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Preface

Random walk — the stochastic process formed by successive summation of
independent, identically distributed random variables — is one of the most basic
and well-studied topics in probability theory. For random walks on the integer
lattice Z9, the main reference is the classic book by Spitzer (1976). This text
considers only a subset of such walks, namely those corresponding to incre-
ment distributions with zero mean and finite variance. In this case, one can
summarize the main result very quickly: the central limit theorem implies that
under appropriate rescaling the limiting distribution is normal, and the func-
tional central limit theorem implies that the distribution of the corresponding
path-valued process (after standard rescaling of time and space) approaches
that of Brownian motion.

Researchers who work with perturbations of random walks, or with particle
systems and other models that use random walks as a basic ingredient, often
need more precise information on random walk behavior than that provided by
the central limit theorems. In particular, it is important to understand the size
of the error resulting from the approximation of random walk by Brownian
motion. For this reason, there is need for more detailed analysis. This book
is an introduction to the random walk theory with an emphasis on the error
estimates. Although “mean zero, finite variance” assumption is both necessary
and sufficient for normal convergence, one typically needs to make stronger
assumptions on the increments of the walk in order to obtain good bounds on
the error terms.

This project was embarked upon with an idea of writing a book on the simple,
nearest neighbor random walk. Symmetric, finite range random walks gradually
became the central model of the text. This class of walks, while being rich
enough to require analysis by general techniques, can be studied without much
additional difficulty. In addition, for some of the results, in particular, the local
central limit theorem and the Green’s function estimates, we have extended the

iX



X Preface

discussion to include other mean zero, finite variance walks, while indicating
the way in which moment conditions influence the form of the error.

The first chapter is introductory and sets up the notation. In particular, there
are three main classes of irreducible walk in the integer lattice Z¢ — P, (sym-
metric, finite range), PL/i (aperiodic, mean zero, finite second moment), and
P’ (aperiodic with no other assumptions). Symmetric random walks on other
integer lattices such as the triangular lattice can also be considered by taking a
linear transformation of the lattice onto Z¢.

The local central limit theorem (LCLT) is the topic for Chapter 2. Its proof,
like the proof of the usual central limit theorem, is done by using Fourier analysis
to express the probability of interest in terms of an integral, and then estimat-
ing the integral. The error estimates depend strongly on the number of finite
moments of the corresponding increment distribution. Some important corollar-
ies are proved in Section 2.4; in particular, the fact that aperiodic random walks
starting at different points can be coupled so that with probability 1 — O (n~1/?)
they agree for all times greater than n is true for any aperiodic walk, without
any finite moment assumptions. The chapter ends by a more classical, combi-
natorial derivation of LCLT for simple random walk using Stirling’s formula,
while again keeping track of error terms.

Brownian motion is introduced in Chapter 3. Although we would expect
a typical reader to be familiar already with Brownian motion, we give the
construction via the dyadic splitting method. The estimates for the modulus of
continuity are also given. We then describe the Skorokhod method of coupling
arandom walk and a Brownian motion on the same probability space, and give
error estimates. The dyadic construction of Brownian motion is also important
for the dyadic coupling algorithm of Chapter 7.

Green’s function and its analog in the recurrent setting, the potential kernel,
are studied in Chapter 4. One of the main tools in the potential theory of random
walk is the analysis of martingales derived from these functions. Sharp asymp-
totics at infinity for Green’s function are needed to take full advantage of the
martingale technique. We use the sharp LCLT estimates of Chapter 2 to obtain
the Green’s function estimates. We also discuss the number of finite moments
needed for various error asymptotics.

Chapter 5 may seem somewhat out of place. It concerns a well-known
estimate for one-dimensional walks called the gambler’s ruin estimate. Our
motivation for providing a complete self-contained argument is twofold. First,
in order to apply this result to all one-dimensional projections of a higher
dimensional walk simultaneously, it is important to show that this estimate
holds for non-lattice walks uniformly in few parameters of the distribution
(variance, probability of making an order 1 positive step). In addition, the
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argument introduces the reader to a fairly general technique for obtaining the
overshoot estimates. The final two sections of this chapter concern variations of
one-dimensional walk that arise naturally in the arguments for estimating prob-
abilities of hitting (or avoiding) some special sets, for example, the half-line.

In Chapter 6, the classical potential theory of the random walk is covered in
the spirit of Spitzer (1976) and Lawler (1996) (and a number of other sources).
The difference equations of our discrete space setting (that in turn become matrix
equations on finite sets) are analogous to the standard linear partial differential
equations of (continuous) potential theory. The closed form of the solutions
is important, but we emphasize here the estimates on hitting probabilities that
one can obtain using them. The martingales derived from Green’s function are
very important in this analysis, and again special care is given to error terms.
For notational ease, the discussion is restricted here to symmetric walks. In
fact, most of the results of this chapter hold for nonsymmetric walks, but in this
case one must distinguish between the “original” walk and the “reversed” walk,
i.e. between an operator and its adjoint. An implicit exercise for a dedicated
student would be to redo this entire chapter for nonsymmetric walks, changing
the statements of the propositions as necessary. It would be more work to relax
the finite range assumption, and the moment conditions would become a crucial
component of the analysis in this general setting. Perhaps this will be a topic
of some future book.

Chapter 7 discusses a tight coupling of a random walk (that has a finite
exponential moment) and a Brownian motion, called the dyadic coupling or
KMT or Hungarian coupling, originated in Kémlos et al. (1975a, b). The idea
of the coupling is very natural (once explained), but hard work is needed to
prove the strong error estimate. The sharp LCLT estimates from Chapter 2 are
one of the key points for this analysis.

In bounded rectangles with sides parallel to the coordinate directions, the
rate of convergence of simple random walk to Brownian motion is very fast.
Moreover, in this case, exact expressions are available in terms of finite Fourier
sums. Several of these calculations are done in Chapter 8.

Chapter 9 is different from the rest of this book. It covers an area that includes
both classical combinatorial ideas and topics of current research. As has been
gradually discovered by a number of researchers in various disciplines (combi-
natorics, probability, statistical physics) several objects inherent to a graph or
network are closely related: the number of spanning trees, the determinant of
the Laplacian, various measures on loops on the trees, Gaussian free field, and
loop-erased walks. We give an introduction to this theory, using an approach
that is focused on the (unrooted) random walk loop measure, and that uses
Wilson’s algorithm (1996) for generating spanning trees.
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The original outline of this book put much more emphasis on the path-
intersection probabilities and the loop-erased walks. The final version offers
only a general introduction to some of the main ideas, in the last two chapters.
On the one hand, these topics were already discussed in more detail in Lawler
(1996), and on the other, discussing the more recent developments in the area
would require familiarity with Schramm-Loewner evolution, and explaining
this would take us too far from the main topic.

Most of the content of this text (the first eight chapters in particular) are
well-known classical results. It would be very difficult, if not impossible, to
give a detailed and complete list of references. In many cases, the results were
obtained in several places at different occasions, as auxiliary (technical) lemmas
needed for understanding some other model of interest, and were therefore not
particularly noticed by the community. Attempting to give even areasonably fair
account of the development of this subject would have inhibited the conclusion
of this project. The bibliography is therefore restricted to a few references that
were used in the writing of this book. We refer the reader to Spitzer (1976)
for an extensive bibliography on random walk, and to Lawler (1996) for some
additional references.

This book is intended for researchers and graduate students alike, and a
considerable number of exercises is included for their benefit. The appendix
consists of various results from probability theory that are used in the first
eleven chapters but are, however, not really linked to random walk behavior.
It is assumed that the reader is familiar with the basics of measure-theoretic
probability theory.

& The book contains quite a few remarks that are separated from the rest
of the text by this typeface. They are intended to be helpful heuristics for the
reader, but are not used in the actual arguments.

A number of people have made useful comments on various drafts of this
book including students at Cornell University and the University of Chicago. We
thank Christian Benes$, Juliana Freire, Michael Kozdron, José Truillijo Ferreras,
Robert Masson, Robin Pemantle, Mohammad Abbas Rezaei, Nicolas de Saxcé,
Joel Spencer, Rongfeng Sun, John Thacker, Brigitta Vermesi, and Xinghua
Zheng. The research of Greg Lawler is supported by the National Science
Foundation.
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Introduction

1.1 Basic definitions

We will define the random walks that we consider in this book. We focus
our attention on random walks in Z¢ that have bounded symmetric increment
distributions, although we occasionally discuss results for wider classes of walk.
We also impose an irreducibility criterion to guarantee that all points in the
lattice Z? can be reached.

We start by setting some basic notation. We use x, y, z to denote points in the
integer lattice 74 = {(x1 o x? y:x € Z}. We use superscripts to denote com-
ponents and we use subscripts to enumerate elements. For example, x1, x2, . . .
represents a sequence of points in Z¢, and the point xj can be written in compo-
nent formx; = (x.l,...,xj‘.i).Wewriteel =(1,0,...,0),...,e4 =(0,...,0,1)
for the standard basis of unit vectors in Z¢ . The prototypical example is (discrete
time) simple random walk starting at x € Z¢. This process can be considered
either as a sum of a sequence of independent, identically distributed random
variables

Sp=x+X+-+X,

where P{X; = e} = P{X; = —e} = 1/(2d),k = 1,...,d, or it can be
considered as a Markov chain with state space Z¢ and transition probabilities

1
P{Sn+1:Z|Sn=)’}=2— z—ye{fer...tey).

d 9

We call V = {x1,...,x;} C Z% \ {0} a (finite) generating set if each y € Z¢
can be written as kyx| + - - - + k;x; for some ki, ..., k; € Z. We let G denote the
collection of generating sets V with the property that if x = (x!,...,x%) e V,
then the first nonzero component of x is positive. An example of such a set is
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Figure 1.1 The square lattice 7>

{e1,...,es}. A (finite range, symmetric, irreducible) random walk is given by
specifyinga V = {x,...,x;} € G and a function k : V — (0, 1] with x(x1) +
--- 4+ k(x;) < 1. Associated to this is the symmetric probability distribution
on 74

1
PO) =p(—x0) = S k@), pO) =1-3 k().

xeV

We let P; denote the set of such distributions p on Z4 and P = Uda>1Pa.
Given p, the corresponding random walk S, can be considered as the time-
homogeneous Markov chain with state space Z¢ and transition probabilities

p(,2) =P{Spr1 =z | Su =y} =plz—y).
‘We can also write
Sh=S0+X1+-+X,

where X1, X>, ... are independent random variables, independent of Sy, with
distribution p. (Most of the time, we will choose Sq to have a trivial distribution.)
We will use the phrase P-walk or P;-walk for such a random walk. We will
use the term simple random walk for the particular p with

1
) — —€j) = —, | = 1,...,d.
P(e/) p( e/) 2d J
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We call p the increment distribution for the walk. Given that p € P, we write
pn for the n-step distribution

Pn(x,y) =P{S, =y | So = x}

and p, (x) = p,(0,x). Note that p,(-) is the distribution of X1 + - - - 4+ X, where
X1,...,X, are independent with increment distribution p.

& In many ways the main focus of this book is simple random walk, and a
first-time reader might find it useful to consider this example throughout. We have
chosen to generalize this slightly, because it does not complicate the arguments
much and allows the results to be extended to other examples. One particular
example is simple random walk on other regular lattices such as the planar
triangular lattice. In Section 1.3, we show that walks on other d-dimensional
lattices are isomorphic to p-walks on Z9.

IfS, = S,{,...,Sg) is a P-walk with Sy = 0, then P{S,, = 0} > 0
for every even integer n; this follows from the easy estimate P{S,, = 0} >
[P{S; = 0}]" > p(x)?" for every x € Z¢. We will call the walk bipartite if
pn(0,0) = 0 for every odd n, and we will call it aperiodic otherwise. In the
latter case, p,(0,0) > 0 for all n sufficiently large (in fact, for all n > k where
k is the first odd integer with py (0, 0) > 0). Simple random walk is an example
of a bipartite walk since S} + - - - + S¢ is odd for odd » and even for even n. If
p is bipartite, then we can partition 74 = (74, U (Z4), where (Z4), denotes
the points that can be reached from the origin in an even number of steps and
(Z%), denotes the set of points that can be reached in an odd number of steps. In
algebraic language, (Z¢), is an additive subgroup of Z¢ of index 2 and (Z4),
is the nontrivial coset. Note that if x € (Z4),, then (Z9), = x + (Z9)..

& It would suffice and would perhaps be more convenient to restrict our
attention to aperiodic walks. Results about bipartite walks can easily be deduced
from them. However, since our main example, simple random walk, is bipartite,
we have chosen to allow such p.

If p € Py andjy,...,j; are nonnegative integers, the (ji,...,js) moment is
given by

E[XY - x{Y = ) Y o).

xeZd
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We let I" denote the covariance matrix

r=|Exixfr] .
<j.k=<d

The covariance matrix is symmetric and positive definite. Since the random
walk is truly d-dimensional, it is easy to verify (see Proposition 1.1.1 (a)) that
the matrix I" is invertible. There exists a symmetric positive definite matrix A
such that ' = A AT (see Section A.3). There is a (not unique) orthonormal
basis uy,...,uy of R such that we can write

d d
2
FXIZO']- (x - uj) uj, Ax:ZUj(x~uj)uj.
j=1 j=1
If X; has covariance matrix I' = A A7, then the random vector A~! X; has

covariance matrix /.
For future use, we define norms 7*, 7 by

T =T = A7 x? = iaﬁ x-w)?, T =d 2T,
- (1.1)
Ifp e Py,
BT = S BT 00 = S E[Ia P = 1
For simple random walk in 74,
Fr=d'l, J'W=d"7n. J@ =l

We will use B, to denote the discrete ball of radius n,

B,={xeZ: x| <n},
and C,, to denote the discrete ball under the norm 7,

Co=lxeZ: Jx) <ny=xeZ: T*x) <d'?n}.

We choose to use J in the definition of C, so that for simple random walk,
Cp = B,,. We will write R = R, = max{|x| : p(x) > 0} and we will call R the
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range of p. The following is very easy, but it is important enough to state as a
proposition.

Proposition 1.1.1 Suppose that p € P,.

(a) There exists an € > 0 such that for every unit vector u € R,
E[(Xi-u)’] = €.
(b) Ifj1,...,jqa are nonnegative integers with j1 + - - - + jq odd, then
E[(XY' - X{Y*] =0.
(c) There exists a § > 0 such that for all x,
8T () < x| <871 T ().
In particular,
Csn C By C Cpys.

We note for later use that we can construct a random walk with increment
distribution p € P from a collection of independent one-dimensional simple
random walks and an independent multinomial process. To be more precise,
letV ={x1,...,x5} € Gandletx : V — (0, 17" be as in the definition of
‘P. Suppose that on the same probability space we have defined / independent
one-dimensional simple random walks S,,1,5,.2,...,S5,; and an independent
multinomial process L, = (L,ﬁ, e, Lﬁl) with probabilities « (x1),...,x(x;). In
other words,

where Y1, Y, ... are independent Z/-valued random variables with
P{Yy = (1,0,...,0)} = k(x1), ..., P{Yy = (0,0,..., D} =« (xp),

and P{Y; = (0,0,...,0)} =1 —[k(x1) + - - - + k(x)]. It is easy to verify that
the process

Spi=x18p1 1 +x282, -+ X150 (1.2)
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has the distribution of the random walk with increment distribution p. Essen-
tially, what we have done is to split the decision as to how to jump at time #n into
two decisions: first, to choose an element x; € {x1,...,x;} and then to decide
whether to move by +x; or —x;.

1.2 Continuous-time random walk

It is often more convenient to consider random walks in Z¢ indexed by positive
real times. Given that V,«,p as in the previous section, the continuous-time
random walk with increment distribution p is the continuous-time Markov chain
S, with rates p. In other words, for each x,y € 74,

P{Sirar =y |8 =x} =p(y —x) At +o(A1), y #x,

P{Sipar=x|S=x}=1-|) ply—x) | At+o(A0.
y#X

Let pr(x,y) = P(S; = y | So = x}, and j,(y) = p:(0,) = pr(x,x + y). Then
the expressions above imply that

d
2P0 =3 PO P =) =]

yeZd

There is a very close relationship between the discrete time and continuous
time random walks with the same increment distribution. We state this as a
proposition which we leave to the reader to verify.

Proposition 1.2.1 Suppose that S, is a (discrete-time) random walk with incre-
ment distribution p and Ny is an independent Poisson process with parameter 1.
Then S‘t := SN, has the distribution of a continuous-time random walk with
increment distribution p.

There are various technical reasons why continuous-time random walks are
sometimes easier to handle than discrete-time walks. One reason is that in the
continuous setting there is no periodicity. If p € Py, then p;(x) > 0 for every
t > 0andx € Z?. Another advantage can be found in the following proposition
which gives an analogous, but nicer, version of (1.2). We leave the proof to the
reader.

Proposition 1.2.2 Suppose that p € P; with generating set V =
{x1,...,x} and suppose that S;1,...,S;; are independent one-dimensional
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continuous-time random walks with increment distribution qy, ..., q; where
qj(£1) = p(xj). Then

S i=x St,l +x2 St,z +---+x Sr,l (1.3)

has the distribution of a continuous-time random walk with increment distri-
bution p.

If p is the increment distribution for simple random walk, we call the cor-
responding walk S, the continuous-time simple random walk in Z¢. From the
previous proposition, we see that the coordinates of the continuous-time simple
random walk are independent — this is clearly not true for the discrete-time
simple random walk. In fact, we get the following. Suppose that S’,,l, ey St,d
are independent one-dimensional continuous-time simple random walks. Then,

St = Svars-sStjaa)
is a continuous time simple random walk in 74. In particular, if S’o = 0, then

PSS, = 0Ly = PiSyan = 3" - PASyas = ')

Remark To verity that a discrete-time process S, is a random walk with distri-
bution p € Py, starting at the origin, it suffices to show for all positive integers
J1 <jo<---<jrandxy,...,x; € Zd,

P{S;, = x1,...,8j, = xx} = pj, (X1) Pjo—jy (%2 — X1) * -+ Pje—jp_y Kk — Xg—1)-

To verify that a continuous-time process S, is a continuous-time random walk
with distribution p starting at the origin, it suffices to show that the paths are
right-continuous with probability one, and that for allreal t; < tp < --- < 1
andxl, Lo, Xg € Zd,

P{Stl =Xl5.-- aglk = xk} =[3[1 (xl)ﬁlzfll (X2 - xl) to I‘ifkflk_l (xk - xk—l)*

1.3 Other lattices

A lattice L is a discrete additive subgroup of R?. The term discrete means that
there is a real neighborhood of the origin whose intersection with IL is just the
origin. While this book will focus on the lattice 72 we will show in this section
that this also implies results for symmetric, bounded random walks on other
lattices. We start by giving a proposition that classifies all lattices.
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Proposition 1.3.1 IfL is a lattice in R, then there exists an integer k < d and
elements x1,...,x; € L that are linearly independent as vectors in RY such
that

L=4{ixi+-+jxe, Jji.....jk € Z}.

In this case we call L a k-dimensional lattice.

Proof Suppose first that L is contained in a one-dimensional subspace of R?.
Choose x; € L\ {0} with minimal distance from the origin. Clearly {jx; : j €
Z} C L. Also, ifx € L, then jx; < x < (j+ 1)x; forsomej € Z, butif x > jx|,
then x — jx; would be closer to the origin than xj. Hence, L = {jx; : j € Z}.

More generally, suppose that we have chosen linearly independent xi, .. ., x;
such that the following holds: if L; is the subgroup generated by x,...,xj,
and V; is the real subspace of RY generated by the vectors xi,...,x;, then

LNV, =L; If L = L;, we stop. Otherwise, let wg € L \ IL; and let

U = {twy : t € R, twg + yo € LL for some yg € V;}

= {two : t € R,two + t1x1 + - - - + tjx; € L for some 11, ..., € [0, 1]}.

The second equality uses the fact that I is a subgroup. Using the first description,
we can see that U is a subgroup of R (although not necessarily contained in LL)).
We claim that the second description shows that there is a neighborhood of the
origin whose intersection with U is exactly the origin. Indeed, the intersection
of L with every bounded subset of R? is finite (why?), and hence there are only
a finite number of lattice points of the form

two + 11x1 + - - - + 14X

with0 < ¢ < I;and 0 < 11,...,% < 1. Hence, there is an ¢ > 0 such
that there are no such lattice points with 0 < [¢| < €. Therefore, U is a one-
dimensional lattice, and hence there is a w € U such that U = {kw : k € Z}.
By definition, there exists a y; € V; (not unique, but we just choose one) such
thatxj;1 := w+y; € L. LetL;y1, Vj41 be asabove using x1, . . ., xj, xj41. Note
that Vj is also the real subspace generated by {x1, .. .,xj, wo}. We claim that
LN Vi1 = Ljy1. Indeed, suppose that z € . N Vj 1, and write z = sowo + y2
where y; € V;. Then sowy € U, and hence, sowp = [w for some integer /.
Hence, we can write z = Ixj 1 +y3 withy3 =y, — Iy; € V;. But, z — Ixjy1 €
V;NL =L;. Hence, z € Ljy;. O
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& The proof above seems a little complicated. At first glance it seems that
one might be able to simplify the argument as follows. Using the notation in the
proof, we start by choosing x4 to be a nonzero point in L at minimal distance from
the origin, and then inductively to choose x; {1 to be a nonzero point in L \ L;
at minimal distance from the origin. This selection method produces linearly
independent xq, ..., Xx; however, it is not always the case that

L={ixq+-+jkXk 1,0 Jk € Z).
As an example, suppose that LL is the five-dimensional lattice generated by
2eq, 2ep, 2e3, 2e4, €1 +€x+---+e€5.

Note that 2e5 € L and the only nonzero points in L that are within distance
two of the origin are +2e;,j = 1,...,5. Therefore, this selection method would
choose (in some order) +2eq, ..., t2e5.But, e1 +- - - +e5 is notin the subgroup
generated by these points.

It follows from the proposition that if k& < d and L is a k-dimensional
lattice in ]Rd, then we can find a linear transformation A : R? — RX that
is an isomorphism of L onto Z*. Indeed, we define A by A(xj) = e; where
X1,...,X; is a basis for L as in the proposition. If S, is a bounded, symmetric,
irreducible random walk taking values in L, then S¥ := AS, is a random
walk with increment distribution p € Pi. Hence, results about walks on 7k
immediately translate to results about walks on L. If L is a k-dimensional lattice
inR? and A is the corresponding transformation, we will call | det A| the density
of the lattice. The term comes from the fact that as r — oo, the cardinality of
the intersection of the lattice and ball of radius r in R? is asymptotically equal
to | detA| rk times the volume of the unit ball in R¥. In particular, if ji, ..., j
are positive integers, then (j;Z) x - - - x (jxZ) has density (i1, ...,jx) "'

Examples

e The triangular lattice, considered as a subset of C = R2 is the lattice
generated by 1 and ¢"/3,

Lt = {k1 +k26iﬂ/3 tki,ky € Z}

Note that ¢*7/3 = ¢7/3 — | € L. The triangular lattice is also considered
as a graph with the above vertices and with edges connecting points that are
Euclidean distance one apart. In this case, the origin has six nearest neighbors,
the six sixth roots of unity. Simple random walk on the triangular lattice is
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Figure 1.2 The triangular lattice Lt and its transformation ALt

Figure 1.3 The hexagons within Lt

the process that chooses among these six nearest neighbors equally likely.
Note that this is a symmetric walk with bounded increments. The matrix

a=fs 2]

maps Lt to 7?2 sending {1, /3, e2m/3Y 10 {e1, €2, €2 — €1 }. The transformed
random walk gives probability 1/6 to the following vectors: e, te>, (e —
e1). Note that our transformed walk has lost some of the symmetry of the
original walk.
The hexagonal or honeycomb lattice is not a lattice in our sense but rather, a
dual graph to the triangular lattice. It can be constructed in a number of ways.
One way is to start with the triangular lattice L. The lattice partitions the
plane into triangular regions, of which some point up and some point down.
We add a vertex in the center of each triangle pointing down. The edges of
this graph are the line segments from the center points to the vertices of these
triangles (see Fig. 1.3).

Simple random walk on this graph is the process that at each time step
moves to one of the three nearest neighbors. This is not a random walk in
our strict sense because the increment distribution depends on whether the
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current position is a “center” point or a “vertex” point. However, if we start
at a vertex in LT, the two-step distribution of this walk is the same as the
walk on the triangular lattice with step distribution p(+1) = p(e'” 13y =
p(Fe*™3) = 1/9;p(0) = 1/3.

When studying random walks on other lattices L, we can map the walk to
another walk on Z¢. However, since this might lose useful symmetries of the
walk, it is sometimes better to work on the original lattice.

1.4 Other walks

Although we will focus primarily on p € P, there are times when we will want
to look at more general walks. There are two classes of distribution we will be
considering.

Definition

¢ P denotes the set of p that generate aperiodic, irreducible walks supported
on Z4, i.e. the set of p such that for all x,y € 74 there exists an N such that
pn(x,y) > Oforn > N.

e P/ denotes the set of p € P’ with mean zero and finite second moment.

We write P* = Uy P}, P’ = UP).

Note that under our definition P is not a subset of P’ since P contains bipartite
walks. However, if p € P is aperiodic, then p € P’.

1.5 Generator

Iff : 74 — Risafunctionandx € Z4, we define the first and second difference
operators in x by

Vif ) =f @ +x) = f0),
1 1
VIO = 50+ + 5f 0 -0 ~f0).

Note that V2 = V2 . We will sometimes write just V;, ij for Ve, Vezj. Ifp e Py
with generator set V, then the generator £ = £, is defined by

LIG) = Y pO) VS () =Y k@ Vi) =0+ Y po)f(x+).

xeZ4 xev xeZd
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In the case of simple random walk, the generator is often called the discrete
Laplacian and we will represent it by Ap,

d
1
Apf() == Vo).
j=1

Remark We have defined the discrete Laplacian in the standard way for
probability. In graph theory, the discrete Laplacian of f is often defined to be

2d0pf )= Y [F@® —fOI.

x—yl=1

& We can define

Liy) =Y poOIfx+y) —fy]

xezZd
forany p € Pj. If p is not symmetric, one often needs to consider
LAty = > p(=x) [f(x +y) — Fy)l.
xezd

The R stands for “reversed”; this is the generator for the random walk obtained
by looking at the walk with time reversed.

The generator of a random walk is very closely related to the walk. We will
write ¥, P* to denote expectations and probabilities for random walk (both
discrete and continuous time) assuming that Sy = x or So = x. Then, it is easy
to check that

, d i
Lf) =ETESDI-fO) = EEy[f(Sz)]

t=0

(In the continuous-time case, some restrictions on the growth of f at infinity
are needed.) Also, the transition probabilities p, (x), p;(x) satisfy the following
“heat equations”:

d
Pnt1(X) — pp(x) = Lpp(x), Eﬁt () = Lp; (x).
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The derivation of these equations uses the symmetry of p. For example, to
derive the first, we write

Pat1(®) = Y P(S1 = y;Sup1 —S1 =x—y)

yeZd

= Z p(Y) pulx —y)
yeZd

= > p(=2)pulx =) = pa(x) + Lpa(x).
yeZd

The generator £ is also closely related to a second-order differential operator.
If u € R? is a unit vector, we write 83 for the second partial derivative in the
direction u. Let £ be the operator

A 1
LFG) = 5 3 k) el 834f ).

xeV

In the case of simple random walk, L= 2d )’1 A, where A denotes the usual
Laplacian,

d
Af () = B 0
Jj=1

Taylor’s theorem shows that there is a ¢ such that if f : RY — R is C* and
d
yezZ,

ILf ) — Lf )] < ¢ R* Ma, (1.4)

where R is the range of the walk and M4 = M4 (f,y) is the maximal absolute
value of a fourth derivative of f for |[x — y| < R. If the covariance matrix I" is
diagonalized,

d
I'x = Z sz (x - uj) uj,
Jj=1

where uy, ..., uy is an orthonormal basis, then

d

\ 1

LG =5 o] B f ).
j=1
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For future reference, we note that if y # 0,

Lllog T* ()1 = Lllog J (»)*]

d
R d—-2 d—-2
=Llloed o 0w = e = g7 (19

J=1

& The estimate (1.4) uses the symmetry of p. If p is mean zero and finite
range, but not necessarily symmetric, we can relate its generator to a (purely)
second-order differential operator, but the error involves the third derivatives of f.
This only requires f to be €3 and hence can be useful in the symmetric case
as well.

1.6 Filtrations and strong Markov property

The basic property of a random walk is that the increments are independent
and identically distributed. It is useful to set up a framework that allows more
“information” at a particular time than just the value of the random walk. This
will not affect the distribution of the random walk, provided that this extra
information is independent of the future increments of the walk.

A (discrete-time) filtration Fo C F; C --- is an increasing sequence of
o-algebras. If p € P;, then we say that S, is a random walk with increment
distribution p with respect to {F,} if:

e for each n, S, is F,,-measurable;
e foreachn > 0, S, — S, is independent of F,,_1 and P{S,, — S,—1 = x} =
p).

Similarly, we define a (right continuous, continuous-time) filtration to be an
increasing collection of o -algebras F; satisfying F; = Ne~oFi+e. If p € Py,
then we say that S, is a continuous-time random walk with increment distribution
p with respect to {F;} if:

e foreacht, S‘, is F;-measurable;
e foreach s < 1, S; — Sy is independent of Fy and P{S; — S; = x} = p;—s(x).

We let F denote the o -algebra generated by the union of the F; for ¢ > 0.
If S, is a random walk with respect to F,, and T is a random variable inde-
pendent of F,, then we can add information about 7T to the filtration and still
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retain the properties of the random walk. We will describe one example of
this in detail here; later on, we will similarly add information without being
explicit. Suppose that 7' has an exponential distribution with parameter A, i.e.
P{T > A} = e~*. Let F, denote the o-algebra generated by F, and the events
{T <1t}fort < n.Then{F)} isafiltration, and S, is a random walk with respect
to .7-',2. Also, given that .7-',;, then on the event that {T > n}, the random variable
T — n has an exponential distribution with parameter A. We can do similarly
for the continuous-time walk S,.

We will discuss stopping times and the strong Markov property. We will only
do the slightly more difficult continuous-time case leaving the discrete-time
analogue to the reader. If {F;} is a filtration, then a stopping time with respect
to {F;} is a [0, oo]-valued random variable 7 such that for each ¢, {t <t} € F;.
Associated to the stopping time t is a o-algebra F; consisting of all events A
such that for each t, A N {r < t} € F;. (It is straightforward to check that the
set of such A is a o -algebra.)

Theorem 1.6.1 (strong Markov property) Suppose that S, is a continuous-
time random walk with increment distribution p with respect to the filtration
{F:}. Suppose that T is a stopping time with respect to the process. Then on the
event that {t < 00}, the process

Yt = §l+f _S‘[a

is a continuous-time random walk with increment distribution p indepen-

dent of F=.

Proof (sketch) We will assume for ease that P{r < oo} = 1. Note that with
probability one, Y; has right-continuous paths. We first suppose that there exists
0 =1y <1t <t <...such that with probability one, T € {fy,?,...}. Then,
the result can be derived immediately, by considering the countable collection
of events {t = #;}. For more general 7, let 7, be the smallest dyadic rational
[/2" that is greater than 7. Then, 7, is a stopping time and the result holds for
7,. But,

Yt = lim St+Tn - an'
n— oo
(]

We will use the strong Markov property throughout this book often without
being explicit about its use.

Proposition 1.6.2 (reflection principle) Supposethat S, (resp., S;) is a random
walk (resp., continuous-time random walk) with increment distribution p € Py
starting at the origin.
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(a) Ifu € R? is a unit vector and b > 0,

P{max Sj - u > b} < 2P(S, - u > b},
0<j<n

P{sup S, - u > b} < 2P(S, - u > b}.

S<t

(b) Ifb > 0,

P{ max |S;| = b} < 2P{|S,| = b},
0<j<n

P{ sup |S;| > b} < 2P(|S;| > b)}.

0<s<t

Proof We will do the continuous-time case. To prove (a), fix # > 0 and a unit
vector u and let A, = A, ;, be the event

Ay = {jr{laxzn S’j,zfn ‘U > b} .

The events A,, are increasing in n and right continuity implies that w.p.1,

lim A, = {supS‘S “u > b} .
n—oo

s<t

Hence, it suffices to show that for each n, P(4,,) < 2 IE”{S’, ‘u>by.Lett =1,y
be the smallest j such that Sj;>-» - u > b. Note that

on

Ufr =56 =5nn-uz0}c§uzw).
=1

Since p € P, symmetry implies that for all 7, P{S, - u

> 0} > 1/2. Therefore,
using independence, P{t = j; (§; — Sjp-—») - u = 0} > (1/2) P{r = j}, and
hence
27!
P(S, - u>b) > Zp{z =7 =S u> o}
j=1

27!
1 ) 1
> ;P{r =j) = 5 P(Ay).
]:
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Part (b) is done similarly, by letting t be the smallest j with {|s inn—n| > b} and
writing

27!
U |z =1 = Sjpn) - Sjpn > 0} c {151 = b).
j=1

O

Remark The only fact about the distribution p that is used in the proof is that
it is symmetric about the origin.

1.7 A word about constants

Throughout this book ¢ will denote a positive constant that depends on the
dimension d and the increment distribution p but does not depend on any other
constants. We write

f(n,x) = g(n,x) + O(h(n)),
to mean that there exists a constant ¢ such that for all n,
If (n,x) — g(n, )| < c|h(n)].
Similarly, we write
f(n,x) = g(n,x) + o(h(n)),
if for every € > 0 there is an N such that
If (n,x) — g(n,x)| < €lh(m)|, n=N.

Note that implicit in the definition is the fact that ¢, N can be chosen uniformly
for all x. If f, g are positive functions, we will write

f(n,x) < g(n,x), n— oo,
if there exists a ¢ (again, independent of x) such that for all n, x,
¢ g(n.x) <f(n.x) < cgnx).

We will write similarly for asymptotics of f (¢, x) as t — O.
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As an example, let f (z) = log(1 — z), |z| < 1, where log denotes the branch
of the complex logarithm function with log 1 = 0. Then f is analytic in the unit
disk with Taylor series expansion

log(l1 —z) = — —.
=17
By the remainder estimate, for every € > 0,
ki k+1
7 |z
log(l —z) + - < —, <1-—e.
g(l —2) ,;f <zarn "
For a fixed value of k we can write this as
k 4
log(1 —2) = Z; +03zh, 2l =172, (1.6)
or
k 4
log(1 —z) = 27 +0.(z*h,  l<l-e, (A7)

where we write O, to indicate that the constant in the error term depends on €.

Exercises

Exercise 1.1  Show that there are exactly 2¢ — 1 additive subgroups of Z¢ of
index 2. Describe them and show that they can all arise from some p € P. (A
subgroup G of Z¢ has index two if G # Z% but G U (x + G) = Z? for some
xezd)

Exercise 1.2 Show that if p € Py, n is a positive integer, and x € 74, then
P20(0) > p2,(x).

Exercise 1.3 Show that if p € P, then there exists a finite set {xi,...,x}
such that:

* plx) >0, j=1,...,k
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e forevery y € Z¢, there exist (strictly) positive integers n1, . . ., n; with
nmxy+-+nxg=y. (1.8)

(Hint: first write each unit vector 1-€; in the above form with perhaps different
sets {x1, ...,xr}. Then add the equations together.)

Use this to show that there exist € > 0, € P),q’ € P} such that g has finite
support and

p=€eq+(1—eqd.

Note that (1.8) is used with y = 0 to guarantee that g has zero mean.

Exercise 1.4 Suppose that S, = X1 + --- + X,, where X1, X, ... are inde-
pendent R¢-valued random variables with mean zero and covariance matrix I'.
Show that

M, :=|S.> — (@) n

is a martingale.

Exercise 1.5 Suppose that p € P}, U P, with covariance matrix I' = AAT
and S, is the corresponding random walk. Show that

M, = j(Sn)z —n

is a martingale.

Exercise 1.6 Let L be a two-dimensional lattice contained in R? and suppose
that x1,xp € IL are points such that

|x1| = min{|x| : x € L\ {0},
[x2] = min{|x| : x e L\ {jx1 : j € Z} }.

Show that
L = {jix1 +jox2 : j1.j2 € Z).

You may wish to compare this to the remark after Proposition 1.3.1.
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Exercise 1.7 Let S!, S? be independent simple random walks in Z and let

n°>~n
S} + 52 Sh—s2
2 2 ’

Show that Y, is a simple random walk in Z>.

Exercise 1.8 Suppose that S, is a random walk with increment distribution
p € P* U P. Show that there exists an € > 0 such that for every unit vector
0 e R, PIS| -0 > €} >e.
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Local central limit theorem

2.1 Introduction

If X1, X>, . . . are independent, identically distributed random variables in R with
mean zero and variance o2, then the central limit theorem (CLT) states that the
distribution of

X+ +X,
Jn

approaches that of a normal distribution with mean zero and variance o

@2.1)

2 In

other words, for —oo < r < s < 00,

X1 +--+X s 1 o
limP{rSufs}:/ e 20? dy.
r

et i Varo?
Ifp € Py is aperiodic with variance o 2, we can use this to motivate the following
approximation:
k Sn k+1
ky=P{S, =k} =P]— < —
pak) = P(S, = k) {ﬁ_ﬁ< ﬁ}

k+D/yn 2 1 k?
%/ Nk dy“—exp{_—z}'
k/n 202 V2mo?n 20°n

Similarly, if p € P is bipartite, we can conjecture that

pn(k) +palk + 1)

/(k+2)/ﬁ 1 2 ) { k2 }
————expl——t.
k//n V2mo? V2mo?n 20%n

The local central limit theorem (LCLT) justifies this approximation.

~

21
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& One gets a better approximation by writing

k—1 k+ 3 k+5H)/vn 1 ﬁ
P({Sp = k} = 2 _ Sn _ 2} / 12 2.2 dy.
Vo = Vn o Jn k-/VA 2ra2n

If p € P, with covariance matrix I' = A AT = AZ, then the normalized
sums (2.1) approach a joint normal random variable with covariance matrix I',
i.e. a random variable with density

fx) = 1 e IATIP2 1 e~ T /2.
(2m)?/2 (det A) (2m)/2 Jdet T

(See Section A.3 for a review of the joint normal distribution.) A similar heuris-
tic argument can be given for p, (x). Recall from (1.1) that J* )2 =x-Ilx
Let p,,(x) denote the estimate of p,(x) that one obtains by the CLT argument,

1 _T*w? 1

I7) o — 2n = —— l% 7% dd . 22
P = i JaeT ¢ @) nil2 /Rde ¢ s (22)

The second equality is a straightforward computation; see (A.14). We define
p;(x) for real t > 0 in the same way. The LCLT states that for large n, p,(x)
is approximately p, (x). To be more precise, we will say that an aperiodic p
satisfies the LCLT if

lim 792 sup |pn(x) — p,(x)| = 0.
n—oo
xeZd

A bipartite p satisfies the LCLT if

lim n%? sup |pp(x) + pry1 (x) — 2p,(x)| = 0.
n— oo XGZd

In this weak form of the LCLT we have not made any estimate of the error
term |p,(x) — p,(x)| other than that it goes to zero faster than n—4/2 uniformly
in x. Note that p, (x) is bounded by ¢ n~4/2 uniformly in x. This is the correct
order of magnitude for |x| of order /n but p,(x) is much smaller for larger
|x|. We will prove a LCLT for any mean zero distribution with finite second
moment. However, the LCLT we state now for p € P; includes error estimates
that do not hold for all p € P),.
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Theorem 2.1.1 (local central limit theorem) Ifp € P, is aperiodic, and p,,(x)
is as defined in (2.2), then there is a ¢ and for every integer k > 4 there is a
c(k) < oo such that for all integers n > 0 and x € 7¢ the following hold where

7 =x//n:

— c(k) k _T*@?
|Pn(x) — P, (X)| < @12 |:(|Z| +1De + Gy | (23)
_ c
IPn(x) = pp(0)] < n(dTmZP 2.4

We will prove this result in a number of steps in Section 2.3. Before doing so,
let us consider what the theorem states. Plugging k = 4 into (2.3) implies that

_ ¢
Ipn(x) = P, ()] < @D (2.5)

For “typical” x with |x| < /n, p,(x) < n~4/2_ Hence, (2.5) implies that

1
Pn(¥) =P, (%) [1 +0 (;)} =V

The error term in (2.5) is uniform over x, but as |x| grows, the ratio between the
error term and p,, (x) grows. The inequalities (2.3) and (2.4) are improvements on
the error term for |x| > +/n. Since p,, (x) = n=4/2 e’J*(x)z/z", (2.3) implies that

k
Pa®) = B, () [1 + M} +ok<

where we write Oy to emphasize that the constant in the error term depends on k.
An even better improvement is established in Section 2.3.1 where it is shown
that

—n(d+k_1)/2), x| = /n,

_ Lkl
pn(x) =p,(x) exp O | -+ — |, Ixl<en
no n
Although Theorem 2.1.1 is not as useful for atypical x, simple large deviation
results as given in the next propositions often suffice to estimate probabilities.

Proposition 2.1.2 (a) Suppose that p € P/, and S, is a p-walk starting at the
origin. Suppose that k is a positive integer such that E[|X1|?¥] < oo. There
exists ¢ < 0o such that for all s > 0

P { max |S;| > sﬁ} <cs 2k, (2.6)
0<j<n
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(b) Suppose that p € Py and S, is a p-walk starting at the origin. There exist
B > 0and ¢ < oo such that for all n and all s > 0,

IP’{ max |Sj| > sﬁ} <ce P 2.7)

0<j<n

Proof 1t suffices to prove the results for one-dimensional walks. See Corol-
laries A.2.6 and A.2.7. O

& The statement of the LCLT given here is stronger than is needed for many
applications. For example, to determine whether the random walk is recurrent
or transient, we only need the following corollary. If p € Py is aperiodic, then
there exist 0 < ¢ < ¢ < oo such that for all x, ph(x) < & n—d/z, and for
x| < /N, pr(x) > ¢4 n=9/2 The exponent d/2 is important to remember and
can be understood easily. In n steps, the random walk tends to go distance /n.
In Z9, there are of order n9/2 points within distance /n of the origin. Therefore,
the probability of being at a particular point should be of order n=d/2,

The proof of Theorem 2.1.1 (see Section 2.2) will use the characteristic
function. We discuss LCLTs for p € P{’i, where, as before, 7?‘; denotes the set
of aperiodic, irreducible increment distributions p in Z¢ with mean zero and
finite second moment. In the proof of Theorem 2.1.1, we will see that we do not
need to assume that the increments are bounded. For fixed &k > 4, (2.3) holds
for p € P/, provided that E[|X [**!] < oo and the third moments of p vanish.
The inequalities (2.5) and (2.4) need only finite fourth moments and vanishing
third moments. If p € 73:1 has finite third moments that are nonzero, we can
prove a weaker version of (2.3). Suppose that k > 3, and E[|X] |k+l]
There exists c(k) < oo such that

< Q.

_ - c(k) ko 7.7*2<z)2 1
|Pn(x)—Pn(x)|_n(d+—1)/2 (zI"+ De +n(k—2)/2 ‘

Also, for any p € P, with E[|X;[*] < oo,

— c _ c
[P (x) —p,(x)| < L@in/’ |Pn(x) — P, ()] < W@ D2

We focus our discussion in Section 2.2 on aperiodic, discrete-time walks,
but the next theorem shows that we can deduce the results for bipartite and
continuous-time walks from LCLT for aperiodic, discrete-time walks. We state
the analogue of (2.3); the analogue of (2.4) can be proved similarly.
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Theorem 2.1.3 Ifp € P; and p,(x) is as defined in (2.2), then for every k > 4
there is a ¢ = c(k) < oo such that the follwing holds for all x € 7.

e [fnis a positive integer and z = x//n, then

a= C k —T*( )2/2 1
|Pn(X) + prp1(x) —2p, ()] < @2 |:(|Z| +De v T+ T |

(2.8)

o Ifft>0andz =x/\/1,
5@ =B < — e el 4 e T 02y L (2.9)
Pt Py = {d+2))2 z k=372 |" ’

Proof (assuming Theorem 2.1.1) We only sketch the proof. If p € P, is
bipartite, then S := Sy, is an aperiodic walk on the lattice Z¢. We can establish
the result for S by mapping Z‘e’ to Z@ as described in Section 1.3. This gives
the asymptotics for po,(x),x € Zf and for x € Z‘Oi, we know that

P (¥) = Y paax — ) p().

yeZd

The continuous-time walk viewed at integer times is the discrete-time walk
with increment distribution p = p;. Since p satisfies all the moment conditions,
(2.3) holds for p,,(x),n =0,1,2,...If0 < r < 1, we can write

Prte®) = Y palx =) pr(y),

yeZA4

and deduce the result for all ¢. O

2.2 Characteristic functions and LCLT

2.2.1 Characteristic functions of random variables in R?

One of the most useful tools for studying the distribution of the sums of inde-
pendent random variables is the characteristic function. If X = (X 1. xd ) is
arandom variable in R¥, then its characteristic function ¢ = ¢x is the function
from R? into C given by

¢(0) = E[exp{if - X }].
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Proposition 2.2.1 Suppose thatX = (X', ...,X%) is a random variable in R¢
with characteristic function ¢.

(a) ¢ is a uniformly continuous function with ¢ (0) = 1 and |¢ (0)| < 1 for all
6 e R4,

(b) If 0 € R? then Px.o(s) := @(s0) is the characteristic function of the
one-dimensional random variable X - 6.

(c) Suppose that d = 1 and m is a positive integer with E[|X |"] < oo. Then
¢ (s) is a C™ function of s; in fact,

¢(m) (S) — lm ]E[XmeiSX]'
(d) If m is a positive integer, E[|X |"] < o0, and |u| = 1, then

m—1

v E[(X M)’] _ EOX -ul™]
¢ (su) — < S
! m!
j=0
(e) If X1,Xa,...,X, are independent random variables in R4, with character-
istic functions ¢y, , . .., ¢x,, then

X, 44, (0) = ¢x, (0) - - - Px, (6).

In particular, if X1, Xo, . . . are independent, identically distributed with the
same distribution as X, then the characteristic function of S, = X1+- - -+X,,
is given by

¢s,(0) = [9(O)]".
Proof To prove uniform continuity, note that
661 +0) — ¢ (©)| = |E[eX N — X)) < E[|leX —1]],
and the dominated convergence theorem implies that

lim E[|eX? —1]] = 0.

0,—0
The other statements in (a) and (b) are immediate. Part (c) is derived by differ-
entiating; the condition E[|X |"] < oo is needed to justify the differentiation
using the dominated convergence theorem (details omitted). Part (d) follows
from (b), (c), and Taylor’s theorem with remainder. Part (e) is immediate from
the product rule for expectations of independent random variables. (I
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We will write P, (0) for the mth order Taylor series approximation of ¢ about
the origin. Then the last proposition implies that if E[| X |"'] < oo, then

@ (0) = Ppu(6) +0(l0™), 6 — 0. (2.10)

Note that if E[X] = 0 and E[|X|?] < oo, then

d d
1 ik ni Ak
P20y =1-53 ) EIXxFl06" =1

j=1 k=1

_9.1"9_1 E[(X - 6)2]
=l

Here, I" denotes the covariance matrix for X. If E[|X |"] < oo, we write

6.-To <&
Pu(®) =1 —— +j§q,-(9>, (2.11)

where g; are homogeneous polynomials of degree j determined by the moments
of X. If all the third moments of X exist and equal zero, g3 = 0. If X has a
symmetric distribution, then ¢; = 0 for all odd j for which E[|X }'] < oo.

2.2.2 Characteristic functions of random variables in Z¢

IfX = X',...,X%) is a Z%-valued random variable, then its characteristic
function has period 27 in each variable, i.e. if k1, .. ., kg are integers,

p@L, ..., 00 =0 +2k7,...,0% + 2ky7).

The characteristic function determines the distribution of X ; in fact, the next
proposition gives a simple inversion formula. Here, and for the remainder of
this section, we will write d@ for d@!, ..., do“.

Proposition 2.2.2 If X = (X L ¢ d) is a 74 -valued random variable with
characteristic function ¢, then for every x € 7.2,

_ _ 1 —ix-0
P{X =x} = i /[_M]d #(0) e ™ dg.

Proof Since

$©) =E[¥ 7] = ) MPX =),

yeZd4
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we get

PO e ™ do =" PX =y) 000 g
[, )4

yeZd [-m.m]d

(The dominated convergence theorem justifies the interchange of the sum and
the integral.) But, if x,y € 74,

/ ei(y_x).g 46 — {(Zn)d, y=x
[—m.m]d 0, y FXx.

]

Corollary 2.2.3 Suppose that X1,X»,... are independent, identically dis-
tributed random variables in 79 with characteristic function ¢. Let S, =
X1+ -+ X, Then, forall x € 74,

— — L n —ix-0
P{S, = x} = L f[_M]d¢ ©) e ™% gg.

2.3 LCLT - characteristic function approach

In some sense, Corollary 2.2.3 completely solves the problem of determining
the distribution of a random walk at a particular time n. However, the integral
is generally hard to evaluate and estimation of oscillatory integrals is tricky.
Fortunately, we can use this corollary as a starting point for deriving the LCLT.
We will consider p € P’ in this section. Here, as before, we write p,(x) for
the distribution of S, = X1 + - - - + X, where X, ..., X, are independent with
distribution p. We also write S; for a continuous time walk with rates p. We let
¢ denote the characteristic function of p,

$O) =Y " p).

xeZd
We have noted that the characteristic function of S, is ¢”.

Lemma 2.3.1 The characteristic function of S, is

b3, (0) = explt[¢(0) — 1]}.
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Proof Since §, has the same distribution as Sy, where N; is an independent
Poisson process with parameter 1, we get

¢5,(6) = E[e”]
— i0-5; — j
= Ze Bl = D e 579©0) =explil¢6) —11).

j=0

Corollary 2.2.3 gives the formulas
pa) = —— / ¢"(60) e do (2.12)
! Q@) Sy ’ '
- 1 fp@)—1] —if-x
R do.
pr(x) (27r)d ~/[.—7T,7r]d e e

Lemma 2.3.2 Suppose that p € P,.

(a) Foreverye > 0,
sup {161 0 € [~ 71,161 = €} < 1.

(b) There is a b > 0 such that for all 9 € [—n,n]d,
1p(©0) < 1—bloJ. (2.13)

In particular, for all 0 € [—n,n]d, andr > 0,
21" 2
9@ = [1-010P] <exp{-briof}. (2.14)

Proof By continuity and compactness, to prove (a) it suffices to prove that
|p@)| < 1forall @ € [—m,7]% \ {0}. To see this, suppose that |¢(0)| = 1.
Then |¢(6)"| = 1 for all positive integers n. Since

GO =D pa) e,
774
and foreach fixed z, p,,(z) > Oforall sufficiently large n, we see thate#? = 1for
allz € Z4. (Here we use the fact that if wy, wa, . .. € Cwith [wj+wy+---| =1
and |wi| + |wz| + - - - = 1, then there is a ¥ such that w; = rje!V with r; > 0.)
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The only 6 € [—7,7]? that satisfies this is & = 0. Using (a), it suffices to prove
(2.13) in a neighborhood of the origin, and this follows from the second-order
Taylor series expansion (2.10). (]

& The last lemma does not hold for bipartite p. For example, for simple
random walk ¢ (i, 7i,...,wi) = —1.

In order to illustrate the proof of the LCLT using the characteristic function,
we will consider the one-dimensional case with p(1) = p(—1) = 1/4 and
p(0) = 1/2. Note that this increment distribution is the same as the two-step
distribution of (1/2 times) the usual simple random walk. The characteristic
function for p is

$(0) L 1—9—2+0(94).
2 4 4 2 2 4

The inversion formula (2.12) tells us that

_ 1 T —ix0 n . 1 T/ —i(x/\/n)s n
) = 5 Le poran=or | e & (s//n)" ds.

The second equality follows from the substitution s = 6./n. For |s| < 7 /n,
we can write

s\ 52 st (52/4) + O(s*/n)
o()=1-gro() =1

We can find § > 0 such that if |s| < §./n,

S2 ‘o S4
4 n

Therefore, using (A.3), if |s| < 84/,

s \" 52 § n R
¢(_ Lo o] 2 e som,
Jn 4n n?

=

n
) .

where

4
K

lg(s,m)| <c—.
n
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If € = min{$, 1/«/%} we also have

S}

gml =2 Isl e v
For € /n < |s| < 7 y/n, (2.13) shows that [e~*/V™3 ¢ (s//n)"| < e=P" for

some B > 0. Hence, up to an error that is exponentially small in n, p,, (x) equals

1 “n eI/ =524 Ggsm) o
Zﬂ\/ﬁ —e/n

We now use

4 1/4
et ) < cs”/n, |s|<n
¢ =8 1/4
eSS, < sl <en

to bound the error term as follows:

5 1\/_ n e~ IO/VIS =524 (86 _ 1 g
TN S —e
c o
< — e 54 |86 | ds,
- ﬁ —e/n

1/4

n oo
—s c _s c
e/ H e8| ds < — ste™ /M ds < -,
n—1/4 nJ_ n

o]

¢S 4186 | ds < / e/ ds = o(n™").

|s|=n1/4

~/1;1/4§|s|§6ﬁ

Hence, we have

| 1 e/n ; 2
Yy —i(x/\/m)s ,—s*/4
pn(x) =0 (n3/2) + 2w/n —eﬁe ‘ “

=0 L + ; oo e—i(x/ﬁ)s e—s2/4 ds
2 ) T amam | '

The last term equals p,,(x), see (2.2), and so we have shown that

_ 1
pn(x) =p,(x) + 0 <m) .
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We will follow this basic line of proof for theorems in this subsection. Before
proceeding, it will be useful to outline the main steps.

¢ Expand log ¢ () in a neighborhood |6| < € about the origin.

e Use this expansion to approximate [¢(/+/n)]", which is the characteristic
function of S, //n.

e Use the inversion formula to get an exact expression for the probability and
do a change of variables s = 6 /n to yield an integral over [— +/n, 7 /n]“.
Use Lemma 2.3.2 to show that the integral over |6| > €./n is exponentially
small.

¢ Use the approximation of [¢ (6 /+/n)]" to compute the dominant term and to
give an expression for the error term that needs to be estimated.

e Estimate the error term.

Our first lemma discusses the approximation of the characteristic function
of S,,/+/n by an exponential. We state the lemma for all p € P/, and then give
examples to show how to get sharper results if one makes stronger assumptions
on the moments.

Lemma 2.3.3 Suppose that p € Pc/l with covariance matrix I and character-
istic function ¢ that we write as

6-T0
¢0) =1———+h@)

where h(0) = 0(|9|2) as 0 — 0. There exist € > 0,c < 00 such that for all
positive integers n and all |0| < € i/n, we can write

0 " 6-TIo _019
[¢<—>] =6XP{——+8(97H)}=6 T [+ Fu0)], (2.15)

Jn 2
where F,(0) = 2@ — 1 and
180, m)| < min{ o-1e ’h (i)‘ | cler’ } (2.16)
4 Jn n
In particular,

6-10
IFn(@)] <e+ + 1.
Proof Choose 6 > 0 such that

lp@) — 1l <5, [0]<é.

N =
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For |0| < 8, we can write

6-T6 6 -T6)? 5 6
loggp(0) = - + h(0) — T+O(|h(9)||9| )+ 0(81°). 2.17)
Define g(6,n) by
oz () =2 s o
n log \/ﬁ = ) g\, n),

so that (2.15) holds. Note that

(@)

Since n h(8//n) = 0(|0]?), we can find 0 < € < § such that for |0| < e/,

1g@.m)| <n

re

0
1g(®,n)| =
o

& The proofs will require estimates for F(0). The inequality [e? —1| < O(|z])
is valid if z is restricted to a bounded set. Hence, the basic strategy is to find
¢y, r(n) < O(n'/#) such that

(5

Since O(|8]1*/n) < O(1) for |8] < n'/4, (2.16) implies that
-ro

h(i>‘ + ﬂ 0] < r(n)
vaJIoon2 |t T

IFn@) <e® +1, rn)<16] <en.

n <c, 0l=rn

IFn(®)] = 9% — 1| < clg@, m) < ¢ [n

Examples
We give some examples with different moment assumptions. In the discussion
below, € is as in Lemma 2.3.3 and 6 is restricted to || < € ﬁ

e IfE[|X;]*] < oo, then by (2.11),
h(0) = q3(0) + 0(16]%),
and

6-T0
log§(6) = ——— +/(0) + 018",
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where f3 = g3 is a homogeneous polynomial of degree three. In this case,

6 o(lo1*
g(9,n)=nf3(—>+ P (2.18)

Jn

and there exists ¢ < oo such that

0-To clo)?
|g(9,n)|smin{ ; C"}.

"

We use here, and below, the fact that |0|3//n > |0|*/n for || < e /n.
o IfE[X; |6] < 00 and all the third and fifth moments of X; vanish, then

h@®) = q4(8) + 0(161%),

0-T6 6
log ¢ (6) = B +f4(6) + O(16]°),

where f4(9) = q4(8) — (0 - '9)?/8 is a homogeneous polynomial of degree
four. In this case,

(2.19)

n

6\ . 0a01%
g(9,n)=nf4(ﬁ>+ .

and there exists ¢ < oo such that

_(6-To clo)®
lg(@,n)| < min , .
4 n

e More generally, suppose that k& > 3 is a positive integer such that
E[1X;[¥*t1] < co. Then

k
h(©) =Y g;(0) + 0161,
j=3

k
0-T0
log¢(6) = ——— + ) _f;®) + 0(6I*"),
Jj=3

where f; are homogeneous polynomials of degree j that are determined by
I',q3,...,qk. In this case,

k

0 0(10 k+1
gO.n) =Y nf; (ﬁ) + % (2.20)

j=3
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Moreover, if j is odd and all the odd moments of X of degree less than or
equal to j vanish, then f; = 0. Also,

0-TO clo)*te
|g(0,n>|§min{— L}

4 ° pe/?

where o = 2 if the third moments vanish and otherwise o = 1.

e Suppose that E[e”X | < oo for all b in a real neighborhood of the origin. Then
7 > ¢(z) = X is a holomorphic function from a neighborhood of the
origin in C" to C. Hence, we can choose € so that log ¢(z) is holomorphic
for |z| < € and hence z +— g(z,n) and z — F,(z) are holomorphic for

lz| < €/n.

The next lemma computes the dominant term and isolates the integral that
needs to be estimated in order to obtain error bounds.

Lemma 2.3.4 Suppose that p € Pz/i with covariance matrix I'. Let ¢, €, F,, be
as in Lemma 2.3.3. There exist c < 00, > 0 such that for all 0 < r < e/n, if
we define vy, (x, r) by

_ix6 9.T0
Pn(X) = P, (x) + vn(x, 1) + e Vne 2 F,0)d9,

1
(2m)d nd/? /|0|<r

then
2
v (x, )| < cen~ 42 =,

Proof The inversion formula (2.12) gives

_ 1 n _—ix-0
i) = 5 /[M]dme) e dp

1 s\ _i.
_ v o izs g
(27T)d nd/2 /[‘—\/Zn,\/ﬁn]d ¢ (ﬁ) ¢ v

where 7 = x//n. Lemma 2.3.2 implies that there isa 8 > 0 such that |¢ ()| <
e P for |6 > €. Therefore,

1 / P (i " e~ g
Q) nd’? )\ _ fum yumd \1

=0(e P + —1 / ¢ (i>n e ds
Q) n’? Jo<eym \V/n .
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For |s| < e4/n, we write

By (2.2) we have

1

—izs —5Ls =
Wﬁl\%de ’“e 2 a’s—pn(x) (221)

Also,

e e 2 ds

1
‘ (27T)d nd/? /|s>eﬁ

<1 / = ds < 0P
<" e s < O(e ,
Q)4 ndl2 Jizeym

for perhaps a different 8. Therefore,

1 zix0 1o
— + O(e™ P +—/ VioeT 2 Fa(9)d6.
Pu) =P + O + s [ T R)

This gives the result for r = €/n. For other values of r, we use the estimate
6-Ie

Fn@) =e +1,

to see that

—ix-0 6.1
/ eV e” 2 Fn,(0)do
r<lf|<es/n

6-ro 2
< 2[ e T do=0(@"t).
G

]

The next theorem establishes LCLTs for p € P’ with finite third moment
and p € P’ with finite fourth moment and vanishing third moments. It gives an
error term that is uniform over all x € Z?. The estimate is good for typical x,
but is not very sharp for atypically large x.

Theorem 2.3.5 Suppose that p € P’ with E[|X{|?] < oc. Then there exists a
¢ < oo such that for all n, x,

— c
IPn () = Pu | = =7 (2.22)
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IfE[1X |4] < o0 and all the third moments of X1 are zero, then there is a ¢ such
that for all n, x,

— C
|pn (x) —Pn(x)| =< W (2.23)

Proof We use the notations of Lemmas 2.3.3 and 2.3.4. Letting » = n'/% in
Lemma 2.3.4, we see that

ix-0

Pu(®) = B, () + 0Py + 1 e~ F(0) db.

1 _
(2m)d nd/2 /|9|§n1/s ¢

Note that |h(0)| = 0(|9|2+0‘) where « = 1 under the weaker assumption and
a = 2 under the stronger assumption. For |0] < n'/8,1g(0,n)| < |01t /n%/?,
and hence

|9|2+a
Fa@) < et
This implies that
—i2 ere c 0.T0 c
VneT T2 < _ 2ta ,—55F <
‘/|9|<n'/8 ¢ ¢ Fu®)df) = n/? Jpa 01 e 9 = ne/2’

& The choice r = n'/8 in the proof above was somewhat arbitrary. The
value r was chosen sufficiently large so that the error term vn(x, r) from Lemma
2.3.4 decays faster than any power of n but sufficiently small that |g(©, n)| is
uniformly bounded for 9| < r. We could just as well have chosen r(n) = n* for
any 0 <k <1/8.

& The constant c in (2.22) and (2.23) depends on the particular p. However,
by careful examination of the proof, one can get uniform estimates for all p
satisfying certain conditions. The error in the Taylor polynomial approximation of
the characteristic function can be bounded in terms of the moments of p. One
also needs a uniform bound such as (2.13) which guarantees that the walk is not
too close to being a bipartite walk. Such uniform bounds on rates of convergence
in CLT or LCLT are often called Berry—Esseen bounds. We will need one such
result, see Proposition 2.3.13, but for most of this book, the walk p is fixed and
we just allow constants to depend on p.

d
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The estimate (2.5) is a special case of (2.23). We have shown that (2.5) holds
for any symmetric p € P’ with E[|X; |4] < 00. One can obtain a difference
estimate for p,(x) from (2.5). However, we will give another proof below that
requires only third moments of the increment distribution. This theorem also
gives a uniform bound on the error term.

& Ifa#0and

f(n) = n% + O, (2.24)

then
fF(n+1) = f(n) = [(n+ 1) — n"]+ [O((n + D~ ") — 0"~ 1.

This shows that f(n+ 1) — f(n) = O(n®*~1), but the best that we can write about
the error terms is O((n+1)*~ 1) —0(n®~1) = O(n®~1), which is as large as the
dominant term. Hence, an expression such as (2.24) is not sufficient to give good
asymptotics on differences of f. One strategy for proving difference estimates is

to go back to the derivation of (2.24) to see if the difference of the errors can be
estimated. This is the approach used in the next theorem.

Theorem 2.3.6 Suppose that p € 73‘; with E[|X; |3] < 00. Let Vy denote the
differences in the x variable,

V_Vpn(x) =pn(x +)’) _pl’l(-x)’ V_Vﬁn(-x) :ﬁn(-x +y) _I_)n(x)s
and V; = V;.
o There exists ¢ < oo such that for all x,n,y,

_ clyl
[Vipa () = Vip, ()] < —575

o IfE[IX; |4] < 00 and all the third moments of X1 vanish, there exists ¢ < 00

such that for all x,n,y,

_ clyl
[Vopn(®) = Vipu (0| = —Zo5775

Proof By the triangle inequality, it suffices to prove the result for y = e;,
j=1,...,d. Let « = 1 under the weaker assumptions and &« = 2 under the
stronger assumptions. As in the proof of Theorem 2.3.5, we see that

_ _Bpl/4
Vion(x) = Vip,(x) + O(eP"")

+ 1 / _i(xir/el;)-e _% _om £ @) do
(27T)d l’ld/2 0] <n!/8 ¢ ¢ ¢ " '
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Note that

_iCrte) 6 e

and hence

_i(x+ej)‘9 _ix0 _6or6
s | € ro—e rlem T Fu(0) do
|0]<n
1

6-I'e
<— 10]e™ 2 [Fa(0)] db.
v Jigi<ntss !

The estimate

0] e=“2" |Fu(0)] d6 < ——.
|9|Sl’ll/8 no‘/z

where @ = 1 under the weaker assumption and « = 2 under the stronger
assumption is done as in the previous theorem. (]

The next theorem improves the LCLT by giving a better error bound for
larger x. The basic strategy is to write F,(6) as the sum of a dominant term and
an error term. This requires a stronger moment condition. If E[|X; V1 < o0, let
Jf; be the homogeneous polynomial of degree j defined in (2.20). Let

1 —is-Z -8
D = o /R () e > ds. (2.25)

Using standard properties of Fourier transforms, we can see that

uj(z) = f* (@) o~ @T710)/2 =f @ e 7 (2.26)

for some jth degree polynomial fj* that depends only on the distribution of Xj.
Theorem 2.3.7 Suppose that p € P.

o IfE[|X1]*] < 0o, there exists ¢ < oo such that

uz(x//n)

pn(x) — P, (x) — n@d+D/2 | = pd+2)/2°

(2.27)

where u3 is as defined in (2.25).
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. IfIE[|X1|5] < 00 and the third moments of X| vanish, there exists ¢ < 00

such that
ug(x/~/n) __c (2.28)

pn(x) _pn(-x) - I’l(d+2)/2 — n(d+3)/2’

where uy is as defined in (2.25).
Ifk > 3 is a positive integer such that E[|X1|F] < 0o and uy, is as defined in

(2.25), then there is a c(k) such that

* Z)Z

g )| < c(k) (Iz* + 1) e™
Moreover, if j is a positive integer, there is a c(k,J) such that if Dj is a jth-order

derivative,
. T* @2
[Djui ()| < c(k,j) |z + 1) e™ . (2.29)

2

Proof Leta = 1 under the weaker assumptions and ¢ = 2 under the stronger

assumptions. As in Theorem 2.3.5,
ix-0 9.

_ _gpl/4 1 _ixf  gre

n2 pa) =Py = 0 + g S T R@)ds.
<n

(2.30)

Recalling (2.20), we can see that for |0 < n'/8,

F gy = re®  0(01)
n(0) = ne/2 nla+1)/2 °

Up to an error of 0(6_5”1/4), the right-hand side of (2.30) equals

ix-0 .
1 /6—%6_#&%(9)‘19
R4

@) n@r)
1 _ixg g, )

L e e | Fyo) - 22O | o,
(27T)d |g|§nl/8 n"‘/z

The second integral can be bounded as before

_id g 9

‘/m K e |:Fn(9)_f2;:g/(2):|d9‘
<n

C C

34a 20
= @rn/2 A;ad 01" e” 27 do < etz

The estimates on uy and Djuy, follow immediately from (2.26)
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The next theorem is proved in the same way as Theorem 2.3.7 starting with
(2.20), and we omit the proof. A special case of this theorem is (2.3). The
theorem shows that (2.3) holds for all symmetric p € 7?[’1 with E[|1X;]°] < oc.
The results stated for n > |x|? are just restatements of Theorem 2.3.5.

Theorem 2.3.8 Suppose that p € ’Pé and k > 3 is a positive integer such that
E[1X;[¥*t1] < oo. There exists ¢ = c(k) such that

k
_ uj(x/~/n) c
Pa0) =P = DG | = e 231)

J=3

where uj are as defined in (2.25).
In particular, if 7 = x//n,

_ c 0 _TF@? 1 2
Pa(x) = P, ()| < L@TD2 |:|Z| e 2 + n(k—z)/z] ,on= x5

_ c
’Pn(x) —Pn(x)‘ = L@in/ n> |x*.

If the third moments of X1 vanish (e.g. if p is symmetric) then uz = 0 and

_ c k _T*@? 1 2
Pa(0) = P, ()| < @22 [|Z| e 2+ W] »on= x5

_ c
P =0 = s n = i

Remark Theorem 2.3.8 gives improvements to Theorem 2.3.6. Assuming a
sufficient number of moments on the increment distribution, one can estimate
Vypn(x) up to an error of O(n~Wd+k=1/2) by taking V, of all the terms on the
left-hand side of (2.31). These terms can be estimated using (2.29). This works
for higher order differences as well.

The next theorem is the LCLT assuming only a finite second moment.

Theorem 2.3.9 Suppose that p € P,,. Then there exists a sequence 8, — 0
such that for all n, x,

Sn
[Pn(x) =P (X)| < - (2.32)
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Proof By Lemma 2.3.4, there exist ¢, ¢ such that for all n,x and r > 0,

MWMW—EMKCPfﬁf/IH@M4
0

<r

<c |:e§r2 + 74 sup |Fn(9)|:| .

o<r
We now refer to Lemma 2.3.3. Since h(60) = 0(]6]?),

lim sup |g(0,n)| =0,
n

i
~®g|<r
and hence

lim sup |F,(0)| = 0.

In particular, for all n sufficiently large,

2
nd/2 r

Ipn(x) — p,(x)| <2ce”t
O

The next theorem improves on this for |x| larger than /n. The proof uses an
integration by parts. One advantage of this theorem is that it does not need any
extra moment conditions. However, if we impose extra moment conditions we
get a stronger result.

Theorem 2.3.10 Suppose that p € P),. Then there exists a sequence 5, — 0
such that for all n, x,

_ 5
IPn(x¥) =P, (0| = m (2.33)

Moreover,

e ifE[|X1|*] < oo, then 8, can be chosen O(n=1/%);
o ifE[|X |4] < 00 and the third moments of X| vanish, then §, can be chosen
omnhH.

Proof If Y1, yrp are C? functions on R? with period 27 in each component,
then it follows from the Green’s theorem (integration by parts) that

/ [Amwnwwmezf
[, )4

[-m.m]

V1) [AY2(9)] 4O
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(the boundary terms disappear by periodicity). Since Ale™?] = —|x|> ™7,
the inversion formula gives

— ; ix-0
(D = o /[_M]de (0) do

1

ix-0
- —— Ay (0) do,
X2 2m) /[_n,n]de 42

where 1 (0) = ¢ (6)". Therefore,

> i, o2
PR = /[_M]de ¢ ()

X [(n=1)A0) +(0) Ap(6)] O,

where

d

w0 = [50O)].

j=l1

The first and second derivatives of ¢ are uniformly bounded. Hence, by (2.14),
we can see that

B©)" 2 [(1 = 1) 20) +$©) Ap(©)]] < c[1 +nlo e < c e/,

where 0 < § < b. Hence, we can write

1
Q20)? Jio1<r/yn
X [(n— 1) 1(0) + ¢(8) Ap(8)] d6.

2
P = — 067y = -
n

eix'G ¢ (0)"72

The usual change of variables shows that the right-hand side equals

_ W /|e|gr e (%)"‘2
ool ]

where z = x/+/n.
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Note that
A [e*g] = TOP? — (D).
We define £, (6) by
o(5) [ommn(5) o) ()]
vn NG NG NG
_0reo 2 A~
— e [|F9| —tr(F)—F,,(B)].

A straightforward calculation using the Green’s theorem shows that

1 _ '
Pp(—=x) = W/Rz PUCTNDEY 87# 40
= G Jo Y Ml E
X T Rd

Therefore (with perhaps a different 8),

|x|2 x| P
pn(=x) = —pn( 0+ 0P
1 0 o= [,,(0) do 2.34
— (27-[)11 nd/2 9‘<r€ 4 n( ) . ( . )

The remaining task is to estimate I:"n(Q). Recalling the definition of F,(0)
from Lemma 2.3.3, we can see that

() [omva(G) o () 2 ()]

AO//n) +A¢(9/ﬁ)}
PpO/Vm?> 9O/ |

6-I'6
=e 7 [1+F,(0)] |:(n —1)

‘We make three possible assumptions:

e peP,;
* p € P, with E[1X;?] < oo
* p € P, with E[|X;|*] < oo and vanishing third moments.

We set o = 0, 1, 2, respectively, in these three cases. Then we can write

6-To 2t
$O) =1—-——+q2(0) + (1017,
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where ¢g> = 0 and g3, g4 are homogeneous polynomials of degrees 3 and 4,
respectively. Because ¢ is C>T* and we know the values of the derivatives at
the origin, we can write

6-T9 I+a
%ip(0) = —0j——— + 9q21a(®) + o(10] ),

6-TI0 o
% ©) = —dj—— + 8jq2+a(®) + 0(I01).
Using this, we see that

YL [0 @]
(02

AG ()

)

= 001> 4 G210 (0) + 0(101*T),

= —tI'(F) + @ot(e) + 0(|9|a)’

where g4, is a homogeneous polyonomial of degree 2 + o with g = 0,
and g, is a homogeneous polynomial of degree o with gg = 0. Therefore, for
6] < n'/8,

A@/n) AP0/ n)
LICHANID S ACYND)

G2+a(0) + Ga (0) 01% + |0]*+2
) +o ) ’

(n—1)

=1Io)> —a(T) +

which establishes that fora = 1,2

. 1+ |6+
|Fn<9)|=0(naT . 1ol =l

and for o = 0, for each r < o0,

lim sup |F,(6)] = 0.

n—oo |0|§r

The remainder of the argument follows the proofs of Theorems 2.3.5 and 2.3.9.
For & = 1,2, we can choose r = n’/16 in (2.34) while for & = 0, we choose r
independent of n and then let r — oo.

d
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2.3.1 Exponential moments

The estimation of probabilities for atypical values can be done more accurately
for random walks whose increment distribution has an exponential moment. In
this section we prove the following.

Theorem 2.3.11 Suppose that p € 73(’1 such that for some b > 0,
E [eb‘xl‘] < 0. (2.35)

Then there exists p > 0 such that for all n > 0 and all x € Z¢ with |x| < pn,

x|

1
pn(x) = p,(x) exp {0 (ﬁ + ?>} )

Moreover, if all the third moments of X| vanish,

_ N
pn(x) =p,,(x) exp{O(——i— 3 >}
n o n

& Note that the conclusion of the theorem can be written

_ - 1 |x| 2t .=
1Pn(X) — Pr(X)| < cpp(X) W‘FW , Xl < nate,

_ _ |X|2+Oé 14a
Pn(X) = POl = Pp(x) exp§ O\~ | 1, IX] = n2ee

where a = 2 if the third moments vanish and « = 1 otherwise. In particular, if xp
is a sequence of points in Zd, then as n — oo,

Pn(Xn) ~ Bn(xn) if |xal = o(nP),
Pn(Xn) = Pp(xn) if |Xn| = O(nP),
where § =2/3ifa=1and g =3/4ifa =2.

Theorem 2.3.11 will follow from a stronger result (Theorem 2.3.12). Before
stating it, we introduce some additional notation and make several preliminary
observations. Let p € 770/1 have characteristic function ¢ and covariance matrix
I', and assume that p satisfies (2.35). If the third moments of p vanish, we let
o = 2; otherwise, « = 1. Let M denote the moment-generating function,

M (b) = E[e"X] = ¢ (—ib),
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which by (2.35) is well defined in a neighborhood of the origin in C¢. Moreover,
we can find C < 00, € > 0 such that

E [|X|4e|b'xl] <C, |bl<e. (2.36)

In particular, there is a uniform bound in this neighborhood on all the derivatives
of M of order at most four. (A (finite) number of times in this section we will
say that something holds for all » in a neighborhood of the origin. At the
end, one should take the intersection of all such neighborhoods.) Let L(b) =
log M (b), L(i6) = log ¢ (#). Then, in a neighborhood of the origin we have

M®) =1+ b'—zrb +o (|b|°‘+2) . VM) =Tb+0 <|b|“+1) ,

b-Th VM (b)
L(b) = —— 4+ 0(|b|*"?), VL(b) = =Tb+ 0(b|*T).
) 2+(|| ) () Vo) +0(b")
(2.37)
For |b| < €, let p € P} be the probability measure
" p(x)
= , 2.38
Pp(x) M o) (2.38)

and let P, [E, denote probabilities and expectations associated to a random
walk with increment distribution p;,. Note that

Pp(S, = x} = e"* M (b) " P{S, = x}. (2.39)
The mean of py, is equal to

_ E[X "]

A standard “large deviations” technique for understanding P{S,, = x} is to
study Pp{S, = x} where b is chosen so that m;, = x/n. We will apply this
technique in the current context. Since I' is an invertible matrix, (2.37) implies
that b — VL(b) maps {|b| < €} one-to-one and onto a neighborhood of the
origin, where € > 0 is sufficiently small. In particular, there is a p > 0 such
that for all w € R? with |w| < p, there is aunique |by,| < € with VL(by,) = w.

& One could think of the “tilting” procedure of (2.38) as “weighting by a
martingale.” Indeed, it is easy to see that for |b| < ¢, the process

Np = M(b)~" exp {bSp}
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is a martingale with respect to the filtration {7, } of the random walk. The measure
P, is obtained by weighting by N,,. More precisely, if E is an F,,-measurable event,
then

Py(E) =E[Nn 1g].

The martingale property implies the consistency of this definition. Under the
measure P, S, has the distribution of a random walk with increment distribution
pp and mean my,. For fixed n, x we choose m;, = x/n so that x is a typical value
for S, under P,,. This construction is a random walk analogue of the Girsanov
transformation for Brownian motion.

Let ¢, denote the characteristic function of p;, which we can write as

: M@0 +b
ez(9~X]:—(l + )

dp(0) = Ep[ MO

(2.40)

Then, there is a neighborhood of the origin such that for all b,6 in the
neighborhood, we can expand log ¢, as

, 6.T,0
log ¢ (0) = imy -6 —

+f3,5(0) + hap(0). (2.41)

Here, I'p, is the covariance matrix for the increment distribution pp, and f3 ,(0)
is the homogeneous polynomial of degree three

i

f50) = == [Esl© - X)"1+2 516 - X1

Due to (2.36), the coefficients for the third-order Taylor polynomial of log ¢,
are all differentiable in b with bounded derivatives in the same neighborhood
of the origin. In particular, we conclude that

Bs@)] < clbl* 1101, |b],10] <e.

To see this, if « = 1, use the boundedness of the first and third moments. If
o = 2, note that 30(6) = 0,0 € R4, and use the fact that the first and third
moments have bounded derivatives as functions of b. Similarly,

_ E[XXTeMX]

"= M) =T +0(bl"),

The error term A4 4 is bounded by

hap(8) <clO*,  1bl,10] < e.
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Note that due to (2.37) (and invertibility of I") we have both |b,,| = O(|w|) and
|w| = O(|by|). Combining this with the above observations, we can conclude
that

mp = Tb+ O(lw|'*®),
bw = I 'w+ O(Jw|' 1), (2.42)

detTp, =detT + O(Jw|¥) = detT" + O(|by|*), (2.43)

by -Th w-Tlw

Libw) = =——=+ 0(bu***) = ——— + 0(ul™).  (244)

By examining the proof of (2.13) one can find a (perhaps different) 6 > 0,
such that for all |b| < eand all 8 € [—n,n]d,

le™ ™0 pp(0)] < 1—816)%.

(For small 6 use the expansion of ¢ near 0; otherwise consider
maxg p le=% ¢, (0)| where the maximum is taken over all such 6 € {z €
[—m, 7] : |z| > €} and all |b] < €.)

Theorem 2.3.12 Suppose that p satisfies the assumptions of Theorem 2.3.11,
and let L, by, be defined as above. Then, there exists ¢ < oo and p > 0 such
that the following holds. Suppose that x € Z¢ with |x| < pn and b = by/n.
Then

c(Ix*~" + V)
@7 det T)42 nd2 Byis, = x} — 1‘ < W)/;f (2.45)
In particular,
_ 1 |x|2+ot
p”(x) = P{Sn = x} :pn(_x) exXp 0 W + W . (246)

Proof of ((2.46) given (2.45)) We can write (2.45) as

1 1 |x|@1 1
{ } (27 det T'p)4/2 pd/2 nletD/2 ° pa/2 ) |-
By (2.39),

pn(x) = P{S, = x}
=M b)) e Pu{S, = x} =exp{nL®b) — b - x} Pp{S, = x}.
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From (2.43), we see that

(det Tp) ™2 = (det T) /2 [1 +0 ('”“)] ,

e
and due to (2.44), we have

x- -1
2n

|x|2+a
nL(b) —

=c plta ”

Applying (2.42), we see that

) B F—l X o |x|a+1 _x.l-*flx o |x|a+2
= (;)"' e+l = n + e+l )

Therefore,

Ban 2+«
exp{nL(b)—b'X}=exp{_x ; x}exp{0<%>}'
n n

Combining these and recalling the definition of p,,(x) we get,

_ |x|2+a
wor=sir oo ()]

O

Therefore, it suffices to prove (2.45). The argument uses an LCLT for prob-
ability distributions on Z? with nonzero mean. Suppose that K < oo and X
is a random variable in Z¢ with mean m € Rd, covariance matrix I', and
E[1X |4] < K. Let ¢/ be the characteristic function of X . Then, there exist €, C,
depending only on K, such that for |0| < €,

< Clo). (2.47)

, 0-T6
mgww)—[m-9+—7?—+ﬁwﬁ

where the term f3(6) is a homogeneous polynomial of degree 3. Let us write
K3 for the smallest number such that |f3(0)] < K3|6|> for all 6. Note that
there exist uniform bounds for m, I and K3 in terms of K. Moreover, if « = 2
and f3 corresponds to pp, then |K3| < c|b|. The next proposition is proved in
the same way as Theorem 2.3.5, taking some extra care in obtaining uniform
bounds. The relation (2.45) then follows from this proposition and the bound
K3 < ¢ (xl/m* ",
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Proposition 2.3.13 For every § > 0,K < 00, there is a ¢ such that the fol-
lowing holds. Let p be a probability distribution on Z¢ with E[|X |*] < K. Let
m, ', C, e, ¥, K3 be as in the previous paragraph. Moreover, assume that

le”™0 vy @) <1-6810% 6c¢l-mnx].

Suppose that X1, X2, . . . are independent random variables with distribution p
and S, = X1+ --- + X;. Then, if nm € 74,

K 1
Qrndet DY Bis, = nm) — 1| < V2L
n
Remark The error term indicates the existence of two different regimes: K3 <
n~Y2 and K3 > n~1/2,

Proof We fix §,K and allow all constants in this proof to depend only on §
and K. Proposition 2.2.2 implies that

1

/ [e=™0 v (0)]" db.
[~ 7]

The uniform upper bound on E[|X [4] implies uniform upper bounds on the
lower moments. In particular, det I is uniformly bounded and hence it suffices
to find ng such that the result holds for n > ng. Also, observe that (2.47) holds
with a uniform C from which we conclude

0 6-T6 0 014

nlog ¥ (ﬁ) —i/n(m-6) — — —nf3 (ﬁ)‘ < C%.
In addition, we have |nf3(0//n)| < K3 1613/ +/n. The proof proceeds as does
the proof of Theorem 2.3.5; the details are left to the reader. O

2.4 Some corollaries of the LCLT

Proposition 2.4.1 If p € P’ with bounded support, there is a c¢ such that

Z 1Pn(2) = pn(z+y)| Z clyl n_l/z.

zeZ4

Proof By the triangle inequality, it suffices to prove the result fory = e = e;.
Let§ = 1/2d. By Theorem 2.3.6,

_ 1
Pn(z+€) —pp(2) = Vip,(2) + O <m) .
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Also, Corollary A.2.7 shows that

Z Ipn(@) — pu(z + )| < Z [Pn(@) + pu(z + )] = o(n~1/2).

lz|2n(1/27+8 lzlzn(1/2+)

But,

Z |Pn(2) — pn(z + )|

|Z‘§n(l/2)+8
B _ 1
<Y P@-pGc+el+ Y O <n(d+2)/2)
ez 2| <n(1/2)+5

<o '+ Y 1Vp,@)l.

zeZ4

A straightforward estimate which we omit gives

Y VP, @1 = 0w,

zeZ4

O

The last proposition holds with much weaker assumptions on the random
walk. Recall that P* is the set of increment distributions p with the property
that for each x € Z¢, there is an Ny such that pn(x) > Oforalln > N,.

Proposition 2.4.2 If p € P*, there is a c such that

D 1pa@ = paz + )| < clyln™'2,

z€Z4

Proof In Exercise 1.3 it was shown that we can write

p=eq+(-eq,

where g € P’ with bounded support and ¢’ € P*. By considering the process
of first choosing g or ¢’ and then doing the jump, we can see that

n

Pa®) =) (;‘) -7 Y qgx—2q, ;). (248

Jj=0 zeZd
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Therefore,

D Ipa) = pulx+ )|

xeZ4

=2 (7)6/ (1="7 ) g ;@ )l —2) —gix+y = 2)L.
j=0

xeZ4 zeZ4

We split the first sum into the sum over j < (¢/2)n and j > (€/2)n. Standard
exponential estimates for the binomial (see Lemma A.2.8) give

> (;.l)e-’ A=)"7 Y g ) lgilx—2) —gj(x+y —2)|

Jj<(e/2)n xeZ4 zeZ4

=2 ) ('7)4 (1-e)"7 = 0@,

j<(e/2)n

for some o = a(e) > 0. By Proposition 2.4.1,

> (’7)4' Q=" g, ;@) lgilx—2) —gj(x+y —2)|

j=(€/2n xeZ4 zeZ4
n . .
<en Py Y (.)ef(l—e)”—qu;,-(x)fcn—”2|y|.
Jz(e/n xezd

O

The last proposition has the following useful lemma as a corollary. Since this
is essentially a result about Markov chains in general, we leave the proof to the
appendix; see Theorem A.4.5.

Lemma 2.4.3 Suppose thatp € P}. Thereisac < oo suchthatifx,y € 74, we
candefine S, S on the same probability space such that: S, has the distribution
of a random walk with increment p with So = x; S has the distribution of a
random walk with increment p with So = y; and for all n,

clx—yl

Jn

P{S,, = S forallm > n} > 1 —

& While the proof of this last lemma is somewhat messy to write out in
detail, there really is not a lot of content to it once we have Proposition 2.4.2.
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Suppose that p, g are two probability distributions on 79 with
1
5 2 P@ -2l =e
zeZd

Then there is an easy way to define random variables X, Y on the same probabil-
ity space such that X has distribution p, Y has distribution q, and P{X # Y} = .
Indeed, if we let f(z) = min{p(z), g(z)} we can let the probability space be
79 x 79 and define 1 by

wz,z) = f(2)
and for x #£ y,
nx,y) =€ px) — FOO1IqY) — FY)].

If we let X(x,y) = x, Y(x,y) = y, itis easy to check that the marginal of X is
p, the marginal of Y is g, and P{X = Y} = 1 — €. The more general fact is not
much more complicated than this.

Proposition 2.4.4 Suppose that p € Pj. There is a ¢ < 00 such that for
all n, x,

c
Pn(x) < a7 (2.49)

Proof 1f p € P, with bounded support, this follows immediately from (2.22).
For general p € Py, write p = € ¢ + (1 — €) ¢’ with g € P/}, ¢’ € P} as in the
proof of Proposition 2.22. Then p, (x) is as in (2.48). The sum overj < (€/2)n
is O(e™®") and for j > (¢/2)n, we have the bound g;(x — z) < cen~4/2, O

The CLT implies that it takes O(n?) steps to go distance n. This proposition
gives some bounds on large deviations for the number of steps.

Proposition 2.4.5 Suppose that S is a random walk with increment distribution
p € Py and let

7, = min{k : [Sx| > n}, &, =min{k : T*(Sx) > n}.
There existt > 0 and ¢ < oo such that for all n and all v > 0,

P{r, < m*} + P{&, < m?} <ce /", (2.50)
P{t, > m*} + P{&, > m?} < ce . (2.51)
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Proof There exists a ¢ such that &, < 7, < &,/ so it suffices to prove the
estimates for 7,. It also suffices to prove the result for n sufficiently large. The
CLT implies that there is an integer k such that for all n sufficiently large,

1
PlISge| = 2n) = 2.
By the strong Markov property, this implies that for all /
2 1
P{t, > kn +l|tn>l}§§,
and hence
P{t, > jkn®} < (1/2) = 71082 = /k(log2/l),

This gives (2.51). The estimate (2.50) on t, can be written as

]P’{ max _|Sj zn} :]P’{ maleSj| > (l/ﬁ)Vrn2} <ce ",
o

I<j<rn? <jsrn

which follows from (2.7). O

& The upper bound (2.51) for 7, does not need any assumptions on the
distribution of the increments other than that they be nontrivial; see Exercise 2.7.

Theorem 2.3.10 implies that for all p € P, p,(x) < cn~4/2 (Jn/|x])>.
The next proposition extends this to real » > 2 under the assumption that
E[1X1]"] < oo.

Proposition 2.4.6 Suppose that p € P). There is a c such that for all n, x,

.
Pa(¥) < 7 max P{IS;| > |x]/2}.

In particular, if r > 2, p € P/, and E[|X1]"] < oo, then there exists ¢ < 00
such that for all n, x,

c (Jn\
pn(x) < W (m) . (2.52)
Proof Letm =n/2ifnisevenand m = (n+ 1)/2 if n is odd. Then,

{Sn =2} ={Sn =%, [Sml = [x1/2} U {Su = x, |80 — Sul = |x]/2}.
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Hence, it suffices to estimate the probabilities of the events on the right-hand
side. Using (2.49) we get

P{Sn =x,ISml = |x]/2} = P{ISm| = Ix1/2} P{Sn = x [ [Sm| = |x]/2}

= P{ISml = |x|/2} [SUPan(y,X)}
)7

< cen PP{IS,l = 1x1/2}.
The other probability can be estimated similarly since
P{S, = x, 1Sy — Sm| = |x|/2} = P{Sy = x, |Sn—m| > |x|/2}.

We claim that if p € P/, r > 2, and E[|X;|"] < o0, then there is a ¢ such
that E[|S,,|"] < cn’/?. Once we have this, the Chebyshev inequality gives for
m=<n,

Cnr/2

™

P{ISm| = Ixl} =

The claim is easier when r is an even integer (for then we can estimate the
expectation by expanding (X1 + - - - 4+ X,;)"), but we give a proof for all r > 2.
Without loss of generality, assume that d = 1. For a fixed n, define

Ty =T = min{j : S| > c1/n},
and forl > 1,
T) = min {j > T2 |Sj—Sr.,| = Clx/ﬁ], T, =T—T0-,
where ¢ is chosen sufficiently large that

P{T| > n} >

S

The existence of such a ¢| follows from (2.6) applied with k = 1.
Let Y| = ]STI‘ and for [ > 1, Y = ‘ST, - 55 ‘ Note that (71, Y7),

-1
(T, Y2), (T3, Y3),... are independent, identically distributed random variables

taking values in {1,2,...} x R. Let & be the smallest [ > 1 such that 7} > n.
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Then, one can readily check from the triangle inequality that
1Syl §Y1+Y2+"'+Yg_1+clﬁ

o
=cV/n+ Z Y,
=1

where ¥; = ¥; 1{T; < n} 1{& > [ — 1}. Note that

P{Y1 = ci v/n+1:T1 < n} < P{IX;| > ¢ forsome 1 <j < n}
<nP{X1| > t}.

Letting Z = |X1 |, we get

o
E[?{]:E[Y{;Tl < n] =c/ sTUPY) > 5; Ty < n)ds
0

o0
<c nr/z—i—/ sr_lnIP{Zzs—clﬁ}ds}
(c1+D/n

=c nr/z—}—/ (s+ﬁ)’1nIP’{Zzs}ds]
L NG

B o0
<c nr/2—|—2r_1/ s’_lan’{Zzs}ds]
L N

_nr/2 +2r—lnE[Zr]] < Cl’lr/2.

IA
o

Forl > 1,

. n-=to
EY1<P{E>1-1DEY U1 =n} |[E>1—-1]= <§) E[Y{].
Therefore,
E[(?l +fV2+-~-)’] — lim ]E[(f/l +---+?,)’]
[—o00

< tim [BIV]1V 4+ B0
[—o00

. © 1\ U=D/r” .
=E[}]] Z(E) = cE[¥]].

=1
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2.5 LCLT - combinatorial approach

In this section, we give another proof of an LCLT with estimates for one-
dimensional simple random walk, both discrete and continuous time, using
an elementary combinatorial approach. Our results are no stronger than those
derived earlier, and this section is not needed for the remainder of the book, but
it is interesting to see how much can be derived by simple counting methods.
While we focus on simple random walk, extensions to p € P, are straightfor-
ward using (1.2). Although the arguments are relatively elementary, they do
require a lot of calculation and estimation. Here is a basic outline:

o Establish the result for discrete time random walk by exact counting of paths.
Along the way we will prove Stirling’s formula.

e Prove an LCLT for Poisson random variables and use it to derive the result
for one-dimensional continuous-time walks. (A result for d-dimensional
continuous-time simple random walks follows immediately.)

We could continue this approach and prove an LCLT for multinomial random
variables and use it to derive the result for discrete-time d-dimensional simple
random walk, but we have chosen to omit this.

2.5.1 Stirling’s formula and one-dimensional walks

Suppose that S, is a simple one-dimensional random walk starting at the origin.
Determining the distribution of S, reduces to an easy counting problem. In
order for X1 + - - - + X3, to equal 2k, exactly n + k of the X; must equal +1.
Since all 272" sequences of %1 are equally likely,

pon(2k) = P{Sy, = 2k} =272 ( n ) =272 ﬁ. (2.53)
n+k (n+k)!(n—k)!

We will use Stirling’s formula, which we now derive, to estimate the factorial.
In the proof, we will use some standard estimates about the logarithm; see
Section A.1.2.

Theorem 2.5.1 (Stirling’s formula) Asn — oo,
n! ~ 27 " T/ g,

In fact,

n! 1 1
— =1+ —+4+0(5).
V27 n+(1/2) g=n ot (nz)
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Proof Letb, =n"t(1/2¢="/n! Then, (A.5) and Taylor’s theorem imply that

b 1 1\" 1\ /2
b, e n n

im T S o (M o o
mLmOOE_l_[ +1212+ B~ 12n n?)’

I=n

The second equality is obtained by

ad 1 1 > 1 1
logl—[ 1—}—@—}—0 7 :Zlog l—i—m—l—O 7
I=n =n

This establishes that the limit
-1
C = [ lim b,,,]

m— 00

exists and

b—l 1 l+0 !
" 12n n2 )|’

1 1
!= n+(l/2) —n 1 R 0 _ .
n Cn e |: + 2n + <n2>]
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There are a number of ways to determine the constant C. For example, if S,
denotes a one-dimensional simple random walk, then

P{Sul < V2nlognj= ). 4_n( 2n >

n+k
|2k|<~/2n logn

B 4o (2n)!
- 2 e e

|2k|<+/2n logn

Using (A.3), we see that as n — o0, if |2k| < +/2n logn,

—(n+k) —(n—k)
s ) ()
n+kn—-k! Cyn n n

V2 K2\ " K2\ K2\
e (5 (5 (-5

V2 e
C./n

Therefore,

2
lim P({|S2| < v2n logn} = lim > V2 e
n—00 n—00 C ﬁ
lk|</n/2 logn

\/5 /oo 2 N2
= — e dx = ——.
C J_ C

However, Chebyshev’s inequality shows that

Var[Sp,] 1

P{|S2,| = v/2n logn} < =
{152l ¢ 2n log2n log2n

— 0.

Therefore, C = +/27. (]

& By adapting this proof, it is easy to see that one can find r; = 1/12,
I, r3, ... such that for each positive integer k,

| — Jom pn+(1/2) g=n nofo Lk L
n=+2nn e [1+n+n2+ +nk+O k)| (2.54)
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We will now prove Theorem 2.1.1 and some difference estimates in the
special case of simple random walk in one dimension by using (2.53) and
Stirling’s formula. As a warmup, we start with the probability of being at the
origin.

Proposition 2.5.2 For simple random walk in Z, if n is a positive integer, then

1 1 1
P{Sy, =0=— [l —=—+0(—=)]|.
152 =0} JTn [ 8n + <n2):|
Proof The probability is exactly
2 2n _ 2n)!
n 4n (n)?2’

By plugging into Stirling’s formula, we see that the right-hand side equals

I 1+ '+0m 1 [1_1+0 1>]
Jan T+ 20 T 0D ~ Jan 8n (ﬁ '

O

In the last proof, we just plugged into Stirling’s formula and evaluated. We
will now do the same thing to prove a version of the LCLT for one-dimensional
simple random walk.

Proposition 2.5.3 For simple random walk in Z, if n is a positive integer and
k is an integer with |k| < n,

2K) = PSy, = 2k} = — oK/ 1K
pon(2k) = P{Sy, = }—ﬁe exp{O ;+n_3 .

3/4

In particular, if |k| < n°/%, then

1 1k
P(Ss, = 2k} = = K [1 +0 <_ N _3)} .

T n n-

& Note that for one-dimensional simple random walk,

o oli@? | 1 e
Jenen P 2en '

N

2Pon(2k) =2
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& While the theorem is stated for all |k| < n, itis not a very strong statement
when k is of order n. For example, for n/2 < |k| < n, we can rewrite the

conclusion as
1 k2
2k) = —— e K/ O — O,
pon(2K) Jzn

which only tells us that there exists « such that
e~ " < pop(2k) < e*".

In fact, 2p5,(2k) is not a very good approximation of po,(2k) for large n. As an

extreme example, note that
1 —-n

—€

pon(2n) = 47", 252,,(2n>=\/ﬁ

Proof 1f n/2 < |k| < n, the result is immediate using only the estimate
2 < P{S2, = 2k} < 1. Hence, we may assume that |k| < n/2. As noted

before,
_ 2n 2n)!
P{Sy, = 2k} = 272" = .
1520 = 2k} (n+k> 220(n + )\(n — k)!

If we restrict to |k| < n/2, we can use Stirling’s formula (Lemma 2.5.1) to

see that
1 1 K2\ 2
P{S, =2k} =|[1+0| - — 1 - =
sw=20=[1+0(0)] = (1-7)
K2\ 2k \*
x(1——= 1— .
( n2> ( n+k>

The last two terms approach exponential functions. We need to be careful with

the error terms. Using (A.3) we get,

(-5) = enlo )]

n2

2k \* > 263 4
|- _ =2k () _ ol©
( n—l—k) ¢ xp (n+ k)2 + n3

2k3 k4
— o~ 2K/ (k) exp {——2 +0 (—3> } ,
n n

3 4
o2 (k) _ ,~2k2 /n exp {% +0 <k_3>} )
n n
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Also, using k%/n? < max{(1/n), (k*/n)}, we can see that

K2\ 1ok
l-= =exp 0| -+ =)t
n n n

Combining all of this gives the theorem. (]

& We could also prove “difference estimates” by using the equalities

n—k
Pon(Ck +2) = mPZn(zk),

Poins 1) (2K) = pan(2ky 4! G EDEN+2)

(n+k+Dn-—k+1)°

Corollary 2.5.4 If S, is simple random walk, then for all positive integers n
and all |k| < n,

1 k+ 12 1 k4
e =2 =T ‘”‘p{_%} (o (45 ) |
(2.55)

Proof Note that
1 1
P{Son+1 =2k + 1} = 5 P{S>, = 2k} + 3 P{S2, = 2(k + 1)}.

Hence,

1 2 2 1k
p =2%+1)=—[e K/ —(k+1)7/ -
{S2n+l 2k 1}_ 2\/—,1[6 n+e n] CXP{0<n+n3)}

But,
k+3)? k k?
exp :—g} = K/ [1 -=-40 (_2)]
n n n
k+1)2 2k k2
o[ 5o o ()]
n n n

which implies that

1y2 2
! [e‘kz/" + e_(k“)z/”] = exp _Er L +o(X)].
2 n n2

Using k2 /n? < max{(1/n), (k*/n®)}, we get (2.55). O
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& One might think that we should replace nin (2.55) with n+(1/2). However,

1 1 1
n+<1/2>=5[1+o<5>]

Hence, the same statement with n + (1/2) replacing n is also true.

2.5.2 LCLT for Poisson and continuous-time walks

The next proposition establishes the strong LCLT for Poisson random variables.
This will be used for comparing discrete-time and continuous-time random
walks with the same p. If N, is a Poisson random variable with parameter ¢,
then E[NV;] = t, Var[N;] = t. The CLT implies thatast — 00, the distribution of
(N:—1)/ Jt approaches that of a standard normal. Hence, we might conjecture
that

m—t Ny—t m+1— t}
P{N; =m} =P < <
tN; } { NN NG
(m+1-0/1 2 1 m—n?
~ / e 2 dx ~ e
m-n/Vi N2 Vlnt

In the next proposition, we use a straightforward combinatorial argument to
justify this approximation.

Proposition 2.5.5 Suppose that N; is a Poisson random variable with param-
eter t, and m is an integer with |m — t| < t/2. Then

1 o2 1 im—1p
]P{Nt=m}=\/2_me 7 expy0 $+ 7 .

Proof For notational ease, we will first consider the case where ¢ = n is an
integer, and we let m = n + k. Let

n+k

C[(l’l,k) = P{Nn =n +k} =e m,

and note the recursion formula

n
k)= ——qgnk —1).
q(n, k) n+kq(n )

Stirling’s formula (Theorem 2.5.1) gives

gm0y =] [1 +0 (1)] (2.56)
n! n

N
i‘
S
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By the recursion formula, if £ < n/2,

-1
q(n, k) = q(n,0) |:(1+1) (14_%) <1+If>i| i
n n n

and,
k k
logH<1+J—)=Zlog<l+J—)
j=1 j=1
%) 2 3
J Jj k k
= LyolL)|l==+—+0
Zl:n+ (n2)1| 2n+2n <n2)
j=1
k? 1K
=—4+0|—+—
2n n n

The last equality uses the inequality

k _ 1 &
—<max{—,—=¢,
n— Jn' n?

which will also be used in other estimates in this proof. Using (2.56), we get

k> 1 &3
log g(n, k) = —log v2mn — o +0<ﬁ + ;>

and the result for k > 0 follows by exponentiating.
Similarly,

1 2 k—1
q(n, —k) = q(n,0) (1—-) (1 __)...<1 _ )
n n n

and
k—1 .
log g(n, —k) = —log v/27n + log 1_[ (1 - ]—)
n
j=1

1 2 k2+0 : +k3
= —logv2mn — — —+ ).
& " Jn o on?
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The proposition for integer n follows by exponentiating. For general ¢, let
n = |t] and note that

t—n n+k
PN, = n+k} = P(N, = n+k} e ™ (1 N )
n

(+5) [ )]
=P{N,=n+k}{1+ — 140\ -
n n

= P{N, = n+k) [1+0('k|:1>]

= Qan)~ /2 e~k /@n exp{O L + E
NI

3
= Qroy V2@ exp Lo (L A= |
NG 12

The last step uses the estimates

o To()] e et o (5)].

]

We will use this to prove a version of the LCLT for one-dimensional,

continuous-time simple random walk.

Theorem 2.5.6 If S, is continuous-time one-dimensional simple random walk,
then if |x| < t/2,

pr(x) = ! e_%ex {O(i—i—ﬁ)}
Dt _\/2—7_” p \/; £2 :

Proof We will assume that x = 2k is even; the odd case is done similarly. We
know that

pi(2k) =) PN = 2m) pon(2K).

m=0
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Standard exponential estimates, see (A.12), show that for every ¢ > 0, there

exist c, B such that P{|N; — t| > €1} < ce . Hence,

Pi(2k) = Y PN, = 2m) pom(2K)

m=0
= 0(e™P) + Y PN = 2m) p2(2k), (2.57)

where here and for the remainder of this proof, we write just > to denote the
sum over all integers m with |t — 2m| < et. We will show that there is an € such

that
2

5 wofo(L+22))

1
D PNy = 2m) pan(2h) = —o—

A little thought shows that this and (2.57) imply the theorem.
By Proposition 2.5.3 we know that

1
pam(2k) = P{Som = 2k} = N

and by Proposition 2.5.5 we know that

1 _en? 1 2m—1tp
ez expy0 —+—12 .

P{N, = 2m} = Nor

&

Also, we have
11 140 2m — | 1 140 2m — ¢
2m ¢ V2m Wi t ’

which implies that
2w k* [2m — 1]
e m —=e t eXp 0 [—2 .

Combining all of this, we can see that the sum in (2.57) can be written as

12 o 1 N Ix|3
1 ex — + —
e p 7i 2

2wt
2 _em? 12m — 1|3
e expyO0 — )

xzm
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We now choose € so that |0 (|2m—1[? /t2)| < 2m—1)?/(4t) forall |2m—t| < et.
‘We will now show that

Z 2 _ona? {0<|2m—t|3)} 1+0( 1 )
e 1 ex —_— = — ),
N2t P 1? Jt

which will complete the argument. Since

_ (2mft)2 |2m — t|3 _ (zm,[)z
e 2 exp 0| ———— <e @,
tz

it is easy to see that the sum over |2m — t| > */3 decays faster than any power
of t. For |2m — t| < t*/3 we write

12m —t3 [2m —t]3
exp {0 — =140 )

2 _ em—1)?
D
[2m—t|<t?/3 2t

The estimate

- e~ 2m/V/D?

2
X

Im|<t?/3/2

o) el

is a standard approximation of an integral by a sum. Similarly,

12m — 1| 2 _em?
Z 0 2 e ¥
t N2t

|2m—t|<t?/3
o0 3
o vamofd).
\/; —00 2 «/;

Exercises

Exercise 2.1 Suppose that p € P/, € € (0,1), and E[|1X{]?>T€] < oco. Show
that the characteristic function has the expansion

6-T9
bO)=1-—— +o(l0*7€), 60— 0.

Show that the 8, in (2.32) can be chosen so that n€/2 §,, — 0.
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Exercise 2.2 Show that if p € ’P;, there exists a ¢ such that for all x € Z¢
and all positive integers n,

|x]
|Pn(x) — pn(0)| < c m

(Hint: first show the estimate for p € P, with bounded support and then
use (2.48). Alternatively, one can use Lemma 2.4.3 at time n/2, the Markov
property, and (2.49).)

Exercise 2.3 Show that Lemma 2.3.2 holds for p € P*.

Exercise 2.4 Suppose that p € P, with E[|X 3] < oo. Show that there is a
¢ < oo such that for all |y| =1,

C
1Pn(0) — (| = L@
Exercise 2.5 Suppose that p € P). Let A C 7% and
h(x) = P*{S, € Ai.o.}.

Show that if 4(x) > 0 for some x € Z, then h(x) =1forallx € 74.

Exercise 2.6 Suppose that S, is a random walk with increment distribution
p € P;. Show that there exists a » > 0 such that

oo ]
supE | exp < 00
n>1 n

Exercise 2.7 Suppose that X1, X3, . . . are independent, identically distributed
random variables in Z¢ with P{X; =0} <landletS, =X +---+ X,.

(i) Show that there exists an r such that for all n

1
B(1S,2] = n} = 3.

(i1) Show that there exist c, ¢ such that for all b > 0,

]P’{ max_|S;| < bn} <ce /P,
1<j<n?

Exercise 2.8 Find rp, r3 in (2.54).
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Exercise2.9 LetS, denote one-dimensional simple random walk. In this exer-
cise we will prove without using Stirling’s formula that there exists a constant

C such that
0) = ¢ 1 ! + 0 !
Pant) = Jn 8n n? )|

(i) Show thatifn > 1,

1 1!
P2ty = | 1+ n I+ ~) P

(ii) Let by, = /np2,(0). Show that by = 1/2 and for n > 1,

busi 1 1
=1+—4+0|—=).
by + 8n? + (rﬁ)
(iii) Use this to show that b, = lim b,, exists and is positive. Moreover,
1 1

Exercise 2.10 Show that if p € P/, with E[|X;[*] < oo, then

Vipa(x) = V7P, (x) + O(n~@+/2),

Exercise 2.11  Suppose that ¢ : Z¢ — R has finite support, and k is a positive
integer such that forall/ € {1,...,k — 1} and allji,...,j; € {1,...,d},

Z L gx) =0.

x=(!,...xd)eZd

Then we call the operator

Af @) =) fx+)q0)
y

a difference operator of order (at least) k. The order of the operator is the largest
k for which this is true. Suppose that A is a difference operator of order k > 1.

(i) Suppose that g is a C* function on R4, Define gecon 74 by gc(x) = g(ex).
Show that

|Agc(0)| = O(le[*), € — 0.
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(ii) Show that if p € P/, with E[|X;|*] < oo, then
Apn(x) = A, (x) + O(n~@F1HR/2),
(iii) Show that if p € P/, is symmetric with E[|X;]*] < oo, then
Apa(x) = AP, (x) + O(n~@H+0/2),

Exercise 2.12  Suppose that p € P’ U P;. Show that there is a c such that the
following is true. Let S, be a p-walk and let

7, = inf{j : |Sj| = n}.
Ifye 72 let
7,—1
Va) = > 1{S; =)
j=0

denote the number of visits to y before time 7,,. Then,
if 0 < |y| <n,

E[Vi(»)] <c

1 4+ logn — log |y|
. .

(Hint: show that there exist ¢, 8 such that for each positive integer j,

Yo WS=yi<ul<aenl)
jn?<j<(ji+1)n?
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Approximation by Brownian motion

3.1 Introduction

Suppose that S, = X; + - - - + X, is a one-dimensional simple random walk.
‘We make this into a (random) continuous function by linear interpolation,

=S+ t—n[Sp+1 —Su], n<t<n+1.

For fixed integer n, the LCLT describes the distribution of S,. A corollary of
LCLT is the usual CLT that states that the distribution of n=1/2, converges
to that of a standard normal random variable. A simple extension of this is the
following: suppose that 0 < #; < o < --- < fr = 1. Then, as n — oo, the
distribution of

n_1/2 (Stln’ Stzn, cees Stkn)
converges to that of
YL.Vi+Y,.... 1 + 2+ 1),

where Y1, ..., Y, are independent mean zero normal random variables with
variances t1,t — t1, ..., ty — ty—1, respectively.

The functional central limit theorem (also called the invariance principle or
Donsker’s theorem) for random walk extends this result to the random function

W =n"128,, (3.1

The functional CLT states roughly that as n — o0, the distribution of this
random function converges to the distribution of a random function ¢ +— B;.
From what we know about the simple random walk, here are some properties
that would be expected of the random function B;:

72
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e If s < t, the distribution of B — Bg is N(0,t — s).
e If0<1t <t <--- <t,then By — By,...,B; — By_, are independent
random variables.

These two properties follow almost immediately from the CLT. The third
property is not as obvious.

e The function ¢ — B; is continuous.

Although this is not obvious, we can guess this from the heuristic argument:
E[(Br+ar — B)*] ~ At,

which indicates that |B,; o, — B;| should be of order +/At. A process satisfying
these assumptions will be called a Brownian motion (we will define it more
precisely in the next section).

There are a number of ways to make rigorous the idea that W™ approaches
a Brownian motion in the limit. For example, if we are restricted to 0 < ¢ < 1,
then W and B are random variables taking values in the metric space C[0, 1]
with the supremum norm. There is a well-understood theory of convergence in
the distribution of random variables taking values in metric spaces.

We will take a different approach using a method that is often called strong
approximation of random walk by Brownian motion. We start by defining a
Brownian motion B on a probability space and then define the random walk
S, as a function of the Brownian motion; i.e. for each realization of random
function B,, we associate a particular random walk path. We will do this in such
a way that the random walk S, has the distribution of simple random walk. We
will then carry out some estimates to show that there exist positive numbers
¢, a such that if Wt(") is as defined in (3.1), then for all r < nl/4,

P{|B—W®| > rn'/* /logn} < ce ", (3.2)
where || - || denotes the supremum norm on CI[0, 1]. The convergence in

distribution follows from the strong estimate (3.2).

& There is a general approach here that is worth emphasizing. Suppose that
we have a discrete process and we want to show that it converges after some
scaling to a continuous process. A good approach for proving such a result is first
to study the conjectured limit process and then to show that the scaled discrete
process is a small perturbation of the limit process.
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We start by establishing (3.2) for one-dimensional simple random walk using
Skorokhod embedding. We then extend this to continuous-time walks and all
increment distributions p € P. The extension will not be difficult; the hard
work is done in the one-dimensional case.

We will not handle the general case of p € P’ in this book. One can give
strong approximations in this case to show that the random walk approaches
Brownian motion. However, the rate of convergence depends on the moment
assumptions. In particular, the estimate (3.2) will not hold assuming only zero
mean and a finite second moment.

3.2 Construction of Brownian motion

A standard (one-dimensional) Brownian motion with respect to a filtration F;
is a collection of random variables B, t > 0 satistying the following:

(a) Bo=0;

(b) if s < ¢, then B; — By is an J;-measurable random variable, independent
of F,, with a N (0, t — s) distribution;

(c) with probability one, ¢ — By is a continuous function.

If the filtration is not given explicitly, then it is assumed to be the natural fil-
tration, J; = o{B; : 0 < s < t}. In this section, we will construct a Brownian
motion and derive an important estimate on the oscillations of the Brownian
motion.

We will show how to construct a Brownian motion. There are technical
difficulties involved in defining a collection of random variables {B,} indexed
over an uncountable set. However, if we know a priori that the distribution
should be supported on continuous functions, then we know that the random
function # — B; should be determined by its value on a countable, dense
subset of times. This observation leads us to a method of constructing Brownian
motion: define the process on a countable, dense set of times and then extend
the process to all times by continuity.

Suppose that (€2, F, IP) is any probability space that is large enough to contain
a countable collection of independent N (0, 1) random variables which for ease
we will index by

Nue» n=0,1,... k=0,1,...

‘We will use these random variables to define a Brownian motion on (2, F, P).
Let
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denote the nonnegative dyadic rationals. Our strategy will be as follows:

e to define B, for ¢ in D satisfying conditions (a) and (b);

e to derive an estimate on the oscillation of B;,t € D, that implies that with
probability one the paths are uniformly continuous on compact intervals;

e to define B; for other values of 7 by continuity.

The first step is straightforward using a basic property of normal random vari-
ables. Suppose that X, ¥ are independent normal random variables, each mean
zero and variance 1/2. Then Z = X + Y is N(0, 1). Moreover, the conditional
distribution of X given the value of Z is normal with mean Z/2 and variance
1/4. This can be checked directly using the density of the normals. Alternatively,
one can check that if Z, N are independent N (0, 1) random variables, then

Xi=2+—, Y:= , (3.3)

N

N
2

are independent N (0, 1/2) random variables. To verify this, one only notes
that (X, Y) has a joint normal distribution with E[X] = E[Y] = 0,E[X 2] =
E[Y?] = 1/2,E[XY] = 0. (See Corollary A.3.1.) This tells us that in order
to define X, Y we can start with independent random variables N, Z and then
use (3.3).

We start by defining B; for t € Dy = N by By = 0 and

Bj = No1 + -+ + Noj.

Figure 3.1 The dyadic construction
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We then continue recursively using (3.3). Suppose that B; has been defined for
all r € D,,. Then we define B; for t € D,,y1 \ D,, by

1
Bxuii =B + z [Bl‘zinl —BL] + 27(n+2)/2N2k+1,n+1~

on

By induction, one can check that for each n the collection of random variables
Ziy := Byjon — B(k—1,o» are independent, each with a N (0,27") distribution.
Since this is true for each n, we can see that (a) and (b) hold (with the natural
filtration) provided that we restrict to ¢ € D. The scaling property for normal
random variables shows that for each integer n, the random variables

2"2 By, teD,
have the same joint distribution as the random variables
B;, teD.
We define the oscillation of B; (restricted to ¢ € D) by
osc(B;8,T) = sup{|B; — Bs| : s,t € D;0 <s,t <T;|s —t| <8}.

For fixed §, T, this is an Fp-measurable random variable. We write osc(B; §)
for osc(B; 6, 1). Let

M, = max sup {|Bt+k2”’ — Bk2*”| teD0<t< 2_”} .
0<k<2n
The random variable M,, is similar to osc(B; 27") but is easier to analyze. Note
that if r < 27",

osc(B;r) < osc(B;27") <3 M,. (3.4)

To see this, suppose that § <27",0 <s <t <s+6 < 1,and |B; — B;| > €.
Then there exists ak suchthateitherk2™" <s <t < (k+1)27"or (k—1)27" <
s < k27" <t < (k + 1)27". In either case, the triangle inequality tells us that
M, > €/3. We will prove a proposition that bounds the probability of large
values of osc(B;8,T). We start with a lemma which gives a similar bound
for M,,.

Lemma 3.2.1 For every integer n and every § > 0,

2 o
P{M, > 627"} <4,/ = 5 2,
4
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Proof Note that

P{M, > §27"%} < 2”1?{ sup |By| > §27"/? }

O<r<2—n

:2"1[”{ sup |B,|>8}.

0<t<l1
Here the supremums are taken over ¢ € D. Also note that
P{sup{|B;| :0<t<1,teD} >4}
= lim P{ max{|By—n|:k=1,...,2"} > 4§}
n—o0

<2 lim P{max{By,—:k=1,...,2"} > 6§ }.

n—oQ

The reflection principle (see Proposition 1.6.2 and the remark following)
shows that

P{max{Bpn i k=1,...,2"} > § } <2P(B; > &)

2 /OO L 2ny
= — € X
s 21w

<2 /-ooLe_’“s/2 dx
T Js A2m

—2 E s 102
,/n .

Proposition 3.2.2 There exists a ¢ > 0 such that for every 0 <6 < 1,r > 1,
and positive integer T,

O

Plosc(B;8,T) > cr+/3log(1/8)} < cT 8"

Proof 1t suffices to prove the result for 7 = 1 since for general T we can
estimate separately the oscillations over the 27 — 1 intervals [0, 1], [1/2,3/2],
[1,2],...,[T — 1, T]. Also, it suffices to prove the result for § < 1/4. Suppose
that2"1 <§ <27", Using (3.4), we see that

Plosc(B;8) > ¢ r+/8log(1/8)) < P {M,, > % J2n 1og(1/5)} .
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By Lemma 3.2.1, if ¢ is chosen sufficiently large, the probability on the right-
hand side is bounded by a constant times

1 /22
exp{—z (1—8) 1og<1/6)},

which for ¢ large enough is bounded by a constant times §” 2, ]

Corollary 3.2.3 With probability one, for every integer T < 00, the function
t — By, t € D is uniformly continuous on [0, T].

Proof Uniform continuity on [0,7] is equivalent to saying that
osc(B;27",T) — 0 as n — oo. The previous proposition implies that there
is a ¢ such that

P{osc(B;27",T) > 127> \/n) <1 T27".

In particular,

o0
Z]P{OSC(B;Z_", T) > ¢ 27"% /n} < oo,

n=1

which implies by Borel-Cantelli that with probability one osc(B;27",T) <
1272 /n for all n sufficiently large. ]

Given the corollary, we can define B; for t ¢ D by continuity, i.e.
Bl‘ = lim Btn’
th—>t

where 1, € D with t, — t. It is not difficult to show that this satisfies the
definition of Brownian motion (we omit the details). Moreover, since B; has
continuous paths, we can write

osc(B;8,T) =sup{|B; — Bg| : 0 < s,t <T;|s —t] <4}

We restate the estimate and include a fact about scaling of Brownian motion.
Note that if B, is a standard Brownian motion and a > 0, then Y; := a~ /2 B,
is also a standard Brownian motion.

Theorem 3.2.4 (modulus of continuity of Brownian motion) There is a c <
oo such that if B; is a standard Brownian motion, 0 < § < 1, r > ¢, T > 1,

Plosc(B;8,T) > r+/3log(1/8)} < ¢ T 877/,
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Moreover, if T > 0, then osc(B;8,T) has the same distribution as
VT osc(B,8/T). In particular, if T > 1,

P{osc(B;1,T) > cr+/logT}
= Plosc(B; 1/T) > r/(1/T) log T} < ¢ T/, (3.5)

3.3 Skorokhod embedding

We will now define a procedure that takes a Brownian motion path B; and
produces a random walk S,,. The idea is straightforward. Start the Brownian
motion and wait until it reaches +1 or —1. If it hits +1 first, we let S; = 1;
otherwise, we set S = —1. Now we wait until the new increment of the
Brownian motion reaches +1 or —1 and we use this value for the increment of
the random walk.

To be more precise, let B; be a standard one-dimensional Brownian motion,
and let

t=inf{t > 0: |B;| = 1}.

Symmetry tells us that P{B; = 1} = P{B; = —1} = 1/2.
Lemma 3.3.1 E[t] = 1 and there exists a b < 0o such that E[¢b7] < oo.

Proof Note that for integer n

Plt >n} <P{t >n—1,|B, — By—1] <2}
=P{r >n—1}P{|By — By—1| =2},
which implies that for integer n,
P{t > n} <P{|By — Bu—1] <2}" =",
with p > 0. This implies that E[¢?"] < oo for b < p. If s < ¢, then E[B? — ¢ |
Fsl = Bg — s (Exercise 3.1). This shows that Bt2 — t is a continuous martingale.
Also,

E[|B? —t|;T > 1] < (t 4+ D) P{r > 1} —> 0.

Therefore, we can use the optional sampling theorem (Theorem A.2.9) to
conclude that E[B2 — 7] = 0. Since E[B2] = 1, this implies that E[z] = 1. [
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More generally, let 7o = 0 and
T, =inf{t > 1,1 : |B; — By, || = 1}.
Then S,, := B, is a simple one-dimensional random walk." Let T, =t —Ty—1.
The random variables 77, T, . . . are independent, identically distributed, with

mean one satisfying E[ebT/] < oo for some b > 0. As before, we define S; for
noninteger ¢ by linear interpolation. Let

O(B,S;n) = max{|B; —S;| : 0 <t <nj.

In other words, ® (B, S; n) is the distance between the continuous functions B
and S in C[0, n] using the usual supremum norm. If j < ¢ <j+ 1 < n, then

IB: — ¢l < |Sj — Sil + |Bj — Bil + |Bj — Sj| < 1+ o0sc(B; 1,n) + |Bj — By|.
Hence, for integer n,

©(B,S;n) <1+ osc(B;1,n) + max{|B; — B,j| j=1,...,n}L (3.6)

We can estimate the probabilities for the second term with (3.5). We will con-

centrate on the last term. Before doing the harder estimates, let us consider how

large an error we should expect. Since T, T, ... are independent identically

distributed random variables with mean one and finite variance, the CLT says
roughly that

T —n| = Z[T — 1|~

Hence we would expect that

By — By, | ~ /Ity — n| ~ n'/%.

From this reasoning, we can see that we expect ® (B, S; n) to be at least of the
order n'/*. The next theorem shows that it is unlikely that the actual value is
much greater than n'/4.

T We actually need the strong Markov property for Brownian motion to justify this and the next
assertion. This is not difficult to prove, but we will not do so here.
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Theorem 3.3.2 There exist 0 < c1,a < 0o such that for all r < n'’* and all
integersn > 3

P{O(B,S;n) > rn'/* /logn} < cj e .

Proof 1t suffices to prove the theorem for r > 9ci where c, is the constant
¢ from Theorem 3.2.4 (if we choose ¢| > 69‘”3, the result holds trivially for
r < 9c£). Suppose that 9c£ <r<a/A I |B, — B,| is large, then either
|n — 1,| is large or the oscillation of B is large. Using (3.6), we see that the event
{O(B,S;n) > rnl/*, /log n} is contained in the union of the two events

{ osc(B; r/n,2n) = (r/3)n'/* /logn },
{ max lrj—jlzr«/ﬁ}.

1<j<n

Indeed, if osc(B;ry/n,2n) < (r/3)n'/* /logn and |t; — j| < r/nforj =
1,...,n, then the three terms on the right-hand side of (3.6) are each bounded

by (r/3) n'/* \/logn.

Note that Theorem 3.2.4 gives for 1 <r < nl/4,
P{ osc(B; r/n,2n) > (r/3) n'/* /logn }
< 3P{ osc(B;r/n,n) > (r/3)n'/* /logn }
=3P{osc(B;rn~""?) > (r/3)n~"* /logn}

<3P {osc(B;rn_l/z) > (J/1/3) \/Nl_l/z log(nl/z/r)} .

If /7r/3 > cyand r < n/4, we can use Theorem 3.2.4 to conclude that there
exist ¢, a such that

P {OSC(B; rn*1/2) - (\/;/3) \/rn—l/Z 10g(n1/2/r)} < ce—@rlogn
For the second event, consider the martingale
M; =7 —J.

Using (A.12) on M; and —M;, we see that there exist ¢, a such that

]P’{max ltj —jl = r/n } < ce, (3.7)
1<j<n



82 Approximation by Brownian motion

& The proof actually gives the stronger upper bound of ¢ [e—ar® L g—arlogn)
but we will not need this improvement.

Extending the Skorokhod approximation to continuous time simple random
walk S; is not difficult, although in this case the path ¢ — S, is not continuous.
Let N; be a Poisson process with parameter one defined on the same probability
space and independent of the Brownian motion B. Then

St = SN,

has the distribution of the continuous-time simple random walk. Since N; — ¢
is a martingale, and the Poisson distribution has exponential moments, another
application of (A.12) shows that for r < /4,

P{max |Ng — s| > r\/f} < ce

0<s<t

Let
O(B,S;n) = sup{|B; — S| : 0 <t < n}.

Then the following is proved similarly.

Theorem 3.3.3 There exist 0 < c,a < 0o such that forall 1 < r < n'/* and
all positive integers n

P{O(B,S;n) > rn'/* Jlogn} <ce .

3.4 Higher dimensions

It is not difficult to extend Theorems 3.3.2 and 3.3.3 top € P, ford >
1. A d-dimensional Brownian motion with covariance matrix I with respect
to a filtration F; is a collection of random variables B;,t > 0 satisfying the
following:

® By =0;

e if s < 1, then B, — B, is an F;-measurable random R?-valued variable,
independent of F§, whose distribution is joint normal with mean zero and
covariance matrix (r —s) I'.

e with probability one, ¢ — B; is a continuous function.
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Lemma 3.4.1 Suppose that BV, ... BD are independent one-dimensional
standard Brownian motions and vy, . ..,v] € RY. Then

B = BV oy 4o+ BO

is a Brownian motion in RY with covariance matrix T = AAT where A =
[viva, ..., vl

Proof This is straightforward and is left to the reader. (|

In particular, a standard d-dimensional Brownian motion is of the form
1 d
B =@®",....BY)

where B, ..., B are independent one-dimensional Brownian motions. Its
covariance matrix is the identity.

The next theorem shows that one can define d-dimensional Brownian
motions and d-dimensional random walks on the same probability space so
that their paths are close to each other. Although the proof will use Skorokhod
embedding, it is not true that the d-dimensional random walk is embedded
into the d-dimensional Brownian motion. In fact, it is impossible to have an
embedded walk, since for d > 1 the probability that a d-dimensional Brownian
motion B, visits the countable set Z¢ after time 0 is zero.

Theorem 3.4.2 Let p € Py with covariance matrix I'. There exist c,a and a
probability space (2, F,P) on which are defined a Brownian motion B with
covariance matrix I'; a discrete-time random walk S with increment distribution
p; and a continuous-time random walk S with increment distribution p such that
for all positive integers nand all 1 < r < n1/4,

P{O(B,S;n) > rn'/* /logn} < ce ™™,

P{O(B,S:n) > rn'/* /logn} < ce ™.
Proof Suppose that vy, ..., v; are the points such that p(v;) = p(—vj) = g;/2
and p(z) = O for all other z € Z \ {0}. Let L, = (L), ..., L.) be a multinomial
process with parameters qi,...,q;, and let Bl,... B be independent one-

dimensional Brownian motions. Let S, ..., S’ be the random walks derived
fromB!,... B by Skorokhod embedding. As was noted in (1.2),

. 1 I
Sy = Lrllvl+~-~+SLflvl,
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has the distribution of a random walk with increment distribution p. Also,
B, ::B,lvl +~-~+B£v1,

is a Brownian motion with covariance matrix I'. The proof now proceeds as
in the previous cases. One fact that is used is that the I, have a binomial
distribution and hence we can get an exponential estimate

]P’{ max |L;—qij|2aﬁ}§ce_“.
1<j<n

3.5 An alternative formulation

Here we give a slightly different, but equivalent, form of the strong approx-
imation from which we get (3.2). We will illustrate this in the case of
one-dimensional simple random walk. Suppose that B, is a standard Brow-
nian motion defined on a probability space (2, F, IP). For positive integer n, let
B™ denote the Brownian motion

t

Bt(n) =n"'/2 Byt

Let ™ denote the simple random walk derived from B using the Skorokhod
embedding. Then we know that for all positive integers 7,

P { max |S,(") — Bﬁ”)| > cr(Tn)'/* ,/log(Tn)} <ce .
0<t<Tn
If we let
W g1/ g,

then this becomes

P {OmaxT |Wt(”) —B| > crT'4p1/4 \/log(Tn)} <ce ™,
<i<

In particular, if » = ¢; logn where ¢; = ¢1(T) is chosen sufficiently large,

]P’{ max |W,(") — By > 1 n~1/4 10g3/2n} <c n2.
0<t<T
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By the Borel-Cantelli lemma, with probability one

max |W" —B;| <c; n="* log®?n
0<t<T

for all n sufficiently large. In particular, with probability one W™ converges
to B in the metric space C[0, T].

By using a multinomial process (in the discrete-time case) or a Poisson
process (in the continuous-time) case, we can prove the following.

Theorem 3.5.1 Suppose that p € Py with covariance matrix I'. There exist
c < 0o,a > 0 and a probability space (2, F,P) on which are defined a d-
dimensional Brownian motion B; with covariance matrix I'; an infinite sequence
of discrete-time p-walks, SV,S® ... and an infinite sequence of continu-
ous time p-walks SW S@ . such that the following holds for every r > 0,
T > 1. Let

Wl(n) — 12 S}E:;), Wt(n) — 12 Sr(;l)

Then,

]P{ max. W™ —B)| > crT"/*n~ 1/ \/log(Tn)} <ce .

0<t<

P {OmaxT |W,(") —Bi| =crT'/4p1/4 \/log(Tn)} <ce ¥,
<t<

In particular, with probability one, W™ — B and W™ — B in the metric
space c?0,T1].

Exercises

Exercise 3.1 Show that if B; is a standard Brownian motion with respect to
the filtration F; and s < ¢, then IE[B,2 —t| Fl= Bf — .

Exercise 3.2 Let X be an integer-valued random variable with P{X =0} =0
and E[X] = 0.

(i) Show that there exist numbers r; € (0, o],
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such that if B, is a standard Brownian motion and
T =inf{t: B, € Z\ {0}, < rg,},

then By has the same distribution as X .

(ii)) Show that if X has bounded support, then there exists a b > 0 with
E[T] < 0.

(iii) Show that E[T] = E[X?].
(Hint: you may wish to consider first the cases where X is supported on
{1, -1}, {1,2,—1}, and {1, 2, —1, —2}, respectively.)

Exercise 3.3 Show that there exist ¢ < oo,a > 0 such that the following
is true. Suppose that B, = (B!, B?) is a standard two-dimensional Brownian
motion andlet Tg = inf{¢ : |B;| > R}. Let Ug denote the unbounded component
of the open set R? \ B[O, Tg]. Then,

P*{0 € Ug} < c(|x|/R)".
(Hint: show there is a p < 1 such that for all R and all |x| < R,
P*{0 € Usg | 0 € Ug} < p.)

Exercise 3.4 Show that there exist ¢ < 0o, > 0 such that the following is
true. Suppose that S, is simple random walk in Z? starting at x # 0, and let
&r = min{n : |S,| > R}. Then the probability that there is a nearest neighbor
path starting at the origin and ending at {|z| > R} that does intersect {S; : 0 <
J < &g} is no more than c(|x|/R)%.

(Hint: follow the hint in Exercise 3.3, using the invariance principle to show
the existence of a p.)
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The Green’s function

4.1 Recurrence and transience

Arandom walk S, with increment distribution p € Py U Py is called recurrent
if P{S, = 0i.0.} = 1. If the walk is not recurrent it is called transient. We
will also say that p is recurrent or transient. It is easy to see using the Markov
property that p is recurrent if and only if for each x € Z¢,

P*{S,, = 0 for somen > 1} =1,

and p is transient if and only if the escape probability, q, is positive, where g is
defined by

q="P{S, #0foralln > 1}.

Theorem 4.1.1 If p € P, with d = 1,2, then p is recurrent. If p € P’ with
d > 3, then p is transient. For all p,

. -1
q= [an(O)] : (4.1)

n=0
where the left-hand side equals zero if the sum is divergent.

Proof LetY = ZZ‘;O 1{S,, = 0} denote the number of visits to the origin and
note that

E[Y] =) P{S, =0} =) pu(0).
n=0 n=0

If p € P, withd = 1,2, the LCLT (see Theorem 2.1.1 and Theorem 2.3.9)
implies that p,(0) ~ ¢n~/? and the sum is infinite. If p € P withd > 3, then

87
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(2.49) shows that p,,(0) < ¢ n~4/2 and hence E[Y] < oo. We can compute E(Y)
in terms of ¢. Indeed, the Markov property shows that P{Y = j} = (1—¢Y ™' q.
Therefore, if g > 0,

Ely]=) jP(y=j}=) jd—q/ 'q= -
j=0 j=0

4.2 The Green’s generating function

Ifp e PUP*and x,y € Z%, we define the Green’s generating function to be
the power series in &:

Gx,y;€) =Y E"PYS, =y} =) & paly — ).
n=0

n=0

Note that the sum is absolutely convergent for |£] < 1. We write just G(y; £)
for G(0,y,&). If p € P, then G(x;&) = G(—x;&).

The generating function is defined for complex &, but there is a particular
interpretation of the sum for positive £ < 1. Suppose that T is a random variable
independent of the random walk S with a geometric distribution,

Pr=j}=¢"11-¢, j=12,...

ie. P{T > j} = & (if € = 1, then T = o0). We think of T as a “killing time”
for the walk and we will refer to such T as a geometric random variable with
killing rate 1 — &. At each time j, if the walker has not already been killed, the
process is killed with probability 1 — &, where the killing is independent of the
walk. If the random walk starts at the origin, then the expected number of visits
to x before being killed is given by

o0
E|Y USj=x}|=E| D USj=xT >}
Jj<T j=0

=Y PSj=x:;T >jl =Y pix) & = Gx:£).
j=0 Jj=0

Theorem 4.1.1 states that a random walk is transient if and only if G(0; 1) <
o0, in which case the escape probability is G(0; 1)~!. For a transient random
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walk, we define the Green’s function to be

o
Gy) =Gry; 1) =Y puly —x).
n=0
We write G(x) = G(0,x); if p € P, then G(x) = G(—x). The strong Markov
property implies that

G(0,x) = P{S,, = x for some n > 0} G(0,0). “4.2)
Similarly, we define

Gxy: ) = /0 £ pyCr.y) di.

For & € (0, 1) this is the expected amount of time spent at site y by a continuous-
time random walk with increment distribution p before an independent “killing
time” that has an exponential distribution with rate — log(1 — &). We will now
show that if we set £ = 1, we get the same Green’s function as that induced by
the discrete walk.

Proposition 4.2.1 If p € P} is transient, then
o0
/ pr(x)dt = G(x).
0

Proof Let S, denote a discrete-time walk with distribution p, let N, denote
an independent Poisson process with parameter one, and let S; denote the
continuous-time walk S, = Sy,. Let

o]

o0
YX=ZI{S”=x}, f/x=/0 1S, = x} dt,

n=0

denote the amount of time spent at x by S and S, respectively. Then G(x) =
E[Y,]. If we let T, = inf{¢ : N; = n}, then we can write

o0

Yo=Y USy=x} (Tur1 — Tp).
n=0

Independence of S and N implies that

E[HSy = x} (Tnt1 — T)1 = P{Sy = X} E[Tpt1 — Tyl = P{S, = x}.

Hence, E[Y,] = E[Y,]. O
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Remark Suppose that p is the increment distribution of a random walk in Z<.
For € > 0, let p. denote the increment of the “lazy walker” given by

(1—e)p), x#0

pe) = L +(1—e)p0), x=0

If p is irreducible and periodic on 74 then foreach0 < ¢ < 1, Pe isirreducible
and aperiodic. Let £, ¢ denote the generator and characteristic function for p,
respectively. Then the generator and characteristic function for p are

Lc=0—-¢€)L, Pc(0) =€+ (1 —¢€)p(6). 4.3)

If p has mean zero and covariance matrix I', then p. has mean zero and
covariance matrix

Ie=(1-€eT, detl'e=(—e) detT. (4.4)

If p is transient, and G, G, denote the Green’s function for p, p., respectively,
then, like the last proposition, we can see that

1
Ge(x) = T—< G(x). 4.5)

For some proofs it is convenient to assume that the walk is aperiodic; results
for periodic walks can then be derived using these relations.

If n > 1, let f,(x,y) denote the probability that a random walk starting at x
first visits y at time n (not counting time n = 0), i.e.

Ja(e,y) =PHSy = y;S1 # ¥, .., Spm1 #Fy} =Py =n},
where
ty=min{j >1:5;=y}, 7,=min{j>0:S; =y}

Let f,(x) = f»(0, x) and note that

Pty <00l =) fily) =) fuld—0) < 1.
n=1

n=1

Define the first visit generating function by

FOoy;6) =F(y —x:6) = ) _&"f(y —x).

n=1
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If& € (0,1), then
F(x’)’§ é) = Px{f)’ < T§}9
where T denotes an independent geometric random variable satisfying P{T¢ >
n} = §&".
Proposition 4.2.2 [fn > 1,

Pa) = Y[ pay(0).

j=1
If§ €C,
G(:§) =8(y) + F(y:6) G(0;8), (4.6)

where § denotes the delta function. In particular, if |[F (0,&)| < 1,

G(0;6) = 4.7)

1—F(0;8)

Proof The first equality follows from

n n
PiS, =y} =) Pty =j;Su— $ =0} = Y Plr, = j} paj(0).
j=1 j=1

The second equality uses

Y a0 E" = [anoc)s"} [me«))s'"} :
n=1 n=1

m=0

which follows from the first equality. For £ € (0, 1], there is a probabilistic
interpretation of (4.6). If y # 0, the expected number of visits to y (before time
T¢) is the product of the probability of reaching y and the expected number of
visits to y given that y is reached before time 7¢. If y = 0, we have to add an
extra 1 to account for po(y). O

& If & € (0,1), the identity (4.7) can be considered as a generalization of
(4.1). Note that

F0;6) =) Plrg=j; Te > j} =P{rg < T¢)
j=1
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represents the probability that a random walk killed at rate 1 — & returns to the
origin before being killed. Hence, the probability that the walker does not return
to the origin before being killed is

1—F(0;6) = GO; ). (4.8)

The right-hand side is the reciprocal of the expected number of visits before
killing. If p is transient, we can plug ¢ = 1 into this expression and get (4.1).

Proposition 4.2.3 Suppose that p € Py U P} with characteristic function ¢.
Then, ifx € 74, 8| < 1,

G(x;€) = Lf _ e ™% 4o
’ Q) Ji—g g 1 —E¢(0)

Ifd > 3, this holds for & =1, i.e.

1

_ 1 —ix-0
G0 = Gy f[md —s@°¢

Proof All of the integrals in this proof will be over [—,7]¢. The formal
calculation, using Corollary 2.2.3, is

S 2, 1 .
Gx;6) = Z&"pn(x) = Z%‘” W/(p(e)n e X0 gp
n=0

n=0
_ 1 - n —ix-0
= Gy / L;)(sqb(e» } e ™% dg

_ 1 / 1 o0
S @en)d ] 1-£¢0)

The interchange of the sum and the integral in the second equality is justified
by the dominated convergence theorem as we now describe. For each N,

DU S
~ 1= [El1g®)]

N .
Z El’lqs (9)}1671)6'9
n=0

If |£] < 1, then the right-hand side is bounded by 1/[1 — |£|]. If p € P and
£ = 1, then (2.13) shows that the right-hand side is bounded by c 0|~ for
some c. If d > 3, |6?|_2 is integrable on [—n,n]d. If p € Py is bipartite, we
can use (4.3) and (4.5). U
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Some results are easier to prove for geometrically killed random walks than
for walks restricted to a fixed number of steps. This is because stopping time
arguments work more nicely for such walks. Suppose that S, is a random walk,
T is a stopping time for the random walk, and T is an independent geomet-
ric random variable. Then, on the event {T > t} the distribution of T — 7
given S,,n = 0,..., 7 is the same as that of 7. This “loss of memory” prop-
erty for geometric and exponential random variables can be very useful. The
next proposition gives an example of a result proved first for geometrically
killed walks. The result for fixed length random walks can be deduced from
the geometrically killed walk result by using Tauberian theorems. Tauberian
theorems are one of the major tools for deriving facts about a sequence from its
generating functions. We will only use some simple Tauberian theorems; see
Section A.5.

Proposition 4.2.4 Suppose thatp € P; UP/,, d = 1,2. Let
gn) =P{S; #0:j=1,...,n}

Then as n — o0,

() ~ rrtn V2 d=1
1 r(logn)_l, d=2.

where r = (2)%/% \/det T.

Proof We will assume that p € P/,; it is not difficult to extend this to bipartite
p € Pg. We will establish the corresponding facts about the generating functions
for g(n): as& — 1—,

> " r 1
2,590~ i =

n=0

o0 1 -1
> &g ~ 115 |:log<1_é_>] . d=2. (4.10)
n=0

d=1, 4.9)

Here T denotes the Gamma function.” Since the sequence ¢(n) is monotone in n,
Propositions A.5.2 and A.5.3 imply the proposition (recall that T'(1/2) = /7).

T We use the bold face T to denote the Gamma function to distinguish it from the covariance
matrix I".
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Let T be a geometric random variable with killing rate 1 — £. Then (4.8) tells
us that

PS; #0:j=1,....,T — 1} = G(0;6)"".
Also,

PiSj#0:j=1,....T =1} =) P(T=n+1}qgn) =(1-§ ) & q).

n=0 n=0

Using (2.32) and Lemma A.5.1, we can see that as § — 1—,

> > 1 1 1 1
GO:6) =Y & p,(0) = > ¢" [—+0<—>]~—F<—>,
’12::() ~ rnd/2 nd/2 ro\1—-¢
where

T(1/2)/s, d=1

Fs) = {log s, d=2.

This gives (4.9) and (4.10). O
Corollary 4.2.5 Suppose that S, is a random walk with increment distribution
p € P, and

T =719 =min{j > 1:5; =0}
Then E[t] = oc.
Proof 1If d > 3, then transience implies that P{t = oo} > 0. Ford = 1,2,
the result follows from the previous proposition which tells us that

cn 12, d=1,

P{T > i’l} = {c(logn)l, d=2.

O

& One of the basic ingredients of Proposition 4.2.4 is the fact that the random
walk always starts afresh when it returns to the origin. This idea can be extended
to returns of a random walk to a set if the set if sufficiently symmetric to look the
same at all points. For an example, see Exercise 4.2.
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4.3 The Green’s function, transient case

In this section, we will study the Green’s function for p € P;,d > 3. The
Green’s function G(x,y) = G(y,x) = G(y — x) is given by

G =Y pu) =E [Z 1S, = x}i| — [Z 1S, = 0}} .
n=0

n=0 n=0
Note that
G) =1{x=0}+> p(x,)E [Z 1S, = 0}] =80+ Y _px.y) Gy,
y n=0 y

In other words,

-1, x=0,

mm:-am:{o 0.

Recall from (4.2) that

G(x) = P{T, < 00} G(0).

& In the calculations above as well as throughout this section, we use the
symmetry of the Green’s function, G(x, y) = G(y, x). For nonsymmetric random
walks, one must be careful to distinguish between G(x, y) and G(y, x).

The next theorem gives the asymptotics of the Green’s function as x| — oo.
Recall that 7*(x)? = d J(x)?> = x - I'"'x. Since I" is nonsingular, J*(x) =
J(x) = |x|.

Theorem 4.3.1 Suppose that p € Py withd > 3. As |x| — o0,

G( )_C—;_FO(L)_LJ’_O(L)
VT g d2 w4 ) T T2 x4 )

where

r43) r4)

d/2)-1
Ci=d“ o=t = 42 Jaet T
2742 /detl’ (d —2)7w4/2/detT
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Here, I denotes the covariance matrix and I' denotes the Gamma function. In
particular, for simple random walk,

d
6= T 1 +0(L>.

@ =2 2 7 [l

& For simple random walk we can write
2d B 2
(d-2wg (d-2)Vy’
where wy denotes the surface area of unit (d — 1)-dimensional sphere and V4

is the volume of the unit ball in RY. See Exercise 6.18 for a derivation of this
relation. More generally,

Cqg=

2

Ca=d-avm

where V(I') denotes the volume of the ellipsoid {x € RY : J(x) <1}

The last statement of Theorem 4.3.1 follows from the first statement using
I' =d'1,7(x) = |x| for simple random walk. It suffices to prove the first
statement for aperiodic p; the proof for bipartite p follows using (4.4) and (4.5).
The proof of the theorem will consist of two estimates:

oo 1 o0
Gx) =) palx) =0 (W) +> W), (4.11)
n=1

n=0

and

* 1
an(x) T )d a2 to (W)

The second estimate uses the next lemma.
Lemma 4.3.2 Letb > 1. Then, as r — 00,
o0
_p ro-1) 1
b L S -
Qe = o1 +O<,b+1>
n=1

Proof The sum is a Riemann sum approximation of the integral

00 1 [ roe—1
I, ::/ The " dr = IH/ yb_ze_ydyz%. (4.12)
0 0

r
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Iff:@©000) > RisaC 2 function and 7 is a positive integer, then Lemma
A.1.1 gives

n+(1/2)
Pw—/ F(s) ds
n—(1/2)

Choosing f (1) = t~? e~ "/", we get

n(1/2)
n e rm — / tle " gt
n—(1/2)

= % sup{lf”" ()| : |t —n| < 1/2}.

1 r2 —r/n
fcnb+2 1+n_2 e s n > /r.

(The restriction n > /7 is used to guarantee that e~/ +(1/2) < ¢e=r/n)
Therefore,

n(1/2)
Z nler/n —/ tle " gt
n

ey ~(1/2)

1 ! r? —r/n
=c Z nb+2 +ﬁ €

n>./r

[e'e) r2
< c/ (~b+2) (1 + —2> e~ ar
0 t

—(b+1)

<cr
The last step uses (4.12). It is easy to check that the sum over n < +/r and the

integral over ¢ < /r decay faster than any power of r. O

Proof of Theorem 4.3.1. Using Lemma 4.3.2 with b = d/2,r = J*(x)?/2,
we have

oo oo 1 )

5 (x) = —T* 2/ 2m)
IAOED) e
= — (2mn)4/2 /det T

RG] L (]
2742 /detT J*(x)@=2) x[d+2 )
Hence, we only need to prove (4.11). A simple estimate shows that
DB AC)
n<|x|

as a function of x decays faster than any power of x. Similarly, using
Proposition 2.1.2,

> pa@) = o(lx|™). (4.13)

n<|x|
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Using (2.5), we see that

@ =P, <c Y a2 = 0o(x™).

n>|x|? n>|x|?

Letk =d +3.For x| <n < |x|2, (2.3) implies that there is an r such that

_ NS e 1
|pn(x) —p,(x)| < ¢ |:<ﬁ e @072 + L@k | 4.14)
Note that

Z n—(d+k—1)/2 — 0(|X|_(d+k_3)/2) — 0(|x|—d)’

n>|x|
and
k ko g=rix?
Z <m> e’ 1x12/n 1 <c /OO (M) ﬂ dt <c |x|_d.
e ﬁ nd+2)/2 — 0 ﬁ (ﬁ)d+2 =

Remark The error term in this theorem is very small. In order to prove that
it is this small we need the sharp estimate (4.14) which uses the fact that the
third moments of the increment distribution are zero. If p € P, with bounded
increments but with nonzero third moments, there exists a similar asymptotic
expansion for the Green’s function except that the error termis O (| x| —(@d=D)y: gee
Theorem 4.3.5. We have used bounded increments (or at least the existence of
sufficiently large moments) in an important way in (4.13). Theorem 4.3.5 proves
asymptotics under weaker moment assumptions; however, mean zero, finite
variance is not sufficient to conclude that the Green’s function is asymptotic to
¢ J*(x)>~4 for d > 4. See Exercise 4.5.

& Often one does not use the full force of these asymptotics. An impor-
tant thing to remember is that G(x) =< Ix|2~9. There are a number of ways
to remember the exponent 2 — d. For example, the CLT implies that the ran-
dom walk should visit on the order of R2 points in the ball of radius R. Since
there are RY points in this ball, the probability that a particular point is visited
is of order R2=Y. In the case of standard d-dimensional Brownian motion, the
Green’s function is proportional to Ix|2=9. This is the unique (up to multiplicative
constant) harmonic, radially symmetric function on RY \ {0} that goes to zero as
|X| — oo (see Exercise 4.4).
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Corollary 4.3.3 Ifp € P, then

VG (x) = +0(lx|™%).

T )d -
In particular, V;G(x) = 0(|x|_d+1). Also,
VIG() = O(x| ™).

Remark We could also prove this corollary with improved error terms by using
the difference estimates for the LCLT such as Theorem 2.3.6, but in this book
we will not need the sharper results. If p € P/, with bounded increments but
nonzero third moments, we could also prove difference estimates for the Green’s
function using Theorem 2.3.6. The starting point is to write

V,G(x) = Zvypn<x>+2 Vypu(x) = V3P, ()]

4.3.1 Asymptotics under weaker assumptions

In this section we establish the asymptotics for G for certain p € P/,,d > 3.
We will follow the basic outline of the proof of Theorem 4.3.1. Let G(x) =
Cy/T* (x)4~2 denote the dominant term in the asymptotics. From that proof
we see that

Gx) =G +ollxI™) + Y [pa(x) — B, 0)].

n=0

In the discussion below, we let « € {0, 1,2}. If E[|X;|*] < oo and the third
moments vanish, we set « = 2. If this is not the case, but E[|X] |3] < 00, We
set @ = 1. Otherwise, we set « = 0. By Theorems 2.3.5 and 2.3.9 we can see
that there exists a sequence 8, — 0 such that

St _ [k, a=0
nglx:lz Ipn(x) —p,(0)| < ¢ ;z |x |(d+a)/2 - {0(|x|2_d_“), a=102.

This is the order of magnitude that we will try to show for the error term, so
this estimate suffices for this sum. The sum that is more difficult to handle and
which in some cases requires additional moment conditions is

Y [pa® =, ).

n<|x|?
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Theorem 4.3.4 Suppose that p € P. Then

G(x) = G(x) —|—0<|1|>

IFE[IX, |3] < 00 we can write
log |x|
Gx)=Gx)+0 x |2 .

IfE[|X1|*] < oo and the third moments vanish, then

G(x) =G(x)+0 (| 1|2>

Proof By Theorem 2.3.10, there exists §, — 0 such that

St
2 I =Pl e 3

n<|x|? n<|x|?

O

The next theorem shows that if we assume enough moments of the distribu-
tion, then we get the asymptotics as in Theorem 4.3.1. Note that as d — o0,
the number of moments assumed grows.

Theorem 4.3.5 Suppose that p € P/, d > 3.

e IfE|X19 < o0, then
G(x) = G(x) 4+ 0(x|'~%).
e IfE|X,1913) < 00 and the third moments vanish,
G =G + 0(lx™).
Proof Leta = 1 under the weaker assumption and & = 2 under the stronger

assumption; set k = d 4+ 2o — 1 so that E[|X1|k] < 00. As mentioned above,
it suffices to show that

> Ipa() = (0] = O(Ix 747,

n<|x|?
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Lete = 2(1 + «)/(1 4+ 2a). As before,

> P

n<|x|€

decays faster than any power of |x|. Using (2.52), we have
c k=d —d—
> palx) < o Yoo =0
n<|x|€ * n<|x|€

(The value of € was chosen as the largest value for which this holds.) For the
range |x|€ < n < |x|?, we use the estimate from Theorem 2.3.8:

_ c 12 (b
‘pn(x)—pn(xﬂ < W |:|x/\/;;|k le r|x| /n+n (k—2 (X)/Q]'

As before,

k—1 k—1
Z |x/\/ﬁ| e—r|x|2/n <c /00 «/—|X| e—r\x\z/t dr = 0(|x|2—d—0t)
nld+e)/2 - 0 (Viktdta=l )

n>|x|¢
Also,
1

dyk_q
n>|xje 202

= O(]x|“@He=3)) < O(jx 24—,

provided that

5\ 2(1 4+ )
d+a—-2) 22 "Y 54 244,
( T 2) 1+ 20 T

which can be readily checked for o = 1,2 ifd > 3.

4.4 Potential kernel

4.4.1 Two dimensions

If p € P53, the potential kernel is the function

00 N N
a(x) =) _[pn(©0) = pu(@)] = lim_ [anm) - an(x)} . (415)
n=0

n=0 n=0
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Exercise 2.2 shows that [p, (0) —p,(x)| < ¢ |x| n=3/2, so the first sum converges

absolutely. However, since p,,(0) < n~1, it is not true that

a(x) = [an(m] - [anm] : (4.16)
n=0 n=0

If p € P, is bipartite, the potential kernel for x € (Z?), is defined in the same
way. Ifx € (Z?), we can define a(x) by the second expression in (4.15). Many
authors use the term Green’s function for a or —a. Note that

a(0) =0.

& lipe ’PZ; is transient, then (4.16) is valid, and a(x) = G(0) — G(x), where
G is the Green’s function for p. Since |pn(0) —pn(x)| < c|x|n=3/2 forall p e ’Pé",
the same argument shows that a exists for such p.

Proposition 4.4.1 If p € P), then 2 a(x) is the expected number of visits to x
by a random walk starting at x before its first visit to the origin.

Proof We delay this until the next section; see (4.31). (|

Remark Using Proposition 4.4.1, we can see that if p, is defined as in (4.3),
and a,. denotes the potential kernel for p,, then

ae(x) = +— a(). 4.17)

—€
Proposition 4.4.2 Ifp € P>,

1, x=0

La(x) = o(x) = {0 £ 0.

Proof Recall that

Lpn(0) = pu(x)] = =Lpn(x) = pa(x) = put1(x).
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For fixed x, the sequence p,(x) — p,+1(x) is absolutely convergent. Hence, we
can write

La(x) = Zc[pn(O) a0l = lim Zc[pnw) Pa(®)]
n=0
N

= lim > [pn() = pus1 ()]

n=0

= Nli_I)noo[po(x) —PN+1(X)]

= po(x) = 8o (x).

Proposition 4.4.3 If p € P5 U Py, then

ax) = ;/ ﬂ do
@2 Jilgap 1—60)

Proof By the remark above, it suffices to consider p € P;. The formal
calculation is

o0

o . |
a(x) = Z[Pn(o) —pn(0)] = Z W / o))" [1 — e_”c'g] do
n=0 n=0

(271)2 f [Zme)} —e "] dp
1 1—e ™
:(2n>2/ —e@ %

All of the integrals are over [—, 7 ]. To justify the interchange of the sum and
the integral we use (2.13) to obtain the estimate

11 —e ™0 ¢8| clx|
< 5—

T l—le®] T 102 CI

Zd)(@)n [1— —th]

Since |6|~! is an integrable function in [—7,7]?, the dominated convergence
theorem may be applied. O
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Theorem 4.4.4 [f p € P, there exists a constant C = C(p) such that as
x| — oo,

a(x) = log[7*(x)] + C + O(x|~2).

1
7w A/det”

For simple random walk,

y +1log8 B
a() = log| |+Tg+0(|x| ),

where y is Euler’s constant.

Proof We will assume that p is aperiodic; the bipartite case is done similarly.
We write that

a@®= Y pa®— Y pa@+ Y Ipa(0) —pa®)].
n<J*(x)? n<J*(x)? n>J*(x)?

We know from (2.23) that

1 1 1
(0)=——+0( )
P 2w +/detI" n n?

We therefore get

Yo @ =140+ ) !
(0) =
n<J* ()2 L<nsTey 27 Vet 1

1
(0
+Z|:p O 2nvdetF ”]

where the last sum is absolutely convergent. Also,
1 * -2
Y. =200 T @I +y + 007,
l<n<J*(x)?

where y is Euler’s constant (see Lemma A.1.3). Hence,

1
noz—l * / 0 -2
> a0 — 7y 08l @I+ ¢+ 0l

n<J*(x)?

for some constant ¢’.
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Proposition 2.1.2 shows that
PRy

n=|x|

decays faster than any power of |x|. Theorem 2.3.8 implies that there exist ¢, r
such that for n < J*(x)2,

1 * 2
—J*(x)*/2n
pn(x) — —————e

! 2w n+/detT

n? n3

5 —r|x|2/n
<c [—')‘/ﬁ' ¢ +i] “.18)

Therefore,

L 7wy

Z pn(¥) = 2w n+/detT

lx|<n<J*(x)?

5 —rix*/n 1
<ol D+e Y [M + —} <l

n? n3
x| <n<J*(x)2

The last estimate is done as in the final step of the proof of Theorem 4.3.1.
Similarly to the proof of Lemma 4.3.2 we can see that

1 T
Yoo T (x)?/2n =/ ~ e T2 g L o(Ix|72)
0

n t
[x|<n<J*(x)2
1
= / — e dy + 0(x|7?).
Yy
The integral contributes a constant. At this point we have shown that

> a(0) = pu0)] = - 10g[T* ()] + €'+ O(1x| )

1
T (02 /detT”

for some constant C’. Forn > J*(x)2, we use Theorem 2.3.8 and Lemma 4.3.2
again to conclude that

'
> 0 =pi=c [ 1= ay+ 0057,
n>J*(x)? 0y

For simple random walk in two dimensions, it follows that

2
a(x) = —loglx| +k + o(x|™2),
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for some constant k. To determine k, we use

1
$(0',0%) =1- 3 [cos 6! + cosH?].

Plugging this into Proposition 4.4.3 and doing the integral (details omitted, see
Exercise 4.9), we get an exact expression for x, = (n,n) for integer n > 0

() 4 1+1+1+ S+ !
aXx, = — — — -
" 35 n—1

However, we also know that

2 2
a(x,) = P logn + - log V2 +k 4+ 0@n™2).

Therefore,

1 2 1
k—nll)ngo ——10g2——10gn+ 22]_1

Using Lemma A.1.3 we can see that as n — oo,
“ _1 1

Therefore,

3 2
k=—log2+4+ —vy.
b4 7T

O

& Roughly speaking, a(x) is the difference between the expected number
of visits to 0 and the expected number of visits to x by some large time N. Let

us consider N >> |x|2. By time |x\2, the random walker has visited the origin
about

Z pn(0) ~ Z %~20|09|x|,

n<|x|? n<|x|?

times where ¢ = (27 +/detT") . It has visited x about O(1) times. From time | x|2
onward, pn(x) and pp(0) are roughly the same and the sum of the difference
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from then on is O(1). This shows why we expect
a(x) =2c log|x| + O(1).

Note that log |x| = log J*(x) + O(1).

& Although we have included the exact value y» for simple random walk,
we will never need to use this value.

Corollary 4.4.5 Ifp € Ps,

%dm=v{ 1%WW@@+OWF%

1
m«/detT
In particular, Via(x) = O(|x|_1). Also,
Via(x) = 0(1x| 7).

Remark One can give better estimates for the differences of the potential kernel
by starting with Theorem 2.3.6 and then following the proof of Theorem 4.3.1.
We give an example of this technique in Theorem 8.1.2.

4.4.2 Asymptotics under weaker assumptions

We can prove asymptotics for the potential kernel under weaker assump-
tions. Let

a(x) = [r Vdet T log[7*(x)]

denote the leading term in the asymptotics.

Theorem 4.4.6 Suppose that p € P;. Then
a(x) = a(x) + o(log |x|).
IfE[1X1?] < oo, then there exists C < oo such that
a(x) =ax) +C+0(x|™h.
IfE[1X, |6] < 00 and the third moments vanish, then

a(x) = ax) + C + o(|x| 7).
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Proof Leta = 0, 1,2 under the three possible assumptions, respectively. We
start with o« = 1, 2 for which we can write

Y a0 = pa®)] = Y _[5,(0) — B, ()] + Y _[pa(0)

n=0 n=0 n=0

—PaO1+ Y [P, () — pa®)] (4.19)

n=0
The estimate
> 15,0) = B,0] = ax) + € + 0(1x )
n=0

is done as in Theorem 4.4.4. Since |p,(0) — p,,(0)| < ¢ n~3/2, the second sum
on the right-hand side of (4.19) converges, and we set

C=C+Y [pa(0) — p,(0)].
n=0
‘We write

Y 1Pu) = pa (0]

n=0

< Y B = pa@I+ Y 1B = pa®)l.

n<|x|? n=>|x|?

By Theorem 2.3.5 and and Theorem 2.3.9,

@ —pa@l < Y nmFHOZ = 0(x7).

n=|x|? n>|x|?

For ¢ = 1, Theorem 2.3.10 gives

S B —p@l < Y W = 0™,

n<|x|? n<|x|?

If E[|X;|*] < oo and the third moments vanish, a similar argument shows that
the sum on the left-hand side is bounded by O(|x|~2 log |x|) which is a little
bigger than we want. However, if we also assume that [E[| X |6] < 00, then we
get an estimate as in (4.18), and we can show as in Theorem 4.4.4 that this sum
is O(|x|~2).
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If we only assume that p € P}, then we cannot write (4.19) because the
second sum on the right-hand side might diverge. Instead, we write

> 1pn©) = pa@1 = D (pa©) = pu@ 1+ Y [75,(0) 5, ()]

n=0 n>|x[2 n<|x|?
+ 3 a0 =P, O+ D [, () — pu@)].
n<|x|? n<|x|?
As before,

> [1u(0) = p, (0] = a(x) + O(1).

n<|x|?

Also, Exercise 2.2, Theorem 2.3.10, and (2.32), respectively, imply that

x|
% 1Pn(0) = pu@)| < ; — =00,
3 @ —pal < Y @ = o).
n<|x|? n<|x|?
1
PBRAOEFROIESY o(;) = o(log |x]).

n<|x|? n<lx|?

4.4.3 One dimension

If p € P}, the potential kernel is defined in the same way

N N
a(x) = lim_ [anw) - anoc)} :
n=0 n=0

In this case, the convergence is a little more subtle. We will restrict ourselves
to walks satisfying E[|X|3] < oo for which the proof of the next proposition
shows that the sum converges absolutely.

Proposition 4.4.7 Suppose that p € Py with E[|X 131 < oo. Then there is a ¢
such that for all x,

a(x)o? — |x|| < ¢ log|x|.
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IfE[IX |4] < 00 and E[X3] = 0, then there is a C such that

a(x) = ' |+C+0(|x| h.

Proof Assume that x > 0. Let o = 1 under the weaker assumption and @ = 2
under the stronger assumption. Theorem 2.3.6 gives

Pn(0) = pu(x) = Py(0) — 5, (x) + x O(n~FT0/2),

which shows that

D 1n(0) = pu(0)] = [$,(0) = P, (0)]| < cx Y 0 FFO2 < exle,

n>x2 n>x2

If « = 1, Theorem 2.3.5 gives

> pa©) 0] < ¢ > a7 = 0llog ).

n<x2 n<x2

If « = 2, Theorem 2.3.5 gives |p,(0) — p,(0)| = 0(n’3/2) and hence

3 1pn© ~ 5,01 = C' + 0™, €= [pa(0) — 5,01,

n<x? n=0

In both cases, Theorem 2.3.10 gives

Z[pn(x) P, )] < Zn(l /2 < oyl-a,

n<x2 n<x2

Therefore,

a(x) = e(x) + Z[p,,m) Pa0)] = e(x) + Z

n=0

XZ
! [1 _ e]
V2mo?n

where e(x) = O(logx) if @ = 1 and e(x) = C’' + O(x~") if & = 2. Standard
estimates (see Section A.1.1), which we omit, show that there is a C” such that
asx — 00,

,‘Cz

o0 1 X
// —1
E +/ —|:1—€ 202!] dt+o(x™"),
v2n02n 0 +2mo?t
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and

o0 1 _ 2 Sl |
/ —[1— e zazt} dz:—x/ S (- ) =
0 ~2mo?t o227 Jo u o
Since C = C’ + C” is independent of x, the result also holds for x < 0. O
Theorem 4.4.8 Ifp € Py and x > (,
X x ST
alx) = — + E* | a(St) — — > (4.20)
o o
where T = min{n : S, < 0}. There exists B > 0 such that for x > 0,
a) = 5 +C+0E ), x— o, 421)
o
where
, S
C = lim B [a(ST) - —Tz} .
y—o00 o4

In particular, for simple random walk, a(x) = |x|.

Proof Assume thaty > x, let Ty = min{n : S, < Oor S, > y}, and consider
the bounded martingale S, 17, . Then, the optional sampling theorem implies that

x =E*[Sy] = ]Ex[STy] =E[Sr: T <T,)]+ IEx[ST_V;T > Ty].
If we let y — oo, we see that

lim ]Ex[Sry; T > Ty] =x—E"[Sr].

y—>00
Also, since E[S7, | Ty < T] =y + O(1), we can see that

lim yPY{T, < T} = x — E*[ST].
y—>0o0 -

We now consider the bounded martingale M,, = a(S, /\T,V)' Then the optional
sampling theorem implies that

a(x) = E'[Mo] = E*[M7,] = E"[a(S7); T < Ty] + E*[a(S7,); T > Ty].
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Asy — oo, E*a(ST); T < Ty] — E*[a(St)]. Also, as y — o0,

x — E*[S
E'la(S7,):T > Tyl ~ P(T, < T} [ 25 + 01 ~ it L2
o o
This gives (4.20).
We will sketch the proof of (4.21); we leave it as an exercise (Exercise 4.12)
to fill in the details. We will show that there exists a 8 such thatif 0 <x <y <
00, then

D IPSy = —j} — PY{Sr = —j}| = O(e™ ™). (4.22)
j=0

Even though we have written this as an infinite sum, the terms are nonzero
only for j less than the range of the walk. Let o, = min{n > 0 : S, < z}.
Irreducibility and aperiodicity of the random walk can be used to see that there
isan € > 0 such that for all z > 0, P*H1{S, =z} = P!{py = 0} > €. Let

f(r) =f=j(r) = sup |P{St = —j} = P'{S7 = —j}.

xy=r

Then, if R denotes the range of the walk, we can see that
f+D=A-ef-R.

Iteration of this inequality gives f (kR) < (1 — €)*=1f(R) and this gives (4.22).
O

Remark There is another (perhaps more efficient) proof of this result; see
Exercise 4.13. One may note that the proof does not use the symmetry of the
walk to establish

alx) = 12 +C+0@E™™), x— oo.
o

Hence, this result holds for all mean zero walks with bounded increments.
Applying the proof to negative x yields

a(—x) = % + C_ + 0(e M),

If the third moment of the increment distribution is nonzero, it is possible that
C # C_; see Exercise 4.14.
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& The potential kernel in one dimension is not as useful as the potential
kernel or the Green’s function in higher dimensions. For d > 2, we use the fact
that the potential kernel or the Green’s function is harmonic on zd \ {0} and that
we have very good estimates for the asymptotics. For d = 1, similar arguments
can be done with the function f(x) = x which is obviously harmonic.

4.5 Fundamental solutions

If p € P, the Green’s function G for d > 3 or the potential kernel a ford = 2
is often called the fundamental solution of the generator L, since

LG(x) =—8x), Lax)=5x). (4.23)
More generally, we write
‘CXG(-xvy) = ‘CXG(y’-x) = _5()’ - x), Exd(x,)’) = Exa(y’x) = 8()} - )C),

where £, denotes £ applied to the x variable.

Remark Symmetry of walks in P is necessary to derive (4.23). If p € P* is
transient, the Green’s function G does not satisfy (4.23). Instead, it satisfies
LRG(x) = —80(x) where LR denotes the generator of the “backwards random
walk” with increment distribution pR (x) = p(—x). The function f (x) = G(—x)
satisfies £f (x) = —&p(x) and is therefore the fundamental solution of the
generator. Similarly, if p € P5, the fundamental solution of the generator is

f@x) =a(—x).

Proposition 4.5.1 Suppose that p € Py withd > 2, andf : Z¢ — Risa
Sfunction satisfying f(0) = 0, f(x) = o(|x|) as x = oo, and Lf (x) = 0 for
x # 0. Then, there exists b € R such that

f@=b[Gx) —GO)], d=3,
fx)=balx), d=2.

Proof See Propositions 6.4.6 and 6.4.8. g

Remark The assumption f(x) = o(|x|) is clearly needed since the function
f(xl, . ,xd) = x! is harmonic.
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Suppose that d > 3. If f : Z¢ — R is a function with finite support, we
define

Gf@ =) GeNfM =) G- (4.24)

yeZ4 yeZ4

Note that if f is supported on A, then LGf (x) = 0 for x ¢ A. Also, if x € A,

LGF@) =Ly Y GufO) = Y LGEFG) = ~f(). (425

yeZA yeZA

In other words —G = £~!. For this reason the Green’s function is often called
the inverse of the (negative of the) Laplacian. Similarly, if d = 2 and f has
finite support, we define

af (x) =Y ateNfO) =) aly —0f ). (4.26)

yezZA yeZ4
In this case we get
Laf (x) =f(x),

ie.a= L1

4.6 The Green’s function for a set
If A C Z¢ and S is a random walk with increment distribution p, let
T4 =min{j > 1:8; A}, T4=min{j >0:5; £ A}. 4.27)

IfA =279 \ {x}, we write just t,, T, which is consistent with the definition of t,
given earlier in this chapter. Note that 74, T4 agree if So € A, but are different
if Sy & A. If p is transient or A is a proper subset of Z¢, we define

Ta—1 e’}
Galr,y) =F| Y 1Sy =y} | =) PSy=yin < Ta).
n=0 n=0

Lemma 4.6.1 Suppose that p € Py and A is a proper subset of 7.

(a) Ga(x,y) = 0 unless x,y € A.
(b) Ga(x,y) = Ga(y,x) for all x,y.
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(c¢) Forx € A, L;Ga(x,y) = —8(y — x). In particular, if f (y) = Ga(x,y), then
f vanishes on 74 \ A and satisfies Lf (y) = —8(y — x) on A.
(d) Foreachy € A,

GA(,y) = ———
A, Y) Pr{es < 1) <

(e) Ifx,y € A, then
Ga(x,y) = P{T, < 14} Ga(1, ).

(f) Ga(x,y) = Go—x(0,y —x) where A —x = {7 —x:z € A}.

Proof This is easy and left to the reader. The second assertion may be
surprising at first, but symmetry of the random walk implies that for x,y € A,

PYS, =y;n < 14} =PY(S, =x;n < 14).
Indeed, if z, = x,21,22,.--,2Zn—1,2n = Y € A, then

PHS| =z1.82=22,....8 =y} =P {S1 = 2-1,52 = 24—2,..., S = x}.
O

The next proposition gives an important relation between the Green’s
function for a set and the Green’s function or the potential kernel.

Proposition 4.6.2 Suppose thatp € Py, A C Z%, x,y € Z°.
(a) Ifd =3,
Ga(x,y) = G(x,y) — E*[G(Sz,,y);Ta < 00]
=Gxy) = Y P'Sr, =2} G y).
Z

(b) Ifd = 1,2 and A is finite,

Ga(x,y) = E*[a(Sz,,y)] — alx,y) = [Z PH{Sz, = z}a(z,y)} —a(x,y).

(4.28)

Proof The resultis trivial if x ¢ A. We will assume that x € A, in which case
TA = TA.
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Ifd > 3,letY, = Z;io 1{S,, = y} denote the total number of visits to the
point y. Then

Tp—1 00
Yo=Y USu=yl+ Y US\=y}
n=0 n=ty

If we assume that Sy = x and take expectations of both sides, we get
G(x,y) = Ga(x,y) + E*[G(Sz,, 0]

The d = 1,2 case could be done using a similar approach, but it is easier
to use a different argument. If Sy = x and g is any function, then it is easy to
check that

n—1

M, =g(S) — Y Lg(S)
j=0

is a martingale. We apply this to g(z) = a(z,y) for which Lg(z) = 8(z — y).
Then,

a(x,y) = E'[Mo] = E [Myar,]
(nAtg)—1
=Ea(Sune- ] —E | > 1S =y}
j=0

Since A is finite, the dominated convergence theorem implies that

lim E*[a(Syaz,,y)] = E[a(Se,, ¥)]. (4.29)

n—o0

The monotone convergence theorem implies that

(ATA)—1 -1
. X L _ X . — —
nlggoE EO {Sj=y}|=E EO HS; =y} | = Ga(x, ).
J= J=

]

The finiteness assumption on A was used in (4.29). The next proposi-
tion generalizes this to all proper subsets A of 79 d = 1,2. Recall that
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B, = {x € Z% : |x| < n}. Define a function Fy by

. logn _
FA(X) = nll)ngo mpx{flgn < TA}, d= 2,

Fa(x) =n1_i)rgo(%}?"{tgn <Ta), d=1.

The existence of these limits is established in the next proposition. Note that
Fo=0o0nZ%\ Asince P{Ty = 0} = 1 forx € Z% \ A.

Proposition 4.6.3 Suppose that p € Py,d = 1,2 and A is a proper subset of
Z4. Then, ifx,y € 7,

Ga(x,y) = E¥[a(Sz,, )] — a(x,y) + Fa(x).

Proof The result is trivial if x ¢ A so we will suppose that x € A. Choose
n > |x|,|y| and let A, = AN {|z] < n}. Using (4.28), we have

Ga, (x,y) = E*[a(Sz, . )] — a(x,y).
Note also that
E'[a(Sr,,, )] = E[a(S,,); ta < 18,1 + E[a(Ses,,¥);Ta > 18,1
The monotone convergence theorem implies that as n — oo,
Ga,(x,y) — Ga(x,y),  E'[a(Sq,, )t < 8,1 — E'[a(Sy,, »)].
Since G4 (x,y) < 0o, this implies that
Jim E'a(Ses,,); T4 > 75,1 = Ga(x,y) + a(x,y) = Ea(Sz,, )]

However, n < |stn| < n + R where R denotes the range of the increment
distribution. Hence Theorems 4.4.4 and 4.4.8 show that as n — oo,

logn
7 /detT”’

n
E'[a(Seg,,y)s ta > 8,1 ~ P14 > 15,} et d=1.

Ex[a(San,y);rA > 13,1 ~ P{ta > 1,} d=2,
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Remark We proved that for d = 1, 2,
Fa(x) = Ga(x,y) + a(x,y) — E'[a(Sz,, y)]. (4.30)

This holds for all y. If we choose y € Z¢ \ A, then G4 (x,y) = 0, and hence we
can write

Fa(x) = a(x,y) — E'[a(Sz,, )]
Using this expression, it is easy to see that
LFs(x) =0, xeA.
Also, if Z4 \ A is finite,
Fa(x) = alx) + 04(1), x — o0.
In the particular case A = Z¢ \ {0}, y = 0, this gives
FZd\{O}(x) =a(x).
Applying (4.30) with y = x, we get

G0y (6. X) = Fa,(0,() + a(0.x) = 2a(x). 431)

The next simple proposition relates the Green’s functions to “escape proba-
bilities” from sets. The proof uses a last-exit decomposition. Note that the last
time a random walk visits a set is a random time that is not a stopping time.
If A C A', the event {Tya u < Ta} is the event that the random walk visits A
before leaving A'.

Proposition 4.6.4 (last-exit decomposition) Suppose that p € Py and A C
74 Then,

(a) if A’ is a proper subset of 7¢ with A C A,
P {Tg0s < Ta) =Y Ga(x.2) Plrza s > Tark;
z€EA

(b) if & € (0,1) and T¢ is an independent geometric random variable with
killing rate 1 — &, then

PHTga\4 < Te} = ZG(X,Z;é)PZ{TZd\A > Teh

z€A
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(c) ifd > 3 and A is finite,

PY(S; € A for some j > 0} = P*{Tza\4 < 00}

= ZG(}C,Z) ]P)Z{TZd\A = OO}

z€A

Proof We will prove the first assertion; the other two are left as Exercise
4.11. We assume that x € A’ (for otherwise the result is trivial). On the event
{?Zd\ 4 < Tar}, let o denote the largest k < T4 such that Sx € A. Then,

o
P Tpaa <Tal=)_ > Plo=kS, =z}
k=0 z€A

o
=D > PSSk =zk<taS gAj=k+ 1. ).
z€A k=0

The Markov property implies that
PHS, A j=k+1,...,t0 | Sk =k < ta} =PHw < T7d\a}-

Therefore,

o0
P {Tgas <Ta}= D > PUS =2k < ta} Pt < 1704}
z€A k=0
= Gu () Plra < 17004}

Z€EA

O

The next proposition uses a last-exit decomposition to describe the distribu-
tion of a random walk conditioned to not return to its starting point before a
killing time. The killing time is either geometric or the first exit time from a set.

Proposition 4.6.5 Suppose that S,, is a p-walk withp € Py; 0 € A C Z¢, and
& €(0,1). Let Tz be a geometric random variable independent of the random
walk with killing rate 1 — €. Let

p=max{j>0:j<714,5 =0}, p*=max{j>0:j<TS =0}

(a) The distribution of {(S; : p < j =< ta} is the same as the conditional
distribution of {Sj : 0 < j < ta} given that p = 0.
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(b) The distribution of {S; : p* < j < T¢} is the same as the conditional
distribution of {S; : 0 < j < T¢} given that p* = 0.

Proof The usual Markov property implies that for any positive integer j, any

X1,X2,...,%—1 € A\ {0} and any x; € Z% \ A,

Plo=j.ta=j+kSiy1 =x1,.... Sk = x)
ZP{Sj =0,t4 > J,Sj+1 = x1,. .., Sjpk = X}

ZP{SJ =0,‘L’A >]} IP{S] =X1,...,Sk :xk}.

The first assertion is obtained by summation over j and the other equality is
done similarly. (]

Exercises

Exercise 4.1 Suppose that p € P,; and S, is a p-walk. Suppose that A C Z¢
and that P*{T4 = oo} > 0 for some x € A. Show that for every € > 0, there is
aywithP{ty =00} > 1 —e.

Exercise 4.2 Suppose that p € P; UP/,d > 2 and let x € Z% \ {0}. Let
T = min{n > 0 : S, = jx for some j € Z}.

Show that there exists ¢ = c¢(x) such that as n — o0,

cn1/2, d=2
P(T > n} ~ {c(ogn)™, d=3
c, d > 4.

Exercise 4.3 Suppose that d = 1. Show that the only function satisfying the
conditions of Proposition 4.5.1 is the zero function.

Exercise 4.4 Find all radially symmetric functions f in R \ {0} satisfying
Af (x) = 0 for all x € RY \ {0}.

Exercise 4.5 For each positive integer & find positive integer  and p € P},
such that E[|X;|¥] < oo and

lim sup x| 72 G(x) = oo.
|x|—00
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(Hint: consider a sequence of points z1,z2,... going to infinity and define
P{X) = z} = g;. Note that G(zj) = ¢;. Make a good choice of zi,25,...
and ql 2 qz’ .. ')

Exercise 4.6 Suppose that X1, X2, . . . are independent, identically distributed
random variables in Z with mean zero. Let S, = X; + --- 4+ X,, denote the
corresponding random walk and let

Gu(x) =Y P{S; =x}
j=0

be the expected number of visits to x in the first n steps of the walk.

(i) Show that G, (x) < G,(0) for all n.
(i1) Use the law of large numbers to conclude that for all € > 0, there is an N
such that for n > N,

> Guw = 3.

[x[<en
(iii) Show that
G(0) = lim G,(0) = 0
n—oo

and conclude that the random walk is recurrent.

Exercise 4.7 Suppose that A C Z? and x,y € A. Show that
Ga(x,y) = lim Ga,(x,y),
n—odo

where A, = {z € A : |z| < n}.

Exercise 4.8 Let S, denote simple random walk in Z? starting at the origin
and let p = min{j > 1 : §; = 0 or e;}. Show that P{S, = 0} = 1/2.

Exercise 4.9 Consider the random walk in Z? that moves at each step to one
of (1,1), (1,—1), (—1,1), (—1,—1) each with probability 1/4. Although this
walk is not irreducible, many of the ideas of this chapter apply to this walk.

(i) Show that ¢(8',6%) = 1 — (cos6')(cos 62).

(ii) Let a be the potential kernel for this random walk and a the potential
kernel for simple random walk. Show that for every integer n, a((n,0)) =
a((n, n)) (see Exercise 1.7).
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(iii) Use Proposition 4.4.3 (which is valid for this walk) to show that for all
integers n > 0,

4
a((n,0)) —a((n—1,0)) = 2on—1)’

((n,0)) 4 1+l+l+ + !
a((n, = — — =4 .
T 3 5 2n — 1

Exercise 4.10 Suppose thatp € Py and let A = {1,2,...}. Show that

x — E'[S7]

Fa) = ——

’

where T = min{j > 0 : §; < 0} and F} is as in (4.30).

Exercise 4.11 Finish the details in Proposition 4.6.4.

Exercise 4.12 Finish the details in Theorem 4.4.8.

Exercise 4.13 Let S; be a random walk in Z with increment distribution p
satisfying

ri =min{j : p(j) > 0} < 0o, ry=max{j:p() > 0} < oo,

andletr =r, — ry.

(i) Show that if « € R and k is a nonnegative integer, then f(x) = «* xk
satisfies £f (x) = 0 for all x € R if and only if (s — «)*~! divides the
polynomial

qis) =E [le] .

(iii) Show that the set of functions on {—r+1, —r+2, ...} satisfying £f (x) = 0
for x > 1 is a vector space of dimension .

(iii) Suppose thatf is a function on {—r+ 1, —r+2, ...} satisfying £f (x) = 0
and f (x) ~ x asx — o0o. Show that there exists ¢ € R, ¢, ¢ > 0 such that

ax

f(x)—x—c|<cre”

Exercise 4.14 Find the potential kernel a(x) for the one-dimensional
walk with

1) = —2—l 1—3
p(—=1) = p( )—g, M)—g.
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One-dimensional walks

5.1 Gambler’s ruin estimate

We will prove one of the basic estimates for one-dimensional random walks
with zero mean and finite variance, often called the gambler’s ruin estimate. We
will not restrict to integer-valued random walks. For this section we assume that
X1,X>, ... are independent, identically distributed (one-dimensional) random
variables with E[X ] = 0,E[X}] = 02 > 0. We let S, = So + X1 + - - + X,
be the corresponding random walk. If » > 0, we let

nr=min{n >0:5, <0or S, >r},

N =1Noo = min{n >0:5, <0}

We first consider simple random walk for which the gambler’s ruin estimates
are identities.

Proposition 5.1.1 If S, is one-dimensional simple random walk and j < k are
positive integers, then

Pi{S, =k} = %

Proof Since M, := Syap, is a bounded martingale, the optional sampling
theorem implies that

j=TF[Mol = F[M,,] = kP(S,, =k).

123



124 One-dimensional walks
Proposition 5.1.2 If S, is one-dimensional simple random walk, then for
positive integer n,

P > 2n} = P}{S,, > 0} — P!{S1, < 0}

1 1
=P{52n=0}=ﬁ+o(m).

Proof Symmetry and the Markov property tell us that each k < 2n and each
positive integer x,

Py =k, S2n = x} = Py = k} pani (x) = P'{n = k, Sy = —x}.
Therefore,
Py < 21,82, = x} = Py < 21,85, = —x).

Symmetry also implies that for all x, PS5, = x + 2} = P1{S,, = —x}. Since
PY{n > 2n, S5, = —x} = 0, for x > 0, we have

]P’l{r) > 2n} = ZP{n > 2n; Sy, = x}

x>0
=Y [p2a(1,) — paa(1,—)]
x>0
=pa(L, D) + Y [pan(l,x +2) = p2n(l, —x)]

x>0
2n 1 1
= 0,00 =47" =—+4+0|—5 ).

The proof of the gambler’s ruin estimate for more general walks follows
the same idea as that in the proof of Proposition 5.1.1. However, there is a
complication arising from the fact that we do not know the exact value of Sy, .
Our first lemma shows that the application of the optional sampling theorem is
valid. For this we do not need to assume that the variance is finite.

O

Lemma 5.1.3 If X1,X3,... are independent identically distributed random
variables in R with E(X;) = 0 and P{X; > 0} > O, then for every 0 < r < 00
and every x € R,

E*[S,,] = x. (.1)
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Proof We assume that 0 < x < r, for otherwise, the result is trivial. We start
by showing that E*[|S,,.|] < oo. Since P{X; > 0} > 0, there exists an integer
m and a § > 0 such that

PXi+---+X,>r}>06.
Therefore, for all x and all positive integers j,
PHn, > jm} < (1 —8)™.
In particular, E*[5,] < co. By the Markov property,

PY(|S,,| = r+yin, =k} <P, > k — 1;|X;| >y}
=Py, > k — 1} P{|Xk| > y}.

Summing over k gives
PHISy, | = r+ y} < E' [0, ] P{IXk| = y}.

Hence,

0]

E*[15,,1] = fo B, | = v} dy < EX(n,] [r+ /0

=E'In] (r+E[IXj]]) < oo

P{|X| > y}dy]

Since E*[|S,,|] < oo, the martingale M,, := S, ;, is dominated by the inte-
grable random variable r +1S;, |. Hence, itis a uniformly integrable martingale,
and (5.1) follows from the optional sampling theorem (Theorem A.2.3). U

We now prove the estimates assuming a bounded range. We will take some
care in showing how the constants in the estimate depend on the range.

Proposition 5.1.4 Foreverye > 0 and K < oo, there exist0 < c1 < ¢p < 00
such that if P{|X1| > K} = 0and P{X| > €} > ¢, then forall 0 <x < r,

1 1
s, 2 <e

C1

r

Proof We fix €,K and allow constants in this proof to depend on ¢, K. Let
m be the smallest integer greater than K /e. The assumption P{X| > €} > €
implies that for all x > 0,

PHSyx = K} > P{X; > €,..., X > €} > €™
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Also note that if 0 < x <y < K, then translation invariance and monotonicity
give P*(S,, = r) <P¥(S,, = r). Therefore, for 0 < x < K,

" PX{S,, = r} <PY{S,, > r} < PX{(S,, > 1}, (5.2)

and hence it suffices to show for K < x < r that

x+ K

< PYS. > <
r+ K- {nr_r}_

By the previous lemma, E*[S, ] = x. If §;, > r,thenr < S, <r+K.If
Sy, <0, then —K < S, < 0. Therefore,

x =E[S,, 1 < E'[S,,; Sy, = r] < PY{S,, = r} (r + K),
and

x =E'[S,, 1> E'[S,,; Sy, =rl— K >rP¥S, >r} —K.
O

Proposition 5.1.5 Foreverye > 0and K < o0, there exist0) < ¢ < ¢ < 00
such that if P{|X1| > K} = 0 and P{X| > €} > ¢, then forallx > 0,r > 1,

|
<Pz <o

1

Proof For the lower bound, we note that the maximal inequality for martin-
gales (Theorem A.2.5) implies that

ElSp] 1
Py sup X1+ ---+X;| >2Kn 54 <

2
1<j<n?

K2n?2 — 4

This tells us that if the random walk starts at z > 3Kr, then the probability that
it does not reach the origin in r? steps is at least 3/4. Using this, the strong
Markov property, and the last proposition, we get

cirix+1)
—

Py > r?} > ZP"{SW, > 3Kr} >

For the upper bound, we refer to Lemma 5.1.8 below. In this case, it is just
as easy to give the argument for general mean zero, finite variance walks. [

If p € Ps,d = 2, then p induces an infinite family of one-dimensional
nonlattice random walks §,, - & where |#| = 1. In Chapter 6, we will need
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gambler’s ruin estimates for these walks that are uniform over all 6. In particular,
it will be important that the constant is uniform over all 6.

Proposition 5.1.6 Suppose that S, is a random walk with increment distribu-
tion p € Pyg,d > 2. There exist c1,cy such that if 0 € R? with 0| = 1 and
S, = Sp-0, then the conclusions of Propositions 5.1.4 and 5.1.5 hold with c1, ¢3.

Proof Clearly, there is a uniform bound on the range. The other condition is
satisfied by noting the simple geometric fact that there is an € > 0, independent
of 6 such that IP{§1 -0 > €} > €; see Exercise 1.8. O

5.1.1 General case

We prove the gambler’s ruin estimate assuming only mean zero and finite vari-
ance. While we will not attempt to get the best values for the constants, we do
show that the constants can be chosen uniformly over a wide class of distri-
butions. In this section we fix K < 00, 8,b > 0and 0 < p < 1, and we let
A(K,$,b, p) be the collection of distributions on X; with E[X] = 0,

E[X2] = o? < K2,
PiX; > 1} >4,
inf P{S1,...,S,2 > —n} > b,
n

o <inf P{S,» < —n}.
n>0

It is easy to check that for any mean zero, finite nonzero variance random walk
Sy, we can find a ¢ > 0 and some K, §, b, p such that the estimates above hold
for 1S,,.

Theorem 5.1.7 (gambler’s ruin) For every K, 8, b, p, there exist 0 < ¢; <
cy < oo such that if X1, Xz, . . . are independent identically distributed random
variables whose distributions are in A(K,8,b, p), then for all0 < x < r,

1 1

al <Py ) s
r

1 1

c1 <PS,, >} 562x+ .

,
Our argument consists of several steps. We start with the upper bound. Let

nf=min{fn >0:8, <0orS, >r}, n*=n5 =min{fn>0:S5, <0}
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Note that 7} differs from 7, in that the minimum is taken over n > O rather
than n > 0. As before, we write P for PV,

Lemma 5.1.8

4K 4K
P{n* > n} < P{n; <n*} < —.
bén

f— 8ﬁ7
Proof Let g, = P{n* > n} =P{Sy,...,S,; > 0}. Then

P{S],...,Sn > 1} > 8%1—1 = 8‘]:1-
Let Ji, be the event
Jen = {Sk+1- .58 = S + 11

We will also use Ji , to denote the indicator function of this event. Let m,, =
min{Sj :0 <j <n},M, =max{S; : 0 <j < n}. For each real x € [m,,M,],
there is at most one integer k such that S; < x and S; > x,k < j < n.Onthe
event Ji ,, the random set corresponding to the jump from S to Sg41,

{x:8 <xand S; > x,k <j <n},

contains an interval of length at least one. In other words, there are ), Ji
nonoverlapping intervals contained in [m,, M,] each of length at least one.
Therefore,

n—1

Z-Ik,n <M, —m,.
k=0

But, P(Jx») = 8gu—k > 8q,. Therefore,
ndq, < E[M, —my] < 2E[max{|S;| : j < n}].
Martingale maximal inequalities (Theorem A.2.5) give

K%n
2

E[S?
]P’{max{|Sj| 1j<nj zt}g [tz”] <

Therefore,

néqn : * .
" < Btmax(is <l = [P {max(s) ) <)z 1) dr
0

o0
§Kﬁ+/ K*nt™2 dr = 2K \/n.
Ki/n



5.1 Gambler’s ruin estimate 129

This gives the first inequality. The strong Markov property implies that

P{n* > n? |t <n*} = P(Sj = Syr > —n, 1 <j <n® |5} < n*} = b.

Hence,
bP(n; <0} < P(n* > n?), (5.3)
which gives the second inequality. (|
Lemma 5.1.9 (overshoot lemma I) Forall x > 0,
(5.4)

1
P{|S,| > m} < ;JE[XE; IX1| > m].

Moreover, if « > 0 and E[|X1|2+"‘] < 00, then

E*[1S,1%] < = E0X1 121,

DR

& Since EX[n] = oo, we cannot use the proof from Lemma 5.1.3.

Proof Fix € > 0. For nonnegative integers k, let

n
Y = Z lke < S, < (k + 1)e}

n=0
be the number of times the random walk visits (ke, (k + 1)e] before hitting
(—00,0], and let

g, k) = E*[Y] = ZIP’x{ke <S8, < (k+ De;n > n}.

n=0

Note that if m,x > 0,
o0
PY{ISyl = m} = Y P{ISyl = min =n+1)

n=0

[o.clee]
=D D PIS) = min=n+like <5, < (k+ De)
n=0 k=0
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o0 o0
< ZZP"{n >nke < S,

k=0 n=0
< (k+ 1)€;|Sp+1 — Spl = m + ke}

= g ) P(IX1| = m + ke)

k=0
o0 o0

= Zg(x,k)ZIP’{m+le <|Xi| <m+ I+ e}
k=0 1=k

00 l
=Y Pm+le < [Xi| <m+ I+ De} Y gx.k).
1=

k=0
Recall that P{S,» < —n} > p for each n. We claim that for all x, y,

2
3 gtk <2 (5.5)

O<k<y/e P

To see this, let

H, = .
y = max PR IENS)
O0<k<|y/e€]

Note that the maximum is the same if we restrict to 0 < x < y. Then, for any
X=Y,

Y gk =y P =R | Y S <yin<n)n =y’
O<k<|y/e] n>y?

<>+ (1 — p) H,y. (5.6)

By taking the supremum over x we get H, < y2 4+ (1— p)H, which gives (5.5).
We therefore have

PHISy| = m}

IA

1 o0
=D Pm+le < 1Xi| <m+ (I + De}(le + )
ol

[=0

IA

1
5 (E[(X) — €)% X1 < —m] + E[(X) + €)% X1 > m]).

Letting ¢ — 0, we obtain (5.4).
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To get the second estimate, let F' denote the distribution function of |Xi|.
Then

o0
E[|S,[] a/ LIS, | > 1) dr
0

o o0
—/ TVEIXE X > 1] dr

oo
[ e[ = a
0
o0
/ / X1 dF (x) dt
0
(0.¢]
U
& The estimate (5.6) illustrates a useful way to prove upper bounds for
Green’s functions of a set. If starting at any point y in a set V c U, there is

a probability g of leaving U within N steps, then the expected amount of time
spent in V before leaving U starting at any x € U is bounded above by

I A

IA

3

o
P
o
o
% } I+ g (x) = %Enxu““].

O

N
N+ =N+ =P N = .

& The lemma states that the overshoot random variable has two fewer
moments than the increment distribution. When the starting point is close to the
origin, one might expect that the overshoot would be smaller, since there are
fewer chances for the last step before entering (—oo, 0] to be much larger than
a typical step. The next lemma confirms this intuition and shows that one gains
one moment if one starts near the origin.

Lemma 5.1.10 (overshoot lemma II) Let

32K
b

/
C

Then for all 0 < x < 1,

J

C
PHISy| = m} < ;E[|X1|§|Xl| = m].
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Moreover, if o > 0 and IE[|X1|1+°‘] < 00, then

ac
E[|S,1°] < 7IE[|X1|‘+"’].

Proof The proof proceeds exactly as in Lemma 5.1.9 up to (5.5) which we
replace with a stronger estimate that is valid for 0 < x < 1:

/

Y gtk < .7)

O<ke<y p

To derive this estimate, we note that

Y. gk

J-l<ke<?

equals the product of the probability of reaching a value above 2~! before
hitting (—o0, 0] and the expected number of visits in this range given that event.
Due to Lemma 5.1.8, the first probability is no more than 4K /(b§2/~!) and the
conditional expectation, as estimated in (5.5), is less than 2% /p. Therefore,

1 N[ 4K \ o 1 (16K _;
3 g(’“"‘)f‘z<bazm)2 <‘(W) ”)

O<ke<2 - P

For general y we write 27~ < y < 2/ and obtain (5.7).
Given this, the same argument gives

/

c
PH{IS,| = m} < ;E“Xl'; |X1] > m],
and

o
E[]S,|%] :a/ TIPS, > 1) dt
0

O{C/ o0

<— | “YENX 51X > o] dr
P Jo
OlC/ o0

IA

o ac 14«o
— EX\5 X1 = t]dt = — E[1X;]7™].
o Jo P
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& The inequalities (5.5) and (5.7) imply that there exists a ¢ < oo such that
forall y, EY[n%] < cn?, and

EXpil<cen, O0<x<1. (5.8)
Lemma 5.1.11
*
P{n, <n*} = <,
n
where
. P

=
2(p+2c'K?)

and ¢’ is as in Lemma 5.1.10. Also,

*

Ply* = n} = bPly" - < n*) = 25

n = = n NG ny= \/ﬁ .
Proof The last assertion follows immediately from the first one and the strong
Markov property as in (5.3). Since P{n} < n*} > § IP’l{r;;’; < n*}, to establish
the first assertion it suffices to prove that

*

[

P'nt < n*} >

(2

n

Using (5.8), we have

o
PHISy| = s+n} < Y BP0k =14 1;1S,:] = s +n)

~
(=}

P i > 15 |Xp11] = s}

M

~
Il
o

c'n
<P{X1| > s} E'[n] < TP{IXll > s).

In particular, if r > 0,

oo
E' [1Sy:1: 1Syz| = (1 + ) n] =f P'{|Syz| = s+ n}ds

tn

cn [
5—/ P{IX,| = s} ds
p m
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/

c'n
= TE[|X1|;|X1I > mn]

/ /K2
SE[mP] -
pt

IA

(5.9)

Consider the martingale My = Sy »yx. Due to the optional stopping theorem,
we have

1 =E'[Mo] = E'[Moo] < E'[Sys: Sy > n).
If we let g = 2¢'K?/p in (5.9), we obtain

E'[[Sy:1: 1Sy ] = (1 4+ t9) n] <

N —

So it must be

N | =

E'[Sysin < Sy < (1 +19)n] >

which implies that

1

Pln* <y >Pn<S,» < +1)n) > —.
{n, <n"}=P{n< ”"_(+0)n}_2(1+t0)n

O

Proof of Theorem 5.1.7 Lemmas 5.1.8 and 5.1.11 prove the result for 0 < x
< 1. The result is easy if x > r/2 so we will assume that | < x < r/2. As
already noted, the function x — P*{S, > r} is nondecreasing in x. Therefore,

P{Syr > r} =P{Syx = x} P{Syx > 1 | Sy = x} = P{Syr > x} PY(S,, > r}.
Hence, by Lemmas 5.1.8 and 5.1.11,

PY(Sy, = 1} < Moy 2 4K x
P{Syr > x} = c*bd r

For an inequality in the opposite direction, we first show that there is a ¢
such that E*[5,] < ¢ xr. Recall from (5.8) that E'[n,] < crfor0 <y < 1.
The strong Markov property and monotonicity can be used (Exercise 5.1) to
see that

E*[n,] < E'[n,1 4+ B [n,1. (5.10)
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Hence, we obtain the claimed bound for general x by induction. As in the
previous lemma one can now see that

c K?%x

b}

E*[1Sysl: 1Sysl = (1 4+0)r] <

and hence if o = 2¢2K?,
X
E* [Sn’;;snf > (1+1) I"] = 5,
E*[1Sy;1:r < Sy < (1+10)7] = 5.
so that

X

]P’x{rﬁS,,;f §(1~|—t())l’}2m

As we have already shown (see the beginning of the proof of Lemma 5.1.11),
this implies that

IP;x * 2 ;
=) 2baaT s

5.2 One-dimensional killed walks

A symmetric defective increment distribution (on 7,) is a set of nonnegative
numbers {py : k € Z} with ) px < 1landp_; = py forall k. Given a symmetric
defective increment distribution, we have the corresponding symmetric random
walk with killing, that we again denote by S. More precisely, S is a Markov
chain with state space Z U {oo}, where oo is an absorbing state, and

P{Siri=k+1|Sj=kl=p, P{Sjt1=00]S8; =k}=p,
where poo = 1 — ) p. We let
T =min{j : §; = oo}

denote the killing time for the random walk. Note that P{T = j} = peo (1 —
pOO)]_17j € {1’29 .. }
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Examples

e Suppose that p(j) is the increment distribution of a symmetric one-
dimensional random walk and s € [0, 1). Then p; = sp(j) is a defective
increment distribution corresponding to the random walk with killing rate
1 —s. Conversely, if p; is a symmetric defective increment distribution, and
p() = pj/(1 — pso), then p(j) is an increment distribution of a symmetric
one-dimensional random walk (not necessarily aperiodic or irreducible). If
we kill this walk at rate 1 — po, we get back p;.

e Suppose that Ej is a symmetric random walk in Z¢,d > 2 which we write
Ej = (Y},Z;) where Y; is a random walk in Z and Z; is a random walk in
Z4=1. Suppose that the random walk is killed at rate 1 — s and let T denote
the killing time. Let

T =min{j > 1:Z; =0}, (5.11)
pr=P{Y; =k;t < f"}.

Note that

P{r =j;Y; = kij < T}

S
I
WK

~.
Il
—_

sflI”{r:j;Y/:k}:]E[sf;Yf:k;f"<oo].

M

~.
Il

If Z is a transient random walk, then P{t < o0} < 1 and we can let s = 1.
e Suppose that §j = (Y},Z;) and 7 are as in the previous example and suppose
that A C Z4=1\ {0}. Let

o4 =min{j : Z; € A},

pr =P{Y; =k;t < 04}.
If P{Z; € A for some j} > 0, then {p;} is a defective increment distribution.

Given a symmetric defective increment distribution {p; } with corresponding
walk S; and killing time 7, define the events

Vi={S>0:j=1,...,T—1}, Vi={S>0:j=1,....,T—1},
Vo={S<0:j=1,....T =1}, V_={§<0:j=1,....,T -1}
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Symmetry implies that P(V,) = P(V_),P(V,) = P(V_). Note that V, C
V,,V_CV_and

PVLNV_)=PV,iNV_)=PT =1} = poo. (5.12)

Define a new defective increment distribution py _, which is supported on
k =0,—1,-2,..., by setting p; _ equal to the probability that the first visit
to {...,—2,—1,0} after time O occurs at position k and this occurs before the
killing time T, i.e.

00
Pk,—ZZP{SjZk;j<T; S >0,l=1,...,j—1}.
j=1

Define pj - similarly so that p; + = p_ —. The strong Markov property implies
that

P(Vy) =P(Vy) +po-P(V ),
and hence
P(Vy) = (1= po)P(V4) = (1 —po) P(V ). (5.13)

In the next proposition we prove a nonintuitive fact.

Proposition 5.2.1 The events V. and V_ are independent. In particular,

P(V_) =P(Vy) = (1 = pos) P(V4) = y/poo (1 = po.4). (5.14)

Proof Independence is equivalent to the statement P(V_ N V,) =
P(V_)P(V;). We will prove the equivalent statement P(V_ N V5) =
P(V,)P(Vi). Note that V_ N Vi is the event that T > 1 but no point in

{0,1,2,...}is visited during the times {1, ...,T — 1}. In particular, at least one
pointin {..., —2, —1} is visited before time 7.
Let

p=max{k € Z:S§j=kforsomej=1,...,T — 1},
&=max{j >0:S5;=k;j <T}

In words, p is the rightmost point visited after time zero, and & is the last time
that k is visited before the walk is killed. Then,

P(V-NV) =Y Plpo=—kl=) Y Plp=—kit=j}

k=1 k=1 j=1
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Note that the event {p = —k;&_; = j} is the same as the event
Si=—k.j<T;8=<-kil=1,...,j—1;
Sy <—k,J=j+1,...,T —1}.
Since,
PS <—kl=j+1,....,T =118 =—k;
j<T; 8§ <—-ki1l=1,....j—1}=PV_),
we have
Plp = —kiék =j) = P(S; = —k;

J<T; S <—-kl=1,...,j—1}P(V_).

Due to the symmetry of the random walk, the probability of the path [xg =

0,x1,...,x;] is the same as the probability of the reversed path [x; — x;,x; 1 —
Xj,...,X0 — Xj]. Note that if x; = —k and x; < —k, [ =1,...,j — 1, then
xo—x = kand Yi_ (x—; — xj_i1) = Xj—; —x; < O, for [ = 1,...,j — L.

Therefore, we have
PSi=—k;j<T; S <—kil=1,....j—1}=Pln=j;j <T;S; =k},
where

n =min{j > 1:§; > 0}.

Since

WK

>

k=1

Pin=jij < T;S; =k} =P{n < T} =P(VL) = P(VY),

Il
—_

we obtain the stated independence. The equality (5.14) now follows from

P(VO)P(Vy)  P(Vy)?

Poo =P(V_NV3) =P(V)P(V,) = = :
1 —po.— 1 —po+

O

5.3 Hitting a half-line

We will give an application of Proposition 5.2.1 to walks in Z¢. Suppose that
d > 2 and S, is a random walk with increment distribution p € P;. We
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write S, = (Y,,Z,) where Y, is a one-dimensional walk and Z,, is a (d — 1)-
dimensional walk. Let I" denote the covariance matrix for S, and let I'* denote
the covariance matrix for Z,. Let T = min{j > 0 : Z; = 0} be the first time that
the random walk returns to the line {(j,x) € Z x Z?~! : x = 0}. Let T, T 4
denote the corresponding quantities for the (nonpositive and negative) half-line

T+=min{n>o:sne{(j,x)erZd*‘ L j<0,x=0} ]
T+=min{n>0:5ne{(j,x)erZd_l :j < 0,x =0} ]
and finally let
po+ = P{Yr, =0}
Proposition 5.3.1 Ifp € P;,d = 2,3, there is a C such that as n — 00,

— Cn~1/4 d=2
1-— P{T ~ P{T. ~ ’ ’
(I =po+) P{T 4 > n} {Ty > n} {C(logn)_l/z, d=3
Proof We will prove the second asymptotic relation; a similar argument shows
that the first and third terms are asympotic. Let 0 = o¢ denote a geometric
random variable, independent of the random walk, with killing rate 1 — &, i.e.
P{o > k} = £*. Let g, = P{T+ > n},q(¢) = P{T, > o}. Then,

q&) =P{T+ >0}=ZP{G =Ty > n}

n=1
=) (1-8¢&""4q,.
n=1

By Propositions A.5.2 and A.5.3, it suffices to show that g(£) ~ ¢ (1 — &)/ if
d =2and g(&) ~ c[—log(l —&)]"?ifd = 3.

This is the same situation as the second example of the last subsection
(although (7, T) there corresponds to (7,0) here). Hence, Proposition 5.2.1
tells us that

q&) = V/peo &) (1 — po+ (&),

where poo(§) = P{T > o} and po 4+ (§) = P{T4 < o;Y7, = 0}. Clearly, as

E§—>1-,1—po+(E) = 1 —po+ > 0. By applying (4.9) and (4.10) to the
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random walk Z,, we can see that

PT>0}~c(1-§"%, d=2,
-1
P{T >0} ~c |:10g (ﬁ)] , d=23.

& From the proof, one can see that the constant C can be determined in
terms of I'* and pg . We do not need the exact value and the proof is a litile
easier to follow if we do not try to keep track of this constant. It is generally hard
to compute pg . ; for simple random walk, see Proposition 9.9.8.

O

& The above proof uses the surprising fact that the events “avoid the positive
x1-axis” and “avoid the negative x1- axis” are independent up to a multiplicative
constant. This idea does not extend to other sets; for example the event “avoid
the positive x '-axis” and “avoid the positive x2-axis” are not independent up to a
multiplicative constant in two dimensions. However, they are in three dimensions
(which is a nontrivial fact).

In Section 6.8 we will need some estimates for two-dimensional random
walks avoiding a half-line. The argument given below uses the Harnack inequal-
ity (Theorem 6.3.9), which will be proved independently of this estimate. In
the remainder of this section, let d = 2 and let S,, = (Y¥,,Z,) be the random
walk. Let
r=min{n >0:Y, >r},
pr=min{n>0:8, & (—r,r) x (—r,7)},
or=min{n>0:8, €Z x (—r,r)}.

If |So| < r, the event {¢, = p,} occurs if and only if the first visit of the random

walk to the complement of (—r,r) x (—r,r) is at a point (j, k) with j > r.

Proposition 5.3.2 Ifp € P, then
P{T+ > p/} < r1/2, (5.15)
Moreover, for all z # 0,

Pip, < T4} < clz)'/2r 12 (5.16)
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In addition, there is a ¢ < oo such that if 1 < k < r and A, = {je; : j =
—k,—k+1,...}, then

P{Ta, > p} < ck™1/2r71/2, (5.17)

Proof It suffices to show that there exist ¢y, ¢, with

P(Ty > p,} <cor™ 2 P{T4 > pf} = r V2

The gambler’s ruin estimate applied to the second component implies that
P{T > pf} =< r~1 and an application of Proposition 5.2.1 gives P{T, >
*y o =172
IOr} =r .
Using the invariance principle, it is not difficult to show that there is a ¢ such
that for r sufficiently large, P{{, = p;} > c. By translation invariance and
monotonicity, one can see that forj > 1,

P_jel {¢r = pr} < P{g = o1}

Hence, the strong Markov property implies that P{¢, = p, | T+ < pr} <
P{¢, = p,}; therefore, it has to be that P{¢, = p, | T+ > pr} > ¢ and

Plp, < T4} < cPlg, = p, < Ty ). (5.18)
Another application of the invariance principle shows that
P{Ty > | & = pr < T4} > c,

since this conditional probability is bounded below by the probability that a
random walk goes no farther than distance /2 in r> steps. Hence,

Plo, < T4} < cPlo, < T4, Ty > r*} < cP{Ty > 2} < cr /2

This gives (5.15).

For the remaining results, we will assume that |z| is an integer greater than
the range R of the walk, but one can easily adapt the argument to arbitrary z. Let
hy(x) = P{p, < T+}and let M = M (r, |z|) be the maximum value of A, (x)
overx € (—|z| — R, |z]| + R) x (—|z] — R, |z| + R). By translation invariance,
this is maximized at a point with maximal first component and by the Harnack
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inequality (Theorem 6.3.9),

aM <h(x)<cM,
x € (zl =R, |z| + R) x (=|z] = R, |z| + R).

Together with a strong Markov property this implies that
Plp, < T4} < cM Plop < T4},
and due to (5.18)
Plor <Ty} = cM Plog =8z < T} = cM Plpg < T4}

Since P{p, < T} =< r~ /2, we conclude that M = |z|'/? r=1/2, implying

(5.16). To prove (5.17), we write

P{Ta, > pr} = P{Ta, > ok} PATa, > pr | Ta, > pr}
< cP{Ta, > pi} (k/r)'2.

Therefore, it suffices to show that P{Ts, > pi} < ck~! This is very close to
the gambler’s ruin estimate, but it is not exactly the form we have proved thus
far, so we will sketch a proof.

Let

q(k) = P{Tx, > pi}.
Note that for all integers |j| < k,
Ty, > pi} = q(2K).

A last-exit decomposition focusing on the last visit to Ay before time pi
shows that

L= Ge(O.je) P! (T, > pi} = q2k) ) Gi(O.jer).
Vl<k Ul<k
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where G; denotes the Green’s function for the set Z2 N [(—k, k) x (—k,k)].
Hence, it suffices to prove that

> Gr(0,jer) = ck.
lil<k

We leave this to the reader (alternatively, see the next chapter for such estimates).
O

Exercises
Exercise 5.1 Prove inequality (5.10).

Exercise 5.2 Suppose that p € P, and x € Z* \ {0}. Let

T =min{n >1:S, =jxforsomej e Z}.
T+ =min{n>1:8S, =jxforsomej=0,1,2,...}.
(i) Show that there exists ¢ such that
P{T > n} ~ en” !
(ii)) Show that there exists ¢ such that
1/2.

P{Ty > n} ~cin~

Establish the analog of Proposition 5.3.2 in this setting.



6
Potential theory

6.1 Introduction

There is a close relationship between random walks with increment distribution
p and functions that are harmonic with respect to the generator £ = L,,.
We start by setting some notation. We fix p € P. If A ; 74, we let

A = {x € Z¢ \A:p(,x) > 0forsomey e A}

denote the (outer) boundary of A and we let A = AU A be the discrete closure
of A. Note that the above definition of A, A depends on the choice of p. We
omit this dependence from the notation, and hope that this will not confuse the
reader. In the case of simple random walk,

BA:{erd\A:|y—x| = 1 forsome y € A}.

Since p has a finite range, if A is finite, then 0A, A are finite. The inner boundary
of A C Z4 is defined by

0iA = 8(Zd \A) ={xe€eA:p(x,y) >0forsomey &A}.
A function f : A — R is harmonic (with respect to p) or p-harmonic in A if

LFG) =Y p@Fo+x)—fM]=0

for every y € A. Note that we cannot define L£f (y) for all y € A, unless f is
defined on A.

We say that A is connected (with respect to p) if for every x,y € A, there is a
finite sequence x = 29,21, ...,2 = y of points in A with p(zj31 — z;)) > 0,j =
0,....,k—1.

144
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Figure 6.1 Suppose A is the set of lattice points “inside” the dashed curve. Then
the points in A \ 9;A, 0;A and 0A are marked by e, o, and X, respectively

& This chapter contains a number of results about functions on subsets of z9.
These results have analogues in the continuous setting. The set A corresponds to
anopensetD C RY, the outer boundary d A corresponds to the usual topological
boundary 8D, and A corresponds to the closure D = D U 3D. The term domain
is often used for open, connected subsets of RY. Finiteness assumptions on A
correspond to boundedness assumptions on D.

Proposition 6.1.1 Suppose that S, is a random walk with increment distribution
p € Py starting at x € 7Z¢. Suppose that f : 7¢ — R. Then

n—1

My :=f(Sn) — > LF(S))

J=0

is a martingale. In particular, if f is harmonic on A C 7%, then Y, = (Sunzy)
is a martingale, where T 4 is as defined in (4.27).
Proof This is immediate from the definition. O

Proposition 6.1.2 Suppose that p € Py and f : Z¢ — R is bounded and
harmonic on Z¢. Then f is constant.

Proof Wemay assume that p is aperiodic; if not consider p = (1/2) p+(1/2)8¢
and note that f is p-harmonic if and only if it is p-harmonic. Let x,y € Z¢. By
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Lemma 2.4.3 we can define random walks S, S on the same probability space
so that S is a random walk starting at x; S is a random walk starting at y; and

P(S, # Sp) < clx —y|n~/2,

In particular,

IE[f (S)] — EF Sl < 2¢lx —yln~ 2 ||f [l —> 0.

Proposition 6.1.1 implies that f (x) = E[f (S,)].f () = IE[f(S’n)]. U

& The fact that all bounded harmonic functions are constant is closely related
to the fact that a random walk eventually forgets its starting point. Lemma 2.4.3
gives a precise formulation of this loss of memory property. The last proposition
is not true for simple random walk on a regular tree.

6.2 Dirichlet problem

The standard Dirichlet problem for harmonic functions is to find a harmonic
function on a region with specified values on the boundary.

Theorem 6.2.1 (Dirichlet problem I) Suppose that p € Py, and A C 74
satisfies PX{t4 < oo} = 1 for all x € A. Suppose that F : 0A — R is
a bounded function. Then there is a unique bounded function f : A — R

satisfying

Lf(x)=0, xeA, (6.1)
fx)=F(x), xeodA. (6.2)

It is given by
f &) =E[F(Sz,)] (6.3)

Proof A simple application of the Markov property shows that /' defined by
(6.3) satisfies (6.1) and (6.2). Now suppose that f is a bounded function satis-
fying (6.1) and (6.2). Then M,, := f(S,»z,) is a bounded martingale. Hence,
the optional sampling theorem (Theorem A.2.3) implies that

fx) = E' [Mo] = E'[Mz,] = E*[F (Sz,)].
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Remark

e If A is finite, then 9A is also finite and all functions on A are bounded. Hence
for each F on 0A, there is a unique function satisfying (6.1) and (6.2). In this
case we could prove existence and uniqueness using linear algebra since (6.1)
and (6.2) give #(A) linear equations in #(A) unknowns. However, algebraic
methods do not yield the nice probabilistic form (6.3).

e If A is infinite, there may well be more than one solution to the Dirichlet
problem if we allow unbounded solutions. For example, if d = 1, p is simple
random walk, A = {1,2,3,...}, and F(0) = 0, then there is an infinite
number of solutions of the form f;,(x) = bx. If b # 0, f;, is unbounded.

e Under the conditions of the theorem, it follows that any function f on A that
is harmonic on A satisfies the maximum principle:

sup [f ()| = sup [fx)].

X€A X€0A

e Ifd = 1,2 and A is a proper subset of Z¢, then we know by recurrence that
P¥*{T4 < oo} = 1forallx € A.

e Ifd > 3and Z4\A s finite, then there are points x € A withP*{T4 = oo} > 0.
The function

f() =PT4 = o0}

is a bounded function satisfying (6.1) and (6.2) with F = 0 on 0A. Hence, the
condition P*{T4 < oo} = 1 is needed to guarantee uniqueness. However, as
Proposition 6.2.2 below shows, all solutions with F = 0 on 0A are multiples

of f.

Remark This theorem has a well-known continuous analogue. Suppose that
f {lzl € RY . |z] < 1} — R is a continuous function with Af (x) = 0 for
|x| < 1. Then

) =Ef B,

where B is a standard d-dimensional Brownian motion and T is the first time ¢
that |[B;| = 1. If |x| < 1, the distribution of Br given By = x has a density with
respect to surface measure on {|z| = 1}. This density h(x,z) = ¢ (1 — Ix1%)/|x—
z|% is called the Poisson kernel and we can write

— |x|?

f@) =c fz ) 7 ds(2), (6.4)

lz|=1 |
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where s denotes surface measure. To verify that this is correct, one can check
directly that f as defined above is harmonic in the ball and satisfies the bound-
ary condition on the sphere. Two facts follow almost immediately from this
integral formula:

e Derivative estimates For every k, there is a ¢ = c(k) < oo such that if
f is harmonic in the unit ball and D denotes a kth order derivative, then

IDf ()] < cx If lloo-

e Harnack inequality For every » < 1, there is a ¢ = ¢, < 00 such that if
f is a positive harmonic function on the unit ball, then f(x) < cf(y) for
x|, [yl < r.

Animportant aspect of these estimates is the fact that the constants do not depend
on f. We will prove the analogous results for random walk in Section 6.3.

Proposition 6.2.2 (Dirichlet problem II) Suppose that p € Py and A g 74,
Suppose that F : 0A — R is a bounded function. Then the only bounded
functions f : A — R satisfying (6.1) and (6.2) are of the form

f(x) =E'[F(Sz,);Ta < 00] + bP*{T4 = oo}, (6.5)

for some b € R.

Proof 'We may assume that p is aperiodic. We also assume that P*{T4 = oo} >
0 for some x € A; if not, Theorem 6.2.1 applies. Assume that f is a bounded
function satisfying (6.1) and (6.2). Since M, := f(S,sz,) is a martingale, we
know that

[ () = E' Mol = E*[My] = E*[f (Snnz,)]
= E*[f (S — E*[f (Sp); Ta < n] + E*[F(S7,);Ta < nl.

Using Lemma 2.4.3, we can see that for all x, y,
lim [E*[f(S,)] — E'[f(S)]l = 0.
n—oo
Therefore,
[F () —fOI < 20flloo [P*{Ta < 00} +P'{T4 < o0}l

Let U = {z € Z% : P*{T4 = oo} > 1 — €}. Since P*{T4 = oo} > 0 for some
x, one can see (Exercise 4.1) that U, is nonempty for each € € (0, 1). Then,

F@) —fOl <4€lflloc.  xy€ U
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Hence, there is a b such that
[f &) — bl <4elflloos x € Ue.

Let pe be the minimum of T4 and the smallest n such that S,, € U.. Then for
every x € Z4, the optional sampling theorem implies that

F ) =Ef(Sp)] = E[F(S7,);Ta < pel + E'[f (Sp);Ta > pel.

(Here, we use the fact that P*{t4 A pe < 0o} = 1 which can be verified easily.)
By the dominated convergence theorem,

lim B[ (Sz,): Ta < pel = E'[F(Sz,):Ta < ool
€—
Also,
B (Sp);Ta > pel — bP(za > pel| < dellf lloo P {za > e,
and since p. — oo as € — 0,
lim E*[f (S, );Ta > pel = bP {14 = 00}.
e—0
This gives (6.5). ]

Remark We can think of (6.5) as a generalization of (6.3) where we have
added a boundary point at infinity. The constant b in the last proposition is the
boundary value at infinity and can be written as F (co). The fact that there is a
single boundary value at infinity is closely related to Proposition 6.1.2.

Definition If p € P; and A C 74, then the Poisson kernel is the function
H :A x A — [0, 1] defined by

Hy(x,y) = P¥{Ta < 0058z, = y}.
As a slight abuse of notation we will also write
Hyp(x,00) = P*{T4 = oo}
Note that

Z Ha(x,y) = P*{T4 < oo}

y€e0A
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For fixed y € 9A, f (x) = Ha(x, y) is a function on A that is harmonic on A and
equals §(- — y) on 0A. If p is recurrent, there is a unique such function. If p is
transient, f is the unique such function that tends to O as x tends to infinity. We
can write (6.3) as

) =EF Szl = ) Ha(x,y) F(y), (6.6)

yeoA

and (6.5) as

f) =E'[F(Sg,);Ta <00l +bP(Ta =00} = Y Halx,)) F(y),
yedAU{oo}

where F'(00) = b. The expression (6.6) is a random walk analogue of (6.4).

Proposition 6.2.3 Suppose that p € Py and A g 7. Letg : A — Rbea
function with finite support. Then, the function

Ta—1
[ =) Gax,y)g) =E| > 2 |,
yeA j=0

is the unique bounded function on A that vanishes on dA and satisfies
Lf(x) = —gkx), x€A. 6.7)
Proof Since g has finite support,

F@)] <D Galx.y) 1g)] < oo,

yeA

and hence f is bounded. We have already noted in Lemma 4.6.1 that f satisfies
(6.7). Now suppose that f is a bounded function vanishing on 0A satisfying
(6.7). Then, Proposition 6.1.1 implies that

nATA—1

My :=fSuz)+ Y, 85,

=0
is a martingale. Note that |M,| < ||f |loc + Y where

Ta—1

Y= lgSpl
j=0
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and that

E'[Y] =) Ga(x,y) g < oo.
y

Hence, M), is dominated by an integrable random variable and we can use the
optional sampling theorem (Theorem A.2.3) to conclude that

Ta—1
f0) =E Mol =E*[Me,] =E* | ) g(5))
j=0
U

Remark Suppose that A C Z? is finite with #(4) = m. Then G4 =
[Ga(x,¥)]xyea is an m X m symmetric matrix with nonnegative entries. Let
LA = [LA(x,¥)]xyea be the m x m symmetric matrix defined by

[’A(x’y):p(x’y)’ x#)’, EA(X,X)=p(X,x)—1.

If g : A — Rand x € A, then £LAg(x) is the same as Lg(x) where g is
extended to A by setting g = 0 on dA. The last proposition can be rephrased as
LA[Gag] = —g, or in other words, G4 = —(£A)~ 1.

Corollary 6.2.4 Suppose thatp € Py and A C Z¢ is finite. Letg : A — R, F :
0A — R be given. Then, the function

Ta—1
f) =EFSE)I+E | Y g(S)

J=0

=Y Hix)F@+ ) Galx,) g0, (6.8)

Z€0A yeA
is the unique function on A that satisfies

Lf(x) =—gkx), xeA.
fx) =F(kx), xeodA.
In particular, forany f : A — R,x € A,

Ta—1

fE =EU SOl —B | Y LFS) |- (6.9)

j=0
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Proof Use the fact that h(x) := f(x) — E*[F(Sz,)] satisfies the assumptions
in the previous proposition. (]

Corollary 6.2.5 Suppose that p € Py and A C 74 is finite. Then

f) =ETal =) Galx,y)

yeA
is the unique bounded function f : A — R that vanishes on dA and satisfies
Lf(x)=—1, xeA.

Proof This is Proposition 6.2.3 with g = 14. (]

Proposition 6.2.6 Let p, =Tp, = inf{j > 0:|S;| > n}. Then if p € Py with
range R and |x| < n,

[n? — |x]*] < (&T) E*[p,] < [(n + R)* — |x[*].

Proof In Exercise 1.4 it was shown that M; =: |S]~Apn|2 —(Ww)G A pp)isa
martingale. Also, IE*[p,] < oo for each x, so M; is dominated by the integrable
random variable (n + R)? + (trT) pn. Hence,

Ix|? = E¥[Mo] = E*[M,, ] = EX[|S,, 1*] — (trT) E*[p,].

Moreover, n < |S,,| < (n+ R). O

6.3 Difference estimates and Harnack inequality

In the next two sections we will prove useful results about random walk and
harmonic functions. The main tools in the proofs are the optional sampling
theorem and the estimates for the Green’s function and the potential kernel.
The basic idea in many of the proofs is to define a martingale in terms of the
Green’s function or potential kernel and then to stop it at a region at which that
function is approximately constant. We recall that

B,=1{zeZ: |zl <n}, Ci={z€Z: T <n).
Also, there is a § > 0 such that

Csn C B, C Cn/(s.
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We set
&r=1tc,=min{j > 1:5;¢C,}, & =13, =min{j>1:S;&B,}.

As the next proposition points out, the Green’s function and potential kernel
are almost constant on 9C,. We recall that Theorems 4.3.1 and 4.4.4 imply that
as x — oo,

G (L
G = 2t +0 (|x|d)’ d=3, (6.10)

1
ax) =G logJ(x)+yz+0<W). (6.11)

Here C, = [m +/det I‘]_1 and y» = C+ & logﬁ where C is as in
Theorem 4.4 .4.

Proposition 6.3.1 Ifp € P;,d > 2 then for x € 3C, U 3;C,,
C
Gk = —5 +0m'™), d=3,
n
ax) =Cy logn+y+0n™"), d=2,

where Cg, Ca, y» are as (6.10) and (6.11).

Proof This follows immediately from (6.10) and (6.11) and the estimate
Jx)=n+01), xe€dC,VU?aC,.
Note that the error term O(n!~?) comes from the estimates

m+oMP> 4=+ 0n'"", logn+01)]=logn+0mn").
O

& Many of the arguments in this section use Cp, rather than B, because we
can then use Proposition 6.3.1. We recall that for simple random walk B, = Cp,.

& Proposition 6.3.1 requires the walk to have bounded increments. If the
walk does not have bounded increments, then many of the arguments in this
chapter still hold. However, one needs to worry about “overshoot” estimates, i.e.
giving upper bounds for the probability that the first visit of a random walk to the
complement of Cp, is far from Cp. These kinds of estimates can be done in a
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spirit similar to Lemmas 5.1.9 and 5.1.10, but they complicate the arguments.
For this reason, we restrict our attention to walks with bounded increments.

& Proposition 6.3.1 gives the estimates for the Green’s function or potential
kernel on aCp. In order to prove these estimates, it suffices for the error terms in
(6.10) and (6.11) to be O(|x|'~9) rather than O(|x|~9). For this reason, many
of the ideas in this section extend to random walks with bounded increments
that are not necessarily symmetric (see Theorems 4.3.5 and 4.4.6). However,
in this case we would need to deal with the Green’s functions for the reversed
walk as well as the Green’s functions for the forward walk, and this compli-
cates the notation in the arguments. For this reason, we restrict our attention to
symmetric walks.

Proposition 6.3.2 Ifp € Py,
Ca 1—-d
Gc,(0,0) =G(0,0) - —— + 0 ), d=3,
n
Ge,(0,0) = Cy logn+y, +0(m™), d=2. (6.12)

where Cg, > are as defined in Proposition 6.3.1.

Proof Applying Proposition 4.6.2 at x =y = 0 gives

Gc,(0,0) = G(0,0) — E[G(S,,0)], d =3,
Gc,(0,0) = E[a(Sy,,0)], d=2.

We now apply Proposition 6.3.1. ]

& It follows from Proposition 6.3.2 that
Gp,(0,0) = G(0,0) + O(n®>~9), d =3,
ag,(0,0) = Cologn+ O(1), d=2.

It can be shown that G, (0,0) = G(0,0) — Cyn*~? + o(n'~9), ag, (0,0) =
Cologn + 75 + O(n~1) where Cd, 7o are different from Cgy, y» but we will not
need this in the sequel, hence we omit the argument.

We will now prove difference estimates and a Harnack inequality for har-
monic functions. There are different possible approaches to proving these
results. One would be to use the result for Brownian motion and approximate.
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We will use a different approach where we start with the known difference esti-
mates for the Green’s function G and the potential kernel @ and work from there.
We begin by proving a difference estimate for G4. We then use this to prove a
result on probabilities that is closely related to the gambler’s ruin estimate for
one-dimensional walks.

Lemma 6.3.3 Ifp € P;,d > 2, then for every e > 0, r < 00, there is a ¢ such
that if By CA G 74, then for every |x| > en and every |y| <,

|GA(0,X) - GAQ’,X” =< ﬁ
n

c

12Ga(0,x) — Ga(y,x) — Ga(=y,0)| = i
Proof 1t suffices to prove the result for finite A for we can approximate any
A by finite sets (see Exercise 4.7). Assume that x € A, for otherwise the

result is trivial. By symmetry G4(0,x) = Ga(x,0),Ga(y,x) = Ga(x,y). By
Proposition 4.6.2,

Ga(x,0) = Ga(x,) = G(x,0) = G(x,y) — Y Ha(x,2) [G(z,0) — G(z, )],

z€0A
d >3,
Ga(x,y) — Ga(x,0) = a(x,0) —a(x,y) — Z Hp(x,2) [a(z,0) — a(z, )],
Z€EJA
d=2.

There are similar expressions for the second differences. The difference esti-
mates for the Green’s function and the potential kernel (Corollaries 4.3.3 and
4.4.5) give, provided that |y| < r and |z| > (¢/2) n,

IG(2) =G+ <cen'™, 26z) =Gz +y) -Gz —y)| <cen™@

ford > 3 and

1

la@z) —aGz+y)| <cen”', 2a@z) —aGz+y) —az —y)| < cen”?

ford = 2. O

The next lemma is very closely related to the one-dimensional gambler’s ruin
estimate. This lemma is particularly useful for x on or near the boundary of C,,.
For x in C, \ C, that are away from the boundary, there are sharper estimates.
See Propositions 6.4.1 and 6.4.2.
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Lemma 6.3.4 Suppose that p € Py,d > 2. There exist c1, ca such that for all
n sufficiently large and all x € C_n \ Cn/2,

PX{S‘[C”\C € Cn/Z} = Cq n_l, (6.13)

n/2

and if x € 3C,,

P(See,c.,, € Cnp2} <con™ . (6.14)

n/2
Proof We will do the proof for d > 3; the proof for d = 2 is almost identical,
replacing the Green’s function with the potential kernel. It follows from (6.10)
that there exist r, ¢ such that for all n sufficiently large and ally € C,,—,,z € 9Cp,

G(y) —G(z) = en' 4. (6.15)

By choosing n sufficiently large, we can assure that 9;C/2 N Cpy4 = 9.
Suppose thatx € C,—, and let T = 1¢,\¢, 1»- Applying the optional sampling
theorem to the bounded martingale G(Sjar), we see that

G() = E'[G(S7)] < E'[G(S1); ST € Cup2] + max G(2).

Therefore, (6.15) implies that
EX[G(S1): St € Capal = cn' ™.
For n sufficiently large, St ¢ C,/4 and hence (6.10) gives
E*[G(S1): St € Cupal < cn® ™ P{re,c, < T, )-

This establishes (6.13) for x € C,—,.

To prove (6.13) for other x we note the following fact that holds for any
p € Py;: there is an € > 0 such that for all [x| > r, there is a y with p(y) > €
and J(x +y) < J(x) — €. It follows that there is a § > 0 such that for all n
sufficiently large and all x € C,, there is probability at least § that a random
walk starting at x reaches C,_, before leaving C,,.

Since our random walk has a finite range, it suffices to prove (6.14) for
x € Cy \ Cy—y, and any finite r. For such x,

Gx) =Cyn* 4 +om' 9.
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Also,
E*[G(S7) | St € Cupal = Ca 272~ 1 0!,
E'[G(S1) | S7 € 3C] = Cqn*~* +0(n' ™).
The optional sampling theorem gives

G(x) = E'[G(S7)] = P{ST € Cap2} E'[G(ST) | ST € Cp2]
+ P*{Sr € 0C,} E[G(S7) | ST € 9Cyl.

The left-hand side equals C; n”~¢ + O(n'~?) and the right-hand side equals
Can* 40"~ + 12772 — 11n* I PY(ST € Cypa).
Therefore, P*{St € Cpp2} = omn™h. O

Proposition 6.3.5 Ifp € P; and x € Cp,
Ge, 0.0 = Cy [T@* ™ = n*] +0(x'™), d =3,
G, (0,0) = C2 [logn —log J ()] + O(x| ™)), d =2.

In particular, for every 0 < € < 1/2, there exist c1,cy such that for all n
sufficiently large,
2—d 2—d _
cn = GCn(y’x) <cn > Y € Cen, X € 0iCoen U 3Caep.
Proof Symmetry and Lemma 4.6.2 tell us that

Ge,(0,x) = G, (x,0) = G(x,0) — E'[G(See, )], d =3,
Ge,(0,x) = Gg, (x,0) = E'[a(Se, )] —alx), d=2. (6.16)

Also, (6.10) and (6.11) give

Gx)=Ca T +0(x™), d=3,
ax) = G loglT )+ v + 0(x|7%), d=2,

and Proposition 6.3.1 implies that
X Ca 1-d
E'[G(Se,)] = —5 +0m' ™), d =3,
n

E'la(Sr, )] = C2 logn+ 2+ 0(m™"), d=2.



158 Potential theory

Since |x| < c¢n, we can write O(|x|~%) + O0(n'~%) < O(|x|'~9). To get the
final assertion we use the estimate

GC(lfg)n (O,X - }’) = Gcn (y7x) = GC(1+€)n(0’x - y)
]

We now focus on Hg, , the distribution of the first visit of a random walker
to the complement of C,,. Our first lemma uses the last-exit decomposition.

Lemma 6.3.6 Ifpc P;,,xc BCA ; 74,y € 3A,

Hy(x,y) =Y Galx,2) P*{Sq, 5 = 3}

zeB

=Y Gae.X) P'{Sp,, =2}

zeB

In particular,

Ho(6,y) = ) Ga(r,2)p,y) = ) Galx,2)p(a, ).

z€A 7€0;A

Proof In the first display the first equality follows immediately from Proposi-
tion 4.6.4, and the second equality uses the symmetry of p. The second display
is the particular case B = A. ([

Lemma 6.3.7 Ifp € Py, there exist c1, ca such that for all n sufficiently large
and all x € Cyja,y € 9C,,
e

c1
——— < Hg,(x,y) < ——.
-1 G B ) = g

& We think of Cp as a (d — 1)-dimensional subset of 79 that contains on
the order of nd-1 points. This lemma states that the hitting measure is mutu-
ally absolutely continuous with respect to the uniform measure on aCp (with a
constant independent of n).

Proof By the previous lemma,

He,(x,y) = Y Ge,(z.x) P*{Ste,nc,, = 2)-

ZEC,,/Z
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Using Proposition 6.3.5 we see that for z € 9,C,,/2,x € Cn4, Gg, (2, X) < nd,
Also, Lemma 6.3.4 implies that
-1
Z Py{STC,,\C,,/Z = Z} n .
ZEC,,/Z
O

Theorem 6.3.8 (difference estimates) If p € P, and r < 00, there exists ¢
such that the following holds for every n sufficiently large.

e Ifg : B, — R is harmonic in B, and |y| < r,

IVyg(0)] < cliglloon™, (6.17)
V780 < cligloon™. (6.18)

o Iff: En — [0, 00) is harmonic in B, and |y| < r, then

IV, (0)] < cf(O)yn !, (6.19)
IVIF (O] < cf(0)n 2. (6.20)

Proof Choose € > 0 such that Cy¢,, C B,. Choose n sufficiently large so that
B, C C(ej2yn and 8;Coen NCep = 9. Let H (x, z) = Hg,,, (x,z). Then for |x] < r,

g = Y Hx2g@),

Z€3C2€n

and similarly for . Hence, to prove the theorem, it suffices to establish (6.19)
and (6.20) for f(x) = H(x,z) (with ¢ independent of n,z). Let p = pye =
Ty \Cen- BY Lemma 6.3.6, if x € C(e/2)n

f@= Y Ge,, wx)P{S, =w}.

weaicen

Lemma 6.3.7 shows that f (x) =< n'~? and in particular that

f@) <cf(w), Z,Ww € C(e/Z)n~ (6.21)

There is a § > 0 such that for n sufficiently large, |w| > dn for w € 9;,Cep.
The estimates (6.19) and (6.20) now follow from Lemma 6.3.3 and Lemma
6.3.4. O
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Theorem 6.3.9 (Harnack inequality) Suppose that p € Py, U C RY is
open and connected, and K is a compact subset of U. Then there exist
¢ =c(K,U,p) < oo and positive integer N = N (K, U, p) such that ifn > N,

Unz{erd:rfler}, Kn:{erd:nflxeK},
andf:m—> [0, 00) is harmonic in U, then

f@) <cf®, xyek,

& This is the discrete analogue of the Harnack principle for positive harmonic
functions in R9. Suppose that K ¢ U c R? where K is compact and U is open.
Then there exists ¢(K, U) < oo such that if f : U — (0, o0) is harmonic, then

f(x) <cK,U)fly), x,yeK.

Proof Without loss of generality we will assume that U is bounded. In (6.21)
we showed that there exists § > 0, ¢y < oo such that

fx) <cof(y) if |x—y| <8dist(x,dU,). (6.22)

Let us call two points z, w in U adjacent if |z — w| < (§/4) max{dist(z,9U),
dist(w, dU)}. Let p denote the graph distance associated to this adjacency, i.e.
p(z,w) is the minimum & such that there exists a sequence z = z9,21,...,2% =
w of points in U such that z; is adjacent to zj_1 forj = 1,..., k. Fixz € U, and
let Vi ={weU:piw) <kl,Voy =xeZ :n"'xeV}.Fork > 1,V
is open, and the connectedness of U implies that UV} = U. For n sufficiently
large, if x,y € V,, there is a sequence of points x = xg,x1,...,xX = y in
Vi such that |x; — xj_1| < (6/2) max{dist(x;, dU), dist(x;_1, dU)}. Repeated
application of (6.22) gives f(x) < cé f (). Compactness of K implies that
K C Vj for some finite k, and hence K, C V. O

6.4 Further estimates

In this section we will collect some more facts about random walks in Py
restricted to the set C,. The first three propositions are similar to Lemma 6.3.4.

Proposition 6.4.1 Ifp € P, m <n, T = 1¢,\c,,, then for x € Cy, \ Cp,

m’

log J (x) —logm + O(m™")

P(ST € 3G} = logn — logm
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Proof Let g = P*{St € 9C,}. The optional sampling theorem applied to the
bounded martingale M; = a(S;.t) gives

a(x) = E*a(Sr)] = (1 — @) E*[a(S7) | St € 9;Ci]
+ qE*[a(S7) | ST € 9Cy].

From (6.11) and Proposition 6.3.1 we know that

a(x) = C3 log J(x) + 2 + O(1x|72),
E*[a(ST) | ST € 3;Cn] = C2 logm + y2 + O(m™ "),
E*[a(S7) | ST € 0C,] = Ca logn + y» + O(n™ ).

Solving for g gives the result. U

Proposition 6.4.2 Ifp € Py.d = 3, T = tz4\¢,, then for x € Z4\ Cy,

d-2
PHT < o0} = <%) [1 + O(m_l)] i

Proof  Since G(y) is a bounded harmonic function on 774\, with G(00) = 0,
(6.5) gives

G(x) =FE [GST);T < o00] =PYT < oo} EY[G(ST) | T < o0].
But (6.10) gives
Gx) = Cy T4 14+ 0(x|7 )],

EX[G(ST) | T < 00l = Cgm*™ [1 +0(m™)].

Proposition 6.4.3 Ifp € Py, n > 0, and T = t¢,\(0), then for x € Cy,

~1
W{ST=0}=[1—1°gj(x)+0(|x| )} [1+0< : )}
logn logn

Proof Recall that P*{St = 0} = G¢,(x,0)/Gc,(0,0). The estimate then
follows immediately from Propositions 6.3.2 and 6.3.5. The O(lx|™1) term
is superfluous except for x very close to 9C,. ]
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Suppose that m < n/2,x € Cp,z € 3C,. By applying Theorem 6.3.8 O(m)
times we can see that (for n sufficiently large)

m
He, (x,2) = P*(Ss, = z) = He, (0,2) [1 +0 (;)] . (6.23)
We will use this in the next two propositions to estimate some conditional

probabilities.

Proposition 6.4.4 Suppose thatp € Py,d >3, m < n/4, and C, \ C,, CA C
Cp. Suppose that x € Cop with P*{S;, € 0C,} > 0 and z € 3Cy. Then for n
sufficiently large,

m
n

P¥{Sy, =z | Ss, € 9Cu} = He, (0.2) [1 + 0( )] (6.24)

Proof 1t is easy to check (using optional stopping) that it suffices to verify
(6.24) for x € 3Cy,,. Note that (6.23) gives

PY(Se, =2} = He, 0.9) [1+0(%)].
and since A \ 9Cy C Con,
PY(Se, =2 | Sy, # 9C,) = He, 0.2) [1+0(=)].
This implies that
PY(Se, = 2: Sy, # 90} = P(Sy, & 9C} He, (0.2) [1+0(Z)].

The last estimate, combined with (6.24), yields

P¥{Sg, = 2;Sr, € 0y} = P{Sq, € 3Cy} He, (0,2) + He, (0.2) O (%)
Using Proposition 6.4.2, we can see there is a ¢ such that

P*(S;, € 3C,} = P*{(S; & Cpy forallj} > ¢, x € 0Cap,
which allows us to write the preceding expression as

m
n

P¥(Se, = 21, € 8Cy) = P(Sq, € 0Cy} He, (0,2) [1 n 0( )]
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For d = 2 we get a similar result but with a slightly larger error term.

Proposition 6.4.5 Suppose that p € Py, m < nf4, and C, \ Cpy C A C Cp.
Suppose that x € Cpy with P*{S;, € 9C,} > 0 and z € 9C,. Then, for n
sufficiently large,

P¥(Sy, =z | Se, € 3Cy} = He, (0,2) [1 +0 (M)} (6.25)

Proof The proof is essentially the same, except for the last step, where
Proposition 6.4.1 gives us

x € Cop,

c
P{S;, € 3Cy} = W’

so that

m
n

He, (0,2) 0( )

can be written as

P*(S;, € 3Cy} He, (0,2) O (M) .
0

The next proposition is a stronger version of Proposition 6.2.2. Here we show
that the boundedness assumption of that proposition can be replaced with an
assumption of sublinearity.

Proposition 6.4.6 Suppose thatp € Py,d > 3 and A C Z¢ with 74 \ A finite.
Suppose that f : Z¢ — R is harmonic on A and satisfies f (x) = o(|x|) as
x — 00. Then there exists b € R such that for all x,

F@) =E*[f(Sz,);Ta < 00] + bP*{T4 = o0}.

Proof Without loss of generality, we may assume that O ¢ A. Also, we may
assume that f = 0 on Z¢ \ A; otherwise, we can consider

@) =f(x) = E¥[f(Sz,); Ta < o0l

The assumptions imply that there is a sequence of real numbers €, decreasing
to 0 such that |[f (x)| < ¢, nforall x € C, and hence

&) —fO)I < 2exn, x,y€dC,.
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Since Lf = 0 on A, (6.8) gives

0=/ =E[f(Sg)1— Y G, 0.0 Lf ), (6.26)

yeZd4\A
and since Z¢ \ A is finite, this implies that

Jim E[f (Sg,)] = b= Z G(0,y) Lf ().
yeZd4\A

If x € AN C,, the optional sampling theorem implies that
F ) = Ef Sryne)] = E*[f (Sg,)i ta > &nl
=P > EIEf (Se,) | Ta > &al.

For every w € 9C,,, we can write

E*[f (Sg,) | Ta > &1 — E[f (Sg,)]
= Y @[PS, = 2| 1a > &) — He, (0.2)]

z€dC,

= > f@ —f@)] [P{Ss, =z | T4 > &} — He, (0,2)].

z€dC,y,

For n large, apply >, ac, and divide by [dC,| the above identity, and note that
(6.24) now implies that

x|

BT (Se) | 7a > &al = B (S5)1] < e == o, If @) —=f )] < clxlen
(6.27)
Therefore,
fo) = lim P{za > &) Ef(S,) | Ta > &l
=PHza = oo} lim E[f(Sg,)] = bP*{za = oo}.
U

Proposition 6.4.7 Suppose that p € P> and A is a finite subset of 7? containing
the origin. Let T = Ty = Tz2\ 4, = min{j > 0: §; € A}. Then for each x € 7?
the limit

ga() = lim C; (logn) P*{§, < T} (6.28)
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exists. Moreover, if y € A,

ga(x) = alx —y) — E'la(St —y)1. (6.29)

Proof Ify e Aandx € C, \ A, the optional sampling theorem applied to the
bounded martingale M; = a(SjsrAg, — y) implies that
a(x —y) = E[a(Strg, — )]
=PH& < THE [a(Ss, — ) | &0 < T1+ E'[a(Sr — )]
- P& < TYE'[a(St —y) | & < T

Asn — o0,
E*[a(Se, —y) | & < T]1~ C3 logn.

Letting n — 0o, we obtain the result. O

Remark As mentioned before, it follows that the right-hand side of (6.29) is
the same for all y € A. Also, since there exists § such that Cs, C B, C Cpys we
can replace (6.28) with

ga(x) := lim C; (logn) P*{§,; < T}.

The astute reader will note that we already proved this proposition in
Proposition 4.6.3.

Proposition 6.4.8 Suppose that p € P, and A is a finite subset of Z*. Suppose
that f : 7Z* — R is harmonic on 7* \ A; vanishes on A; and satisfies f (x) =
o(|x]) as |x] — oo. Then f = b ga for some b € R.

Proof Without loss of generality, assume that 0 € A and let T = T4 be as in
the previous proposition. Using (6.8) and (6.12), we get

Elf (Se,)1 = Y _ Ge,(0.) Lf () = Ca logn Y LF () + O(1).

y€EA yeA

(Here and below, the error terms may depend on A.) As in the argument deducing
(6.27), we use (6.25) to see that

IE*(f (Stag,) | 60 < T1—E[f (Sg,)]l

|x| logn
sc——— sup [f() —f@)| =clx|e, logn,
n y,2€9Cy,
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and combining the last two estimates we get

J@) =Ef Srae)] =P < TYE'[f (Styng,) | 60 < T
= P&, < TYE[f (Sg)] + Ixlo(1)
=bga(x) +o(l),

where b=} 4 Lf (). O

6.5 Capacity, transient case

If A is a finite subset of Z9, we let
Ta =100 Ta=Tgan
rad(A) = sup{|x| : x € A}.
Ifp e Py, d = 3, define
Esa(x) = P{Ty = o0},  ga(x) = P*{Ta = o0}

Note that Es4(x) = 0if x € A\ 9;A. Furthermore, due to Proposition 6.4.6, g4
is the unique function on 74 that is zero on A; harmonic on Z4 \ A; and satisfies
ga(x) ~ 1 as |x| — oo. In particular, if x € A,

Lga(x) =) p() galx +y) = Esa(x).

)7
Definition If d > 3, the capacity of a finite set A is given by

cap(A) = ) Esa(x) = Y Esa@) =Y _ Lga(x) = Y Lga(2).

X€eA ZEQA X€EA Z€0;A

& The motivation for the above definition is given by the following property
(stated as the next proposition): as z — oo, the probability that a random walk
starting at z ever hits A is comparable to |z]2~9 cap(A).

Proposition 6.5.1 Ifp € P;,d > 3 and A C 7 is finite, then

_ Cycap(A) |:1 0 (rad(A)
J(x)d=2 |x]

P¥ (T4 < oo} )} x| > 2rad(A).
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Proof Thereis a § such that B, C C,/5 for all n. We will first prove the result
for x & Corad(a)/s- By the last-exit decomposition, Proposition 4.6.4,

PYTa < 00} = ) G(x,y) Bsa(y).

yeA

Fory e A, J(x —y) = J(x) + O(|y|). Therefore,

G(X,Y)=Cdj(x)2d+0( Iyl ) Cy |:1+0<rad(A))].

xd1) T T(d2 x|

This gives the result for x & Corad(a)/s- We can extend this to |x| > 2rad(A) by
using the Harnack inequality (Theorem 6.3.9) on the set

{z:2rad(4) < |z|; T (2) = (3/8) rad(A)}.

Note that for x in this set, rad(A)/|x| is of order 1, so it suffices to show that
there is a ¢ such that, for any two points x, z in this set,

PYT4 < oo} < cP*{T4 < o0).

O
Proposition 6.5.2 Ifp € P;,d > 3,
cap(Cy) = C; ' n? 72 + 0.
Proof By Proposition 4.6.4,
1 =P(Te, <oo}= Y G0,y Esc,),
y€3;Cy
But for y € 9;C,, Proposition 6.3.1 gives
G(0,y) = Can* " [1 + 0 ).
Hence,
1 = Cyn®? cap(Cy) [1 n 0(n—1)] .
O
Let

Tan=Tang=inf{j>1:8;e€AorS; &Cy}.
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IfxeAccC,,

PYTp > &} = Z PX{STAJ, =y} = Z Py{STA,n = x}.

yedCy yedC,

The last equation uses symmetry of the walk. As a consequence,

DPHTA>E) =) Y Sy, =xi= ) PTa<&) (630)

x€A x€A yedCy yedCy

Therefore,

cap(4) = Y Esa(x) = lim Y PYTy > &) = lim > P'{T4 < &).
x€A e x€A e yedCy
(6.31)

& The identities (6.30)—(6.31) relate, for a given finite set A, the probability
that a random walker started uniformly in A “escapes” A and the probability that
a random walker started uniformly on the boundary of a large ellipse (far away
from A) ever hits A. Formally, every path from A to infinity can also be considered
as a path from infinity to A by reversal. This correspondence is manifested again
in Proposition 6.5.4.

Proposition 6.5.3 Ifp € Py,d > 3, and A, B are finite subsets of Z¢, then
cap(A U B) < cap(A) + cap(B) — cap(A N B).
Proof Choose n such that AU B C C,. Then, fory € 3C,,

P {Taup < &} =P{Ta < & or Tp < &)
=PTy <&} +P(Tp < &) —P (T4 <&,,Tp <&}
<PTx < En) + PY{Tp < &} — P{Tunp < &nl.

The proposition then follows from (6.31). (]

Definition If p € P;,d > 3,and A C 74 is finite, the harmonic measure of A
(from infinity) is defined by
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Note that hmy is a probability measure supported on 9;A. As the next propo-
sition shows, it can be considered as the hitting measure of A by a random walk
“started at infinity conditioned to hit A”.

Proposition 6.5.4 Ifp € P;,d >3, and A C 74 is finite, then for x € A,

hmy(x) = lim PY{S7, = x | Ty < oo}.
[yl—>00

In fact, if A C Cyp and 'y & C,, then

PY{Sy, = x | Ta < 00} = hm(x) [1 +0 (raTy(r‘))} . (6.32)

Proof 1fA C C,andy ¢ C,, the last-exit decomposition (Proposition 4.6.4)
gives

PY{Sy, =x} = > Gza\a(-2) P{St,, =1},
z€dCy,

where, as before, T4 , = T4 A &,. By symmetry and (6.24),

HDZ{STA,n =x} = PX{STA’H =z} = Px{é,, < TA}ch 0,2) |:1 +0 (radn(A)>:|

— Esa(v) H, (0,2) [1 +0 (radlfA))] .

The last equality uses

d-2
Ess(x) = P*{Ty = 00} = P*{Ty > &) [1 +0 (%)} ,

which follows from Proposition 6.4.2. Therefore,

P¥(Sy, = x} = Esx(x) [1 +o <radn(A)ﬂ 3" Guaa(.2) He, (0,2),

z€0C,,

and by summing over x,

P'{Ty < oo} = cap(4) [1 +0 (radn(A))] > G52 He, 0,2).
z€dCy,

We obtain (6.32) by dividing the last two expressions. U
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Proposition 6.5.5 Ifp € P;,d > 3, and A C 74 is finite, then
cap(4) = sup ) _f (x). (6.33)
xeA
where the supremum is over all functions f > 0 supported on A such that

Gfy =) Gur0f® =) Grxfk) <1

xeZ4 Xx€A

forally € 74,

Proof Let f (x) = Es4(x). Note that Proposition 4.6.4 implies that fory € 74,

1>PY{Ty < oo} = ZG(y,x) Esa (x).

X€EA

Hence, Gf < 1 and the supremum in (6.33) is at least as large as cap(A). Note
also that Gf is the unique bounded function on Z¢ that is harmonic on Z¢ \ A;
equals 1 on A; and approaches O at infinity. Suppose that f > 0, f = 0 on
Z2\ A, with Gf (y) < 1forall y € Z¢. Then Gf is the unique bounded function
on Z¢ that is harmonic on Z¢ \ A; equals Gf < 1 on A; and approaches zero
at infinity. By the maximum principle, Gf (y) < Gf (y) for all y. In particular,
G(f — f) is harmonic on Z? \ A, is nonnegative on Z¢, and approaches zero at
infinity. We need to show that

Y rw > fw).

x€A xeA

Ifx,y € A, let
Ka(x,y) = P*{St, = y}.

Note that K4 (x,y) = Ka(y,x) and

> Kax.y) =1 —Ess(x).

yeA

If & is a bounded function on Z¢ that is harmonic on Z¢ \ A and has h(oco0) = 0,
then h(z) = E[h(STA); Ta < 00], z € Z4. Using this, one can easily check that
forx € A,

Lhx) = | Y Ka@.y) h(y) | = h).

yEA
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Also, if h > 0,
DD Kaenh) =) h(») Y Ka(y,x)
xeA yeA yeA xeA
=Y h() 1 —Esa()] < Y hQy),
yeA yeA

which implies that

> Lh(x) =) Lh(x) <0.

xeZd x€A

Then, using (4.25),

Y F@ ==Y LGN < =Y LIGAw = Y LIGT —)]k)

X€A X€A X€A X€A

= ZESA(X).

xeA O

Our definition of capacity depends on the random walk p. The next propo-
sition shows that capacities for different p’s in the same dimension are
comparable.

Proposition 6.5.6 Suppose that p,q € Pq,d > 3 and let cap,, cap, denote the
corresponding capacities. Then, there is a § = §(p,q) > 0 such that for all
finite A C 74,

8 cap,(A) < cap,(A) < 8" cap,(A).
Proof It follows from Theorem 4.3.1 that there exists § such that

8 Gp(x,y) < Gylx,y) < 87 Gy(x,y),

for all x, y. The proposition then follows from Proposition 6.5.5. (]

Definition If p € P;,d > 3,and A C 74 then A is transient if
P{S, € Ai.o.} =0.

Otherwise, the set is called recurrent.
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Lemma 6.5.7 Ifp € Py,d > 3, then a subset A of Z@ is recurrent if and only
if for every x € 7,

PY(S, € Aio) = 1.

Proof The if direction of the statement is trivial. To show the only if direction,
let F(y) = P¥{S,, € Ai.0.}, and note that F' is a bounded harmonic function on
74, so it must be constant by Proposition 6.1.2. Now, if F(y) > € > 0,y € 74,
then for each x there is an N, such that

P*{S, € A for some n < Ny} > ¢/2.
By iterating this we can see for all x,
P*{S, € A for some n < oo} =1,

and the lemma follows easily. (]

& Alternatively, {Sp € Ai.o.} is an exchangeable event with respect to
the independent, identically distributed steps of the random walk, and therefore
PX(Sp € Ai.o) € {0,1}.

Clearly, all finite sets are transient; in fact, finite unions of transient sets are
transient. If A is a subset such that

ZG(x) < 00, (6.34)

xX€A

then A is transient. To see this, let S,, be a random walk starting at the origin
and let V denote the number of visits to A,

]

Va= ) 1{S, € A}.

J=0

Then (6.34) implies that E[V4] < oo which implies that P{V4 < oo} = 1. In
Exercise 6.3, it is shown that the converse is not true, i.e. there exist transient
sets A with E[V4] = oo.
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Lemma 6.5.8 Suppose thatp € Py,d > 3, and A C Z%. Then A is transient if
and only if

o0
> PTF < 00} < o, (6.35)
k=1

where T* = Ty, and Ay = AN (Cyr \ Coi—1).

Proof Let Ej be the event {T¥ < oo}. Since the random walk is transient,
A is transient if and only if P{E} i.0.} = 0. Hence the Borel-Cantelli lemma
implies that any A satisfying (6.35) is transient.

Suppose that

(e.¢]
Z]P’{Tk < 00} = 00.
k=1

Then either the sum over even k or the sum over odd k is infinite. We will
assume the former; the argument if the latter holds is almost identical. Let
Biy =AcN{GE....z%) izt > 0yand By - = Ay N {(Z',...,2%) : 2! <O}
Since P{T? < oo} < P{Tp,,, < oo} + P{Tp, _ < 0o}, we know that either

o
> P(Ts,,, < oo} = o, (6.36)
k=1

or the same equality with By, _ replacing By 4. We will assume that (6.36)
holds and write oy = Tp,, . An application of the Harnack inequality (we
leave the details as Exercise 6.11) shows that there is a ¢ such that for
allj #k,

Ploj < 00| 0j Ao = o) < 00} < cPP{oj < oo}
This implies that
P{oj < 00,01 < 00} < 2cP{oj < oo} Ploy < o0}.

Using this and a special form of the Borel-Cantelli lemma (Corollary A.6.2)
we can see that

P{oj < c0i.0.} > 0,

which implies that A is not transient. t
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Corollary 6.5.9 (Wiener’s test) Suppose thatp € Py,d > 3, and A C 74,
then A is transient if and only if

o0
> 2Dk cap(Ay) < oo (6.37)
k=1

where Ay = A N (Cox \ Cok-1). In particular, if A is transient for some p € Py,
then it is transient for all p € P.

Proof Due to Proposition 6.5.1, we have that P{T* < 00} x 2@—dk cap(Ag).
|

Theorem 6.5.10 Suppose thatd > 3, p € Py, and S, is a p-walk. Let A be the
set of points visited by the random walk,

A=5[0,00) =1{S,:n=0,1,...}.

If d = 3,4, then with probability one A is a recurrent set. If d > 5, then with
probability one A is a transient set.

Proof Since a set is transient if and only if all its translates are transient, we
see that for each n, A is recurrent if and only if the set

{Spn—S, m=nn+1,...}

isrecurrent. Hence the event {A is recurrent} is a tail event, and the Kolmogorov
0-1 law now implies that it has the probability zero or one.

Let Y denote the random variable that equals the expected number of visits
to A by an independent random walker S,, starting at the origin. In other words,

Y= Gw=)Y l{xeAlGx.

xe€A xeZ4

Then,

E(Y) = Z P{x € A} G(x) = G(0)~! Z G(x)>.

xeZ4 xeZ4

Since G(x) =< |x|>~¢, we have G(x)*> =< |x|*~2¢. By examining the sum, we
see that E(Y) = oo ford = 3,4 and E(Y) < coford > 5. Ifd > 5,
this gives Y < oo with probability one which implies that A is transient with
probability one.
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We now focus on d = 4 (it is easy to see that if the result holds for d = 4,
then it also holds for d = 3). It suffices to show that [P{A is recurrent} > 0. Let
S1,52 be independent random walks with increment distribution p starting at
the origin, and let

a,{ = min{n : S{, & Coi}.
Let

Vi = [Cy \ Cp 1N 800,07, )

= {x € Cy \ Cok-1 : Sy = x for some n < oi+1}.

Let E; be the event {V,' N V? # #}. We will show that P{Ej i.0.} > 0 which

will imply that with positive probability, {S,l :n=0,1,...}is recurrent. Using
Corollary A.6.2, one can see that it suffices to show that

> P(Ex) = oo, (6.38)
k=1

and that there exists a constant ¢ < oo such that for m < k,
P(E3m N E3i) < cP(E3p) P(E3). (6.39)

The event E3,, depends only on the values of S{, with ogm_l <n< crém i1
Hence, the Harnack inequality implies that P(E3; | E3;,) < ¢ P(E3;) so (6.39)
holds. To prove (6.38), let Jj (k, x) denote the indicator function of the event
that S}, = x for some n < o‘,i Then,

Zi = #VINVE) = Z Ik, x) % (k, x).

X€C \Coi—1
There exist c1, ¢z such thatif x,y € Cyx \ Cox—1 (recall d — 2 = 2),

E[ (k,x)] > ¢1 (272,
B[ (k, x) J (k, )1 < ¢2 @972 [1 + |x — y[172%

(The latter inequality is obtained by noting that the probability that a random
walker hits both x and y given that it hits at least one of them is®ounded above
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by the probability that a random walker starting at the origin visits y — x.)
Therefore,

ElZ)= Y, EU'kWIEVknlzc Y @H =

x€Cy \Cor—1 x€Co \Cpr—1
EZZl= Y.  EU'(kx)J'k)IE Kk x) T (k,y)]
%.Y€C,3 \Cpr—-1
1
<c o) R L — 1
sc 2 g s
Xy€CH\Cok—1

where for the last inequality, note that there are O(2*) points in Cor \ Cyi-1, and
that for x € Cpr \Cpr—1 there are O(£3) points y € Cy \Cor—1 at distance £ from x.
The second moment estimate, Lemma A.6.1 now implies that P{Z; > 0} > c/k,
hence (6.38) holds. O

& The CLT implies that the number of points in Bp visited by a random
walk is of order n?. Roughly speaking, we can say that a random walk path is a
“two-dimensional” set. Asking whether or not this is recurrent is asking whether
or not two random two-dimensional sets intersect. Using the example of planes
in R, one can guess that the critical dimension is four.

6.6 Capacity in two dimensions

The theory of capacity in two dimensions is somewhat similar to that ford > 3,
but there are significant differences due to the fact that the random walk is
recurrent. We start by recalling a few facts from Propositions 6.4.7 and 6.4.8.
Ifp e Prand 0 € A C Z? is finite, let

8a(0) = a() = E'a(S7,)] = lim C; (logn) P*{§, < Ta). (6.40)

The function g4 is the unique function on 72 that vanishes on A, is harmonic
on Z?\ A, and satisfies g4 (x) ~ C» log J(x) ~ Cy log x| asx — o0.If y € A,
we can also write

ga(x) = alx —y) — E'a(Sz, — y)].

To simplify notation, we will mostly assume that 0 € A, and then a(x) — g4 (x) is
the unique bounded function on Z? that is harmonic on Z2\ A and has boundary
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value a on A. We define the harmonic measure of A (from infinity) by

hmy(x) = lim Py{STA = x}. (6.41)
[yl—00

Since PY{T4 < oo} = 1, this is the same as P{S7, = x | T4 < oo} and hence
agrees with the definition of harmonic measure for d > 3. It is not clear a priori
that the limit exists; this fact is established in the next proposition.

Proposition 6.6.1 Suppose that p € P, and 0 € A C 72 is finite. Then the
limit in (6.41) exists and equals L£ga(x).

Proof Fix A and let r4 = rad(A). Let n be sufficiently large so that A C Cy4.
Using (6.25) on the set 72 \ A, we see that if x € 9;A,y € 9C,,

PY{St ne, = X} = P{STyng, = ¥} = P&, < Ta} He, (0,y)

o).

If 7 € 77\ Cp, the last-exit decomposition (Proposition 4.6.4) gives

PZ{STA =x} = Z G22\A(Z,y) IPW{LS‘T,(«,/\E,, = x}.
yedCy,

Therefore,

P*(Sy, = x} = P*{&, < Ta}J (n,2) [1 +o (rA l:g”ﬂ, (6.42)
where

J(n,2) =Y He,(0,y) Gza\4 (2, y).
yedCy,

If x € A, the definition of L, the optional sampling theorem, and the
asymptotic expansion of g4 respectively imply that

Lga(x) = E[ga(S1)] = E*[ga(STyne,)]
=E"[ga(Se,): &0 < Tal
=P, < Ta} [C logn+ O4(1)]. (6.43)

In particular,

Lgax) = 11)11;0 Cy (logn) PX&, < Ta}, x€A. (6.44)
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(This is the d = 2 analogue of the relation £g4 (x) = Esg(x) ford > 3.)
Note that (as in (6.30))

DIPE <Tal= Y Y PYSear, =)

X€0;A x€9;A yedCy
= > D P{Sarn =xt= Y P{Tx < &)
y€dC, x€QA yedCy

Proposition 6.4.3 shows that if x € A, then the probability that a random
walk starting at x reaches 9C,, before visiting the origin is bounded above by
¢ logra/ log n. Therefore,

PY (T < &) = P*(T(0) < &) [1 o <]°g FA)} .
logn

Asa consequence,

, logr,
Z Px{én < Ty} = Z ]P)){S&AT(O} =0} |:1 +0 ( log:):|

XEGA yeadCy

= Pl < Tj) [1 +o( )
— [C; logn]™! [1 +o0 (10 FA)]
logn

Combining this with (6.44) gives

D Lea) =) Lga) =1. (6.45)

xeA x€9;A

Here, we see a major difference between the recurrent and transient cases. If

d > 3, the sum above equals cap(A) and increases in A, while it is constant in A

if d = 2. (In particular, it would not be a very useful definition for a capacity!)
Using (6.42) together with )~ _, P*{S7, = x} = I, we see that

ra logn
n b

J(n,2) Y P&, < Ta} =1 +0(

xeA

which by (6.43)—(6.45) implies that

1
J(n,7) = Cy logn [1 o (’A "g”)} ,
n
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uniformly in z € Z? \ C,, and the claim follows by (6.42). (]
We define the capacity of A by
cap(A) := lim [a(y) — ga(»)] = Y _ hmy(x) a(x —2),
e xeA

where 7z € A. The last proposition establishes the limit if z = 0 € A, and for
other z use (6.29) and limy_, o a(x) — a(x — z) = 0. We have the expansion

ga(x) = C2 log J(x) + y2 — cap(A) + oa(1),  |x| — oo.
It is easy to check from the definition that the capacity is translation invariant,
thatis, cap(A+y) = cap(4),y € Z?. Note that singleton sets have capacity zero.
Proposition 6.6.2 Suppose that p € P;.

(a) If0 € A C B C Z2 are finite, then ga(x) > gp(x) for all x. In particular,
cap(A) < cap(B).
(b) IfA,B C Z2 are finite subsets containing the origin, then for all x

8auB(X) = ga(x) + gp(x) — ganp (). (6.46)
In particular,
cap(A U B) < cap(A) + cap(B) — cap(A N B).

Proof The inequality g4(x) > gp(x) follows immediately from (6.40). The
inequality (6.46) follows from (6.40) and the observation (recall also the
argument for Proposition 6.5.3)

PYTaup < &x} =P{Ta <& or Tp < &}
=PYTa <&} +PUTp <&} —PTa < &.Tp < &)
<PY{T4 < &) +PTp < &) — P{Tanp < &),
which implies that
PYATaup > &n} = P (T4 > &} + P (T > &} — P(Tanp > &)
O

We next derive an analogue of Proposition 6.5.5. If A is a finite set, let ax
denote the #(A) x #(A) symmetric matrix with entries a(x, y). Let a4 also denote
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the operator

arf(x) =) axyf©)

yeA

which is defined for all functions f : A — R and all x € Z2?. Note that
x > auf (x) is harmonic on Z? \ A.

Proposition 6.6.3 Suppose that p € P> and 0 € A C Z? is finite. Then
-1

cap(A) = |sup Y f») |

yeA

where the supremum is over all nonnegative functions f on A satisfying
asf (x) < 1 forall x € A.

If A = {0} is a singleton set, the proposition is trivial, since a4f (0) = 0
for all £ and hence the supremum is infinity. A natural first guess for other A
(which turns out to be correct) is that the supremum is obtained by a function
f satisfying asf (x) = 1 for all x € A. If {aa(x,y)}ryea is invertible, there is
a unique such function that can be written as f = a;ll (where 1 denotes the
vector of all 1s). The main ingredient in the proof of Proposition 6.6.3 is the
next lemma that shows that this inverse is well defined, assuming that A has at
least two points.

Lemma 6.6.4 Suppose that p € P, and 0 € A C Z? is finite with at least two
points. Then a;l exists and

Lga(x) Lga(y)

-1
a, (x,y) =PYSt, =y} =60y —x) + ) X,y € A.
Proof We will first show that for all x € 72,
D a(x,2) Lea(2) = cap(A) + ga(x). (6.47)

€A

To prove this, we will need the following fact (see Exercise 6.7):
lim [Gc,(0,0) — Ge, (x,y)] = a(x,y). (6.48)
n— oo
Consider the function

h(x) =) a(x,2) Lga(2).

Z€A
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We first claim that / is constant on A. By a last-exit decomposition (Proposition
4.6.4),ifx,y € A,

1 =PYTa <&} =) Ge,(x,0) P& < Ta} =) Ge,(,2) P&, < Tal.

Z€A z€EA

Hence,

(C2 logn) Y [Ge,(0,0) — Ge, (x, )IP*{&, < Ta)

z€A

= (Cy logn) Y "[Ge, (0,0) — Ge, (v, 2)IP*{£, < Ta).

€A

Letting n — o0, and recalling that C, (logn) P*{§, < T4} — Lga(z), we
conclude that 4(x) = h(y). Theorem 4.4.4 and (6.45) imply that

lim [a(x) —h(x)] = 0.

Hence, a(x) — h(x) is a bounded function that is harmonic in Z? \ A and takes
the value a — hy on A, where hy denotes the constant value of 4 on A. Now,
Theorem 6.2.1 implies that a(x) — h(x) = a(x) — ga(x) — ha. Therefore,

ha = lim [a() — ga()] = cap(A).

This establishes (6.47).
An application of the optional sampling theorem gives for z € A

Ge, (x,2) = 8(z — x) + E*[G¢, (S1,2)]
=8z —x) + Y_PSrure, =) Ge, (3,2)-

y€eA

Hence,
Ge,(0,0) — Gg, (x,z) = —8(z — x) + Gg,(0,0) P{&, < T4}
+ Y P¥{Stunz, = ¥} G, (0.0) — G, (3.2)].

yeA

Letting n — oo and using (6.12) and (6.48), as well as Proposition 6.6.1,
this gives

8(z —x) = —a(x,2) + Lga®) + Y_ P (S, =y} a(y,2).

yeA
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If x,z € A, we can use (6.47) to write the previous identity as

Lga(x) Lga(y) ]
Sa—x)= Y | P(Sy, =y} — 6y —x) + AT o),
(z—x) yGA[ S, =y} =80y —x) cap(A) a(y,z)
provided that cap(A) > 0. (]

Proof of Proposition 6.6.3. Let f (x) = Lga(x)/cap(A). Applying (6.47) to
X € A gives

dayfop) =1 xeA

yeA

Suppose that f satisfies the conditions in the statement of the proposition, and
let h = asf — aaf which is nonnegative in A. Then, using Lemma 6.6.4,

YW ==Y a6y h()

xXeA xXeA | yeA
=Y D PSy =31h0) = ) h()
X€A yeA X€A
=Y hp) Y P{Sy, =x}— | > _h@) [ =0.
yeA XEA yeA

Proposition 6.6.5 Ifp € P>,
cap(Cy) = Calogn + y2 + O™ ).

Proof Recall the asymptotic expansion for gc,. By definition of capacity,
we have,

gc,(x) = C2 log J (x) + y2 — cap(Cy) +0(1), x — oo.
But for x € C,,

gc, @) = a(x) — E'[a(S1,,)] = C2log J (x)
+y2 4+ 0(x|7?) — [Ca2logn + y2 + O™ 1.
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Lemma 6.6.6 Ifp € P>, and A C B C 72 are finite, then

cap(4) = cap(B) — »  hmp(y) g4 (y).

yeB

Proof ga — gp is abounded function that is harmonic on Z?\ B with boundary
value g4 on B. Therefore,

cap(B) — cap(4) = lim [g4(x) — gz(x)]

= lim E*[ga(S7,) — 85(S7,)] = D hmp() ga ().
yeB

& Proposition 6.6.5 tells us that the capacity of an ellipse of diameter n is
C» logn+ O(1). The next lemma shows that this is also true for any connected
set of diameter n. In particular, the capacities of the ball of radius n and a line
of radius n are asymptotic as n — oo. This is not true for capacities in d > 3.

Lemma 6.6.7 Ifp € Pa, there exist c1, ca such that the following holds. If A is
a finite subset of Z* with rad(A) < n satisfying

#xeA: k—1<|x|<k}>=1, k=1,...,n,

then

(a) if x € 3Coy,
PHTA < &40} = 1,

(b) |cap(A) — Cy logn| < ¢,
(c) ifx € 0Cop, m > 4n, and A, = AN C,, then

c] <P¥ {TA,1 > ém} log(m/n) < cs. (6.49)

Proof (a)Letd be such that B, C C,, and let B denote a subset of A contained
in Bs, such that

#xeB:k—1<x|<kl=1
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for each positive integer k < dn. We will prove the estimate for B which will
clearly imply the estimate for A. Let V = V,, p denote the number of visits to B
before leaving Ca,,

Eqn—1 oo
V= Z 1{S; € B} =221{Sj =2z;j < Ean).
Jj=0 Jj=0 zeB

The strong Markov property implies that if x € 0Caj,

E' V]I =PYTp < &} E'[V | Tp < §an] < PH{Tp < &un} max E°[V].

Hence, we need only find a ¢; such that E*[V] > ¢ E*[V] forall x € 9Cy,,z €
B. Note that #(B) = 6n+0O(1). By Exercise 6.13, we can see that G¢,, (x,2) > ¢
for x,z € Cyy. Therefore, E¥[V] > cn. If z € B, there are at most 2k points w
in B\ {z} satisfying [z —w| <k + 1,k = 1,...,8n. Using Proposition 6.3.5,
we see that

Ge,, (z,w) < Ca[logn —log |z — w| + O(1)].

Therefore,

én
E[V]= Y Ge, (z.w) <Y 2Cy[logn—logk + O(1)] < cn.
weB k=1

The last inequality uses the estimate

n n
E logk = O(log n) +/ logxdx = n logn — n+ O(logn).
1
k=1

(b) There exists a § such that B, C C,/5 for all n and hence
cap(A) < cap(By) < cap(Cyys) < C2 logn + O(1).

Hence, we only need to give a lower bound on cap(A). By the previous lemma
it suffices to find a uniform upper bound for g4 on dCys,,. For m > 4n, let

"'m = I'mnA = Max ]P)y{sm < Ta},
yeCQn

P =

= rmana = max PY{&, < Ty}

yelan



6.6 Capacity in two dimensions 185

Using part (a) and the strong Markov property, we see that there isa p < 1
such that r,, < p . Also, if y € C4p
PYE, < Ta} =PV, < Tan} +P{g, > TCZn}Py{ém <Talép > TCZn}
< ]P)y{";:m < TCZ,,} +p r;;;-

Proposition 6.4.1 tells us that there is a ¢3 such that for y € C4y,,

3

P Te,,} < .
< Tea) = e T ogn+ 0D

Therefore,

C
ga(y) = lim C, (logm) P*{&, < Ty} < —2>
m— 00 l—p

(c) The lower bound for (6.49) follows from Proposition 6.4.1 and the
observation

PHTy, > &n} = PHTc, > &n).
For the upper bound let

u=u, = max P{Ty, > &,}.
xEE)Czy,

Consider a random walk starting at y € 9C», and consider T¢, A &;,. Clearly,
PTa, > &} = P& < Te,} + PV {En > Te,56m < Ta, )

By Proposition 6.4.1, for all y € aCy,

v C
B < Teu) = g

Let o = 0, = min{j > T¢, : S; € 0C,}. Then, by the Markov property,
]P)y{Sm > TCnaSm =< TAn} =< M]P’y{S[0,0'] NA, =0}.

Part (a) shows that there is a p < 1 such that PY{S[0,0] N A, = @} < p and
hence, we get

c
PT, m} < ———— .
{Ta, > &m} < log(m/n)+,014
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Since this holds, for all y € dCy,, this implies that

c
<—— 4 ou,
"= log(m/n) o

which gives us the upper bound. (]

& A major example of a set satisfying the condition of the theorem is a con-
nected (with respect to simple random walk) subset of 72 with radius between
n — 1 and n. In the case of simple random walk, there is another proof of part
(a) based on the observation that the simple random walk starting anywhere
on 3C», makes a closed loop about the origin contained in Cp, with a proba-
bility uniformly bounded away from 0. One can justify this rigorously by using
an approximation by Brownian motion. If the random walk makes a closed loop,
then it must intersect any connected set. Unfortunately, it is not easy to modify
this argument for random walks that take nonnearest neighbor steps.

6.7 Neumann problem

We will consider the following “Neumann problem.” Suppose that p € P; and
A C Z¢ with nonempty boundary dA. If f : A — R is a function, we define its
normal derivative at y € 0A by

Df (y) =Y pO.x) [f () —f )],

xeA

Given D* : 9A — A, the Neumann problem is to find a function f : A—>R
such that

Lf(x) =0, x€A, (6.50)
Df(y) =D*(y), yedA. (6.51)

& The term normal derivative is motivated by the case of simple random
walk and a point y € dA such that there is a unique x € Awith |y — x| = 1.Then
Df(y) = [f(x)—f(y)]/2d, which is a discrete analogue of the normal derivative.

A solution to (6.50)—(6.51) will not always exist. The next lemma, which is
a form of Green’s theorem, shows that if A is finite, a necessary condition for
existence is

> D*(y) =0. (6.52)

yeodA
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Lemma 6.7.1 Suppose that p € Py, A is a finite subset of Z¢ and f : A — R
is a function. Then

Y Lfx)y ==Y Df(.

xeA y€e0A
Proof
YL@ =Y ) pEy FO) —f@®)]
xXeA XEA yeA
=YY peNE) —f@I+ Y. Y peenf () —f®]
Xe€A yeA xeA yedA
However,

DY pE IO —f0] =0,

XeA yeA

since p(x,y) [f ) —f ) ]1+p(,x) [f (x) —f (y)] = Oforall x,y € A. Therefore,
YL@ =) Y penFO) —fWl==Y DIy
xeA yedA xeA yeodA
Given A, the excursion Poisson kernel is the function
Hya : 0A x 0A —> [0, 1],

defined by

Hoa(v.2) =P {S1 €A, 8¢, =z} =) p(y.x) Ha(x,2),

xeA

where Hy : A x A — [0, 1] is the Poisson kernel. If 7 € A and H(x) =
Hx(x,z), then

DH(y) = Hpa(y,z), y € d0A\{z},
DH (z) = Hya(z,z) — P*{S) € A}.

More generally, if f : A — RisharmonicinA, thenf (y) = Y cont @QHA(,2)
so that

Df(y) =Y  Han(2) [f @) —f W] (6.53)

z€0A
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Note that if y € 0A, then

Y Haa(y,2) =P{S1 € A} < 1.
Z€0A

Itis sometimes useful to consider the Markov transition probabilities IflaA where
Hys(v,2) = Hya(y,2) fory # z, and Hya(y, y) is chosen so that

Y Hu(no =1

Z€0A

Note that again (compare with (6.53))

Df(y) = Y Haa(2) [f @) —f )],

z€0A

which we can write in matrix form
Df = [Hpa —I11f .

If A is finite, then the #(0A) x #(dA) matrix I:IBA — I is sometimes called the
Dirichlet-to-Neumann map because it takes the boundary values f (Dirichlet
conditions) of a harmonic function to the derivatives Df (Neumann conditions).
The matrix is not invertible since constant functions f are mapped to zero
derivatives. We also know that the image of the map is contained in the subspace
of functions D* satisfying (6.52). The next proposition shows that the rank of
the matrix is #(0A) — 1.

It will be useful to define random walk “reflected off dA”. There are several
natural ways to do this. We define this to be the Markov chain with state space
A and transition probabilities g where g(x,y) = p(x,y) if x € Aory € A;
q(x,y) = 0if x,y € 0A are distinct; and g(y,y) is defined for y € dA so that
ZZGX q(y,z) = 1.In words, this chain moves like random walk with transition
probability p while in A, and whenever its current position y is in dA, the only
moves allowed are those into A U {y}. While the original walk could step out
of A U {y} with some probability p(y) = p(y, A, p), the modified walk stays at
y with probability p(y,y) + p(y).

Proposition 6.7.2 Suppose that p € Py, A is a finite, connected subset of Z%,
and D* : 0A — R is a function satisfying (6.52). Then there is a function
f : A — R satisfying (6.50) and (6.51). The function f is unique up to an
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additive constant. One such function is given by

f@) =~ lim E* ZD*(Y,-) 1{Y; € 9A} |, (6.54)
j=0

where Y; is a Markov chain with transition probabilities q as defined in the
previous paragraph.

Proof It suffices to show that f as defined in (6.54) is well defined and
satisfies (6.50) and (6.51). Indeed, if this is true, then f + ¢ also satisfies
it. Since the image of the matrix 1:13,4 — I contains the set of functions sat-
isfying (6.52) and this is a subspace of dimension #(dA) — 1, we get the

uniqueness.
Note that ¢ is an irreducible, symmetric Markov chain and hence has the
uniform measure as the invariant measure w(y) = 1/m where m = #(A).

Because the chain also has points with g(y,y) > 0, it is aperiodic. Also,

n

E° | Y DY) 1{Y; € dA} | =D ) gi(x.0) D*(2)

j=0 j=0 z€dA

= qj(x,2) — 1 D*(z).
m

Jj=0 z€0dA

By standard results about Markov chains (see Section A.4), we know that

1 .
gj(x,2) = —| <ce ¥
m

b}

for some positive constants c¢,«. Hence the sum is convergent. It is then
straightforward to check that it satisfies (6.50) and (6.51). U

6.8 Beurling estimate

The Beurling estimate is an important tool for estimating hitting (avoiding)
probabilities of sets in two dimensions. The Beurling estimate is a discrete
analogue of what is known as the Beurling projection theorem for Brownian
motion in R2.

Recall that a set A C Z¢ is connected (for simple random walk) if any two
points in A can be connected by a nearest neighbor path of points in A.
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Theorem 6.8.1 (Beurling estimate) If p € P», there exists a constant ¢ such
that if A is an infinite connected subset of Z% containing the origin and S is
simple random walk, then

Cc
P{&, < Ta} < S d=2. (6.55)

We prove the result for simple random walk, and then we describe the
extension to more general walks.
Definition Let A; denote the collection of infinite subsets of Z¢ with the
property that for each positive integer j,

#HzeAd: (-1 =<zl <jl=1

One important example of a set in A is the half-infinite line
L={je :j=0,1,...}.

We state two immediate facts about A.

e If A’ is an infinite connected subset of Z¢ containing the origin, then there
exists a (not necessarily connected) A € Ay withA C A'.
e If 7 € A € Ay, then for every real r > 0.

#HlweA: |z—w| <r}<#lweA: |zl —r<|w| <|z|+r} <2r+1.
(6.56)

Theorem 6.8.1 for simple random walk is implied by the following stronger
result.

Theorem 6.8.2 For simple random walk in 7?* there is a c¢ such that if
A € Ay, then

c

P{&, < Ta} < Yok (6.57)

Proof We fixnandletV =V, = {y1,...,y,} where y; denotes the unique
pointin A withj < |y;| <j+ 1. WeletK = K,, = {x1,...,x,} where x; = je;.

Let G, = GB,,B=B,3,G =Gp,§ =§,3. Let

v(@) =P < Ty}, q(@) =P < Tk}
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By (6.49), there exist ¢y, ¢3 such that for z € 35,

C1 2
=v(2) = , =q@) = .
logn logn logn logn
We will establish
c
0) < —5—
v = nl/2 logn

and then the Markov property will imply that (6.57) holds. Indeed, note that

v(0) = P(§2n < Tv,, )P(§ < &nlban < Tvy,).

By (5.17) and (6.49), we know that there is a ¢ such that forj = 1,...,n,
g@) < cn~ /2 [f‘/z F—j+ 1)*‘/2] [ogn]~". (6.58)
In particular, g(0) < ¢/ (n'/? log n) and hence it suffices to prove that

v(0) —¢q(0) < (6.59)

nl/2 logn’
If x|, [y| < n, then
Gp3 2,0,y —x) <G3(x,y) < G345,0,y —x),

and hence (4.28) and Theorem 4.4.4 imply

2 1
G(x,y) = p logn3 + v —alx,y)+0 (;) , o lx] lyl < A (6.60)
Using Proposition 4.6.4, we write

0(0) —¢q(0) =P{§ < Tv} —P{§ < Tk}
=P{§ > Tk} —P{§ > Tv}

= G0,5) q(x) — Y G(O,y) v()

j=1 j=1

=Y [G(0,x) — GO, y)1q(x) + Y G(0,3)) [9(x)) — v(y)].

j=1 j=1
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Using (6.58) and (6.60), we get

(logn) | Y [G(0,x) — G0, y)]q(x)| < O™
j=1

+e ) laty) —apl G712+ =~ nT 12,

j=1

Since |xj| = j, [yjl =Jj + O(1), (4.4.4) implies that

la(x) — a(y))| < Jf

and hence
n n 1 c
(logn) | Y [G(0,x) — GO, y)1q()| < O™ +¢ ) AR S
j=1 j=1

For the last estimate we note that

! 1 S
L= = L

J=1 J=1

In fact, if a, b € R" are two vectors such that g has nondecreasing components
(thatis,a' <a? <...<a")thena-b < a-b* where b* = (b™V ... p™™)
and 7 is any permutation that makes b < p*@ < < pT®,

Therefore, to establish (6.59), it suffices to show that

c
_ 6.61
nl/2 logn (©.61)

> GOy [qx) — o] <
j=1

Note that we are not taking absolute values on the left-hand side. Consider the
function

F(2) =) Gy lgl) — vl
j=1

and note that F is harmonic on B\ V. Since F = 0 on 98, either F < 0
everywhere (in which case (6.61) is trivial) or it takes its maximum on V.
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Therefore, it suffices to find a ¢ such that forallk = 1,...,n,

Y GOr ) [g0) — v <

= nl/2 logn’

By using Proposition 4.6.4 once again, we get
n n
Y GOy vo) =PHTy <& =1=PTgx <&} =) Gx,x)q(x).
J=1 j=1
Plugging in, we get

n

> GOy [a@) — v = > (GO ¥) — Gl )] 4(x).

j=1 j=1

We will now bound the right-hand side. Note that |x; — x;| = |k — j| and
[yk —yjl = |k — jI — 1. Hence, using (6.60),

G(Vk:yj) - G()Ck,x]') =

T lk—jl+1
and therefore foreachk =1,...,n
n n
S 0G0k — Glolatp < ¢ 3 <
= = (lk —jl + 1) j1/2 logn — n!/2 logn

O
One can now generalize this result.

Definition If p € P, and & is a positive integer, let A* = A7, » denote the

collection of infinite subsets of Z? with the property that for each positive
integer j,

#HzeA:(j— Dk <J() <jk}>1,
and let A denote the collection of subsets with
#z€eA: (- Dk <T@ <jk} =1

If A € A* then A contains a subset in A.
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Theorem 6.8.3 If p € P> and k is a positive integer, there is a ¢ such that if
A € A*, then

c
P{&, < Ta} < m

The proof is done similarly to that of the last theorem. We let K = {x1, ..., x;,}
where x; = jle; and [ is chosen sufficiently large so that 7 (le;) > k, and set
V = {y1,...,ys} where y; € A with j7*(ley) < |y;| < (G + DT*(ler). See
Exercise 5.2.

6.9 Eigenvalue of a set

Suppose that p € P, and A C Z¢ is finite and connected (with respect to p) with
#(A) = m. The (first) eigenvalue of A is defined to be the number oy = e
such that for each x € A, as n — oo,

PHta > n} <o = e han,

Let PA denote the m x m matrix [p(x,¥)]xyea and, as before, let LA=pPA—].

Note that (P4)" is the matrix [p‘;?(x, )] wherep‘:(x,y) =PXS, =y;n < t4}.
We will say that p € Py is aperiodic restricted to A if there exists an n such
that (P4)" has all entries strictly positive; otherwise, we say that p is bipartite
restricted to A. In order for p to be aperiodic restricted to A, p must be aperiodic.
However, it is possible for p to be aperiodic but for p to be bipartite restricted
to A (Exercise 6.16). The next two propositions show that a4 is the largest
eigenvalue for the matrix P4, or, equivalently, 1 — a4 is the smallest eigenvalue
for the matrix £4.

Proposition 6.9.1 Ifp € Py, A C Z is finite and connected, and p restricted
to A is aperiodic, then there exist numbers 0 < f = B < @ = ag < 1 such
that if x,y € A,

Prx.y) = o ga(@) 84 () + Oa(B™. (6.62)
Here g4 : A — R is the unique positive function satisfying

Plga(x) =apaga(x), xeA,

Y e =1.

x€eA
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In particular,
PHza > n} = ga(x) " + 0a(B"),
where

2a(0) = ga(x) Y ga(y).

yeA

We write Oy to indicate that the implicit constant in the error term depends on A.

Proof This is a general fact about irreducible Markov chains; see Proposition
A.4.3. In the notation of that proposition v = w = g. Note that

P{a > n} =Y ph(x).

yeA
U

Proposition 6.9.2 Ifp € Py, A C Z¢ is finite and connected, and p is bipartite
restricted to A, then there exist numbers 0 < B = Bs < o = a4 < 1 such that
if x,y € A for all n sufficiently large,

Pa,y) +ph () = 20" ga(x) ga(y) + 0a(B™).

Here g4 : A — R is the unique positive function satisfying

Doaa@i=1,  Plesr) =aga(x), x €A

xeA

Proof This can be proved similarly using Markov chains. We omit the proof.
O

Proposition 6.9.3 Suppose thatp € Py; € € (0,1), andpe =€ o+ (1 —€)p
is the corresponding lazy walker. Suppose that A is a finite, connected subset of
7% and let o, e, g, ge be the eigenvalues and eigenfunctions for A using p, pe,
respectively. Then 1 —oe = (1 —€) (1 —a) and g = g.

Proof Let P4, P? be the corresponding matrices. Then P? =(l—€e)Pl4el
and hence

Plega=1[(1—-€)a+ €l ga.
O

& A standard problem is to estimate A4 or o4 as A gets large and aq —
1,A4 — 0. In these cases it usually suffices to consider the eigenvalue of the
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lazy walker with ¢ = 1/2. Indeed, let % 4 be the eigenvalue for the lazy walker.
Since,

Aa=1—ag+01—ap?), ag—1-—.
we get

_—
fa=giat 0(2), ia— 0.

Proposition 6.9.1 gives no bounds for the 8. The optimal g is the maximum
of the absolute values of the eigenvalues other than «. In general, it is hard
to estimate B, and it is possible for 8 to be very close to o. We will show
that in the case of the nice set C, there is an upper bound for 8 independent
of n. We fix p € Py with p(x,x) > 0 and let e ™ = ac,,gm = gc,,» and
pix,y) = pg"‘ (x,y). Forx € C,, we let

dist(x, 9Cp,) + 1

pm(X) = ——,
m

and we set p,, = 0 on Z4 \ C,,.

Proposition 6.9.4 There exist c1,cy such that for all m sufficiently large and
all x,y € Cp,

c1 pm() o) < m? Pl (x,y) < €2 om(x) pm()- (6.63)

Also, there exist c3, cq such that for every n > m2, and all x,y € Cp,

3 pm)m <PYS, =y | 1, > n} < ca pu(y)m™.

& This proposition is an example of a parabolic boundary Harnack principle.
At any time larger than radz(cm), the position of the random walker, given that
it has stayed in Cm up to the current time, is independent of the initial state up
to a multiplicative constant.

Proof For notational ease, we will restrict ourselves to the case where m is
even. (If m is odd, essentially the same proof works, except that m? /4 must be
replaced with |m? /4], etc.) We write p = p,,. Note that

P y) = D Py (6.2 Pl 5 (2, 0) P (w, ). (6.64)
,w
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The LCLT implies that there is a ¢ such that for all z,w, pZz /z(z, w) <

P22z, w) < cm~9 . Therefore,
pxz(x,y) <m4 P, > m2/4} Pz, > m2/4}.

Gambler’s ruin (see Proposition 5.1.6) implies that P*{z¢ > m?/4} < ¢ pp(x).
This gives the upper bound for (6.63).
For the lower bound, we first note that there is an € > 0 such that

—d
Pleope)@w) = em™, |z], w| < em.

Indeed, the Markov property implies that

Pl @ W) Z Pl (2 w) — max(pr G w) k< Lem®],Z € Z9\ Cy),
(6.65)

and the LCLT establishes the estimate. Using this estimate and the invari-
ance principle, one can see that for every € > 0, there is a ¢ such that for
z,w € C1—eym>

pm2/2(Z7 'LU) > Cm_d~

Indeed, in order to estimate p,,2,(z, w), we split the path into three pieces:
the first m? /8 steps, the middle m? /4 steps, and the final m?/8 steps (here, we
are assuming that m? /8 is an integer for notational ease). We estimate both the
probability that the walk starting at z has not left C,, and is in the ball of radius
em at time m? /8 and the corresponding probability for the walk in reverse time
starting at w using the invariance principle. There is a positive probability for
this, where the probability depends on €. For the middle piece we use (6.65),
and then we “connect” the paths to obtain the lower bound on the probability.

Using (6.64), we can then see that it suffices to find € > 0 and ¢ > 0 such that

D Py = o). (6.66)

2€C1-eym

LetT =1, \ 7¢c,, asin Lemma 6.3.4 and let 7, = T A (m?/4). Using that
lemma and Theorem 5.1.7, we can see that

P{S7,, € Cn} < c1 p(x).
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Propositions 6.4.1 and 6.4.2 can be used to see that
PY{ST € Cuy2} = c2 p(x).
We can write

P{ST € Cup2} = ) PY{(S1,, =2} P{S7 € Cup2 | S1,, = 2}

Z

The conditional expectation can be estimated again by Lemma 6.3.4; in
particular, we can find an € such that

C
PHST € Cuja} < ﬁ 2 ¢ Ca_om-

This implies that

Y. PYSp,=zt= ) PYSp, =2} PYSr €CuplSp, =2}

Zec(l—e)m ZGC(]—e)m

> 2 p(x)

- X).

=3 P

A final appeal to the CLT shows thatife < 1/4,

Z pz2/4(x’ Z) =>c Z PX{STW = Z}.

ZEC(I—e)m ZEC(l—e)m
The last assertion follows for n = m? by noting that

p$2 (X,)’)

Pl =yl = g
Zm2 ’

and

Y P62 X ) MY pu() < pm ().

For n > m? we can argue similarly by conditioning on the walk at
time n — m?. ]

Corollary 6.9.5 There exist c1, cy such that

c1 <mPay < .
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Proof See Exercise 6.10. O
Corollary 6.9.6 There exist c1, cy such that for all m and all x € Cy,2,
—Amn —Amn
cre < P&, > n} < cpe” ™",
Proof Using the previous corollary, it suffices to prove the estimates for n =
km?* k € {1,2,...}). Let Br(x) = Br(x,m) = P*{§,, > km?} and let By =

max,¢c,, Bk (x). Using the previous proposition, we see that there is a ¢; such
that

Bk = Br(x) = c1 Br, x€Cpupo.
Due to the same estimates,

P*{Se,, € Cy2 | Em > km?} > 3.
Therefore, there is a ¢3 such that

3B B =< Bj+k < Bj Pk
which implies (see Corollary A.7.2)

_ 2 _ _ 2
e )mekfﬂkfc3le Ammk’

and hence for x € C,,2,

cre < B < 5t ek,

Exercises
Exercise 6.1 Show that Proposition 6.1.2 holds for p € P*.

Exercise 6.2 (i) Show thatif p € P; and x € C,,

E[g,] =) Ge,(x,y) =n" — J(x) + O(n).
veCy

(Hint: see Exercise 1.5.)
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(ii) Show thatif p € P/, and x € C,,

E'l&] = ) Ge,(x,y) =n* = T (x) + o(n?).

y eCy
Exercise 6.3 In this exercise we construct a transient subset A of Z3 with

> G(0.y) = oo. (6.67)

yeA

Here, G denotes the Green’s function for simple random walk. Our set will be
of the form

o0
A=JAn A=f{zeZ’:z-2el| =2}
k=1

for some ¢; — 0.

(i) Show that (6.67) holds if and only if } ;o | €} 2% = oo.
(ii) Show that A is transient if and only if > ;2 | € < oo.
(iii) Find a transient A satisfying (6.67).

Exercise 6.4 Show that there is a ¢ < oo such that the following holds.
Suppose that S, is simple random walk in Z2 and let V = V. be the event that
the path S[0, &x] does not disconnect the origin from 35,,. Then, if x € By,

P(V) < — .
log(N /n)
(Hint: there is a p > 0 such that the probability that a walk starting at 913;,/>

disconnects the origin before reaching 913, is at least p; see Exercise 3.4.)

Exercise 6.5 Suppose that p € P;,d > 3. Show that there exists a sequence
K, — oo such that if A C 74 is a finite set with at least n points, then
cap(A) = K,,.

Exercise 6.6 Suppose that p € P; and r < 1. Show that there exists ¢ =
¢y < oo such that the following holds.

(i) If le| = 1 and x € Cpy,

> |G, (x +€.y) = Ge,(x.y)| < cn,
veCy
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(i) Suppose thatf, g, F are as in Corollary 6.2.4 with A = C,,. Then, ifx € C,,,
¢ 2
Vi @1 = = [IFlloc + 12 gl -
Exercise 6.7 Show thatifp € P, andr > 0,
lim [Gg,,,(0,0) — G¢,(0,0)] = 0.
n—oo
Use this and (6.16) to conclude that for all x, y,
lim [G¢,(0,0) — Gg, (x,y)] = a(x,y).
n—oo
Exercise 6.8 Suppose that p € Py and A C Z¢ is finite. Define

0a(f.8) = Y_ pe)fF () —fW]I[g() — g1,

xX,yeA

and Qa(f) = 0a(f.f). Let F : dA — R be given. Show that the infimum of
Q4 (f) restricted to functions f : A — R with f = F on dA is obtained by the
unique harmonic function with boundary value F'.

Exercise 6.9 Write the two-dimensional integer lattice in complex form, Z2 =
Z + iZ and let A be the upper half plane A = {j 4 ik € Z? : k > 0}. Show that
for simple random walk

GA(X,)’)ZG()_C,)’)—CI(XJ), x’yeA7

1 —
Hy(x,j) = I l[aCx,j—1) —akx,j+D]+86(x—j), xe€A,jeZ,

where j + ik = j — ik denotes complex conjugate. Find
lim k Ha(ik,j).
k— 00

Exercise 6.10 Prove Corollary 6.9.5.

Exercise 6.11 Provide the details of the Harnack inequality argument in
Lemma 6.5.8 and Theorem 6.5.10.

Exercise 6.12 Suppose that p € Py.

(i) Show that there is a ¢ < oo such thatif x € A C C,, and z € Ca,,

1—a PH{&n < Tu}

PYSe,, =z | 60 < Ta} <cn Biie, < T,]
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(ii) Let A be the line {je; : j € Z}. Show that there is an € > 0 such that for all
n sufficiently large,

P(dist(Se,, A) > en | & < Ta} > €.

(Hint: you can use the gambler’s ruin estimate to estimate P*{£,,> < Ta}/
P&, < Tal)
Exercise 6.13 Show that for each p € P, and each r € (0, 1), there is a ¢
such that for all » sufficiently large,
Ge,(x,y) =¢c, x,y€Cp,
Gg,(x,y) >c, x,y€ Bn.

Exercise 6.14 Suppose that p € P, and let A = {x1,x2} be a two-point set.

(i) Prove that hmy (x1) = 1/2.
(i) Show that there is a ¢ < oo such that if A C C,, then for y € Z2 \ Cay,

Cc

1
]Py S = — =< .
(87, =x1) 2| ~ logn

(Hint: suppose that P*{S7, = x;} > 1/2 and let V be the set of z such that
P*{St, = xj} < 1/2. Let 0 = min{j : S; € V}. Then, it suffices to prove
that PY{Ty < o} < c/logn.)

(iii) Show that there is a ¢ < oo such that if A = Z? \ {x} with x # 0, then

4
G4(0,0) — —log |x|| < c.
T

Exercise 6.15 Suppose that p € P,. Show that there exist cj,c, > 0 such
that the following holds.

(1) If nis sufficiently large, A is a set as in Lemma 6.6.7,and A, = AN{|z| >
n/2}, then for x € 98,2,

PYTy < &)} > c.
(i) Ifx € 3By,

GZZ\A(.X, 0) <c.
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(iii) If A’ is a set with B,» C A’ C Z2\ A,
/
2
G4(0,0) — — logn| <c.
T

Exercise 6.16 Give an example of an aperiodic p € P; and a finite connected
(with respect to p) set A for which p is bipartite restricted to A.

*

Exercise 6.17 Suppose that S, is simple random walk in Z¢ so that &, = o

If |x] < n, let
u(x,n) = E* [|S§n| — n]
and note that 0 < u(x,n) < 1.
(i) Show that
n* — x? 4 2nux,n) < B[] < n® — x> + 2n+ 1) u(x, n).
(i) Show thatifd =2,

T ux,n _
G5, (0.) = logn — log || + % +0(x72).

(iii) Show thatifd > 3,

1 (d —2) u(x,n)
[x[d—2  pd—2 nd—1

C;' Gp, (0,x) = +0(x|™.

Exercise 6.18 Suppose that S, is simple random walk in Z¢ with d > 3. For
this exercise assume that we know that

OF

Gx) ~ —,
( ) |x|d—2

[x| = o0

for some constant C; but no further information on the asymptotics. The purpose
of this exercise is to find C;. Let V,; be the volume of the unit ball in R? and
wq = d Vg the surface area of the boundary of the unit ball.

(i) Show that as n — oo,

Cda)dn2 CddVdnz
> GO.x) ~ s = R

xeB,
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(ii) Show that as n — oo,

> 16(0.%) = G, (0.x)] ~ Cq Vg .

xeB,

(>iii) Show that as n — oo,

> G, (0,x) ~ n*.

xeBB,

d
CaVa(5-1)=1

(iv) Conclude that



7
Dyadic coupling

7.1 Introduction

In this chapter we will study the dyadic or KMT coupling, which is a coupling
of Brownian motion and random walk for which the paths are significantly
closer to each other than in the Skorokhod embedding. Recall that if (S,, B,)
are coupled by the Skorokhod embedding, then typically one expects |S,, — B |
to be of order n'/4. In the dyadic coupling, |S,, — B,| will be of order log n. We
mainly restrict our consideration to one dimension, although we discuss some
higher dimensional versions in Section 7.6.
Suppose that p € P| and

Sp=X;+ -+ Xu
is a p-walk. Suppose that there exists » > 0 such that
EX{1=0% E["1] < co. (7.1

Then, by Theorem 2.3.11, there exist N, c, € such that if we define §(n, x) by

2

1 _xt
Pn(x) = P{Sy = x} = ——=¢ 2% exp{d(n,x)},
2mwo?n

then for all n > N and |x| < en,

1 |xP
MMJﬂfc[7;+;7] (7.2)

Theorem 7.1.1 Suppose that p € P, satisfies (7.1) and (7.2). Then one can
define on the same probability space (2, F,P), a Brownian motion B; with

205
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variance parameter o' and a random walk with increment distribution p such
that the following holds. For each a < 00, there is a ¢, such that

P { max |S; — Bj| > ¢q logn} <cqn % (7.3)
1<j<n

Remark From the theorem it is easy to conclude the corresponding result for
bipartite or continuous-time walks with p € Pj. In particular, the result holds
for discrete-time and continuous-time simple random walk.

& We will describe the dyadic coupling formally in Section 7.4, but we will
give a basic idea here. Suppose that n = 2™. One starts by defining Som as
closely to Bom as possible. Using the LCLT, we can do this in a way so that with
very high probability |Som — Bom| is of order 1. We then define S,m-1 using the
values of Bom, Bom-1, and again get an error of order 1. We keep subdividing
intervals using binary splitting, and every time we construct the value of S at the
middle point of a new interval. If at each subdivision we get an error of order 1,
the total error should be at most of order m, the number of subdivisions needed.
(Typically it might be less because of cancellation.)

& The assumption E[ePX1]] < oo for some b > 0 is necessary for (7.3) to
hold at j = 1. Suppose that p € ’Pq such that for each n there is a coupling with

P{|Sy — Byl > & logn} < &n~ 1.
It is not difficult to show that as n — oo, P{|By| > ¢ logn} = o(n~ 1), and hence
P{|S1| > 2¢ logn} < P{|Sy — By| > & logn} + P{|By| > & logn} <2&n~"
for n sufficiently large. If we let x = 2¢log n, this becomes

P{Xq| = X} < 26 e~ */ 0,

for all x sufficiently large which implies that E[e?!X1]] < oo for b < (28)~".

Some preliminary estimates and definitions are given in Sections 7.2 and
7.3, the coupling is defined in Section 7.4, and we show that it satisfies (7.3)
in Section 7.5. The proof is essentially the same for all values of o2. For ease
of notation we will assume that o> = 1. It also suffices to prove the result for
n = 2™ and we will assume this in Sections 7.4 and 7.5.
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For the remainder of this chapter, we fix b, €, co, N and assume that p is an
increment distribution satisfying

E[”™1] < 0, (7.4)
and
x2
pn(x) - e_ﬂ exp{S(n’x)}v
an
where
sl <co | -2+ P21 as w2 (7.5)
s = = - | n = 5 =< €n. .
n,x co \/ﬁ ) X

7.2 Some estimates

In this section we collect a few lemmas about random walk that will be used in
establishing (7.3). The reader may wish to skip this section at first reading and
come back to the estimates as they are needed.

Lemma 7.2.1 Suppose that S, is a random walk with increment distribution p
satisfying (7.4) and (7.5). Define 8 (n,x,y) by

— 2))2
P{Sy = x| Son =y} = {_W}

exp exp{d«(n,x,y)}.

1
JTn
Then, ifn > N, |x|, |y| < en/2,

L kP E}

184 (n.x.3)| < 9co [ﬁ + ot

& Without the conditioning, Sp is approximately normal with mean zero and
variance n. Conditioned on the event So,, = y, Sy is approximately normal with
mean y/2 and variance n/2. Note that specifying the value at time 2n reduces
the variance of Sp.

Proof Note that

P{S, =x,5, — Sy =y — x} _ Pn(X) pu(y — x)

P{Sy=x| 80 =y} = P{S2, = y} B pan(y)
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Since |x|, |y, |x — y| < en, we can apply (7.5). Note that
[8:(m,x, y)| < [8(n,x)| + |8(n,y —x)| + [6(2n, y)I.

We use the simple estimate |y — x|> < 8(|x|> + [y[?). U

Lemma 7.2.2 Ifx1,x2,...,x, € R, then

- (361-1-'-'4—)9-)2 \/_-i-l i,
Z . = . (7.6)
=1 Y i

Proof Due to the homogeneity of (7.6) we may assume that }_ 27/ sz = 1.
Lety; = 2_j/2xj,y = (y1,...,Yn)- Then

Z(M"‘ -+ x)? _Z Z x,xk

i=1 i=1 1<jk<i
non n
= Zijxk Z 27!
j=lk=1  i=jvk
n o n
< 2Z ZZiUVk) XjXk
j=1 k=1
n o n
— 22227“{#'/2)’./)%
j=1 k=1

= 2(Ay,y) <2x|lyl* =

where A = A, is the n x n symmetric matrix with entries a(j, k) = 2 Ik=jl/2
and 1 = X, denotes the largest eigenvalue of A. Since X is bounded by the
maximum of the row sums,

o0
A< 1+222—j/2: @
= V2-1

O

& We will use the fact that the left-hand side of (7.6) is bounded by a
constant times the term in brackets on the right-hand side. The exact constant
is not important.
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Lemma 7.2.3 Suppose that S, is a random walk with increment distribution
satisfying (7.4) and (7.5). Then, for every « there exists a ¢ = c(«) such that

9%}

2
P Z 52! >cny <ce Y. (7.7)

log, n<j=<n

& Consider the random variables U; = Sgl./Zf and note that E[U;] = 1.
Suppose that Uy, Us, ... were independent. If it were also true that there exist
t, ¢ such that E[e'Y/] < c for all j, then (7.7) would be a standard large deviation
estimate similar to Theorem A.2.5. To handle the lack of independence, we con-
sider the independent random variables [Sy; — Sy;-1 ]2/2f and use (7.6). If the
increment distribution is bounded, then we also get IE[etU/] < ¢ for some t; see
Exercise 2.6. However, if the range is infinite this expectation may be infinite for
all t > 0; see Exercise 7.3. To overcome this difficulty, we use a striaghtforward
truncation argument.

Proof We fix « > 0 and allow constants in this proof to depend on «. Using
(7.4), we see that there is a 8 such that

P{IS,| > n} < e,
Hence, we can find ¢ such that

Yo [PUSyl = a2} + P(ISy — Sy-i] = 12} 1 = O(e ™).

log, n<j<n

Fix this ¢y, and let jo = [log, n+ 1] be the smallest integer greater than log, n.
Let Y; = 0 forj < jo, Yj, = Sy, and for j > jo, let ¥; = Sy — Sp-1. Then,
except for an event of probability O(e™*"), |Y;| < 12 for j > jo and hence

n

P Z #Z 1{|Y|<c12f} < 0.

J=io J=o

Note that

I

log, n<j<n J=jo
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The last step uses (7.6). Therefore it suffices to prove that
" y? ,
P Z j Y| <2} =cnp <e™ ™.

j=1

The estimates (7.4) and (7.5) imply that there is a # > 0 such that for each n,

tS?
E[exp{—"};lSnl < cm} <e
n

(see Exercise 7.2). Therefore,

E | ex t ; —j2 1{|Y| <c j} <e"
p jgl - b 12 e,
which 1mphes that
IP n _!JZ 1{|)r| <c 2j}>l_l (O{ 1)1’1 <e—an
Jj=1 . : l B B |

7.3 Quantile coupling

In this section we consider the simpler problem of coupling S,, and B,, for a fixed
n. The following is a general definition of quantile coupling. We will only use
quantile coupling in a particular case where F is supported on Z or on (1/2)7Z.

Definition Suppose that F' is the distribution function of a discrete random
variable supported on the locally finite set

e <d-1 <ay<a <---

and Z is a random variable with a continuous, strictly increasing distribution
function G. Let ry be defined by G(ry) = F(ay), i.e. if F(ay) > F(ar—),

G(ri) — G(ri—1) = F(ap) — F(ax—).
Let f be the step function

f@Q=aifr_y <z =<ry,
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and let X be the random variable f(Z). We call X the quantile coupling of F
with Z, and f the quantile coupling function of F and G.

Note that the event {X = ay} is the same as the event {r,_; < Z < r}.
Hence,

PIX =ar} =Plre1 <Z <} = GOrp) — G(rr—1) = Fay) — Flag—),
and X has distribution function F. Also, if
Glax — 1) < Fag—1) < F(a) = G(ax + 1), (7.8)

then it is immediate from the above definitions that {X = a3} C {|[X — Z| =
lay — Z| < t}. Hence, if we wish to prove that |X — Z| < ¢ on the event
{X = ai}, it suffices to establish (7.8).

As an intermediate step in the construction of the dyadic coupling, we study
the quantile coupling of the random walk distribution with a normal random
variable that has the same mean and variance. Let ® denote the standard normal
distribution function, and let ® g (where 8 > 0) denote the distribution function
of a mean zero normal random variable with variance f.

Proposition7.3.1 Foreverye,b,co, N there exist c, § suchthat if Sy, is a random
walk with increment distribution p satisfying (7.4) and (7.5), the following holds
forn = N. Let F,, denote the distribution function of S, and suppose that Z
has distribution function ®,. Let (X, Z) be the quantile coupling of F, with Z.
Then,

X2
|X—Z|SC[1+—}, IX| < dn.
n

Proposition 7.3.2 For every €,b, cq, N there exist c,§ such that the following
holds for n > N. Suppose that S, is a random walk with increment distribution
p satisfying (7.4) and (7.5). Suppose that |y| < dnwithIP{S>, =y} > 0. Let Fy,
denote the conditional distribution function of S, — (S2,,/2) given that S, =y,
and suppose that Z has a distribution function ®y,. Let (X, Z) be the quantile
coupling of Fyy with Z. Then,

2 2

|X—Z|5c[1+—+y—}, X1, Iyl < on.
n n

Using (7.8), we see that in order to prove the above propositions, it suffices
to show the following estimate for the corresponding distribution functions.



212 Dyadic coupling

Lemma 7.3.3 For every €,b, co, N there exist c,8 such that if S, is a random
walk with increment distribution p satisfying (7.4) and (7.5), the following
holds for n > N. Let F,, F,y be as in the propositions above. Then fory € Z,

x|, Iyl < dn,
xZ
b, <x—c|i1+—i|) <F,x—-1)
n

2
=1 = O <x e [1 * x_]) (7.9)
n
x2 y2
(bn/z x—=c 1+7+7 SFn,y(X—l)
x2 y2
S Fpy) = Pyp(x+c 1—1—74_7 ,

Proof 1t suffices to establish the inequalities in the case where x is a nonneg-
ative integer. Implicit constants in this proof are allowed to depend on €, b, ¢
and we assume n > N. If F is a distribution function, we write F=1-F.
Since for ¢t > 0,

t+ 1D £ 1 3
- =— 40—+,
2n n+ ﬁ+n2

(consider t < /n and t > /n), we can see that (7.4) and (7.5) imply that we
can write

x+1 1 ) l [3
Dulx) = / W e/ exp {O (ﬁ + n_Q)} dt, |x| <en.
X \Y

Hence, using (A.12), for some a and all |x| < en,

Fo(x) =P{S, > en} + P{x < S, < en}

=0(™ " + /gn L e~/ exXp {0 (L + ﬁ)} dr.
x  A2mn Jnoon?

From this we can conclude that for |x| < en,

3
Fu(x) = ®p(x) exp {0 (— n %)} : (7.10)
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and from this we can conclude (7.9). The second inequality is done similarly
by using Lemma 7.2.1 to derive

_ — 1 x3 y3
Fn,y(x) = q)n/Z(x) exp {0 % + I’l—2 + E s

for |x|, |y| < &n. Details are left for Exercise 7.4.
O

& Toderive Proposition 7.3.1 and Proposition 7.3.2 we use only estimates on
the distribution functions Fp, Fn ) and not pointwise estimates (LCLT). However,
the pointwise estimate (7.5) is used in the proof of Lemma 7.2.1 which is used
in turn to estimate Fp,y.

7.4 The dyadic coupling

In this section we define the dyadic coupling. Fix n = 2™ and assume that
we are given a standard Brownian motion defined on some probability space.
We will define the random variables S, 52, . . ., So» as functions of the random
variables By, By, ...,Byn so that Sq,...,S>» has the distribution of a random
walk with increment distribution p.

In Chapter 3, we constructed a Brownian motion from a collection of inde-
pendent normal random variables by a dyadic construction. Here we reverse the
process, starting with the Brownian motion, B;, and obtaining the independent
normals. We will only use the random variables By, By, . . ., Bon. Define 'y j by

Ty =Bigns — Bg_ppmss  j=0,1,....m k=1,273,....2.

Foreachj, {I'y; : k=1,2,3,..., 2 } are independent normal random variables
with mean zero and variance 2"~/ Let Z 1,0 = Bom and define

Lokt1js J=1,...,m, k=0,1,....27 1" 1,

recursively by

1
Coky1y = 3 Crt1j—1 + Zok+1> (7.11)
so that also
1
Dokv2j = = Thr1j-1 — Zok+14-

2
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One can check (see Corollary A.3.1) that the random variables {Zy; 1 : j =
0,....,2" k=0,1,...,2"m 1 1} are independent, mean zero, normal random
variables with E[Z ;] = 2" and that E[Zj, , | ;] = 2"7/~" forj = 1. We can
rewrite (7.11) as

1
B(2k+1)2m*/' = E [ J2m—j+1 + B(k+1)2m—j+l] + sz+]‘/’. (712)

Let f,,,(-) denote the quantile coupling function for the distribution functions
of Som and Bom. If y € Z, let f;(-,y) denote the quantile coupling function for
the conditional distribution of

1

SZI - §S2j+l

given that S5;+1 = y and a normal random variable with mean zero and variance
2=1. This is well defined as long as P{S,+1 = y} > 0. Note that the range of
fi(-,y) is contained in (1/2)Z. This conditional distribution is symmetric about
the origin (see Exercise 7.1), so fj(—z,y) = —fj(z,y). We can now define the
dyadic coupling.

e Let Som me(Bzm).
¢ Suppose that the values of S;pm—j+1,l =1,..., 2/~1 are known. Let

Ak’,' = Skzm—i - S(kfl)Zm_"'
Then we let
1
S(zk_l)zmﬂ = 5 [S(kq)zm—.iﬁ-l + Skzm—./+l] +fm—j(22k71,j, Akxifl),

so that

1
= Apj1 + fm—j(Zok—1js Dk j—1),

ANo_1, 5

1
Ao j = zAkzjfl — fin—j (Zok—1j» Dk j—1)-

It follows immediately from the definition that (S, S2, . .., So») has the dis-
tribution of the random walk with increment p. Also, Exercise 7.1 shows that
Aoi—1,j and Ay ; have the same conditional distribution, given that Ag ;.

It is convenient to rephrase this definition in terms of random variables
indexed by dyadic intervals. Let Iy ; denote the interval

Lj=[(k — D2 k2", j=0,....,m; k=1,...,2.
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We write Z(I) for the normal random variable associated to the midpoint of /,
Z(Ixj) = Zog—1,j+1

Then the Z (1) are independent mean zero normal random variables indexed by
the dyadic intervals with variance |/|/4 where | - | denotes length. We also write

D) = Tryj,  Algy) = Agy-

Then the definition can be given as follows.

e LetI'(110) = Bom, A(11,0) = fin(Bam). _

e Suppose that I is a dyadic interval of length 2! that is the union of
consecutive dyadic intervals I', 1% of length 2"/, Then

ralh = %F(I) +Z(), TUJ*»= % () —2Zd) (7.13)

1 1
A" = 5 AD +fEMD), AD)), AP = 5 AW —fEZd), AD)).

(7.14)
e Note thatif j > 1 and k € {1,...,2/}, then
Bionj = Y T([(i — D27, 2" 7)),
i<k
Seam-i = Y A — 12", i2" ). (7.15)
i<k

We next note a few important properties of the coupling.

e If I = ' UI? as above, then I'(I1), T (I%), A(I"), A(I?) are deterministic
functions of ' (1), A(I), Z(I). The conditional distributions of ("' (I'1), A(I1))
and (I'(I?), A(I%)) given (I'(I), A(I)) are the same.

¢ By iterating this, we get the following. For each interval I; j consider the joint
distribution random variables

T, A), i=0,....],

where [ = (i, k,j) is chosen so that Iy ; C 1;;. Then, this distribution is the
same forallk =1,2,...,2.In particular, if

J
Ryj = Z T (1) — AL,

i=0
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then the random variables Ry, ..., Ry; j are identically distributed. (They
are not independent.)
e Fork =1,

L) — Alhy) = 5 [TU1j—1) — Aly—D] + [Z1y = fi(Z1 j, Syn-i1) ]

N =

By iterating this, we get

J
Rij < ISon = Bonl +2) " Vfon1(Za 1, Syn-i1) = Zi 1. (7.16)
=1

e Define ©(I19) = |Bon — Son| = |[I'(I10) — A(l1,0)|. Suppse thatj > 1 and
I j is an interval with “parent” interval I’. Define © (I ;) to be the maximum
of |B; — S;| where the maximum is over three values of ¢: the left endpoint,
midpoint, and right endpoint of /. We claim that

OUkj) < OU") + [T Uxj) — Akl

Since the endpoints of I ; are either endpoints or midpoints of /', it suffices
to show that

1B, — Si| < max {|B;_ — S5_|,1Bs, — Sy |1} 4+ 1T k) — Al ),

where t,5_, s denote the midpoint, left endpoint, and right endpoint of I ;,
respectively. But using (7.13), (7.4), and (7.15), we see that

B — S == [(Bs. — Ss.) + By, — Ss)] + ITUkj) — Al )l

N =

and hence the claim follows from the simple inequality |[x + y| <
2 max{|x|, |y|}. Hence, by induction, we see that

OUk;) < Ry (7.17)

7.5 Proof of Theorem 7.1.1

Recall that n = 2™. It suffices to show that for each « there is a ¢, such that for
each integer j,

P{|S; — Bi| > ¢4 logn} < cyn™?. (7.18)
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Indeed, if the above holds, then
n
P { max |S; — Bj| > ca logn} < Z}P’HS,- — Bil > ¢ logn} < cqn™ @t
1<i<n i1

We claim, in fact, that it suffices to find a sequence 0 =iy < ij <--- <ij=n
such that |iy — ix_1| < ¢4 logn and such that (7.18) holds for these indices.
Indeed, if we prove this and |j —ix| < ¢4 log n, then exponential estimates show
that there is a ¢/, such that

P{IS; — Si, | = c logn} + P{|B; — B;,| > c logn} < c(; n Y,
and hence the triangle inequality gives (7.18) (with a different constant).
For the remainder of this section we fix @ and allow constants to depend on
o. By the reasoning of the previous paragraph and (7.17), it suffices to find a ¢
such that forlog,m+c <j<m,andk =1,... ,2m=j

P {RkJ > Cqy m} < Cq e—(xm,

and as pointed out in the previous section, it suffices to consider the case k = 1,
and show

]P’{Ru > Cy m} <cqe ¥ forj=log,m+c,...,m. (7.19)

Let § be the minimum of the two values given in Propositions 7.3.1 and 7.3.2,
and recall that there is a 8 = B(8) such that

P{|Sy| = 62/} < exp{—p2/})
In particular, we can find a ¢3 such that

Y. PUSyI =82} <0 ™).

logy m+c3<j<m

Proposition 7.3.1 tells us that on the event {|Son| < §2™},

S2,
|Som — Bom| < ¢ 1+2Lm .
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Similarly, Proposition 7.3.2 tells us that on the event {max{|Syn-1|, [Sym-r1+1|} <
82’""}, we have

S2m7 + Ssz
|Zl’] —fm_l(ZL],Szm—/+l)| S C [1 + u .

om—l

Hence, by (7.16), we see that on the same event, simultaneously for all j €
[log, m + c3,ml,

s2
[Sns = Bynei| < Rij+1Sm =Bl <c|m+ 3 =

logy m—c3<i<m

‘We now use (7.7) (due to the extra term —c3 in the lower limit of the sum, one
may have to apply (7.7) twice) to conclude (7.19) for j > log, m 4+ c3.

7.6 Higher dimensions

Without trying to extend the result of the previous section to the general
(bounded exponential moment) walks in higher dimensions, we indicate two
immediate consequences.

Theorem 7.6.1 One can define on the same probability space (22, F,P), a
Brownian motion By in R? with covariance matrix (1/2) I and a simple random
walk in Z?* such that the following holds. For each a < oo, there is a cq
such that

]P{max ISj — Bj| > cq logn} <cgn “.

I1<j<n

Proof We use the trick from Exercise 1.7. Let (S,,1,Bn.1), (Sn2,Bn2) be
independent dyadic couplings of one-dimensional simple random walk and
Brownian motion. Let

(Sn,l + Sn,2 Sn,l - Sn,2>
Sn = )

2 ’ 2
Bn,l + Bn,2 Bn,l - Bn,Z
B, = > , > .

]

Theorem 7.6.2 If p € P,, one can define on the same probability space
(2, F,P), a Brownian motion B; in R? with covariance matrix T and a
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continuous-time random walk S; with increment distribution p such that the
following holds. For each o < o0, there is a cq such that

P { max |S; — Bj| > ¢4 logn} <cqn . (7.20)

1<j<n

Proof Recall from (1.3) that we can write any such S, as

xi+-+8!

Si=5, qt

q1t X

where q1,...,q; > 0, x1,...,x1 € 74, and 5’1,...,§[ are independent one-
dimensional simple continuous-time random walks. Choose [/ independent
couplings as in Theorem 7.1.1,

(s}, BN, (5*,B%),...,(S.,B),

where B!, ..., B! are standard Brownian motions. Let
By =B, xi+ +B x.
This satisfies (7.20). O

7.7 Coupling the exit distributions

Proposition 7.7.1 Suppose thatp € P,;. Then one can define on the same prob-
ability space a (discrete-time) random walk S,, with increment distribution p, a
continuous-time random walk S; with increment distribution p, and a Brownian
motion B; with covariance matrix T such that for each n,r > 0,

P{IS;, = Byl = rlogn} =P {I3;, — Byl = rlogn} < 1,

where
& =min{j : J(Sj) = n}, & =min{z: J(S) = n},
&, = min{r : J(B;) = n}.

& We advise caution when using the dyadic coupling to prove results about
random walk. If (Sp, Bt) are coupled as in the dyadic coupling, then S, and B;
are Markov processes, but the joint process (Sp, Bp) is not Markov.
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Proof 1t suffices to prove the result for S',,B,, for then we can define S; to
be the discrete-time “skeleton” walk obtained by sampling S; at times of its
jumps. We may also assume r < n; indeed, since |§§n| + |B€/,| < O(n), for all
n sufficiently large

P {|§§n — BE;’:' >n logn} =0.
By Theorem 7.6.2 we can define S, B on the same probability space such that

except for an event of probability O(n™%),

|S‘,—B,| < c1 logn, 0<rt<n.

We claim that P{€, > n3} decay exponentially in n. Indeed, the CLT shows that
there is a ¢ > 0 such that for » sufficiently large and |x| < n, PX{E, < n?} > c.
Iterating this gives PYE, > n’) < (1 — o)™ Similarly, P{§, > n’} decays
exponentially. Therefore, except on an event of probability O(n™4),

IS — B/l <1 logn, 0 <1< max(§,&,). (7.21)

Note that the estimate (7.21) is not sufficient to directly yield the claim, since it
is possible that one of the two paths (say S ) first exits C,, at some point y, then
moves far away from y (while staying close to dC,) and that only then the other
path exits C,, while all along the two paths stay close. The rest of the argument
shows that such an event has small probability. Let

&n(c1) = min{z : dist(Sy, Z¢ \ Cy) < c1logn} and
o/ (c1) = min{z : dist(B,, Z% \ C,) < ¢ logn},

and define
pn = ou(c1) A oy(cr).

Since p, < max{g,,, &}, we conclude as in (7.21) that with an overwhelming
(larger than 1 — o) probability,

|§t — B/ <cilogn, 0=<t=<py,,

and, in particular, that

1Sy, — B,,| < ci1logn. (7.22)
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On the event in (7.22) we have
max({dist(S,,, 29 \ C,), dist(B,,, Z¢ \ C)} < 2¢| logn,
by triangle inequality, so, in particular,
max{6,(2c1),0,(2¢1)} < pp- (7.23)

Using the gambler’s ruin estimate (see Exercise 7.5) and strong Markov
property for each process separately (recall, they are not jointly Markov)

P{IS5,2¢;) — S| < r logn for all j € [6,(2¢1),&,]} > 1 — 672 (7.24)
and also
P{|By;2cy) — Bil < 1 logn forall t € [0,(2c1), &1} > 1 — 672 (7.25)
Applying the triangle inequality to
Sz, — Bey = Sz, — S,) + Sy, — By,) + (B, — Bz,

on the intersection of the four events from (7.22)—(7.25), yields Sén — By <
(2r + c1) log n, and the complement has probability bounded by O(1/r). O

Definition A finite subset A of Z¢ is simply connected if both A and Z¢ \ A are
connected. If x € Z4, let S, denote the closed cube in R? of side length one,
centered at x, with sides parallel to the coordinate axes. If A C 74 let Dy be
the domain defined as the interior of UycaSy. The inradius of A is defined by

inrad(A) = min{|y| : y € z¢ \ A}.

Proposition 7.7.2 Suppose that p € P,. Then one can define on the same
probability space a (discrete-time) random walk S,, with increment distribution
p and a Brownian motion B; with covariance matrix I such that the following
holds. If A is a finite, simply connected set containing the origin and

pa =inf{t : By & Da},
then if r > 0,

P{|Sz, — Bp,| = r log[inrad(A4)]} <

S
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Proof This is similar to the last proposition except that the gambler’s ruin
estimate is replaced with the Beurling estimate. (]

Exercises

Exercise 7.1 Suppose that S, = X| + - - - + X,, where X1, X», . .. are indepen-
dent, identically distributed random variables. Suppose that P{S;, = 2y} > 0
for some y € R. Show that the conditional distribution of

Sn -y
conditioned on {S,, = 2y} is symmetric about the origin.

Exercise 7.2 Suppose that S, is a random walk in Z whose increment dis-
tribution satisfies (7.4) and (7.5) and let C < oo. Show that there exists a
t = t(b, €, co, C) > 0 such that for all n,

152
E|:exp {—"} D 1Sul < Cn] <e.
n

Exercise 7.3 Suppose that S, is continuous-time simple random walk in Z.

(i) Show that there is a ¢ < oo such that for all positive integers n,
P{S, = nz} > ¢! exp{—cn2 log n}.

(Hint: consider the event that the walk makes exactly n> moves by time 7,
each of them in the positive direction.)

(ii) Show thatifr > 0,
182
E|:exp{ "}:| = 00.
n

Exercise 7.4 Let ® be the standard normal distribution function, and let
D=1-—9.

(i) Show that as x — o0,

2
_ e /2 oo 1 )
O (x) ~ / e Mdt = —— /2,
V2r Jo V21

(i1) Prove (7.10).
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(iii) Show that forall 0 <r < x,
D(x+1)<e ™ e D(x) < e e 2 D(x) < P(x —1).

(iv) For positive integer n, let ®,(x) = ®(x/+4/n) denote the distribution
function of a mean zero normal random variable with variance n, and

®,, = 1 —P,,. Show thatforevery b > 0, thereexistd > 0and0 < ¢ < 00
such thatif 0 < x < én,

(v) Prove (7.9).

Exercise 7.5 In this exercise we prove the following version of the gambler’s
ruin estimate. Suppose that p € Py,d > 2. Then, there exists ¢ such that the
following is true. If & € R¢ with |#| = 1 and r > 0,

c(r+1)

P{sj-0=—r, 0=j=g}=——. (7.26)

Here &, is as defined in Section 6.3.
(i) Let
qx,n,0) =P*{S; -6 >0, 1<j<§&}
Show that there is a ¢; > 0 such that for all n sufficiently large and all

6 € R? with || = 1, the cardinality of the set of x € 74 with |x| < n/2
and
q(x,n,0) > c14(0,2n,0)
is at least ¢ n—1L.
(i1) Use a last-exit decomposition to conclude

> Gp,(0.x) qx,n,0) <1,

xeCp

and use this to conclude the result for r = 0.
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(iii) Use Lemma5.1.6 and the invariance principle to show thatthereisacy > 0
such that for all |6 = 1,

q(0,n,0) > 2.
n

(iv) Prove (7.26) for all r > 0.
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Additional topics on simple random walk

In this chapter we only consider simple random walk on Z?. In particular, S
will always denote a simple random walk in 74.1f d > 3, G denotes the
corresponding Green’s function, and we simplify the notation by setting

G(iz)=—az), d=1,2,

where a is the potential kernel. Note that then the equation LG (z) = —48(z)
holds forall d > 1.

8.1 Poisson kernel

Recall thatif A C Z4 and ta=min{j > 0:8; €A}, Ta =min{j > 1:§; £ A},
then the Poisson kernel is defined for x € A,y € A by

Hy(x,y) = P*{S;, = y}.

For simple random walk, we would expect the Poisson kernel to be very close
to that of Brownian motion. If D ¢ R? is a domain with sufficiently smooth
boundary, we let p (x, y) denote the Poisson kernel for Brownian motion. This
means that, for each x € D, hp(x,-) is the density with respect to surface
measure on dD of the distribution of the point at which the Brownian motion
visits dD for the first time. For sets A that are rectangles with sides perpendicular
to the coordinate axes (with finite or infinite length), explicit expressions can be
obtained for the Poisson kernel and one can show convergence to the Brownian
quantities with relatively small error terms. We give some of these formulas in
this section.

225
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8.1.1 Half space
If d > 2, we define the discrete upper half space H = H; by

H={(x,y) e 741 x Z:y > 0},

with boundary 0H = 721 % {0} and “closure” H = HU dH. Let T = TH,
and let Hy; denote the Poisson kernel, which for convenience we will write as
a function Hyy : H x Z4~1 — [0, 1],

Hy(z,x) = Hy(z, (x,0)) = P{S7 = (x,0)}.

Ifz = (x,y) € Z¢~! x Z, we write Z for its “conjugate”, 7 = (x, —y).If z € H,
thenz € —H. If z € 9H, then 7 = z. Recall the Green’s function for a set
defined in Section 4.6.

Proposition 8.1.1 For simple random walk in Zd, d>2ifz,weH,
Gr(z,w) =Gz —w) — G(z —w),

1
Hy(2,0) = 2 [G(z—ey) — G(z+ey)]. 8.1)

Proof To establish the first relation, note that for w € H, the function f (z) =
G(z—w)—G(iz—w) = Gz —w) — Gz — w) is bounded on H, Lf (z) =
—38(2), and f = 0 on d’H. Hence f(z) = G(z, w) by the characterization
of Proposition 6.2.3. For the second relation, we use a last-exit decomposition
(focusing on the last visit to e; before leaving H) to see that

1
Hy(z,0) = — G s .
+(z,0) 2d H(Z,€q)

The Poisson kernel for Brownian motion in the upper half space
H=Hy = {(x,y) € R x (0,00)}
is given by

2y

h((.3),0) = h((+2.3).2) = 2= =g

where wy = 274/? /T (d/2) is the surface area of the (d — 1)-dimensional sphere
of radius 1 in R¢. The next theorem shows that this is also the asymptotic value
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for the Poisson kernel for the random walk in H = H,, and that the error term
is small.

Theorem 8.1.2 Ifd > 2 and z = (x,y) € Z¢71 x {1,2,...}, then

(%ﬂ 0 (|Z|j’+l) L 6D

Proof We use (8.1). If we did not need to worry about the error terms, we
would naively estimate

2y
Hy(2,0) = Z|1+0
wq|z]

[G(z —eg) — G(z+¢4)]

2d
by
C,
25 [|z—e,,g| |z+ed|2*"], d >3, (8.3)
C |z — eq]
22 L d=2. 8.4
4 g|Z-f-ed| 8.4

Using the Taylor series expansion, one can check that the quantities in (8.3)

and (8.4) equal
2y lyl? >
+0 .
walz| <IZ|"+2

However, the error term in the expansion of the Green’s function or potential
kernel is O(|z] =), so we need to do more work to show that the error term in
(8.2) is of the order O(|y|%/|z]9*2) + O(|z|~“@+D).

Assume without loss of generality that |z| > 1. We need to estimate

Gz—eg) —G(z+eg)

=Y Ipaz —ea) = paz + el = ) [Py(z — €a) = Pz + €4)]
n=1 n=1
=) [Pulz — €4) = Po(z — €a) — paz + €a) + D,z + €a)] -
n=1

Note that z — e; and z + e; have the same “parity”, so the above series converge
absolutely even if d = 2. We will now show that

1 & 2y yz
Yl Z Paz—eq) — P,z +eq)] = PRT +0 <W> . (8.5)
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Indeed,
_ _ a2 1 _plPre-1? _ 4
Du(z—€q) —p,(z+eq) = WW@ 2n/d (1 —e 2"/‘1).

4y
For n > y, we can use a Taylor approximation for 1 — e” 2¢/4, The terms with
n <y, do not contribute much. More specifically, the left-hand side of (8.5)
equals

244/2+1 2 _b2+o-1? 10 |>2 2412 5
n —lz|
(27)/2 Z n1+d/2 Z 2+djz€ i +00%e ™).

n=1

Lemma 4.3.2 then gives

[e.¢]

> [Paz—ea) = Buz+ea)]

n=1

_2dTd/)2) y +0< »? )
TP P+ - DY 2]+

_2dT@d/2) y 0( »? )

- 7d/2 |Z|d |Z|d+2

4d y y2 )
-2 40 .
wq |z|¢ (Izl”“r2

The remaining work is to show that

oo
Y [Pa(z — €a) = Pu(z — €a) = palz + €a) + P,z + €a)] = O(lz|~“*D).
n=1

‘We mimic the argument used for (4.11); some details are left to the reader.
Again, the sum over n < |z| is negligible. Due to the second (stronger)
estimate in Theorem 2.3.6, the sum over n > |z|? is bounded by

c _0 1
Zz n(d+3)/2 - |Z|d+1 ’
n>|z|

For n € [|z],z|?], apply Theorem 2.3.8 with k = d + 5 (for the case of
symmetric increment distribution) to give

X2 wiw/ ) 0( 1 )

pn(w) = p,(w) + Z n(d+i—2)/2 + d+k—1)/2
=3
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where w = z & e;4. As remarked after Theorem 2.3.8, we then can estimate

|pn(Z —eq) _I_7n(Z —ey) _Pn(Z —ey) +I_7n(z _ ed)|
up to an error of O(n—d+k=1/2) by
d+5 |

Ba+s(n,z) = 2; nd+i-2)/2
J=:

() ()

Finally, due to Taylor expansion and the uniform estimate (2.29), one can obtain
a bound on the sum Zne[|z|,|z\2] I3 44+5(n,z) by imitating the final estimate in
the proof of Theorem 4.3.1. We leave this to the reader. U

In Section 8.1.3 we give an exact expression for the Poisson kernel in Hj
in terms of an integral. To motivate it, consider a random walk in 72 starting
at ey stopped when it first reaches {xe; : x € Z}. Then, the distribution of the
first coordinate of the stopping position gives a probability distribution on Z. In
Corollary 8.1.7, we show that the characteristic function of this distribution is

@) =2 —cosf — /(2 —cos6)? — 1.

Using this and Proposition 2.2.2, we see that the probability that the first visit
is to xe; is

e

L e—ix@ ) do = L /n cos(x0) ¢ (6) do.
2 J_» 27 Jn

If, instead, the walk starts from ye,, then the position of its first visit to the
origin can be considered as the sum of y independent random variables each
with characteristic function ¢. The sum has the characteristic function ¢”, and
hence

1 b4
Hy(vey,xep) = ﬂ/ cos(xB) ¢ (6)” db.

8.1.2 Cube

In this subsection we give an explicit form for the Poisson kernel on a finite
cube in Z4. Let K,, = Kn.q be the cube

Kn={G....xH ez 1<¥ <n—-1}.
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Note that #(XC,) = (n — 1)¢ and 9K, consists of 2d copies of Kna—1. Let
S; denote simple random walk and © = 7, = min{j > 0 : §; & K,}. Let
H, = Hy, denote the Poisson kernel

Hl’l(xay) = PX{S'[n = y}
If d = 1, the gambler’s ruin estimate gives
X
Hn('x’n)z_, x=0,1,...,}’l,
n

so we will restrict our consideration to d > 2. By symmetry, it suffices to
determine H,(x,y) for y in one of the (d — 1)-dimensional subcubes of 3/C,,.
We will consider

yed) i={ny) eZ 5 € Kna_r).

The set of functions on /C,, that are harmonic in C,, and equal zero on 9/C;, \ 8,1
is a vector space of dimension #(8,1 ), and one of its bases is {H,,(-,y) : y € 8,1 }.
In the next proposition we will use another basis which is more explicit.

& The proposition below uses a discrete analogue of a technique from partial
differential equations called separation of variables. We will then compare this
to the Poisson kernel for Brownian motion that can be computed using the usual
separation of variables.

Proposition 8.1.3 Ifx = (x!,...,x%) € K,gandy = (%,...,y)) € Kn_1.4,
then H, (x, (n,y)) equals

2\¢! sinh(alen/n) (2
— Z - Sln e
n sinh (o) n

zek,a-1
) dedn, ] Z2y2n, ) zdydn
sin sin -+ -sin ,
n n n
where z = (z%,...,7%) and a, = o IS the unique nonnegative number

satisfying

d .
cosh (0:271) + Z cos (ZJTJT) =d. (8.6)
j=2
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Proof 1Ifz= (22, e, zd) e R4 let f; denote the function on 74,

h d . oax'm\ | (2Pm (X
f(x,...,x%) = sinh sin ---sin s
n n n

where o, satisfies (8.6). It is straightforward to check that for any z, f; is a
discrete harmonic function on Z¢ with

1
f:x) =0, xedkK,\9,.
We now restrict our consideration to z € ICp, 4_1. Let

. 2(d—1)/2

f= n@=D/2 sinh(a,7)

for 7€ Kna-ts

and let f;* denote the restriction of fz to 8,11, considered as a function on Ky, 4_1,

. R \@-D2 200 .
fz(x>=fz<(n,x>)=(;) sm( ‘ >~--51n =)

2

x=(x ,...,xd) € Kna-1.

For integers 1 < j,k < n — 1, one can see (via the representation of sin in
terms of exponentials) that

n—1 .
. (Jjln . (ki _ o j#Ek
l; sin <7) sin <7> = {n/2 i=k. (8.7)

Therefore, {fz* : z € K, 4—1} forms an orthonormal basis for the set of functions
on KCp4—1, in symbols,

DAY AR

1, z=2~
xelya-1

{O, 7#7Z

Hence, any function g on /C,, s_; can be written as

g = Y C@fiw,

2ek54-1
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where

Cga= ), £ gw).

yekua—1

In particular, if y € Kp 4—1,

S = Y FOL®.

Ze’Cn,dfl

Therefore, for each y = (y2,...,y,) the function

sinh (« xlrr/n) A N
X = Z Z—.fZ(y)‘fZ((n’x27 . 'axn))9
sinh (o)
€041
is a harmonic function in XC,, ; whose value on dKC,, 4 is (s,y) and hence it must
equal x — Hy(x, (n,y)). U

To simplify the notation, we will consider only the case d = 2 (but most of
what we write extends tod > 3). If d = 2,

n

. , )
H;Cn((xl,xz), (n.y)) = %Z sinh(ayx' 7 /n) in (kx 7'[) “in (%) ,
k=1

sinh(a ) n

(8.8)

where a; = ay , is the unique positive solution to

arm km
cosh (—) +cos| — ) =
n n

Alternatively, we can write

a =2 (k—”> , (8.9)

/4 n

where r is the even function
r(t) = cosh™ (2 — cos 7). (8.10)
Using cosh™ (1 4+ x) = vV2x + 0(x*/?) as x — 0+, we get

r(t) = |t + 0(t]?), € [-1,1].
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Now (8.9)—(8.10) imply that

k3
ak=k+0<—2). (8.11)
n
Since a; increases with k, (8.11) implies that there is an € > 0 such that
ap>¢€k, 1<k<n-—1. (8.12)

We will consider the scaling limit. Let B; denote a two-dimensional Brownian
motion. Let I = (0, 1)? and let

T =inf{t: B, ¢ K}.

The corresponding Poisson kernel /i can be computed exactly in terms of an
infinite series using the continuous analogue of the procedure above, giving

sinh(kx!7)

. 2 .
Sinh (k) sin(kx“m) sin(kym) (8.13)

(o), (Ly) =2
k=0

(see Exercise 8.2).
Roughly speaking, we expect that

1
Hi, (nx"', nx?), (n,ny)) ~ —h((1,x2), (1,32)),

and the next proposition gives a precise formulation of this.
Proposition 8.1.4 There exists ¢ < 00 such that if 1 < j',j%,1 < n— 1 are
integers, x' =j'/n,y =1/n,

nHy, (G5, (n,1) — h((x',%%), (1,y)) sin(x?7) sin(yr).

< &
- (1 _x1)6 n2

& A surprising fact about this proposition is how small the error term is. For
fixed x! < 1, the error is O(n~2) where one might only expect O(n—1).

Proof Let p = x!'. Given k € N, note that | sin(kf)| < k sinz for0 < ¢ < 7.
(To see this, t — k sint % sin(k?) is increasing on [0, #;] where #;, € (0,7/2)
solves sin(#;) = 1/k, and sin(-) continues to increase up to 7 /2, while sin(k -)
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stays bounded by 1. For 7/2 < t < 7 consider & — ¢ instead; details are left to
the reader.) Therefore,

1 i sinh(kx'7r)

.
sin(x?7) sin(ym) sinh (k) sin(kx“r) sin(kym)

kz=n/3

i 2 sinh(k pr)
sinh (k)

<
k=n2/3

I /\

Z s Sinh(kpr) sinh(k p7r)
sinh (k)

k>112/z

o0
< 3 kS ek, (8.14)

n
k=n2/3

IA

Similarly, using (8.12),

1 i sinh(agx'm)

I ) sink
sin(x27) sin(ym) s sinh(ay ) sin(kx“7) sin(kyrw)

n2/3

1
5 —ke(l—p)m
§—n2 E ke .

k2n2/3

For0 <x < 1and k < n?/3,

3
sinh(xag ) = sinh(xkm) |:1 + 0 <%)i| .

Therefore,
1 inh (kx! inh(ax!
| Y | (o) sinh(@ ) | ooy sin(kyr)
sin(x27) sin(ym) s sinh (k) sinh (a )
<n</-

< 3 —k(l—p)yw _ € 5 —k(1—p)m
=2 Z ke =2 Z ke ’

k<n2/3 k<n2/3
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where the second to last inequality is obtained as in (8.14). Combining this with
(8.8) and (8.13), we see that

InHie, (i1, 7%), (n,nl)) — h((x',x%), (1,))] < ikS e €(1=p)k
sin(x27) sin(ym) n k=1

5%-
(1—p)Pn 0

& The error term in the last proposition is very good except for x1 near 1.
For x' close to 1, one can give good estimates for the Poisson kernel by using
the Poisson kernel for a half plane (if x2 is not near 0 or 1) or by a quadrant (if
x2 is near 0 or 1). These Poisson kernels are discussed in the next subsection.

8.1.3 Strips and quadrants in Z>

In the continuing discussion we think of Z? as Z +iZ, and we will use complex
numbers notation in this section. Recall r defined in (8.10) and note that

D =2 _—cost++/(2—cost)2 — 1,
e =2 —cost —+/(2—cost)? — 1.

For each ¢t > 0, the function
fix+iy) = 7O sin(yr),  filx +iy) = e D sin(yr),

is harmonic for simple random walk, and so is the function sinh(xr(?)) - sin(y?).
The next proposition is an immediate generalization of Proposition 8.1.3 to
rectangles that are not squares. The proof is the same and we omit it. We
then take limits as the side lengths go to infinity to get expressions for other
“rectangular” subsets of Z2.

Proposition 8.1.5 If m,n are positive integers, let
Apn={x+iyeZxiZ:1<x<m-1,1<y<n-—1}.
Then

Hy,, (x +iy,iy1) = Ha,,,((m — x) + iy,m + iy1)
2 ' sinh(r () (m — x) (jny> . <jny1)
= — simm{ — | Sin .

ni sinh(r(Zym) n n

(8.15)
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Corollary 8.1.6 If n is a positive integer, let

Asop={x+iyeZxiZ:1<x<oo,1<y<n-—1}.

Then
V. i 25 jm . (JTyN . [(Jmy1
HAociyz(x‘i‘ly,l)’l):—Zexp —r|=— )x¢ sin|{ —= ) sin ,
, nj:] n n n
(8.16)
and

2 /” S O® =) G ) sin@ee) dr. (8.17)
0

H iy, = — -
Aoe ¥ F 1y X1) T sinh(r()n)
Proof Note that

Ha,, (x +iy,iy1) = mli_{noo Ha,,,,(x +1y,iy1),

- sinh(r(ZH)(m — x) { (jn) }
lim n =expy—r|— )xq-
M=o sinh(r(5)m) n

This combined with (8.15) gives the first identity. For the second we write

and

Hay,(x+iy,x1) = lim Hp,,(x +iy,x1)

mn

= hm Hy (v +ix,ixy)

n,m

2" sinh(r(Ey(n—y)) (jnx) . (jmq)
lim —Z — sin | — ) sin { ——
moom = s1nh(r(/ ) m m

_ 2 [TsihO@m=y)
= / s1nh(r(t)n) sin(#x) sin(txy) dt.

O

& We derived (8.16) as a limit of (8.15). We could also have derived it directly
by considering the collection of harmonic functions

oo -r () an (B2). =t
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Corollary 8.1.7 Let
Ay ={x+iyeZ xiZ:x > 0}.

Then

] T
Hy, (x+1iy,0) = E,/ e ™D cos(yr) dt

-7

Remark If H denotes the discrete upper half plane, then this corollary implies
that

M

1
Hy(iy,x) = Hy(— x4+ iy,0) = 2—/ e cos(xt) dt.
b1

-7

Proof Note that

Hp, (x+1y,0) = lim Ha,, (c +i(n+y),in)

2n—1 . ) .
im 13 exp - (25 o) in (41 ) sin (P2
e o b 2n 2 2n )

Note that sin(jz/2) = 0 if j is even. For odd j, we have sinzqn/2) = 1 and
cos(jrr/2) = 0, hence

. fir\ . (jmr(n+y) Jry
sin[— )sin|———= ) = cos [ — ).
2 2n 2n

Therefore,

Ha, (x +iy,0) = lim _Zexp{ <(21;1)”) }COS<(2j—znl)ny>

= —/ e~ D cos(yr) dt.
7 Jo
O

Remark As already mentioned, using the above expression for (Hy, (i,x),
x € Z), one can read off the characteristic function of the stopping position of
simple random walk started from e, and stopped at its first visit to the Z x {0}
(see also Exercise 8.1).
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Corollary 8.1.8 Let
Asoo ={x+iyeZ+iZ:x,y > 0}.

Then,
2 s
Hy  (x+iy,x1) = —/ e "M gin(tx) sin(x)) dt.
: 7 J

Proof Using (8.17),

Hy, o (x+iy,x1) = nlglgo Hay,, (x + iy, x1)

_ o 2 [Tsinh(r(D(n—y)) .
_nli)n;o < )y —sinh(r(t)n) sin(tx) sin(txy) dt

2 T
= —/ e "D sin(ex) sin(rx;) dt.
T Jo

8.2 Eigenvalues for rectangles

In general it is hard to compute the eigenfunctions and eigenvectors for a finite
subset A of Z¢ with respect to simple random walk. One feasible case is that of
a rectangle

A=RWNy,...,Ng) = (', ... .xH) eZ?:0 <¥ <Ny}

Ifk = (ki,...,kg) € Z¢ with 1 < k; < Nj, let

fk(xl,...,xd) = fikvy,o.., Nd(xl,...,xd) = li{sin (xj]fgn) .
j=
Note that fx = 0 on IR(Ny,...,Ng). A straightforward computation shows
that
L', xh) = ak) f.
where

d

(Y(k) = (X(k;Nl,...,Nd) = %Z [COS <kjv_7t> _ 1:| .
J

j=1
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Using (8.7) we can see that the functions
Pl <k <N -1},

form an orthogonal basis for the set of functions on R(N7y, . .., Ny) that vanish
on IR (N, ..., Ng). Hence, this gives a complete set of eigenvalues and eigen-
vectors. We conclude that the (first) eigenvalue o of R(Nq, ..., Ng), defined in
Section 6.9, is given by

In particular, as n — oo, the eigenvalue for K, = K,y = R(n,...,n),is
given by
(71) 1 — 72 ) 1
o, =cos|—) =
Ka n n2 nt

8.3 Approximating continuous harmonic functions

It is natural to expect that discrete harmonic functions in Z¢, when appropriately
scaled, converge to (continuous) harmonic functions in R4 In this section we
discuss some versions of this principle. We let i = Uy = {x € RY : |x| < 1}
denote the unit ball in R¢.

Proposition 8.3.1 There exists ¢ < oo such that the following is true for all
positive integers n, m. Suppose thatf : (n +m)U — R is a harmonic function.
Then there is a function f on B, with Ef (x) = 0,x € B, and such that

Ilflloo

If () —f )| < x € B,. (8.18)

In fact, one can choose (recall &, from Section 6.3)

f @) =E [ (Sg)]-

Proof Without loss of generality, assume that ||f ||.o = 1. Since f is defined
on (n+ 1)Uy, f is well defined. By definition we know that £f (x) = 0,x € B,,.
We need to prove (8.18). By (6.9), if x € B,,

&n—1
F) =E|f(Se) = D LFS) | =F ) — ¢ ),

j=0
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where

$(x) =Y Gg,(x.2) Lf (2).

zeB,

In Section 6.2, we observed that there is a ¢ such that all fourth-order derivatives
of f at x are bounded above by ¢ (n + m — |x|)~*. By expanding in a Taylor
series, using the fact that f is harmonic, and also using the symmetry of the
random walk, this implies that

c
ILf ()| < (rz+m—

— [x*’
Therefore, we have
— Gp, (x,2)
Pl <ecy . Y. [rp—— (8.19)

k=0 k<|z|<k+1

‘We claim that there is a ¢; such that for all x,

> Gpa)<cl

n—I<|z|<n—1

Indeed, the proof of this is essentially the same as the proof of (5.5). Once we
have the last estimate, summing by parts the right-hand side of (8.19) gives that
P (0] < c/m?. O

The next proposition can be considered as a converse of the last proposition.
Iff : Z¢ — Ris a function, we will also write f for the piecewise constant
function on R? defined as follows. For each x = !,....¥) e 74, let O,
denote the cube of side length 1 centered at x,

11
Dx={(y1,...,yd)eRd:—§Syl_x/<§}.

The sets {(]; : x € Z¢} partition R4,

Proposition 8.3.2 Suppose that f, is a sequence of functions on Z% satisfying
Lfy(x) = 0,x € By and sup, |f,(x)| < 1. Let g, : R? — R be defined by
&n(y) = fu(ny). Then there exists a subsequence n; and a function g that is
harmonic on U such that g,; —> g uniformly on every compact K C U.



8.4 Estimates for the ball 241

Proof Let J be a countable dense subset of U{. For each y € J, the
sequence g, (y) is bounded and hence has a subsequential limit. By a standard
diagonalization procedure, we can find a function g on J such that

g (») — 80, yel.

For notational convenience, for the rest of this proof we will assume that in fact
gn(y) — g(»), but the proof works equally well if there is only a subsequence.

Given that r < 1,let rid = {y € U : |y| < r}. Using Theorem 6.3.8,
we can see that there is a ¢, < oo such that for all n, [g,(y1) — g.(2)| <

¢r [yt —yal+n~"for yi,y2 € rid. In particular, [g(y1) — g(v2)| < ¢/ [y1 —yal
for y1,y2 € J N rU. Hence, we can extend g continuously to 7/ such that

lg1) — g0l < crlyr —y2l,  y1,y2 € 1U, (8.20)

and a standard 3e-argument shows that g, converges to g uniformly on ri{.
Since g is continuous, in order to show that g is harmonic, it suffices to show
that it has the spherical mean value property, i.e. if y € U/ and |y| + € < 1,

/I | 8(2) dse(z) = g(y).
z—y|=€

Here, s denotes surface measure normalized to have measure one. This can be
established from the discrete mean value property for the functions f,, using
Proposition 7.7.1 and (8.20). We omit the details. O

8.4 Estimates for the ball

One is often interested in comparing quantities for the simple random walk on
the discrete ball B3, with corresponding quantities for Brownian motion. Since
the Brownian motion is rotationally invariant, balls are very natural domains
to consider. However, the lattice effects at the boundary mean that it is harder
to control the rate of convergence of the simple random walk. This section
presents some basic comparison estimates.

We first consider the Green’s function Gg, (x, y). If x = 0, Proposition 6.3.5
gives sharp estimates. It is trickier to estimate this for other x,y. We will let
g denote the Green’s function for Brownian motion in R? with covariance
matrix d 11,

gr,y) =Calx—y*™, d =3,
gx,y) =—Cy log|x—y|, d=2,
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and define g,(x,y) by

gn(x,y) = g(x,y) — E*[g(Br,, )].

Here, B is a d-dimensional Brownian motion with covariance d '/ and
T, = inf{¢ : |B;| = n}. The reader should compare the formula for g, (x,y) to
corresponding formulas for G, (x, y) in Proposition 4.6.2. The Green’s function
for standard Brownian motion is g,(x,y)/d.

Proposition 8.4.1 Ifd > 2 and x,y € B,,

Gp (x,y) = gn(x )_,_0(;)4_0 ﬂ
B W= B =1 (=D )

& This estimate is not optimal, but improvements will not be studied in this
book. Note that it follows that for every € > 0, if | x|, |y| < (1 —€)n,

_ 1 Iogzn
Gp,(X,y) = gn(X,y) |:1+O<|X_y'2)+oe< - )}

where we write O, to indicate that the implicit constants depend on € but are uni-
form in x, y, n. In particular, we have uniform convergence on compact subsets
of the open unit ball.

Proof We will do the d > 3 case; the d = 2 case is done similarly. By
Proposition 4.6.2,

Gp,(x,y) = G(x,y) — E*[G(Sg,.»)] .-
Therefore,
gn(x,y) — G, (x, )| < [g(x,y) — G(x,y)| + |E*[g(Br,.»)] — E[G(S,. »]|.

By Theorem 4.3.1,

lg(x,y) = G(x,y)| = i
lx =yl

G(S.,y) Ca +0< ! )
e Y) = T i, 1 <o .~d ]
. |Sg, — yI4=2 (1+ 1S, — yD4
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Note that

E (14 |Sg, —yD ™ < In4 1 — [y|| > E*[G(Sg,, )]
<cln+1- "2 Gx,y)

<cln+1— Iyl 2 —y*

sc[w=y+a+r1-p)' .

We can define a Brownian motion B and a simple random walk S on the same
probability space such that for each r,

]P’{lBTn —Sg, |l =71 logn} <

N1 0

see Proposition 7.7.1. Since |B7, — S¢,| < cn, we see that

cn

E[|Br, — S,1] < > P(Br, — Sg,| = k) < c log*n.
k=1

Also,

C, C,
x —yld=2 |z —yld2

clx—z|
< o
[n— Iyl14-

O

Let ap, denote the eigenvalue for the ball as in Section 6.9 and define A,
by ap, = e ™. Let A = A(d) be the eigenvalue of the unit ball for a standard
d-dimensional Brownian motion By, i.e.

P{Bs] <1, 0<s<t}~ce ™, t— 0.

Since the random walk suitably normalized converges to Brownian motion, one
would conjecture that dn®,, is approximately A for large n. The next proposition
establishes this but again not with the optimal error bound.

An = A 1+0 !
" dn? logn) |’

Proof By Theorem 7.1.1, we can find ab > 0 such that a simple random walk
S, and a standard Brownian motion B; can be defined on the same probability

Proposition 8.4.2
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space so that

IP’{ max_|S; — Bjjal = b logn} <bn .
0<j<n3

By Corollary 6.9.6, there is a c; such that for all » and all j,

P{IS;| < n, j<kn®} > ¢tk (8.21)
For Brownian motion, we know that there is a ¢, such that

P{|B;| < 1,0 <1 <k} < cre ™ .
By the coupling, we know that for all n sufficiently large

P{ISjl <n, j< dr"'n? logn} < P{|B;| <n+blogn,
<A 'n?logn) +bnt,

and due to Brownian scaling, we obtain

dn*,

n? logn b
(n+ blogn)?

log2n
<c3exp{—logn+ 0O .
n

dn?x, 1
>1-0 .
A logn

A similar argument, reversing the roles of the Brownian motion and the random

walk, gives
dn*).,, 1
<1+0 .
A logn

c] exp {— logn} < ¢ exp {—

Taking logarithms, we get

Exercises

Exercise 8.1 Suppose that S, is simple random walk in Z> started at the
origin and

T=min{j>1:8; € {xe; :x € Z}.
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Let X denote the first component of ST. Show that the characteristic function
of X is

p(t)=1—+/(2—cost)2 —1.

Exercise 8.2 LetV = {(x,y) € R>:0 < x,y < 1} and let 3;V = {(1,y) :
0 <y < 1}. Suppose that g : 3V — R is a continuous function that vanishes
on 3V \ 9;V. Show that the unique continuous function on V that is harmonic
in V and agrees with g on 9V is

sinh (kx)

£, y)—zz % Sy ST

where

1
Ck :/ sin(tkm) g(1,¢) dt.
0

Use this to derive (8.13).

Exercise 8.3 Let Ay oo be as in Corollary 8.1.8. Suppose that x,, y,, k, are
sequences of positive integers with

Xn Yn . kn
lim — =x, lim — =y, lim — =k,
n—»oo n n—»oo n n—»oo n

where x, y, k are positive real numbers. Find

lim nHADOOO(x,, + iyn, kn).

n—o0

Exercise 8.4 Let f, be the eigenfunction associated to the d-dimensional
simple random walk in 74 on B, ie.

Lf(x) = (1 —e ™) f,(x), x € By,

with f, = 0 on Z? \ B, or equivalently,

L) = —e) Y G, x5 fO).
yeB,

This defines the function up to a multiplicative constant; fix the constant by
asserting that £,(0) = 1. Extend f, to be a function of R? as in Section 8.3
and let

Fn(x) = fu(nx).
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The goal of this problem is to show that the limit
F(x) = lim F,(x),
n—oo
exists and satisfies

F(x) = A /| B Py, (822)
yI=

where g is the Green’s function for Brownian motion with a constant chosen as
in Section 8.4. In other words, F is the eigenfunction for Brownian motion. (The
eigenfunction is the same, whether we choose covariance matrix I or d~'1.)
Useful tools for this exercise are Proposition 6.9.4, Exercise 6.6, Proposition
8.4.1, and Proposition 8.4.2. In particular,

(i) Show that there exist ¢y, ¢ such that
cill =[xl < Fu(x) < ol — |x| + 071,

(ii) Use a diagonalization argument to find a subsequence n; such that for all
x with rational coordinates, the limit

F(x) = lim Fy, (x)
J—>00

exists.
(iii)) Show that for every r < 1, there is a ¢, such that for |x|, [y| < r,

|Fp(x) — Fa()] < ¢ [x =yl 4+n 1.

(iv) Show that F is uniformly continuous on the set of points in the unit ball
with rational coordinates and hence can be defined uniquely on {|z| < 1}
by continuity.

(v) Show that if |x|, |y| < ¢, then

IF(x) = FO)l < ¢ lx =yl

(vi) Show that F satisfies (8.22).

(vii) You may take it as a given that there is a unique solution to (8.22) with
F(0) = 1and F(x) = 0 for |x|] = 1. Use this to show that F,, converges
to F uniformly.
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Loop measures

9.1 Introduction

Problems in random walks are closely related to problems on loop measures,
spanning trees, and determinants of Laplacians. In this chapter we will give
some of the relations. Our basic viewpoint will be different from that nor-
mally taken in probability. Instead of concentrating on probability measures,
we consider arbitrary (positive) measures on paths and loops.

Considering measures on paths or loops that are not probability measures is
standard in statistical physics. Typically, one considers weights on paths of the
form e~PF where B is a parameter and E is the “energy” of a configuration. If
the total mass is finite (say, if there are only a finite number of configurations)
such weights can be made into probability measures by normalizing. There are
times when it is more useful to think of the probability measures and other
times when the unnormalized measure is important. In this chapter we take the
configurational view.

9.2 Definitions and notations
Throughout this chapter we will assume that
X = {x0,X1,...,X4—1}, oOr X = {x0,x1,...}

is a finite or countably infinite set of points or vertices with a distinguished
vertex xq called the root.

¢ A finite sequence of points ® = [wg,®1,...,w;] in X is called a path of
length k. We write |w| for the length of w.

247
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e A path is called a cycle if wg = wi. If wg = x, we call the cycle an x-cycle
and call x the root of the cycle.

We allow the trivial cycles of length zero consisting of a single point.

o Ifx e X, we write x € wif x = w; for some j =0,...,|ow|.
e I[fA C X, we write w C A if all the vertices of w are in A.

e A weight g is a nonnegative function g : X x X — [0, co) that induces a
weight on paths

||

q(w) = l_[ q(wj—1,w)).
j=1

By convention g(w) = 1 if |w| = 0.
e g is symmetric if q(x,y) = q(y,x) for all x,y

& Although we are doing this in generality, one good example to have in mind
isx =2%0rx equal to a finite subset of zd containing the origin with xo = 0.
The weight g is that obtained from simple random walk, i.e. g(x,y) = 1/2d if
[x —y| =1and g = 0 otherwise.

e We say that X' is g-connected if for every x,y € X there exists a path
o = [wy, w1, .. .,0]

with wyp = x, wx = y and g(w) > 0.
e g is called a (Markov) transition probability if for each x

Y ay =1.

y

In this case g(w) denotes the probability that the chain starting at wg enters

states wi, . .., w in that order. If X" is g-connected, ¢ is called irreducible.
e g is called a subMarkov transition probability if for each x
Y gty <1,
¥

and it is called strictly subMarkov if the sum is strictly less than one for at
least one x. Again, g is called irreducible if X is g-connected. A subMarkov
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transition probability ¢ on X’ can be made into a transition probability on
X U {A} by setting g(A, A) = 1 and

qlx, ) =1-" q(x,).

y

The first time that this Markov chain reaches A is called the killing time for
the subMarkov chain.

& If g is the weight corresponding to simple random walk in Z9, then g is a
transition probability if X = Z9 and q is a strictly subMarkov transition probability
if X is a proper subset of Z9.

e If g is a transition probability on X, two important ways to get subMarkov
transition probabilities are:
— Take A C X and consider g(x,y) restricted to A. This corresponds to the
Markov chain killed when it leaves A.
— Let 0 < & < 1 and consider Aq. This corresponds to the Markov chain
killed at geometric rate (1 — A).
e The rooted loop measure m = my is the measure on cycles defined by m(w) =
0if |w| = 0and
m(w) = my(w) = M, |w| > 1.
|l
e An unrooted loop or cycle is an equivalence class of cycles under the
equivalence

[wo, w1, ..., 0] ~ [wj, wjy1,..., 0, 01,. .., 0] 0.1)

We denote unrooted loops by w and write w ~ o if w is a cycle that produces
the unrooted loop ®.

The lengths and weights of all representatives of  are the same, so it makes
sense to write || and g(®).

e If w is an unrooted loop, let
K(w) =#w: v~ v}

be the number of representatives of the equivalence class. The reader can
easily check that K(w) divides || but can be smaller. For example, if @
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is the unrooted loop corresponding to a rooted loop w = [x,y,x,y,x] with
distinct vertices x, y, then |w| = 4 but K (w) = 2.

The unrooted loop measure is the measure m = g, obtained from m by
“forgetting the root,” i.e.

_ v 49w K@) qw)
@ =D, o @l

w~w

A weight g generates a directed graph with vertices X and directed edges
={(x,y) € X x X : g(x,y) > 0}. Note that this allows “self-loops” of the
form (x, x). If g is symmetric, then this is an undirected graph. In this chapter,
graph will mean undirected graph.

If #(X) = n < 00, a spanning tree T (of the complete graph) on vertices X
is a collection of n — 1 edges in X such that X’ with these edges is a connected
graph.

Given g, the weight of a tree 7 (with respect to root xp) is

aTix)= [] qtex),
xxNeT

where the product is over all directed edges (x,x’) € 7 and the direction is
chosen so that the unique self-avoiding path from x to x in 7 goes through x'.
If ¢ is symmetric, then (7 ; x¢) is independent of the choice of the root xo and
we will write g(7) for (7;xp). Any tree with positive weight is a subgraph
of the graph generated by g.

If g is a weight and A > 0, we write g, for the weight Ag. Note that g, (w) =
Ml g(w), ¢, (T) = A1 q(T). If ¢ is a subMarkov transition probability and
A < 1, then g, is also a subMarkov transition probability for a chain moving
as g with an additional geometric killing.

Let £; denote the set of (rooted) cycles of length j and

,Cj(A) ={w e ,Cj tw C A},
LiA) = {w e LiA) ixew), LI =LIX).

c=Jz. cw=JLw. cw=Lw. =z
j=0 j=0 j=0 j=0

We also write Z,»,Zj (A), etc., for the analogous sets of unrooted cycles.



9.2 Definitions and notations 251

9.2.1 Simple random walk on a graph

An important example is simple random walk on a graph. There are two dif-
ferent definitions that we will use. Suppose that X is the set of vertices of an
(undirected) graph. We write x ~ y if x is adjacent to y, i.e. if {x,y} is an
edge. Let

deg(x) =#{y : x ~y}

be the degree of x. We assume that the graph is connected.

e Simple random walk on the graph is the Markov chain with transition
probability

q(x,y) = X~y

1
deg(x)’
If X is finite, the invariant probability measure for this Markov chain is
proportional to deg(x).
e Suppose that

d = sup deg(x) < oo.
xeX

The lazy (simple random) walk on the graph, is the Markov chain with
symmetric transition probability

1
qx,y) = 7 XY

d — deg(x)

q(x,x) = y

We can also consider this as simple random walk on the augmented graph
that has added d — deg(x) directed self-loops at each vertex x. If X is finite,
the invariant probability measure for this Markov chain is uniform.

o A graph is regular (or d-regular) if deg(x) = d for all x. For regular graphs,
the lazy walk is the same as the simple random walk.

o A graph is transitive if “all the vertices look the same,” i.e. if for each x,y €
X there is a graph isomorphism that takes x to y. Any transitive graph is
regular.
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9.3 Generating functions and loop measures
In this section, we fix a set of vertices X and a weight g on X.

e If x € X, the x-cycle generating function is given by

g = Y Wlg= Y q.

weLl,wy=x weLl,wy=x

If g is a subMarkov transition probability and A < 1, then g(A;x) denotes
the expected number of visits of the chain to x before being killed for a
subMarkov chain with weight ¢, started at x.

e For any cycle w we define
dw)=#j:1=<]j=<|ol,0 = w},

and we call w an irreducible cycle if d(w) = 1.
o The first return to x generating function is defined by

fOsx) = > q(@) 11,

well,|w|>1,wy=x,d(w)=1

If Aq is a subMarkov transition probability, then f (1;x) is the probability
that the chain starting at x returns to x before being killed.

One can check as in (4.6), that
g x) =141 (x;x) g(A,x),

which yields

1

T—fan ©-2)

gx) =

e If X is finite, the cycle generating function is

g0 =Y ghx) =) ag =) g (o).

xeX wel wel

Since each x € X has a unique cycle of length 0 rooted at x,

gOx) =1, g(0) =#X).
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o If X is finite, the loop measure generating function is

_ Alel
o) =Y MMmyw) = Mm@ = > “or 1@
wel wel wel,|w|>1 @
Note that if #(X) = n < oo,
A
©(0) i _ / g()—n
0=0, gAM)=r2dN)+n @&OK) = Tds.
0

e If A C X is finite, we write

q(w) A1
F(A; L) =exp Z T
weL(A),|o|>1

3 q(@) K (@) A1®!

= exXp |E|

weLl(A),[o|>1

In other words, log F'(A; 1) is the loop measure (with weight g, ) of the set of
loops in A. In particular, F(X; 1) = e®®),

e If x € A (A not necessarily finite), let log F(A; 1) denote the loop measure
(with weight g, ) of the set of loops in A that include x, i.e.

g(w) A
Fy(A;A) = exp Z Tl
weLFA),jo]>1

q(@) K (@) A1/
= exp Z T

wel (A)J@l=1

More generally, if V C A, log Fy (A; 1) denotes the loop measure of loops in
A that intersect V,

g(@) 2!
Fy(A; L) =exp Z T
weL(A),|lw|>1,VNw#)
B q(@) K @) A1
= exp Z T

weL(A),|B|>1,VNo£)
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If n is a path, we write F,, for Fy where V denotes the vertices in 7. Note
that F(A; 1) = Fa(A; )).
e We write F(A) = F(A; 1), Fx(A) = Fx(A;1).

Proposition 9.3.1 IfA = {y1,...,yi}, then
F(A;2) = Fo(As 1) = Fy, (A;0) Fy, (A3 4) -+ Fy (Ag—154), 9.3)
where A; = A\ {y1,...,yi}. More generally, if V. = {y1,...,yj} C A then
Fy(A:3) = Fyy (A1) Fyy (A3 ) - By (Aj_13 ). 9.4)

In particular, the products on the right-hand side of (9.3) and (9.4) are
independent of the ordering of the vertices.

Proof This follows from the definition and the observation that the collection
of loops that intersect V can be partitioned into those that intersect y;, those
that do not intersect y; but intersect y;, etc. O

The next lemma is an important relationship between one generating function
and the exponential of another generating function.

Lemma 9.3.2 Suppose that x € A C X. Let

gain) = Y qle) Al

weL(A),wo=x

Then,

Fr(A;0) = ga(A ).

Remark If 1 = 1 and q is a transition probability, then g4(1;x) (and hence
by the lemma Fy(A) = Fx(A;1)) is the expected number of visits to x by a
random walk starting at x before its first visit to X’ \ A. In other words, F(A) ™!
is the probability that a random walk starting at x reaches X’ \ A before its first
return to x. Using this interpretation for F(A), the fact that the product on the
right-hand side of (9.3) is independent of the ordering is not so obvious. See
Exercise 9.2 for a more direct proof in this case.

Proof Suppose that @ € ZX(A). Let d(w) be the number of times that a
representative w of @ visits x (this is the same for all representatives w). For
representatives @ with wyg = x, d(w) = dy(w). It is easy to verify that the
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number of representatives w of @ with wg = x is K(®)d(®)/|w|. From this,
we see that

@ = Y 1@ K@@ 5 g

~ ol o] —  d(w)
w~® WO~W,WH=X
Therefore,
|w]
Yo m@at = ) q(@) 2™
wel*(A) weL(A),wy=x d((,())
21
NI SR PCl
j=1 J weL(A),wy=x,d(w)=j

An x-cycle w with d,(w) = j can be considered as a concatenation of j x-cycles
o' with d(w’) = 1. Using this, we can see that

J

> q(e) M = > q(@) M| = fa(rsxy.
welL(A),wy=x,d(w)=j weL(A),wo=x,d(w)=1

Therefore,

00 .
A(x; LY
log Fy(A; 1) = Zf—. = —log[l — fa(k; )] = log ga(%; x).

j=1

The last equality uses (9.2). ]

Proposition 9.3.3 Suppose that#(X) = n < oo and A > 0 satisfies F(X; 1) <
oo. Then

F(X;\) = m,

where Q denotes the n x n matrix [q(x, )] yex.

Proof Without loss of generality we may assume that A = 1. We prove by
induction on n. If n = 1 and Q = (r), then F(X;1) = 1/(1 — r). To do the
inductive step, suppose thatn > 1 and x € X, then

_ detll — 0]

g(l;x) = o =lu-o7' = :
; [ ]x,x det[I — Q]

XX
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where O, denotes the matrix Q with the row and column corresponding to x
removed. The last equality follows from the adjoint form of the inverse. Using
(9.3) and the inductive hypothesis on X"\ {x}, we get the result. O

Remark The matrix I — AQ is often called the (negative of the) Laplacian.
The last proposition and others below relate the determinant of the Laplacian
to loop measures and trees.

e Let Ao denote the radius of convergence of g(A;x).
— If X is g-connected, then Ag  is independent of x and we write just Ag.
— If X is g-connected and finite, then Ag is also the radius of convergence
for g(A) and F(X; 1) and 1/X is the largest eigenvalue for the matrix
0 = (q(x,y)). If g is a transition probability, then 1o = 1. If ¢ is an
irreducible, strictly subMarkov transition probability, then Ag > 1.

If X is g-connected and finite, then g(Ag) = g(ho;x) = F(X;X9) = oo.
However, one can show easily that F(X \ {x}; Ag) < oo. The next proposition
shows how to compute the last quantity from the generating functions.

Proposition 9.3.4 Let Ao be the radius of convergence of g. Then, ifx € X,
log F(X'\ {x}; A0) = kgrkr;f[log F(X;h) —logg(r;x)].
Proof
log F(X'\ {x}; 20) = AE%_ log F(X'\ {x};2)
= )\E%,[bg F(X; 1) —log Fx(X;M)].

O

If #(X) < oo and a subset £ of edges is given, then simple random walk on
the graph (X, &) is the Markov chain corresponding to

gy =[#z: (k) € )7,y €€
If#(X) = n < oo and (X, £) is transitive, then
g0sx) =n""'g(),
and hence we can write Proposition 9.3.4 as

log F(X\ {x), o) = logn + _lim [®() — logg()].
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Proposition 9.3.5 Suppose that X is finite and q is an irreducible transition
probability, reversible with respect to the invariant probability w. Let oy =
1,a0,...,a, denote the eigenvalues of Q = [q(x,y)]. Then, for every x € X,

1—
HXHD ”wrk

Proof Since the eigenvalues of I —AQ are | — A ay,...,1 —La,, we see that

det[/ — AQ]
i H“ -

A—>1—
If A < 1, then Proposition 9.3.3 states that

F(X;)) = ;
YT detll — A Q)

Also,as A — 1—,
gy ~m(x) (1 =271,

where 7 denotes the invariant probability. (This can be seen by recalling that
g(XA;x) is the number of visits to x by a chain starting at x before a geometric
killing time with rate (1 — A). The expected number of steps before killing is
1/(1—A), and since the killing is independent of the chain, the expected number
of visits to x before being killed is asymptotic to 77 (x) /(1 — A).) Therefore, using
Proposition 9.3.4,

log F(X\ {x}) = Agnll_[log F(X;1) —logg(r;x)]

= —logm(x) — Y _log(l — a;).

j=2

9.4 Loop soup

e If V is a countable set and v : V — [0, 0c0) is a measure, then a (Poisson)
soup from v is a collection of independent Poisson processes

N, xeV,
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where N} has parameter v(x). A soup realization is the corresponding col-
lection of multisets’ 4, where the number of times that x appears in A, is
N} This can be considered as a stochastic process taking values in multisets
of elements of V.

e The rooted loop soup C; is a soup realization from m.

e The unrooted loop soup C; is a soup realization from 71.

From the definitions of m and m we can see that we can obtain an unrooted
loop soup C; from a rooted loop soup C; by “forgetting the roots” of the loops in
C,. To obtain C, from C;, we need to add some randomness. More specifically, if
@ is a loop in an unrooted loop soup C;, we choose a rooted loop w by choosing
uniformly among the K (@) representatives of @. It is not hard to show that with
probability one, for each ¢, there is at most one loop in

e\ UG

s<t

Hence, we can order the loops in C; (or a) according to the “time” at which
they were created; we call this the chronological order.

Proposition 9.4.1 Suppose that x € A C X with Fx(A) < oo. Let C;(A;x)
denote an unrooted loop soup C; restricted to L*(A). Then, with probability one,
C1(A;x) contains a finite number of loops which we can write in chronological
order

Suppose that independently for each unrooted loop wj, a rooted loop w; with
wo = x is chosen uniformly among the K (o) dx(w)/|w| representatives of o
rooted at x, and these loops are concatenated to form a single loop

nN=w @wr®--- D wk.

Then, for any loop 7' C A rooted at x,

T A multiset is a generalization of a set where elements can appear multiple times in the
collection.
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Proof We first note that wy, ..., wy as given above is the realization of the
loops in a Poissonian realization corresponding to the measure

miw) = 42

up to time one listed in chronological order, restricted to loops w € L£(A) with
wp = x. Using the argument of Lemma 9.3.2, the probability that no loop
appears is

g(w) 1
eXp \ — Z my (@) = exp | — Z d(o) [ = F.A)
weL(A);wy=x wel(A)wo=x *

More generally, suppose that " € L(A) is given with n; = x and
d(n") = k. For any choice of positive ji,...,j, integers summing to k, we
have a decomposition of 7/,

77/=0)1€B"'69wr

where w; is a loop rooted at x with d,(w;) = j;. The probability that wy, . .., o,
(and no other loops) appear in the realization up to time 1 in this order is

€Xp {— > wel(A)ywp=x m;(w)} . . 1 q(wy) -+ - q(wy)
' m(wr) - m(or) = . .
r! rLFx(A) i sdr
_q() 1

FA) P G,

The proposition then follows from the following combinatorial fact that we
leave as Exercise 9.1:

1
Z r!(j],. L

D=k )
O
9.5 Loop erasure
® Apath w = [wo, . ..,wy] is self-avoiding if w; # wy for0 <j <k < n.
Given that a path v = [wy, . . ., w,], there are a number of ways to obtain a

self-avoiding subpath of @ that goes from wg to w,. The next definition gives
one way.



260 Loop measures

e Ifw = [wo,...,wy]isapath, LE(w) denotes its (chronological) loop-erasure
defined as follows.
— Letog =max{j < n:w;j =0}. Set np = wy = wg,.
— Suppose that 0; < n. Let 041 = max{j < n : wj = ws+1}. Set
Ni+1 = Wo;| = Wo;+1-
— If iy, = min{i : 0; = n} = min{i : n; = w,}, then LE(w) = [no, ..., nil.

A weight ¢ on paths induces a new weight g4 on self-avoiding paths by
specifying that the weight of a self-avoiding path 7 is the sum of the weights
of all the paths w in A for which n = L(w). The next proposition describes this
weight.

Proposition 9.5.1 Suppose that A C X,i > 1 and n = [no,...,ni] is a
self-avoiding path whose vertices are in A. Then,

aum= Y q) =q0) FA), ©.5)

weL(A);LE(w)=n
where, as before,
q(w)
Fy(A) =exp Z —
L o]
weL(A),|w|>1,nNw#0

Proof LetA_1 =A,A; =A\{no,...,n;}. Given any w with LE(w) = n, we
can decompose w as

w=0"®Mno.ml®o @M, ml & - &ni_1,n] ® o,

where o/ denotes the loop

[wﬂj,1+1 DI w(r/]
(here, 0_1 = —1). The loop &/ can be any loop rooted at n; contained in A;_.
The total measure of such loops is F. ) (Aj—1); see Lemma 9.3.2. The result then
follows from (9.4). O

In particular, g4 () depends on A. The next proposition discusses the “Radon—
Nikodym derivative” of g4, with respect to g4 for A; C A.

o IfV],Vo, CA,Let

a()

Fy, v,(A) =exp Z ]

weL(A),wNV) #h,wNVy )
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Proposition 9.5.2 Suppose that A| C Aandn = [no, . .., n;l is a self-avoiding
path whose vertices are in Ay. Then

ga(m) = ga, () Fpaa, (A).

Proof This follows immediately from the relation F;(A) = F; (A1) Fya\a,(A).
[l

The “inverse” of loop erasing is loop addition. Suppose that n = [no, . . ., k]
is a self-avoiding path. We define a random variable Z,, taking values in the set
of paths w with LE(w) = 7 as follows. Let C; be a realization of the unrooted
loop soup in A as in Proposition 9.4.1. For each 0 <j < k, let

61,}’ 52Js R aSjJs

denote the loops in C; that intersect n; but do not intersect {1, . .., nj—1}. These
loops are listed in the order that they appear in the soup. For each such loop @; ,
choose a representative w;; Toooted at 7;; if there is more than one choice for
the representative, choose it uniformly. We then concatenate these loops to give

If s5; = 0O, define @; to be the trivial loop [n;]. We then concatenate again to
define

w=Z(n) =d®[no.ml®o1 ®N,mld - B Mr—1, k] D .

Proposition 9.4.1 tells us that there is another way to construct arandom variable
with the distribution of Z,,. Suppose that @y, . . ., @ are chosen independently
(given n) with @; having the distribution of a cycle in A\ {no, . ..,%;—1} rooted
at ;. In other words if " € L(A \ {no,...,nj—1}) with w; = n;, then the
probability that v; = ' is g(@')/Fy;(A\ {no, . . ., nj-1})-

9.6 Boundary excursions

Boundary excursions in a set A are paths that begin and end on the boundary
and otherwise stay in A. Suppose that X, g are given. f A C X we define

0A = (0A)y ={ye X\A:qx,y) +4q(y,x) > 0for some x € A}.
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e A (boundary) excursion in A is a path w = [wy, . . ., w,] With n > 2 such that
wo,wy € 0A and wy,...,w,—1 € A.

® The set of boundary excursions with wp = x and w|,| = y is denoted as
Ea(x,y), and

&= | &awy.

X.yedA

o Let éA (x, ), éA denote the subsets of £4 (x, y), £4, respectively, consisting of
the self-avoiding paths. If x = y, the set Ealx, y) is empty.

¢ The measure ¢ restricted to &, is called the excursion measure on A.

e The measure ¢ restricted to &y is called the self-avoiding excursion mea-
sure on A.

e The loop-erased excursion measure on A, is the measure on éA given by

q(n) = qlw € €4 : LE(w) = n}.
Asin (9.5), we can see that
q(m = q(n) Fy(A). 9.6)

e Ifx,y € 3A, g, g can also be considered as measures on E4 (x, y) or éA (x,y) by
restricting to those paths that begin at x and end at y. If x = y, these measures
are trivial for the self-avoiding and loop-erased excursion measures.

& If u is a measure on a set K and Ky C K, then the restriction of u
to Ky is the measure v defined by v(V) = w(V N Ky). If n is a probability
measure, this is related to but not the same as the conditional measure, given
that Ki; the conditional measure normalizes to make the measure a probability
measure. A family of measures u4, indexed by subsets A, supported on €4
(or E4(x,y)) is said to have the restriction property if, whenever A1 C A, then
Ka, is up restricted to €4, (€4, (X, y)). The excursion measure and the self-
avoiding excursion measure have the restriction property. However, the loop-
erased excursion measure does not have the restriction property. This can be
seen from (9.6), since it is possible that F;; (A1) # F;(A).

The loop-erased excursion measure g is obtained from the excursion measure
g by a deterministic function on paths (loop erasure). Since this function is not
one-to-one, we cannot obtain ¢ from g without adding some extra randomness.
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However, one can obtain ¢ from g by adding random loops as described at the
end of Section 9.5.

The next definition is a generalization of the boundary Poisson kernel defined
in Section 6.7.

e The boundary Poisson kernel is the function Hyy : 0A x A — [0, 00)
given by

Haa(xy) = Y q).

we€(x.y)
Note that if w € E4(x,y), then LE(w) € é’A(x,y). In particular, if x # y,

Hpa ()= Y 4(n).

ne€a(xy)

Suppose that k is a positive integer and x1, . . ., Xk, Y1, . - . , Yk are distinct points
in 0A. We write X = (x1,...,%¢),y = (V1,...,Yr). We let

EaX,y) = Ealx1,y1) X -+ X E4(xk, Vi),

1

and we write [w] = (o, ..., %) for an element of 4 (x, y) and

g([w) = (g x -~ x @)([0]) = g(@") g(@?) - - - g().

We can consider ¢ X --- X g as a measure on £4(X,y). We define éA x,y)
similarly.

e The nonintersecting excursion measure qa(X,y) at (X,y) is the restriction of
the measure ¢ x - - - x g to the set of [w] € £4(X,y) that do not intersect, i.e.
wiﬂa)i:ﬂ,lfi<j§k_

e The nonintersecting self-avoiding excursion measure at (X,y) is the restric-
tion of the measure g X - - - X g to the set of [w] € A (x, y) that do not intersect.
Equivalently, it is the restriction of the nonintersecting excursion measure to

Ea(x,y).

There are several ways to define the nonintersecting loop-erased excursion
measure. It turns out that the most obvious way (restricting the loop-erased
excursion measure to k-tuples of walks that do not intersect) is neither the most
important nor the most natural. To motivate our definition, let us consider the
nonintersecting excursion measure with k = 2. This is the measure on pairs of
excursions (w!, w?) that give measures q(a)l) q(a)2) to each (o', ®?) satisfying
o' N w? = . Another way of saying this is as follows.
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2

e Given that w!, the measure on w? is q restricted to those excursions w €

Ea(x2,y2) such that w N @' = @. In other words, the measure is q restricted
to Eavwy (X2, ¥2)-

More generally, if k > 2 and 1 <j < k — 1, the following holds.

e Given that !, ..., «/, the measure on «/t! is q restricted to excursions in
Ea(xj+1,yj+1) that do not intersect o' U---Ue/. In other words, the measure
is g restricted to Ex\ (1 U...Uwi) Kjt15 Vj+1)-

The nonintersecting self-avoiding excursion measure satisfies the analogous
property. We will use this as the basis for our definition of the nonintersecting
loop-erased measure ga(x,y) at (x,y). We want our definition to satisfy the
following.

e Given that n',..., 7/, the measure on 7/*! is the same as da\ (' )
Ga1,yj41)-

This leads to the following definition.

e The measure g4(x,y) is the measure on Ealx, y) obtained by restricting
ga(x,y) to the set V of k-tuples [w] € £4(X,y) that satisfy

JTIN U ul=0, j=1,.. k-1, 9.7)

where 7/ = LE(/), and then considering it as a measure on the loop erasures.
In other words,

gt =gl ..., 0" eV LEW) =7/,
j=1,...,k, satisfying (9.7)}.

This definition may look unnatural because it seems that it might depend on the
order of the pairs of vertices. However, the next proposition shows that this is
not the case.

Proposition 9.6.1 The (X, y)-measure of a k-tuple (n', ..., n*) is

,,,,,

j=1
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where
w
Fp p=expl 3 L pyt ot
Tt o]
wel(A)
and J (w; 771, e, nk) = max{0, s— 1}, where s is the number of paths nl, el nk

intersected by w.

Proof Proposition 9.5.1 implies that

k

k k
[Taae) =[Ta) [Jexp 3 % . 9.8)
j=1 =1

j=1 weL(A),|w|>1,0Nn;#D

However, assuming that n N7 = @ for i # j,

k k
g ‘ ' q()
aa@'s....w) = Ta@) [ Texp 3 e
J=1 j=1 we LA\ U--nj—1)s|o]=1,0Nn;#0

9.9)

If a loop w intersects s of the n’ , where s > 2, then it appears s times in (9.8)
but only one time in (9.9). U

e Let ﬁa A4(X,y) denote the total mass of the measure ga (X, y).

If k = 1, we know that 1:13,4 (x,y) = Hya(x,y). The next proposition shows
that for £ > 1, we can describe ﬁa 4(X,y) in terms of the quantities Hy (x;, yj).
The identity is a generalization of a result of Karlin and McGregor on Markov
chains (see Exercise 9.3). If  is a permutation of {1, . . ., k}, we also write 7 (y)

for (Vr(1)s - - -5 Yr(k))-
Proposition 9.6.2 (Fomin’s identity)

DT Ayp(x,7(y) = det [Hoa Gy - 910)

Vg

Remark If A is a simply connected subset of Z? and g comes from simple ran-
dom walk, then topological considerations tell us that IflaA (x, w(y)) is nonzero
for at most one permutation 7. If we order the vertices so that this permutation
is the identity, Fomin’s identity becomes

Hys(x,y) = det [HSA(xi,Yj)]ISiJSk .
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Proof We will say that [w] is nonintersecting if (9.7) holds and otherwise we
call it intersecting. Let

= USA(X,n(y)). 9.11)

Let £y, be the set of nonintersecting [w] € £, and let £ = £*\ £, be the set
of intersecting [w]. We will define a function ¢ : £* — £* with the following
properties.

* ¢ is the identity on £y;.

* q([w]) = q(o([@]).

o If [w] € & N EAx,m(y)), then ¢p([w]) € Ea(x,m(y)) where sgnm) =
—sgn. In fact, 1 is the composition of 7 and a transposition.

® ¢ o ¢ is the identity. In particular, ¢ is a bijection.

To show that existence of such a ¢ proves the proposition, first note that

det [HaA(Xi,y] I<ij<k — Z( 1) HHBA(xl,)’n(z))

Also,

Hya(Xis yr (i) = Z q(w).
W€EA(X; Yr (i)
Therefore, by expanding the product, we have
det [Hos (i3] e = O (“DF T gloh) = Y (=D g([¢ @))).

[w]eE* [w]eE*

In the first summation the permutation 7 is as in (9.11). Hence the sum of all
the terms that come from w € &/ is zero, and

det [Hoaio )] i = D (D7 g
[w]le&y,

But the right-hand side is the same as the left-hand side of (9.10). We define ¢
to be the identity on £y, and we now proceed to define the bijection ¢ on &}
Let us first consider the k = 2 case. Let [w] € &,

E=o' =[&,....&n] € Eax1,y), @ = =[wo,..., o4 € Ea(x2,Y)),
n=no,....,ml = LE(),
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where y = y1,y’ =y ory = y2,y" = yi. Since [w] € £, we know that
nNw=LE)Nw#.
Define
s=min{l : g € w}, t=max{l:§& =ns}, u=max{l:w; = n}.

Then, we can write £ = £~ @ ET,w =0~ Qo™
where

£ =10, &l & =16 Enl

o = [wo,...,wyl, ot = [@u, ..., w4].

We define
p(o) =¢(E~ ®ET, 0 Bo")=(E dot,w” ®ET).

Note that £~ @ o' € E4(x1,Y), @~ @ ET € E4(x2,Y), and q(¢ (@) =
q([w]). A straightforward check shows that ¢ o ¢ is the identity.

Suppose that k > 2 and [w] € &;. We will change two paths as in the k = 2
case and leave the others fixed, being careful in our choice of paths to make

Figure 9.1 The paths £ 7,£",w™, @™ in the proof of Fomin’s identity.
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sure that ¢ (¢ ([w])) = [w]. Let ' = LE(w'). We define

r=min{i : n N # @ for some j > i},
s:min{l:nlrewi+1U-~-ka},
b=min{j > r: 7’ € o},

t=max{l:w; =n;}, u=max{l: a)f’ =i}
‘We make the interchange
(@~ @, 0" Bt s (0" DT, BT

as in the previous paragraph (with (o', o?) = (¢, w)) leaving the other paths
fixed. This defines ¢, and it is then straightforward to check that ¢ o ¢ is the
identity. U

9.7 Wilson’s algorithm and spanning trees

Kirchhoff was the first to relate the number of spanning trees of a graph to a
determinant. Here, we derive a number of these results. We use a more recent
technique, Wilson’s algorithm, to establish the results. This algorithm is an
efficient method to produce spanning trees from the uniform distribution using
loop-erased random walk. We describe it in the proof of the next proposition.
The basic reason why this algorithm works is that the product on the right-hand
side of (9.3) is independent of the ordering of the vertices.

Proposition 9.7.1 Suppose that #(X) = n < o0 and q are transition
probabilities for an irreducible Markov chain on X. Then

7, 9.12
Zq( X0) = F(X\{xo}) 9.12)

Proof We will describe an algorithm due to David Wilson that chooses a
spanning tree at random. Let X = {xop,...,x,—1}.

e Start the Markov chain at x1 and let it run until it reaches x¢. Take the loop-
erasure of the set of points visited [n9 = x1, n1,...,n; = xo]. Add the edges
[(no, m11, [n1,m21, - . ., [mi—1, mi] to the tree.

e Ifthe edges form a spanning tree, we stop. Otherwise, we let j be the smallest
index such that x; is not a vertex in the tree. Start a random walk at x; and let
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it run until it reaches one of the vertices that has already been added. Perform
loop-erasure on this path and add the edges in the loop-erasure to the tree.
e Continue until all vertices have been added to the tree.

We claim that for any tree 7, the probability that 7 is output in this algorithm is
q(T;x0) F(X\ {x0}). 9.13)

The result (9.12) follows immediately. To prove (9.13), suppose that a spanning
tree 7 is given. Then, this gives a collection of self-avoiding paths:
M= (Y11= X1 Y1200 Yk 21 =X0]

n2 = [yz,l, Y2255 Y2ky» Zz]

Nm = [ym,l’ Ym2s -5 Ymky» Zm] .

Here, 1 is the unique self-avoiding path in the tree from x to xo; forj > 1, y; 1
is the vertex of smallest index (using the ordering xg, x1, . . . , X,—1) that has not
been listed so far; and ), is the unique self-avoiding path from y; ; to a vertex z;
in 7y U---Un;_1. Then, the probability that 7 is chosen is exactly the product
of the probabilities that

¢ if a random walk starting at x| is stopped at xo, the loop-erasure is 7ny;
e if a random walk starting at y, 1 is stopped at 1, then the loop-erasure is 12

e if a random walk starting at y,, 1 is stopped at n; U --- U n,_1, then the
loop-erasure is 1.

With this decomposition, we can now use (9.5) and (9.3) to obtain (9.13). O

Corollary 9.7.2 If C, denotes the number of spanning trees of a connected

graph with vertices {xo, x1,...,Xn—1}, then
n—1
log Cy = Y logd (x)) — log F (X \ {x})
j=1
n—1

=Y _logd(y) + lim [logg(:xo) — S ()]
j=1
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Here, the implicit q is the transition probability for simple random walk on the
graph and d (x;) denotes the degree of x;. If Cy, is a transitive graph of degree d,

logC,=(m—1) logd —logn + Alirrll [logg(X) — d(V)]. (9.14)
Sl

Proof For simple random walk on the graph, for all 7,

—1
n—1

q(T;x0) = | [Jd e
j=1

In particular, it is the same for all trees, and (9.12) implies that the number of
spanning trees is

n—1

[9(T5x0) F(X\ o)1 ™" = | [[d@) | F(X\ fxoh ™"
j=1

The second equality follows from Proposition 9.3.4 and the relation ® () =
F(x; 1). If the graph is transitive, then g(A) = ng(X;xp), from which (9.14)
follows. O

& [f we take a connected graph and add any number of self-loops at vertices,
this does not change the number of spanning trees. The last corollary holds,
regardless of how many self-loops are added. Note that adding self-loops affects
both the value of the degree and the value of F(X \ {xp}).

Proposition 9.7.3 Suppose that X is a finite, connected graph with n vertices
and maximal degree d, and P is the transition matrix for the lazy random walk
on X as in Section 9.2.1. Suppose that the eigenvalues of P are

a1 =1, ap, ..., oy

Then the number of spanning trees of X is

n
d"'n! l_[(l — ).
j=2
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Proof Since the invariant probability is # = 1/n, Proposition 9.3.5 tells us
that for eachx € X,

1 T
- - - 1 — ).
F(X\ {x)) ”Ag( “ o

& The values 1 — «; are the eigenvalues for the (negative of the) Laplacian
I — Q for simple random walk on the graph. In graph theory, it is more common to
define the Laplacian to be £d(/ — Q). When looking at formulas, it is important
to know which definition of the Laplacian is being used.

9.8 Examples
9.8.1 Complete graph

The complete graph on a collection of vertices is the graph with all (distinct)
vertices adjacent.

Proposition 9.8.1 The number of spanning trees of the complete graph on
X ={x0,....Xp_1}is "2

Proof Consider the Markov chain with transition probabilities g(x,y) = 1/n
for all x,y. Let Aj = {xj,...,x,—1}. The probability that the chain starting at
x; has its first visit (after time zero) to {xo, ...,x;} at x; is 1/(j + 1) since each
vertex is equally likely to be the first one visited. Using the interpretation of
Fy;(A;j) as the reciprocal of the probability that the chain starting at x; visits

{xo0,...,xj—1} before returning to x;, we see that
Jt+1 .
Fy(A) =—— j=1...,.n—1
J
and hence (9.3) gives

F(X\ {xo}) = n.
With the self-loops, each vertex has degree n and hence for each spanning tree
q(Tsx0) =n~ "7V,
Therefore, the number of spanning trees is

[q(T;x0) F(X\ fxoD]™! = "2 0
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9.8.2 Hypercube

The hypercube X, is the graph whose vertices are {0, 1}" with vertices adjacent
if they agree in all but one component.

Proposition 9.8.2 If C,, denotes the number of spanning trees of the hypercube
= {0, 1}, then

n
n
logCp:=2"—n—1) 10g2+z (k) logk.

k=1

By (9.14), Proposition 9.8.2 is equivalent to

. n__ n__ 3 n
Alin]li[logg()\) - o)) =—-2 1) logn+ (2 1) log2 + kg; (k) logk.

where g is the cycle-generating function for simple random walk on A},. The
next proposition computes g.

Proposition 9.8.3 Let g be the cycle-generating function for simple random
walk on the hypercube X,,. Then

“. (n n " /n\  A(n—2j)
A) = _—— =2" _
=3 ()ima=m =2 2 ()iey
Jj=0 j=0
Proof of Proposition 9.8.2, given Proposition 9.8.3 Note that

A __9n
qn(x):/ g —2"
0 N
- Z(,) I
o n—s(n — 2j)

=@2"—1)logn—log(l —A) — Z (n) log[n — A(n — 2j)].
J

j=1
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Let us write A = 1 — € so that

n
n n
logg(1) =log | » — .
ogg(x) = log - <j)6n+2j(1 e

n

(1) = (2" — 1) logn — loge — » (”) loglen + (1 — €) 2j].
J

J=1

As e — 0+,

log g(1) = log(1/€) + 1o i(”)L = —log(e) + o(1)
gg(n) = log gjzojn+2j‘%€_ g ,

n

() =(2"—1) logn—loge — Z (n) log(2j) + o(1)
; J
Jj=1
and hence
n
. n .
lim [logg(h) — ()] = (12" logn + (2"~ 1) log2 + > < ) logj,
—1— £ J
j=1
which is what we needed to show. t
The remainder of this subsection will be devoted to proving Proposition 9.8.3.
Let L(n,2k) denote the number of cycles of length 2k in A),. By definition

L(n,0) = 2". Let g, denote the generating function on A}, using weights 1
(instead of 1/n) on the edges on the graph and zero otherwise,

gn() =Y alel = iL(n, 2k) 2%k,

[0) k=0

Then, if g is as in Proposition 9.8.3, g(A) = g,(A/n). Then Proposition 9.8.3
is equivalent to

2 (n 1
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which is what we will prove. By convention we set L(0,0) = 1; L(0,k) = 0
for k > 0, and hence

o0
g00) =Y L(0,2k) 2% =1,
k=0

which is consistent with (9.15).

Lemma 9.8.4 Ifn,k >0,

koK
Lin+1,2k) =2 g (2]') L(n,2j).

Proof This is immediate for n = 0, since L(1,2k) = 2 for every k > 0. For
n > 1, consider any cycle in A4 of length 2k. Assume that there are 2j steps
that change one of the first n components and 2(k — j) that change the last
component. There are (22];) ways to choose which 2j steps make changes in the
first n components. Given this choice, there are L(n, 2j) ways of moving in the
first n components. The movement in the last component is determined once
the initial value of the (n 4+ 1)-component is chosen; the 2 represents the fact
that this initial value can equal O or 1. ]

Lemma 9.8.5 Foralln > 0,

)= — . -
EnttWW =158\ T 50 ) T s\ )

Proof

o0
gnr1(M) = Y L(n+1,2k) 2%

k=0
oo k 2%
=2 L(n, 2j) 2%
§:§:<y) (n,2))
k=0 j=0
o0 o0 .
2 +2k\ _,;
=2 Ln,2j AH+2k
Sy (757

2 & A \NY (2 + 2k ‘
- L ’2- - 1 _ )\- 2]+1 )\'2](
1_AZ% (n p<1_k> }:( o )( )

k=0
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Using the identity (see Exercise 9.4).

o0 .
2j + 2k ; 1
S (V)=

1 p \¥H!
- =— , 9.16)
2j 22
k=0

2-p
we see that g,+1(X)) equals

- A \Y - A \Y
— ) L(n,2j Ln,2) \ +——) -
1—,\;} (n ])(1—,\> +1+,\j§ = ])(1+,\>

which gives the result. U

Proof of Proposition 9.8.3.  Setting > = (n + B)~!, we see that it suffices to
show that

1 “/n\ B+n
n = . T 9.17
§ <n+/3) JZ(;<J>,3+2J G170

This clearly holds for n = 0. Let H,(A) = A g,(A). Then, the previous lemma
gives the recursion relation

1 1 1
Hu <n+1+ﬁ)ZH”(n+ﬂ)+H”<n+2+ﬁ)'

Hence, by induction we see that

() =2 ()5
Hy| — | = . -
n+p o\ B+72j

J=

9.8.3 Sierpinski graphs

In this subsection we consider the Sierpinski graphs which is a sequence of
graphs Vo, V1, ... defined as follows. V) is a triangle, i.e. a complete graph on
three vertices. For n > 0, V,, will be a graph with three vertices of degree 2
(which we call the corner vertices) and [3"*! — 3]/2 vertices of degree 4. We
define the graph inductively. Suppose that we are given three copies of V,,_p,
Vrfl_)l, Vﬁ)l, Vn(i)l’ with corner vertices xil),xél),xgl), . ,xf),xf),xé?’). Then
V, is obtained from these three copies by identifying the vertex xj(k) with the

vertex x,(j). We call the graphs V), the Sierpinski graphs.
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X2

X5 X4

Xo X3 X1

Figure 9.2 The Sierpinski graph V — 1.

Proposition 9.8.6 Let C,, denote the number of spanning trees of the Sierpinski
graph V. Then C,, satisfies the recursive equation

Coup1 =2(5/3)"C3. (9.18)
Hence,
C, = (3/20)'/4 (3/5)"? (540)%"/4. (9.19)

Proof 1tis clear that Cy = 3, and a simple induction argument shows that the
solution to (9.18) with Cp = 3 is given by (9.19). Hence, we need to show the
recursive equation Cy,41 = 2 (5/3)" C,?.

For n > 1, we will write V;, = {xo,x1,x2,x3,X4,Xs5,...,xpm,} where M,, =
[3"+3]/2, x9, x1, X2 are corner vertices of V, and x3, x4, x5 are the other vertices
that are corner vertices for the three copies of V;,_1. They are chosen so that x3
lies between xg, x1; x4 between x1, x2; x5 between x3, xg. Using Corollary 9.7.2
and Lemma 9.3.2, we can write that C,, = ¥, J,, where

M, M,
v, = Hd(xj)s Jp = Hpj,n-
j=1 j=1

Here, pj, denotes the probability that simple random walk in V), started at x;
returns to x; before visiting {xo, ..., xj_1}. Note that

lIJn _ 22 4(3)1+l_3)/2’
and hence W, = 4\11,3l. Therefore, we need to show that

Tar1 = (1/2) (5/3)"J;). (9.20)
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We can write that

Jnt1l = Pl P21 gy

where J:H denotes the product over all the other vertices (the noncorner

vertices). From this, we see that

Pla+1P2n+15- -5 P5n+l

— J3.
pl,nPZ,n

n

3
Tl = Plat1 Pontls- s Pspg1 (J)7 =

The computations of p; , are straightforward computations familiar to those
who study random walks on the Sierpinski gasket and are easy exercises in
Markov chains. We give the answers here, leaving the details to the reader. By
induction on n one can show that p> ,+1 = (3/5) p2.» and from this one can

see that
P2n+1 = 5 5 Pin = 2 \53 .
Also,

3y 15 (3)" 5 3\
Psn+l = P2n = 5 s Panyl = 16 5 s P3n+l = 6 \5 .

This gives (9.20). O

9.9 Spanning trees of subsets of 7>

Suppose that A C Z? is finite, and let e(A) denote the set of edges with at
least one vertex in A. We write that ¢(A) = 9,A U ¢,(A) where 0,A denotes the
“boundary edges” with one vertex in dA and e,(A) = e(A) \ 9.4, the “interior
edges”. There will be two types of spanning tree of A that we will consider.

e Free A collection of #(A) — 1 edges from eo(A) such that the corresponding
graph is connected.

e Wired The set of vertices is AU{A} where A denotes the boundary. The edges
of the graph are the same as e(A) except that each edge in d.A is replaced
with an edge connecting the point in A to A. (There can be more than one
edge connecting a vertex in A to A.) A wired spanning tree is a collection
of edges from e(A) such that the corresponding subgraph of A U {A} is a
spanning tree. Such a tree has #(A) edges.



278 Loop measures

In both cases, we will find the number of trees by considering the Markov chain
given by simple random walk in Z2. The different spanning trees correspond
to different “boundary conditions” for the random walks.

e Free The lazy walker on A as described in Section 9.2.1, i.e.
1
C](X:J’)ZZ’ X,)’GA’ |X—)’|=1’

and g(x,x) = 1 — Zy q(x,y).
e Wired Simple random walk on A killed when it leaves A4, i.e.

1
Q(x’y):Z’ )C,yEA, |X—y|=1,

and g(x,x) = 0. Equivalently, we can consider this as the Markov chain on
A U {A} where A is an absorbing point and

qlx, A) =1- " q(x,).

yeA

& In other words, free spanning trees correspond to reflecting or Neumann
boundary conditions and wired spanning trees correspond to Dirichlet boundary
conditions.

We let F'(A) denote the quantity for the wired case. This is the same as F'(A)
for simple random walk in 72 If x € A, we write that F*(A \ {x}) for the
corresponding quantity for the lazy walker. (The lazy walker is a Markov chain
on A and hence F*(A) = oo. In order to get a finite quantity, we need to remove
a point x.) The following are immediate corollaries of results in Section 9.7.

Proposition 9.9.1 If A C 72 is connected with #(A) = n < oo, then the
number of wired spanning trees of A is

n
A FA) " =4"T]a -8,
j=1
where B, . .., Bn denote the eigenvalues of Qa = [g(x,¥)]x,yea-

Proof This is a particular case of Corollary 9.7.2 using the graph A U {A} and
Xxo = A. See also Proposition 9.3.3. ]
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Proposition 9.9.2 Suppose that ¢y = 1,...,a, are the eigenvalues of the
transition matrix for the lazy walker on a finite, connected A C 7* of cardinality

n. Then the number of spanning trees of A is

n
g1yt ]_[(1 — ).
j=2

Proof This is a particular case of Proposition 9.7.3. U
Recall that
log F(A) = Z !
gHla) = 41l ||
weL(A),|w|>1
o
1 .
=> ZZ—PX{Sznzo;Sj €A,j=1,...,2n}. 9.21)
xeA n=l1 n
The first-order term in an expansion of log F'(A) is
1
DY PSu =0},
2n
xeA n=l1
which ignores the restriction that S; € A,j = 1,...,2n. The actual value

involves a well-known constant C¢y called Catalan’s constant. There are
many equivalent definitions of this constant. For our purposes we can use the

following

[e.¢]

1 2n\*
Cen = = log2 — = 2—4—2"< ") = 9159 .
n

2 4

n=1

2n

Proposition 9.9.3 If S = (S', 8?) is simple random walk in 7, then

© 4
§ _2 P{S2, = 0} =log4 — — Cea,
n T

n=1

where Cey denotes Catalan’s constant. In particular, if A C 72 is finite,

log F(A) = [log4 — (4/7) Ceall #(A) — Y _ ¥ (x; A),

xeA

(9.22)
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where

o0
1
YxA) = Z Z}P’X{Sgn =0;S; ¢ A for some 0 < j < 2n}.

n=1

Proof Using Exercise 1.7, we get

Lo o bt oz oo L (20
ZznP{sz,,_0}_Zzn[P{szn_0}] _Zzn4 <n>

n=1 n=1 n=1

Since P{S(2n) = 0} ~ cn™', we can see that the sum is finite. The exact value
follows from our (conveniently chosen) definition of Ccy. The last assertion
then follows from (9.21). ([l

Lemma 9.9.4 There exists c < 0o such that if A C 7%, x € A, and Y(x;A) are
defined as in Proposition 9.9.3, then

Cc
YOS G

Proof We only sketch the argument, leaving the details for Exercise 9.5. Let
r = dist(x, dA). Since it takes about 1 steps to reach dA, the loops with fewer
than that many steps rooted at x tend not to leave A. Hence, ¥ (x; A) is at most
of the order of

Z i P{Sy, =0} < Z n = r 2

n>r? n>r?

Using this and (9.22) we immediately get the following.

Proposition 9.9.5 Suppose that A, is a sequence of finite, connected subsets
of 72 satisfying the following condition (that roughly means “measure of the
boundary goes to zero”). For every r > 0,

#{x € A, 1 dist(x,04,) <r} 0

lim
n—>00 #(An)
Then,
log F(A 4C,
lim C2F A gy 2
n—oo  #(Ay) T
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Suppose that A, , is the (m — 1) x (n — 1) discrete rectangle,
Appn=x+iy:1<x<m-1,1<y<n-1}.
Note that

#App) =(m—1)(m—1), #O0App) =2m—-1D)+20n—1).

Theorem 9.9.6
4m=1)(n—1)

o A4Ccamn/m f _ 1ym+n ,—1/2
e (V2 -=D""n " (9.23)
F(Amn)

More precisely, for every b € (0,00) there is a ¢, < 00 such that if b~! <
m/n < b, then both sides of (9.23) are bounded above by cj, times the other
side. In particular, if Cp,,, denotes the number of wired spanning trees of Amn,

cat

4C, 1
log Cpyy = mn + log(\/i —D(m+n) — > logn+ O(1)
T

 4Ceu 2Ce

#(Amn) + [ + % log(v/2 — 1)} #(0Amn)

1
~5 logn+ O(1).

& Although our proof will use the exact values of the eigenvalues, it is useful
to consider the result in terms of (9.22). The dominant term is already given
by (9.22). The correction comes from loops rooted in Am, p that leave A. The
biggest contribution to these comes from points near the boundary. It is not
surprising, then, that the second term is proportional to the number of points
on the boundary. The next correction to this comes from the corners of the
rectangle. This turns out to contribute a logarithmic term and after that all other
correction terms are O(1). We arbitrarily write log n rather than log m; note that
logm =logn+ O(1).

Proof The expansion forlog Cy, , follows immediately from Proposition 9.9.1
and (9.23), so we only need to establish (9.23). The eigenvalues of I — Q4 can
be given explicitly (see Section 8.2),

1 jm km .
1—=Jcos|— ) +cos{— )|, j=1,....m—1; k=1,...,n—1,
2 m n



282 Loop measures

with corresponding eigenfunctions

fx,y) =sin (JJT_X) sin <Iﬂ> s
m n

where the eigenfunctions have been chosen so that f = 0 on 9dA,, ,. Therefore,

—log F(Ap,n) = logdet[] — Qal

m—1n—1 .
1 jm km
:ZZlog 1——=fcos|— ) +cos|{— .
4 2 m n
j=1 k=1
Let

2(ey) = log |:1 _cos(x) + cos(y)} .

2

Then (mn)~! logdet[/ — Q4] is a Riemann sum approximation of

1 o o
;/0 /0 g(x,y)dxdy.

To be more precise, let V(j, k) = V,,,,(j, k) denote the rectangle of side lengths
7/m and 7 /n centered at (jmr /m) + i(kw/n). Then we will consider

JG, k) = Lg <J£, E) _ L (1 _! [cos <E> + cos (lz):D
mn m n mn 2 m n

as an approximation to

— g(x,y)dxdy.
T IV

Note that

m—1n—1

v=Uvih

j=1 k=1

. b4 1 T 1
=x+ly:%§x§n 1—% ,ES)’ET( 1—5 .

One can show (using ideas as in Section A.1.1, details omitted), that

logdet[l — Q4] = mn/ glx,y)dxdy + O(1).
1%
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Therefore,

logdet[l — Q] = mn |:/ glx,y)dxdy — /
[0,7]2

g(x,y)dx dy:| + O(1).
[0.712\V

,7]

The result will follow if we show that

mn/ g(x,y)dxdy
[0.71\V

= (m+n) log4 — (m+n)10g(1—\/—)+ logn 4+ O(1).

We now estimate the integral over [0, yr]2 \ V, which we write as the sum
of integrals over four thin strips minus the integrals over the “corners” that are
doubly counted. One can check (using an integral table, e.g.) that

_/ log |: cosx—;cosy]dy

= —2log?2 +log[2 — cosx + \/2(1 —cosx) + (1 — cosx)2].

Then,

1 € prm 2 2
_2/ f log 1_w dydx:——€10g2~|—€—+0(63).
o Jo 2 T 2w

If we choose € = 7 /(2m) or € = 7 /2n, this gives

7/ 2m)
/10[ Cosx—;cosy}dydxzmlog2+0(1).

T w/(2n)
nl;/ / log |:1 —w}dydxz—n log2 4+ O(1).
o Jo

Similarly,

1 T 2
— f / log |:1 _ SoSxTeosy Cosyi| dy dx
b4 _ 2

T—e JO

2
= ——E log2 + i log[3 + 2v2] + O(?)

4
- ——6 log2 — = 1og[f2— 11+ 03,
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which gives

m_;z/” /”1Og|:1_cosx+cosy]dydx
T -2 Jo 2

= —nlog2—nlog[v2—114+0n",

mn n/n log 1_—Cosx+cosy dy dx
72 0 - 2

2n

= —mlog2 —mlog[v2 — 11+ 0™ ").

The only nontrivial “corner” term comes from

/ / log |: Cosx+cosyj| dxdy = 2€ 6 log(e) + O(€d).

Therefore,

m 1
/2 / log |: cosx—i—cos)’} dxdy:—zlogn—i-O(l).

All of the other corners give O(1) terms.
Combining it all, we get

£ 3 (- [(5) ()

equals

1
Imn + (m + n)log4 + (m + n) log[1 — \/5] 3 logn + O(1),

where

/ / log [ cosx+cosy] dyd.

Proposition 9.9.5 tells us that

— log4.
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Theorem 9.9.6 allows us to derive some constants for simple random walk
that are hard to show directly. Write (9.23) as

1
log F(Ap,) = Bymn+ By (m+n) + 3 logn + O(1), (9.24)
where
4C,
Blzlog4——cm, Bzzlog(«/z+1)—log4.
bid

The constant By was obtained by considering the rooted loop measure and B,
was obtained from the exact value of the eigenvalues. Recall from (9.3) that if
we enumerate A, ,,

Apn =1{x1,x2,...,xk}, K=@m—-1)(n—-1),

then

K
10g F(Amp) = Y 108 Fyy(Apn \ {21, -, xj-1),
j=1

and F,(V) is the expected number of visits to x for a simple random walk
starting at x before leaving V. We will define the lexicographic order of Z + iZ
byx+iy<x;+iyiifx <xjorx=xjandy < y;.

Proposition 9.9.7 If
V=x+iy:y>0U{0,1,2,...},
then
Fo(V) = 4 ¢ 4Ceat/7
Proof Choose the lexicographic order for A, ,. Then, one can show that
Fy(Apn \ {x1,...,xj-1}) = Fo(V) [1 + error],
where the error term is small for points away from the boundary. Hence
log F(Apn) = #(An,n) log Fo(V) [1 4 o(1)].

which implies that log Fo(V) = B asin (9.24). O
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Proposition 9.9.8 Let V C Z X iZ be the subset
V=@ZxizZ)\{...,—-2,—1},

Then, Fo(V) =4 («/E — 1). In other words, the probability that the first return
to {...,—2,—1,0} by a simple random walk starting at the origin is at the
origin equals

L 3=\
CFo(V) 4

Proof Consider that
A=A, =x+iy:x=1,....n—1;—(n—1)<y<n-—1}

Then A is a translation of Ay, ,, and hence (9.24) gives
2 1
logF(A) =2Bin"+3Byn+ 3 logn 4+ O(1).

Order A so that the first n — 1 vertices of A are 1,2,...,n — 1 in order. Then,
we can see that

n—1
log F(A) = | Y log Fj(A\ (1,....j — 1)) | 42 log F(An,).
=1
Using (9.24) again, we see that
210g F(Ayn) =2B1n®> +4Byn+logn + 0(1),

and hence

n—1

1
> log Fj(A\{l,....j—1}) = —Byn — 5 logn+0(1).
Jj=1
Now we use the fact that

log Fi(A\{1,...,j —1}) =log Fo(V) [1 + error],

where the error term is small for points away from the boundary to conclude
that Fo(V) = e 52. O
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Let Am,n be the m x n rectangle
Am,n:{x—i—iy:nggm—l,0§y§n—l}.
Note that
#(App) = mn,  #(BAn,) = 2(m +n).

Let é’m,n denote the number of (free) spanning trees of Z\m’n.

Theorem 9.9.9
Cmn = e4Ccmmn/n (ﬁ_ I)H‘H—n n—1/2_

More precisely, foreveryb € (0,00) thereisacy, < oo suchthatifb™' < m/n <
b, then both sides of (9.23) are bounded above by cp, times the other side.

Proof We claim that the eigenvalues for the lazy walker Markov chain on
Ay are:

1 jm km .
l1—=Jcos{— ) +cos{— )|, j=0,....m—1; k=0,...,n—1,
2 m n

with corresponding eigenfunctions

i 1 1
f(x,y) =cos (Jﬂ(x+ 2)> cos (kn(y—i— 2)> .

m n

Indeed, these are eigenvalues and eigenfunctions for the usual discrete
Laplacian, but the eigenfunctions have been chosen to have boundary conditions

FQO,y) =f(=Ly),f(m—1,y) =f(m,y),
fx0) =f0,=D.f(x,n=1) =f(xn).
For these reasons we can see that they are also eigenvalues and eigenvalues for

the lazy walker.
Using Proposition 9.9.2, we have that

6mn = 4Z:] l_[ (1 — % [cos (%) + cos (%)]) .

(k) #(0.0)
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Recall that if F'(A,,) is as in Theorem 9.9.6, then

1 1 jm km
— = l_[ <1 - = [cos (—) + cos <—
F(Amn) 2 m n

1<j<m—1,1<k<n—1

Therefore,

~ 4m=Dn=1) gman—1 (n=lrep 0y i
Con = — — —cos|—
F(Am,n) mn 1 2 2 n

(TI[E b ()]

Using (9.23), we see that it suffices to prove that

a1 ([
— ——=cos|— )| x1,
m o 2 2 n

or equivalently,

n—1 .

Zlog |:1 — cos (]E>i| = —nlog2 4 logn 4+ O(1).
n

j=1

To establish (9.25), note that

1 jT
z 1 1— atl

is a Riemann sum approximation of

l/nf()c)dx
7 Jo

where f (x) = log[1 — cos x]. Note that

sin x 1

, f//(x)=—1

—cosx’

f'@

1 —cosx

In particular, [f” (x)| < cx~2. Using this we can see that

T

i w T
1 [1 _ cos (’1)} Lo+ 1/ o
n n n T fl_zl

n n

(9.25)
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Therefore,

—Zlog l—cos(Z= )| =0m )+—f £ (x) dx
l’lj:1 n T )

2n
IR 1 (=
=0(n )+—/ f(x)dx——f f(x)dx
T Jo T Jo

1
=0m") —log2 + — logn.
n

9.10 Gaussian free field

We introduce the Gaussian free field. In this section we assume that g is a
symmetric transition probability on the space X'. Some of the definitions below
are straightforward extensions of definitions for random walk on Z?.

We say that e = {x,y} is an edge if g(e) := q(x,y) > 0.
If A C X, let e(A) denote the set of edges with at least one vertex in A. We
write e(A) = 9,A U e,(A) where 0,A are the edges with one vertex in dA and
e,(A) are the edges with both vertices in A.
We let

0A={ye X\A:qx,y) > 0forsomex € A},

A=AUDJA.
Iff :A— Randx € A, then

AF () =gl [fF ) —fW)1.

We say that f is harmonic at x if Af(x) = 0, and f is harmonic on A if
Af(x) =0 forall x € A.

Ife € e(A), we set Vof = f(y) —f (x) where e = {x, y}. This defines V,f up
to a sign. Note that

Vef Veg

is well defined.

Throughout this section we assume that A C X with #(A) < oo.
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e Iff,g : A — R are functions, then we define the energy or Dirichlet form £
to be the quadratic form

Eaf.@)= ) q(e)Vef Veg

ece(A)

We let Eo(f) = Ea(f.f).
Lemma 9.10.1 (Green’s formula) Suppose that f,h : A — R. Then,

Ea(foh) == f) AR + Y Y f) [h(x) — k(] q(x,y).  (9.26)

xeA X€0A yeA
(a) If his harmonic in A,

Ex(f o) =Y D F ) [h(x) — h()]g(x, ). 9.27)

x€0A yeA

(b) Iff =0o0ndA,

Ealf ) = =) f@) Ah(). (9.28)

xeA

(c) If h is harmonic in A and f = 0 on 0A, then Eo(f, h) = 0 and hence
Eaf +h) =EA(f) + Eah). (9.29)
Proof

Ea(fsh) =Y q(e) Vef Veh

ece(A)

1
=3 2. AN —fWIhG) — ()]

x,yeA
+Y ) g [FO) —F @1 h(G) — hx)]
x€A yedA
==Y qe)Nf @ [h() — h(x)]
x€A yeA

=D > ae N ) = h(0]

x€A yedA



9.10 Gaussian free field 291

+ 303 4 £ ) o) — h@)]

X€EA yedA

==Y F@ AR+ Y g f ) [hG) — @),

X€A y€E0A x€A

This gives (9.26) and the final three assertions follow immediately. O

Suppose that x € dA and let &, denote the function that is harmonic on A
with boundary value §, on dA. Then it follows from (9.27) that

Ealh) =Y [ = (M g(x, ).

yeA

We extend /i, to X by setting 7, = 0 on X' \ A.

Lemma 9.10.2 Let Y; be a Markov chain on X with transition probability q.
Let

Ty=min{j >1:Y;=x}, twa=min{j>1:Y; €A}
IfAC X,x€dA,A =AU {x},

1

En(hy) =PHT, > T} = FoAy”

(9.30)

Proof 1Ify € A, then h(y) = PY{T, = t4}. Note that

PUT, < ta} = g x) + Y g ) P (T = 1} = g, ) + Y q(x.y) he().
Y€EA yeA

Therefore,
PHT >t} =1 = PHT, < ta'}
= g+ Y gy [l —hO)]

7gA’ YEA
= — Ahy(x)
==Y h(y) Ah(y) = Ex (o),
yeA’

The last equality uses (9.28). The second equality in (9.30) follows from
Lemma 9.3.2. U
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o Ifv: X\A— R,f:A— R, wewrite that £4(f; v) for 4 (f,,) where f, = f
on A and f,, = v on 0A. If v is omitted, then v = 0 is assumed.

e The Gaussian free field on A with boundary condition v is the measure on
functions f : A — R whose density with respect to the Lebesgue measure
on R4 is

(27.[)—#(A)/2 e—afv)/2.

e [f v = 0, we call this the field with Dirichlet boundary conditions.
e IfA C Xisfiniteand v : X \ A — R, define the partition function

ClAsv) = / (2)HN2 y=EG0)/2 g |

where df indicates that this is an integral with respect to the Lebesgue measure
on RA. If v = 0, we write just C(A). By convention, we set C(¥; v) = 1.

We will give two proofs of the next fact.

Proposition 9.10.3 Forany A C X with #(A) < oo,

1
C(A) = VF(A) =exp 5 Z m) ¢ . 9.31)

weLl(A)

Proof We prove this inductively on the cardinality of A. If A = {J, the result
is immediate. From (9.3), we can see that it suffices to show that if A C X is
finite, x ¢ A,and A’ = A U {x},

C(A") = C(A) VF(A).

Suppose that f : A” — R and extend f to X by setting f = 0on X \ A’. We
can write that

f=g+th
where g vanishes on X' \ A; t = f (x); and £ is the function that is harmonic on

A with h(x) = 1 and h = 0 on X \ A’. The edges in e(A’) are the edges in e(A)
plus those edges of the form {x, z} with z € X \ A. Using this, we can see that

En(f) =Ea(f)+ ) qe.y) 1. (9.32)

ygA!
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Also, by (9.29),

Ea(f) = Ea(g) + Ealth) = Ea(g) + 1> Ea(h),

which, combined with (9.32), gives

1 1 r
expl{—=Eax(f); =expi—=C€alg) expi—=Ex(N) ¢ .
2 2 2
Integrating over A first, we get

oo 1 5
c@’ =CA/ —— e W2 gy
W=D ) T

e [ L ernng
—00 27'[

= C(A) VF.(A)).

The second equality uses (9.30). U

Let Q = Q4 as above and denote the entries of Q" by ¢, (x,y). The Green’s
function on A is the matrix G = (I — Q)_l ; in other words, the expected number
of visits to y by the chain starting at x equals

> an(x.y)
n=0

which is the (x, y) entry of (I — 0)~ L. Since Q is strictly subMarkov, (I — Q)
is symmetric, strictly positive definite, and (I — Q) ™! is well defined. The next
proposition uses the joint normal distribution as discussed in Section A.3.

Proposition 9.10.4 Suppose that the random variables {Z, : x € A} have a
(mean zero) joint normal distribution with covariance matrix G = (I — Q)™
Then the distribution of the random function f(x) = Z is the same as the
Gaussian free field on A with Dirichlet boundary conditions.

Proof Pluggingl”’ = G = (I — Q)" into (A.14) , we see that the joint density
of {Z,} is given by

@)~ [det(I — Q)2 exp {_@} |
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But (9.28) implies that f - (I — Q)f = £4(f). Since this is a probability density,

this shows that
CA) = !
“\ detd — Q)’

and hence (9.31) follows from Proposition 9.3.3. O

& The scaling limit of the Gaussian free field for random walk in Z is the
Gaussian free field in RY. There are technical subtleties required in the definition.
For example, if d = 2 and U is a bounded open set, we would like to define the
Gaussian free field {Z; : z € U} with Dirichlet boundary conditions to be the
collection of random variables such that each finite collection (Zz,, ..., Zz, ) has
a joint normal distribution with covariance matrix [Gy (z;, zp)]. Here, Gy denotes
the Green’s function for Brownian motion in the domain. However, the Green’s
function Gy (z, w) blows up as w approaches z, so this gives an infinite variance
for the random variable Z,. These problems can be overcome, but the collection
{Zz} is not a collection of random variables in the usual sense.

& The proof of Proposition 9.10.3 is not really needed, given the quick proof
in Proposition 9.10.4. However, we choose to include it since it more directly
uses the loop measure interpretation of F(A) rather than the interpretation as a
determinant. Many computations with the loop measure have interpretations in
the scaling limit.

Exercises

Exercise 9.1 Show that for all positive integers k
1

Z G adr) =1
iyt UL

Here are two possible approaches.

(i) Show that the number of permutations of k elements with exactly r cycles is

Z k!

vz e
itk T2
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(i) Consider the equation

IL—t = exp{—log(l — 1)}.

Expand both sides in the power series in ¢ and compare coefficients.

Exercise 9.2 Suppose that X, is an irreducible Markov chain on a countable
state space X and A = {x1,...,x} is a proper subset of X. Let Ag = A,A; =
AN\ {x1,...,x;}. Ifz € V C X, let gy (z) denote the expected number of visits
to z by the chain starting at z before leaving V.

(i) Show that
8A(X1) g\ (x) (X2) = gA\(xp) (X1) ga(X2). (9.33)

(ii) By iterating (9.33), show that the quantity

k
HgAj*I (-x])
j=1

is independent of the ordering of x, . .., xx.

Exercise 9.3 (Karlin-McGregor) SupposethatX!, ..., X,’l‘ are independent
realizations from a Markov chain with transition probability ¢ on a finite state
space X. Assume that x1,...,x,y1,...,y; € X. Consider the event

V:Vn(yl,...,yk)z{x,gyéx,{,, m=0,... . n X,{:yj,lgjgn}.
Show that

IP{V | )(()1 =Xl ’Xn] = xn} = det [Qn(xi’J’j)]ISl-JSk k]

where
qn(xi,yp) =P {an =yj| XO1 = xi} .

Exercise 9.4 Suppose that Bernoulli trials are performed with a probability p
of success. Let Y,, denote the number of failures before the nth success, and let
r(n) be the probability that Y, is even. By definition, (0) = 1. Give a recursive
equation for r(n) and use it to find r(n). Use this to verify (9.16).



296 Loop measures

Exercise 9.5 Give the details of Lemma 9.9.4.

Exercise 9.6 Suppose that g is the weight arising from simple random walk in
74, Suppose that A, A, are disjoint subsets of Z4 and x € Z¢. Let p(x,A1,A2)
denote the probability that a random walk starting at x enters A, and subse-
quently returns to x all without entering A;. Let g(x, A1) denote the expected
number of visits to x before entering A for a random walk starting at x. Show
that the unrooted loop measure of the set of loops in Z? \ A; that intersect both
x and A3 is bounded above by p(x,A1,A2) g(x,Ar).

(Hint: for each unroooted loop that intersects both x and A, choose a (not
necessarily unique) representative that is rooted at x and enters A, before its
first return to x.)

Exercise 9.7 We continue the notation of Exercise 9.6 with d > 3. Choose
an enumeration of Z¢ = {xo, x1, ...} such that j < k implies x| < [x].

(i) Show that there exists ¢ < oo such thatif » > 0, u > 2, and |x;| < r,
P, Aj-1, 2\ Buy) < 1 1172 r)* ™4,

(Hint: consider a path that starts at x;, leaves B,,, and then returns to x;
without visiting A;_1. Split such a curve into three pieces: the “beginning”
up to the first visit to Vi \ B,; the “end” which (with time reversed) is a
walk from x; to the first (last) visit to Z9 \ Bsyx;|/2; and the “middle” which
ties these walks together.)

(i1) Show that there exists ¢; < oo, such that if » > 0 and u > 2, then the
(unrooted) loop measure of the set of loops that intersects both B, and
74 \ B, is bounded above by ¢ u*~¢.
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Intersection probabilities for random walks

10.1 Long-range estimate

In this section we prove a fundamental inequality concerning the probability
of intersection of the paths of two random walks. If S, is a random walk, we
write

S[ni,na] =Sy 1 n1 < n < na}.
Proposition 10.1.1 Ifp € Py, there exist c1, cy such that for all n > 2,

c1 ¢ (n) < P{S[0,n] N S[2n,3n] # 0}
< P{S[0,n] N S[2n, 00) # B} < c2 P (n),

where

1, d < 4,
¢(n) = { (ogn)~!, d=4,
nG=D2 g >4,

& As n — oo, we get a result about Brownian motions. If B is a standard
Brownian motion in RY, then

>0, d<3

P{BI[0, 11N B[2, 3] # #} —0 d—a’

Four is the critical dimension in which Brownian paths just barely avoid each
other.

297
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Proof The upper bound is trivial for d < 3, and the lower bound for d < 2
follows from the lower bound for d = 3. Hence, we can assume thatd > 3. We
will assume that the walk is aperiodic (only a trivial modification is needed for
the bipartite case). The basic strategy is to consider the number of intersections
of the paths,

n  3n n oo
=YY US=S} K=Y ) 1{S=5
j=0 k=2n j=0 k=2n

Note that

P{S[0,n] N S[2n,3n] # B} = P{J, > 1},
P{S[0, n] N S[2n, 00) # B} = P{K, > 1}.

We will derive the following inequalities for d > 3,

e n D2 <EB(J,) < B(Ky) < ean® D2, (10.1)
cn, d =23,
EW?) < 3§ clogn, d=4, (10.2)

cn@ D2 g =5,

Once these are established, the lower bound follows by the second-moment
lemma (Lemma A.6.1),

E(J,)?

Let us write p(n) for P{S,, = 0}. Then,

n  3n

E(Un) =YY pk—j,

Jj=0 k=2n

and similarly for E(K},). Since p(k —j) < (k — )72, we get

n  3n

1
EW») XZ Z m

Jj=0 k=2n

n  3n

= Z Z ﬁ - i”l_(dﬂ) = 2=/
(k —n)

j=0 k=2n j=0
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and similarly for E(K}). This gives (10.1). To bound the second moments,
note that

EUD= Y. Y P8 =SS =S

0<j,i<n 2n<k,m<3n

<2 ). ) [P(S = 56Si=Su) +PIS; = Su.Si = Sl

0<j<i<n2n<k<m<3n

If0<i,j <nand2n <k <m < 3n, then

P{S; = Sk, Si = S} < [ max P{S; = x}:| |:ma)§ P{Sy—k = x}]
XeZ

I>nxeZd
C
< .
= 2 (m—k + 1)472

The last inequality uses the LCLT. Therefore,

1
2 2 2—(d/2)
E(J;) <cn E nd/Z(m—k+1)d/2§c”

2n<k<m<3n

1
< ) m—k+ 1)z
0<k<m=<n
This yields (10.2).

The upper bound is trivial for d = 3 and for d > 5 it follows from (10.1)
and the inequality P{K,, > 1} < E[K,]. Assume that d = 4. We will consider
E[K, | K, > 1]. On the event {K,, > 1}, let k be the smallest integer > 2n such
that S; € S[0,n]. Let j be the smallest index such that Sy = S;. Then by the
Markov property, given [So, ..., Sk] and Sy = S;, the expected value of K>, is

n o0 n
DD PSS =Si 1S =S}=)_ G(Si—S$).
i=0 I=k i=0

Define a random variable, depending on S, . . ., Sy,

n
Y, = ,:o,i.lf,n Z& G(Si —S)).
1=

For any r > 0, we have that

E[K, | K, = 1,Y, > r logn] > rlogn.
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Note that for each r,
P{Y, < rlogn} < (n+ )P Z G(Si) < rlogn

i<n/2

Using Lemma 10.1.2 below, we can find an r such that P{Y,, < rlogn} =
o(1/logn) But,

¢ > E[K,] = P{K,
> P{K,

v

1;Y, > rlogn}E[K, | K, > 1,Y, > rlogn]

\%

1;Y, > rlogn}[r logn].

Therefore,

P{K, > 1} <P{Y, <rlogn} +P{K, > 1;Y, > r logn} <

logn’
This finishes the proof except for the one lemma that we will now prove. [

Lemma 10.1.2 Let p € Pa.
(a) For every a > 0, there exist c, r such that for all n sufficiently large,

Sn_l
Z G(Sj)) <rlogng <cn™“.
j=0
(b) For every a > 0, there exist c, r such that for all n sufficiently large,
n
ZG(S/) <rlogng <cn .

J=0

Proof 1t suffices to prove (a) when n = 2 for some integer /, and we write
£X = &, Since G(x) > ¢/(|x| + 1)2, we have that

-1 [ g1
ZG(S,)>Z > G(S,)>c22 gk gkt
k=1 j—gk—1

The reflection principle (Proposition 1.6.2) and the CLT show that for every
€ > 0, there is a § > 0 such that if » is sufficiently large, and x € En/z,
then P*{¢, < 8n?} < e. Let Iy denote the indicator function of the event
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{gk — gk=1 < § 2%k} Then we know that
Py =11 So,...,Sek-1) < €.

Therefore, J; = Zi:l Iy is stochastically bounded by a binomial random
variable with parameters / and €. By exponential estimates for binomial random
variables (see Lemma A.2.8), we can find an « such that

P{J; > 1/2} < ¢27%.
But on the event {J; < [/2} we know that
G(Sj) = c(l/2)6 = r logn,

where the r depends on «.
For part (b) we need only note that P{n < &,1,4} decays faster than any power
of n and that

n §,1/4
Py Ges) < % logn} <P 1Y G(S) <rlogn'/*} +Pln < &),
j=0 j=0

g

& The proof of the upper bound for d = 4 in Proposition 10.1.1 can be
compared to the proof of an easier estimate

PO e S[noo))<cn'"%, d=3.

To prove this, one uses the LCLT to show that the expected number of visits to
the origin is O(n1_%). On the event that 0 € S[n, c0), we consider the smallest
j = nsuch that §; = 0. Then using the strong Markov property, one shows
that the expected number of visits given at least one visit is G(0,0) < oco. In
Proposition 10.1.1 we consider the event that S[0, n] N S[2n, c0) # ¥ and try to
take the “first” (j, k) € [0, n] x [2n, co) such that Sj = Sk. This is not well defined
since, if (i, /) is another pair, it might be the case that i < j and | > k. To be
specific, we choose the smallest k and then the smallest j with S; = Si. We
then say that the expected number of intersections after this time is the expected
number of intersections of S[k, co) with S[0, n]. Since Sy = Sj, this is like the
number of intersections of two random walks starting at the origin. In d = 4,
this is of order log n. However, because Sy, S; have been chosen specifically,
we cannot use a simple strong Markov property argument to assert this. This is
why the extra lemma is needed.
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10.2 Short-range estimate

We are interested in the probability that the paths of two random walks starting at
the origin do not intersect up to some finite time. We discuss only the interesting
dimensions d < 4. Let S,S!,82,... be independent random walks starting at
the origin with distribution p € P;. If 0 < A < 1, let T}, T)}, Tf, ... denote
independent geometric random variables with killing rate 1 — X and we write
An = 1 — 1/n. We would like to estimate

P{S(0,n] N S'[0,n] = B},
or
P {S(O, T,,1N S0, 72 ] = @}.

The next proposition uses the long-range estimate to bound a different
probability,

P {S(o, T,,10 (S'[0, 7} 1US2[0, T2 1) = @} .
Let

Q0) =Y P™(S[0, ;1N S'[0,T}] # 0}
yeZd

=(1-2)>2 Z ZZW POY(S[0, /] N S0, k] £ B}.

yeZd j=0 k=0

Here, we write P*Y to denote probabilities assuming that So = x, Sé =y. Using
Proposition 10.1.1, one can show that as n — oo (we omit the details),

d/2 d<4
n <
An) =< ’
Qlhn) {}12 [logn]~!, d =4.
Proposition 10.2.1 Suppose thatS,S", S? are independent random walks start-
ing at the origin with increment p € Py. Let V5, be the event that 0 ¢ S1(0, T)%].
Then,

P [VA NSO, 751N (10, T 1 U $2(0, T2]) = @}] = (1=1200). (10.3)
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Proof Suppose that o = [wg = 0,...,w,],n = [no,...,Nm] are paths in
74 with

p@) = []r@-1,0) >0 pem :=]]pMmji-1.n) > 0.
Jj=1 j=1

Then, we can write that

Q0) = (1=1)7D "> 2" p(w) p(),

n=0m=0 w.,n

where the last sum is over all paths w, n with |w| = n,|n| = m,wp = 0 and
® N n # . For each such pair (w, n) we define a 4-tuple of paths starting at the
origin (0™, @™, n~, nT) as follows. Let
s=min{j: w; € n}, t=min{k : N = w,}.
o = [y — w5, w51 — Wy, ..., 00 — W],
ot = [ws — ws, W] — Wgy o oo, Wy — ws],

N =00 =01 — N5 N0 — Nels
N =0 — e Nest — Nesevo s T — Wi

Note that p(w) = p(w™) p(w™),p(n) = p(n™) p(n"). Also,
0gn,.on ], lor,...,05 10~ Unt1=0. (10.4)

Conversely, for each 4-tuple (w~,w",n~,n") of paths starting at the origin
satisfying (10.4), we can find a corresponding (w, n) with wg = 0 by inverting
this procedure. Therefore,

oW =(1-1°
x Do AR b )p(@)p(1-)p (1),
O0<n_,ny m_my @040+
where the last sum is over all (0™, w™,n~,n7) with |o_| = n_, || =
nt, |n—| = m—, |n4| = my satisfying (10.4). Note that there is no restriction

on the path w™*. Hence, we can sum over n; and o to get

QU =(=21) Y Y AT p@)p(n)pny),

0<nm_,my ©ON—.N+
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But it is easy to check that the left-hand side of (10.3) equals

a-» > > A p@)p (1 )p(14).

0<nm_,my ®N—.N+

Corollary 10.2.2 Ford = 2,3,4,

P{S(0,n] N (S'(0,n] U S%[0,n]) = @}
= P{S(0,T3,1N ($'0, T} TUS?[0, T} 1) = ¥}
= (1= 2)? Q)

d—4
2

_n' T, d=23
“ldogn)~!, d=4

Proof (Sketch) We have already noted the last relation. The previous propo-
sition almost proves the second relation. It gives a lower bound. Since P{T), =
0} = 1/n, the upper bound will follow if we show that

P[Vy, | S0, 75,10 (S'0, T} TUS?0,T{ 1) = ¥, T3, > 0] = ¢ > 0. (10.5)

We leave this as an exercise (Exercise 10.1).

One direction of the first relation can be proved by considering the event
{T3,, Txl,,’T)?n < n} which is independent of the random walks and whose
probability is bounded below by a ¢ > 0 uniformly in n. This shows that

P{S(0,T3,1N ($'(0, T} 1U S0, T} ) = 0}
> ¢P{S(0,n] N (S'(0,n] U S2[0,n]) = 7).

For the other direction, it suffices to show that

P{S(0, T, 10 (810, T 1U S*[0, T 1) = 0
Ton Th . T = n} > ¢ (1= An)* Q).
This can be established by going through the construction in proof of Proposition

10.2.1. We leave this to the interested reader.
O
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10.3 One-sided exponent

Let

g(n) = P{S(0,n] N S'(0,n] = 7).
This is not an easy quantity to estimate. If we let

Yy =P{s©nNs'On1=0|50m],
then we can write
q(n) = E[Y,].
Note that if S, S!, $2 are independent, then
E[Y?] = P [S(o, ] 0 (81(0,n] U S2(0,n]) = Q)] .

Hence, we see that

d—4 (10.6)

(logn)~!, d=4
nz, d <4

E[Y?] =< {
Since 0 < Y,, < 1, we know that

E[Y?] < E[Y,] < /E[Y2]. (10.7)

If it were true that (IE[Y,,])2 = ]E[Ynz], we would know how [E[Y,,] behaves.
Unfortunately, this is not true for small d.

As an example, consider simple random walk on Z. In order for S(0,n]
to avoid S'[0, n], either S(0,n] C {1,2,...} and S'[0,n] C {0,—1,—2,...}
or SO,n) C {—1,-2,...} and Sl[O,n] c {0,1,2,...}. The gambler’s ruin
estimate shows that the probability of each of these events is comparable to
n~1/2 and hence, that

E[Y,] < nil, E[Ynz] =n 32,
Another way of saying this is that

P{S(0,n] N S2(0,n] = ¥} < n~",
P{S(0,n] N S%(0,n] =@ | S(O,n] N S'(0,n) = ¥} < n= /2.
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For d = 4, it is true that (I[-E[Y,,])2 = IE[YnZ]. For d < 4, the relation
(IE[Y,,])2 = IE[Y,,Z] does not hold. The intersection exponent ¢ = ¢, is defined
by saying E[Y,] = n~¢. One can show the existence of the exponent by first
showing the existence of a similar exponent for Brownian motion (this is fairly
easy) and then showing that the random walk has the same exponent (this takes
more work; see Lawler and Puckette (2000)). This argument does not establish
the value of ¢{. For d = 2, it is known that { = 5/8. The techniques of the
proof in Lawler et al. (2001) use conformal invariance of Brownian motion and
a process called the Schramm—Loewner evolution (SLE). For d = 3, the exact
value is not known (and perhaps will never be known). Corollary 10.2.2 and
(10.7) imply that 1/4 < ¢ < 1/2, and it has been proved that both inequalities
are actually strict. Numerical simulations suggest a value of about 0.29.

& The relation E[Y2] ~ E[Yn]? or equivalently
P{S(0,n] N §2(0, n] = ¥} = P{S(0,n] N S2(0,n] =@ | SO, n1N S0, n] = B}

is sometimes called mean-field behavior. Many systems in statistical physics
have mean-field behavior above a critical dimension and also exhibit such behav-
ior at the critical dimension with a logarithmic correction. Below the critical
dimension they do not have mean-field behavior. The study of the exponents
E[Y}] = n—%(" sometimes goes under the name of multifractal analysis. The
function ¢o(r) is known for all r > 0, see Lawler et al. (2001).

Exercise 10.1 Prove (10.5).
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Loop-erased random walk

Loop-erased walks were introduced in Chapter 9 as a measure on self-avoiding
paths obtained by starting with a (not necessarily probability) measure on inter-
secting paths and erasing loops chronologically. In this chapter we will study
the corresponding process obtained when one starts with a probability measure
on paths; we call this the loop-erased random walk (LERW) or the Laplacian
random walk. We will consider only LERW derived from simple random walk
in Z4, but many of the ideas can be extended to LERWSs obtained from Markov
chains.

& The terms loop-erased walk and loop-erased random walk tend to be used
synonymously in the literature. We will make a distinction in this book, reserving
LERW for a stochastic process associated to a probability measure on paths.

Throughout this section, S,, will denote a simple random walk in Z¢. We write
S,{ s S,%, ... for independent realizations of the walk. We let 74, T4 be defined as
in (4.27) and we use ri, ?JA to be the corresponding quantities for §/. We let

Preny) =pty.x) =PS, =y :Ta > n).

If x € A, then p/}(x,y) = O for all n, y.

11.1 h-processes

We will see that the LERW looks like a random walk conditioned to avoid its
past. As the LERW grows, the “past” of the walk also grows; this is an example
of what is called a “moving boundary.” In this section we consider the process
obtained by conditioning random walk to avoid a fixed set. This is a special
case of an h-process.

307



308 Loop-erased random walk

Suppose that A  Z and h : Z¢ — [0, 00) is a strictly positive and harmonic
function on A that vanishes on Z¢ \ A. Let

(0A)4 = (9A) 4 = {y € 0A - h(y) > 0} = {y € Z/ \ A : h(y) > O}.

The (Doob) h-process (with reflecting boundary) is the Markov chain on A
with transition probability § = g% defined as follows.

e IfxeAand |x —y| =1,

h(y) _ h(y)
Y lex=1 @) 2d h(x)’

qlx,y) = (11.1)

e [fxedAand [x —y| =1,

h(y)

q(x’y) = Z|z—x‘=l h(Z) '

The second equality in (11.1) follows by the fact that LA(x) = 0. The definition
of g(x,y) for x € 0A is the same as that for x € A, but we write it separately
to emphasize that the second equality in (11.1) does not necessarily hold for
x € 0A. The h-process stopped at (0A)+ is the chain with transition probability
g = ¢™" which equals § except for

® glx,x) =1, x € (0A)+.
Note that if x € A\ (dA) 4, then g(y,x) = G(y,x) = Oforall y € A. In other
words, the chain can startin x € dA \ (dA), but it cannot visit there at positive

times. Let g, = cjﬁ’h, qn = q’,;"h denote the usual n-step transition probabilities
for the Markov chains.

Proposition 11.1.1 Ifx,y € A,

h
", y) = phx,y) %

In particular, q‘,;"h (x,x) = pﬁ(x, X).

Proof Let

w=[w)=x,01,...,0, =Y]
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be a nearest neighbor path with w; € A for all j. Then the probability that first
n points of the h-process starting at x are w1, . . . , @, in order is

I1 @) gy M)
I 2dn h(x)

By summing over all paths w, we get the proposition. (|

& If we consider g™/ and p# as measures on finite paths w = [wy, ..., @n]
in A, then we can rephrase the proposition as

dg™h ) h(wn)
w) = .
dpA h(eg)

Formulations like this in terms of Radon—Nikodym derivatives of measures can
be extended to measures on continuous paths such as Brownian motion.

& The h-process can be considered as the random walk “weighted by the
function h”. One can define this for any positive function on A, even if h is not
harmonic, using the first equality in (11.1). However, Proposition 11.1.1 will not
hold if h is not harmonic.

Examples

e IfACZ%andV C A, let

hy a(x) = P{Sz, € V} =) Ha(x,y).
yev

Assume that iy 4(x) > O for all x € A. By definition, iy 4 = 1 on V and
hya = 0onZ¢\ (AU V). The hy 4-process corresponds to simple random
walk conditioned to leave A at V. We usually consider the version stopped
atV = (0A)4.

— Suppose that x € dA \ V and

Haa(x, V) :=P(S) € A;S, € V) = Hya(x,y) > 0.
YEA

If x —y| > 1 for all y € V, then the excursion measure as defined in
Section 9.6 corresponding to paths from x to V in A normalized to be a
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probability measure is the hy a-process. If there is a y € V with
|x —y| = 1, the hy 4-process allows an immediate transition to y while the
normalized excursion measure does not.

e letA=H={x+iy€e ZxiZ:y > 0}and h(z) = Im(z). Then & is a
harmonic function on H that vanishes on dA. This A-process corresponds to
simple random walk conditioned never to leave H and is sometimes called
an H-excursion. With probability one this process never leaves H. Also, if
g=qt"and x + iy € H,

1
gx+iy,(x £ 1) +iy) = T

. . y+1 L y—1
gx+iy,x+iy+ 1) =——, q+iy,+i(y—1) =——.
4y 4y

e Suppose that A is a proper subset of Z¢ and V = 9A. Then, the hy 4-process
is simple random walk conditioned to leave A. If d = 1,2 or Z¢ \ A is a
recurrent subset of Z¢, then hy A = 1 and the hy 4-process is the same as
simple random walk.

e Suppose that A is a connected subset of Z¢,d > 3 such that

hooa(x) :=P*{T4 = o0} > 0.

Then the Ao 4-process is simple random walk conditioned to stay in A.
e Let A be a connected subset of Z? such that Z? \ A is finite and nonempty,
and let

h(x) = a(x) — E*[a(Sz,)],

be the unique function that is harmonic on A, vanishes on dA, and satisfies
h(x) ~ (2/m) log |x| as x — o0; see (6.40). Then the h-process is simple
random walk conditioned to stay in A. Note that this “conditioning” is on an
event of probability zero. Using (6.40), we can see that this is the limit as
n — oo of the hy, 4, processes where

A, =AN{z| <n}, V,=0A,N{|z| =n}.

Note that for large n, V,, = 05,,.
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11.2 Loop-erased random walk

Suppose that A C 74,V C 9A, and x € A with that hy a(x) > 0. The LERW
from x to V in A is the probability measure on paths obtained by taking the sy 4-
process stopped at V and erasing loops. We can define the walk equivalently as
follows.

e Take a simple random walk S, started at x and stopped when it reaches dA.
Condition on the event (of positive probability) {STA € V}. The conditional
probability gives a probability measure on (finite) paths

w=[So=x,51....8 =S].
e FErase loops from each @ which produces a self-avoiding path
77 = L(a)) = [§0 = X,S], e a‘§m = S‘L’A],

with 81,...,8,_1 € A. We now have a probability measure on self-avoiding
paths from x to V, and this is the LERW.

Similarly, if x € 9A \ V with P*{S;, € V} > 0, we define LERW from x
to V in A by erasing loops from the Ay 4-process started at x stopped at V. If
x € V, we define LERW from x to V to be the trivial path of length zero.

We write the LERW as

A

S(),S],...,Sp.

Here, p is the length of the loop-erasure of the h-process.

The LERW gives a probability measure on paths which we give explicitly
in the next proposition. We will use the results and notations from Chapter 9
where the weight ¢ from that chapter is the weight associated to simple random
walk, g(x,y) = 1/2d if |x —y| = 1.

Proposition 11.2.1 Suppose that V. C dA, x € A\ V and So0,81, ... ,S'p is
LERW from x to V in A. Suppose that n = [no, ..., N, is a self-avoiding path
withno=x €A, n, € V,and nj € A for 0 < j < n. Then

1
= Qd)"Pr{S,, e V}

P{o = n;[So, ..., Su] = n} Fy(A).

Proof This is proved in the same way as Proposition 9.5.1. The extra term
P*{S;, € V} comes from the normalization to be a probability measure. t
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If o = [wy,wi,...,wn] and ©® denotes the reversed path [wp,, wp—1,

., ], it is not necessarily true that L(w®) = [L(w)]R (the reader might
want to find an example). However, the last proposition shows that for any
self-avoiding path n with appropriate endpoints, the probability that LERW
produces 7 depends only on the set {ny, ..., n,—1}. For this reason we have the
following corollary which shows that the distribution of LERW is reversible.

Corollary 11.2.2 (reversibility of LERW) Suppose that x,y € 0A and
SQ, Sl, .. S is LERW from x toy in A. Then the distribution ofSp, Sp Lovvns So
is that of LERW fromy to x.

Proposition 11.2.3 If x € A with hy A(x) > O, then the distribution of LERW
fromxtoV in A stopped at 'V is the same as that of LERW from x to V in A \ {x}
stopped at V.

Proof Let X, X1, ... denote an hy 4-process started at x, and let T = 74 be
the first time that the walk leaves A, which with probability one is the first time
that the walk visits V. Let

o =max{m < 14 : X;, = x}.

Then, using last-exit decomposition ideas (see Proposition 4.6.5) and Proposi-
tion 11.1.1, the distribution of

[XO'9XO'+19- . -’X‘[A]

is the same as that of an hy 4-process stopped at V' conditioned not to return to
x. This is the same as an &y 4\ (x}-process. O

If x € A\ V, then the first step 3‘1 of the LERW from x to V in A has the
same distribution as the first step of the sy 4-process from x to V. Hence,

hy A(y)

PiS1 =21 = D lex=1 v a@)

Proposition 11.2.4 Suppose thatx € A\ 'V and So,...,8 o denotes LERW from
x to 'V in A. Suppose that n = [no, . . ., Nm] is a self-avoiding path with ny = x
andni,...,nm € A. Then

P {Se,,, € V)
Qd)y" PX{S,, € V}

P*{p > m;[So,....Sm] =n} = Fy(A).



11.3 LERW in Z¢ 313

Proof Letw = [wy,...,w,] be anearest neighbor path with wg = x,w, € V
and wo, . ..,wy—1 € A such that the length of LE(w) is greater than m and the
first m steps of LE (w) agree with n. Let

s =max{j : wj = N}

and write w = 0w~ ® wT where

o = [w,ol,...,05], o =[ws,w51,... 04

Then L(w™) = n and w™ is a nearest neighbor path from 7,, to V with
Ws =N, {Ws41,-.., 001} €A\, wpeV. (11.2)

Every such w can be obtained by concatenating a w™ in A with L(w™) = 7
with a w™ satisfying (11.2). The total measure of the set of w™ is given by
(2d)™"™ Fy(A) and the total measure of the set of w™ is given by P {Sta, €V}
Again, the term P*{S;, € V} comes from the normalization to make the LERW
a probability measure. U

The LERW is not a Markov process. However, we can consider the LERW
fromx to V in A as a Markov chain on a different state space. Fix V, and consider
the state space X of ordered pairs (x,A) with x € 74,A c 29\ (V U {x}) and
either x € V or P*{S;, € V} > 0. The states (x,A),x € V are absorbing states.
For other states, the probability of the transition

(x,A) — A\ YD

is the same as the probability that an Ay 4-process starting at x takes its first
step to y. The fact that this is a Markov chain is sometimes called the domain
Markov property for LERW.

11.3 LERW in Z¢

The loop-erased random walk in Z¢ is the process obtained by erasing the loops
from the path of a d-dimensional simple random walk. The d = 1 case is trivial,
so we will focus on d > 2. We will use the term self-avoiding path for a nearest
neighbor path that is self-avoiding.
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1131 d=3

The definition of LERW is easier in the transient case d > 3, for then we can
take the infinite path

[So, 81,82, ...]
and erase loops chronologically to obtain the path

(S0, 81,85, ...].
To be precise, we let

oo =max{j > 0:S; =0},
and for k > 0,
o =max{j > ox_1 :S; = So;_ 41},

and then

[50, 51,82, . .1 = [Sogs Soy» Sorys - - -1

& It is convenient to define chronological erasing as above by considering
the last visit to a point. It is not difficult to see that this gives the same path as
obtained by “nonanticipating” loop erasure; i.e. every time one visits a point that
is on the path one erases all the points in between.

The following properties follow from the previous sections in this chapter
and we omit the proofs.

e Given that §0, ... ,Sm, the distribution of §m+1 is that of the A 4,,-process
starting at S, where A,, = 74 \ {So, ..., Su}. Indeed,

oo, (%)

P(Spe1 =2 | [S0, Sl = . =Sl =1
" " Z|y-§m|:] hOO,Am (y) "
e If n =[no,...,nn]is a self-avoiding path with ny = 0,
5 3 Esa,, (11m) dy _ Esa, (nm)
P“%~“3“:"}:‘aaﬁ*”@) e rhalmpw

Here, A_; = Z¢.
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e Suppose that Z4 \ A is finite,
AT =AN{lzl <r}, V' =0A"N{lz| =1},

and S’ér), R S’,(nr ) denotes (the first m steps of) a LERW from O to V" in A”.
Then, for every self-avoiding path 7,

]P’{[So,...,S’m] - n} :rlggop{[ﬁg’),...,égn - n}.

1132 d =2

There are a number of ways to define LERW in 72 all the reasonable ones give
the same answer. One possibility (see Exercise 11.2) is to take simple random
walk conditioned not to return to the origin and erase loops. We take a different
approach in this section and define it as the limit as N — oo of the measure
obtained by erasing loops from simple random walk stopped when it reaches
dBy . This approach has the advantage that we obtain an error estimate on the
rate of convergence.

Let S, denote simple random walk starting at the origin in Z2. Let
SO,N, AU SpN,N denote LERW from 0 to dBy in By . A This can be obtained by
erasing loops from

[S0. 81, ..., Sey .

As noted in Section 11.2, if we condition on the event that 7y > &y, we get the
same distribution on the LERW. Let Ey denote the set of self-avoiding paths
n=10,n1,....,m] withny,...,nx—1 € By, and nN € dBy and let vy denote
the corresponding probability measure on Ey,

v () = P{[Sow - .., Sun] = n).

If n < N, we can also consider vy as a probability measure on E,, by consid-
ering the path n up to the first time it visits /3, and removing the rest of the
path. The goal of this subsection is to prove the following result.

Proposition 11.3.1 Suppose thatd = 2 andn < oco. Foreach N > n, consider
vy as a probability measure on E,,. Then the limit

v= lim vy,
N—o00
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exists. Moreover, for every n € By.

1

& To be more specific, (11.3) means that there is a ¢ such that forall N > 2n
and all n € Ep,

N () ‘ __ ¢
v(1) ~ log(N/n)’

The proof of this proposition will require an estimate on the loop measure as
defined in Chapter 9. We start by stating the following proposition, which is an
immediate application of Proposition 11.2.4 to our situation.

Proposition 11.3.2 Ifn < N and n = [no,...,nx] € &y,

Pk {EN < 'L'Zu’\n]
Q)" PlEy < 7o}

Pk HgN < 'L'ch\n}
(2(1)\77\

vy () = Fy(By) = Fy(By \ {0}).

& Since 0 €,
Fy(Bn) = G, (0,0) F(By \ {0}) = Pgy < 70} Fp(By \ {0}),

which shows the second equality in the proposition.

We will say that a loop disconnects the origin from a set A if there is no
self-avoiding path starting at the origin ending at A that does not intersect the
loop; in particular, loops that intersect the origin disconnect the origin from
all sets. Let m denote the unrooted loop measure for simple random walk as
defined in Chapter 9.

Lemma 11.3.3 There exists ¢ < oo such that the following holds for simple
random walk in 72. For every n < N /2 < oo consider the set U = U (n,N)
of unrooted loops w satisfying

BNB, £0, @NZI\By) £0

and such that @ does not disconnect the origin from 018,,. Then

AU) < ———
log(N /n).
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Proof Order Z? = {xy = 0,x1,x2,...} so thatj < k implies that |x;| < |xg].
Let Ay = Z2 \ {xo,...,xx_1}. For each unrooted loop w, let k be the smallest
index with x; € @ and, as before, let dy, (@) denote the number of times that @
visits x;. By choosing the root uniformly among the d,, (@) visits to x, we can
see that

mU) = Z Z (2d)‘“’|d (w) ~ Z Z (2d)|“’"

k= lwe k= lweUk

where Uy = Uy (n,N) denotes the set of (rooted) loops rooted at x; satisfying
the following three properties:

e wNi{xg,...,x,_1} =9,
* wN(Z\By) #1,
* o does not disconnect the origin from 915,,.

We now give an upper bound for the measure of Uy for x; € B,. Suppose that
w = [wog,...,w] € f]k.

Let so = wy, s5 = 2/ and define s1, . .., 54 as follows.

e Let s be the smallest index s such that |wg| > 2|xg]|.

e Let sy be the smallest index s > s; such that |wg| > n.

e Let 53 be the smallest index s > s, such that |wg| > N.
e Let s4 be the largest index s < 2/ such that |w;| > 2|xg|.

Then we can decompose
w=0w ®w2®w3®w4®w5,

where o/ = [a)ijl s> 5] We can use this decomposition to estimate the
probability of Uy.

e ' isapathfromxy to 0By, | thatdoes nothit {xp, . . ., x¢—1}. Using gambler’s
ruin (or a similar estimate), the probability of such a path is bounded above
by ¢/xk|.

e wlisa path from 08|y, | to 918, that does not disconnect the origin from 05,,.
There exists ¢, such that the probability of reaching distance n without
disconnecting the origin is bounded above by ¢ (|x;|/n)* (see Exercise 3.4).

e o isa path from 053, to dBy that does not disconnect the origin from
d8,,. The probability of such paths is bounded above by c¢/log(N/n) (see

Exercise 6.4).
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e The reverse of w” is a path like ! and has probability c¢/|x|.
e Given that 3 and &, »* is a path from w,, € 9By to wy, € 9By, that
does not enter {xo, . ..,xx—1}. The expected number of such paths is O(1).

Combining all of these estimates, we see that the measure of f/k is bounded
above by a constant times

1 1
|27 n* log(N /n)’

By summing over x; € B,, we get the proposition. (|

& Being able to verify all the estimates in the last proof is a good test that
one has absorbed a lot of material from this book!

Proof of Proposition 11.3.1 Let €, = 1/logr. We will show that for 2n <
N <M and n = [no,...,Nx] € Ep,

vy (1) = vy () [1 4+ O(en/n)]. (11.4)

Standard arguments using Cauchy sequences then show the existence of v
satisfying (11.3). Proposition 11.3.2 implies

FU(BM)
Fyp(Bn)

vy (1) = vy () P (&) < 1z, | €y < Tz2\,) -

The set of loops contributing to the term F,,(By)/F; (By) are of two types:
those that disconnect the origin from 98, and those that do not. Loops that
disconnect the origin from 98, intersect every 57 € &, and hence contribute
a factor C(n, N, M) that is independent of 1. Hence, using Lemma 11.3.3, we
see that

Fr;(BM)
Fn(BN)

=Cn,N,M)[1+ O(en/n)l, (11.5)

Using Proposition 6.4.1, we can see that for every x € dBy,

log(N /n)

D) [1+OCen/n)]

P{én < t208,) =

(actually the error is of smaller order than this). Using (6.49), if x € B,

Cc

P&y < 72\ < W.
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We therefore get

% (£ z log(N /n)
P&y <ty | En < T2} = logg(m [1+O0Cenm)].
Combining this with (11.5) we get
log(N /n)

vy () = vy () C(n,N, M) [1+ OCenym)],

log(M /n)

where we emphasize that the error term is bounded uniformly in n € &,.
However, both vy and vy, are probability measures. By summing over n € E,
on both sides, we get

log(N /n)

N Top bt )

=1+ O(enyn),

which gives (11.4). O
The following is proved similarly (see Exercise 9.7).

Proposition 11.3.4 Suppose thatd > 3 andn < oo. Foreach N > n, consider
vy as a probability measure on E,,. Then the limit

v= lim vy,

N—o0

exists and is the same as that given by the infinite LERW. Moreover, for every
n € By

oy () = v(n) [1 +0 ((n/N)d*Z)], N >2n. (11.6)

11.4 Rate of growth

If So, 3‘1 ,...denotes LERW in Z9,d > 2, we let
én = min{j : |S'j| > n}.
Let

F(n) = Fq(n) = E[§,).
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In other words it takes about £ () steps for the LERW to go distance 7. Recall
that for simple random walk, E[&,] ~ n?. Note that

l:"(n) = Z IP’{S’J- = x for some j < §n}.

xeB,

By Propositions 11.3.1 and 11.3.4, we know that if x € B,,
P(S; = x for some j < &,} < Plx € LE(S[0,&,])}

=Y Py < &35 = x; LE(S[0,/]) N S[j + 1, £24] = B).
j=0

IfrS,s! are independent random walks, let

Q) = (1=2) > Y 3 A" POLE(S[0,n]) N S'[0,m] = B).

xeZd n=0 m=0

In Proposition 10.2.1, a probability of nonintersection of random walks starting
at the origin was computed in terms of a “long-range” intersection quantity
Q()). We do something similar for LERW using the quantity Q(A). The proof
of Proposition 10.2.1 used a path decomposition: given two intersecting paths,
the proof focused on the first intersection (using the timescale of one of the
paths) and then translating to make that the origin. The proof of the next propo-
sition is similar, given a simple random walk that intersects a loop-erased walk.
However, we get two different results depending on whether we focus on the
first intersection on the timescale of the simple walk or on the timescale of the
loop-erased walk.

Proposition 11.4.1 Ler S,S 15283 pe independent simple random walks
starting at the origin in 7% with independent geometric killing times
T, T),....T.

(a) Let V! = V)} be the event that
STLTINLES[0. ) =9, j=1.2,
and

S3[1, T3 N [LE(S[0, T3] \ {0}] = 4.
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Then
PVHY =1 -=2200). (11.7)
(b) Let V? = V? be the event that
S, T N LE(S[0, Th]) = 9,
and
S2[1,T21N [LE(S[O, T.]) ULES'[0,T)]) = @] .
Then
PV =1 -=2)200). (11.8)

Proof We use some of the notation from the proof of Proposition 10.2.1. Note
that

00) =1 =22 3> 2" p(w) p(),

n=0m=0 w,n
where the last sum is over all w,n with |w| = n,|n] = mwg = 0 and
L(w) N n # (. We write
@ = L(w) = [@y, . ..,d].

To prove (11.7), on the event @ N n # @, we let
u=min{j : & € n}, s=max{j:wj=ad,}, t=minfk:n =dw,}.

We define the paths o™, @™, n~, n* as in the proof of Proposition 10.2.1 using
these values of s, t. Our definition of s, t implies for j > 0, that

of ¢ LER ), n7 ¢LEM @), nf ¢LER@T)\{0}.  (11.9)

Here, we write LER toindicate that one traverses the pathin the reverse direction,
erases loops, and then reverses the path again — this is not necessarily the same
as LE(w_). Conversely, for any 4-tuple (o™, @™, n~, nT) satisfying (11.9), we
get a corresponding (w, n) satisfying L(w) N n # #. Therefore,

Q0 = (1—1)?

« Z Z A=A b (W )p(w4)p(=)p(N+),

0<n_.ny,m_,mqy ©,04,0— N4
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where the last sum is over all (™, w",n7, ") with |w_| = n_,|oy| =
ny,|n—| = m_,|ny| = my satisfying (11.9). Using Corollary 11.2.2, we see
that the sum is the same if we replace (11.9) with: for j > 0,

o ¢LE(-), n; ¢LE(-), nj ¢LE(-)\{0}.
To prove (11.8), on the event @ N # B, we let
t=min{k : nx € &}, s=max{j:w;=mn,
and define (0, w™", n~, n™") as before. The conditions now become for j > 0,

o ¢ LE®(@7), 17 & [LEM (@) ULE(@™)],
([

It is harder to estimate Q(A) than Q(A). We do not give a proof here but we
state thatif A, = 1 — % then as n — oo,

Q(,\)v{”d/z’ d<4
" R llognl™!, d =4
This is the same behavior as for Q(A,). Roughly speaking, if two random walks
of length 7 start distance /n away, then the probability that one walk intersects
the loop erasure of the other is of order one for d < 3 and of order 1/log n for
d = 4. Ford = 1,2, this is almost obvious for topological reasons. The hard
cases are d = 3,4. For d = 3 the set of “cut points” (i.e. points S; such that
S[0,j/1 N S[j + 1,n] = @) has a “fractal dimension” strictly greater than one
and hence tends to be hit by a (roughly two-dimensional) simple random walk
path. For d = 4, one can also show that the probability of hitting the cut points
is of order 1/log n. Since all cut points are retained in loop erasure, this gives
a bound on the probability of hitting the loop erasure. This estimate of Q(A)
yields

d—4

2

PV =<PVE)={" " Z - :

logn’

To compute the growth rate, we would like to know the asymptotic
behavior of

P{LE(S[0, 1,]) N S'[1,T3,]1 = ¥} = E[Y,],
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where
Yy = P{LE(S[0, ,]) N S'[1, 5,1 = @ | S[O, A1}
Note that

PV} ) < E[Y,]].

11.5 Short-range intersections

Studying the growth rate for LERW leads one to try to estimate probabilities
such as

P{LE(S[0,n]) N S[n + 1,2n] = 0},
which by Corollary 11.2.2 is the same as
gn =: P{LE(S[0,n]) N S'[1,n] = 0},
where S, S! are independent walks starting at the origin. If d > 5,
Gn = P{S[0,n1NS'[1,n] = B} > ¢ > 0,
so we will restrict our discussion to d < 4. Let
Y, = P{LE(S[0,n]) N S[n+ 1,2n] = @ | S[0, n]}.
Using ideas similar to those leading up to (11.7), one can show that

A (logn)’], d=4
E[Y]] = {ndf 123 (11.10)

This can be compared to (10.6), where the second moment for an analogous
quantity is given. We also know that

E[¥;)] < E[Y,] < (E[f/n])l/g. (11.11)

. .~ \3
In the “mean-field” case d = 4, it can be shown that IEI[Y,?] = (E[Yn]) and

hence, that

gn = (logn)~'/3.
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Moreover, if we appropriately scale the process, the LERW converges to a
Brownian motion.

N N 3
For d = 2,3, we do not expect that IE[Y”3] = (E[Yn]) . Let us define an

exponent @« = «y roughly as g, ~ n~%. The relations (11.10) and (11.11)
imply that

It has been shown that for d = 2 the exponent « exists with « = 3/8; in other
words, the expected number of points in LE (S[0, n]) is of order n°/® (see Kenyon
(2000) and also Masson (2009)). This suggests that if we scale appropriately,
there should be a limit process whose paths have a fractal dimension of 5/4. In
fact, this has been proved. The limit process is the SLE with parameter k = 2
Lawler et al. (2004).

For d = 3, we get the bound & > 1/6 which states that the number of points
in LE(S[0, n]) should be no more than n>/®. We also expect that this bound is
not sharp. The value of «3 is any open problem; in fact, the existence of an
exponent satisfying g, = n~* has not been established. However, the existence
of a scaling limit has been shown in Kozma (2007).

Exercises

Exercise 11.1 Suppose that d > 3 and X,, is simple random walk in Z¢
conditioned to return to the origin. This is the s-process with

h(x) = P*{S,, = 0 for some n > 0}.

Prove the following

(i) Forall d > 3, X,, is a recurrent Markov chain.
(ii) Assume that Xo = 0 and let 7 = min{j > 0 : X; = 0}. Show that there is
ac = c¢q > 0such that

P{T =2n} < n 2, n— 0.

In particular,
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Exercise 11.2  Suppose that X,, is simple random walk in Z? conditioned not
to return to the origin. This is the k-process with 2(x) = a(x).

(i) Prove that X,, is a transient Markov chain.
(i) Show that if loops are erased chronologically from this chain, then one gets
LERW in Z2.
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A.1 Some expansions

A.1.1 Riemann sums

In this book we often approximate sums by integrals. Here we give bounds on
the size of the error in such approximations.

Lemma A.1.1 Iff : (0,00) — R is a C? function, and b, is defined by

n+(1/2)
by =fn) — / f(9)ds,

—(1/2)
then
Ibl<lsu lf”()l'l—|<1 (A1)
nl = By p r).|n r = 3 . .
If Y |by] < o0, let
o0 o
C:me B, = Z |bn|
n=1 j=n+1
Then
n n+(1/2)
> 1) =[ £(s)ds + C + O(By).
— 1/2
j=1

Also, forallm < n

m—(1/2)

n n+(1/2)
> i) - / f(s)ds| < By.
Jj=m

326
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Proof Taylor’s theorem shows that for [s — n| < 1/2,

1
[ =fm)+6—nfn+ Ef”(rs) (rs — )%,

for some |n — rs| < 1/2. Hence, for such s,

2

() +£ (=) =2 ] = 5 supllf" ()] : In = rl < s).
Integrating gives (A.1). The rest is straightforward. (|
Example. Suppose that < 1, 8 € R and

f(n) =n* log’3 n.
Note that for ¢ > 2,
IF" ()] < et logP 1.

Therefore, there is a C(«, ) such that

n n+(1/2)
Zn“ log’3 n= / I logﬂ tdit + C(a, B) + O(n®! logﬂ n)
, 2

n
1
= / 1% log? 1 dr + 3 n“logf n+ C(a, B) + 0(n*~" log” n)
2
(A.2)

A.1.2 Logarithm

Let log denote the branch of the complex logarithm on {z € C;Re(z) > 0} with
log 1 = 0. Using the power series

k . .
1yt
log(1 +2) = ZL + 032, kI s1—e
j=1

we see thatif r € (0,1) and |&] < rt,

! 2 3 k k+1
log<1+§> —E—E_Jriz (= l)kai 1+()r<léltk )

£ g2 & £k |&[F+!
(1—%—;) =¢ exp{——+3t2 -~~+(—1)k+lkk 1-l-O( m )]

(A.3)
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If |£]? /1 is not too big, we can expand the exponential in a Taylor series. Recall
that for fixed R < 0o, we can write

2

e—1+z+5+ +F+0R(|z|k+]), lz| <R.

Therefore, if r € (0,1),R < o0, |&| < rt, |§|2 < Rt, we can write

Y e[ 18 A (P
(1+t> = [1 oy yr e +o(=]|

(A4)

where f; is a polynomial of degree 2(k — 1) and the implicit constant in the
O(+) term depends only on r, R, and k. In particular,

i+ b LI L +b"+0 ! (A.5)
-] =e|[1—— — .
n o2n  24n? kT

Lemma A.1.2 For every positive integer k, there exist constants c(k,l),l =
k+1,k+2,...such that for each m > k,

o0 m
k 1 c(k,D) 1
Y=t XS ro(am) ao

I=k+1

Proof Ifn>1,

=Y T =G+ =) i n-a+;H"
Jj=n Jj=n
=;wnzﬁp

with b(k, k) = 1 (the other constants can be given explicitly but we do not need
to). In particular,

C S i |30 :
= bk.)) ij +O\ ot )
I=k j=n

The expression (A.6) can be obtained by inverting this expression; we omit
the details. U
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LemmaA.1.3 There exists a constant y (called Euler’s constant) and b>, b3, . . .
such that for every integer k > 2,

n
ZJ] logn+y+2—+z (#)

j=1 =2

1 ! 1 * 1
y = lim —|—logn=| (A1—e")—dt— / e t—dt. (AT
1] t 1 t

where

BT E RS e
IB./_J' Og J 2 Og J P 2k+1)(2])2k+1

In particular, 8; = 0(j_3), and hence ) Bj < oo. We can write that

n

Z}l:log(n+%)+y— Z Bj

j=1 j=n+1
(— 1)l+l 0
ZIOg”"‘V"'Z 2l -2 B
= Jj=n+1

where y is the constant
o0
Jj=1
Using (A.6), we can write

le'e] k a 1
> =34 +0 ()

j=n+1 1=3

for some constants aj.
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We will sketch the proof of (A.7) leaving the details to the reader. By Taylor’s
series, we know that

logn = — log [1— (1 —%ﬂ =Z<1 —%)/ ]1

J=1

Therefore,
. 1
y = lim - | —logn
n—oo ]
j=1
J 1 ' 0 1 J 1
anL‘EOZ[ <1“)}} = Jim > (“;) 7
j=n+1

We now use the approximation (1 —n~1)" ~ ¢! to get
i — i = (1 — —J/n —
S ST
j=

f (1 —e—’)- dt,

> 1 S|
; E : _ - E : —]/" -t _
nli>ngo (1 n) j nlifgo /1 ¢ t dt.

j=n+1 j= n+1 0

.| =

Lemma A.1.4 Suppose that « € R and m is a positive integer. There exist

constants ro, r1, ... such that if k is a positive integer and n > m,
n o r 1
: J n nk+T
j=m

Proof Without loss of generality we assume that || < 2m; if this does not
hold we can factor out the first few terms of the product and then analyze the
remaining terms. Note that

i(-5)- £
=—ZZ ZZ

j=m I=1 ll/m
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For the [ = 1 term, we have that

na mla k by
> =T vy g 30 ()|
j:m‘] jl‘] =2

All of the other terms can be written in powers of (1/n). Therefore, we can
write that

i « e 1
logl_[(l——_>:—a IOg”_’_Zn_ll—i—O(W)'
j=m J 1=0

The lemma is then obtained by exponentiating both sides. (]

A.2 Martingales
A filtration o C F; C --- is an increasing sequence of o -algebras.

Definition A sequence of integrable random variables My, M1, . .. is called a
martingale with respect to the filtration {F,} if each M,, is F,-measurable and
foreachm < n,

If (A.8) is replaced with E[M,, | F,,,] > M,, the sequence is called a submartin-
gale. If (A.8) is replaced with E[M,, | F,,] < M,, the sequence is called a
supermartingale.

Using properties of conditional expectation, it is easy to see that to ver-
ify (A.8), it suffices to show for each n that E[M,+1 | F,] = M,. This
equality only needs to hold up to an event of probability zero; in fact, the
conditional expectation is only defined up to events of probability zero. If the
filtration is not specified, then the assumption is that 7, is the o -algebra gener-
ated by My, ..., M,. If My, X1,Xz, ... are independent random variables with
E[|Mp|] < oo and E[X;] = 0 forj > 1, and

My =M+ X1 +---+ X,

then My, M1, ... is a martingale. We omit the proof of the next lemma, which
is the conditional expectation version of Jensen’s inequality.
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Lemma A.2.1 (Jensen’s inequality) If X is an integrable random variable;
f : R — R is convex with E[|[f (X)|] < oo; and F is a o-algebra, then
ElfX) | F1 = fE[X | F). In particular, if My, My, ... is a martingale,
f : R — Ris convex with E[|f (M,,)|] < oo for all n, and Y, = f(M,,); then
Yo, Y1, ... is a submartingale.

In particular, if My, M1, ... is a martingale, then

o ifa > 1,7, := |M,|*is a submartingale;
e ifbeR Y, = ePMn ig a submartingale.

In both cases, this is assuming that E[Y,,] < oo.

A.2.1 Optional sampling theorem

A stopping time with respect to a filtration {F,} is a {0, 1,...} U {oo}-valued
random variable T such that for each n, {T < n} is F,-measurable. If T is a
stopping time and # is a positive integer, then T, := T A n is a stopping time
satisfying T, < n.

Proposition A.2.2 Suppose that My, M1, . . . is amartingale and T is a stopping
time each with respect to the filtration F,,. Then Y, := Mr, is a martingale with
respect to JF,,. In particular,

E[Mo] = E[MT,].
Proof Note that
Yor1 =M, UT <n} +M,p1 HT > n+1}.

The event {T" > n + 1} is the complement of the event {7 < n} and hence is
Fn-measurable. Therefore, by properties of conditional expectation,

EMyn T 2 n+ 1} | Ful = HT = n+ 1} E[M,11 | Fal
=T =n+ 1} M,.
Therefore,

ElYppr | Ful =Mr, T <n} + M, {T Zn+ 1} =Y,
|
The optional sampling theorem states that under certain conditions, if
P{T < oo} = 1, then E[My] = E[M7]. However, this does not hold with-
out some further assumptions. For example, if M,, is one-dimensional simple
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random walk starting at the origin and T is the first n such that M,, = 1, then
P{T < oo} = 1, My = 1, and hence E[My] # E[M7]. In the next theorem
we list a number of sufficient conditions under which we can conclude that
E[Mo] = E[Mr].

Theorem A.2.3 (optional sampling theorem) Suppose that Mo, M1, ... is a
martingale and T is a stopping time with respect to the filtration {F,}. Sup-
pose that P{T < oo} = 1. Suppose also that at least one of the following
conditions holds:

e Thereisa K < oo suchthat P{T < K} =1.

o There exists an integrable random variable Y such that for all n, |Mt,| <Y.
E[|Mr|] < oo and lim,,_, « E[|M,|; T > n] = 0.

The random variables My, My, ... are uniformly integrable, i.e. for every
€ > 0 there is a K. < 0o such that for all n,

E[IM,|; IM,| > Kc] < €.

e There existan o > 1 and a K < oo such that for all n, E[|M,|*] < K.
Then E[My] = E[M7].

Proof We will consider the conditions in order. The sufficiency of the first
follows immediately from Proposition A.2.2. We know that M7, — M7 with
probability one. Proposition A.2.2 gives E[M7,] = E[My]. Hence, we need to
show that

Jlim E[Mr,] = E[MT]. (A9)

If the second condition holds, then this limit is justified by the dominated
convergence theorem. Now, assume the third condition. Note that

Mr =Mz, + M7y UT > n} — M, I{T > n}.

Since P{T > n} — 0, and E[|M7|] < oo, it follows from the dominated
convergence theorem that

lim E[M7y I{T > n}] =0.
n— oo

Hence, if E[M,, 1{T > n}] — 0, we have (A.9). Standard exercises show that
the fourth condition implies the third and the fifth condition implies the fourth,
so either the fourth or fifth condition is sufficient. U
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A.2.2 Maximal inequality

Theorem A.2.4 (maximal inequality) Suppose that My, M1, ... is a nonneg-
ative submartingale with respect to {F,} and A > 0. Then

P { max M; > A
0<j<n -

_ Em,)
- A
Proof LetT =min{j > 0: M; > A}. Then,
P M; > ) P{T
{ggag; } Z
E[M,] > E[M,;T < n] = ZE[Mn; T =jl.
Since M, is a submartingale and {T" = j} is F;-measurable,

EM,;T = jl = E[EM, | F;1:T =jl = E[M;;T = j] = AP{T =}.

Combining these estimates gives the theorem. ]
Combining Theorem A.2.4 with Lemma A.2.1 gives the following theorem.

Theorem A.2.5 (martingale maximal inequalities) Suppose that My, M1, . ..
is a martingale with respect to {F,} and . > 0. Then, ifa > 1,b > 0,

M o
P{ max [M;| > A M, (A.10)
0<j<n I A¥
E bM,,
P max M; > A le ].
0<j<n eb*

Corollary A.2.6 Let X1,X>,... be independent, identically distributed ran-
dom variables in R with mean zero, and let k be a positive integer for which
E[|1X1]?] < 0o. There exists ¢ < oo such that for all A > 0,

P{max 1S; | >Af} <Ak, (A.11)
0<j<n

Proof Fix k and allow constants to depend on k. Note that

E[S:¥]1 =) EIXj,.....Xp,].
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where the sum is over all (ji, ..., jx) € {1,...,n}2k. If there exists an / such

that j; # j; for i # [, then we can use independence and E[X],] = 0 to see that
ELXj,,..., X}, 1 = 0. Hence

EIS;¥]1 =Y EIXj,..... X1,

where the sum is over all (2k)-tuples such thatif [ € {ji,...,jx}, then [ appears
atleast twice. The number of such (2k)-tuples is O(n*) and hence we can see that

(]

Hence, we can apply (A.10) to the martingale M; = S;/+/n. U

CorollaryA.2.7 Let X1, X3, ... be independent, identically distributed random
variables in R with mean zero, variance o*, and such that for some § > 0,
the moment generating function (t) = E[e'™] exists for |t| < 8. Let S, =
X1+ -+ X,. Thenforall0 < r < §/n/2,

3
P{Orx—l]a}ns > rof} <2 exp{O(%)}. (A.12)

IfP{X1 > R} = 0 for some R, this holds for all r > 0.

Proof Without loss of generality, we may assume that o> = 1. The moment-
generating function of S, = X + - - - + X,, is ¥ (t)". Letting t = r//n, we get

]P’{maxS >r\/_} <e” 1//(1’/«/5)".

0<j<n
Using the expansion for ¥ (¢) at zero,

2

v =1+5+00, 1<,
) o=

we see that for 0 < r < §/n/2,

n 2 r3 ! r2/2 r3
verdir =1+ 2 vo ()] = enfo ()]

This gives (A.12). If P{X; > R} = 0, then (A.12) holds for r > R./n trivially,
and we can choose § = 2R. U
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Remark From the last corollary, we also get the following modulus of continuity
result for random walk. Let X1, X», . . . and S, be as in the previous lemma. There
exist ¢, b such that for every m < nand every 0 < r < §,/m/2

P{max max |Si;—Sj| > ra/m) <cne (A.13)

0<j<n 1<k<m

This next lemma is not about martingales, but it does concern exponential
estimates for probabilities so we will include it here.

Lemma A28 If0 < ¢ < 00, 0 < r < 1, and X,, is a binomial random
variable with parameters n and o e~2¢/" then

P{X, > rn} < e .
Proof

]P){Xn > rn} < e—20m E[e(2a/r)X,,] < e—2an [1 +a]l‘l < e~

A.2.3 Continuous martingales

A process M, adapted to a filtration F; is called a continuous martingale if for
each s < 1, E[M; | My] = M, and with probability one the function ¢ — M, is
continuous. If M, is a continuous martingale, and § > 0, then

M® = Mj,

is a discrete time martingale. Using this, we can extend results about discrete
time martingales to continuous martingales. We state one such result here.

Theorem A.2.9 (optional sampling theorem) Suppose that M, is a uniformly
integrable continuous martingale and t is a stopping time with P{t < oo} =1
and E[|M+|] < oo. Suppose that

lim E[|M;|;t > t] =0.

—00

Then

E[M7] = E[Mo].



A.3 Joint normal distributions 337

A.3 Joint normal distributions

A random vector Z = (Zi,...,Zy) € R? is said to have a (mean zero) joint
normal distribution if there exist independent (one-dimensional) mean zero,
variance one normal random variables Ny, ..., Ny, and scalars aj; such that

Zi=ajyNi+---+auN,, j=1,....d,
or in matrix form
Z = AN.

Here, A = (aj) is ad x n matrix and Z, N are column vectors. Note that

n
B(ZiZk) =) Qjm ion-

m=1

In other words, the covariance matrix I' = [E(Z;Z)] is the d x d
symmetric matrix

I =AAT.

We say that Z has a nondegenerate distribution if T" is invertible.
The characteristic function of Z can be computed using the known formula
for the characteristic function of N,

E[eilNk] — 6_12/2,

n

d
Elexp{i6 - ZY) = | exp i > _6; Y au N
j=1 k=1

(S —
| I

n d
=E eXp iZNk Z@ja]‘k
k=1 j=1

[ —
| |

n d
= 1_[ E | exp { iNg Z Ojajk
k=1 j=1

|
)]

1O ——

n
=[]ex —% > Gai
k=1

j=1
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1 n d d
= exp —EZZZGjé’zajkalk

k=1j=1 I=1

1 1
= exp {_E GAATOT} = exp {_E GFGT} .

Since the characteristic function determines the distribution, we see that the
distribution of Z depends only on I'.

The matrix I" is symmetric and nonnegative definite. Hence, we can find an
orthogonal basis u1, . . ., g of unit vectors in R that are eigenvectors of [ with
nonnegative eigenvalues oy, . .., ay. The random variable

Z = oy Niuy+ -+ JagNguy

has a joint normal distribution with covariance matrix I'. In matrix language,
we have written I' = A AT = A? for ad x d nonnegative definite symmetric
matrix A. The distribution is nondegenerate if and only if all of the «; are strictly
positive.

& Although we allow the matrix A to have n columns, what we have shown
is that there is a symmetric, positive definite d x d matrix A which gives the
same distribution. Hence, joint normal distribution in RY can be described as
linear combinations of d independent one-dimensional normals. Moreover, if we
choose the correct orthogonal basis for RY, the components of Z with respect
to that basis are independent normals.

If T is invertible, then Z has a density f (zl, . ,zd) with respect to the
Lebesgue measure that can be computed using the inversion formula

fG&. L2 = ! /e—""'ZE[ex {i6-Z}] do
Sy = (277)‘1 p

1 1
T

(Here and for the remainder of this paragraph the integrals are over R? and d6

represents d dg .) To evaluate the integral, we start with the substitution6; = A6,
which gives

fexp _io-z— LoreT| a0 = ;/e_lel‘z/ze_i(G"A_IZ)d91.
2 det A
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By completing the square we see that the right-hand side equals

e 1A 2/2

I . 1 . 1
W/exp{z(lél—A Z)'(ZGI—A Z)} d91

The substitution 6§, = 6; — iA~"1z gives
1
/exp{5 (i0) — A7'2) - (i6) — A—‘z)} de, = fe_wz'z/zd&z = (2m)4/?.

Hence, the density of Z is

1 —1,2 1 -1
@)= = T2 (A1)
2m)d/2 \/det T’ (2m)d/2 \/det T’
Corollary A.3.1 Suppose that Z = (Zy,...,7Z) has a mean zero, joint nor-

mal distribution such that E[Z;Z;] = O for all j # k. Then Zy,...,Z4 are
independent.

Proof Suppose that[E[Z;Z;] = Oforallj # k. Then Z has the same distribution
as

(b1N1,...,bgNy),

where b; = /E[ij]. In this representation, the components are obviously
independent. U

& IfZy,...,Zy are mean zero random variables satisfying IE[Z/-ZK] =0 for
allj # k, they are called orthogonal. Independence implies orthogonality but the
converse is not always true. However, the corollary tells us that the converse is
true in the case of joint normal random variables. Orthogonality is often easier
to verify than independence.

A.4 Markov chains

A (time-homogeneous) Markov chain on a countable state space D is a process
X, taking values in D whose transitions satisfy

P{Xnr1 = xnp1 | Xo = x0, ..., Xy = Xn} = p(Xns Xng1)
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wherep : Dx D — [0, 1] is the transition function satisfying Zyer(x, y) =1
for each x. If A is finite, we call the transition function the transition matrix
P = [p(x,¥)]xyea. The n-step transitions are given by the matrix P". In other
words, if p,(x,y) is defined as P{X,, = y | Xo = x}, then

Paxy) =Y P2 pu1@Y) =Y pa1(%,2) p.y).

zeD zeD

A Markov chain is called irreducible if for each x,y € A, there exists an
n = n(x,y) > 0 with p,(x,y) > 0. The chain is aperiodic if for each x there
is an N, such that for n > Ny, p,(x,x) > 0. If D is finite, then the chain is
irreducible and aperiodic if and only if there exists an n such that P" has strictly
positive entries.

Theorem A.4.1 (Perron—Froebenius theorem) If P is an m X m matrix such
that for some positive integer n, P" has all entries strictly positive, then there
exists o > 0 and vectors v, w, with strictly positive entries such that

VP=av, Pw=aw.

This eigenvalue is simple and all other eigenvalues of P have absolute value
strictly less than «. In particular, if P is the transition matrix for an irreducible
aperiodic Markov chain, there is a unique invariant probability w satisfying

dYorw =1, 7@ =) 70)PY.%).

xeD yeD

Proof We first assume that P has all strictly positive entries. It suffices to find
aright eigenvector, since the left eigenvector can be handled by considering the
transpose of P. We write w; > w; if every component of w; is greater than or
equal to the corresponding component of w. Similarly, we write w; > w» if all
the components of wj are strictly greater than the corresponding components
of wy. We let 0 denote the zero vector and e; the vector whose jth component
is one and whose other components are zero. If w > 0, let

Aw = sup{A : Pw > Aw}.

Clearly, Ay < 00, and since P has strictly positive entries, Ay > 0 for all
w > 0. Let

m
o = sup{iw :w >0, Z[w]j =1}.
j=1
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By compactness and continuity arguments, we can see that there exists a w
with w > 0, Zj[w]j = 1 and Ay = «. We claim that Pw = aw. Indeed, if
[Pw]; > a[w]; for some j, one can check that there exist positive €, p such that
P[w +€e;] > (a + p) [w + €e;], which contradicts the maximality of c. If v is
a vector with both positive and negative components, then for each j,

I[Pv];| < [PIv]]j < e [Iv]];.

Here, we write |v| for the vector whose components are the absolute values of
the components of v. Hence, any eigenvector with both positive and negative
values has an eigenvalue with absolute value strictly less than «. Also, if wy, wy
are positive eigenvectors with eigenvalue o, then w; — fw is an eigenvector
for each ¢. If wy is not a multiple of wy, then there is some value of ¢ such that
w1 — twp has both positive and negative values. Since this is impossible, we
conclude that the eigenvector w is unique. If w > 0 is an eigenvector, then
the eigenvalue must be positive. Therefore, @ has a unique eigenvector (up
to constant), and all other eigenvalues have absolute value strictly less than o.
Note thatif v > 0, then Pv has all entries strictly positive; hence the eigenvector
w must have all entries strictly positive.

We claim, in fact, that « is a simple eigenvalue. To see this, one can use
the argument as in the previous paragraph to all submatrices of the matrix to
conclude that all eigenvalues of all submatrices of the matrix are strictly less
than « in absolute value. Using this (details omitted), one can see that the
derivative of the function f (1) = det(A — P) is nonzero at A = «, which
shows that the eigenvalue is simple.

If P is a matrix such that P" has all entries strictly positive, and w is an
eigenvector of P with eigenvalue «, then w is an eigenvector for P" with
eigenvalue «”. Using this, we can conclude the result for P. The final asser-
tion follows by noting that the vector of all ones is a right eigenvector for a
stochastic matrix. O

& A different derivation of the Perron—Froebenius theorem which generalizes
to some chains on infinite state spaces is done in Exercise A.4.

If P is the transition matrix for an irreducible, aperiodic Markov chain, then
pnx,y) — m(y) as n — oo. In fact, this holds for countable state space
provided that the chain is positive recurrent, i.e. if there exists an invariant
probability measure. The next proposition gives a simple, quantitative version
of this fact provided that the chain satisfies a certain condition which always
holds for the finite irreducible, aperiodic case.
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PropositionA.4.2 Suppose thatp : D x D — [0, 1]is the transition probability
for a positive recurrent, irreducible, aperiodic Markov chain on a countable
state space D. Let w denote the invariant probability measure. Suppose that
there exist € > 0 and a positive integer k such that for all x,y € D,

1
32 Pk —pe(n ol <1 —e (A.15)
zeD

Then, for all positive integers j and all x € A,

1 o
SO lpjs) —a@l < ce
zeD

wherec = (1 —€)Lande P = (1 — e)l/k.

Proof If v is any probability distribution on D, let

vi(x) = vp; ().

yeD

Then (A.15) implies that for every v,

1
52 @ —r@I<1-e

zeD

In other words we can write v, = €7 + (1 — €) v for some probability
measure v(1. By iterating (A.15), we can see that for every integer i > 1 we
can write vy, = (1 — €)' v 4+ [1 — (1 — €)']7 for some probability measure
v@ _ This establishes the result for j = ki (with ¢ = 1 for these values of j) and
for other j we find i with ik <j < (i + 1)k. O

A.4.1 Chains restricted to subsets

We will now consider Markov chains restricted to a subset of the original
state space. If X, is an irreducible, aperiodic Markov chain with state space D
and A is a finite proper subset of D, we write P4 = [p(x,¥)]xyea. Note that
(Pa)" = [P} (x,3)]xyea Where

Pry) = PiX, =y Xo,.... Xy €A | Xo = x} = P*{X, = y,74 > n},
(A.16)
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where t4 = inf{n : X, ¢ A}. Note that

Pf{zg > n) =) pye.y).

yeA

We call A connected and aperiodic (with respect to P) if for each x,y € A, there
is an N such that forn > N, p’,;‘(x, y) > 0. If A is finite, then A is connected and
aperiodic if and only if there exists an n such that (P4)" has all entries strictly
positive. In this case, all of the row sums of P4 are less than or equal to one and
(since A is a proper subset) there is at least one row whose sum is strictly less
than one.

Suppose that X, is an irreducible, aperiodic Markov chain with state space
D and A is a finite, connected, aperiodic proper subset of D. Let « be as in the
Perron—Froebenius theorem for the matrix P4. Then 0 < a < 1. Let v, w be
the corresponding positive eigenvectors which we write as functions,

D oW pny) =av(), Y wE)py) =aw).

xeA yeA

We normalize the functions so that

Z v(x) = 1, Z () wx) = 1,

X€A X€eA

and we let 77 (x) = v(x) w(x). Let

_ w(y)
7 xy) = ply) =
w(x)
Note that
Y yea PG, y) w(y)
e
el aw(x
In other words, 04 := [¢*(x, ¥)lx,yea is the transition matrix for a Markov

chain which we will denote by Y,,. Note that oMH" = [qﬁ‘ (x,¥)]x,yea where

A y) = a ) O
w(x)
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and pﬁ(x, y) is as in (A.16). From this we see that the chain is irreducible and
aperiodic. Since

S @@y = Y v wma peny) 2 = (),

xeA xeA w ()C)

we see that 7 is the invariant probability for this chain.

Proposition A.4.3 Under the assumptions above, there exist c, 8 such that
for all n,

™" ph(x,y) — wx) v(y)| < ce P,

In particular,
P(Xo..... Xy € A| Xo = x} = w) a" [1 + O(e "],

Proof Consider the Markov chain with transition matrix 9. Choose positive
integer k and € > 0 such that q;:(x, y) > em(y) for all x,y € A. Proposition
A.4.2 gives

g2 (e, y) — ()] < ce™P,

for some ¢, 8. Since 7 (y) = v(y) w(y) and qﬁ‘(x,y) = a’”pfl‘(x,y) w(y) /w(x),
we get the first assertion, using the fact that A is finite so that inf v > 0. The
second assertion follows from the first using Zy v(y) = 1 and

P{Xo,....Xp €A | Xo=x} =Y ph(x.y).
yeA 0
If the Markov chain is symmetric (p(y,x) = p(x,y)), then w(x) =
cv(x),m(x) = cv(x)?. The function g(x) = J/cv(x) can be characterized
by the fact that g is strictly positive and satisfies

Ple) =agl, Y g@’=1

xeA

& The chain Y, can be considered the chain derived from X, by condi-
tioning the chain to “stay in A forever.” The probability measures v, = are both
“invariant” (sometimes the word quasi-invariant is used) probability measures
but with different interpretations. Roughly speaking, the three measures v, w, =
can be described as follows.
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e Suppose that the chain Xj is observed at a large time n and it is known that
the chain has stayed in A for all times up to n. Then, the conditional distribution
on Xp given this information approaches v.

e For x € A, the probability that the chain stays in A up to time n is asymptotic
to w(x) o".

e Suppose that the chain X; is observed at a large time n and it is known that
the chain has stayed in A and will stay in A for all times up to N where N >> n.
Then, the conditional distribution on Xp, given this information, approaches
7. We can think of the first term of the product v(x) w(x) as the conditional
probability of being at x, given that the walk has stayed in A up to time n and
the second part of the product as the conditional probability given that the
walk stays in A for times between n and N.

The next proposition gives a criterion for determining the rate of convergence
to the invariant distribution v. Let us write that

JAHERY!
ZzeA pﬁ (x,2)

Proposition A.4.4 Suppose that X,, is an irreducible, aperiodic Markov chain
on the countable state space D. Suppose that A is a finite, proper subset of D
and A" C A. Suppose that there exist € > 0 and integer k > 1 such that the
following is true.

phy) = =P(X, =y |t > n.

(a) Ifx € A,
> by = e (A.17)
yeA!
(b) Ifx.x €A,
D ey A ] = €. (A.18)

yeA’
(c) If x € A,y € A’ and n is a positive integer

PY{t4 > n} > e P*{14 > n}. (A.19)

Then there exists 6 > 0, depending only on €, such that for all x,z € A and all
integers m > (),

1 A A
3 Z ‘pfm(x,y) — Pz )| < (1=8)™

yeA
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Proof We fix € and allow all constants in this proof to depend on €. Let
gn = maxyea P*{ta > n}. Then (A.19) implies that for all y € A’ and all
n, PY{t4 > n} > €gq,. Combining this with (A.17) gives for all positive
integers k, n,

cqnP{ta >k} <P{ta > k+n} < g, P {14 > k}. (A.20)
Let m be a positive integer and let
YOa YlaY2"° ',Ym

be the process corresponding to Xo, Xj, Xok, - - - , Xjuk conditioned so that 74 >
mk. This is a time inhomogeneous Markov chain with transition probabilities

PR, y) P {ta > (m — j)k}
P¥{t4 > (m —j+ 1)k}

PlYj=y| Y1 =x}= i=12,...,m

Note that (A.20) implies that for all y € A,

PYj =y | Yjm1 = x} < 2 (x. ),
andify € A/,

PUYj =y | Yjm1 = x} = €1 (x.0).

Using this and (A.18), we can see that there is a § > 0 such that if x,z € A
andj < m,

1
52 P =y 1Y =x} =P =y | Y =2l <1-35,
yeA
and using an argument as in the proof of Proposition A.4.2, we can see that

1
32 P =y | Yo=x} —P¥y =y | Yo=z}l < (1 —8)".
yeA

A.4.2 Maximal coupling of Markov chains

Here, we will describe the maximal coupling of a Markov chain. Suppose thatp :
D xD — [0, 1]is the transition probability function for an irreducible, aperiodic
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Markov chain with countable state space D. Assume that g(l), g% are two initial

probability distributions on D. Let g}, denote the corresponding distribution at
time n, given recursively by

) = g | ()px).

zeD

Let || - || denote the total variation distance,

1
lgn = gall = 5 > l&a() = g7 @I = 1= [g, (@) A g7 )],

xeD xeD

Suppose that
X3, xLx) o, X3 XE X3,

are defined on the same probability space such that for eachj, {X,{ :n=0,1,...}
has the distribution of the Markov chain with initial distribution g{). Then it is
clear that

PX, =X} < 1— gy —gall = ) 20 () A gy (). (A21)

xeD

The following theorem shows that there is a way to define the chains on the
same probability space so that equality is obtained in (A.21). This theorem
gives one example of the powerful probabilistic technique called coupling. Cou-
pling refers to the defining of two or more processes on the same probability
space in such a way that each individual process has a certain distribu-
tion but the joint distribution has some particularly nice properties. Often,
as in this case, the two processes are equal except for an event of small
probability.

TheoremA.4.5 Suppose thatp, g,l, g,% are as defined in the previous paragraph.
We can define (X,},an),n = 0,1,2,... on the same probability space such
that:

e for each j, X(j),X'I/, ... has the distribution of the Markov chain with initial
distribution g{);
e for each integer n > 0,

P{X! = X2 forallm >n) =1—|g} —g2|.
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& Before doing this proof, let us consider the easier problem of defining
(X", X2) on the same probability space so that X/ has distribution g and

PX' = X% =1 g} - g3l

Assume that 0 < g] — g2l < 1.Let f/(x) = gé(x) — (g (%) A GE(X)].
Suppose that J, X, W1, W2 are independent random variables with the
following distributions.
P{J=0}=1-PJ=1} =gl - g2l
g1(X) A go(X)

PX =x} = ——"—7—""_~, eD
1-lgd - g8l
. fi
Hgo - go ”
Let X/ = 1{J =1} X +1{J = O} W.
It is easy to check that this construction works.
Proof For ease, we will assume that ||gé — gg|| = land ||g,1 — g%” — 0 as

n — oo; the adjustment needed if this does not hold is left to the reader. Let
(Z),Z?2) be independent Markov chains with the appropriate distributions. Let

£l = gh(0) — [} (0) A g2(x)] and define /), by I (x) = gh(x) = f](x) and
forn > 1,

Hy@x) =Y f1_1 (@) p(z.x).

z€S
Note that £/, (x) = /., (x) — [h}(x) A h2(0)]. Let

hl(x) A B2 (x)

if 7, 0.
P if I, (x) #

phx) =

We set ph(x) = 0 if Hy(x) = 0. We let {Yi(nx) : j = 1,2in =
1,2,...|x € D} beindependent 0-1 random variables, independent of (Z;,Z,%),
with P{Y/(n,x) = 1} = ph(x). '

We now define 0-1 random variables J;, as follows:

° JéEO.
o If J;, = 1, then J;, = 1 for all m > n.

o IfJ =0, then ), = Yin+1,Z ).
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We claim that
PUj = 0:2 = x} = £1.(0),
For n = 0, this follows immediately from the definition. Also,
P, =07, =x)
=Y P =0:7, =2)

zeD

x]P’{ZJH_xYJ(n+1x)—O|J{,—OZfZ—z}

The random variable Y/ (n + 1, x) is independent of the Markov chain, and the
event {J] =0; Zf, = z} depends only on the chain up to time n and the values
of {Yf (k,y) : k < n}. Therefore,

113>{zf+1 =Y+ 1,0)=0|J =072 =20 = p(z,x) [l — Pq (1.
Therefore, we have the inductive argument

P =02 =x} =) fi@pGx)(l— g, x)]
zeD
=My (x) [1 - Io,lH_l(x)]
=K ) = (Bl @) AR ] = £ 0,
which establishes the claim. '
Let K/ denote the smallest n such that J;, = 1. The condition || gé — gé | —0

implies that K/ < oo with probability one. A key fact is that for each n and
each x,

PK'=n+ 1,2, =x} =P(K* =n+ 1;Z} = x} = h),, (X) A by ().
This is immediate for n = 0 and for n > 0,

PiK/ =n+ 17, =x)

=Y Pl =02 =PV (n+ L.x) = LZ, =x|Jy=0:Z, =2}
zeD

= Y H@ P Ay )

zeD

=My (V) Py (0) = By 1 () A iy ().
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The last important observation is that the distribution of W, := il_n given the
event {K/ = nX,ﬁ = x} is that of a Markov chain with transition probability p
starting at x. o

The reader may note that for each j, the process (Z,J5) is a time-
inhomogeneous Markov chain with transition probabilities

P{(Z. . T2 ) = 0. D) | (Zhd) = (x, D} = p(x. ),
P{(Z., . Jns1) = (,0) | (Zh ) = (2, 0)} = pLe. ) [1 — g, )],
P{(Z] . Jus) = 0, D) | (Zhd}) = (6,00} = p(e.y) Py, ).

The chains (Z),J)!) and (Z2,J2) are independent. However, the transition

probabilities for these chains depend on both initial distributions and p.
We are now ready to make our construction of (X, X2).

* Define for each (n,x) a process {Wy,”" : m = 0, 1,2,. ..} that has the distribu-
tion of the Markov chain with initial point x. Assume that all these processes
are independent.

e Choose (n,x) according to the probability distribution

hh o @) AR () = PIK = n;Z), = x).

SetJ) = 1 form > n,Ji;,.z 0 form < n, and K!' = K? = n. Note that K’ is
the smallest n such that J;, = 1.

e Given (n,x), choose X o, ,an from the conditional distribution of the
Markov chain with initial distribution gé conditioned on the event {K! =
n;Z,} = x}.

e Given (n,x), choose X2, . .. ,an (conditionally) independent of X L. ,an

from the conditional distribution of the Markov chain with initial distribution

g(z) conditioned on the event {K? = n; Z,% = x}.
e Let

Xy =Wyt m=nn+1,...

The two conditional distributions above are not easy to express explicitly;
fortunately, we do not need to do so.

To finish the proof, we need only check that the above construction satisfies
the conditions. For fixed j, the fact that X}, X, ... has the distribution of the
chain with initial distribution SJO is immediate from construction and the earlier

observation that the distribution of {X;, X’

o i1s- -} given (K = n;Z, = x}, is
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that of the Markov chain starting at x. Also, the construction immediately gives
X} =Xx2ifm > K' = K%. Also,

P =01 =Y fi@) = llg} — &3ll.
xeD

O

Remark A review of the proof of Theorem A.4.5 shows that we do not
need to assume that the Markov chain is time-homogeneous. However, time-
homogeneity makes the notation a little simpler and we use the result only for
time-homogeneous chains.

A.5 Some Tauberian theory
Lemma A.5.1 Suppose that o« > 0. Then, as & — 1—,
St o T@
1-8&

n=2

Proof Lete =1 — &. First note that

Z i_.n noz—l — Z [ — 6)1/e]ne noc—l

n>e—2 n>e—2

< § : efnenafl’

n>e—2

and the right-hand side decays faster than every power of €. For n < €2 we

can do the asymptotics

£" = exp{nlog(l — €)} = exp{n(—€ — O(e?))}
= ¢ "[1 + O(ned)].

Hence,

e = Y ee (o) 1 + (ne) O(e)].

n<e—2 n<e—2

Using Riemann sum approximations, we see that

S o0
lim Ze e (ne) ! = f e dr = T(a).
e—>0+ ot 0
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Proposition A.5.2 Suppose that u, is a sequence of nonnegative real numbers.
If a > 0, the following two statements are equivalent:

1"(01)
1—, A22
Zé e (A22)
Zun~a_1N°‘, N — oo. (A.23)

Moreover, if the sequence is monotone, either of these statements implies that

upy ~n*"l, n— oco.

Proof LetU, =)

j<n

uj where U_1 = 0. Note that

o0 o0 o0

D= Uy — Uil =(1—8) Y & Uy (A.24)
n=0 =0 =i

If (A.23) holds, then by the previous lemma

o Dt  T@
nzf ”"N(l_g)zg a1 (1-§)

Now, suppose that (A.22) holds. We first give an upper bound on U,,. Using
1 —& = 1/n, we can see as n — 00,

1 —2n 2n—1 1 j
—1
i (1-3) X (-3) e

j=n
1 —2n 00 1 j
<n”! (1——) Z (1——) Uj’vezF(a)n".
n n
=0

The last relation uses (A.24). Let v denote the measure on [0, co) that gives
measure j~“ u, to the point n/j. Then the last estimate shows that the total
mass of vV is uniformly bounded on each compact interval and hence, there
is a subsequence that converges weakly to a measure v that is finite on each
compact interval. Using (A.22) we can see that for each A > 0,

o o0
/ e v(dy) = / e M x* 1 ax.
0 0

This implies that v is x*~! dx. Since the limit is independent of the subsequence,
we can conclude that v¥) — v and this implies (A.23).
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The fact that (A.23) implies the last assertion if u, is monotone is straight-
forward using

Un(i4e) — Un ~ a7 [(n(1 + €))* —n®], n— oo,

The following is proved similarly.

Proposition A.5.3 Suppose that u, is a sequence of nonnegative real numbers.
If a € R, the following two statements are equivalent:

> 1 1
> &, = (ﬁ) log® (ﬁ) E— 1—, (A.25)

n=0
N
> uy~ Nlog"N N — oc. (A.26)

n=1

Moreover, if the sequence is monotone, either of these statements implies that

up, ~log%n, n— oo.

A.6 Second moment method

LemmaA.6.1 Suppose that X is a nonnegative random variable with E[X *] <
ocoand 0 < r < 1. Then

(1 - r?EX)?

PIX 2B} 2 —— o

Proof Without loss of generality, we may assume that E(X) = 1. Since
E[X;X < r] <r,weknow that E[X;X > r] > (1 — r). Then,
E(X?) = EIX%:X = r] = PIX = P} EX? | X = 7]
=P(X = r} EIX | X = r])?
_ EIXGX > rP?
- PX >}

_ a=n
~ P{X > r}
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Corollary A.6.2 Suppose that Ei,Ej,... is a collection of events with
> " P(E,) = oo. Suppose that there is a K < 0o such that for all j # k,
P(E; NEy) < KP(E)) P(Ey). Then

1
P{E; i0.} > —.
{Ex io.} = X
Proof LetV, =) j_, 1g,. Then, the assumptions imply that
lim E(V,) = oo,
n—oo

and

k
E(V) <) PE) + Y KPE)P(EL) < E(V,) + KE(V,)?
j=1 J#k

_ 2
- [E(m * K] BV

By Lemma A.6.1, for every r > 0,

(1—r)?
P{V, > rE(V))} > m

Since E(V,;) — oo, this implies that

2
P(Va, = 00} > 07"
K

Since this holds for every r > 0, we get the result. (]

A.7 Subadditivity

Lemma A.7.1 (subadditivity lemma) Suppose that f : {1,2,...} — R is
subadditive, i.e. for all n,m, f (n +m) < f (n) + f (m). Then,
f . f()
lim — = inf —.

n—oo n n>0 n

Proof Fix integer N > 0. We can write any integer n as jN + k where j is a
nonnegative integer and k € {1,...,N}. Letby = max{f(1),...,f(N)}. Then,
subadditivity implies that

fo) ) +FR) _fO) | by
n o N = N ' jN
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Therefore,
N
lim sup f_(n) < f—( ).
n— 0o n N
Since this is true for every N, we get the lemma. U

CorollaryA.7.2 Suppose that r,, is a sequence of positive numbers and by, by >
0 such that for every n, m,

brintm < Ftnam < b1y 1y (A.27)

Then there exists a > 0 such that for all n,

bz_la” <r, < bl_la”.

Proof Letf(n) =logr, + logb;. Then f is subadditive and hence

o) fo)
m — = — =

n—oo n n
This shows that r,, > «"/b;. Similarly, by considering the subadditive function

g(n) = —logr, —logb;, we getr, < bl_l o [l

Remark Note that if r, satisfies (A.27), then so does S"r, for each § > 0.
Therefore, we cannot determine the value of « from (A.27).

Exercises

Exercise A.1 Find f3(§),f1(¢) in (A.4).

Exercise A.2 Go through the proof of Lemma A.5.1 carefully and estimate
the size of the error term in the asymptotics.

Exercise A.3 Supposethat E; D E> D - - - is a decreasing sequence of events
with P(E,) > 0 for each n. Suppose that there exist ¢ > 0 such that

o0

D IP(Ey | En1) — (1 —an™ )| < oo

n=1
Show that there exists ¢ such that

P(E,) ~cn“. (A.28)

(Hint: use Lemma A.1.4.)
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Exercise A.4 In this exercise we will consider an alternative approach to the
Perron—Froebenius theorem. Suppose that
q:{1,2,...} x{1,2,...} = [0, 00),

is a function such that for each x > 0,

qx) =Y qx,y) < 1.
y

Define g, (x,y) by matrix multiplication as usual; that is, g1 (x,y) = ¢g(x,y) and

G (6)) =Y gn1(6,2) q(z, y).

Z

Assume that for each x, g, (x, 1) > O for all n sufficiently large. Define

_ _ gn(x,y)
gn(x) = ;qnu,y), pulx.y) = <55,
G = s, g =int 2

Assume that there is a function F : {1,2,...} — [0, 1] and a positive integer m
such that

Pm(x,y) = F(y), 1<x,y<o0,
and

p=) F()q0) > 0.
y

(i) Show that there exists 0 < « < 1 such that

lim g\/" = .
n—oo

Moreover, g, > o". (Hint: g, ,, <G, gm.)
(ii) Show that

Prk(5,) = D vk (6,2) pi (2, ),
z
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where

Vo (6,2) = Pn(x,2) g (2) _ Gn(x,2) g (2)
A Zw Pn(x, w) gi (W) Zw Gn(x, w) g (w)

(iii)) Show that if k, x are positive integers and n > km,
1 k
5 2 Pin(1,y) = puCe. )l < (1 = p)*.
y

(iv) Show that the limit
v(y) = lim p,(l,y)
n—oo
exists and if k, x are positive integers and n > km,

1
5 2 100) = paCey)l < (1 = p)t.
;

(v) Show that

V() =a Y v) g, y).

(vi) Show that for each x, the limit
wx) = lim o " g,(x)
n—0o0
exists, is positive, and w satisfies

wx) =a Y qlxy) w).
S

(Hint: consider g,,+1(x)/gn(x).)
(vii) Show that there is a C = C(p, o) < oo such that if €, (x) is defined by

gn(x) = wx) o" [1+€,(x0)],
then
len(x)| < Ce™Pn,

where B = —log(1 — p)/m.
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(viii) Show that thereisa C = C(p,a) < oo such that if €, (x, y) is defined by
gn(x,y) = wx) " [V(y) + €a(x, 1],
then
lea(x, )| < Ce™P.

(ix) Suppose that Q is an N x N matrix with nonnegative entries such that Q"
has all positive entries. Suppose that the row sums of Q are bounded by
K.For1 <j,k <N,letq(jk) = K~ q(,k); set g(j, k) = 0if k > N;
and g(k,j) = 81 if k > N. Show that the conditions are satisfied (and
hence we get the Perron-Froebenius theorem).

Exercise A.5 In the previous exercise, let g(x, 1) = 1/2 for all k, ¢(2,2) =
1/2 and g(x,y) = O for all other x, y. Show that there is no F such that p > 0.

Exercise A.6 Suppose that X1, X», . .. are independent identically distributed
random variables in R with mean zero, variance one, and such that for
some t > 0,

B:=1 +]E[X12e’X1;X1 > 0] < 00.
Let

Sp=X1 4+ -+ X,

(i) Show that for all n,
E[@tS"] < P2,

(Hint: expand the moment-generating function for X; about s = 0.)
(i) Show thatif r < t8n,

r2

Exercise A.7 Suppose that X1, X», . .. are independent identically distributed
random variables in R with mean zero, variance one, and such that for some
t>0and0 <o < 1,

Bi=1+E XXX, 2 0] < oc.
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Let S, = X1 + - - - + X,,- Suppose that » > 0 and n is a positive integer. Let

1
t\ -« -
K=(—nﬂ) . X=X, 1{X; <K},
p

Sn:j(l‘i‘""}‘Xn.

(i) Show that
PIX; #Xj) < (B- DK e
(i) Show that
E[erKa—IS,,] < K2,

(iii) Show that

2

PiSy 2 r} < exp{—ﬁ} +n(f— DK 2K
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