Chapter 17
Markov Chains

In spite of their simplicity, Markov processes with countable state space (and dis-
crete time) are interesting mathematical objects with which a variety of real-world
phenomena can be modeled. We give an introduction to the basic concepts and then
study certain examples in more detail. The connection with discrete potential the-
ory will be investigated later, in Chapter 19. Some readers might prefer to skip the
somewhat technical construction of general Markov processes in Section 17.1.

There is a vast literature on Markov chains. For further reading, see, e.g., [21, 27,
64, 66,91, 116, 123, 124, 143, 152].

17.1 Definitions and Construction

In the following, E is always a Polish space with Borel o -algebra B(E), I C R and
(X¢)ter 1s an E-valued stochastic process. We assume that (F;);e; = F =0 (X) is
the filtration generated by X.

Definition 17.1 We say that X has the Markov property (MP) if, for every A €
B(E)andall s,t € I withs <t,

P(X, € A|F]=P[X; € A| X,].

Remark 17.2 If E is a countable space, then X has the Markov property if
and only if, for all n e N, all s1 <... <s, <t and all i,...,i,,i € E with
P[X,, =i1,..., X,, =i,] > 0, we have

PX;=i| X =i1,...., Xy, =in] =P[X; =i | X5, =0n]. 17.1)
In fact, (17.1) clearly implies the Markov property. On the other hand, if X has
the Markov property, then (see (8.6)) P[X; =i | X;, 1(0) =P[X; =i | X;, = is]

for almost all w € {X;, =i,}. Hence, for A :={X;, =iy,..., X;, =i,} (using the
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Markov property in the second equation),

P[Xt =i, Xs1 =if,..., Xs,l = in]
=E[E[1Lx,=i} | Fs,114] = E[E[1{x,=iy | Xy, 114]
=E[P[X,; =i| Xy, =in]1a] =P[X, =i | X;, = in|P[A].

Dividing both sides by P[A] yields (17.1). O

Definition 17.3 Let I C [0, 00) be closed under addition and assume O € I.
A stochastic process X = (X;);es is called a time-homogeneous Markov process
with distributions (P,)cg on the space (£2, A) if:

(i) Forevery x € E, X is a stochastic process on the probability space (§2, A, P;)
with P, [Xo=x]=1.
(ii) The map « : E x B(E)®! — [0, 1], (x, B) — P[X € B] s a stochastic kernel.
(iii) X has the time-homogeneous Markov property (MP): For every A € B(E),
every x € E and all s, ¢ € I, we have

Pi[Xis € Al Fsl=k (X5, A) Py-as.

Here, for every ¢ € I, the transition kernel k; : E x B(E) — [0, 1] is the
stochastic kernel defined for x € E and A € B(E) by

Kk(x,A):=«(x,{ye El:y@) e A}) =P.[X, € Al

The family (k;(x, A),t € I, x € E, A € B(E)) is also called the family of tran-
sition probabilities of X .

We write E, for expectation with respect to Py, £,[X] =P, and L, [X | F] =
P.[X € - | F] (for a regular conditional distribution of X given F).

If E is countable, then X is called a discrete Markov process.

In the special case I = Ny, X is called a Markov chain. In this case, k, is called
the family of n-step transition probabilities.

Remark 17.4 We will see that the existence of the transition kernels («;) implies the
existence of the kernel «. Thus, a time-homogeneous Markov process is simply a
stochastic process with the Markov property and for which the transition probabili-
ties are time-homogeneous. Although it is sometimes convenient to allow also time-
inhomogeneous Markov processes, for a wide range of applications it is sufficient to
consider time-homogeneous Markov processes. We will not go into the details but
will henceforth assume that all Markov processes are time-homogeneous. O

In the following, we will use the somewhat sloppy notation Py [X € -] :=
k(Xs, +). That is, we understand X as the initial value of a second Markov pro-
cess with the same distributions (Py)ycfg.
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Example 17.5 Let Y1, Y, ... beiid. R¥-valued random variables and let

n
S,’f:x+ZYl~ for x € R? and n € Ny.

i=1

Define probability measures P, on (RHNo | (B(R?))®Noy by P, =P o (§* )~ 1,
Then the canonical process X, : (RHNo — R4 is a Markov chain with distri-
butions (Py),.ge. The process X is called a random walk on R? with initial
value x. O

Example 17.6 In the previous example, it is simple to pass to continuous time; that
is, I = [0, co0). To this end, let (v;);>0 be a convolution semigroup on R? and let
ki (x,dy) = 8x % vi(dy). In Theorem 14.47, for every x € R?, we constructed a
measure P, on ((R)[0:%) B(R?)®10.29)) with

n—1

P, o (Xo, Xyo oo Xi,) ™' =8, @ @)k
i=0

for any choice of finitely many points 0 =#y <] < ... < t,. It is easy to check that
the map « : RY x B(R?)®[0:2) " (x A) > P,[A] is a stochastic kernel. The time-
homogeneous Markov property is immediate from the fact that the increments are
independent and stationary. O

Example 17.7 (See Example 9.5 and Theorem 5.36.) Let 6 > 0 and vf({k}) =
e_(”%, k € Ny, the convolution semigroup of the Poisson distribution. The
Markov process X on Ny with this semigroup is called a Poisson process with

(jump) rate 6. O

As in Example 17.6, we will construct a Markov process for a more general
Markov semigroup of stochastic kernels.

Theorem 17.8 Let I C [0,00) be closed under addition and let (k;)ie; be a
Markov semigroup of stochastic kernels from E to E. Then there is a measurable
space (2, A) and a Markov process (X;)ier, (Px)xeg) on (£2, A) with transition
probabilities

P.[X, € Al=k:(x,A) forallxcE, AcB(E), tel. (17.2)

Conversely, for every Markov process X, Eq. (17.2) defines a semigroup of
stochastic kernels. By (17.2), the finite-dimensional distributions of X are uniquely
determined.

Proof “==" We construct X as a canonical process. Let £2 = E[%°) and A =
B(E )®l0.20) ' Further, let X, be the projection on the tth coordinate. For x € E,
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define (see Corollary 14.43) on (2, A) the probability measure P, such that, for
finitely many time points 0 =1y < #; < ... < t,, we have

n—1

Px e} (XtO’ ey th)_l == Sx ® ®Kti+1—ti'
i=0
Then
PX[XI() (S AO, ceey th (S An]

=/ Px[Xto EAO: '”9th,2 EAI’L*Z’XZ,,,l denfl]
An—-1

X Kty —t,_1 (X1, An);
hence Pi[X;, € A, | Fi, |1 = kt—1, (X4, ,» An). Thus X is recognized as a
Markov process. Furthermore, we have P, [X, € A] = (6x - k1) (A) = k¢ (x, A).

“«<=" Now let (X, (P,).cE) be a Markov process. Then a stochastic kernel «; is
defined by

ki(x,A):=P[X; € A] forallxe E,AecB(E),tel.
By the Markov property, we have

kiys(x, A) =Px[X;45s € Al =E; [PXS [X; € A]]

=/PX[X5 edylPy[X; € A]

= [ ki) = ) 3. ).
Hence (k;):c; is a Markov semigroup. Il

Theorem 17.9 A stochastic process X = (X;):e1 is a Markov process if and only
if there exists a stochastic kernel k : E X B(E)®! = [0, 1] such that, for every
bounded B(E)®! — B(R)-measurable function f : E' — R and for every s > 0 and
x € E, we have

E [ f(Xiwsier) | Fs] =Ex,[f(X)] = /El K (Xs,dy) f(y). (17.3)

Proof “<=" The time-homogeneous Markov property follows by (17.3) with the
function f(y) =14(y(¢)) since Px [X; € Al =Py[Xsy5 € A| Fs]l =1 (X5, A).

“=—>"" By the usual approximation arguments, it is enough to consider functions
f that depend only on finitely many coordinates 0 <t} <f, <... <t,. We perform
the proof by induction on 7.

For n =1 and f an indicator function, this is the (time-homogeneous) Markov
property. For general measurable f, the statement follows by the usual approxima-
tion arguments.
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Now assume the claim is proved for n € N. Again it suffices to assume that
f is an indicator function of the type f(x) = 1B x..xB,s ! (Xs, ..., X1,,,) (With
Bi, ..., By+1 € B(E)). Using the Markov property (third and fifth equalities in the
following equation) and the induction hypothesis (fourth equality), we get

E[f((Xiroiz0) | 7]
=E[E[ £ ((Xi15)r20) | Frots ] | Fs]
=E[Exllix, , seBn) | Frors1Le (Xiyts) « - 1B, (Xp, 1) | F ]
=E.[Px, ., [Xi,, 1, € Bur1118, (X1, 45) .. 18, (X, 1) | Fs ]
=Ex,[Px, [X1,,,—i, € Buy1]1p,(X;) ... 1p,(X,,)]
=Ex, [Px,[X;,., € Bus1 | Fi,115,(Xy,) ... 15,(X,,)]
=Ex, [Px,[X:, € Bi..... X4,1 € Buy1 | Fi,1]
=Ex,[f(X)]. O
Corollary 17.10 A stochastic process (Xp)nenN, is a Markov chain if and only if
Lo[(Xnidneny | Fi] = Lx, [(XnInen,]  for every k € No. (17.4)

Proof If the conditional distributions exist, then, by Theorem 17.9, the equation
(17.4) is equivalent to X being a Markov chain. Hence we only have to show that
the conditional distributions exist.

Since E is Polish, EMN0 is also Polish and we have B(EN0) = B(E)®No (see The-
orem 14.8). Hence, by Theorem 8.37, there exists a regular conditional distribution
of (Xn+k)nen, given Fy. O

Theorem 17.11 Let I = Ny. If (X,)neN, is a stochastic process with distributions
(Py, x € E), then the Markov property in Definition 17.3(iii) is implied by the exis-
tence of a stochastic kernel k1 : E x B(E) — [0, 1] with the property that for every
A eB(E), every x € E and every s € I, we have

P.[X;41 € A| Fs]l=K1(Xs, A). (17.5)

In this case, the n-step transition kernels «,, can be computed inductively by
Kn = Kn—1 K1 =/ kn—1(+, dx)ki(x, -).
E

In particular, the family (ky)neN is a Markov semigroup and the distribution X is
uniquely determined by k1.

Proof In Theorem 17.9, let t; =i for every i € Ny. For the proof of that theorem,
only (17.5) was needed. O
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The (time-homogeneous) Markov property of a process means that, for fixed
time ¢, the future (after #) depends on the past (before ¢) only via the present (that
is, via the value X;). We can generalize this concept by allowing random times
instead of fixed times 7.

Definition 17.12 Let I C [0, 00) be closed under addition. A Markov process
(X¢)ter with distributions (P, x € E) has the strong Markov property if, for ev-
ery a.s. finite stopping time 7, every bounded B(E)®/ — B(R) measurable function
f: ET - R and every x € E, we have

E[f((Xeso)rer) | Fe] =Ex, [f(X)] := /E KX d)) f (). (17.6)

Remark 17.13 If I is countable, then the strong Markov property holds if and only
if, for every almost surely finite stopping time t, we have

Lo[(Xesideny | Fe] = Lx. [(XDreny | ==k Xz, ). (17.7)

This follows just as in Corollary 17.10. O

Most Markov processes one encounters have the strong Markov property. In par-
ticular, for countable time sets, the strong Markov property follows from the Markov
property. For continuous time, however, in general, some work has to be done to es-
tablish the strong Markov property.

Theorem 17.14 If I C [0, 0c0) is countable and closed under addition, then ev-
ery Markov process (X;)ner with distributions (Py)xcp has the strong Markov

property.

Proof Let f : El — R be measurable and bounded. Then, for every s € I, the ran-
dom variable 1{;—}Ex[ f ((Xs4/)ter) | F¢]1s measurable with respect to ;. Using
the tower property of the conditional expectation and Theorem 17.9 in the third
equality, we thus get

E[f((Xerier) | Fe] =Y e[ f (Xssoier) | Fe]

sel

_ZE ((Xv+t)tel)|]:]|]:]

sel

=D Ee[LiemgEx, [/ (Xier)] | 7]

sel

=Ex, [f((Xoier)]- 0

As a simple application of the strong Markov property, we show the reflection
principle for random walks.
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Theorem 17.15 (Reflection principle) Let Y1, Ya, ... be i.i.d. real random vari-
ables with symmetric distribution L[Y] = L[—Y1]. Define Xo =0 and X, :=
Yi+...4Y, forn e N. Then, for every n € Ny and a > 0,

P[sup X, > a] <2P[X, >a] — P[X, =al. (17.8)

m=<n

Ifwe have P[Y| € {—1,0, 1}] = 1, then for a € N equality holds in (17.8).

Proof Leta > 0 and n € N. Define the time of first excess of a (truncated at (n+ 1)),
t:=inflm>0: X, =a}A(n+1).
Then 7 is a bounded stopping time and

sup X, >a <= T <n.

m=<n

Let f(m’ X) = :ﬂ'{mSn}(:ﬂ‘{anm>a} + %l{xnfm:a})' Then

1
f(r, (Xr+m)meNo) =1ir<n) (]]-{Xn>a} + Eﬂ{Xﬁa})-

The strong Markov property of X yields

E()[f(l’, (Xr—i-m)sz) | fr] = (1, X7),

where @(m, x) = E[ f(m, X)]. (Recall that E, denotes the expectation for X if
Xo=x.)
Due to the symmetry of Y;, we have

_%, ifm<nandx >a,
p(m, x) :%, ifm<nandx =a,
=0, m>n.

Hence
{t<nf={r<n}n{X;>a}C {w(f,Xf)Z%}ﬂ{tsn}

={p(r.X;) > 0} N{r <n}.
Now (17.8) is implied by

1
P[X, > al+ SPIXy =al =E[f (7, (Xetm)n=0)]

1
=Eo[o(t, X)ljr<n)] > EPO[T <n]. (17.9)
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Now assume P[Y; € {—1,0,1}] =1 and a € N. Then X; =a if t <n. Hence

1
{go(t, X)) > 0} N{t <n}= {(/)(‘L’, X)) = 5} N{r <n}.
Thus, in the last step of (17.9), equality holds and hence also in (17.8). O

Exercise 17.1.1 Let / C R and let X = (X;);c; be a stochastic process. For ¢ € I,
define the o-algebras that code the past before ¢ and the future beginning with ¢ by

Fa=0Xs:s5€l,s<t) and Fs;:=0(Xs:s5€l,5s>1t).

Show that X has the Markov property if and only if, for every ¢ € I, the o -algebras
F<: and F>, are independent given o (X;) (compare Definition 12.20).

In other words, a process has the (possibly time-inhomogeneous) Markov prop-
erty if and only if past and future are independent given the present.

17.2 Discrete Markov Chains: Examples

Let E be countable and / = Ny. By Definition 17.3, a Markov process X =
(Xn)nen, on E is a discrete Markov chain (or Markov chain with discrete state
space).

If X is a discrete Markov chain, then (Py)ycg is determined by the transition
matrix

P=(pP0. ), yep = PulX1=01), | p-
The n-step transition probabilities
P (x, y) = Px[Xy = ]

can be computed as the n-fold matrix product

p(n)(x’ }’) =pn(x’ y)’
where

Phoy) = p" T x Dp, )

zeE

and where p° = I is the unit matrix.
By induction, we get the Chapman—Kolmogorov equation (see (14.14)) for all
m,ne€Ngpand x,y € E,

P =) p " p™ ). (17.10)

zeE
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Definition 17.16 A matrix (p(x, y))x,yee With nonnegative entries and with

Zp(x,y):l forallx € E

yeE

is called a stochastic matrix on E.

A stochastic matrix is essentially a stochastic kernel from E to E. In Theo-
rem 17.8 we saw that, for the semigroup of kernels (p"),en, there exists a unique
discrete Markov chain whose transition probabilities are given by p. The arguments
we gave there were rather abstract. Here we give a construction for X that could
actually be used to implement a computer simulation of X.

Let (Ry)nen, be an independent family of random variables with values in £ E
and with the property

P[R,(x)=y|=p(x,y) forallx,y€E. (17.11)

For example, choose (R, (x),x € E,n € N) as an independent family of random
variables with values in E and distributions

P[R,(x)=y]=p(x,y) forallx,y€ E andn € No.

Note, however, that in (17.11) we have required neither independence of the random
variables (R, (x), x € E) nor that all R, had the same distribution. Only the one-
dimensional marginal distributions are determined. In fact, in many applications it
is useful to have subtle dependence structures in order to couple Markov chains with
different initial chains. We pick up this thread again in Section 18.2.

For x € E, define

Xj=x and X, =R,(X;_,) forneN.

Finally, let P, := L[ X*] be the distribution of X*. Recall that this is a probability
measure on the space of sequences (E No B (E )®N0).

Theorem 17.17

(1) With respect to the distribution (Py)xcg, the canonical process X on
(ENo, B(E)®No) is a Markov chain with transition matrix p.

(ii) In particular, to any stochastic matrix p, there corresponds a unique discrete
Markov chain X with transition probabilities p.

Proof “(ii)” This follows from (i) since Theorem 17.11 yields uniqueness of X.
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“(1)” For n € Ng and x, y, z € E, by construction,

PolXp1 =2 Fu, Xp =31 =P[X; 1 =2 [0 (Rn,m <), X; =]
=P[Rut1(X;) =z |0 (Ru,m <n), X;; = y]
=P[Ri11(») =2]
=p(y,2).

Hence, by Theorem 17.11, X is a Markov chain with transition matrix p. O

Example 17.18 (Random walk on Z) Let E = Z, and assume
px,y)=p0,y —x) forallx,yeZ.

In this case, we say that p is translation invariant. A discrete Markov chain X with

transition matrix p is a random walk on Z. Indeed, X, 24 Xo+Z1+...+Z,, where
(Zn)nen are iid. with P[Z, = x] = p(0, x).

The R, that we introduced in the explicit construction are given by R, (x) :=
x+Z,. O

Example 17.19 (Computer simulation) Consider the situation where the state space
E ={1,...,k}is finite. The aim is to simulate a Markov chain X with transition ma-
trix p on a computer. Assume that the computer provides a random number genera-
tor that generates an i.i.d. sequence (Uy),en of random variables that are uniformly
distributed on [0, 1]. (Of course, this is wishful thinking. But modern random num-
ber generators produce sequences that for many purposes are close enough to really
random sequences.)

Define r(i,0) =0, r(i, j) = p@i, 1) +...+ p(i, j) for i, j € E, and define Y,, by

Ri(i)=j <<= Uye[rG, j—D,rG,))).
Then, by construction, P[R, (i) = jl1=r(, j) —r(i, j — 1) = p(, j). O

Example 17.20 (Branching process as a Markov chain) We want to understand
the Galton—Watson branching process (see Definition 3.9) as a Markov chain on
E =Ny.

To this end, let (gx)ken, be a probability vector, the offspring distribution of one
individual. Define ¢ 0= 140} (k) and

k
Q"= Zq:(_”f])q, forneN
=0

as the n-fold convolutions of g. Hence, for n individuals, ¢;" is the probability to
have exactly k offspring. Finally, define the matrix p by p(x, y) = q;‘x forx, y € Ny.
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Now let (Y, i, n € Ny, i € Ng) be i.i.d. with P[Y;, ; = k] = gk. For x € Ny, define

the branching process X with x ancestors and offspring distribution g by Xo = x
X)l

and X, ;=) "' Y,—1,i. In order to show that X is a Markov chain, we compute
PIX,=x,| Xo=x,X1=x1,..., Xp—1 =xp-1]
=PYp-11+ ...+ Va1, =Xnl
=P} () = g5 = Pt xw).
Hence X is a Markov chain on Ny with transition matrix p. O

Example 17.21 (Wright’s evolution model) In population genetics, Wright’s evolu-
tion model [171] describes the hereditary transmission of a genetic trait with two
possible specifications (say A and B); for example, resistance/no resistance to a
specific antibiotic. It is assumed that the population has a constant size of N € N
individuals and the generations change at discrete times and do not overlap. Fur-
thermore, for simplicity, the individuals are assumed to be haploid; that is, cells
bear only one copy of each chromosome (like certain protozoans do) and not two
copies (as in mammals).

Here we consider the case where none of the traits is favored by selection. Hence,
it is assumed that each individual of the new generation chooses independently and
uniformly at random one individual of the preceding generation as ancestor and
becomes a perfect clone of that. Thus, if the number of individuals of type A in the
current generation is k € {0, ..., N}, then in the new generation it will be random
and binomially distributed with parameters N and k/N.

The gene frequencies k/N in this model can be described by a Markov chain X
on E={0,1/N,...,(N —1)/N, 1} with transition matrix p(x,y) = by x({Ny}).
Note that X is a (bounded) martingale. Hence, by the martingale convergence theo-
rem (Theorem 11.7), X converges P, -almost surely to a random variable X, with
E,[Xc] =E\[Xo] = x. As with the voter model (see Example 11.16) that is closely
related to Wright’s model, we can argue that the limit X, can take only the stable
values 0 and 1. That is, Py [lim, o0 X, = 1] =x =1 — Py [lim, o X,, =0]. O

Example 17.22 (Discrete Moran model) In contrast to Wright’s model, the Moran
model also allows overlapping generations. The situation is similar to that of
Wright’s model; however, now in each time step, only (exactly) one individual gets
replaced by a new one, whose type is chosen at random from the whole population.

As the new and the old types of the replaced individual are independent, as a
model for the gene frequencies, we obtain a Markov chain X on E = {0, % R
with transition matrix

x(1—x), if y=x+1/N,

x24+(1—=x)? ify=x,
plx,y)= .

x(1 —x), ify=x—1/N,

0, else.



362 17 Markov Chains

Here also, X is a bounded martingale and we can compute the square variation
process,

n_ZE(X Xi—D)? | Xi1] ZX(]—X) (17.12)
i=1 <>

Exercise 17.2.1 (Discrete martingale problem) Let E C R be countable and let X
be a Markov chain on E with transition matrix p and with the property that, for
any x, there are at most three choices for the next step; that is, there exists a set
A C E of cardinality 3 with p(x,y) =0forally € E\ A,.Letd(x) := ZyeE(y -
x)p(x,y) forx € E.

(i) Show that M, := X, Zk —od(Xy) defines a martingale M with square vari-

ation process (M), = Z” ! f(X;) for a unique function f : E — [0, 00).

(i1) Show that the transition matrlx p is uniquely determined by f and d.

(iii) For the Moran model (Example 17.22), use the explicit form (17.12) of the
square variation process to compute the transition matrix.

17.3 Discrete Markov Processes in Continuous Time

Let E be countable and let (X;);e[0,00) be @ Markov process on E with transition
probabilities p;(x, y) = Py[X; = y] (for x, y € E). (Some authors call such a pro-
cess a Markov chain in continuous time.)

Let x, y € E with x # y. We say that X jumps with rate q(x, y) from x to y if
the following limit exists:

1
,y) :=1im -P,[X, = y].
q(x,y) tlﬁ)lt [ X =yl

Henceforth we assume that the limit g (x, y) exists for all y 7 x and that

D q(x.y)<oo forallxeE. (17.13)
y#x
Then we define
qx,x) == q(x, ). (17.14)
yFX

Finally we assume that (which is equivalent to exchangeability of the limit and the
sum over y # x in the display preceding (17.13))
1

lifg?(Px[Xt =y]— ]l{xzy}) =q(x,y) forallx,yeFE. (17.15)
t

Definition 17.23 If (17.13), (17.14) and (17.15) hold, then ¢ is called the Q-matrix
of X. Sometimes ¢ is also called the generator of the semigroup (p;);>0.
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Example 17.24 (Poisson process) The Poisson process with rate o > 0 (compare
Section 5.5) has the Q-matrix g(x, y) = a(L{y=x+1} — L{y=x})- O

Theorem 17.25 Let g be an E x E matrix such that q(x,y) >0 forall x,y € E
with x # y. Assume that (17.13) and (17.14) hold and that

A= sup|q(x, x)| < oo. (17.16)

xeE

Then q is the Q-matrix of a unique Markov process X .

Intuitively, (17.15) suggests that we define p; = €9 in a suitable sense. Then,
formally, g = % Dt ] ,—o- The following proof shows that this formal argument can
be made rigorous.

Proof Let I be the unit matrix on E. Define

1
p(x,y)= xq(x,y) +1(x,y) forx,yekE,

if A > 0 and p = I otherwise. Then p is a stochastic matrix and g = A(p — I).
Let ((Yn)neny> (P;/) xeg) be a discrete Markov chain with transition matrix p and
let ((T})s>0, (PZ)neNO) be a Poisson process with rate A. Let X; := Y7, and P, =
P}: ® Pg. Then X := ((X)>0, (Px)xecE) is a Markov process and

o
pi(x, y) :=P[X; =yl= ) P{IT, =n]P{[Y, =y]
n=0
oo
A"
— M MY oon
=My ),
n=0
This power series (in ) converges everywhere (note that as a linear operator, p has
finite norm || p||> < 1) to the matrix exponential function e*’? (x, y). Furthermore,

pr(x,y) = e MeMP (x,y) = M P (x, y) = €' (x, y).

Differentigting the power series termwise yields % pe(x,y) | o =9q(x,y). Hence X
is the required Markov process.

Now assume that (P1):>0 are the transition probabilities of another Markov pro-
cess X with the same generator g; that is, with

o1
EiBIE(pS(x’ y) —1(x, ) =q(x, ).

It is easy to check that

1
13&1;(Pz+s(x’ ¥) = pi(x, ) = (q - p)(x,y).
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That is, we have (d/dt)p:(x,y) = gp;(x,y). Similarly, we get (d/dt)p; =
q p:(x, y). Hence also,

t
pt(x,y)—ﬁz(x,y)=/0 (a(ps — Do) (x, y) ds.

If we let rg = pg — ps, then ||rg|l2 <2 and ||g||2 < 2A; hence
N S
sup [|7s]l2 < Sup/ lgrull2du < liql2 Sup/ l7ull2 du < 22t sup ||7s||2.
s<t s<t JO s<t JO s<t

For ¢ < 1/2A, this implies r; = 0; hence p; = p;. For general ¢ > 0, choose n € N
such that z/n < 1/2 to obtain p; = (Pr/n)" = (pi/n)" = ps- O

Remark 17.26 The condition (17.16) cannot be dropped easily, as the following ex-
ample shows. Let £ = N and

X2, ify=x+1,
gx,y)={-x2, ify=n,
0, else.

We construct explicitly a candidate X for a Markov process with Q-matrix q. Let
Ty, T, ... be independent, exponentially distributed random variables with P7, =
exp,2. Define S, =T1 4 ... + T,—1 and X; = sup{n € Ny : S, <t}. Then, at any
time, X makes at most one step to the right. Furthermore, due to the lack of memory
of the exponential distribution (see Exercise 8.1.1),

PX;ys>n+1]|X;=n]
=P[Spt1 <t +5|S <1, Sut1 > 1]
=P[T, <s+t—=8, |8 =<t,T, >t —8,]=P[T, <s]

=1- exp(—nzs).
Therefore,
lims '"P[X;ss=n+1| X, =n]l=n>
s40
and
lims ' (P[X/4s =n| X, =n]— 1) =—n%
540
hence

liF(}s*l (P[Xi4s=m | X; =n]—I(m,n)) =q(m,n) forallm,neN.
N

Let

" =inf{t>0:X;,=n}=S5, forneN.
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Then Eq[t"] = ZZ;} kl—z By monotone convergence, E[sup, oy 7"'] < co. That is,
in finite time, X exceeds all levels. We say that X explodes. O

Example 17.27 (A variant of Pélya’s urn model) Consider a variant of Pélya’s urn
model with black and red balls (compare Example 12.29). In contrast to the original
model, we do not simply add one ball of the same color as the ball that we return.
Rather, the number of balls that we add varies from time to time. More precisely,
the kth ball of a given color will be returned together with r; more balls of the same
color. The numbers ry, 72, ... € N are parameters of the model. In particular, the
case | =r; =rp =...is the classical Pélya’s urn model. Let

1, if the nth ball is black,

Xn 1= 0, else.

For the classical model, we saw (Example 12.29) that the fraction of black balls
in the urn converges a.s. to a Beta-distributed random variable Z. Furthermore,
given Z, the sequence X1, X», ... is independent and Berz-distributed. A similar
statement holds for the case where r =r; =rp, = ... for some r € N. Indeed, here
only the parameters of the Beta distribution change. In particular (as the Beta distri-
bution is continuous and, in particular, does not have atoms at O or 1), almost surely
we draw infinitely many balls of each color. Formally, P[B] = 0 where B is the
event where there is one color of which only finitely many balls are drawn.

The situation changes when the numbers ry grow quickly as k — o0o. Assume
that in the beginning there is one black and one red ball in the urn. Denote by
w, =1+ Y ;_, rx the total number of balls of a given color after n balls of that
color have been drawn already (n € Ny).

For illustration, first consider the extreme situation where w,, grows very quickly;
for example, w, = 2" for every n € N. Denote by

Sp=2X1+...+X,)—n

the number of black balls drawn in the first n steps minus the number of red balls
drawn in these steps. Then, for every n € Np,

Sn 2- Sn

PXpr1=1181= m and P[X,+1=0]|S,]= m

We conclude that (Z;),en, := (ISzneN, 1s a Markov chain on Ny with transition
matrix

28 /(142%), if7/=z+4+1>1,
1, if7 =z4+1=1,
1/(14+2%), ifz/=z-1,

0, else.

p(z.7) =
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The event B from above can be written as
B ={Z,11 < Z, only finitely often}.

Let A ={Z,+1 > Z, for all n € Ny} denote the event where Z flees directly to oo
and let 7, = inf{n € Ny : Z,, > z}. Evidently,

o0 o0

1 -
PlAl=[]p(.d+)z1=3 =1 -2

7=z 7=z

It is easy to check that Py[r, < co] =1 for all z € Ny. Using the strong Markov
property, we get that, for all z € Ny,

Po[B] > Po[Zni1 > Z, foralln > 7,1 =P,[A] > 1 — 277,

and thus Py[B] = 1. In prose, almost surely eventually only balls of one color will
be drawn.

This example was a bit extreme. In order to find a necessary and sufficient con-
dition on the growth of (w,,), we need more subtle methods that appeal to the above
example of the explosion of a Markov process.

We will show that P[B] = 1 if and only if ZEOZO w%‘ < 00. To this end, consider
independent random variables T, 1/, Tzs Ty, ... with Prr =Prs = €Xpy, - Let
TL,=> 02 Tr and TS, =Y o2 | T3, Clearly, E[TL ] =) .2, 1/w, < oco; hence,
in particular, P[T < oo] = 1. The corresponding statement holds for 75 . Note that
T}, and T}, are independent and have densities (since 7] and 7} have densities);
hence we have P[T], =T3 ]1=0.

Now let

Ri=sup{neN:T{ +...+ T, <t}
and
Spi=sup{n eN: TS +...+ T <t}.

Let R:={T{ +...+T,;,neN}andlet S := (T} +... + T, ,n € N} be the jump
times of (R;) and (S;). Define U := RU S ={uy,up,...}, where u; <ur <....Let

X, = 1, ifu,es,
0, else.
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Let L, =x1+ ...+ x,. Then
PX,r1=1X1=x1,..., Xy =x,]
=P[un+1 eS|(ukeS — xk=1)foreveryk§n]
=PI +... +T)  <T{+...+T_ ]
T .. . +T, o >T+...+T, ]

w

n

wL, + Wn—L,

Hence (X,),en, is our generalized urn model with weights (wy),en,. Consider
now the event B¢ where infinitely many balls of each color are drawn. Evi-
dently, {X,, = | infinitely often} = {sup S = sup U} and {X,, = 0 infinitely often} =
{supR = supU}. Since supS = TS, and supR = TZ,, we thus have P[B‘] =
P[T, =T]1=0. O

Exercise 17.3.1 Letr, s, R, S € N. Consider the generalized version of Pélya’s urn
model (X,,),en, With ry =7 and s; = s for all k € N. Assume that in the beginning
there are R red balls and S black balls in the urn. Show that the fraction of black
balls converges almost surely to a random variable Z with a Beta distribution and
determine the parameters. Show that (X,),en, is i.i.d. given Z and X; ~ Berz for
all i € Np.

Exercise 17.3.2 Show that, almost surely, infinitely many balls of each color are
drawn if

17.4 Discrete Markov Chains: Recurrence and Transience

In the following, let X = (X,)nen, be a Markov chain on the countable space E
with transition matrix p.

Definition 17.28 Forany x € E, let T, := rxl :=inf{n >0: X, =x} and
tf=infln>7"' X, =x} forkeNk>2.
rf is the kth entrance time of X for x. For x, y € E, let
F(x,y):=P; [ryl < 00| =Py[there is an n > 1 with X,, = y]

be the probability of ever going from x to y. In particular, F (x, x) is the return
probability (after the first jump) from x to x.

Note that 7! > 0 even if we start the chain at Xo = x.
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1/4
3/4
D, /@
&
Fig. 17.1 Markov chain with eight states. The numbers are the transition probabilities for the

corresponding arrows. State 2 is absorbing, the states 1, 3, 4 and 5 are transient and the states 6, 7
and 8 are (positive) recurrent

Theorem 17.29 Forall x,y € E and k € N, we have
P [t} <oo|=F(x,)F(y. "

Proof We carry out the proof by induction on k. For k = 1, the claim is true by defi-
nition. Now let k > 2. Using the strong Markov property of X (see Theorem 17.14),
we get

Px[t}’f < 00| =E,[Px [r§C <0 | FT§_1]1{T£_1<OO}]
=E; [F(y’ y) ’ ]l{r'é*l<oo}]

=F(,y)-F(x,)F, )2 =F@x,»)FQ,y O

Definition 17.30 A state x € E is called

o recurrent if F(x,x) =1,

e positive recurrent if Ex[rxl] < 00,

e null recurrent if x is recurrent but not positive recurrent,
o transient if F(x,x) <1, and

e absorbing if p(x,x) = 1.

The Markov chain X is called (positive/null) recurrent if every state x € E is
(positive/null) recurrent and is called transient if every recurrent state is absorbing.

Remark 17.31 Clearly, we have:
“absorbing” =  “positive recurrent” = “recurrent”. 0

Example 17.32

(i) In Fig. 17.1, the state 2 is absorbing. If it does not get trapped in 2, the chain
will eventually jump from 5 to 6 and will not return after that. Hence 1, 3, 4 and
5 are transient. The states 6, 7 and 8 are positive recurrent. One can show (see
Exercise 17.6.1) that Eq[76] = Y, E7[r7] = ¥ and Eg[rg] = Y.
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1 r r r
@, W, @, ©, °
Kﬁ‘»».
1-r 1-r 1-r 1-r

Fig. 17.2 Markov chain on Ny with parameter r € (0, 1). The chain is positive recurrent if
r € (0, 1/2), null recurrent if » = 1/2 and transient if r € (1/2, 1)

(ii) The chain in Fig. 17.2 has a drift to the right if » > 5. Hence, in this case, every

state is transient. On the other hand, if r € (0, Z)’ then the chain has a drift to
the left (except at the point 0) and hence visits every state again and again. Thus
the chain is recurrent. With a little thought, one can show (see Exercise 17.6.4)
that in this case, the chain is actually positive recurrent and in the remaining
case r = % it is null recurrent. O

Definition 17.33 Denote by N(y) = Y o 1{x,=y} the total number of visits of X
to y and by

G(x,y) =E[N(y)] Zp (x,y)

the Green function of X.

Theorem 17.34
(i) For all x,y € E, we have (with the convention 1/0 := 00, 0/0:=0 and 0 -

00:=0)
F(x,y) :
—Fooy Ux#Yy
G(x,y>==‘ For 2 =7 }=F(x,y)G(y,y>+1{x:y}. (17.17)
l—F(y,y)7 lf“x_y

(ii) A non-absorbing state x € E is recurrent if and only if G(x, x) = 00

Proof (ii) follows by (i). Hence, it remains to show (17.17). By Theorem 17.29, we
have

G(x,y) =E[N] =) P.[N(y) > K]
k=1

oo o0
= L=y + ) Pe[r) <00] =Tpmyy + ) FOe, NF(, 0!

k=1 k=1
F(x,y) :
—FGy X FEY
1 .
m, if x =Y.

The second equality in (17.17) is an immediate consequence. g
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Theorem 17.35 If x is recurrent and F(x,y) > 0, then y is also recurrent, and
Fx,y)=F(y,x)=1.

Proof Let x,y € E, x # y, be such that F(x,y) > 0. Then there is a k € N and
states x1,...,x,y € E with xy = y and x; # x foralli =1, ..., k and such that

P.[X;=x;foralli=1,...,k] > 0.
In particular, p*(x, y) > 0. By the Markov property, we have
1— F(x,x) =P[1] =00] > Py[ X1 =x1,..., Xy = x¢, T, = 0]
=P (X1 =x1,..., Xp = x¢]- Py[7) = o0]
=P, X1 =x1,..., X} =xk](1 — F(y,x)).

If now F(x,x) =1, then also F(y,x) = 1. Since F(y, x) > 0, there exists an
I € N with p/(y, x) > 0. Hence, for n € Ny,

PGy = p () p" (e, ) pF(xL ).
If x is recurrent, then we conclude that
o0
Gy, =Y Py = pl (0P (x, )G (x, x) =00
n=0

and hence also that y is recurrent. Changing the roles of x and y in the above argu-
ment, we get F(x,y)=1. O

Definition 17.36 A discrete Markov chain is called

e irreducible if F(x,y) > 0forall x,y € E, or equivalently G(x, y) > 0, and
o weakly irreducible if F(x,y)+ F(y,x)>0forallx,y € E.

Theorem 17.37 An irreducible discrete Markov chain is either recurrent or tran-
sient. If |E| > 2, then there is no absorbing state.

Proof This follows directly from Theorem 17.35. g
Theorem 17.38 If E is finite and X is irreducible, then X is recurrent.

Proof Evidently, forall x € E,
oo (09)
Y G=) > play=) 1=oc.
yeE n=0yecE n=0

As E is finite, there is a y € E with G(x, y) = oo. Since F(y, x) > 0, there exists a
k € N with p*(y, x) > 0. Therefore, since p"**(x, x) > p™(x, y) p*(y, x), we have
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Gx,x) =Y p"(x, Yy, x) = p! (3, )Gx, y) = 0. .
n=0

Exercise 17.4.1 Let x be positive recurrent and let F'(x, y) > 0. Show that y is also
positive recurrent.

17.5 Application: Recurrence and Transience of Random Walks

In this section, we study recurrence and transience of random walks on the D-
dimensional integer lattice 7ZP D =1,2,.... A more exhaustive investigation can
be found in Spitzer’s book [158].

Consider first the simplest situation of symmetric simple random walk X on Z”.
That is, at each step, X jumps to any of its 2D neighbors with the same probability
1/2D. Hence, in terms of the Markov chain notation, we have E = 7P and

l .
55, Ifjlx—yl=1
2D 9 9
plx,y)=
0, else.
Is this random walk recurrent or transient?
The central limit theorem suggests that

p"(0,0)~ Cpn~P? asn— oo

for some constant Cp that depends on the dimension D. However, first we have
to exclude the case where n is odd since here clearly p"(0,0) = 0. Thus let
Y1, Ya, ... be independent 7P -valued random variables with P[Y; = x] = p2(0, x).

Then Xo, 2 S, := Y| + ... + ¥, for n € No; hence G(0,0) = Y2, P[S, = 0].
Clearly, Y1 = (Y}, ..., YID) has covariance matrix C; j := E[Yf . Ylj] = %Jl{,-:j}.
By the local central limit theorem (see, e.g., [20, pp. 224ff] for a one-dimensional
version of that theorem or Exercise 17.5.1 for an analytic derivation), we have

nP/2p2(0,0) = nP/?P[S, = 0] =3 2(47/D)~P/2. (17.18)

Now > n™% < oo if and only if @ > 1. Hence G(0,0) < oo if and only if
D > 2. We have thus shown the following theorem of Pélya [134].

Theorem 17.39 (Pélya (1921) [134]) Symmetric simple random walk on ZP is re-
current if and only if D < 2.

The procedure we used here to derive Polya’s theorem has the disadvantage that
it relies on the local central limit theorem, which we have not proved (and will not).
Hence we will consider different methods of proof that yield further insight into the
problem.

Consider first the one-dimensional simple random walk that with probability p
jumps one step to the right and with probability 1 — p jumps one step to the left.
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Then

G(0,0) = i <2n"> (p(1—p))' = i (_:1/2> (—4p(1 - p))".

n=0 n=0

Using the generalized binomial theorem (see Lemma 3.5), we get (since we have
(1=4p(—p)'?=12p 1)

1 : 1
2p—1p° lfp#j

P (17.19)

G(0,0) = {
00, if p=

Thus, simple random walk on Z is recurrent if and only if it is symmetric; that is, if
1
p=3-

Of course, transience in the case p # é could also be deduced directly from the
strong law of large numbers since hm,Hoo X, =Eo[X1] =2p — 1 almost surely.
In fact, this argument is even more robust smce it uses only that the single steps of
X have an expectation that is not zero.

Consider now the situation where X does not necessarily jump to one of its near-
est neighbors but where we still have Eg[|X1|] < co and Eg[X 1] = 0. The strong
law of large numbers does not yield recurrence immediately and we have to do
some work:

By the Markov property, for every N € N and every y # x,

N N N—k
Gn(x.y) =Y PlXp=yl=) P[] =k] > Py[X;=y] <Gn(. ).
k=0 k=0 =0

This implies forall L e N

1
0,0 0,
Gn(0.0) = 37— > Gy, y)
[yI=L

2L+IZZP(0 »)

k=0]y|<L

> 3 Z Y. oy

k 1y:|y/k|<L/N

By the weak law of large numbers, we have liminf;_, o Zly\ <k pk 0, y) =1 for
every ¢ > 0. Hence, letting L = ¢N, we get

1
liminf G (0,0) > — for every ¢ > 0.
N—o00 2¢e

Thus G (0, 0) = oo, which shows that X is recurrent.
We summarize the discussion in a theorem.
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Theorem 17.40 A random walk on Z with Y o2 |x|p(0, x) < 00 is recurrent if
and only ifo;O:_oo xp(0,x)=0.

Now what about symmetric simple random walk in dimension D = 2 or in higher
dimensions? In order that the random walk be at the origin after 2n steps, it must
perform k; steps in the ith direction and k; steps in the opposite direction for some
numbers k1, ..., kp € Ng with k1 4 ... + kp = n. We thus get

2n _ —2n 2n
p”"(0,0) = (2D) > <k1’ b, ) (17.20)

.. kp,k
ki+...+kp=n D> %D

N

where ( I

/ ) = % is the multinomial coefficient. In particular, for D =2,

n

2n _1—2n (Zn)‘
prO.0=4 ,;(k!ﬂ((n—k)!)z

n 2
=26 -6 0))
nje= k) \n—k n
Note that in the last step, we used a simple combinatorial identity that follows,

e.g., by the convolution formula (b, * by, p)({n}) = b2y, ({n}). Now, by Stirling’s
formula,

2n 1
: —2n _
nlglgo Vn2 (n ) U

hence lim,,_monpz” 0,0) = % In particular, we have Zf’ozl p2” (0,0) = oco. That
is, two-dimensional symmetric simple random walk is recurrent.

For D > 3, the sum over the multinomial coefficients cannot be computed in
a satisfactory way. However, it is not too hard to give an estimate that shows
that there exists a ¢ = c¢p such that p>(0, 0) < cn~P/?, which implies G(0, 0) <
CZZo:] n~P/2 < 5o (see, e.g., [53, p. 361] or [59, Example 6.31]). Here, however,
we follow a different route.

Things would be easy if the individual coordinates of the chain were independent
one-dimensional random walks. In this case, the probability that at time 2n all coor-
dinates are zero would be the Dth power of the probability that the first coordinate
is zero. For one coordinate, however, which moves only with probability 1/D and
thus has variance 1/D, the probability of being back at the origin at time 2n is ap-
proximately (n7r/D)~'/2. Up to a factor, we would thus get (17.18) without using
the multidimensional local central limit theorem.

An elegant way to decouple the coordinates is to pass from discrete time to con-
tinuous time in such a way that the individual coordinates become independent but
such that the Green function remains unchanged.

We give the details. Let (Tti) >0, i =1, ..., D be independent Poisson processes
with rate 1/D. Let Z L ...ZP be independent (and independent of the Poisson
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processes) symmetric simple random walks on Z. Define T := T '+ ...+ TP,
Y} = ZlTi fori=1,...,D and let Y; = (Ytl, e Y,D). Then Y is a Markov chain
t

in continuous time with Q-matrix g(x, y) = p(x,y) — L{x=y}. As T is a Poisson
process with rate 1, (X7;,);>0 is also a Markov process with Q-matrix ¢q. It follows

that (X7,)1>0 2 (Y1)r>0. We now compute

00 oo X
Gy :=/ PolY, =0]dt=/ > Po[Xp, =0, T, =2n]dt
0 0 n=0

o0 00 £2n
= E P> (0, 0)/ e’ dt =G(0,0).
~ o (Qn)

The two processes (X;),en, and (¥;)se[0,00) thus have the same Green function. As
the coordinates of Y are independent, we have

*© D
Gy:/ Po[Y! =0]" dr.
0

Hence we only have to compute the asymptotics of PO[YZ1 = 0] for large r. We
can argue as follows. By the law of large numbers, we have Tt1 ~t/D for large t.
Furthermore, PO[Y,1 is even] ~ % Hence we have, with n; = [¢t/2D] for t — o0
(compare Exercise 17.5.2),

1 1/2
Po[Y,) =0] ~ EP[zgnt =0]= 5(2’)4—“ ~Qr/D) V212 (17.21)

Since floot"" dt < oo if and only if @ > 1, we also have Gy < oo if and only if
D > 2. However, this is the statement of P6lya’s theorem.

Finally, we present a third method of studying recurrence and transience of ran-
dom walks that does not rely on the Euclidean properties of the integer lattice but
rather on the Fourier inversion formula.

First consider a general (discrete time) irreducible random walk with transition
matrix p on ZP. By ¢ (1) =Y, .0 ¢'"¥ p(0, x) denote the characteristic function
of a single transition. The convolution of the transition probabilities translates into
powers of the characteristic function; hence

P ()= &"Ip"(0,x).
xeZP
By the Fourier inversion formula (Theorem 15.10), we recover the n-step transition

probabilities from ¢” by

"0, x) = (Zn)_D/ e X M (1) dt.

[~m,7)P
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In particular, for A € (0, 1),

o0
Ry = _2"p"(0,0)
n=0

=@mn)? Z/[ A" (1) d1
n=0

—JT,H)D

) 1
= (2m) / —dt.
[—zmP 1 — A (1)

= (2N)*D/ Re<;> dr.
[—7,7)P 1 —2p(@)

Now G (0, 0) =lim, 41 R), and hence

1
X isrecurrent <= lim Re(—) dt = o0. (17.22)
ML S m)D 1 =21 (1)

If we had ¢(¢) = 1 for some ¢ € (-2, 27)P \ {0}, then we would have ¢"(¢t) =1
for every n € N and hence, by Exercise 15.2.1, Po[(X,,,t/(2m)) € Z] = 1. Thus X
would not be irreducible contradicting the assumption. Due to the continuity of ¢
for all £ > 0, we thus have

inf{l¢(1) — 1] : 1 € [, 1)\ (—e, &)P} > 0.
We summarize the discussion in a theorem due to Chung and Fuchs [26].

Theorem 17.41 (Chung—Fuchs (1951) [26]) An irreducible random walk on 7P
with characteristic function ¢ is recurrent if and only if, for every ¢ > 0,

1
lim Re(i) dt = 0. (17.23)
M1 J (—g,e)D 1 —2x¢(1)

Now consider symmetric simple random walk. Here ¢ (1) = % Zi’;l cos(t;). Ex-
panding the cosine function in a Taylor series, we get cos(f;) = 1 — %tl-z + 0(tl.4);
hence 1 — ¢ (1) = 5511113 + O(ll£]13). We infer that X is recurrent if and only if
f” tla<e el 2dt = c0. We compute this integral in polar coordinates (with Cp the

surface of the unit sphere in RP):

£
/ ||z||;2dz=cD/rD—1r—2dr=oo — D<2.
lltlla<e 0

Hence, X is recurrent if and only if D < 2.

In Section 19.3, we will encounter a further method of proving Pélya’s theorem
that has a completely different structure and that is based on the connection between
Markov chains and electrical networks.
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In fact, the Chung—Fuchs theorem can be used to compute the numerical values
of the Green function Gp(0,0) of symmetric simple random walk on Z” if we
compute numerically the so-called Watson integral

D

_ -D
Gp(0.0) =@2m) /[ xmyP D — (cos(xy) + ... +cos(xp)) dx. (17.24)

For this purpose, we follow [80] (where there are further refinements of the method)
to transform the D-fold integral into a double integral. Denote by

1 e
Io(t) == — / '@ dp
T Jo

the so-called modified Bessel function of the first kind. Using the identity % =
f0°° e~* dt for the integrand and applying Fubini’s theorem, we get

GD(O, 0) — D /ooe—Dt / et(cos(x1)+‘..+cos(xu)) dx ) dt
@2m)P Jo [—7,7)P

and thus
o
Gp(0, O):D/ e P Io(n)P dr. (17.25)
0

The right-hand side of (17.25) can quickly be computed numerically with great
accuracy (see Table 17.1).
For the case D = 3, Watson [168] found the expression

18+12ﬁ—10¢§—7J6K((2_ﬁ)(ﬁ_ﬁ))2

G3(0,0) = 12 -
T

where K (m) = fol (1 =3 (1 —mt?)~ Y2 dr is the complete elliptic integral of the
first kind with modulus m € (—1, 1). This in turn can be expressed as a (quickly

convergent) series
_7(, en!\? ,
K (m) = 2( +Z<4n(m)2) )

Glasser and Zucker [61] found an expression as a product of four Gamma functions,

63(0,0)=£r I\ (2 (L) r (L) = 1.5163860591519780181 ...
373 \24) \24)" \24)" \24

Exercise 17.5.1 For n € No, let p" be the matrix of n-step transition probabilities
of simple symmetric random walk on ZP . For n € N, derive the formula (see Theo-
rem 15.10)

p2(0,0) = (Zn)_D/ D~ (cos(tl) +...+ cos(tD))zn dt
[-m.m)P
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Table 17.1 Green function G p (0, 0) and return probability Fp (0, 0) of simple symmetric random

walk on ZP. The numerical computations are based on (17.25)

D Gp(0,0) Fp(0,0)
2 [e9) 1
3 1.51638605915 0.34053732955
4 1.23946712185 0.19320167322
5 1.15630812484 0.13517860982
6 1.11696337322 0.10471549562
7 1.09390631559 0.08584493411
8 1.07864701202 0.07291264996
9 1.06774608638 0.06344774965
10 1.05954374789 0.05619753597
11 1.05313615291 0.05045515982
12 1.04798637482 0.04578912090
13 1.04375406289 0.04191989708
14 1.04021240323 0.03865787709
15 1.03720412092 0.03586962312
16 1.03461657857 0.03345836447
17 1.03236691238 0.03135214040
18 1.03039276285 0.02949628913
19 1.02864627888 0.02784852234
20 1.02709011674 0.02637559869

n—oo

By a suitable bound for the integral, conclude the convergence n?/?p?"(0,0) —
2(47 /D)~ P/? (see (17.18)).

Exercise 17.5.2 Show (17.21) formally.

Exercise 17.5.3 Use Theorem 17.41 to show that a random walk on ZZ? with
> cez2 xp(0,x) =0 is recurrent if Y, 2 lx[|5p(0, x) < oo.

Exercise 17.5.4 Use Theorem 17.41 to show that, for D > 3 every irreducible ran-
dom walk on ZP is transient.

Exercise 17.5.5 Show (17.25) for G p (0, 0) directly with the pZ” (0, 0) from (17.20)
and using the representation of Io(¢) as the series Io(t) = Z,fio(k!)_z(t / 2)k.

17.6 Invariant Distributions

In the following, let p be a stochastic matrix on the discrete space E and let
(Xn)nen, be a corresponding Markov chain.

This section is devoted to the question: Which distributions are preserved under
the dynamics of the Markov chain? Of course, often the chain will not stay put in a
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specific state but the distribution of the random state of the chain might nevertheless
be the same for all times. If such an invariant distribution exists, we will see in
Chapter 18 that under rather weak conditions, the distribution of a Markov chain
(started in an arbitrary state) converges in the large time limit to such an invariant
distribution.

Definition 17.42 If 1 is a measure on E and f : E — R is a map, then we write

up(xh) =3 cp n{yPDp(y,x) and pf (x) =3 g p(x, ) f(¥) if the sums con-
verge.

Definition 17.43

(i) A o-finite measure w on E is called an invariant measure if
WP = i4.

A probability measure that is an invariant measure is called an invariant distri-
bution. Denote by Z the set of invariant distributions.

(i) A function f : E — R is called subharmonic if pf exists and if f < pf.
f is called superharmonic if f > pf and harmonic if f = pf.

Remark 17.44 In the terminology of linear algebra, an invariant measure is a left
eigenvector of p corresponding to the eigenvalue 1. A harmonic function is a right
eigenvector corresponding to the eigenvalue 1. O

Lemma 17.45 If f is bounded and (sub-, super-) harmonic, then (f(X,))nen, is a
(sub-, super-) martingale with respect to the filtration ¥ = o (X) generated by X .

Proof Let f be bounded and subharmonic. Then

E[f(X0) | Foct] =Ex, ,[F(XD] =D pXne1, ) F ()

yeE

=pfXn-1) = f(Xn-1). O

Theorem 17.46 If any point is transient, then an invariant distribution does not
exist.

Proof By assumption, G(x,y) = > o2, p"(x,y) < oo for all x,y € E; hence
pr(x,y) "% 0. For every probability measure w on E, we thus have that

up"({x}) 0.1 @ was invariant, however, then we would have up”({x}) =
u({x}) foralln e N. O

Theorem 17.47 Let x be a recurrent state and let ‘L')g =inf{n > 1: X, = x}. Then
one invariant measure [Ly is defined by
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() = [Z Lix,= >}}=ZPx Xy =y, >n].
n=0

Proof First we have to show that u,({y}) < oo for all y € E. For y = x, clearly
Ux({x}) =1.For y # x and F(x,y) =0, we have i, ({y}) =0. Now let y # x and
F(x,y) > 0. As x is recurrent, we have F(x,y) = F(y,x) =1 and y is recurrent
(Theorem 17.35). Let

F(x,y) =P [z > tyl]

Then F (x, ¥) > 0 (otherwise y would not be visited). Changing the roles of x and y,
we also get F(y,x) > 0.
By the strong Markov property (Theorem 17.14), we have

rxl—l Txl—l
1 1
E)[Z 11{xn=y}] =1 +Ey[2 Lix,=y)3 T > Ty:|

n=0 n:r‘],

r—l
=1+ (1-F(y,x)E [Zﬂ{xn y}}

Hence,

1

AR
EY|:Z 1{Xn:y}:| == '
=0 F(y, x)

Therefore,

>

T, —1 T, —1 ~
F ’
{y} |:Z 1ix,= y}j| |:Z Lix,=y): r >T :| Fg,ic); < 0.

1
n T)

Define p,,(x,y) =Pi[Xn =y; 1T ! > n]. Then, for every z € E,
wep(lzd) =D e () p(y, z)—Zan(x nry,2).
yeE n=0yeE

Case I: x # z. In this case,

an(x Np(y,z)= ZP [Xp =y, 1! >n Xpp1 =2]

yeE yeE

=P, [‘L’ >n+ 1 Xpp1 =2] =Py (1, 2).
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Hence (since py(x,z) =0)

wep({E}) =D Pur1 (6, =D Pu(r, ) =D Pux, 2) = i ({2}).
n=0 n=1 n=0

Case 2: x = z. In this case, we have

D PP x) = Po[Xy=yit) >0 Xy =x] =P [t =n+1].
yeE yeE

Thus (since P, [t} =0]=0)

o
pep(ix)) =Y Pufry =n+ 1] = 1= ({x}).
n=0 O
Corollary 17.48 If X is positive recurrent, then w 1= E“[’; T is an invariant distri-

bution for any x € E.
Theorem 17.49 If X is irreducible, then X has at most one invariant distribution.

Remark 17.50

(i) One could in fact show that if X is irreducible and recurrent, then an invariant
measure of X is unique up to a multiplicative factor. However, the proof is a
little more involved. Since we will not need the statement here, we leave its
proof as an exercise (compare Exercise 17.6.6; see also [39, Section 6.5]).

(ii) For transient X, there can be more than one invariant measure. For example,
consider the asymmetric random walk on 7Z that jumps one step to the right
with probability r and one step to the left with probability 1 — r (for some
r € (0, 1)). The invariant measures are the nonnegative linear combinations of
the measures w1 and wy given by ui({x}) =1 and po({x}) = (r/(1 —r))*,
x € Z. X is transient if and only if r # 1/2, in which case we have ©| # u2. ¢

Proof Let m and v be invariant distributions. Choose an arbitrary probability vec-
tor (gn)nen with g, > 0 for all n € N. Define the stochastic matrix p(x, y) =
> o 1 gnP"(x,y). Then p(x,y) > Oforallx,y € Eandwp=m aswellas vp = v.

Consider now the signed measure u = 7 — v. We have up = u. If we had
u # 0, then there would exist (since w(E) = 0) points x1, xo € E with u({x1}) >0
and u({xz}) < 0. Clearly, for every y € E, this would imply |u({x:})p(x1,y) +
pn({x2Hpez, VI < lp(xHplxr, I+ 1e({x2}) p(x2, ¥)1; hence

lepllry =YY n({x) pix, )

yeE'xeE
< 3 Dl [P, vy = Do ()| = el
yeE xeE xeE

Since this is a contradiction, we conclude that p = 0. O
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Recall that Z is the set of invariant distributions of X.

Theorem 17.51 Let X be irreducible. X is positive recurrent if and only if T # (.
In this case, T = {m} with

7 ((x)) =

>0 forallx e E.

x[ E.[t]]

Proof If X is positive recurrent, then Z # ¢J by Corollary 17.48. Now let Z # ¢}
and w € Z. As X is irreducible, we have w({x}) > O for all x € E. Let P, =
> ver T{xPPy. Fix an x € E and for n € N, let

o) =sup{m <n: X, =x}€NyU {—o0}

be the time of last entrance in x before time 7. (Note that this is not a stopping time.)
By the Markov property, for all k < n,

P[0l =k] =P [Xk =X, Xks1 # X, ..o, Xp #X]
=Py [Xir1#x, ..., Xy # x| Xp = x]Pr [ Xz = x]
=7 ((x})Pel X1, ..\ Xng # ]
=n({x})P[t) =n—k+1].

Hence, for every n € Ny (since Py[r; <oo]=1forally € E),

1= P[0} =k]+Pz[o] = —o0]

k=0

7 ({x) ZP [l =n—k+1]+Ps [t} =n+1]

P (1) SOP[e! = K] = (1) B[]

Therefore, E, [‘Cxl] < 00, and thus X is positive recurrent. O

n({x})

Example 17.52 Let (pyx)xen, be numbers in (0, 1] and let X be an irreducible
Markov chain on Ng with transition matrix

DPx» ify=x+41,
px,y)=11—py, ify=0,
0, else.
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If u is an invariant measure, then the equations for up = u read

p({n}) = pa—1pu(fn —13) forn €N,

n({0}) Zu (n})(1 = pa).

Hence we get

w({n}) = ({0} H Pk

and (note that the sum is a telescope sum)

w1 ({0}) = n({0) Z(l—Pn)HPk_ (10} (1—1"[pn)

Hence there exists a nontrivial invariant measure p (that is, «({0}) can be chosen
strictly positive) if and only if [] 2, p, = 0. This, however, is true if and only if
Z:io(l — pn) = 00. Using a Borel-Cantelli argument, it is not hard to show that
this is exactly the condition for recurrence of X.

If u # 0, then u is a finite measure if and only if

oo n—1

M::ank<oo.

n=0k=0

Hence X is positive recurrent if and only if M < oo. In fact, it is not hard to show
that M is the expected time to return to 0; hence the criterion for positive recurrence
could also be deduced by Theorem 17.51.

A necessary condition for M < oo is of course that the series Z —o(1 — pn)
diverge; that is, that X is recurrent. One sufficient condition for M < oo is

00 n—1
Zexp(— - m)) <
n=0 k=0

O

Exercise 17.6.1 Consider the Markov chain from Fig. 17.1 (p. 368). Determine the
set of all invariant distributions. Show that the states 6, 7 and 8 are positive recurrent
and compute the expected first entrance times

17 17 17
Eg[t6] = R E7[r7] = 5 and Eg[tg] = 3

Exercise 17.6.2 Let X = (X;);>0 be a Markov chain on E in continuous time with
Q-matrix g. Show that a probability measure 7 on E is an invariant distribution for
X if and only if erE 7({x}g(x,y)=0forall y € E.
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Exercise 17.6.3 Let G be a countable Abelian group and let p be the transition
matrix of an irreducible random walk X on G. Thatis, we have p(hg, hf) = p(g, f)
for all &, g, f € G. (This generalizes the notion of a random walk on Z”.) Use
Theorem 17.51 to show that X is positive recurrent if and only if G is finite.

Exercise 17.6.4 Let r € [0, 1] and let X be the Markov chain on Ny with transition
matrix (see Fig. 17.2 on p. 369)

1, ifx=0and y=1,
( ) r, ify=x+1>2,
X,y) =
PREY=0 20 ity=x—1,

0, else.

Compute the invariant measure and show the following using Theorem 17.51:

1) Ifr € (0, %), then X is positive recurrent.
@) Ifr = %, then X is null recurrent.
@ii) If r e {O} U (%, 1], then X is transient.

Exercise 17.6.5

(i) Use a direct argument to show that the Markov chain in Example 17.52 is
recurrent if and only if Y > (1 — p,) = c0.
(i) Show that the expected time to return to O is M and infer that the chain is
positive recurrent if and only if M < oo.
(iii) Give examples of sequences (py)yen, such that the chain is (a) transient,
(b) null recurrent, (c) positive recurrent, and (d) positive recurrent but

00 n—1
Zexp(— Z(l — pk)) = 00.
k=0

n=0

Exercise 17.6.6 Let X be irreducible and recurrent. Show that, as claimed in Re-
mark 17.50, the invariant measure is unique up to constant multiples.
Hint: Let m # 0 be an invariant measure for X and abbreviate

P, = Z n({x})Px

xeE

(note that, in general, this need not be a finite measure). Let x, y € E with x # y
and deduce by induction that

n

7((v)) =Px[r! = n Xo#x, Xy =y]+ Y _Pr[t) =k Xo=x, Xy =y].
k=1
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Infer that

7((y) =) Prlr) =k Xo=x, Xp = y] =7 ({(x}) e (1))
k=1

where py is the invariant measure defined in Theorem 17.47. Now use the fact
that wp" = 7 and u,p" = u, for all n € N to conclude that even 7w ({y}) =

7 ({xPDux({y}) holds.

17.7 Stochastic Ordering and Coupling

In many situations, for the comparison of two distributions, it is helpful to construct
a product space such that the two distributions are the marginal distributions but
are not necessarily independent. We first introduce the abstract principle of such
couplings and then give some examples.

There are many concepts to order probability measures on R or R such that the
“larger” one has a greater preference for large values than the “smaller” one. As
one of the most prominent orders we present here the so-called stochastic order and
illustrate its connection with couplings. As an excuse for presenting this section in
a chapter on Markov chains, we fill finally use a simple Markov chain in order to
prove a theorem on the stochastic order of binomial distributions.

Definition 17.53 Let (Eq, &1, 11) and (E», &, 12) be probability spaces. A proba-
bility measure @ on (E1 X E3, &1 ® &) with w(+ x Ez) = py and u(Ey X +) = o
is called a coupling of w1 and us.

Clearly, the product measure 1 = 11 ® (2 is a coupling, but in many situations
there are more interesting ones.

Example 17.54 Let X be a real random variable and let f, g : R — R be monotone
increasing functions with E[ f(X)?] < oo and E[g(X)?] < co. We want to show that
the random variables f(X) and g(X) are nonnegatively correlated.

To this end, let Y be an independent copy of X; that is, a random variable with
Py = Py that is independent of X. Note that E[ f(X)] = E[f(Y)] and E[g(X)] =
E[g(Y)]. For all numbers x, y € R, we have (f(x) — f(¥))(g(x) —g(y)) = 0. Hence

0<E[(f(X)— f(N)(g(X)—g()))]
=E[f(X)g(X)] —E[fXO]|E[sM]+E[f(V)g(¥)] —E[f(V)]E[g(X)]
=2Cov[ f(X), g(X)]. 0

Example 17.55 Let (E, o) be a Polish space. For two probability measures P and
Q on (E, B(E)), denote by K (P, Q) C M|(E x E) the set of all couplings of P
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and Q. The so-called Wasserstein metric on M| (E) is defined by

dw (P, Q) :=inf{/g(x, e(dx, y):pe K (P, Q)}. (17.26)

It can be shown that (this is the Kantorovich—-Rubinstein theorem [84]; see also [37,
pp. 420f£t])

dw(P, Q)= sup{/ fd(P—Q):fe Lipl(E;R)}. (17.27)

Compare this representation of the Wasserstein metric with that of the total variation
norm,

P — Q”TV:SUP{/fd(P — Q) f € LX(E) with || flleo < 1}- (17.28)

In fact, we can also give a definition for the total variation in terms of a coupling:
Let D :={(x, x) : x € E'} be the diagonal in £ x E. Then

|P — Qllry =inf{p((E x E)\ D): ¢ € K(P, Q)}. (17.29)
See [60] for a comparison of different metrics on M (E). O

As an example of a more involved coupling, we quote the following theorem that
is due to Skorohod.

Theorem 17.56 (Skorohod coupling) Let w, 1, (42, . .. be probability measures on

a Polish space E with uy gty w. Then there exists a probability space ($2, A, P)
with random variables X, X1, X2, ... with Px = w and Px, = u, for every n € N

such that X, "Z5° X almost surely.
Proof See, e.g., [83, p. 79]. O
We now come to the concept of stochastic order.

Definition 17.57 Let 1, o € M (RY). We write 11 <g u3 if

[ram= [ sau

for every monotone increasing bounded function f : R? — R. In this case, we say
that w, is stochastically larger than 1.

Evidently, < is a partial order on M (R9). The stochastic order belongs to
the class of so-called integral orders that are defined by the requirement that the
integrals with respect to a certain class of functions (here: monotone increasing
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and bounded) are ordered. Other classes of functions that are often considered are
convex functions or indicator functions on lower or upper orthants.

Let F} and F; be the distribution functions of w1 and uj. Clearly, p©i <g U2
implies Fi(x) > Fp(x) forall x € R?.If d = 1, then both statements are equivalent.
However, for d > 2, the condition F] > F, is weaker than u; <g u. For example,
consider d =2 and

n1= %3(0,0) + %5(1,1) and  wp = %5(1,0) + %5(0,1)-
The partial order defined by the comparison of the distribution functions is called
(lower) orthant order.
For a survey on different orders of probability measures, see, e.g., [120].
The following theorem was shown by Strassen [160] in larger generality for in-
tegral orders.

Theorem 17.58 (Strassen’s theorem) Let
L:={(x1,x) eR! xR : x| <x,}.
Then (11 <g W2 if and only if there is a coupling ¢ of 1 and o with (L) = 1.

Proof Let ¢ be such a coupling. For monotone increasing bounded f : R? — R, we
have f(x1) — f(x2) <0 for every x = (x1,x2) € L; hence [ fdui — [ fdus =
J;(f(x1) — f(x2))e(dx) <0 and thus ;1 <g p2.

Now assume @1 <g p2. We only consider the case d = 1 (see [120, Theo-
rem 3.3.5] for d > 2). Here F((x1,x2)) := min(F;(xy), F2(x2)) defines a distri-
bution function on R x R (see Exercise 1.5.5) that corresponds to a coupling ¢ with
o(L) = 1. A somewhat more explicit representation can be obtained using random
variables. Let U be a random variable that is uniformly distributed on (0, 1). Then

X;=F ' (U):=inf{x eR: Fi(x) > U}

is a real random variable with distribution p; (see proof of Theorem 1.104). Clearly,
we have X| < X, almost surely; that is, P[(X1, X») € L] = 1. Evidently, the distri-
bution function of (X1, X») is F. O

While Strassen’s theorem yields the existence of an abstract coupling, in many
examples a natural coupling can be established and used as a tool for proving, e.g.,
stochastic orders.

Example 17.59 Let n e N and 0 < p; < pp < 1. Let Y1, ..., Y, be independent
random variables that are uniformly distributed on [0, 1]. Define X; = #{k <n :
Yy < pi}, i =1,2. Then X; ~ by p; and X; < X, almost surely. This coupling
shows that b, p; <t bn,p,-

An even simpler coupling can be used to show that by, ,, <g by, for m <n and
p €10, 1]. O
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Theorem 17.60 Letni,ny € Nand py, ps € (0, 1). We have by, p; <st bu,, p, if and
only if

(1—=p)"=1—-p)™ (17.30)
and

ny <no. (17.31)

Proof (The proof follows the exposition in [100, Section 3].)

Since by, p; ({0}) = (1 — p;)™, conditions (17.30) and (17.31) are clearly nec-
essary for by, p, <st bn,,p,. Hence we only have to show sufficiency of the two
conditions.

Assume that (17.30) and (17.31) hold. By Example 17.59, it is enough to consider
the smallest p; that fulfills (17.30). Hence we assume (1 — py)™ = (1 — pp)"2.
Define A := —njlog(l — p1) = —nslog(l — p2). We will construct a binomially
distributed random variable by throwing a Poi, -distributed number 7 of balls in »;
boxes and count the number of nonempty boxes. More precisely, let T ~ Poi; and
let X1, X», ... be independent and uniformly distributed on [0, 1] and independent
of T.ForneN,teNpand/=1,...,n, define

Mug=#{s<t:X;e(U—=1)/n,1/n]}

and the number of nonempty boxes after ¢ balls are thrown:

n
Ny = Zﬂwn,,.»m-
=1

By Theorem 5.35, the random variables M, 1.1, ..., M, T, are independent and
Poi;, /, -distributed. In particular, we have

P[Mn,-,T,I >0]=1- e_)“/"i =p;

and thus Ny, 7 ~ by, p;» 1 = 1,2. Hence it suffices to show that N, 7 <g Ny, 7.
For this in turn it is enough to show

Nyyt <st Nupr forall t € Np. (17.32)
In fact, let f: {0, ..., n} — R be monotone increasing. Then
o0
E[f (N, 1))=Y E[f(Ny )]PIT =1]
=0
o0
<> E[f(Nu,.)|PIT = t]1=E[f (N, 7)]-

Il
o

t

We use an induction argument to show (17.32). For ¢t = 0, the claim holds triv-
ially. Now assume that (17.32) holds for some given ¢ € Ny. We are now at the point
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to use a Markov chain. Note that (for fixed 1), (N, );=o0,1,... is a Markov chain with

yeee

state space {0, ..., n} and transition matrix
k/n, ifl =k,
puk,)=31—k/n, ifl=k+1,
0, otherwise.

We define for k,[ =0, ...,n

n 0, itk <i—1,
hna(k) =" pak, jy=41—k/n, ifk=1-1,
J=l 1, ifk>1—1.

Then P[N, ;+1 > 1] =E[h, (N, ;)] and h, ;(k) is monotone increasing both in
k and in n. Hence by the induction hypothesis, we have

P[an,t—i-l = l] = E[hnl,l(an,t)] < E[hnl,l(an,t)]
< E[hnz,l(an,t)] = P[an,t-‘rl = l]

We conclude that Ny, ;41 <st Ny, :+1 Which completes the induction and the proof

of the theorem. O

Exercise 17.7.1 Use an elementary direct coupling argument to show the claim of
Theorem 17.60 for the case ny/n; € N.

Exercise 17.7.2 For the Poisson distribution, show that
Poiy, < Poiy, <<= A1 =<As.
Exercise 17.7.3 Letn e N, p € (0, 1) and A > 0. Show that

bup<¢Poiy = (1—p)">e™
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