — Mi_l)) exp (2\2 . W)}
i=1

(2\2 (by — an)?
fry eXp —_— . —

5 1 ) b,y (A).

Repeating this inductively, we get

A2 1
bm, (A) < exp B Z(bi —a)’ |,
i=1
giving the result. O

4.5.3 FUNCTIONS OF INDEPENDENT VARIABLES: MCDIARMID INEQUALITY

We now describe one of the main applications of Azuma’s inequality, to concentration of
general functions of independent random variables. Let Xi,..., X, be independent in ar-
bitrary domains X; € X, let f : X; X --- X X;, — R, and consider the random variable
f(Xy,...,X,). We will show that this concentrates around its mean, provided a certain
version of the principles described earlier hold. Since the X; are exactly independent by
assumption, it remains to formalize some notion of f not depending too much on any of its
inputs, which we do next.
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Definition 4.5.13. Associated to f, define the quantities

0i(f):= sup /|f(X1,---,Xn) —f X1y Xy ey X)L

In words, 6;(f) measures how much f can possibly change from changing input i arbitrarily.
In this sense, it is a discrete and worst-case notion of “derivative” with respect to the ith
coordinate.

Corollary 4.5.14 (McDiarmid inequality). If Xi,..., X, are independent random vari-
ables as above, then f(Xi,...,X,) is (rgrox-subgaussian, with

O_bzrox = z 6l(f)2
i=1

Proof. Write X = (X1,...,Xy) € X1 X - - - X Xy. Consider the Doob martingale
M= E[f(X1,...,Xn) | X1,..., Xi].

We have M,, = f(X) and My = Ef (X), so M,, — My = f(X) — Ef (X).

We plan to use Azuma’s inequality on M,. To control the increments, let X1,..., X, be
independent copies of the X;, and write XV := (Xy,..., Xi_1, X/, Xj+1, ..., X»n), which may be
interpreted as X with coordinate i resampled. We then have

Mi—M; =E[f(X) | X1,....,Xi] - E[f(X) | X1,...,Xi1]
=E[f(X) | X1,..., Xi] = E[F(XD) | X1,...,X;1]

and since the second expression does not include X; at all anymore, we may condition on
X; without changing the value,

=E[f(X) | X1,..., Xi] = E[F(XD) | X3,..., Xi-1, Xi]
=E[f(X) - fF(XD) | Xq,...,X;],

and thus |[M;—M; 1| < 6;(f) almost surely. The result then follows from Theorem 4.5.12. [

4.5.4 INTERACTION WITH MAXIMAL INEQUALITIES

We mention one “upgrade” of such inequalities that is lesser known but sometimes useful.
The idea is to use Lemma 4.4.21 in the middle of a proof using the Chernoff method. In
particular, suppose that M,, is a martingale, and as before define

M := max M;.
O0<k=<n
We have
P[M* > t] = P[ max My > t]
O<k=n

= P[ max exp(AMy) > exp(At)]
O<k=n
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But now, since f(t) = exp(At) is a convex function, by Proposition 4.4.18 we have that
(exp(AMy)) is a non-negative submartingale, and we may use Lemma 4.4.21 to bound

- E exp(AMy,)
— exp(At)

Thus, both Hoeffding’s inequality (Theorem 4.5.1) and Azuma’s inequality (Theorem 4.5.12)
can be upgraded to pertain not just to the value at time n of a random walk or martingale,
but to the maximum value taken up to time #. (This also applies to McDiarmid’s inequality,
but there does not seem to be any immediate application of applying this idea to a Doob
martingale.)

4.5.5 EXAMPLE: BALLS, BINS, AND MULTINOMIALS

As an example, consider an experiment of throwing m balls independently and uniformly at
random into n bins. (This is actually a special case of the multinomial distribution discussed
in Section 2.3.3.) Let

Z = #{empty bins}.

A computation by linearity of expectation gives

1 m
[EZ=n-[P’[bin1empty]=n-(l—ﬁ) .

We will aim to show that Z concentrates around this expectation.
If X; € [n] denotes the index of the bin where ball j lands, we have

Z=f(X1,...,Xm)

and the X; are independent. As is intuitively obvious, changing the location of a single ball

can only change the number of empty bins by at most 1, so §;(f) < 1 for all i € [m]. Thus,

Ogox = M in McDiarmid’s inequality, and we find

1\™ t2
[P(‘Z—n(l -5 ‘ > t) < 2exp(—2m>.
Roughly speaking, we may summarize this by saying that, with high probability,

Z=n(1—:l)mi0(m)

with high probability. In some regimes this gives quite strong notions of concentration. For
instance, if m = n, then EZ =~ n/e, and we find

Z=gi0(\/ﬁ).
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4.6 APPLICATION: RANDOM SERIES

One class of martingales for which the L” convergence theorems are useful is sums of in-
dependent but not identically distributed random variables that converge to the values of
random infinite series. That is, let X7, X5, ... be independent, and consider

)
]

.
M=

Xi,
1

.
]

“n
8

.
[Me

Xi
1

~
Il

When does S, exist and how does it behave?
The following is one of the main theorems on random series, which we may prove easily
using martingale convergence theorems.

Theorem 4.6.1 (Kolmogorov two-series theorem). Suppose that, in the above setting,
X; € L?and X7, |E[X;]| < 0 and > ;. Var[X;] < o. Then, S;, — S € L? almost surely
and in L.

Proof. Without loss of generality we may suppose EX; = 0. The result is then immediate
from the p = 2 case of Theorem 4.4.17, using that IISnllf2 =[ES2 = Z?:l Var[ X;]. O

An important special case is the construction and study of certain Gaussian processes.
For instance, we may build the Gaussian analytic function,

_ N 9k i
f(Z)—gomz

where g, ~ N (0, 1) are i.i.d. It turns out to be possible to define this for all z € C, yielding
a random holomorphic/analytic function (hence the name), but for the sake of simplicity let
us focus on z € R. Theorem 4.6.1 implies that the limit defining f(z) exists almost surely
and is an L? random variable.

But further, the decay of the 1/k! coefficients is so fast that, as you may show as an
exercise, the series converges in any L?. As a consequence of convergence in all L?, as you
may again show as an exercise, we have for all £ > 0 that the moments of f(z) are given by

¢
n
. Ik _k
Ef(z)! = lim E (Z <Lz )
e\ S VR
= lim E g’
N=® G N (0,50 4225
G~N (0,580 2%

Qﬁa

E
g~N(0,exp(z?))
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Thus, by Lemma 2.2.1 on determining distributions by moments that we saw earlier, in fact
the infinite sum of Gaussian random variables f(z) itself has a Gaussian law,

Law(f(2)) = N (0, exp(z2)).

By similar methods you may probe the properties of vectors (f(z1),...,.f(zx)), and so forth.
The martingale convergence theorems give a convenient tool to avoid many technicalities: by
calculations like the above, you may effectively work as though the result for manipulating
finite sums of Gaussian random variables also apply to infinite Gaussian series.

4.7 APPLICATION: BRANCHING PROCESSES

We now show how martingales can be applied to understand a central object in discrete
probability, the Galton-Watson branching process. This is the following simple model of
population growth. Let u be a probability measure on Z.( representing the number of off-
spring each individual in the population has. Let X;,; ~ p for i,n > 1 be i.i.d. We define the
process (Z,) by

Z() = 1,

Zn-1

> Xpiforn =1,
i-1

Iy

That is, the population at time 7 is determined by each individual in the population at time
n — 1 having a number of offspring distributed as p.

We will study the question of how the long-term behavior of this process depends on the
distribution u. To that end, we define the parameters

p(k):= P [X =kl

X~p

m = X[EH[X] =k§0k-p(k).

We assume that X,,; € L', i.e., that m < oo.
Defining the filtration
Fni=0Xyi:k <n),

we see that (Z,) is adapted to (‘Fy).

4.7.1 EXTINCTION

We say that the process (Z,) goes extinct if Z, = 0 for some n > 1, in which case by
definition also Zy = 0 for all N > n. Also, since Z,, is integer-valued, this is equivalent to
having Z,, — 0. We emphasize that these events are the same:

E:={Z, =0for somen > 1} = {Z,, = 0 for all n sufficiently large} = {Z,, — 0}.
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We define the probability of extinction as

p = P[E].
We also set
En = {Zn = O},
pn = P[En];

the event and probability of extinction by time n.
Proposition 4.7.1. The p,, are non-decreasing in n, and p = limy,_« px.

Proof. We have
EicEc---cE,

and further by the above

E=JEn,
n=1
and the result follows by the continuity property of probability measures. O

4.7.2 ASSOCIATED MARTINGALE AND CONVERGENCE
We will see in a moment that the following normalization of Z,, is a natural one:
. Zn
MTL .= W

Proposition 4.7.2. E[Z, .1 | Fn]l = mZ,, and thus E[Z,,] = m™ and M,, is a martingale.

Proof. Using similar tricks to what we have seen before in dealing with sums and integrals
with random quantities in the limits, we compute
)

“E| S Xandli< 20} | 'fn}
i=1

o
E[Zn+1 | fn] =L zXVHl,i
i=1

= S E[Xne1,iL{i < Zu} | Fl
i=1

= D140 < Zp}E[Xnsri | Fol

i=1

Zn
> E[Xne1,i]
i=1

= mZn,
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as claimed. The only not quite rigorous step above is exchanging the infinite sum with the
conditional expectation, which you may verify using linearity of conditional expectation and
the monotone convergence theorem. That EZ,, = m" then follows by the tower rule and
induction, and that M,, is a martingale is immediate. O

We then get the following result, which we will see is a powerful tool for reasoning about
the branching process, for free from our general theory.

Corollary 4.7.3. There exists a M, € L! such that M,, — M,, almost surely.

Proof. We have M,, > 0 and EM,, = ||[My,ll;1 = 1 by construction, so the result follows by
Theorem 4.4.1. O

4.7.3 SUBCRITICAL REGIME (m < 1)

We divide our subsequent analysis of the behavior of (Z,) and (M,,) into three cases accord-
ing to the value of m. The following describes the situation in the simplest case:

Theorem 4.7.4. If m < 1, then p = 1, i.e,, Z,, — 0 almost surely. Equivalently, almost
surely Z,, = 0 for all sufficiently large n, and thus M., = lim,,_., M;, = 0 almost surely as
well.

Proof. We have by Markov’s inequality
P[Z, >0]=P[Z,=>1] <EZ, =m".
Thus >.)_; P[Z, > 0] < o0, so by the Borel-Cantelli lemma almost surely we have Z,, > 0 for

only finitely many n. O

4.7.4 CRITICAL REGIME (m = 1)

The next case is slightly but not that much more complicated:

Theorem 4.7.5. Suppose that m = 1. Then:

1. If p(1) = 1, i.e,, X,,; = 1 almost surely, then Z, = 1 almost surely for all n and
p=0.

2. If p(1) < 1, then p = 1, Z,, — 0 almost surely, and M., = 0 almost surely (indeed,
in this case M,, = Z,).

Proof. The first case is immediate from the definition of Z,. Suppose we are in the second
case. Since m = 1, M,, = Z, is a martingale, which by Corollary 4.7.3 converges almost
surely. On the other hand, since M,, is integer-valued, it can only converge if it is eventually
constant, so almost surely we have M,, = M,, for all sufficiently large n.
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We consider the probability that this limit is some k > 1: introducing parameters N, £ to
be chosen later,

P[Ms = k] = P[M,, = Z,, = k for all n sufficiently large]
= lim P[M,, = Z, = kforall n > N]

N-—-o

s]\lfim PlZy =---=Znsp =kl
k k

< lim P {Z Xni1i=-" =2 Xnspi = k}

N=ee 103 i=1

( { k } |

= lim [P|> X1, =k )

N=eo i=1
< (1-p(0))°.

Now, note that this holds for any ¢ > 1, and since m = Ex-,X = 1 while P[X = 1] < 1, we
must have p(0) = P[X = 0] > 0, and thus taking £ — « shows that P[M. = k] = 0. Thus,
indeed almost surely M, = 0. O

4.7.5 SUPERCRITICAL REGIME (m > 1)

This case is more complicated, because very different behaviors are possible in the limit. It
is easy to see that, whenever p(0) > 0, extinction happens with some positive probability
p > 1; in particular, we already have Z; = 0 with probability p(0). On the other hand,
at least some of the time we expect Z, ~ EZ, = m", which when m > 1 is diverging
exponentially. While more detailed analysis is possible, here we will just try to understand
these two extreme behaviors.

First, we give a description of the probability of extinction. It turns out that there is
an elegant description in terms of a particular generating function. Here let us define X :=
X1,1 ~ M, arandom variable having the offspring distribution.

Definition 4.7.6. Let Y € Z. be a random variable. Then, we define for t € [—1, 1]

Cy(t) :=E[t"] = > P[Y =k] - t.
k=0

We call Cy the probability generating function (pgf) of Y.

Remark 4.7.7 (Generating functions and moment problems). We have previously discussed
the moment generating function (mgf), which looks quite similar,

by (t) = E[exp(tY)].
Indeed, for t > O these are merely related by a change of variables,

EYk

i (log t)k.

> PLY = k] - tF = Zy(t) = ¢y (logt) = >

k>0 k=0
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If the series defining ¢y (t) converges absolutely in an open interval containing t = 0,
we may expand this relation in power series in t (the assumption allowing us to expand
log(t) = log(e + (t — €))) and match up the coefficients. This gives equations, at first sur-
prising, that express the P[Y = k] explicitly in terms of the moments EYX, giving a direct
solution of the moment problem for such discrete random variables (of the kind discussed
in Section 2.2). This formula is most conveniently expressed in terms of the falling factorial
moments (Definition 2.2.8), in which case it takes the form

(oo}

PLY = k] =

Fora simple example, if Y ~ Pois(A), we may check that this is compatible with our Proposi-
tion 2.2.11: we have

o0

)\k

(D" ok _ z

e M =P[Y =k].
n!

Me

1
Tk

n=0 n

0

See [Tak65] for more details.

One use of such generating functions is that they interact especially nicely with sums of
random numbers of random variables.

Proposition 4.7.8. Let N € Z., be random and X7, Xy, - - - ~ u be i.i.d. and independent
of N. Define S := ¥, X;. Then,

Cs(t) = CN(Tx, (1)) = (Cn o Cx,) (1).

Proof. We have

Cs(t) = [E[tzlivlei,]

[Z 1{N = n}t>- 1’“]
=1
{1{1\1 n} l_[txl}

PN = n] - (E[tY' D"

|_\/]8 ||M8

S
Il
—

PIN =n]- Cx, (D"

Il
‘N sz

(Cx1 (t)),
as claimed. a

Applying this to branching processes gives an especially nice structure from the point of
view of such generating functions.
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Corollary 4.7.9. We have Tz, (t) = Cz,(Cx(t)) and Tz, (t) = t, so Tz, (t) = )((”)(t),
with the exponent (1) denoting repeated composition.

For the p,, whose limit is the extinction probability, we find:
Corollary 4.7.10. We have p, = P[Z, = 0] = ¢7, (0) = ¢px(pn_1) = $5”(0).

Recalling that the extinction probability is p = lim,,_» pn, We then see that p is the
limit of repeated applications of the same function ¢x. We should expect such repeated
applications to converge to a fixed point of ¢ x, and indeed this is what happens, and further
this property exactly characterizes the extinction probability:

Theorem 4.7.11. Suppose that m > 1. Then, there is a unique p = [0,1) such that
¢x(p) = p, and this p is exactly the extinction probability of the associated branching
process.

We note that the first part of the result is merely a fact about random variables X € Z., with
E[X] > 1.

Proof. Consider the value and first two derivatives of Cy:

Tx(t) = > pUotk,

k=0

Ci(t) = > kp(k)tk,
k=1

L) =D k(k-1)pk)tk,
k=2

Since m = E[X] > 1, there must be some k > 2 such that p(k) = P[X = k] > 0. In particular,
Cyx and Cy are both strictly positive on t > 0, so C is strictly increasing and strictly convex
ont € [0, 1]. Further, we have

Cx(0) = p(0) €[0,1),
Cx(1) = > p(k)
k=0
=1,

Cx(1) = > kp(k)
k=0
=m > 1.
Such a function has a unique fixed point on [0, 1) (note that we must omit the upper end-
point 1 because Cx (1) = 1 is always another fixed point), and the iterates p,, = §§(”)(1) are a
strictly increasing sequence converging to this fixed point, whereby this p is the extinction

probability. O
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Corollary 4.7.12. For any value of m, we have that p(0) = 0 if and only if p = 0 (i.e.,
almost surely the population does not go extinct).

Proof. We consider the three cases of m separately:

- If m > 1, the equivalence follows from Theorem 4.7.11 since the unique fixed point is
p = 0if and only if p(0) = ¢px(0) = 0.

- If m = 1, the equivalence follows from Theorem 4.7.5 since in that case p(0) = 0 if
and only if p(1) = 1.

- If m < 1, then we never have p = 0 by Theorem 4.7.4 (since we always have p = 1), and
correspondingly we also never have p(0) = O since in that case X > 1 almost surely
and m = E[X] = 1.

So, the equivalence indeed holds in all cases. O

Corollary 4.7.13. If m > 1, then we always have p < 1, i.e., the probability that the
population does not go extinct is 1 — p > 0, a strictly positive probability.

Above we have given an explicit characterization of the probability p of extinction when
m > 1, which together with the simpler characterizations in Theorems 4.7.4 and 4.7.5 char-
acterizes p in all cases. Also, the last Corollary above says that when m > 1 there is an event
of positive probability when the population does not go extinct. We now turn our attention
to the asymptotic behavior of Z,, on this latter event.

By Corollary 4.7.3, we have that M,, = Z,/m" converges almost surely to some M.
However, it is still possible that M, = 0 almost surely, in which case we will have that Z,
grows asymptotically slower than m". We will conclude our discussion by giving sufficient
conditions under which this does not happen, so that there is another event of positive
probability under which Z,, grows comparably to its expectation EZ,, = m".

Theorem 4.7.14. If X,,; € L?, then M,, — M, almost surely and in L?, and therefore
also in L'. In particular, EM,, — EM,, so EM,, = 1, and M., is not almost surely equal to
zero. Therefore, there exist §,¢ > 0 and N > 1 such that e < P[M,, = 6] = P[Z,, = dm"]
forall m = N.

Proof. We argue that we may apply the L? case of Theorem 4.4.16. This will imply the first
convergence statement provided we show that ||[M,||;2 is uniformly bounded. We compute:

IMnll}. = EMy,

1 2
= mZn [EZn
1
— S EIELZE | Fanrl)

1 Zn—l 2
= E|E (Z Xn,i) ]fn_l
i=1

mZn
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We omit the details of the next step, which you may verify as an exercise:

1
B[ Zna ELX) 4 Zo1 (Zooy = Dm?

1
= E|Zn1 Var[X]+ 22 ym?|

m2n

1
= — -m" . Var[X] + E[M2_,]
Var[X]

m'}’l

+ M1 117

and, unfolding the recursion

= 1
< Var[X] —
ar| g i
a finite upper bound. Thus, Theorem 4.4.16 applies to give that M,, — M,, in L?, and the
other results follow immediately. O

In fact, it is possible to give a “sharp” version of such a result, which is important and
often cited in more advanced literature on branching processes.

Theorem 4.7.15 ([KS66]). If m > 1, then M, is not almost surely equal to zero if and
only if E[X log(1 + X)] < oo.

Both this result and Theorem 4.7.14 require some care in their interpretation. They may
seem puzzling at first because they say that provided that the offspring random variables X
are “small” then Z,, grows somewhat quickly. However, the point is that if E[ X log(1 + X)] =
o, then X is very heavy-tailed, and the size of the mean m is driven by very rare outcomes
of X. Thus, m is quite large while Z,, usually grows more slowly, and thus M,, = Z,,/m" — 0.
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5 MARKOV CHAINS

5.1 MOTIVATION

A Markov chain can be viewed as a general type of stochastic process that obeys the basic
logic of time we observe in physics: if you know the present configuration of a system, then
learning about its past does not help you in determining the future.

You have probably seen the definition for a finite or countable state space S: a Markov
chain is a sequence of random variables (Y,),-o € S satisfying the Markov property that

PlYni1=J 1 Yn=10,Yn1=1pn1,...., Y1 =11,Y0 = lo] = P[Yps1 =j | Yn =1] = pn1 (i, ).
(5.1.1)
In this case the functions p, : S X S — [0, 1] are called transition kernels. We focus here on
the time-homogeneous case, where these p,, = p are all the same.
The following are some examples we have seen already in the class, as well as one im-
portant one that we have not (yet).

Example 5.1.1 (Random walk). Consider the simple random walk Y,, = Z?:l X; for X; ~
Unif ({+1}) drawn i.i.d. We may view this as a Markov chain on the state space S = Z,
with transition kernel

5 ifj=1i+1,
p(i,j) = %ifj=i—1
0 otherwise

Example 5.1.2 (Branching process). The branching process we saw earlier, Z,, = Zizz”{ ' X
for X, ; ~ p ii.d. for u a probability measure on 7., may be viewed as a Markov chain
on the state space S = Z.¢. The transition kernel now depends on y and may be sum-
marized conveniently in terms of the convolution operation:

a=1

v(i,j)=[P’{ZX1,i=j} = Ok Rk p ().

i times

Example 5.1.3 (Random walk on graph). A kind of example we have not yet seen takes
values that are not numbers. Suppose G = (V,E) is a finite simple graph. The simple
random walk is the stochastic process of random variables (Y}, ) >0 taking values Y,, € V
and starting from some Y, = vy where, to form Y,, for each n > 1, we choose a random
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neighbor of Y,,_; in G. This is a Markov chain on state space S = V, whose transition
kernel may be written

1 . ..
- deecm M 1L J) €E,
— degg (i)
p(L.J) { 0 otherwise }

As we will return to later, in this case the transition kernel can be usefully viewed as
a matrix P € RY*V, which is then P = D !'A for A the adjacency matrix of G and

D = diag(deg (i))icv-

5.2 MEASURE THEORY TOOLKIT

5.2.1 CARATHEODORY EXTENSION THEOREM

We first review the basic ideas of constructing probability measures on product spaces. Let
(Q, F) be a measurable space and 7 be some other set. We denote by Pow(Q) the power set
of Q, the set of all subsets.

Definition 5.2.1 (Cylinder set). Let iy,...,i,, € 7 and By,...,B,, € F. A set of the form
{wel:w,;, €B, foreach a € [m]}
is called a cylinder set. We denote the set of cylinder sets by C(Q,7) < Pow(Q).
Recall that we define the product o-algebra F? to be the one generated by (i.e., the
smallest one containing) all cylinder sets in Q?. We denote this F? = o (C(Q,7)). Further,

the following important result says that any consistent assignment of measure values to
C(Q,7) can be extended to a probability measure.

Theorem 5.2.2 (Carathéodory). Let u : C(€,7) : [0, 1] be countably additive on disjoint
cylinder sets whose union is another cylinder set, and have u(Q) = 1. Then, there exists
a unique extension of u to a probability measure on F.

We will see one way to prove the uniqueness part below in Corollary 5.2.9.

5.2.2 KOLMOGOROV EXTENSION THEOREM

The following is a close relative of the Carathéodory extension theorem, that lets us in-
stead extend sequences of finite-dimensional marginal probability distributions to infinite-
dimensional ones.

Theorem 5.2.3 (Discrete Kolmogorov extension). Suppose (Q, F) is a measurable space
and, for each n > 1, u, is a probability measure on (Q", F™). Suppose that these satisfy
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the compatibility property that, foreach 1 <m <n and A4,..., Ay, € F,

Un(Ap X - - XA XQX -+ X Q) = Uy (A X - - - X Ap).

n—m times

Then, there exists a unique probability measure P on (QN, FV) such that, for all m > 1
and all A,,..., A, € F,

PlA; X -+ - XA XQXQX -] =n(A; X - XAp).

5.2.3 1-A THEOREM

Let Q be a set. We write Pow(Q), sometimes denoted 29, for the power set of all subsets of
Q. Recall that a o-algebra F < Pow(Q) may be defined as any set of subsets that contains
Q, is closed under complements, and is closed under countable intersections or unions. The
following are two different weakenings of this notion:

Definition 5.2.4 (1r-system). We say IT = Pow(Q) is a 1r-system if it is closed under finite
intersections.

Definition 5.2.5 (A-system). We say A < Pow(Q) is a A-system if Q € A and Lambda is
closed under complement and countable union of disjoint sets.

The following is the first tool that goes along with these notions.

Theorem 5.2.6 (Dynkin 77-A theorem). Suppose that IT is a 7r-system, A is a A-system,
and IT € A. Then, o (IT) < A.

We will use this with the following particular choice of II, called the 7r-system of cylinder
sets.

Proposition 5.2.7. Let (Q, F) be a measurable space and 7 be another set. Define the
set

Il:= {{wesﬂ:wiu €B,foralla=1,...,m}:m=> 1,i1,...,imE’J,Bl,...,Bmef}
< Pow(Q7).

Then, I is a 1r-system.

The following is then immediate from Theorem 5.2.6.
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Corollary 5.2.8. In the setting of Proposition 5.2.7, suppose that A is a A-system on Q7.
Let IT be the 7r-system of cylinder sets. If IT < A, then F? < A (here F? is the product
o-algebra, which equals o (IT) by definition).

The pattern by which we use this result is that, if we want to show that some property holds
for all of F?, then it suffices to show that it holds for cylinder sets by hand, and then show
the closure properties (under complement and disjoint countable union) that show that the
set of sets for which the property holds is a A-system.

One important application is the following, essentially the same as the uniqueness clause
of both the Kolmogorov and Carathéodory extension theorems, stating that a probabil-
ity measure on a product space is uniquely determined by its values on cylinder sets.

Corollary 5.2.9. Let u, v be two probability measures on (Q?, F?) and let IT be the 11-
system of cylinder sets. If u(A) = v(A) for all A €11, then u = v.

Proof. Let A := {A € F?: u(A) = v(A)}. By the properties of probability measures A is a
A-system, and IT = A by assumption. The result then follows by Corollary 5.2.8. O

5.2.4 MONOTONE CLASS THEOREM

The following can be viewed as an analog of the 7r-A theorem for functions.

Theorem 5.2.10 (Monotone class theorem). Let IT be a 7r-system on Q such that Q € II.
Suppose that H < {h: Q — R} is a set of functions satisfying the following:

1. fAeIl, thenl, € H.

2. If h1,h, € H and c¢;1,c> € R then ¢1h; + cohy € H (i.e., H is closed under linear
combinations).

3. If h,,,h:Q — R.( are bounded and non-negative, and h,, increase pointwise to h,
then h € H (i.e., H is closed under bounded and monotone limits).

Then, # contains all bounded measurable functions h : Q — R.

5.3 DEFINITION, EXISTENCE, AND UNIQUENESS

We will define and construct discrete-time Markov chains on a general measurable state
space (S, G). The simple Markov property for countable state spaces from (5.1.1) is sensible
to generalize as follows. First, we choose a filtration (F,)n=0 of G and suppose (Y;,)nso iS
adapted to this filtration. Then, we ask that, for each A € G,

[P)[erl €A | j:n] = P[Yn+1 €A | Yn]
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By Lemma 3.2.1, we expect such a random variable to be a function of Y}, and thus for some
p:SxG—-[0,1] we will have

=p(Yy, A). (5.3.1)

However, we now run into the same issues discussed in Section 3.6, namely that it is not
necessarily always possible to parametrize conditional probabilities such that this function
p has some very basic reasonable properties. On the other hand, in this case we will usually
think of ourselves as being given a function p that defines a Markov chain, so we may simply
define a “valid” p to have these basic properties. They are as follows:

Definition 5.3.1. A function p : $ X G — [0, 1] is a (Markov) transition kernel if:
1. For all v € S, the function A — p(y,A) is a probability measure on (S, G).
2. For all A € G, the function y —~ p(y, A) is a measurable function S — [0, 1].
We also denote p, (A) := p(y,A), so that each p,, is a probability measure.
This is a slightly milder version of Definition 3.6.1 that we encountered earlier.
With this, we may also define a Markov chain. Intuitively, a Markov chain is supposed
to be the law of a process where we first draw Yy ~ uo for some probability measure py on
(S,G), and then repeatedly draw Y, ~ py, ,. This is not an entirely rigorous formulation

when we want to describe sampling an infinite string (Y,,)nen, S0 instead we ask for (5.3.1)
to hold, which is a more formal way of asking for the same structure.

Definition 5.3.2. (Y;,) is a Markov chain with respect to the filtration (¥, ) having tran-
sition kernel p and initial distribution uy if:

1. (Y,) is adapted to (Fy).

2. LaW(Y()) = MUo.

3. P[Y,.1 € A Fnl = p(Yy,,A) almost surely for each n > 0 and A € G. We call this
the weak Markov property.

We call (ug, p) the data of the Markov chain.

The main result we will show is the following, stating that we may construct an essen-
tially unique Markov chain with any given initial distribution and transition kernel.

Theorem 5.3.3. Let pp be a probability measure on (S,G) and p: S X G — [0,1] a tran-
sition kernel. Then, there exists a probability space (Q, F,P) and a family of random
variables Y, : Q — S such that (Y}),en is @ Markov chain with data (ug, p). Further, if
(Y, )nen is another such Markov chain, then Law((Yy)nen) = Law((Y},) nen)-
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Proof. We construct u, that we hope to be a suitable law for (Yy,...,Y,) € S"*! and then
invoke the Kolmogorov extension theorem, Theorem 5.2.3. We do this by induction. First,
we are forced to choose Yy = po. Now, if the weak Markov property is to hold, on cylinder
sets we must have

P[(Yy,...,Yn) € Ag X - - - X Ay ]
=P[Yy € Ag,...,Yn € Ayl
= E[1{Yy € Ao} - - - L{Yy, € Ay}]
= E[E[1{Y) € Ao} - - - L{Yy € A} | Fn-1]]
= E[1{Yo € Ao} - - - 1{Yn1 € Ay 1}P[Yn € Ay | Frn1l]
=[E[1{Yp € Ao} -+ - L{Ypn1 € Ap1ip(Yn-1,An)]. (weak Markov property)

In integral notation and rewriting in terms of the marginal distributions u,,, we then expect
the u, to satisfy

Hn(Ag X =+ = X Ay) = J p(Yn_1,An)dpn-1(Yo, ..., Yn-1)
(050 Yn-1)EAQX - - XApn_1

J Apn-1(Y0, -+, Yn-1) Apy, , (Yn)-
(20, Yn-1)EAQX - X An—1 Yn€An

We take the above to be the recursive definition of the u, on cylinder sets, which, by the
Carathéodory extension theorem, Theorem 5.2.2, determines unique probability measures
U, (you may check the additivity condition as an exercise). This definition is also sometimes
written fully expanded, as

Hn(Ag X - - X Ay) = J duo (o) dpy, (y1) - - - j apy, ,(¥n),
YoEA) Y1E€AL Yn€An
which is equivalent.
Next, we plan to use the Kolmogorov extension theorem, Theorem 5.2.3, to build P from
these u,. To check the compatibility condition, note that, by definition,

IJVL(AOX T ><An—l XS)

p(Yn-1,S)dun-1(>o,..., Yn-1)
Apn-1(Yo, ..y Yn-1) = Un-1(Ag X =+ - X Ap_1),

and the more general form follows inductively.

Thus Theorem 5.2.3 applies and gives that there is a probability space (Q, F,P) and
random variables Y, such that Law((Yy,...,Yy)) = u,. By our construction of u, above
it then follows that these satisfy Law(Yy) = pg. And, Theorem 5.2.3 actually gives such a
realization with Q = S™ where the random variable Y,, is just the nth coordinate of w € SV,
i.e., a realization w € SV is itself the string (Y,)nen. We have seen above that the weak
Markov property uniquely specifies the marginal distributions p,, of Law((Y}),en), and thus
the uniqueness of this law follows from the uniqueness clause of Theorem 5.2.3, provided
P satisfies the weak Markov property.
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It remains to check that the weak Markov property actually holds. Recall that this asks
that, foralln = 1and all A € G,

PlY,€A| Fn_1] @ p(Y,_1,A) almost surely.
By the definition of conditional expectation, this asks that, for all B € ‘F,,_1, we have
E[1{B}1{Y, € A} € E[1{B}p(Yn 1, A)]. (5.3.2)

Our definition of the u, above shows that this is satisfied for cylinder sets B = Ay X - - - X
Au_1. To extend it to general B € F,,_1, we use the 17-A theorem, Theorem 5.2.6. In partic-
ular, the result follows by Corollary 5.2.8 using the above observation, once we check that
the sets B € F,,_; that satisfy (5.3.2) are a A-system, which you may do as an exercise. O

Definition 5.3.4. We write P, for the unique law of (Y, )nen @ Markov chain with data
(Ho, p), keeping the dependence on the transition kernel p implicit. We write E,, for
the expectation with respect to P,,. And, we define P := Ps, and Ey := Es,.

The following intuitive result says that a Markov chain started from a random point
has the law of a mixture of Markov chains started from deterministic points with suitable
weights. It is another nice exercise in using the 17-A theorem.

Proposition 5.3.5. Suppose A € GN (so A = SN). Then, for any pg a probability measure
onsS,

PulAl = | PyLATduo(3). (5.3.3)

Proof. Let A = GN be the set of all A for which (5.3.3) holds. A contains every cylinder set A
by the definition of the u, in our construction, and is a A-system by standard properties of
probability measures. The result then follows by Corollary 5.2.8. O

5.4 MARKOV PROPERTIES

Let us write Y = (Yo, Y1,...) € SN for the entire string of outcomes of a Markov chain. The
weak Markov property may be written as the statement that, for all A € G,

E [1{Yn+l S A} |.Tn] = l?(Yn,A) = ZN[%D

~Pug

[1{Z, € A}].

Y;

Here the second expectation involves drawing from the random measure Py, indexed by the
random variable Y,,. It requires a bit of care to make sure that an expectation with respect to
such a random measure actually satisfies the measurability property required of a random
variable, but you may check that this follows from the measurability condition we impose
on Markov transition kernels.
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Another way to write this property is to introduce the operator
shift,,, (Y) := (Y, Yins1,-..).

Recall that, in our construction of Markov chains, we may as well view (S¥, GN) = (Q, F)
to be the measurable space we are working over. Then, any given measurable function
F : SN — R, which we may think of as a function F(Y) of the outcome of the Markov chain,
is actually itself a random variable. Likewise, F o shift,, is also a random variable. Thus, if
we define F(y) := 1{y; € A}, then the above is equivalently the more compact equality

E[F o shifty | Ful = E[F].

We now explore some additional, strengthened Markov properties, which give stronger
senses in which “the future and the past are independent conditional on the present” in a
Markov chain.

Theorem 5.4.1 (Intermediate Markov property). Let F : S¥ — R be bounded and mea-
surable and 7 > 0. Then, almost surely,

E[F o shift, | Fnl = E[F]. (5.4.1)

E
Yn
Equivalently in the previous notation, almost surely

[E [F(Yn;Yn+1,---)|fn]:ZN[]ﬂ':)

~Pyq v

[F(Zo,Z1,...)].

Proof Sketch. We apply the monotone class theorem, Theorem 5.2.10, with the 7T-system IT
of cylinder sets of SN. You may check as an exercise using the properties of conditional
expectation that the collection of bounded measurable F for which (5.4.1) holds indeed
satisfies Conditions 2 and 3 of the Theorem. It then suffices to check that (5.4.1) holds for
F = 1, the indicator of a cylinder set A = Ag X - - - X A;;, XS X § x --- for A; € G. In this
case, (5.4.1) reduces to the statement

[P[Yn EA()’YTL+1 GAI’---;Yner e141/}1 |fn] = 1{Yn EAO}ZPr [Zl EAl,---;Zm EAm];

~ [PYn

which amounts to checking the defining property of conditional expectation again, using a
slightly generalized version of the argument above for the weak Markov property using the
1T-A theorem. O]

The following is an important application that lets us “factorize”
Corollary 5.4.2 (Chapman-Kolmogorov equations). Forany m,n > 0, y € §,and A € G,

Y~Py Y~Py | Z~Pyy,
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Proof. Using the tower property and intermediate Markov property, we have

Pr [Ym+n € A] = [ [1{Ym+n € A}]
Y~P, Y~

y

E [ E [1{Ym+neA}|fn]]

Y~P, | Y~P,

E [ E [1{Zn€A}]],

Y~Py | Z~Pyy,,
as claimed. O

The next result is the strongest kind of Markov property we consider, which will be
very useful for studying the times at which we reach various states (if at all) in Markov
chains.

Theorem 5.4.3 (Strong Markov property). Let N be a stopping time. Recall that we
define the associated o-algebra Fy = {A : An{N < n} € F,foralln = 0}. For
F : SN — R bounded and measurable, viewed as before as a random variable on the
probability space associated to a Markov chain, we have

lEE[FoshiftN | Fn]-1{N < o0} = 1£E[F] - 1{N < oo}.

We note that the restriction to the event {N < o} is crucial, or else neither side is well-
defined.

Proof. It suffices to check that, for each A € Fy with A € {N < «}, we have
E[(F o shifty)1{A}]1 2 E [E[F]l{A}] ,
Ho Ho | YN

or equivalently

E [F(Yy, Ynet,..)1{412 E [ E [F(Zo,Zl,...)]l{A}].
Y ~Py, Y~Py, | Z~Yn

Starting from the left-hand side, we expand by the possible values of N:

E [F(Yn,Yns1,...)1{A}] E [ZF(Yn,Yn+1,...)1{A,N:n}]
Y ~Py, Y~Pyuy | oo

2 B [F(Yn, Ynir, )HAN = n}]
n=0"""Ho

but now, by the definition of Ty, we have {A,N = n} € F,, and so we may use the interme-
diate Markov property on every inner expectation, obtaining

= z E |: E [F(ZO,Zl,...)]l{A,NZn}],
n=0

Y~Pyy | Z~Yn

and undoing the first manipulations then gives the result. O
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5.5 COUNTABLE STATE SPACE STRUCTURE THEORY

We now focus on the special case where the state space S is countable. In this case, we may
consider the transition kernel between points,

P (x,y) =p(x,y) =PIV = ¥] = p(x, (¥}
We also define the k-step transition kernels
pM(x,¥) = PIYi =]

and by the Chapman-Kolmogorov equation from Corollary 5.4.2 expanded in the countable
case, we have

= Z p(x,x1)p(x1,x2) - - - p(Xk-1,¥). (5.5.1)

We may also associate a countable matrix P € [0,1]5%5 to the transition kernel, having
entries Py, = p(x,y). In that case, by the above equation, the transition kernels with other
numbers of steps are given by the matrix powers:

p(k)(x,y) = (Pk)xy-

5.5.1 TRANSIENCE AND RECURRENCE

We now consider one of the fundamental questions about the structure of countable state
space Markov chains: if we start from a given x € S, which y € § will we ever visit? (In
some cases one can literally ask the same question for continuous state spaces, but often it
makes more sense to ask about some quantitative version of approaching arbitrarily close
to another point if, say, S = R4.) To this end, we define the stopping times at which we visit
a point:

T := 0,
T := min{n > T¥ : Y,, = y} for each k > 0.

In words, T 3(,") is the time of the kth visit to y, where even if we start at y we do not count

that as a visit. We then consider

Pxy 1= E[TJ(,” < o] = P[ever visit y starting from x].

Definition 5.5.1. We call x € S recurrent if p,x = 1 and transient if py, < 1.

The following intuitive calculation captures the idea that, to visit y some number k
times, one must first visit y once, and then “circle back” k — 1 more times, where each time
y is visited one effectively “starts over” by the Markov property.
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Theorem 5.5.2. [P’x[TyQ < o] = nypgi}l-

Proof. The case k = 1 is by definition of py,. For k > 2, we will apply the strong Markov
property. Define F(y) := 1{y; = y for some y; > 1}. The strong Markov property with
respect to the stopping time Tj(,kfl) then gives

PIT{ < 0] = E[1{T{Y < oo}]

E [F(YT;kfn, Y.

Y ~Py T}"’”+1"")1{T§k_l) < oo}]

Y-p, YQE[PX[F(YTJ(/’{&)’YT;’“““"") |fTJ(/k,1>]1{TJ(/k71) < oo}:|

E E - [F(Zo,Z1,..)1UTE Y < oo}
YNIPX ZN'PYT(k—l)
L v

but now, since by definition YT3(/k—1) = vy, we have

E [ E [F(Zo,zl,...)]l{:r;k1><oo}]
Y~Px | Z~P,

JE [F(Z0,21,..01- E (1T, Y < o} |

Y Y ~Py

= pyy - PITYH Y < 0],

and the result follows by induction. O

This result has some very useful consequences. First, we can derive the follow basic
more qualitative properties about visiting states infinitely many times.

Corollary 5.5.3. The following hold for any y € S:
1. If y is recurrent, then P, [return infinitely many times to y] = 1.
2. If y is recurrent, then P, [visit y infinitely many times to] = py, for any x € §.

3. If y is transient, then P, [visit y infinitely many times to] = O for any x € S.

Second, we obtain the following important characterization of recurrence. We define the
random variable

N(y) = #{visits to ¥} = > 1{Yy, = ¥}.

n=1

Theorem 5.5.4. y € S is recurrent if and only if E,[N(¥)] = >, Py[Yy = ] = oo. If
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7y is transient, then for any x € S,

pX_’)/
E[N(y)] = ———— < co.

One interpretation of the first part is as a statement that the Borel-Cantelli lemma is tight
when applied to the events {Y,, = y} forn > 1.

Proof. We expand
EyN(v) = > Py[N(y) = k]

= Z IPy[TJ(/k) < 0]

and the stated equivalence follows. The second claim follows from the same calculation
from initial state x. O]

5.5.2 APPLICATION: LATTICE RANDOM WALKS

As an application, we consider the simple random walk on Z4: this may be viewed as the
lattice or “grid” graph where two integer vectors are adjacent if and only if they differ by
exactly 1 in exactly one coordinate.

Theorem 5.5.5 (Polya). 0 € 74 is recurrent for the simple random walk if and only if
de {1,2}.

Proof Sketch. It suffices to estimate P[Y,, = 0] and apply Theorem 5.5.4. We give a heuristic
way to do this. Note that we may view

for v; ~ Unif({e;, —ey,...,eq, —e4}) ii.d. random vectors. We calculate Ev; = 0 and Ev;v,; =
éI 4. By the multivariate central limit theorem, we then have

)zw(o,;ld>.

1
—Y,
"

More heuristically, for Y;, itself we have

Law (

Law(Y,) ~ N (0, gId) .
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Even more heuristically, let us estimate the probability that Y;, is exactly O by the probability
of falling in a small box around O:

1 174

P[Yne 53] ]

e [oe[-24)]
g~N(0,21,) g 22

1 1 T(n )1 )
= ————exp|—zx" (51;) x| dz
J[—i,;]d det(2m 714) ( 2 d

2mr \ 42 d ’

_ (dn> L-;,;]d exp(—%llmll ) da

for large n, the integral is close to 1 (the volume of the box), and the leading term is up to a
constant depending only on d,

PLY, = 0]

Q

= n_d/z.

Thus, we have EgN(0) < ,,.; n~%/2, which indeed diverges if and only if d < 2. O]

5.5.3 ACCESSIBILITY GRAPH
We now return to the general structure theory for countable state spaces. In particular, we

focus on the following notion.

Definition 5.5.6. We say that v € S is accessible from x € S if py, > 0. We also
always let x € S be accessible from itself. We denote this relation x — 7y, and write
x < y if both x — y and y — x. This defines a directed graph on S, which we call the
accessibility graph.

We next establish some of the basic properties of the accessibility graph.

Proposition 5.5.7. If py, > 0, then there exists some k > 1 and xy,...,xx-1 € S such
that p® (x,¥) = p(x,x1)p(x1,%x2) - - - p(xk-1,¥) > 0.

Proof. We have by union bound

pxy = P[Yi = y for some k > 1] < k; Py[Yi = ¥] = k;p”‘)(x,y),

so if py, then there must exist k such that p'* (x,y) > 0. The existence of a suitable path
X1,...,Xk_1 then follows by the expansion in the Chapman-Kolmogorov equation (5.5.1). O
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Proposition 5.5.8. If x — y and y — z, then x — z.

Proof. If either x = y or y = z, the result is immediate. Otherwise, we have py,,p,. > 0.
By Proposition 5.5.7, there exist k, £ such that p* (x, y),p¥(y,z) > 0. By the Chapman-
Kolmogorov equation, we then have p**+% (x, z) > 0. 0O

Theorem 5.5.9. If x is recurrent and x — y, then y is recurrent and px, = pyx = 1. In
particular, we also have x < y.

You can think of the first claim as saying that recurrence is contagious under accessibility.

Proof. The case x = y is immediate, so suppose x # Y.

We first show p,x = 1. Suppose otherwise. Since py, > 0, by Proposition 5.5.7 there
exist x1,...,Xx-1 € S such that p(x,x1) - - - p(xx-1,y) > 0. Choose the smallest possible
such k, then we must have that x1,...,xx_1 # x (or else a suffix of these sequence would be
a shorter one with the same property). Then, as you may check by the intermediate Markov
property, we have

0 = P[never return to x|
b
> p(x,x1) - - p(xXk-1,y) P[never visit x]
y
=p(x,x1) - p(xXk-1,¥) - (1 = pyx).

The right-hand side must equal 0, but the first factor is positive, so we must have p,. = 1.

We next show that y is recurrent. We verify the condition of Theorem 5.5.4 for this.
Since p,x = 1 > 0, again by Proposition 5.5.7 there must exist an ¢ such that p®(y,x) > 0.
Then, we have

EN(») = > P[Yn = ]

nx=1
=> ™,y > > ptmh(y, y)
nx=1 n=1

and by the Chapman-Kolmogorov equation

> > pO oy, x)p™(x,x)p™* (x,y)

nx=1
=pP (v, x)p®(x,9) - > p™(x,x)
nx=1
= Q0

the conclusion following since the first factor is positive and the second diverges by the
recurrence of x.

Finally, to show py, = 1 we may simply reverse the roles of x and y and repeat the
argument for p, = 1. O
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From this, we learn some structure theory about the subgraph of the accessibility graph
induced on the recurrent states. Let us define

R := {x € §: x recurrent},
Ry:i={yeS:x -y}

Corollary 5.5.10. The following hold:

1. < is an equivalence relation on R, and R, is the equivalence class of x under this
relation.

2. There exist {x;}ics € S for some countable (finite or countably infinite) set 7 such
that Ry, are disjoint and R = [ |;c; Ry,

3. The induced subgraph of the accessibility graph on any Ry, for i € 7 contains
every edge oriented in both directions.

5.5.4 FUNDAMENTAL STRUCTURE THEOREM

Finally we arrive at our main decomposition of the accessibility graph.

Definition 5.5.11. We say that a set of states A c S is:
- closed if whenever x € A and pyx, > 0 then y € A, and

- Irreducible if py, > 0 for all x,y € A.

The following are some basic properties of these notions that you can verify as an exer-
cise.

Proposition 5.5.12. The following hold:
1. If Ais closed and x € A, then P,[Y,, € A] =1 for any n > 1.

2. Each R, is both closed and irreducible.

The following gives a partial converse to the second point of the previous Proposi-
tion.

Proposition 5.5.13. Let A < S be finite. Then, the following hold:
1. If A is closed, then there exists x € A that is recurrent.

2. If A is closed and irreducible, then all x € A are recurrent and A = R, for any
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x € A. Thus, if A is finite, then A is closed and irreducible if and only if A = R,
for some recurrent x.

Proof. For the first part, suppose that A is closed but all x € A are transient. Pick some
x € A. Then, using Theorem 5.5.4 and the first part of Proposition 5.5.12, we have

<Y Y S ENOI=EY S Y=y =EY 1=,
L= pyy x * g

yeA yeA yeAn=1 n=1

a contradiction. For the second part, by the first part there exists x € A recurrent, so by the
irreducibility of A and Theorem 5.5.9, all x € A are recurrent. O

Example 5.5.14. The case of the simple random walk on S = 73 and A = S gives an
example of an infinite A that is closed but consists only if transient states.

Thus the partition R = | |;c; Ry, achieved above is into disjoint subsets that are both
closed and irreducible. Our main theorem generalizes this to a partition of all of S.

Theorem 5.5.15 (Structure theorem for countable state space Markov chains). The rela-
tion - is an equivalence relation on S whose equivalence classes are irreducible sets of
states. Let S = | |;c; C; be the partition into these classes for some countable index set
1. Define a directed graph H on vertex set {C;};c7, where we include an edge C; — Cj if
and only if there exists x € C; and v € C; such that x — y (or equivalently py, > 0).
This may be viewed as a suitable kind of quotient of the full accessibility graph G on
vertex set S. We call a vertex a leaf of a directed graph if it has no outgoing edges. This
decomposition and graph structure have the following properties:

1. For each i € 7, the induced subgraph of G on vertex set C; includes every edge in
both orientations.

2. The directed graph H is acyclic (containing no directed cycles).

3. C;is aleaf of H if and only if it is closed (recall that all C; are by construction also
irreducible).

4. Every R, is some leaf of H; in particular, all recurrent states lie in the leaves of H.

5. Every finite leaf of H is R, for some recurrent x.

Proof. All results are immediate from our previous ones except that H is acyclic. To see
this, note that if there were a cycle among some C;,,..., Cj,, then since all pairs of vertices
in a given C; are mutually accessible, there would be x;, € C;, such that x;, - x;,,, for
each a € [k], with index arithmetic modulo k. But then, any x € (;, and y € C;, would
be mutually accessible, and so the C;, would all belong to the same equivalence class of the
relation ~. O]
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Corollary 5.5.16. If S is finite, then the leaves of H are all among the R, and their union
is exactly R.

Corollary 5.5.17. If all of S is irreducible and any x € S is recurrent, then all x € S are
recurrent and H has a single vertex that is all of S. Further, if S is finite and irreducible
then all x € S are recurrent.

Example 5.5.18. Any leaf of H that contains transient states must be infinite. A simple
example is a random walk on {v} L Z3 that from v stays at v with probability 1/2 and
goes to 0 € 73 with probability 1/2, and on 73 evolves according to the simple random
walk. Then, the equivalence classes of — are {v} and 73, the graph H is {v} — 73, and
73 is an infinite leaf all of whose states are transient.

5.6 STATIONARY MEASURES, CONVERGENCE, AND ERGODICITY

In the above context, we say that S is recurrent if all x € S are recurrent. We now focus
mostly on the case where S is irreducible and recurrent and consider “how much time” a
Markov chain spends in each state. To make this more precise, consider the probability
measures on S

“x,n(y) = E[Yn = y]-

We ask whether the py, converge to some limiting p. Note that we have, by the Chapman-
Kolmogorov equation,

“x,n(y) = E[Yn = y]

=p"™(x,¥)

= > p" V(x,2)p(z,¥)
zeS

= > p"Vix,2)p(z,»)
zeS

= > en-1(2)p(2,).
zesS

Thus, since the hypothetical limiting y should be a fixed point of this relation, we make the
following definition.

Definition 5.6.1 (Stationary measure). A measure u (not necessarily a probability mea-
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sure) is stationary if, for all x € S,

px) = > u»py,x) = > ux»p®y,x)

YES YES

for any k > 1.

We note that the case k > 2 follows from k = 1 by the Chapman-Kolmogorov equation.
The following examples show that we will need to be careful in understanding when
there exists a stationary probability measure, and when that is unique.

Example 5.6.2. Consider the simple random walk on Z. u is stationary if and only if,
forall x € 7, u(x) = %(u(x —1) + u(x +1)). You may check that this implies that
there is no stationary probability measure, and all stationary measures are of the form
u(x) =cforall x €S, for some c > 0.

Example 5.6.3. Consider the Markov chain on a set S where p(x,x) = 1 for all x € S.
Then, any measure u (probability or otherwise) is stationary.

5.6.1 EXISTENCE AND UNIQUENESS

Define the time
Ty:=minin=1:Y, = x}.

When we initialize from x, then this is the first time we return to x.

Theorem 5.6.4 (Existence). Suppose x is recurrent. Define

Tx—1 ©
Ux(2):=E > UYn =y} =D PlYn=y T >n]
n=0 n=0

Then, . is a stationary measure.

Remark 5.6.5. We make the following notes:

- It is an exercise in your homework to show that u,(y) < o for all y, so we leave this
out of the proof below.

- My is a finite measure, and therefore renormalizable to a probability measure, if and
only if E,Tx < oco. Thus for instance from the above reasoning in Example 5.6.2 we
find that for the simple random walk on Z we have EqTy = .

- We have u,(y) > 0if and only if py, > 0 if and only if y € R,.

- We have p,(x) = 1.
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Proof. Let us define
an(x,y) = E[Yn =y, Tx > nl.

After expanding the definition of stationarity and p, we need to show that, for each z € S,
we have

(o]

D an(x,2) = > > an(x,»)p(y,2).

n=0 n=0yes

We consider two cases separately.
First, suppose z + x. Then, we have

2 2 e p(y,2) = > Y PlYn=yTc >nlp(y,2)

n=0yes n=0yes

3

Z Z Q[Yn =¥, Tx >n,Yp1 = Z]
n=0yes

3

= 2. PlYni =2, Tc>n+1]

n

I
(=)

Il
M8

An+1(x,2),

i
(=]

and this gives the result since qo(x, z) = 0 whenever x = z.
Next, suppose z = x. We have by a similar calculation

> 2 anle YIp(y,x) = 30 3 PlYn =y, Tc > nlp(y,x)

n=0yes n=0yes

3

E E PlY, =v,Tx >n,Yy = X]
X
n=0yes

M8

[TX =n+1]
n:O
= > P[Tx = nl]
n=0 X
=1
= Hx(x),
where we have used that P,[T, = 0] = 0 by construction. O

Theorem 5.6.6 (Uniqueness). If S is irreducible and recurrent, and u, v + 0 are station-
ary, then u = ¢ - v for some ¢ > 0.
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Example 5.6.7. Combining with the reasoning in Example 5.6.2, we find that indeed all
of the stationary measures are the constant measures. Thus, py must also be a constant
measure, Ug(y) = ¢ for all y € Z. Since uy(0) = 1, we must have ¢ = 1. Interpreting
this in words, the expected number of visits by the simple random walk to any y € 7
before returning to 0, no matter how large or small, equals 1.

Proposition 5.6.8. Suppose S is irreducible and recurrent and py # 0 is a stationary
measure. Then, pu(x) > 0 for all x € S.

Proof. Since u + 0, we may pick some x € S for which u(x) > 0. Let y € S. Since S
is irreducible, py, > 0, and thus by Proposition 5.5.7 there exists some k > 1 such that
p®(x,y) > 0. Then, by stationarity,
p(y) => u2)p*zy) =z ux)p®x,») >0,
z
as claimed. O

We note that this also admits a partial converse, as follows.

Proposition 5.6.9. Suppose u is a stationary probability measure and p(x) > 0. Then,
X is recurrent.

Proof. We have, using Theorem 5.5.4, since x is recurrent

0= > p(x)

n=1

=> > up™(y,x)
n=1yes

= 2 1) X PlYy =x]
yeSs n= Y

= > u(y)E[N(x)]
yes ¥

_ Pyx
y%su(y)l -

and using that u(y) is a probability measure and p,, < 1, we have

1
< .
1- Pxx
Thus we must have py, = 1 and x is recurrent. O
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Proof of Theorem 5.6.6. Let u© + 0 be stationary and pick some x € S. By Proposition 5.6.8,
@ (x) > 0. Let u(y) := u@(y)/u®(x). This is also a stationary measure that is propor-
tional to u© and satisfies pu(x) = 1. It then suffices to show that any stationary measure u
with pu(x) =1 has u = .

It further suffices to show that y > pu,. If we have this, then let ' (v) := u(y) — ux(y).
This is again another stationary measure, with u’(x) = 0. But then, by Proposition 5.6.8 we
must have y’ = 0, and so u = .

To show u = u,, we consider the following kind of expansion, using stationarity repeat-
edly:

H(y) = > u(zo)p(zo,y)
Z0

=p(x,¥)+ > p(zo)p(zo,»)

ZOFEX

=p(x,¥)+ > > uz)p(z1,20)p(z0,¥)

=p,y)+ > px,z0)p(z0,¥)+ > u(z)p(z1,20)p(20,¥).

ZoFEX Z0,Z1#FX

Note we may interpret the first two terms here as Py [Y; = v, Ty > 1] and P [Y> = v, Ty > 2].
Repeating this procedure and throwing out the last sum, we get that, for each N > 1,

N N
p(y) = > PlYn=y,Tc>nl= > anlx,y).
nzlx n=1
Taking N — oo then gives u(y) > u,(y). O]

5.6.2 CONVERGENCE

We now focus on the case where a Markov chain has S irreducible and recurrent and has a
stationary probability measure u, which then by Theorem 5.6.6 is unique. We ask, when do
we have that iy, w, u?

One simple obstruction is periodicity: consider for example the simple random walk on a
cycle graph of even length. It is easy to check that the unique stationary probability measure
is the uniform measure on the vertices. On the other hand, u, , is supported on disjoint
subsets of vertices depending on whether n is even or odd. We make a definition to exclude

this possibility.

Definition 5.6.10. A Markov chain is aperiodic if, for all x € S recurrent, there exists
some 1 = n(x) € N such that p™ (x,x) > 0 for all n > ny. Equivalently, the greatest
common divisor of the integers {n € N : p™(x,x) > 0} equals 1 (you may verify this
equivalence as a simple number-theoretic exercise).

The following expresses that this is in fact the only obstruction.
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Theorem 5.6.11. Suppose a Markov chain on S is aperiodic and has S irreducible and
recurrent. Suppose also this chain has a stationary probability measure u. Then, for all

(w)

X €S, HUxn — H.
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