Topics 1n the
Constructive
Theory of
Countable
Markov Chains

G. FAYOLLE
V. A. MALYSHEV
‘M. V. MENSHIKOV



Topics in the Constructive Theory of
Countable Markov Chains



Topics in the Constructive Theory of
Countable Markov Chains

G. Fayolle
INRIA ‘
V.A. Malyshev
INRIA
M.V. Menshikov

Moscow State University

&3 CAMBRIDGE

» UNIVERSITY PRESS




CAMBRIDGE UNIVERSITY PRESS
Cambridge, New York, Melbourne, Madrid, Cape Town, Singapore, Sdo Paulo

Cambridge University Press
The Edinburgh Building, Cambridge CB2 8RU, UK

Published in the United States of America by Cambridge University Press, New York

www.cambridge.org
Information on this title: www.cambridge.org/9780521461979

© Cambridge University Press 1995

This publication is in copyright. Subject to statutory exception
and to the provisions of relevant collective licensing agreements,
no reproduction of any part may take place without the written
permission of Cambridge University Press.

First published 1995
This digitally printed version (with corrections) 2008

A catalogue record for this publication is available from the British Library

ISBN 978-0-521-46197-9 hardback
ISBN 978-0-521-06447-7 paperback



Errata

Contents

page vii
Introduction and history 1
1 Preliminaries 5
1.1  Irreducibility and aperiodicity 6
1.2  Classification 8
1.3 Continuous time 9
1.4  Classical examples 11
1.4.1 Doeblin’s condition 11
1.4.2 Birth and death process 12
1.4.3 The space homogeneous random walk on Z™ 13
2"  General criteria 16
2.1  Criteria involving semi-martingales 16
2.2  Criteria for countable Markov chains 26
3 Explicit construction of Lyapounov functions 33
3.1 Markov chains in a half-strip 33
3.1.1 Generalizations and problems 35
3.2 Random walks in Zf : main definitions and interpretation 37
3.3 Classification of random walks in Zi 39
34  Zero drifts 56
3.5 Jackson networks 62
3.6  Asymptotically small drifts 72
3.7 Stability and invariance principle 76
4 Ideology of induced chains 79
4.1 Second vector field 79
4.2  Classification of paths 82
4.3  Gluing Lyapounov functions together 86
44 Classification in Z3 92



Contents

5 Random walks in two-dimensional complexes
5.1 Introduction and preliminary results

5.2 Random walks on hedgehogs

5.3  Formulation of the main result

5.4  Quasi-deterministic process

5.5  Proof of the ergodicity in theorem 5.3.4

5.6  Proof of the transience

5.7  Proof of the recurrence

5.8  Proof of the non-ergodicity

5.9 Queueing applications

5.10 Remarks and problems

6 Stability

6.1 A necessary and sufficient condition for continuity
6.2 Continuity of stationary probabilities

6.3 Continuity of random walks in Z%

7 Exponential convergence and analyticity
7.1  Analytic Lyapounov families

7.2 Proof of the exponential convergence

7.3  General analyticity theorem
"7.4  Proof of analyticity completed

7.5 Examples of analyticity

Bibliography

Index

98

98
103
104
108
111
114
118
121
123
130

131
131
137
144

148
148
150
157
161
163
165
168



List of errata

- Page 8, Theorem 1.2.1 should be modified as follows:

Theorem 1.2.1 If Q(a,a) = 1 for some a, then Q(B,08) = 1 for all 3.
Similarly, if mag + Mg = 00 for some pair (o, §), then mag + mgy = 00
for all (o, B). u

- Page 8, Definition 1.2.2 should be modified as follows:

Definition 1.2.2  An irreducible aperiodic MC is called
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(ii) non recurrent or transient if Q(a, 8) < 1, for some pair (o, 8);

(ili) positive recurrent or ergodic, if mqg + mga < 0c, at least for one pair

(e, 8);
(iv) null recurrent if Q(a, @) =1 and mqq = o0, at least for one a;
(v) non ergodic if mag = 00, at least for one pair (o, ).

- Page 10, equation (1.9) should be :

P(&0 = 00, -+, &tn = On) = Pao(0)Paga (t1) - - Pap_ran(tn — tnh-1).
- Page 17, the left member of equation (2.3) should be E(Yp41/F, N, )

- Page 21, two lines above inequality (2.20) :
replace E(| Sp — Sn+1|* /Fn) by E(| Sn — Sn+1|* /Fn)-

- Page 28, line 6 from bottom, write

flaj) = P{& = a0, & # a0, 1 <k <v/éo=a;}, j 2 1.

- Page 41, in the statement of theorem 3.3.2 replace “conditions A
and B hold.” by “condition A holds.”

- Page 56, lines 2 and 8 from above, write % < 8 < 1 instead of
1
53 < <1

- Page 56, line 8 from below: replace “Condition B” by “Condition
C".



- Page 59, one line before equation (3.51): “Condition B” should be

“Condition C”.
- Page 64: replace equation (3.60) by the following system (3.60):

o = Wa ’\aﬁ’ a#ﬂ’

Goa =1- z Gap-
a#f

- Page 64, last line : write “go3 = 0” instead of “pog = 0".
— Page 68, 2 line from below: should be

reNBN =0, for N CA,

— Page 72, in the statement of lemma 3.5.10, replace “i € 1,...

by “¢ € {1,...,N}”
- Page 73, equation (3.79) should be

0#2(2:)
K >
[11(1') 2 ) for z B y

- Page 76, the first equation of theorem 3.6.4 should be

v(x) =v+0(|| x || %), for some § >0,

- Page 78, in (ii) of theorem 3.7.4, replace “nullrecurrent” by “null re-

current”

— Page 82, line 6 from above: replace “ng > 0” by “ng > 0” .

- Page 83, lines 3 and 4 from above (under the Figures) : replace “chain”

by “face”.

- Page 86, insert a dot at the end of Equation (4.4) and start the next

sentence by “We” instead of “we”.

- Page 88, third line in the proof of lemma 4.3.3: replace
“o€ ZV \ Bjp," by ‘“ae zy NBg,r,"™

— Page 92, 10 lines from below: the formula should be
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Introduction and history

Introduction

This book differs essentially from the existing monographs on countable
Markov chains. It intends to be, on the one hand, much more construc-
tive than books similar to, for example Chung’s [Chu67] and, on the
other hand, much less constructive than some elementary monographs
on queueing theory, where the emphasis is mainly put on the derivation
of explicit expressions. The method of generating functions, which is
to be sure the most constructive approach, is not included, since the
dimension of the problems it can solve is small (in general < 2). Our
book could equally be called Constructive use of Lyapounov functions
method. Here the term constructive is taken in the sense close to the one
widely accepted in constructive mathematical physics. One can say that
the objects considered have a sufficiently rich structure to be concrete,
although the results may not always be explicit enough, as commonly
understood. Semantically, it is permissible to say that our methods are
more qualitative constructive than quantitative constructive.

The main goal of the book is to provide methods allowing a complete
classification (necessary and sufficient conditions) or, in other words,
allowing us to say when a Markov chain is ergodic, null recurrent or
transient. Moreover, it turns out that, without doing much additional
work, it is possible to study the stability (continuity or even analyticity)
with respect to parameters, the rate of convergence to equilibrium,.. .,
etc. by using the same Lyapounov functions.

Our primary concern with necessary and sufficient conditions is crucial,
since in many cases it is indeed trivial to get explicit necessary or suf-
ficient conditions. Another peculiarity of our approach is that we do
not pursue generalizations, which could be easily done by any expert in
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2 Introduction and history

standard classical probability theory. For example, in many places, we
restrict ourselves to bounded jumps, whenever the formulation would
remain unchanged in the case of unbounded jumps.

The various sections of chapter 1 give only exact definitions and some
results taken from countable Markov chains that we use. To render the
book accessible for the beginner, we also present section 1.4, to demon-
strate the possibilities of perhaps more exact, but also more restrictive,
elementary methods.

In chapter 2, we present the main classification criteria for general count-
able Markov chains, which are needed in the following chapters. Further
far reaching martingale criteria are presented. Also we obtain some
exponential bounds, which imply nice properties for the corresponding
Markov chains.

The rest of the monograph is devoted to the so-called deflected random
walks in ZY. The reader might wonder why random walks in Z¥ are of
primary interest. There are several striking reasons. First, they describe
many networks of practical interest (e.g. see section 3.2) and the meth-
ods presented here could also be useful for more general networks, for
-instance with non-identical customers. Secondly, the problems involved
not only are of probabilistic interest, but they also produce a large store
of examples and, moreover, are closely connected with other branches of
mathematics. In fact the classification problem for random walks in Rf
is a probabilistic version of a well known question in functional analysis
and partial differential equations: When is a multidimensional Toeplitz
(or any general elliptic) operator in Zf invertible? It also has much in
common with the problem of the behaviour of diffusion processes near
non-smooth boundaries of large codimension. The ideas and methods
exhibited here are, in our opinion, useful for attacking problems of very
different nature.

Chapter 3 gives techniques for an explicit geometrical construction of
Lyapounov functions. They apply to random walks in Z’+, as well as
to the famous Jackson networks in Z. The zero drift case in Z2 and
almost zero drift one-dimensional examples of sections 3.6 and 3.7 consti-
tute new directions of development, initiated by Lamperti [Lam60] thirty
years ago. They are directly related to several works of R. Williams and
others [VW85, Wil85].

The central method of induced chains and vector fields is presented in
sections 4.1 and 4.2. In section 4.3, general results pertaining to the



Introduction and history 3

construction of Lyapounov functions in a uniformly bounded number of
steps are given. Using these results, we obtain the complete classification
in Z3.

Completely new phenomena appear in chapter 5: scattering, null recur-
rence for a positive Lebesgue measure in the parameter space, constants
L and M in the simplest situation.

General criteria (some of them using Lyapounov functions), concern-
ing conditions ensuring the continuity of stationary probabilities with
respect to the parameters, are given in chapter 6.

Finally, chapter 7 offers a probabilistic criterion, again using the Lya-
pounov functions and Foster’s theorems, for a family of Markov chains to
be an analytic Lyapounov family. In particular, this property leads to an-
alytic dependence on the parameters, as well as exponential convergence
to equilibrium and exponential decrease of stationary probabilities.

Historical comments

Chapter 1. For the contents of this chapter we refer the reader to any
standard textbooks on countable Markov chains, for example [Chu67,
Kar68].

Chapter 2. The notion of Lyapounov function or test function similar to
the well known Lyapounov functions for ordinary differential equations
goes back to Foster [Fos53], as far as we know. Although his examples
are now trivial, his ideas and criteria for ergodicity and for transience
became basic for later extensions. There exist now many technical gen-
eralizations of these criteria, some of which we give in this chapter. Gen-
eralized Foster criteria for ergodicity were given in [Mal93]. In [Fil89] a
new martingale proof is proposed with an important extension to random
times. We have summarized and simplified all these results in theorems
2.1.1,2.1.2 and 2.1.3. Theorems 2.2.1 and 2.2.2 extend, with new proofs,
results contained in [MSZ78] and [Fos53]. Theorems 2.2.2 and 2.2.3 are
the famous Foster criterion itself, with a slight modification and modern
proofs. Theorem 2.2.6 generalizes some corresponding results of [Mal73]
(given for a.s. uniformly bounded jumps). Theorem 2.2.8 is contained in
[FMM92] and seems to be the unique constructive result allowing us to
prove non-ergodicity by means of non-piecewise-linear Lyapounov func-
tions. Theorems 2.1.1 and 2.1.10 are fundamental tools for proving all

»



4 Introduction and history

criteria we need and they also provide exponential estimates which are
used in various parts of the book.

Chapter 3. Section 3.1 shows an elementary example. The results have
been partially known for 20 years already. The proofs given in the book
are pedagogic. Section 3.2 contains definitions taken from [MM79] and
[Mal93]. Most of the theorems of sections 3.3 to 3.7 are new. The idea
of using quadratic forms and functionals of quadratic forms is original,
and appeared, as far as we know, for the first time in [Fay89, FB88,
FMM92]. They are used in connection with the principle of almost
linearity introduced in [Mal72a).

Chapter 4. Section 4.1, 4.3, 4.4 are taken, with some improvements,
from [MM79]. Section 4.2 is basically contained in [Mal93].

The results of chapter 5 were first published in [FIVM91].

The content of chapters 6 and 7 is a substantial revision of the results
in [MM79).



1

Preliminaries

In sections 1.1, 1.2 and 1.3 of this chapter, we briefly introduce basic
notions and some results borrowed from the theory of discrete time ho-
mogeneous countable Markov chains (MC).

In section 1.4, some well known examples of MCs are given, for which a
complete classification can be obtained by elementary methods: simple
probabilistic arguments in 1.4.1, explicit solution of recurrent equations
in 1.4.2, generating functions in 1.4.3.

It is not our intention to devote a detailed section to the fundamentals
of probability theory, which are presented in a plethora of excellent text-
books. Thus, we only introduce in fact the minimal basic notions and
notation useful for our purpose.

o The events are the subsets of some abstract set 2, which belong to ¥,
the o-algebra defined on €.

e The couple (2, ¥) is a measurable space and the sets belonging to ¥

_are
Y-measurable sets.

e The triple (2, X, u), where u is a positive measure defined on X, is
a measure space. A probability space is a measure space of total
measure 1, i.e. u(X) = 1, and in this case most of the time we shall
write (2, T, P).

o A Y-measurable real-valued function f with domain Q2 is called a
random variable. More generally a random element ¢ with values
in a measurable space (X,B) is a measurable mapping of (22, %, P)
into (X, B). For X = RN or ZV, B being the o-algebra of Borel sets,
we shall speak of random vectors.
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1.1 Irreducibility and aperiodicity
Let A be a denumerable set and P a stochastic (transition) matrix such
that
P= (paﬂ)a,ﬂeA

and, for any a € A, P = (Pag)sca is a probability vector, that is

Y Pap=1, pap20.
BeA :

Definition 1.1.1 The pair (A, P) is called a discrete time homogeneous
Markov chain (MC).

A path w is any sequence
w = (wo, w1, ws, .. .),

where

wiGA,ViZO.

-The path space = AN is the set of all paths and ¥ is the standard
o-algebra generated by the cylinder sets

(ag, 01,...,an)={w:wi=0a;,0<i<n},n>0, a; € A

Occasionally, it will be necessary to consider MC with a fixed initial
distribution. Therefore we give the following

Definition 1.1.2 We call an MC with initial distribution po(a), o € A,
S o po(a) =1,po(a) > 0, a probability measure P defined on (R, X) such
that, for all cylinder sets (ap,ay,...,0n),

P(aO’ ay,...,on) = PO(QO)Paoal -« Pan_1an - (1.1)

The random variable £,(w) = wy, defined on (2, X, P) and taking its
values in A, will be called the value of the chain at time n, or the position
of the chain at time n, etc. We shall simply write &,, ad libitum and
whenever unambiguous; & is called an initial state. If there exists a
sequence a,Qy,...,0n_1 such that paa,Pajay .- Pan_,8 > 0, We shall
write a ~ .

Let us denote by pffﬂ) the k-step transition probabilities, i.e. the elements
of the matrix P*.
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Definition 1.1.3 The point o is called an inessential state of the MC,
iff there exists a point B such that o ~ B but B % . All other states
are called essential.

It is easy to show that, for any initial state and any inessential state c,
there exists a random time N(w) < oo such that &, never equals a for
n > N(w), a.s. We shall write a <= g iff a ~ 8 and 8 ~ a. The
operation ‘<=’ is obviously transitive. Sometimes we shall also say that
a and B communicate.

Definition 1.1.4 An equivalence class with respect to the operation
‘=’ 1is called an essential class. A Markov chain is called irreducible
iff every state can be reached from any other state or, equivalently, if,
and only if, A forms a single class of communicating states, which then
are all essential.

It is not difficult to prove that, for any initial distribution, there exists
N(w) such that all &,’s belong to the same essential class, for n > N(w),
almost surely (a.s.). As we shall be mainly interested in the long run
behaviour of all random processes which will be encountered, from now
on and for the rest of the book, the Markov chain (A, P) will be assumed
to be irreducible.

Choose now a € A. Let ni(a) < na(a) < ... be all the positive inte-
gers for which p(™)(a,a) >0, i=1,2....

Definition 1.1.5 ( Theorem ) Let us denote by d(c) the greatest
common divisor of the ni(a), ¢ > 1. Then d(a) indeed does not depend
on o and is called the period of the (irreducible) chain A. If d =1, the
chain is called aperiodic.

In the sequel, we shall consider only aperiodic chains, but all the the-
ory can easily be transcribed with minor modifications to include the
periodic case. In fact, it suffices to consider &, at embedded instants
n = k + dm, for some fixed k. It is also useful to keep in mind that,
if for some @, pae > 0, then the chain is aperiodic. Unless otherwise
stated, all the chains studied hereafter will be assumed to be irreducible
and aperiodic.
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1.2 Classification
Let o, 8 € A. We define now, forn > 1,
Fnlo, B) = P(&k(w) # B,0 < k < n;&n(w) = B/éo(w) = a),

the probability that the MC first enters into state 8 at time n, given
that it starts from the state a. Then

o0
Qa,8) =Y fa(e,B)
n=1
is the probability that, starting at c, the MC ever visits 3. Accordingly,
o0
Mapg = E nfa(a, B)
n=1

is the mean time of first reaching 8 when starting at a. Clearly mqg = 0o

if Q(e,B) < 1.

Theorem 1.2.1 If Q(e,B) =1 for some pair (e, ), then Q(a,8) =1
for all (a,B). Similarly, if mag + mga = oo for some (a,f), then
" Mag + Mpa = 00, for all (a, B) (in either instance, a and B need not be
distinct). [ |

Definition 1.2.2 An irreducible aperiodic MC is called

(i) recurrent if Q(c,8) =1, at least for one pair (a, B);
(ii) non recurrent or transient if Q(a,8) < 1, Y(a, B);
(iii) positive recurrent or ergodic, if mog+mga < 00, at least for one
pair (o, B);
(iv) null recurrent if Q(e, 3) =1 and mq g = 00, at least for one pair
(e, B).

(v) non ergodic if ma,g =00 , at least for one pair (a, ).

The purpose of the next theorems is to give other useful (equivalent)
criteria for an MC to be ergodic. We consider the equation

m = wP or, equivalently, 75 = Z TaPap (1.2)
[o3

where 7 is the unknown vector

T = (Ta,x € A).
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Theorem 1.2.3 The limits
T (n)
vg—nllm Pop » VBEA, (1.3)

ezist and are independent of the initial state a. Futhermore, when the
MC is non-ergodic, vg =0 , V0.
When the MC is ergodic, then we have

vg >0, ng =1
B
and
Vg =) VaPag ,
a
i.e. the vector v is a probabilistic solution of (1.2). u

Theorem 1.2.4 The following conditions are equivalent:
(i) the MC is ergodic;
(ii) there exists a unique l'-solution of the equation (1.2), up to a
multiplicative factor;
(iii) there exists a unique stationary distribution (74, € A), i.e. a
solution of (1.2) such that 7y > 0, 3 7mq = 1. In this case *
ma>0,Vae A,

and
Mo = nlmpg'g ,VyeA. (1.4)

Theorem 1.2.5 For an ergodic MC, the invariant distribution is given
by

Ta =

, VacA. (1.5)

ax

1.3 Continuous time

Many examples seem more natural in continuous time. Later on we in-
troduce the necessary notation to the extent we need. But we want to
stress immediately that all results concerning the classification in dis-
crete time are automatically transposed into continuous time and vice
versa.
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There are two main definitions of a continuous time homogeneous count-
able MC (the set of states is still denoted by A). In both cases, the
intensity matric H = (A,p) is given by

Aaﬁ 2> 0, « 76 ﬁ )
(1.6)
Xaa ==Y Hap-
B:f#a

For the examples we shall consider, it suffices to assume the existence
of a constant C > 0 such that, for all o, 3,

Paal < C. (1.7)

Then the matrix
oo t"
— _ JHt _ n 7
| pap(t) | = P(t) = e —goH =120, (1.8)
is defined by the convergent series (1.8) .

Definition 1.3.1 The MC &;, with initial distribution p,(0), is defined
- by the following finite-dimensional distributions, forall0 < t; <...<t,:

P(€0 = Qo,. .. »Et.. = an) = pao(o)paoax (tl) -+ -Pan_1an (tﬂ)' (19)

This definition does not depend on the choice of the probability space.
The next one uses a concrete choice. We define €2 to be the set of right-
continuous piecewise constant mappings w : [0,00) = A , i.e. w is given
by a sequence (ao,0),(a1,71),..., such that

w(t) = ay, t € [7,Tis1),70=0,

where 71, 79,..., are the jump times. The measure on 2, corresponding
to the MC (using the standard canonical o-algebra, see for example
[Chu67, GS74]), is defined by the following conditions:

(i) Given ag,ay,..., the random variables 7,41 —7; are mutually in-
dependent and have an exponential distribution with parameters
_)\a;ai;

(ii) ao,a1i,...,0n,..., are distributed as an embedded discrete time

homogeneous MC, with parameters

_ _2as
Pap = (aa)’ (1.10)
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It is easy to show that this measure leads to the finite-dimensional prob-
abilities (1.9). Below we always assume the embedded chain to be irre-
ducible and aperiodic. The classification of such continuous time MCs
reduces to the classification of the corresponding imbedded chain.

1.4 Classical examples

This book is intended to provide general methods to classify Markov
chains in terms of ergodicity, null recurrence or transience. In some
(rare) cases, it is possible to get a complete answer from some elementary
consideration or by finding explicit tractable expressions for Qa.g,mag
or m, defined in preceding sections.

1.4.1 Doeblin’s condition

Take an MC (A, P) satisfying the following simple condition, due to
Doeblin: There exist a finite set Ag, an integer j > 0 and a real number
€ > 0 such that, for all @ € A,

p(j)(a,.Ao) Se€
where

pNa, Ao) = Zp(a)aﬁ

BEAo

It is immediate from theorem 1.2.4 that such Markov chains are ergodic.
Indeed, since

P®a, Ao) = > pl (B, A0) > €, Vk>j , Yac A,
B

we have

def . n . . n
"o ® 3 me= 3 Jimpdy = Jim 3 pcy = Jim p(a Ao) 2e
B

BEAo BE Ao

A direct argument could also be used : at least one point ap € Apy
is entered infinitely often, with a finite mean hitting time. Note that
all irreducible MCs with a finite number of states do satisfy Doeblin’s
condition and, therefore, are ergodic.
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1.4.2 Birth and death process

A birth and death process is an MC with state space Z, , which has the
following transition probabilities:

Pii+1 = Pi , Piji-1=4¢i,

pitg=1,1i>1, pp=1,q0=0.

Let us put
_ o Eﬂ_L
mo=1,m= TR 121,
0o 1 (1.11)
A= Zm , B= .
i=0 i=0 PiTi

Theorem 1.4.1 A birth and death process is
(i) ergodic if, and only if, A < oco;
(ii) null recurrent if, and only if, A= B = oo;
(iii) transient if, and only if B < oo.

Proof: Consider the system of equations for the stationary distribution
{Wi})

T = i1 Pi—1 + Tig1 Git1. (1.12)
It is clear that they have a nonzero unique solution, given by (1.11) up

to a constant factor. So (i) follows from theorem 1.2.3. Equations for
the probabilities y; of ever reaching 0, starting from 1, are

Yi = Pili+1 + qi¥i-1, 1 2 1. (1.13)

It can be easily verified that y(o) 1 is a solution of (1.13), another
solution being given by
n—1

M g, 0 =YL i>1.
yO y YUn pard Piﬂ'i’ =

Hence, the general solution has the form
Y = Co 3 + Cy

If B =00 then y&l) — 00, as n — 00, and the only probabilistic solu-
tion is ys.o), so that the MC is recurrent. If B < oo, there is another
probabilistic solution

yn_1—§ (1)’
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where probabilistic solution means yo=1 and 0 <y, <1,n>1. Let
us note now that any probabilistic solution y; satisfies the equations

o0
Y Bijyi=ui, i=0,1,... (1.14)
3=0
where ﬁ.’j = Pij, for z > 0, ﬁOi = 60.'.
The transition probabilities p;; define a new (reducible) MC having an
absorbing state at 0.
After iterating (1.14), we get

qu Yj =

and, since yo = 1,
ﬁfg) <y
But lim p(") is the probability, for the initial MC, of being absorbed

into 0, starting from . So, if there exists a probabilistic solution with
yi <1 for some ¢, then the MC is transient. |

1.4.3 The space homogeneous random walk on Z™

We shall denote by Z™ the lattice of all integer-valued vectors in the
space R™. The position of the random walk at time n is defined by a
random vector &, € Z™, such that

{ n=a+m+m+...0m, n2>1,
€0=as

where oo € Z™ is a deterministic vector giving the original position of
the particle at time 0, and ng,k > 1, are i.i.d. random vectors with
range Z™.

It is immediate that &, is a discrete time MC, which is, moreover, spa-
tially homogeneous, in the sense that its transition probabilities satisfy

p0ﬁ=g(ﬂ_a) ) Va,ﬂe z )
where we have put
9()=Plm=19) , yeZ™.

We quote only the main results, referring the reader to [GS74] for a
detailed treatment. The classical way of analysing the random walk
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relies on the method of characteristic functions.
Let

F(u) = E[e‘(“-"*)] ,
where u = (uj,ug,...,un) € R™.

For an MC to be irreducible, a well known necessary and sufficient con-
dition (see [GS74]) is that

F(u) #1, for u # 2ra, a € Z™ .
First, note that the random walk is ne\'/er ergodic, as emerges easily
from a translation invariance argument. Secondly, if E(n;) # 0, then

the random walk is transient, as can be seen by using the law of large
numbers.

Theorem 1.4.2 For m > 3, the random walk is always non-recurrent.
It is also non-recurrent if E(m) # 0. If E(m) = 0, then the random
walk is recurrent form = 1. If E(m) =0, E(n?) < oo, then the random
walk is recurrent for m = 2.

Proof : Only the case E(n;) = 0 needs to be considered. We shall
. use the following general criterion for the recurrence of a MC (see for
instance [Kar68, GS74).

Theorem 1.4.3 An irreducible aperiodic MC is recurrent if, and only
if,
Zp(") =00, for some i, and then for all i. [ ]

We do not use the criterion of theorem 1.4.3 in the sequel. We simply
quote that, in the convergent case,

(ﬂ)_
Ep 1-QG,i)

Hence, for the random walk to be recurrent, it is necessary and sufficient

to have
G=3 9" =
n20

where g(™)(.) denotes the n-th iterate of the probability distribution
function g(-) defined above. The following equality holds:

G=I1limR(2),0<2<1,
z11
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where
' du
- (n) - n n
R(z) r;)g (0)=" on )mZ/ F™(u)2"du = (271')"‘/01—zF( K
and D = {u:|u; |<mi=1,...,m}. Since z is real, we get
- -1
G =limr 2,,)", / Re[l — 2F(u)]"'du .

This shows that the boundedness of G is equivalent to the convergence
of the above integral and the theorem is proved. n



2

General criteria

In this chapter we present and prove several general criteria, which are
constantly used throughout the book. En passant, it is worth mentioning
that:

(i) some other criteria exist [Szp90], which in fact we could not ef-
fectively use for our constructive problems, so that we shall not
discuss them;

(ii) although martingale or Lyapounov function ideology is indispens-
able and could be perceived as fundamental for such criteria, we
realize that some deeper meta-theory for producing such criteria
might well exist too.

2.1 Criteria involving semi-martingales

Let (Q2, F, P) be a given probability space and {F,,n > 0} an increasing
family of o-algebras Fo C F1 C ... C F, C ... C F. Let {S;,i > 0}
be a sequence of real non negative random variables, such that S; is
F;-measurable, Vi > 0. Moreover, Sy will be taken constant. Denote
by 7 the F,-stopping time representing the epoch of the first entry into
[0,C], i.e. T(w) =inf{n > 1 : Sp(w) < C}. Introduce the stopped
sequence S'n = Spar, Where

n, ifn<7,
nAT = .
T, ifn>71.

We also use the classical notation for the indicator function

1, = 1, if Ais true,
A= 1 0, otherwise.

16
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Theorem 2.1.1 Assume that So > C and, for somee >0 and alln > 0,
E(Snt+1/Fn) € S — €l(s5n} a.s. (2.1)
Then
So

E(1) < - <00. (2.2)

Proof : Taking expectation in (2.1) yields

E(Sn+1 - 8,) < —€P(1 > n)

and, by summing over n and taking into account S; > 0,

n

0 < E(Snt1) < =€) P(r>4)+ S0,
=0

which implies

n So

E(r):nlggoZP(wz) <= <.

i=0
This proves the theorem. n
Now we shall formulate and prove a theorem which generalizes theo-
rem 2.1 and will be an important instrument in the investigation of
the ergodicity of random walks in Z7%. Let {N;,i > 1} be an increas-
ing sequence of stopping times of S,, i.e. {N;=n} € F,, for all n
and 1, and such that Ng =0, N; — N;_; > 1, as. Vi > 1. Introduce

Yo =S80, Yi= SN, , t 21, the stopping time
o=inf{i>1:Y, <C},

and the stopped sequences Y = Yi o, N" =Nijo,121.

Theorem 2.1.2 Assume S > C and, for some e >0 and alln > 0,
E(Yat1/FN,) S Yo = € E(Npiy — No/Fg ), as. (2.3)
Then
So
E(1) < — (2.4)
Proof : It follows from (2.3) that

E(Y: - Yio1) = B[E(Y: — Yie1/Fy,_)]

S —€E(N,' - Ng-l) .
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Consequently,

E(Ya) <~ [E(N:) ~ E(Ni-1)] + So

i=1

= —€¢E(N,)+So . (2.5)

Since ¥, > 0 a.s., we obtain from (2.5)

E(N,) < % , V\n>1. (2.6)

Thus, as follows from theorem 2.1.1, E(0) < co. Since Nj is pointwise
increasing with respect to i, we get, using the monotone convergence
theorem and (2.6),

E(N,) = E(Jim Nayo) = lim E(Nas) S 2. (27)
Also, for any sample path Sp, Sy,...,S;,..., it is immediate that
7< N, as.
’ Consequently
E(1t) < E(N,) < §€2 < oo, (2.8)
which proves (2.4) and the theorem. ]

Theorem 2.1.3 Suppose Sg > C and, for n > 1 and some positive real
M,

E(Sn/Fn-1) 2 Sn-1, a.s., (2.9)
E(| S0 =8n-1|/Fa-1) €M as. (2.10)
Then E(7) = co. (Here the S,, ’s are not necessarily positive.)
Proof : For all £ > 1, we get from (2.10)
E(| Sk — Sk-11) = E[E(| Sk — Sk-1] /Fe-1)] S MP(r > k- 1) .

Thus, for any n,l, such that 1 <! < n,

E(5 -5 =E Y Ge-5-0l1< Y E(ISk~5k1)
k=l+1 k=l+1
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n

<M ) P(r>k), (2.11)
k=l+1
whence, immediately,
E(|S. )< MY P(r>k)+So. (2.12)
k=0

Assume E(7) < co. Then, from (2.11), (2.12) and Cauchy’s criterion, it
follows that S, is a submartingale converging almost surely (a.s) in L.
[The convergence a.s. is here obvious since, by hypothesis, P(T < o0) =
1 and thus S, = Spar S;]. Thus we have

E(S;) = nlLr{.loE(Svn) 2 E(So) -

But, from the very definition of 7, E(S,) < C, which yields a contra-
diction. Hence E(7) = oo and the proof of theorem 2.3 is concluded.
n

Theorem 2.1.4 Let {H,,n > 0} be a martingale belonging to L*,
1 < a <2, where Hy =0 and {B,,n > 0} denotes the increasing pro-
cess associated to Doob’s decomposition of |Hy|* = Uy + By, Uy being

a martingale. Then

(i) the martingale {Hy,,n > 0} converges almost surely in L* to a
finite limit on the event {Bx < 00} ;
(ii) #f E(Bxo) < 00, then the martingale {Hy,n > 0} converges in
Le.
Moreover, when a = 2, E(sup,,>q H?) < 4E(Bw). ]

For a = 2, this theorem appears for instance in Neveu [Nev72]. The
extension to the case 1 < a < 2 is obtained, first, by using the following
classical inequality, valid for any positive submartingale {X,,n > 0} and
any p > 1,

P

Il sup Xn llp < sup || X |lp,
n pP- 1 x
and, secondly, by introducing an estimate analogous to the one derived
from (2.17) in the forthcoming Lemma 2.1.6. |

Theorem 2.1.5 If, foralln>1and a,1 <a <2,
E[Sni1— 8a/Fa] £0 as., (2.13)

E[|Sns1 = 8n | /Fal <M as., (2.14)
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E(r) < o0,
then
-~ Ll
S = 82, (2.15)

Before proving theorem 2.1.5, let us formulate the following lemma which
is of independent interest.

Lemma 2.1.8 If the conditions (2.13), (2.14) hold and E(7) < oo
then

’

sup B(8§2) < o0 Vo, 1 <a<2. (2.16)
n

Proof : Define - - -
ASn = On4l — Sn .

The following estimate applies, from Taylor’s formula:
82,1 — 55 = aA8,(5n + 6.08,)° 7, (2.17)

where 0 < 6, < 1, Vn > 0. The right-hand side member of (2.17) can
now be rewritten as

a8 1AG, + a8o-1AS, [(1 + on;s_sn)a_l - 1]
< a8 'AS, + a| AS, |,
where we have used the elementary inequalities
[14+v|9< 1+, |[1-v|T>1-27 , Vq,0<q¢<1, Vo2>0.

Thus taking conditional expectation in (2.17) and using (2.13) and
(2.14), we get
E(82,, - 82/Fal S aM 1(75n) as., (2.18)

and, hence,

E(S2,,) <aM P(r>k)+ 55 < aME(T) + S§ .
+1
k=0

The finiteness of E(r) yields (2.16) and lemma 2.1.6 is proved. a

Proof of theorem 2.1.5 {5',,} is a positive finite supermartingale.
Therefore, using Doob’s decomposition, we have S, = M,, — Ay, where
M,, is a positive martingale and A,, is an increasing predictable sequence.
Let us prove in fact that

Mn = Mn/\r [} An = An/\r ’
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i.e. M, and A,, are stopped sequences with respect to 7.
Now, from the very definition of S,, , we have on {T < n},

My — Ap = Mpy1 — Any1 = Sy,
or, equivalently,
(Mn = Mut1)lr<n) = (An — Ant1)1{r<n} (2.19)
It follows from (2.19) that

E((An — Ant1)lirn}/Fn) = E((Mn = Mnt1)1{r<n}/Fn)
1r<n} E((Mn — Myi1)/Fn) =0.

But (An — Any1)1{r<n} is measurable with respect to F;,, so that
(An — Ans1)l{z<n) =0 as.

It follows also from (2.19) that (M, — My 41)1{;<n} =0 a.s. Thus M,
and A,, are stopped sequences, as asserted above. The next step consists

in showing the uniform boundedness of the sequences | A,,+1 — A, |* and
E(| Mpy1 — M, |* /F,). We know that

Ant1 — An = E(S, = Sny1/Fy), as.
Therefore, using Jensen’s inequality for a € [1, +o00], we have
| Ant1 — An °S E(| Sn = Sa41 |* /Fn) M as.

so that
Any1 — Ap S MYe g, (2.20)
Since
4 Mnyy = Mp=8p41 = Sp+ Angy — An
the triangular inequality for the L*-norm and (2.20) yields

(B( Mass = Mo 1* [FaDY® < (B(| Sngr = 5a | [F)) e
+ Ant1 — An S2M/°,
whence
E(| Mpy1 — My |* /Fr) <2°M . (2.21)
Applying now lemma 2.1.6 to the martingale M,,, we have

sup E(M;) < oo. (2.22)
n
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Then, using the uniform boundedness of E(MZ) and theorem 2.1.4, it
follows that

M, 5 M, .

Since A, is an increasing process and 0 < A, < M, as for all n,
Lebesgue’s dominated convergence theorem ensures that

A5 4,

Finally, as S, = M, — Ay, the supermartingale S, converges in L°.
Theorem 2.1.5 is proved. [ ]

Let us assume now that the S; ’s defined above are not necessarily non-
negative and introduce the following random variables:

Yk+1 = Sk+1 = Sk, Tk = Yel{y>b} »
where b is some given constant. Usually the yi’s will be called the the
Jumps of the process {S,}.

Theorem 2.1.7 If there erist a constant b and positive numbers ¢, ,
such that

E(§k+1/Fk) < —€ as., (2.23)
Ye+1 = Sk+1 — Sk <! a.s., (2.24)

then, for any 6, < ¢, there also exist constants D = D(Sg) and §; > 0,
such that, for any n >0,

P(S, > —8;n) < Ce™%" (2.25)
Proof : First, we note that, if (2.23) is satisfied at all, then necessarily
b < 0. Secondly, for all b <0,

n n -

Sn =Zyi+50 < Zgi + 8o =S, .

i=1 i=1

In this case
| % |< max(~b,1) = d

and
P(S, > —6;n) < P(S, > —6;n) .

This simple remark allows us to reduce the case of jumps bounded from
above (but not necessarily from below) to the simpler one, when the
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jumps are bounded in absolute value. Thus it will be assumed throughout
the proof that

and we shall use (2.23) without the tilde symbol. From Chebyshev’s
inequality, we have

n
P(S,>0) = P (Zyk > —so) (2.26)
k=1
= Pt PRMELIEN e~hS0) < ehSo gleh PN vk]
for any h > 0.

Choosing 0 < h < cl-i’ we have

3
M <14 hy + 5(”1/1:)2 ,

which follows from the simple inequality
3 2
e’<1+x+% , lzl<1.

Hence, by (2.23),

3
E[e"”"/.ﬁ-ll < E[l+hy+ §(hyk)2/-7:k—1]

2
< 1—he+3h2d2 , a.s.

Therefore, taking h sufficiently small, we obtain, for some § > 0 and all
k>1,

Ele"*/Fi_i) <e®, as. (2.27)
Hence, from (2.27)
EltXiaw) = B[] ] = BIB([] & /Fa-1)]
k=1 k=1
n—-1 n—1
= E[H etk B(eMn [ Faly)] < e‘éE[H ehve]
k=1 k=1

which yields immediately

Ele® i W) <™,
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After setting K = e*5°, we obtain

P(S, >0) < Ke™%" . (2.28)
Let Z,, = S, + né;, for any fixed §; < ¢, and €y = € — §;. Then
E(Zn)Fn-1] = Zn—1 = E[Sn — Sn—1/Fn-1] + 61 < —€+6; = —€; <0.

(2.29)
It follows from (2.29) that, for some D, 6§, > 0,
P(Z, >0)<De™? , Vn>0,
whence
P(S, > —61n) = P(Z, >0) < De™™% .
The proof of theorem 2.1.7 is concluded. | |

The following theorem is a strenghtening of theorem 2.1.7 in the case of
bounded jumps.

Theorem 2.1.8 Let {N;,i > 1} be a strictly increasing sequence of Fp-
stopping-times, i.e. {N; = n} is F,-measurable and Ny = 0. If for some
d,r,e >0 and alli > 0, the inequalities

|Si — Si—1| < d,
1<N;—Ni_1 <r, (2.30)
E(SN.'/}-N.'-x) < SNi—l —€,

hold with probability 1, then for any 8; < €, there exist constants D =
D(So) and 6§ > 0, such that, for alln >0,

P(S, > —61n) < De™®" . (2.31)
Proof : Let Y; = Sn;, Yo = So. The sequence {Y; , i > 0} satisfies
the assumptions of theorem 2.1.7. Therefore, for any §; < €, there exist
C1,62 > 0, such that, for all i > 0,

P(Y; > —813) < Cre~%* . (2.32)
It follows from (2.32) that there also exist Cy, 63 > 0 such that, for all
i>0,

P(Y; > —61i — dr) < Coe 5 . (2.33)

Consider the event A, = {S, > —6in}. The first two conditions of
(2.30) yield

Anc |J {(Ym>-6im—dr}.

m=(n/r]
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Consequently, taking (2.33) into account, we obtain

P(Sp > —81n) = P(An) < Y P(Ym > —6im —dr)

m=(n/r|

< 02 i e-ﬁgm

m=(n/r]

R

which in turn implies that there exist D and 6 such that
P(S, > —&n) < De™®™ |, ¥n>0.

This proves the theorem. ]

Theorem 2.1.9 Let N;,d,r be as in theorem 2.1.8; assume that, for
some € >0 and all1 > 0,
E[Sn,/FN._,] 2SN._, +€ , as. (2.34)
and
So>C+dr.

Then P(T = 00) > 0.

Proof : It is sufficient to prove that, for some m, there exists v > 0,
such that

a=P((){8>C)) > 7, (2.35)
k=m

for Sg > C + dr . Clearly, we have

q=1—P(D{SkSC})>1—iP(SkSC). (2.36)

k=m k=m

Proceeding along the same lines as in theorems 2.1.7 and 2.1.8, but
reversing the inequalities, we prove the existence of 6 > 0, and a, such
that

P(Sk <C)<ae % | Vk>0.

o]
Since the series Ze'“‘ is convergent, there exist ¥ > 0 and m, such

k=1
that

i P(Sk<C)<1—~. (2.37)

k=m
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The theorem now follows from the inequalities (2.35), (2.36), (2.37). ®

We propose now a result which is, in its nature, similar to theorem 2.1.9,
but assumes merely the lower boundedness of jumps.

Theorem 2.1.10 If there erist a constant b and positive numbers ¢, !
such that

Ye41 = Sk41 =Sk > =l > —00  a.s., (2.38)
and
E(zk+1/Fk) 2 € as. (2.39)
where
2k = Yelyy,<b}
then, for So > C,
P(r=00)>0;
remember that C appears in the definition of 7.

Proof : The line of argument is the same as that used to derive
. theorem 2.1.9 from theorem 2.1.8 and indeed is based on the exponen-
tial estimates obtained in theorem 2.1.7. Therefore, the details will be
omitted. n

2.2 Criteria for countable Markov chains

Let us consider a time homogeneous Markov chain £ with a countable
state space A = {a4,% > 0}. The n-step transition probabilities will be
denoted by pﬁ,':?,,, or, more briefly, by pg.'), with pf; )= pij. L is supposed
to be irreducible and aperiodic. The position of the chain at time n is
£,, as introduced in chapter 1.

Theorem 2.2.1 The Markov chain L is recurrent if, and only if, there
ezist a positive function f(a),a € A, and a finite set A, such that

E[f(ém+1) = f(ém)/&m = ] S0 , Yoy ¢ A, (2.40)
and f(a;) — oo, when j — oco.

Proof: Let 7; the F,-stopping time representing the epoch of first entry
into the set A, given that {o =a; ¢ A, ie.

=inf{n>1:& € A/é = a;} .



2.2 Criteria for countable Markov chains 27
We first prove the if assertion.

Let S, = f(&) and S, = f(€nnr,). Condition (2.40) entails that
{Sn,Fn} is a positive supermartingale, since

E[Snt1/Fa) <S8, as. (2.41)

It is well known that there exists Soo = lim S‘n, almost surely. More-
n—oo
over, from Fatou’s lemma,

E(Sx) < E(So) = So = f(&o) - (2.42)

Suppose the chain is transient. As f(a;) — oo when j — oo, there exist
mg, 6 > 0 and a; € A such that, for any K, we have

P({f(&n) > K} L {&c ¢ AY/So=0u) > 6 , Ym>mo. (243)
But (2.43) yields
E(Sm/€ = a;) > 00, asm — o0, (2.44)
which contradicts (2.42). So the chain is recurrent.

We shall now prove the only if assertion, i.e. the existence of a function
f(a) satisfying (2.40), whenever L is recurrent. The states are now
enumerated by the integers 0,1,2,.... Let L be the Markov chain with
transition probabilities

ﬁOO - 1’

Let £, be the position of £ at time m and denote by wi(n) the probability
that £ ever reaches the set {n,n+1,...}, given that éo =1.

Thus ¢g(n) = 0, Vn > 0 and p;(n) = 1, Vi > n. Moreover, since L is
recurrent, we have

Iinolocp;(.n) =0, Vi>0. (2.45)

Now we construct an increasing sequence of integers {n;,: = 1,2,3,...}
subject to the following conditions:

For any k > 1, we can choose ng, such that o;(ng) < 27k vi<k.

This is possible owing to (2.45). Note, that for fixed n, ¢;(n) is a function
of ¢ and, if we set p(a;) = p;(n), then (2.40) is satisfied for A = ay, i.e.

E[‘P(£m+l) —@(ém)/Em = aj] <0, Vo; # ap.
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Let us now define the function
o o]
flas) = pilme).
k=1

From the definition of ¢;(n) and ng, it follows that Y 3o | ¢;i(nk) < 0o
and f(a;) satisfies (2.40), as does p(a;) = @i(ng). But for any fixed
k, @i(ng) =1 and Y 3o, pi(nk) < 0o, so that il_i‘rcr,lof(a,-) = +o0, by
Fatou’s lemma.

The proof of the theorem is concluded. - [ ]

Theorem 2.2.2 The Markov chain L is transient, if and only if there
exist a positive function f(a),a € A and a set A such that the following
inequalities are fulfilled:

E(f(¢m+1) = f(6m)/&m = ai] <0, Va; ¢ A, (2.46)

flax) < i.’é& f(aj),for at least one ar ¢ A . (2.47)

Proof : The notation is the same as in theorem 2.40. Assume that
(2.46) and (2.47) hold. Then (2.46) yields

E[f(¢ann)] < E[f(&0)] = f(a) -

Suppose the chain not transient. Then P(7x < c0) =1 and

a.s.
§nan, — &n. -

Hence by using Fatou’s lemma, we get

E[f(&n)] < E[f(&0)] £ f(ew) ,

which contradicts (2.47), since &, € A. Thus P(7, = 0o) > 0 and the
chain is transient.

To show that (2.46) and (2.47) are necessary, let us fix some arbitrary
state ao and take A = {ao}. Define the function f(-) as follows:

{ f(a0) =1 )
flaj) = P{f(&)=ao, f(k) # a0, Sk<v/€o=0aj}, 5> 1.
Then, clearly,

E[f(€m+1) = f(ém)/ém = @j] =0, Yo # ao .

Moreover, since the chain is assumed to be transient, f(a;) < 1 =

f (a0) ’ .7 # 0.
The theorem is completely proved. [ ]
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Theorem 2.2.3 (Foster) The Markov chain L is ergodic if and only if
there exist a positive function f(a),a € A, a number € > 0 and a finite
set A € A such that

E[f(€m+l) - f(Em)/Em = aj] < —e, a; ¢ A, (2.48)

E[f(£m+l)/§m = ai] <oo,a;€EA. (249)

Proof : First, let us prove the sufficiency. The notation is the same as
in 2.2.1, but here the F,,-stopping-times

7, = inf{n > 1,&, € A/& = o}
are defined for all o; € A. Let us fix o; ¢ A and define
Sn = f(tn) , Sn = Snar -
Rewriting (2.48) in the equivalent form
E[S’m+1 - §m/§m =aj] < —el(r;>m),a; ¢ A, (2.50)
we can apply theorem 2.1.1 to get immediately

E(r) < f—(:i)- ,foralla; ¢ A. (2.51)
Now, for any ai € A, we have, using (2.51) and (2.49),
E(re) = Z Pki + Z peiE[m + 1]

ai€EA aigA

1
1+ Z piB(1) <1+ z Z prif(a;) < oo .
a;i¢A ai¢A

Thus we have shown that for all a; € A, the mean return time to the
finite set A is finite. This is equivalent to positive recurrence, since it
implies that, for one (and thus for all) ax € A, Mma,a, < 00, according
to the definition given in section 1.1. This shows the if part of the
proposition.

To prove the necessity, we shall construct a function f(-) satisfying (2.48)
and (2.49), assuming that L is ergodic.
Choose A = {ao}, where ay is a fixed state, and define

{ f(a.-)-—-E('ri) , 1>0,
flao) =0.

Then, it is straightforward to check that
E[f(m+1) = f(€m)/Em =il = =1 , Va; # a0,
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which is another way of writing the system
o0
E(‘I’i) = ZPijE(Tj) +1, 1#0.
i=1
Moreover, since mqqq, < 00, We also have
[o o)
) " pojE(r3) < o0,
j=0

which is nothing else but (2.49). The pfoof of the theorem is finished.
[ ]

The next theorem is a generalization of Foster’s theorem, just as theorem
2.1.2 was a generalization of theorem 2.1.1. It will be frequently used in
the rest of the book.

Theorem 2.2.4 The Markov chain L is ergodic if and only if there exist
a positive function f(a),a € A, a number ¢ > 0, a positive integer-
valued function k(a),a € A, and a finite set A, such that the following
inequalities hold:

E[f(Em+k(em)) — f(ém)/ém = ai] < —€k(a), ai ¢ A; (2.52)
E[f(ém+k(em))/ém =ai] <00 , e €A. (2.53)

Proof: Follows directly from theorem 2.1.2 and from the argument used
in theorem 2.2.3. The details are omitted. ]

As an immediate consequence, we have

Corollary 2.2.5 All the conditions of theorem 2.2.4, together with
sup k(a) =k < oo,
a€A

are necessary and sufficient for L to be ergodic. |

Theorem 2.2.8 For an irreducible Markov chain L to be non-ergodic,

it is sufficient that there exist a function f(a),a € A, and constants C
and d such that

() E[f(€m+1) = f(€m)/ém = o] 2 0, for every m, all o € {f(a) >
C}, where the sets {a : f(a) > C} and {a : f(a) < C} are
non-empty;

(ii) E“ f(€m+1) - f(&m) I /gm = a] < d: fo"' every m, Va € A.
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Proof: The random sequence S, = f(£,.), & = constant, f(&) > C,
satisfies the conditions of theorem 2.1.3, with 7 = inf{n > 1 : f(§,) <
C}. Thus E(1) = oo and £ is non-ergodic. a

Theorem 2.2.7 For an irreducible Markov chain L to be transient,
it suffices that there exist a positive function f(a),a € A, a bounded
integer-valued positive function k(a), a € A, and numbers ¢,C > 0,
such that, setting A, = {a : f(a) > C} # 0, the following conditions
hold:
(i) sup k(a) =k < oo;
aEA
(ii) E(f(§m+k(£m)) — f(lm)/Em = i) 2 €, VYm, for all o; € Ac;
(iii) for some d > 0, the inequality | f(ci) — f(aj) | > d implies
pij =0.
Proof : Still denote by 7 the time of first entry of the sequence S, =
f(&) into [0, C]. From condition (ii) above, it is not difficult to see by
induction that there exists &y, such that f(&) = C + dk. We introduce

the random sequence Ny = k(&p), Ni+1 = N; + k(&). Then, condition
(ii) can be rewritten as

E(SNi/SNi—l >C)2 SN.‘—I +e€,

and we are entitled to apply theorem 2.1.9, which yields P(r = o) > 0.
Thus L is transient and the theorem is proved. ]

Theorem 2.2.8 For an irreducible Markov chain L to be null recurrent,
it suffices that there exist two functions f(z) and ¢(z),z € X, and a
finite subset A € X, such that the following conditions hold:
(i) f(x) 20, p(z) 20, Vz e X .
‘(ii) For some positive a,7y, with1 < a <2,

f(z) £ 9lp(2)]*, vz € X .

(iii) lim ¢(z;) = oo and
Ty—00

sup f(z) > sup f(z) .
z¢A zEA
(iv)  (a) E[f(¢n+1) = f(&n)/€n =2] 20, V2 ¢ A ;
(b) Elp(én+1) — P(én)/En =x] <0, Vz g A ;
(c) ig}e E“ ‘p(€n+l) - ‘P(gn) |° /En = x] =C < 00.
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Proof : Let us suppose the existence of f(-) and ¢(-). Conditions (i),
(iii) and (iv)(b) on ¢(z) show immediately, by using theorem 2.2.1, that
L is recurrent. We shall now assume that L is ergodic, in order to get a
contradiction, thus proving the null recurrence. Let us denote

{aﬂ = (p(f,,), bn=f(€n),
T = inf{n>0:6, € A/t ¢ A},

Gn = Gnar, bn =bpar .

Since £ was assumed to be ergodic, E(7) < oco. It will be convenient to
choose & to be a constant and & ¢ A. The set A being finite, we have

sup ¢(z) < oo , sup f(z) < oo.
zEA TEA

Since P(7 < 0o) = 1, there exist two random variables & and b, such
that

5n=f(§n/\-r) E’.B, OSESSUPf(x) .

Moreover, theorem 2.1.5 shows that the random variables a2 are uni-
formly integrable and converge to @ in the L!-sense. Using now condi-
" tion (ii) in the statement of theorem 2.2.8, we get

Bn = f(gn/\'r) < 7&ﬁ .

Thus the family {I;n,n > 0}, dominated by a uniformly integrable
{amily, is also uniformly integrable. This shows that b is the L!-limit of

b, and
lim E(b,) = E(b) < sup f(z). (2.54)

n—00 TEA

On the other hand, condition (iv)(a) shows that b, is a submartingale
and

E[bn/& = 3] > f(§0) = f(as) , Vos ¢ A, ¥n 2 0. (2.55)
Condition (iii) allows us to choose 7 in (2.55), such that
f(a:) > sup f(z) .
TEA
Doing so, we get from the estimate (2.54), which does not depend on
the initial position &,
lim E(ba/€0 = o) < sup f(z) ,
n—oo IGA

and this last inequality contradicts (2.55). Thus necessarily E(7) = oo
and the proof of theorem 2.2.8 is completed. |
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Explicit construction of Lyapounov functions

The simplest idea to come to mind is that, in order to use the criteria of
section 2.2, one must exhibit explicit Lyapounov functions. Fortunately
enough, this can be done for a large number of cases. In this chapter,
we give typical examples where Lyapounov functions can be found and
verified with elementary (but sometimes very tedious) calculations.

In section 3.1, the simplest case is considered, in which, however, arises
the notion of the induced chain, fundamental for chapter 4.

In section 3.2, the main definition of a space homogeneous random walk
in Zf is given. The classification for N = 2 is obtained in sections 3.3
and 3.4.

A special but famous type of random walk in Zi’ is given by Jackson
networks in section 3.5, for which necessary and sufficient conditions of
ergodicity are proved, by constructing explicit Lyapounov functions.

In section 3.6, we examine important one-dimensional examples, when
the drifts are asymptotically zero. The last section 3.7 presents some
results pertaining to the invariance principle.

3.1 Markov chains in a half-strip
Here we consider an MC L, defined on the state space Z; X Z,, Z, =
{1,...,n}. The states are denoted by a = (z,1),z € Z;,i=1,...,n.

Assumption Ay (Homogeneity) For almost all (i.e. except for a finite
number of) points & = (z,1), the transition probabilities from (z,%) to
(z + k, ) do not depend on z and thus can be denoted by p}’.

Assumption A; (Lower boundedness) pij =0, for k < d, for some
d> —00.

33
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We now introduce, albeit in the simplest situation, the new notion of
induced chain, intensively used in the next chapter.

Definition 3.1.1 The induced chain L;,q for the random walk L is a
finite MC, with state space Z,, and governed by the transition probabili-
ties

gij = zPlJ (3.1)
L

Let Ay,..., A, be the essential classes for £;,q4 (Which itself may be not
irreducible). Let £, be the induced MC on A, and let 7;, i € A,, be the
stationary distribution of £,,s=1,...,m.

Let M(i) =3,k pij be the mean jump from the point o = (z,1), for
almost all z.

Define also the mean drift in the z-direction, for s=1,...,m,
M, = Z kwip’;cj = Zm M(3) where 1,3 run over A, .
i,J,k i

We also introduce the following:
. Assumption A; (Boundedness of moments) M(i) < oo for all 1.

Theorem 3.1.2 The following classification holds:
(i) L is ergodic if, and only if, M, <0, Vs ;
(ii) £ is recurrent if, and only if, My <0, Vs.

Proof We consider only the case when all states of the induced chain
L;nq are essential, i.e. m = 1, and then write M = M,, leaving obvious
generalizations to the reader.

(i) First, assume M = 0. We shall prove that this case corresponds to
null recurrence, by finding a function

fla) = f((z,i)) =z + a;,

which satisfies the equalities

ZPaﬁf(ﬁ) — f(a) =0, for almost all . (3.2)
B

For z sufficiently large and a = (z,1), equation (3.2) is thus equivalent
to

Epij(k+aj)—a,~=M(i)+Zqijaj—a,~=O, i=1,...,n. (3.3)
ik J
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This system of equations has a solution if, and only if, the vector
(M(1),...,M(n)) is orthogonal to any solution of the adjoint homo-
geneous system, i.e. when
n
M=) m M(i)=0. (3.4)
i=1
Therefore, the function f(a) satisfies the conditions of theorem 2.2.1,
so that the MC L is recurrent. On the other hand, f(a) satisfies the
conditions of theorem 2.2.6: thus £ is non-ergodic and, consequently, is
null recurrent.
(ii) If M < 0, then we introduce the function f(a) = f((z,1)) =z + a;,
satisfying the inequalities

Epaﬁf(ﬁ) — f(a) < —¢, for some € > 0 and almost all .  (3.5)
B

Now we apply Foster’s criterion of theorem 2.2.3, hence proving the
ergodicity. Note that here the lower boundedness is not needed.
(iii) If M > 0, then we use a function satisfying the inequalities

Zpaﬁf(ﬁ) — f(a) > ¢, for somee >0 and almost all ¢,  (3.6)
B

and the transience follows from theorems 2.2.7 and 2.1.10.
Theorem 3.1.2 is proved. ]

3.1.1 Generalizations and problems

Let A be a denumerable set and consider a Markov chain defined on
the countable state space A X Z and transition probabilities
p((@,n) = (B,m)), homogeneous in the second component, i.e. depend-
ing only on a , 8 and m —n. We assume also that there exists a constant
d < oo, such that p((a,n) = (8,m)) =0, for | m —n |> d. Let us put

M(a)= 3 (m—n)p((e,n) = (B,m)).
(B.m)
We define the induced chain as in (3.1), the quantity M as in (3.4), and

we assume that the induced chain is irreducible, aperiodic and ergodic.
Aset A= AX(Z—-2Z;)C Ax Zis called

(i) positive recurrent, if the mean time of reaching A from any state
(a,n) € Ax Z, n > 0, is finite;
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(ii) recurrent if the probability of reaching A, from any state
(a,n) € AX Z,n >0, is equal to 1;
(iii) transient if the above probability is less than 1.

We have obtained above the complete classification, when A is finite and
the induced chain is irreducible, namely

(a) A is positive recurrent if, and only if, M < 0;
(b) A is recurrent if, and only if, M < 0.

Below, we prove (b) in a more general situation. The reader can show
easily that A is positive recurrent if M < 0. We can formulate the
following

Problem : When is it true that A is not positive recurrent if M = 07

Let &, be an irreducible aperiodic ergodic Markov chain, with countable
state space A, and g(a) be a bounded integer-valued function on .A. Let
T1,73,... be the random times of successive visits to some fixed state 3.
We define
T-1
IT =c+ Zg(ft), c>0.
t=0

Theorem 3.1.3 Under the above conditions, the set A is recurrent for
the chain (€n,Zn+1) if, and only if, M < 0.

Proof Setting n; = zr,,, — Zr,, it is sufficient to prove that E(n;) =0,
when M = 0. To that end, we shall use some results and notation bor-
rowed from [Chu67], sections 1.13 and 1.14, where ,-pgf) is the taboo
probability, starting from the state i, of entering the state j at the k-
th step, without hitting 7 in between. Then the n;’s are i.i.d. random
variables and E[| 7; [] is finite, for all j > 1. Setting ;pj; = m;/m;, we
have

Bm) =Y 9G) i) =Y 9d) ply = Y 9(i) =L =0.
k,j ] F] '

Thus z,, enters 0 a.s. and so does z,, and theorem 3.1.3 is proved. W

Remark The so-called periodic random walk in [Key84] pertains to the
theory of this section. A random walk in Z or Z7 is called periodic, with
period U, if the transition probabilities satisfy

Pap = Pa+U,B+U -
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(On Z7, this property needs to be verified only for « sufficiently large.)
This periodic-random-walk problem can immediately be reduced to that
of the strip Z x {1,...,U} or of Z*+ x {1,...,U}. Note that a result
similar to that of [Key84] was already contained in [Mal72b].

3.2 Random walks in Zf : main definitions and interpretation

Let us consider a discrete time homogeneous Markov chain £ which is
assumed to be irreducible and aperiodic unless otherwise stated. We
introduce the notation which will be ubiquitous in the sequel.
The set of states is Zf = {(21,...,2N) : z; > 0 integers}, pﬁﬁ are the
k-step transition probabilities of £, with pL5 = pag. Also, let

M*(a) = (Mf(a), ..., My(e))

be the vector of mean jumps from the point o in k steps. We shall write

M(a) & M'(a) = 3 (8 - a)pas.
Forany 1 <4 <..<t% <N,k>1, aﬂ}aceof
RY = {(r1,...,7n) : 7 > 0 real}
is, by definition,
BM = A(iy, .. .,ik) =
{(r1y...,rN) i > 0,0 € {i1,...,ik};ri = 0,4 & {41,..., 1k} } .

In spite of a slight ambiguity in the notation, we shall sometimes write
i€ BMNori€ A, wheni € {iy,...,4}. It is important to emphasize that
a face does not include its boundary. Quite naturally, A; C A will mean
exactly BM c BA

We shall frequently consider random walks satisfying the two following
conditions already encountered in section 3.1:

Condition Ao (Mazimal homogeneity) For any A and for all
aEB’\ﬂZ_,A_’ , '

Pap = Pa+apte, Ya € BNZY, VB e Z¥.
Thus we can write pog = p(A; 8 — a).
Condition A; (Boundedness of the jumps)
Pap=0for [a-p|>d,
where d is a strictly positive constant and

Il ll=max; | i |, = (eu, ..., an).
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Condition Ao ensures that pog =0, if B; — a; < —1, for at least one 3.
We define now the first vector field on RY to be constant on any A and
equal to

My =M{a), c€eAN.

Unless otherwise stated, we assume that conditions A; and Ag are in
force.

As an example, consider a class of networks with N queues. All cus-
tomers in the same queue are identical (no types, no marks), so that the
state of the network at time ¢ is completely defined by the vector

a = (nl(t)r .. -an(t))’

where n; is the number of customers in queue 7. One can have various
transitions (including sychronization constraints)

a=(ni(t),...,nn(t)) = B = (n1(t) +41,...,nn(¢) +in),
with respective intensities A,g, yielding different values of the vector
B—oa=(i,...,iN), (3.7

for nonzero A.p’s. For example, in the famous continuous time Jack-
son network, not more than two components of the vector (3.7) can
be different from zero. But in the case of Fork-Join systems, involving
bulk-arrivals and bulk-services (see e.g [BM89, ICB88]), the vector (3.7)
may have up to N nonzero components. As usual, the random walks
corresponding to these systems are defined, for w sufficiently small, by

Pap = wxaﬁ: a# B, Paa=1- zpaﬁ . (3~8)

This class of networks is not sufficient to get ﬁa:‘égitrary random walks
satisfying Ao and A;, because the transition intensities on the faces are
simply restrictions of the transition intensities inside Z_’f (a kind of meta-
continuity). In fact the most general random walk, in the class we have
introduced in this section, can be depicted by a queueing network with
interactions between the nodes, where interaction means that A\, de-
pend also on which nodes of the network are empty, if any. More exactly,
AaB = Aap(A; B — a), which means that A,g is a function of 8 — a and
of the face A to which a belongs. Thus networks with interactions pro-
vide in fact all Markov chains defined on Zf , subject to conditions Ap
and A;. Examples of such networks are given not by Jackson networks,
but for example by Buffered ALOHA, coupled-processors [Szp90, FI179),
..., etc. A new class of networks for data bases will also be considered
in section 5.9.
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3.3 Classification of random walks in Z2

Consider a discrete time homogeneous irreducible and aperiodic MC
L = {&,,n > 0}. Its state space is the lattice in the positive quarter-
plane 22 = {(i,5) : i,j > 0,integers} and it satisfies the recursive
equation

bnt1 = [bn + Onta]t,

where the distribution of 6, depends only on the position of &, in the
following way (mazimal space homogeneity):

Dbij, fork,l?.l,
e _ _ ) pij, fork>1,1=0,
p{0n+l —(l,])/én—(k,l)}— :;’ fork=0, 121’
p?j, fork=1=0.

Moreover we shall make, for the one-step transition probabilities, the
following assumptions:

Condition A (Lower boundedness)

pij =0, if i<-1 orj<-1;
pi; =0, if i<-1 orj<o;
p29=0, if 2<0 orj<-—1.

Condition B (First moment condition)
E[" On+1 " /€n = (k’l)] <C < oo, V(k,l) € Z-2{» )

where || z ||,z € Z2, denotes the euclidean norm and C is an arbitrary
but strictly positive number.

Notation We shall use lower case greek letters «, 8, ... to denote ar-
bitrary points of Z'i, and then p,s will mean the one-step transition
probabilities of the Markov chain £ and a > 0 means

az >0, oy >0, for a = (az,ay) .
Also, from the homogeneity conditions, one can write
Ons1 = (6z,0y), given that &, = (z,y).
Define the vector
M(a) = (Mz(a), My(a))
of the one-step mean jumps (drifts) from the point a. Setting

o= (axaay)’ B= (:B:BMB!I) )
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we have

Mz(a) = Zpaﬂ(ﬂz -og),
B

My(e) = Zpaﬂ(ﬁy —oy).
B

Condition B ensures the existence of M(a), for all « € Z2. By the
homogeneity condition A, only four drift vectors are different from zero:

M, for az,oy >0,
M', for a=(az,0), az >0;
M", for a=(0,ay), ay >0;
My, for a=(0,0).

M(a) =

Remark:

(i) All our results remain valid if a finite number of transition proba-
bilities are arbitrarily modified.

(ii) Given &, = a, the components of 6, might be taken bounded
from below not by —1, but by some arbitrary number —K > —o0,
provided that

First, we keep the maximal homogeneity for the drift vectors M ()
introduced above (i.e. four of them only different);

Secondly, the second moments and the covariance of the one-step
jumps inside Zf_, i.e. from any point a > 0, are kept constant.
These last facts will emerge more clearly in the course of the study.

Theorem 3.3.1 Assume conditions A and B are satisfied.
(a) If Mz <0, M, <0, then the Markov chain L is
(i) ergodic if
{ M M, - MyM,; <0,
MyM; - M M, <0;
(ii) non-ergodic if either
MM, — MyM, >0 or MyM; — M_M,/ >0.
(b) If My 20, M, <0, then the Markov chain L is
(i) ergodic if
M M, — MyM, <0;
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(ii) transient if
MM, — MyM., >0 .

(c) (Case symmetric to case (b)) If My > 0, M, < 0, then the Markov
chain C is

(i) ergodic if

MM, — M M, <90,
(ii) transient if

MM - MM, >0.

(d) If My >0, My >0, Mz + M, > 0, then the Markov chain is
transient.

Assuming also that the jumps are bounded with probability 1, some
stronger results can be derived.

Theorem 3.3.2 Let there exist d > 0, such that || 6, ||< d a.s., for all
n, and assume conditions A and B hold.

(a) If Mz <0, M, <O, then the Markov chain L is
(i) transient if either
MM, - MyM; >0 or MM, — M:M,'>0;
(ii) null recurrent if either

MM}, — MyM}, =0,
M,M! - M, M} <0,

or

MM} — MyM,, <0,
MyM! - MM} =0.

(b) If Mz > 0, M, <0, then the Markov chain L is null recurrent if
MM, — MyM,; =0 .

(c) If Mz <0, M, >0, then the Markov chain L is null recurrent if
MyM; — MM =0.
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Proof of theorem 3.3.1 : Introduce the following real functions on
Zﬁ_:

Q(z,y) = ua?+wvy?+way,
flz,y) = QYz,y),
Af(z,y) = QY z+6;,y+06,) - QY(z,y),

where (z,y) € Zi and u,v,w are unspecified constants, to be prop-
erly chosen later, but subject to the constraints u,v > 0, 4uv > w?, so
that the quadratic form Q is positive definite. First, we shall prove the
ergodicity in the case (a(i)).

Lemma 3.3.3
z[2uE(0;) + wE(6,)] + y[wE(0) + 2vE(6,)]

BlAf(z, )] = ] Ll +oll),
’ (3.9)
where o(1) — 0 as (z? + y?) — co.
Proof
E(Af(z,y)] = E[f(z + 62,y + 6y) — f(z,y)] (3.10)

T 2(2uby + why) + y(why + 208,) + Q(65,8,)\ /2
= f(z,9E[(1+ R )],

Let us write E(Af(z,y)) in the form
E[Af(:l,', y)] = ‘lﬁl(.’l), y) + %(z,y),

where

1/)1(‘7:) y) = E[Af(x’y)l{wz'l-ovlgz}] )
Ya(z,y) = E[Af(z,y)1{6,+6,1>2}]
z being some positive real number.
Take (z,y) such that 22 +y? = D? and z = ¢, D, for ¢, sufficiently small
and D large. Then, for | 8, + 8, |< 2z and sufficiently small €, we have
z(2ub; + why ) + y(wb; + 2v8,) + Q(6,6,)
Q(z,y)

Upon applying now the simple inequality

<l.

(1+t)ﬁ51+ﬁt, for |[t|<land0<B<1,

and taking ¢; < D™* with a > 1/2, it follows that
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vi(z,y) =
f(z'y)E[m(2u0,+w6y)+z;(Qw(0;-;-)2v0 ) +Q(0,6, )1{10=+0,,|<z}] +o(1)
_ El(=(2uf; + w0y’) + y(whs + 206y))1 )6, +6,1<2}]
2f(z,y)
+ E[Qw” ")) 1. +,1553) + o()

Noting that, if E[| € |] = C < oo, for any arbitrary random variable £,
then

E[¢ 1{|5|>z}] = 0o(1) and E[E 1{|€|<z}] <C=z,
we get

zE(2ub; + wb,) + yE(wb, + 2v0,) + o(l)(z+7y)
2f(z,y) f(z,y)

where O(1) represents, as usual, a bounded quantity.
Let us now estimate 1y, (z,y). For fixed u,v,w, €;, there exists a constant
a such that

1/)1(.'5,?/) = +610(1) )

(3.11)

Af(z,y)1{0,+6,1>2} < albz + 0|10, 46,52} -

Hence
Ya(z,y) < aEl|0z + 0y|1(6,40,|>23] = 0(1), as z — 00 . (3.12)
The lemma now follows from the estimates (3.11) and (3.12). |

Let us continue the proof of case (a(i)). Lemma 3.3.3 shows that, if
there exist u,v > 0 and w? < 4uw, such that, for some €3 > 0 and all
(z,y) € Z2 — A, where A is a finite set,

2uE(6. ) +wE(8y) < —e,
wE(0;) + 2vE(8,) < 62,
then, for some D, e > 0 and all (z,y) with 2% + y? > D?, we have

E(Af(z,y)) < —¢. (3.14)

Therefore, when (3.13) holds, the random walk is ergodic, by using theo-
rem 2.2.3 (Foster’s criterion). Let us rewrite inequalities (3.13) in terms
of the drifts on the axes and in the internal part of Z2 .

(3.13)

2u Mz +wM, < —e,
2v My + wM; < —e3,
2u M, + wM,, < e,
2v M) + wM,' < —€3 .

(3.15)
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M M
vA f(x,y) = Ci
M"
M= (Mx, My)
o) >
Fig. 3.3.1
It is easy to show that, if
M, <0,
M, <0,

MM} - MyM!, <0, (3.16)

MyM; — MM/ <0,
then there exist u,v > 0 and w? < 4uw, such that (3.15) is satisfied
for some e > 0, thus proving case a(i). We can give a geometrical

- illustration of this result on Fig. 3.3.1, where inequalities (3.16) hold, so
that the chain is ergodic.

The cases (b(i)) and (c(i)) are analogous to (a(i)). Indeed, if
{ M; >0, { M, <0,
M, <0, or M, >0,
MM, - MyM, <0, MM, — M M,/ <0,
we show that there exist u,v > 0 and w? < 4uw, such that (3.15) holds,
so that the chain is ergodic in both cases. Fig. 3.3.2, shows the situation
corresponding to (b(i)).
Now we shall prove the non-ergodicity in (a(ii)). Assume that
{ M, <0,
M, <0, (3.17)
MM, — MyM, >0.
As shown in Fig 3.3.3, there exists a linear function f(z,y) = az + by,
such that, for all a = (z,y) with az + by > C, we have
fla+ M(a)) > f(a) +¢, forsomeC,e>0,

and the non-ergodicity immediately follows from theorem 2.2.6.
The proof of the transience in (b(ii)), (c(ii)) and (d) is more difficult.
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Fig. 3.3.2 Fig. 3.3.3

In a preliminary step, we shall discuss the principle of local linearity for
random walks with bounded jumps.

Principle of local linearity Let the state space A of a Markov chain
L be a countable subset of RV and the function f, , a € A, be the
restriction of some real function f(z) defined on R"Y. Assume also
fa 2 C > —00 and introduce the sets

D7 ={z: f(z) <e,z € RN} and D} = {z: f(z) > ¢,z € RV} .
Suppose the jumps of £ are bounded, i.e., for any o € A, there exists a
number d, such that

| B—c||>ds implies that p,g =0, VB e A.
If the function f(z) is linear, then it is easy to see that a+M(a)€ Dy

if, and only if,
> pap(fs — fa) < —€. (3.18)

BeA
Analogously, a + M(a) € 'D}L(a) +e if, and only if,
> Paplfs = fa) > €. (3.19)
BeA
Let now f(z) be arbitrary.

Lemma 3.3.4 If a + M(a) € Dy (,y_5, and the condition
inf  sup | f(&)—¢(&)l<e (3.20)
¢ _&GeR™
la—all<da

holds, where inf is taken over all linear functions yp, then ineguality
(8.18) is valid.
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Proof Let ¢(z) be a linear function such that

sup | f(&) — (&) |<e€.
aeRr”
la—ali<da
Then we have the decomposition

> pap(f(B) - f(a))
B

= Pap(wp —¢a) + D _Pap(fp = 08) + I _Pap(¢a — fa) -
5 5 - %

Using (3.21), we can write

|Zpaﬁ(fﬂ -wn)l <e¢ and lzpaﬂ(‘Pa ~fa)| <e.
5 5

Hence

D Paplpp — ¢a) = pla+ M(a)) - p(a)
5

< [pla+ M(a)) - fla+ M(a))]
+[f(e) = p(a)] + [f(a + M(e)) - f(e)]
<e+e—5e=-3¢.

Thus, we obtain from (3.22)
Y Pap(f(B) = f(e) < —¢.

BEA
The proof of lemma 3.3.4 is concluded.

Lemma 3.3.5 Ifa + M(a) € D;(a)+55 and the condition
inf sup | f(&) —p(a)|<e
¢ aeR”

la—all<da
holds, then inequality (3.19) is valid.

The proof of this result mimics completely that of lemma 3.3.4.

(3.21)

(3.22)

It is natural to call the statement of lemmas 3.3.4 and 3.3.5 the princi-
ple of local linearity. Instead of verifying conditions 3.18 and 3.19, this
principle allows us automatically to use smooth level curves, for a Lya-
pounov function transversal to the one-step mean jump vector field. In
many concrete situations, p(&) will be the tangent to the level curve at
the point «, in particular when the level curve behaves as ||a||P ,p < 1.

Proof of case (d) Let us consider first the case of bounded jumps. We
begin with a geometrical construction of the function f(z,y), (z,y) € R%.
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-
X
Fig. 3.3.4

We draw the quarter-circle L of radius 1, tangent to the axes z and y, as
shown in figure 3.3.4. For all points (z,y) belonging to the quarter-circle
L, we put f(x,y) = 1. Then, by scaling, we define the function f(z,y)
in the whole quarter-plane R?,,. More exactly, we put, for (z,y) € L and
allr >0,

flrz,ry) =r.

It is clear that the level curve C corresponding to f(z,y) = ¢ is the circle
of radius ¢ with centre at the point (¢, c). So we can apply the principle
of local linearity to the function f. Hence, for any d,e > 0, there exists
D > 0 such that, for any « € R2,|| a ||> D,
inf sup | f(a) - (@) <k,
¥ &eR”
la—all<d
where inf is taken over all linear functions ¢.
Moreover, it appears that all mean jump vectors (except maybe on the
axes, in the particular situation when M’ or M" points towards the
origin along its respective axis) in the direction of the increasing values
of f(a). Hence, taking D such that, for || & |> D,
@+ M(@) € Dffys.
we obtain, from lemma 3.3.5,

> pap(f(B) - f(@)) > +€ , for | a||>D,agO0zU0y,
BEA

and the transience in the case (d), with bounded jumps, follows from
theorem 2.2.7.
Let us deal now with the case in which jumps are bounded from below,
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f(x,y)=C
yA M
" f(x,y) =0
M
0 .
Fig. 3.3.5

but not from above. We take the same function f(a) = f(z,y) as above
and consider the two sequences of random variables

Ye = f(€k+1) — f(&k) and Zi = Yil(y,<B} -

It is easy to verify that, for B sufficiently large, these sequences satisfy
conditions of theorem 2.1.10, for f(&o) sufficiently large. The case (d) is
thus completely proved.

Cases (b(ii)) and (c(ii)) could be proved in an entirely similar way and
so are left as exercises. The proof of theorem 3.3.1 is complete. ]

Proof of Theorem 3.3.2 : The transience in the case (a(i)) can be
proved as in the case (a(ii)) of theorem 3.3.1 but using theorem 2.2.7.
(1) Consider first the case (a(ii)). The proof of the non-ergodicity is
then rather simple: it is indeed a direct consequence of theorem 2.2.6,
by using the linear function shown in figure 3.3.5. Let us now prove the
recurrence.

Introduce the following real functions, defined on Zi:

Q(z,y) = uz’ + vy’ + way and f(z,y) = log[Q(z,y) +1],

where u,v,w are unspecified constants (to be properly chosen later)
satisfying u,v > 0 and 4uv > w?, so that Q(z,y) shall be a positive
semi-definite quadratic form. We have

E[Af] = E[f(z + 8z, y + 6y)] — f(z,9)
z(2ub; + wby) + y(w0 + 2v8,) + Q(6,6,)
Blogl + = R ]

x[ZuE 6;) + wE(8,)] + y[wE(6;) + 2vE(6,)] + E[Q(6:,6,)]
1+Q(z,y)
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3 E[[z(2ub: + wby) + y(wb + 2v8,) + Q(6z,6,))?]
2(1+ Q(=,y))?

1
+0[m] .
Let us first assume that
{ MM, — MyM, =0,
MM, - M,M;’ <0.

Then we choose the constants u,v,w, to satisfy the system
2uM, +wM, =0,
2uM; + wM, =0,
2uM, + wM; <0,
oM,/ + wM,' < 0.

It turns out that (3.25) is equivalent to the simpler system

uw = _wa', _ _wMy
T oM T oMy ,
20M, 2uM,
- M, < w <- M

T

Put
2
U>0,%=_%+6 2_[%] My

M, v M,

T oM,
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(3.23)

(3.24)

(3.25)

(3.26)

(3.27)

Choosing € > 0 sufficiently small, it follows from (3.27) that (3.25) and
(3.26) are satisfied, together with Q(z,y) > 0, V(z,y) . We shall now

estimate E(Af).

o Assume first y > [, where ! is sufficiently large. From the boundedness

of the jumps it follows that

E[Q(6,6y)) < A ,for some constant A ,
z[2uE(0;) + wE(8,)] = 0,
ylwE(6z) + 2vE(6,)] < —eal, for some €2 > 0.

Hence, for [ sufficiently large, E(Af(z,y)) <0 .
o Let now y < I. Then we have -

E[Q(6:,6,)] z’[4u’E(67) + dwuE(8:6,) + w? E(6})]

BN £ T3 06y 2[1 + Q(a,y))?

1
+o( po 7 )

,w2
—[—uB(6) - wE(6:6,) - (5 ~v)E(@})
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o

Fig. 3.3.6a Fig. 3.3.6b

= u%, (—E[Q(62,6y)] — %(uﬂ — 4uv)E(62)] + 0(512-) . (3.28)

Choosing € small in (3.27) and inserting the corresponding v, w,u into
(3.28), we see that w? — duv — 0, if e = 0, and

E[Q(6:,0,)] > E[(vub; — Vv6,)*] >B >0,

for some B not depending on €. Hence, for sufficiently large z, E(Af) <0.
Finally, when (3.24) holds, we have been able to construct a function
f fulfilling the conditions of theorem 2.2.1, so that the Markov chain is
recurrent.

It is useful to illustrate the above proof geometrically. The equipo-
tential lines of the function f are the ellipses f(z,y) = C, shown in
figure 3.3.6(a). They are tangent to the vectors M’ at the points of the
z-axis and the vectors M and M" point towards their interior.
The case
{ MM, — MyM; =0,
MyM; — M M,' =0,

could be handled along the same lines, although with additional techni-
cal difficulties. In fact, one can show that the function f(z,y) increases
as log(z? + y?), but the level curves would consist of two ellipses, con-
nected by a smooth arc, as depicted in figure 3.3.6(b). To describe the
obstacles in trying to produce a direct approach, as above, we shall
prove the recurrence in a particular case, which requires an additional
(strictly speaking not necessary) assumption, involving a relationship
between second-order quantities.

Choose u, v, w satisfying

(3.29)

w_ _2M,
v>0,v M,
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For these values of u,v,w, which are compatible with (3.29), we set

Q(z,y) = T*(z,y), where T(z,y) = Vuz — oy,
L(z,y) = ax+by, where a and b are positive constants ,

R(z,y) Q(z,y) + L(z,y) and f(z,y) = log[R(z,y)] -

From now on, we take ||z + y|| > D, for D > 0 large enough, and it is
important to note that Q is only positive semi-definite. For any function
g(z,y), we introduce the convenient notation

def
Ag(z,y) = Og = g(z + 05,y +6,) — g(z,y) -
Thus we have

E[AT(z,y)] =0 and E[AL(z,y)] = aE[6;] + bE[6,] .

Hence
E[AR(z,y)] = E[(AT(z,y))? + AL(z,y)]
and
E(Af(z,y)]
_ 2(T?+ L)E[(AT)? + AL] - E[(2TAT + (AT)? + AL)?
B 2R?(z,y)
+o(8[(F) ]
_ 2T2E[(AT)?-AL|+2LE[(AT)?+AL|—4TE[AT(AL+(AT)?)]
- 2R¥(z,y)

52 AR\?
" 2R(z,y) t O(E[(_R—) ]) ’
(We have omitted the argument (z,y) in most of the functions.) It turns
out that the right-hand side of the above equation (in which 62 denotes
a positive quantity uniformly bounded with respect to (z,y)) can be
rendered negative outside a compact set, i.e. for D large enough, if we
assume the condition
¢ { BUAT E(AT"Y)) | B((AT?)
M, My M,

(which is parasitic in the sense that it is not needed in the statement of
the theorem) with an obvious notation (/ refers to the Oz-axis, /# to the
Oy-axis and no prime symbol means the interior of the quarter-plane).

Geometrically, the level curves are here parabolas. The case (a(ii)) is
finished.
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Fig. 3.3.7 Fig. 3.3.8

(2) case b. There are two subcases.

e First, the situation shown in figure 3.3.7. Then the recurrence can be
proved as in case (a(ii)) and the details are left to the reader. On the
other hand, taking

p(a) = p(z,y) = pz +qy, for o= (z,y), withp>0,¢>0,
we can choose p and ¢ so that
(M) = pMz+qMy=0,

e(M') = pM;+qM, =0, (3.30)
o(M") = pM;' +qM} >0.

Thus, p(£,) is a positive submartingale. Hence

Elp(€n+1) | &n = (=,9)] 2 o(z,y)

and theorem 2.2.6 tells us that the chain is non-ergodic and, conse-
quently, is null recurrent.

e Consider now the case of figure 3.3.8. This is a more difficult situation,
which we shall solve by using theorem 2.2.8, together with the principle
of local linearity. Here, it is possible to choose p, g > 0, such that (¢,)
becomes a positive supermartingale and the Markov chain L is recurrent
by theorem 2.2.1. Our goal now is to prove the non-ergodicity.

Define the regions

B

{(z,y)e R2+ﬂ{y<az}} , for some a with 0 < a < 00,

{@v eRin{y2as}}.

For (z,y) € B, we introduce the functional of quadratic form,

BC

flz,y) = (uz® + vy® +ay)’ , (3.31)



8.8 Classification of random walks in Z2 53

where u >0, v >0, 0 < § < 1, and recall the notation

Qz,y) = uz?+wvy’+ay,
AQ(:':, y) = Qz+6:,y+ ey) - Q(z, ) (3-32)
= b2+ 002 + 00, + (y + 2uz)0; + (z + 2vy)b, .

Our purpose is to estimate the quantity

H(z,y) E E[f(Ens1) ~ [(En)/bn = (z,9)] (3.33)
= B((Q(z,3) + AQ(z,9))’ - @(z,y)]

Lemma 3.3.8 There exist §,0 < 6§ < 1 and a constant D such that

H(z,y) = 6Q°"}(z,y)[E(AQ(z,9)) + (6 - 1)O(1) +o(1)]  (3.34)
for all (z,y), such that (z® +y?) > D?, where, as usual, |0(z)| < K|z|
and o(1) tends to zero when D — oo.

Proof : By Taylor’s formula, we have

H(z,y) = SE[AQ(z,v)(Q(z,y) + 7(z,y)AQ(z,y))* ! (3.35)
= 86Q°Y(z,y)[E[AQ(z,y)] + ¥(z,v)], '

where y(z,y) is a random variable such that 0 < y(z,y) < 1.
Note that Q + vyAQ > 0 and

It suffices to prove ¢Y(z,y) = (6§ — 1)O(1) + o(1). In fact, the re-
sult of the lemma is immediate from the definition (3.33), after using
(1 + 2)%~1 = 1)) = (6 = 1)O(2), for z sufficiently small, since, from the
boundedness of the jumps,

x 2
("AQQ((T’«?)))— <A<, ¥(z,y) #(0,0).

The lemma is proved. a

Let us continue the proof of the theorem. From (3.33), it follows that

E[AQ(z,y)]

= zE[2uf; + 0] + yE[2v0, + 0:] + E[Q(0=,6,)] (3.36)
z(2uE(6;) + E(6,)) + y(2vE(8y) + E(6:))

uE(62) + vE(6,)? + E(0:6,) .
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Now we shall find D, u,v > 0, such that

E[AQ(z,y)] > 0, for (z,y) € B and (z? +y%) > D?.

Choose
w = Mo M
M 2My (3.37)
— — z —
v = oM, €,

with e sufficiently small. Then we distinguish two regions:
o First, the set {(z,y) :z >0, y > 0} . Then (3.36) yields

M,
E[AQ(z,9)] = al-3 M+ My +y(-Mz - 2¢My + My)
+uly +vAy + R
—2eyMy +ulz +vAy + R, (3.38)

where
Az = E(8:)%, A\, = E(6,)?, R= E(6,6,) .
o Secondly, the set {(z,y) : >0,y =0} . We obtain now
E[AQ(z,y)] = ul; +vA, + R/, (3.39)
where \, = E(6,)?, Ay = E(6,)%,R' = E(6:6,).

M,
Setting z = —X/Il =tan¢ > 0, we get

T

tan o) E(6;)? tp)E(6y)?
BURRETRY Qg €L L Ch g e

_ %[23(9,)2 +22 E(6:6,) + E(6,)2] — X, .

It follows from Schwartz’s inequality (E(6:6,))? < E(62) E(62), that
Z*E(62) + 22E(0:6,) + E(62) > 0. (3.40)

Thus, using (3.38), (3.39), (3.40) and the assumption M, <0, M; >0,
we can choose € > 0, such that

E[AQ(z,y)] >0, forz>0,y>0.

Moreover, E[AQ(z,y)] grows as a linear function of y.

In figure 3.3.9, we show the level curve Q(z,y) = c. For (z,y) € B, this
curve is an arc of an ellipse. For (z,y) € B°, we draw the circle tangent



8.8 Classification of random walks in Zi 55
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Fig. 3.3.9

to the vertical axis z = 0, which is a smooth continuation of the curve
Q(z,y) = c. The union of these two curves will be denoted by L.

We have shown that for (z,y) ,z > 0, y > 0, the quantity E[AQ(z,y)]
grows linearly in y. So, for sufficiently large c, the vector M, drawn from
the intersection point of L and of the straight line y = az, is oriented in
the direction of the increasing values of Q(z,y) (see figure 3.3.9) and,
therefore, also looks on the same side of L as the points belonging to
the region B°.

Let us construct now the function f defined as follows:

f(z,y) = ¢, for(z,y)eL,
{ Frery) = r2. for(@g)e L r>1. (3.41)

We will prove the existence of §, 0 < § < 1 and D, such that
E[f6(z+01,y+0,,)]—f6(x,y) >0, for (z, y)€Z2+ (22 +y? >D?. (3.42)

First, we will show that, for sufficiently large D and (z,y) : 22+y? > D?,

E(f(z + 65,y +6,)] - f(z,y) >0. (3.43)

For (z,y) € B, f(z,y) = Q(z,y) and (3.43) has already been proved.
For (z,y) € B, inequality (3.43) follows easily from the principle of
local linearity, which yields

E(f'/*(z + 02,y +6,)] - f/*(2,9) 20, for (z,9) €B° . (3.49)

Now using (3.44) and Jensen’s inequality, we can write
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E[f’(z+0: +y+86,)] - f'(z,y) 20,
for all 6, % <6<1,(z,y) € B, anda? + 42 > D?, (3.45)
where D is chosen sufficiently large.
To prove (3.42), if suffices now to apply lemma 3.3.6. In fact (3.34)

shows that, taking 6 close to 1, the sign of H(z,y) is the same as that
of E[AQ(z,y)]. But we have already shown that

E[AQ(z,y)] >0, for (z,y) € B and z? +y? > D?, for some D .

We have finally proved that there exist D > 0 and < 6 < 1, such that
(3.42) holds, for all (z,y) € Z2 N{z? +y? > D?}.

Now we are in a position to apply theorem 2.2.8, remembering that
we are dealing with the case of figure 3.3.8. Then there exist p,q > 0,
such that the function ¢(&,), where ¢(z,y) = px + qy is a positive su-
permartingale, i.e. condition (iv)(b) of theorem 2.2.8 holds. Since the
jumps are bounded, condition (iv)(c) also holds. The following argument
shows that condition (ii) also holds. Indeed, for any fixed u,v,p,q > 0,
there exists d > 0, such that

ur? + vy? 4+ zy < d(pz + qv)? ,
whence,
f(z,y) < di(o(z,y))’ , for some d; > 0.

Since we have shown above that conditions (i) and (iii) were also fulfilled,
null recurrence follows from theorem 2.2.8.
This concludes the proof of case (b) and of theorem 3.3.2. |

3.4 Zero drifts

We consider the Markov chain £ introduced in the previous section, but
satisfying the stronger

Condition B (Second moment condition)
E(ll 6n+1 1I* /én = (k,1)) < B < 00 ,V(k,1) € Z% .

Until recently nothing was precisely known for the case M = 0. In
fact, this problem, in many respects, is of a very different nature. In
particular, intuition does not provide us with any evidence that the
random walk could be ergodic, when M = 0.

There exist at least four methods which would allow us to solve some
particular cases of the problem:
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(1) The analytic approach, as in [FI79, Mal70, Nau89]. Now there
are only some preliminary results into this direction.

(2) The semi-analytic approach, by using well known explicit results
about one-dimensional random walks. For instance, when the
random walk inside the quarter-plane is the composition of two
independent random walks along both axes, then it is easy to
show that the mean time to reach the boundary is infinite, in
which case, for any values of the parameters p};, p};, the chain is
not ergodic if M = 0.

(3) The method of Lyapounov functions. This seems to be the most
general approach and we will use it here.

(4) The approach via diffusion processes. There was a lot of work
done on the same problems for diffusion processes in R2 (see
[RW88, VW85, Wil85]). Their intimate connections with the dis-
crete case will be discussed in a forthcoming monograph.

There is a crucial difference between the cases M # 0 and M = 0: in-
deed, the case M # 0 is in a sense locally linear and M = 0 is locally
quadratic. The local second-order effects are well caught by functionals
of quadratic Lyapounov functions.

For M = 0, we will obtain the ergodicity conditions in terms of the
second moments and the covariance of the one-step jumps inside Zi,

Az = Zizpij y Ay = ijpij yR= zj:ijpij )
ij ij i

and of the angles, anticlockwise oriented, ¢, ¢, shown on figure 3.4.1.
Here ¢, is the angle between M’ and the negative z-axis, ¢, is the angle
between M" and the negative y-axis. Thus, if ¢, # 7/2 and ¢, # 7/2,
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then
/ n

tan ¢, = i ,tan¢, = —M—”’, .
z v

Theorem 3.4.1

(i) If = > § or ¢y > §, then the random walk L is not ergodic.
(ii) If ¢z < § and ¢, < §, then the random walk L is

e ergodic if
MI M
Az tan ¢+, tang,+2R = -/\,M‘,i- ”_ﬁ%+2R < 0; (3.46)
T v :
e non-ergodic if
Aztanoz + Ay tang, + 2R > 0. (3.47)

(iii) If (3.47) holds together with ¢z + ¢, < 7, then the random walk
is null recurrent.

Remark 1 It follows easily from the statement of the theorem that the
mean first entrance time of £ into the boundary, when starting
from some arbitrary point & > 0 at finite distance, is finite (resp.
infinite) if R < 0 (resp. R > 0), since in this case the vectors M’
and M" can be properly chosen to satisfy (3.46) (resp. (3.47)).

Remark 2 1t is clear from the formulation of the theorem that we do
not consider the limiting situation

Az tang; + Ay tang, +2R=0,
which would impose further assumptions of third order.

Proof We introduce the linear function ¢ : R2 — R, such that, for
any v = (z,y),

p(r)=¢(z,y)=pr+qy,p20,g20,p+¢>0.
Lemma 3.4.2 Let p,q¢ > 0, p+ q > 0, be such that the vectors M’ and
M" have the following properties (see figure 3.4.2)

e(M') =pM; +qM, >0,
e(M") =pM; +qM/ > 0.

Then, for all (z,y) € 2%, (z,y) # (0,0),
E[p(ént1)/6n = (z,9)] > @(z,y) , (3.49)

i.e. p(€n) is a positive submartingale.

(3.48)
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8 |

Fig. 3.4.2 Fig. 3.4.3

Proof Immediate by using the linearity of ¢ and the fact that (M, M,)
= (0,0), for z,y > 0. [}

It is simple to check that the conditions of lemma 3.4.2 hold in the case
(i) of theorem 3.4.1. They are also valid when

™ ™ ™
'z o o Pz 2 a0
b < Ty by <3, bt oy 2
which yields
M;Ml',' - M,:M;' <0. (3.50)

Lemma 3.4.3 If the random walk L satisfies the conditions of lemma
8.4.2, then L is not ergodic.

Proof This is a direct consequence of theorem 2.2.6. It is worth men-
tioning that this result holds under the mere assumption, weaker than
condition B,

E(|| 0nt1 |l /én = (z,9)) £C < 00. (3.51)

Consider now the case ¢, + ¢, < /2.

Then we have the property opposite to that of lemma. 3.4.2, since the vec-
tors M’ and M" point now toward the interior of the simplex bounded
by the two positive axes and the line px + qy = C. (see figure 3.4.3).
This means that there exist p > 0 and ¢ > 0, such that the linear func-
tion (p(&,) is now a positive supermartingale. Hence, the random walk
L is recurrent. Our goal is to distinguish between positive and null
recurrence. To that end, we introduce again the quadratic form

Qz,y) = (uz? +vy? +zy) , (z,y) € Z2 ,
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where u and v are positive.
As in the preceding section, the game consists in adjusting » and v to
satisfy the conditions of theorem 2.2.8. Define, for the sake of brevity,

AQ(z,y) = Qz+0zy+6)—Qz,y)
= uf2 +v62 +0:6, + (y + 2uz)b; + (T + 2vy)b, .
(3.52)
Put

K(z,9) € EQ€n1) - Qn)/6n = (z,3)] .
Then
K(z,y) = E[2uf; + 6,] + yE[2v6, + 0;] + E[Q(6,,6,)] .  (3.53)

Since E[Q(8z,6,)] = O(1), ¥(z,y) € Z2, we get from (3.53), after taking
into account the boundary conditions on the axes,

y(2uM) + M) +O(1), z=0,y>0,

Azu+Av+ R, (z,9) >0,
K(z,y)
z(2uM, + M) +0(1), >0,y=0.

Thus, for some € > 0 and some finite subset F € Z",’r, we have

K(:L‘,y) < —¢, V(m’y) ¢ E )
provided that the following system can be satisfied, for some u,v > 0,:

2uM; + M, <0, (3.54)

Azu+AMv+R <0,
oM/ + M;!  <O0.

The inequalities M;' > 0, M;’ <0, M >0, M, <0, show at once that
(3.54) can be satisfied if (3.46) holds, that is

M/ MII
Ay L oM Ff,+2R<0.

Then the remaining conditions of Foster’s criterion (theorem 2.2.3) are
clearly fulfilled and the random walk is ergodic.
In the other case, when (3.47) holds, i.e.

M ! MII

Az — Mz -y M”+2R>0
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one can find u, v > 0, so that

Azu+ v+ R >0,
2uM, + M, >0, (3.55)
oMy + M, >0.

Hence, for some finite subset E C Z2, we have K(z,y) >0, for (z,y) ¢ E.
Consequently, when (3.47) is satisfied, there exist two functions, namely
the quadratic form Q(z,y) and the linear function ¢(z,y), such that,
assuming @z + ¢y < 7, all the conditions of theorem 2.2.8 hold (taking
a = 2 in the statement of this theorem). This shows the null recurrence
part of theorem 3.4.1, which is, by the way, completely proved. ]
The general conditions allowing for separation between transience and
recurrence have been obtained in [AFM]. We simply quote them here,
without proof:

Theorem 3.4.4 The random walk is

(i) recurrent if

MII M;
—)\IFZI —/\y-m-*-?RZO;

(ii) transient if

MII /
A &+2R<O.

Ny Mg

Problems

(1) Find the complete classification in the case

M’ MII
szzﬂyM—z,—zR:o.

(2) Classify random walks in Z3, when M, ,2,33 = 0. In particular

(i) Are there ergodic cases?

(ii) When do the one-dimensional faces play no role in the classi-
fication?
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3.5 Jackson networks

Jackson networks are now classical models for communication networks.
Jackson [Jac63] obtained the famous product form for their stationary
probabilities. Sufficient ergodicity conditions follow from this product
form. The proof of the necessity of these conditions was obtained by
many authors [Afa87, Bor86, Fos89, Pod85]. From the general theory
of countable Markov chains, it follows then that the n-step transition
probabilities converge to stationary probabilities when n — co. But not
much was known about the rate of this convergence. The only result is
exponential convergence under some smallness assumptions in [KKR88].
Here we consider basic Markovian Jackson networks, i.e. with Poisson
arrivals and exponential service times. In this case, these systems are
equivalent to a class of random walks in Z¥, where N is the number
of nodes in a network. The main result of this section is that we give
an explicit construction of Lyapounov functions. They are either almost
linear in the terminology of [Mal72a], or just piecewise linear. Later
on, in chapter 7, we again use this construction to show exponential
convergence to the steady state (whenever it exits) and also analyticity
results. Let us emphasize that we never use Jackson’s product form in
the proofs.

Ergodicity conditions for Jackson networks

Here we recall some well known facts and prove a useful geometric
lemma. We consider an open Jackson network with N nodes. Let
€(t) be the length of the queue at the i-th node at time t. We re-
strict ourselves here to the simplest assumptions: independent Poisson
inputs with parameter A; > 0 for any node ¢, exponential service times
with parameters p; > 0 and FIFO service discipline. After a customer
completes service at the i-th node, he is immediately transferred with
probability p;; to the end of the queue at node j, j = 1,..., N, and,
with probability

n
pio=1- Zpij )
i=1

he leaves the network. It will be convenient (although strictly not nec-
essary) to assume p;; = 0, for all 3.

In other words, we consider a continuous-time random walk L on Zf
with transition intensities Aop, from the state a = (a!,...,a") to the
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state 8 = (B!,...,B"), where

Boi = Ai , if B—a=e,
Aap = Mio=pipio, iff—a=—e
Bij=pipij, ff—a=—-e+ej,for1<i,j<N.

(3.56)
Here e; denotes the vector (0,...,0,1,0,...,0), having its i-th coordi-
nate equal to 1. It is convenient to denote the zero vector by eg. We
recall now Jackson's equations. Assuming a stationary regime, we de-
note by v; the mean number of customers visiting node j and coming
from the outside world or from the other nodes during a unit time inter-
val. Using the law of large numbers, Jackson wrote the following system
of equations (we call it Jackson’s system):

N

Vj=/\j+zuipij, j=1,...,N. (8.57)
i=1

Let us note that these equations can be solved by the iteration scheme

vj = ’\ + E Z Ai Pff) ) (3.58)

k=1 i=1

where
k
I P( ) = P* , P=| Pij ||i,j=0,1,...,N,

and we put p,; =0, 1 £ 0, poo = 1.
The series in the right-hand side of (3.58) converges if

Py <C-eF, (3.59)

for some € > 0, C > 0. For this, it is necessary and sufficient to assume
the classical

Condition J : Starting from any state, the Markov chain with N + 1
states 0,1,..., N, defined by the stochastic matriz P, reaches 0 with a
positive probability (a.s.). '

Thus, we can rewrite (3.58) as

N
v = )‘j +Z’\i m?j ,
i=1
where m . is the mean number of hittings of j, starting from i, in this
ﬁmte-state Markov chain. Then, it is immediate to see that the solution
of (3.57) is unique.
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Theorem 3.5.1 (Jackson). The network is ergodic if, and only if,
Vj < pj forall j=1,...,N .

We will give a new proof of this theorem by means of a geometrical
approach, which is the key point of the study. Later on we also make
use of several results for discrete time Markov chains, borrowed from
chapter 2. It is worth noting that all of them could be easily rewritten
for the continuous time case. To avoid this rewriting, we introduce the
following discrete time random walk L in Zf . Its transition probabilities
are taken to be

PaB = Wa Aaf , (3.60)
for some constants w, satisfying

0 <wa < (D Aap)™".
6

For instance, the choice
Wa = (z Xap)™!
B

yields the natural embedded chain. In fact, it will be more convenient
to choose

wa = w < min (zﬁ: Aap) L. (3.61)

The stationary probabilities 7, of Lo and those 7, of L are the same,
i.e.

T = Ta, (3.62)
so that L is ergodic if, and only if, L is ergodic.

We shall consider the discrete time homogeneous Markov chain L, which
is assumed to be irreducible and aperiodic, unless otherwise stated. The
notation of section 3.2 will be in force. In particular, we recall the
definition of a face: For any A C {1,2,..., N}, the face B of RQ’ is the
set

B ={(r1,...,*N) i1 >0,i€A; r; =0, i ¢ A} .
Obviously the random walk L, which is equivalent to the Jackson net-

work under study, does meet conditions Ag and A; of section 3.2. Here
condition A, is even stronger, since

Pap=0, for |a-pB|>1.
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The first vector field on RY is constant on any B and is equal to
Mr=M(a), a€eAN.

For the Markov chain L, we have the crucial property

Mr=fo+ Y fi, (3.63)
1EA
where
N
fi=w) mij(—ei+e), for i=0,...,N. (3.64)
=0

So, fi represents the contribution of the transition from the i-th node
(including the virtual 0-node). On the other hand, it is clear that the
2N mean jump vectors M, are the vertices of a parallelepiped which we
denote by OII . Its initial point can be taken as fy and the edges drawn
from this point are fi,..., fy. This parallelepiped may be degenerate
if the vectors fi,..., fv are linearly dependent. We shall use below the
following combinatorial criterion of ergodicity, equivalent to Jackson’s
one.

Lemma 3.5.2 The Jackson network is ergodic if, and only if, 1l is not
degenerate and the point 0 € RN is one of its interior points. Moreover,
if the origin does not belong to OII, then this chain is transient.

Proof Consider the following system of equations, with respect to
€1,...,€EN!

foterfi+---+en fn=0. (3.65)
Note that JII is not degenerate if, and only if, this system is not de-
generate. In this case, (3.65) has a unique solution and 0 is an internal

point of A1 if, and only if, 0 < ¢; < 1, fori = 1,..., N. Inserting (3.56),
(3.64) into (3.65), we get

N

N N N
0=fo+ ) &fi = Y Nej+) &) mpij(—ei+e;)
j=1 i=1 =0

N N N
= Z Aje; + Z €ipi|—ei + Zpijej]
=1 ‘ =0

Jj=1
i=1

N

;, N N
j=1 J i=1 Jj=0

—
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N N

= Z()‘j — € pj+ Zéa Hi Pij)ej
i=1 =1
which coincides with (3.57) for ¢; = p; = ii .
i

Thus, when 0 is an interior point of OIl and AII is not degenerate, the
ergodicity follows directly from Jackson’s explicit formulas for the sta-
tionary probabilities but later we shall prove it without using Jackson’s
results. :

Let now 0 lie on the boundary of JII (this includes the case of a degeneér-
ate OII, when OII coincides with its boundary). Assume first that oIl is
not degenerate. Then there exists a hyperplane £ of dimension N — 1
in RV, such that 0 € £ and Il belongs to the closure of one of the two
half-spaces defined by £. Denote this closure by £* and consider the
straight line [/, passing through 0 and perpendicular to £. Let = be the
coordinate on [ which is positive on £L*. For any point o € Rf , let f(a)
be the value of the z-coordinate of the orthogonal projection of a onto
l. Then, since all the MA’s belong to £*, it follows that

Zpapf(ﬁ) — f(a) >0, f(a) > 0 for an infinite number of a € Zf.
B

Consider the sequence of random variables &, £, ... constituting the
chain L, and the corresponding sequence f(&;). Let 7 be the time of
first visit of & to the set {a : f(a) <0} and 7(t) = f(&iar). We have

E[nes1/€e, ..., €] —me 20

It is then well known that E+ = oo, which proves the non-ergodicity by
using theorem 2.1.3.

For a degenerate OII, the proof is the same and, with regard to the
transience, we have, for some € > 0,

Zpapf(ﬂ) — f(a) > €, f(a) >0 for an infinite number of a € Zf .
B

Then the results follows from theorems 2.1.9 and 2.2.7. The lemma 3.5.2
is proved. U]

Geometric construction
Let us recall that OII is the convex hull of the points M, (the ends of
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the vectors M having their origin at 0).
Let a be a fixed point of RY. We define

N
T=T"={a+) B fi:B>0}.

i=1
Hence, I' represents a multidimensional cone (with vertex a) generated
by the vectors f;. It will be convenient to put

I ={a+) B fi:f20},AC{l,...,N},
i€EA
so that
*=TY, Ny

We define the surface '@ of I by
re= |J ra.
A#{1,...,N}
Whenever a = fo , we shall simply write ', s, T'a , etc.

Scaling : We shall denote by ar’, af‘, al'a, a > 1, the respective
scaled geometrical objects, with vertex aa.

Lemma 3.5.3 The set
RY N (al)

s compact for any a > 1.

Proof Let us first note that, if this set is compact for some a, then it is
compact for any a. Hence we can choose a in a convenient way, putting
for instance

a=f0.

We now remark that the ray fo + 8;fi, 0 < B; < 0o, intersects the face
z; =0 of Rf , since f; has its e;-component negative and the others are
positive. From this, the required compactness is readily seen. In fact,
we can rewrite

N N
fo+ Y Bifi=w)_ Cie, (3.66)
i=1 =1

with
N
Ci=X +Y aipi—aj,

i=1
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after having set
o5 = pj By -

Choosing now a ray o; =tr;, r; > 0, t > 0, we see that its intersection
with RY is an interval of finite length, since

N
S0 = 0 +4(Tr-pa) - $r) = 24—t S,
=1

and the coefficient of ¢ is negative. The lemma is proved |

Let us now consider some I's, with | A| = N — 1. This defines an affine
hyperplane Ha (of dimension N — 1) in RN, which subdivides RN into
2 half-spaces I'},['x. We denote by I'} the half-space containing T'.

Lemma 3.5.4 We assume that 0 lies inside OIl and consider an arb:-
trary Ca with |A| = N — 1. Then any vector M+, such that

Ngn, (3.67)
which has its initial point in T'a, lies entirely in T'}.

Proof Let us first show that M, n} has this property for all s,
such that |[A|= N — 1. For this, choose a = —~M{;, .. n}. Let us note
that 0 € OII if, and only if, 0 € {—0I1}. Then the vector M(, _ n}, with
initial point a (which belongs to all I'% simultaneously), has 0 as its final
point and is thus contained in I'}.

Take now e.g. A = {2,...,N} and any A’ such that 1 € A’. Choosing

again
a=-My, . Ny =~fo- Z fi— Z fi,
e i5£0,6¢A
we see that the point
b=a+ z fi
i#0,i¢A’
belongs to 's and b+ M, = 0 € I'{. The lemma is proved [ |

Lemma 3.5.5 If a lies strictly inside RY , thenT%, for any |A|=N-1,
has the property

reNBN =80 , forN CA,

where B denotes the closure of B.



3.5 Jackson networks 69
Proof Let again A ={2,...,N}. Then

N
A= {a+2 Bj fi}-
=2
But the vector
N N
a+Z Bj fj =ZC¢ €,

since C} is strictly positive, cannot belong to the region B’ where the
first coordinate is zero. The lemma is proved. ]

Let us introduce now the following function, with domain RQ’ :
fizofr=a, for z€oal. (3.68)

This piecewise linear function, obtained by scaling, is our main Lya-
pounov function, as will be shown below. We shall in fact propose two
constructions, which are both useful for future generalizations.

First construction
This construction uses smoothing, which is in fact equivalent to the prin-
ciple of almost linearity, presented in section 3.3.

Lemma 3.5.6 For any € > 0, there exists a smooth conver closed hy-
persurface OlI(€), homeomorphic to the boundary OI1 of Il such that, for
any z € Oll(e),

p(z,0l) <e,
and, for any y € OII,
| p(y,dM(e)) <¢,

p being an arbitrary metric.

For the proof, it is sufficient to consider the unit cube in RY and then
to use a linear transformation. For this unit cube, one can proceed by
induction, in constructing at each step a cylinder smoothed at the ends.
Take the intersection of dI1(€) with a neighbourhood of the vertex a = fo.
We extend it by linearity to get a hypersurface f‘(e), smooth and convex,
such that the pairs

(CRY, TnaRY))
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and
(T(e) NRY, T(e) NA(RY))
are homeomorphic. Moreover,

p(z,T(€)) < ¢ foranyze'NRY,
p(y,T) < € foranyye (e ﬂRQ_’.

Then, by scaling, we define the following Lyapounov function:
fizofe=a, .:ceal:‘(e). (3.69)

Let us fix some r > 0 sufficiently large and an arbitrary z € aI'(¢). Let
O(z) = O(r;z) be a cube with sides of length r, centred at . Then
there exist linear functions g(-) on RN such that

sup sup | fy —gz(y) |—=0 for o — o0.
z€al'(e) ¥€O(z)
By geometric construction, when 0 lies inside I, we have, for all suffi-
ciently large z € ZY and for some § > 0,

fz+M(z) _f:t <-4.

From the last two formulas, it follows that, for some §; > 0 and for all
z except for a finite set, we have

Zp:cyfy - fz <=6 .
v
This yields the following (as announced, we have used the principle of
almost-linearity)

Theorem 3.5.7 If O lies inside OIl, then the function f, defined by
(3.69), satisfies the conditions of theorem 2.2.8, so that the Jackson
network is ergodic.

Second construction

In this construction, we shall use the Lyapounov function (3.68) together
with theorem 2.2.4, for integer-valued functions k(z) = k, with k taken
sufficiently large

Theorem 3.5.8 Let us consider a Jackson network such that 0 € 911,
and choose the function f; as in (8.68), with the point a lying inside
R’_;’ . Then, for this Lyapounov function, and k(z) = k sufficiently large,
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the conditions of theorem 2.2.4 are satisfied and the Jackson network is
ergodic.

Proof Let us fix a constant d, representing the maximal length of a
jump, for some metric p in R¥. In our case, d = 1 for the metric

plz,y) = mflxlxi -,

where e.g. z = (z!, ..., z").

Lemma 3.5.9 Let us fir € > 0 sufficiently small. There exists pg > 0
such that, for any = € Zf , with

p=p(z,0RY) > po ,
and for any k such that

po<kdi=k<p,
we have
o8 fy - fu < —c. (3.70)
y

Proof Forany A, |A| = N—1, let us consider a new function f* : z — f2
= a, for z belonging to the hyperplane a:H generated by aI'a. Con-
sider the evolution of the random walk after k steps, assuming it started
from z. That is

.T=€0, 617"';6’:—1 .
Then the sequence
A A A
f{oy f{p e ?ffk_l

is a supermartingale satisfying, for some ¢’ > 0,
E(f&/fes- - f6.) = féo, < =€,

since M(,,.. Ny is directed to the corresponding side of the hyperplane
aH,. Thus, by theorem 2.1.7, we can find constants Ca, a, € > 0,
such that

fo_, — f2 < —ken, (3.71)

with probability 1 — Ca e~%é~. Hence, for po chosen sufficiently large,
(3.71) takes place for all A, with probability

1-Ce %k,
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for some constants C, § > 0. Using the boundedness of jumps and
the fact that the function f grows linearly with «, we immediately get
(3.70), for some € > 0.

The lemma is proved. ]

Lemma 3.5.10 Again choose € > 0 sufficiently smallandi € 1,...,N.
Then there exist p; > 0 such that, for any z € Zf with

= A .
p= max p(z,B") > pi (3.72)

and for any k such that

pi<kd=k<p,
we have
> o) fy - fa < —€. (3.73)
Y

Proof We repeat the proof of lemma 3.5.9, using the geometrical con-
struction, as the mean jump vectors point in a suitable direction, from
any point which the random walk, starting from z, can possibly visit
during p — 1 steps. The lemma is proved. |
To prove the theorem, we introduce the quantity

p=

max i
oditw P

Then, for any point z lying outside a (p+1)-neighbourhood of the origin,
in our special metric, we put

k(z)=k=p

and note that, for any such point, there exists ¢ such that, for A =
{1,..., N} — {4}, inequalities (3.72) and (3.73) hold. The proof of the-
orem 3.5.8 is concluded. ]

3.6 Asymptotically small drifts

Let us consider a discrete time MC {X,}, with state space Z; and
satisfying the following moment condition:

sg% E[| Xn+1 — Xn |2+c /Xn] < e < oo, as., forsome €>0,c>0
n2

(3.74)
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Let us define forzr € Z; and:=1,2,...
pi(2) = El(Xn+1 = Xn)*/Xn = 1] (3.75)

From the condition (3.74), it follows that

sup po(z) < oo and sup m(r) <oo.
T€Z4 z€Z

The next theorem, proved in [AIM], generalizes results obtained by Lam-
perti [Lam60].

Theorem 3.6.1 The following classification holds:
(i) If there exists a number B such that

mE@ <D pora> B, (3.76)

then {X,} is recurrent.
(ii) If instead, for some 6 > 1,

m(z) > @% forz> B, (3.77)
then {X,} is transient.
(iii) If
w222 pora>p, (3.78)
then {X,} is non-ergodic.
(iv) If for some 6 > 1
Op2(x)
m) <-—— =, forz 2B, (3.79)

then {X,} is ergodic.

Remark The transience and recurrence parts of this theorem are due to
Lamperti [Lam60]. Non-ergodicity and ergodicity can be proved using
theorem 2.2.8. These results, and also the following one (more precise),
are stated without the proofs, which can be found in [AIM].

We define recursively

logz = log"(z), log(logz) = logP z, ..., log®(2)

= log(log(k‘l) z),...etc.
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Theorem 3.6.2
(i) If for some k € Z,. there exists a number B such that, for z > B,

n(z) > _ba(x)  pa() uz(-"«‘)(Q) _
2z 2zlogz  2zlogzlog'®(z)
B H , log® ()
then {X,} is non-ergodic.
(ii) If, for some k, for some 8 > 1 and for x > B,
pa(z)  pa(z)
m(@) < 2z 2z logx
p2(z) 9#2( ) (3.81)

22 10gP(x)  22[TE, log®(z)
then {X,.} is ergodic.

Theorem 3.6.1 could be used as a classification criterion in multidimen-
sional zero drift situations. The algorithm might be as follows: find a
family of Lyapounov functions f(@,a), where a € A is the state space
of the MC and & is a real vector parameter, satisfying two conditions:
(i) @ is small and for @ =0 f is a linear function;
(ii) f(a@;a) is a super- (or sub-) martingale with asymptotically small
drift. After this we could just use the theorem above mentioned.
This way might be a more direct alternative approach to section
34.

An example of such a theorem is the following result [Lam60], which we
state now.

Let X,, € R, be a real nonnegative process (not necessarily a Markov
process), satisfying

E“ Xn+1 - Xn |2+e /Xn—I,Xn-Z, .. ] <C< o,

limsup,,_,oo Xn =00, as. (3.82)
We define
a(z) = ess sup E[Xp41—-Xn | Xn=z,Xn-1,...,Xo|, (3.83)
9(z) = ess sup E[(Xn+1—Xn)? | Xn=2%, Xn-1,..., X0, )

where the sup is taken over n and over the values of {X;,s < n —1}.
Similarly, u(z) and y(x) are defined by replacing sup by inf in (3.83).
The finiteness of = and T follows from (3.83), but, as an additional
assumption, v(z) is supposed to be bounded away from 0, to avoid trivial
situations.
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Theorem 3.6.3 Let a non-negative stochastic process {X,} satisfy
(3.88) and

P(limsup X, = 0) =1, (3.84)
n—oo
and, for all large x,

i(zx) < Qé—z) +0(z'7%),6>0. (3.85)

Then {X,} is recurrent. If instead, for some 8 > 1,

bv(z)
> .

uz) > 28 (3.86)

for all large z, then {X,} is transient.

Lamperti [Lam60] applied this theorem to multidimensional random
walks without boundaries and with asymptotically zero (or constant)
drifts. Assume that

x
X,.=1 . , n=0,1,2,..,

X
are random vectors forming a Markov process, with the transition prob-
ability function

Fy1,...,4s;x) = P(XE), =X <y, i=1,...,5/X, =), (3.87)

independently of n. For simplicity in the proofs, Lamperti makes the
assumption that, for some B < oo,

|X1(3-1 —-X,(:') |I<B, as. fori=1,...,s, (3.88)

for all n, although, as usual, (3.88) could be relaxed to a moment con-
dition at the expense of some labor. We shall use the notation

{ E[Xn+1 — Xn/Xn = x| p,(x)
E [(xn+l = X3)(Xnp1 = Xn)T /X = ] = {v;(x)} .
(3.89)

The idea is to define the process

Ry =|| Xa = {3_(xP)1}4
i=1
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and apply the result of theorem 3.6.3 to {R,}. The requirement that
limsup R,, = 0o a.s. is assumed ad hoc (see (3.84)) and is usually easy
to verify in particular cases.

Theorem 3.6.4 Under the above hypotheses, suppose
v(x)=v+O(| x||°), for some§ >0,

where the matriz [vij| = v is positive definite. Then {X,} is recurrent
provided that )
(2-5)

xTvlu(x) < 2=

+O(ll x |7

for all sufficiently large || x ||, while in the case for large | x || where

(2-3)
2

xTv_lp,(x) > +¢ €>0,

then {Xn} is transient.

3.7 Stability and invariance principle

Let X® = {X{® n >0} be a family of irreducible, aperiodic Markov
chains, with state space Z, , indexed by some positive parameter § and
supposed to be ergodic for any > 0. We shall suppose that the transi-
tion probabilities of these chains have a property of convergence

0
ng)"’Pu ) 850—*0,
where ||p;;|| denotes the matrix of transition probabilities corresponding

to X, Let 1r§-o) be the stationary probabilities for the matrix ||p§;’)|! and
(6)

let ¢? denote a random variable having the distribution P[¢? = j] = .
Under some assumptions explained below, we shall consider the asymp-
totic behaviour of the distribution of ¢¢, as 8 | 0. When X(® is ergodic,
the problem mentioned above is generally referred to as the stability of
the ergodic distribution of X(). However, the discussion below deals
also with the situation when X(® can be non-ergodic. The approach
proposed follows [BFK92] and could also be used for non-Markov pro-
cesses.

The notation is compatible with section 3.6. In particular, for the first
and second moments of the drifts, we simply add the superscript (8).
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We enforce now the following general conditions:

lim p( )() =0 and sup u (J)<oo
i—00,010 20,020
m J[ul)(j)+0] = —p, for —co<pu<+oo,
6) —
; lm}uo“z (7) = b, O0<b<.
(3.90)

Thus X () is ergodic, for any 8 > 0. We state now the following theo-
rems, without proofs, which can be found in [BFK92].
Theorem 3.7.1 (Ergodicity and stability). If (3.90) holds, 21 < b and

sup E[(x“” e/ x0 = i) < C < o0, (3.91)
20,0

where € is an arbitrary but strictly positive number, then the chain X(©)
is ergodic and becomes stable, in the sense that

¢3¢, asflo,
where D indicates a weak convergence. The case p = 0o is covered by

the statement of the theorem.

Theorem 3.7.2 (Convergence to a I' distribution). If (8.90) holds and
—00 < 2 < b, then X is non-ergodic. If, moreover, the series repre-

senting
(] (]
B @) = 30 Pk’
k>—j

converges uniformly with respect to j and 6, then
260¢® 2Ty 1o, s 010,
where, up to a slight abuse of langage, I'a g denotes a random variable

distributed according to the standard 'y g distribution.

Theorem 3.7.3 (Convergence to the uniform distribution). If (8.90),
(3.91) hold, 24 = b and

24" (3) + 6+ 1" (5) = 0 (0 + f) , (3.92)

then X s null recurrent and

log(¢®) 2, 10,

log(1/9) , 45610,
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where U[0, 1] denotes the uniform distribution on [0, 1].

The next theorem, which gives a detailed account of the behaviour of
X, is intimately related to theorems 3.6.2 and 3.6.3 and also to the
studies [Lam63, Twe76).

Theorem 3.7.4 (Distinction between transience and null recurrence).
Assuming here 8 = 0 and that (8.90), (8.91) hold, we have the following
classification:
(i) If 2u > b, then X© is ergodic (assumption (8.91) is here not
necessary). ,
(ii) If =b < 2u < b, then X(© is nullrecurrent; this is also the case
if 2u = b and (9.92) holds.
(iti) If b > —2pu, then X(© is recurrent.
(iv) If0 < b < —2p, then X© is transient.

It is worth making some additional remarks (see again [BFK92]):

(i) In theorem 3.7.2, the second equation of (3.90) can be replaced by
the representation

1
uﬁ"’(j)=—e—§+o(o+3) , 85§ —=00,00;

(ii) In the case u = —oo, the limit distribution of ¢(®), after a suitable
normalization will be normal (see [Kor90});

(iii) The statement of theorem 3.7.3 says, roughly speaking, that ¢®
is distributed as 6~", where 7 is a random variable distributed as
UJ0,1]. Taking a different rate of convergence to 0 in (3.92) could
yield a different distribution for log(¢(?)) as well.
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Ideology of induced chains

In sections 4.1 and 4.2 we introduce the main notions (second vector
fields, paths) and we give the preliminary description and classification
of properties of these paths. In section 4.3 we get sufficient conditions
for a random walk to have a Lyapounov function satisfying the simplest
of Foster’s criteria (with k; < C, see corollary 2.2.5). In section 4.4, it
is proved that these results allow for getting a complete classification in
dimensions 2 and 3.

4.1 Second vector field

We come back to the terminology of section 3.2 to introduce here some
fundamental concepts, frequently used in the sequel.

Definition 4.1.1 For any A # A(1,..., N) we choose an arbitrary point
a€BM"n Zi’ and draw a plane C" of dimension N — | A |, perpendicular
to BN and containing a. We define the induced Markov chain L, with
state space C"ﬂRQ_’ (by an obvious abuse in the notation, we shall write
C™ most of the time) and transition probabilities

APaf = Pap + Zpa'ya Ya,B € ch )
v#B

where the summation is performed over ally € Zf , such that the straight
line connecting v and 3 is perpendicular to C*. It is important to note
that this construction does not depend on a.

We shall make a series of assumptions 0; , i = 1,2, .... All of them hold
for all points in the parameter space, except for some hypersurface of
lower dimension. More exactly, we define the parameter space P = Py

79
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depending on a fixed constant d. Due to conditions Ag and A; of section
3.2, it is the product of 2V simplices

P(A) = {p(/\;a) taeZ¥,p(Aa) 20, Y p(Aja) = 1}

a

in the finite-dimensional Euclidean space.

Assumption 0; For any A the chain £ is irreducible and aperiodic.
We call B" (or simply A) ergodic ( non-ergodic, transient, . ..) according
as L is ergodic (non-ergodic, transient,...). For an ergodic £", let
7 (v),7 € C”, be its stationary transition probabilities. We introduce

the vector v* = (vy,...,v)) by setting
N = 0,i¢€A,
po= ) M), ien.
YECA

Intuitively, one can imagine that the random walk starts from a point
which is close to A, but sufficiently far from all other faces B, with
A g N. After some time (sufficiently long, but less than the minimal
distance from the above mentioned B"'), the stationary regime in the
induced chain will be established. In this regime, one can ask about the
mean drift along A: it is defined exactly by v*. For A = {1,..., N}, we
call A ergodic, by definition, and put

v = M(a), a€ B NZY .

From now on, when speaking about the components of v", we mean the
components v} with i € A.

Assumption 0, v # 0, for each i € A.

Definition 4.1.2 Let us fix A, Ay, so that A D A1, A # Ay, that is to say
B" > BM (.B.A is the closure of B"). Let B" be ergodic. Thus v" is
well defined. There are three possibilities for the direction of v w.r.t.
BM . We say that B" is an ingoing (outgoing) face for B, if all the
coordinates v} for i € A — Ay are negative (positive). Otherwise we say
that B” is neutral.

As an example we give simple sufficient criteria for a face to be ergodic.

Proposition 4.1.3 A face B® of dimension N —1 is ergodic if and only
z'fv,-{l""'N} <0, fori={1,...,N} —A.
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This statement is obvious, since in this case £ is a one-dimensional
Markov chain. (]

Proposition 4.1.4 If all faces B with A D Ay are ergodic and ingoing
for BM | then B™ is ergodic.

We leave the proof to the reader, since it is a direct consequence of the
main result of section 4.3. |

Definition 4.1.5 To any point = € R. , we assign a vector v(z) and
call this function the second vector ﬁeld. It can be multivalued on some
non-ergodic faces. We put, for ergodic faces B,

v(zr) =v", z € B.

If BM is non-ergodic, then at any point x € BM | v(z) takes all values
v for which B" is an outgoing face with respect to B . In other words,
for x belonging to non-ergodic faces, with |z| sufficiently large,

z+v(z) e RY,

for any value v(z). If there is no such vector, we put v(x) =0, for
z € BM. Points x € R , where v(z) is more than single-valued, are
called branch points.

There are few interesting examples, for which only the first vector field
suffices to obtain ergodicity conditions for the random walk of inter-
est, but it is nevertheless the case for Jackson networks. In general,
the second vector field must be introduced. The following proposition
demonstrates the usefulness of this second vector field.

Proposition 4.1.8 If for some ergodic face A all components of v are
positive then the random walk is transient.

Proof Let us fix an ergodic face A and let & be the corresponding
induced (ergodic) Markov chain. Introduce also the mutually indepen-
dent random variables 7(t, z), enumerated by x € C*, t =0, 1,..., and
defined as follows: They take values in Z¥, k = | A |, so that

P(nt z) = Zpaﬁ,

where a,y € BN, a = (a,z), 8 = (a + y, 2) and the summation is over all
z€eCN
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Let us consider now the following process with values in Z*, k = | A |:

n-1
Sn =50+ Y_n(t.&),
t=0

where Sy € B N ZY. This process is a random functional over the
induced chain. By the ergodic theorem [KSF80], we have

1 n—-1
- z n(t,&) —= " as.
t=0

Then there exist sufficiently small € > 0 and 59 > 0,8 > 0 such that, for
any component Sy, ; of S, (i € A),

So+ (v —€)n < Spi <So+ (V) +en, (4.1)

for all n > ng with probability not less than 6.

Now take Sy sufficiently far from the boundary of B*. From (4.1) we
see that there exists a set A of trajectories S,,, for n =0,1,..., which
never reach the boundary of B*, S, ; — o0, for all i € A and, moreover,
A has a positive probability.

Coming back to our random walk in Zf , we start it from the point

having coordinates Sp;, for i € A, and zero otherwise. Now we take the
set A’ of all trajectories wy,,n=0,1,..., of this random walk, so that
the projection of A’ onto B" coincides with A. Noting that A and A’
have the same probabilities, the transience is proved. ]

4.2 Classification of paths
We shall consider paths I' = I'(t), that is, continuous mappings
I':{0,T] — RY, where T can be equal to oo, such that
(i) T'(t) belongs to the union of ergodic faces except for some countable
subset F = F(T') of [0, T;
(ii) for the points of the same interval belonging to [0, T] — F, where the
path runs through an ergodic face B*, I'(t) is linear with velocity

dTlt) — A, 1(t) € B~
Let us consider the increasing sequence
0<t) <...<t, <...., (4.2)

of times when I'(t) changes a face. More exactly, this sequence com-
prises all points ¢, but those for which there exists ¢ > 0 such that, for
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A ¥

Fig. 4.2.1 a) Fig. 4.2.1. b)

allt’ € (t —¢,t + €), I'(t') belongs to the same face as I'(t). The sequence
(4.2) is countable and F belongs to it but is not equal to it because, for
example, from an ergodic two-dimensional chain one can pass immedi-
ately to an ergodic one-dimensional chain. Note that the sequence (4.2)
can have accumulation points, e.g. one can approach and go away from
a one-dimensional face, by rotating along two-dimensional faces of RQ_’ ,
as shown in fig. 4.2.1, where the one-dimensional face is perpendicular
to the sheet of paper at the origin. Hence, in general, the sequence (4.2)
is not isomorphic to some subset of the ordered set of natural numbers,
but in many examples it is (and then it is finite for finite T'). Together
with the sequence (4.2), to any T' is associated a denumerable ordered
set of faces

A1 (D), Ag(T),... A (D),. .. (4.3)

which are visited by I' in the corresponding order. Here A;(I') is the
face to which I'(0) belongs. The system of all different paths starting
from z € Rf is called an z-bundle of paths and is denoted by V, and
the paths starting from z are denoted by I';. For any visited ergodic
face A,,, we have

T2(t) = Ta(tno1) + ™1t —th_1), tao1 <t <tn.

Definition 4.2.1 A point z is called regular if, for any 0 < T < o0,
there exists only a finite number n(T,V;) of paths T'y € V; on the time
interval [0,T]. For example, x =0 in fig. 4.2.1(a) is not regular since,
for any T > 0,n(T, Vo) is a continuum. For a regular point and for any
Ai, there exists a next face in the sequence (4.3), which is denoted by
Ait1. A random walk is called regular if all points z # 0 are regular.
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A regular random walk is called strongly regular if the sequence (4.2)
is isomorphic to a subset of the ordered set of natural numbers for all
z # 0 and all paths T'y. A regular point = is called stable if, for any
' =T, € V; and any ergodic A(T),

dim A; (F) = dim /\i+l (F) +1 ,

whenever Aiy1 is the next face for A;. This means that, after moving
along an ergodic face A, one enters a face of A of dimension dimA — 1.

We show that stability implies continuity. More exactly the following
proposition holds.

Proposition 4.2.2 For any stable z and any T,e > 0, one can find
§ > 0 such that, for any y with ||y — z ||< §, we have

(i) n(T,Vz) =n(T,Vy);
(ii) there exists a one-to-one correspondence ¢ : V(T') — Vi (T) such
that, for any Ty € Vo(T) and T'y = ¢(I';) € V,(T), we have

ICa(t) ~Ty(®)| < ¢, t€[0,T].

Proof Let = be stable and belong to an ergodic face A. Then for all y
sufficiently close to z,I'; and T, meet the same face (say A’) after A. If
A’ is non-ergodic and the second vector field on it is multivalued, then
we define ¢ so that I'; and I'y = ¢(I';) go to the same face. Then one
can proceed by induction in a finite number of steps, for any fixed finite
T. The proposition is proved. |

Now we will show that stability (and consequently continuity) is in fact
a generic property for strongly regular random walks.

Proposition 4.2.3 There erists a subset P° C P of Lebesgue measure
0 (in fact it is the union of a finite number of analytic hypersurfaces in
P) such that, for any strongly regular random walk with parameters in
P — PO, there exists at most a denumerable number of hyperplanes in
Rf outside of which any point x is stable.

Proof For all ergodic A, we shall construct a system of hyperplanes (in
fact restricted to Rﬁ' ) BY,.. .B,’c\( A’ k(A) < oo, satisfying the following
properties:

(i) B belongs to the hyperplane generated by B*, but does not
coincide with it, and B} is parallel to v", for i = 1,2,...,k(A);
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(ii) any z € B — (|J; B}) is stable but no other « is.

To construct such a system we proceed by induction from lower di-
mensions. First for any A, A, Ay being ergodic and such that A C
A1, dim A < dim A; —2, we consider the plane containing all segments
[,z + av™],z € Ay, if Ja > 0 such that z + av™ € A.

If this plane does exist, then it has dimension dim A + 1 and contains
all paths in A; which enter A immediately after A;. All planes thus
constructed will be called first generation planes.

We construct second generation planes in the following way: take an er-
godic Ag # Ay, dim Ag > dim A4, and, for any first generation plane in
A1, we consider all paths in A9 which run along this plane immediately
(possibly first intersecting some non-ergodic face) after A;. The plane
of minimal dimension containing all such paths is a second generation
plane. Similarly we construct third generation planes, etc. The planes
of all generations comprise the desired system.

Now let P° be such that, for any regular random walk in P — P°, any
z € BN —J; B (for an ergodic A) is stable: the random walk belongs
to PV if, and only if, there exist A and B} containing some subface of
the face B*. For example, in R3 this could be a plane passing through
two one-dimensional planes (i.e. lines). It is clear that Py is of Lebesgue
measure zero. In Z3, Py = 0. The reader will find examples of non-
empty Po in Z3 ( which can be viewed as the union of 8 octants Z3).
Note that, by stability, if A; is ergodic then dimA;4+; = dim A; —1. More-
over if a random walk is in P — Py, then the following possibilities exist
for an ergodic A;:

(i) Aij—1 is non-ergodic. Then A;_; does not belong to any BJ/.\". So
Ai_g does not belong to any B;.\“’ ;
(ii) As—; is ergodic. Then A;_; does not belong to any B;.\“'.

Hence, properties (i) and (ii) follow by construction and the proposition
is proved. [ ]

Unless otherwise stated, we consider only strongly regular random walks,
but many definitions will be appropriate for more general situation.
Some random walks in dimensions 3 and 4 are not strongly regular (see
chapter 5) but proposition 4.2.3 can be easily reformulated for such cases.

Problem For some nonregular random walks, similar results could be
proved. Describe the situation for an arbitrary random walk.



86 4 Ideology of induced chains

Remark The above construction vaguely resembles the construction of
billiard dynamical systems [KSF80].

Definition 4.2.4 A random walk is called deterministic if its second
vector field has no branch points. A regular random walk is called es-
sentially deterministic (e.d.r.w) if, for any stable =, I'; has no branch
points.

Let us consider an e.d.r.w. in P — Py and let T; be the dynamical system
on RN defined by

Ttl' = Fa:(t) )

for stable z, i.e. a point moves with velocity v" along the ergodic face
A. For non stable = we shall define T;z by continuity at every point
wherever possible and in any suitable way otherwise. Let us first note
the following crucial scaling property: for any o > 0,t > 0,

T.(t) = a 'Taz(at), (4.4)

we can assume that T} is defined so that (4.4) holds not only for stable =
but for all z, by making use of the function ¢ defined as in the preceding
section.

4.3 Gluing Lyapounov functions together

Let @ = {&:.} be an irreducible aperiodic ergodic Markov chain, de-
fined on some probability space (21, X1, u1), with countable state space
A, 7(a) being its stationary probabilities.
Let us consider, on some other probability space (€2, L2, p2), mutu-
ally independent vector-valued (with values in R¥) random variables
gtalwr),a€ A, t=0,1,..., and wy € Q3, indexed by t,a. The distri-
bution of g » does not depend on t, so that we can write E[g;,o] = F(a).
We assume F(c) is finite and we put

T-1

Xr=c+ Zgg,g, , ce R¥,

t=0
on {Q x Q2,%; X g, 1 X pa}. As g, is a stationary process, Birk-
hoff’s ergodic theorem yields

Xr - m(a)F(a), as. when T — 00 .

a€A
The next result also follows from Birkhoff’s ergodic theorem.
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Lemma 4.3.1 Assume the chain Q is ergodic and &y = c at timet = 0.
Then, for any € > 0,

P (n > ge.—n Y m@)F(a) > ne) —0,as n—ooo. (4.5)
t=0

a€A
The proof is immediate using a convergence in probability argument. B
Let us put for any A ,¢ >0, t > 0,
B ={(r1,...,tN):ri>c, i €N <t, i €A}

By means of lemma 4.3.1, we can prove the following assertion concern-
ing random walks. Let £, be the location of the random walk £ in the
m-th step with £€° = a.

Lemma 4.3.2 Assume that either L™ is ergodic for | A| < N or
A={1,2,...,N}. Then, for any Ry and €,0 > 0 there exist a natu-
ral number m and Ry > 0 such that, for any point @ € By p, N zy,

P(" Em — (@ +mo™) ||> me |§o=a) <o. (4.6)

Proof In order to apply lemma 4.3.1, consider the chain Q" whose
states are all the one-step transitions of £", i.e. the pairs (a;,a;) for
ai,a;j € C". The transition probabilities of Q" are defined as

0 ay # a3
P a — b} b
(a’az)( 304) { /\pag,a“ a2 = a3 .
Let ma(a € C™) be the stationary probabilities of £ and m(, ), (a,b) €
C” x C”", the stationary probabilities of Q". It is obvious that
T(a,b) =A PabTa - (4.7)

Let & = a,&y,&s,. . . be the sequence of random variables corresponding
to the random walk £, &, being the i-th component of &, and let
A = (i1,...,i). We introduce the sequence of random variables g, ¢,.
by setting ‘

gmbm = (81}&1 - :13;?5:1?&1 "'E:r?n' . ~,€:,’~:+1 - 6:7':) .

This random sequences satisfies the hypotheses of lemma 4.3.1. Using
it, we obtain the assertion of lemma 4.3.2. a

On the set Zf , let a real function f(a), o € Zf , be given such that the
condition |fo — fg| > d implies that pog = 0, for some d > 0. Introduce

Bp = {(x1,...,zN) 1z > R, i € A} .
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Lemma 4.3.3 Assume that the chain L" is not ergodic, and there exist
a set By p, and a function m(a) defined on the set (B, \ By, p,) N ZY
and taking values in the set of natural numbers such that, for all
€ (B}, \ Bj, p,) NZY, the inequality
Z Pop (a)fﬂ fa < —€ (4~8)
pezy
holds for some € > 0, and

sup m(a) =m < oo . (4.9)
ae(B RIRQ)ﬁZ

Then there ezist a set B 2 and a function n(a), a € By, taking values in
the set of natural numbers, such that, for all o € BQOZQ’ , the inequality

Z p"(°) < —€ (4.10)

pezy
holds for some €; > 0, and

sup  n(a) =n < oo; n(a) =m(a), o € BR\By,p, -
a€B{NZY
Proof Let & = a,&;,&2, ... be the sequence of random variables corre-
sponding to the chain £. Form the random index sequence N; by setting
No = m(a) and N; = N;_; +m(&_1) (for a € Z¥ \ BR, r,» We complete
the definition of m(a) by setting m(a) = 1). The sequence £y, forms
a Markov chain £. Accordingly £” denotes the Markov chain induced
by £ on the state set C*. It is obvious that, if {€'} is the sequence of
random variables corresponding to £”, then the sequence {€N,} corre-
sponds to £*. The non-ergodicity of £ implies that of £. Therefore,
for any o > 0, there exist R > R; and t > 0 such that, for all » with

l>-r>t,wehave

P € Bjp,) > 1 -0, (4.11)

provided that £ = o € BRp,. Taking account of (4.8), we obtain from
(4.11) that

B (f&) - f€-1)
=E (f(€) - fE-1)lr-1 € Bp,n,) Pé-1 & Bhyn,)

+B (£(&) = fr-1)lr-1 € B, p,) P(é-1 € B, p,)
<dmo—-¢(l-0).
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Consequently, choosing o sufficiently small (hence R must be taken suf-
ficiently large), we obtain

E(f(&) - f(&-1)) < =01,

for some oy >0 and (R — R1)/m >r > t; & = a € Bgp,. Moreover,
E(f(&)) = fa =Y E(f(&) - f(§i-1)) <tdm —o1(r —1) .
i=1

Thus, for any a € BRp,, there exists m(a) € Z4 such that

B (fEn@)léo = o) < fl@) - ¢, (4.12)

where € > 0 does not depend on a.

We use (4.12) and the exponential estimates of theorem 2.1.8. Choosing
o > 0, it follows easily that there exists § > 0,t € Z; and R > 0 such
that, for any o € BRp,,

t<r<B=Ry
="=""m

P( sup (f(ér)+6r)5f(a)/ﬁo=a)>1—o. (4.13)

Note now that

fé) < sup  f(&)+md. (4.14)
k/m<r<k

From (4.13) and (4.14), for sufficiently large R and k, one can easily get
E(f(&)/éo =) < f(a) — €1, (4.15)

where €; > 0 does not depend on o € Bpp, .

Inequality (4.15) is equivalent to (4.10) if we put n(a) = k, for
@ € BRp, NZY, in (4.15). For a € (Bj\ B;}Rz)an, we set n(a) =
m(a). The lemma is proved. |

We have previously introduced a finite collection {v"} of vectors. To
each point a belonging to an ergodic face B", we assign the vector
v(a) = v". For the points a € B{1:2-+N} we set v(a) = v{12+N} In
this way, we obtain a vector field V', which may not be defined on certain
faces.

Condition B: For some 6, b, p > 0, there exists a function f(a), o € Rf
having the following properties:

(i) f(a) 20, a€RY;

(i) fl@) - f(B) <blla=B, oBeRY;
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(iii) for any A such that L£" is ergodic (including A = {1,...,N}) and

allo € Br/;p’

fle+v(a)) - fle) <=6

Condition B’: For some §,b,t,p >0 there exist a function f(c), a€RY,
and a nonempty set T C RY, satisfying the following conditions:

(i) f(e) 20, aERI_IY; .
(i) f(a)—f(B) <blla—B|, a,BeRY;
(iii) f(a)2t, aeT;
f(e@) <t, a€RN\T,
(iv) for any A such that £” is ergodic, for A = {1,...,N} and all
a € By, NT, we have

fla+v(a)) - fl@) > 6.

Theorem 4.3.4 If the vector field V satisfies condition B, then the
random walk L is ergodic. If condition B’ is satisfied, then L is transient.

Proof Assume there exists a function f(a), o € Rf , satisfying con-
dition B . As follows from corollary 2.2.5, for the ergodicity of L it is
sufficient to show the existence of a function m(a), (a € Zﬁ ), taking
values in the set of natural numbers, such that

sup m(a) =m < oo
aezl

and, for all a € Z'+" except some finite set, the inequality

3 o fs - fa < -1 (4.16)
pezy

is satisfied for some ¢; > 0. Let A={1,2,...,N}. It follows from
lemma 4.3.2 that for any ¢,0 > 0 there exist m" and R” such that
inequality (4.6) is satisfied for all @ € Bj.. Therefore, choosing ¢ and
o sufficiently small, taking into account the boundedness of the jumps
of the random walk and the properties of the function f (condition B),
we obtain that, for any a € Bja N Zf , inequality (4.16) is satisfied for
some €; > 0 by setting

m(a) =m”, for a € B NZY .
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We continue the construction of m(a), (a € Zf ) by induction. Assume
that for all A,|A| =k < N, there exist sets By and a function m(a)
with values in the set of natural numbers such that

sup m(a) < oo
a€U|A|=k BRaNZY

and, for all & € Uk Bja NZY, inequality (4.16) is satisfied for some
€1 > 0. Take A such that |A; | =k — 1. It follows from the definition
of the sets BR, p, and B} that there exist R{', Ry > 0, and together
with them sets Bg}\l AR such that

1

I\BRA, o C J Bh~ - (4.17)
|Al=k

(a) Let £™ be non-ergodic. Then, applying lemma 4.3.3 and using
(4.17), we conclude that there exist R* and a function n(a) with
values in the set of natural numbers such that

sup n(a) < oo,

aGZf
na)=m(a) , forae (B, BQ&,R?,) nzd
and
S S5 < —eM (4.18)

pez¥

for all @ € Bp, and some €7 > 0.
(b) Let £™ be ergodic. In this case we use lemma 4.3.2 and we obtain
the same result as in the case where £ is non-ergodic.

Sorting out all A with | A | = k — 1, we obtain that the conditions which
we assumed to be satisfied for all A with | A | = k will also be satisfied
for all A with |A | =k - 1.

Hence, we have proved by induction that, for all A with |A| =1, there
exist sets Bja, for some R* > 0, and a function m(a), taking its values
in the set of natural numbers, such that

sup m(a) < oo,
anlI\l:l BI/;/‘ F\Zf

and for all @ C U|z|=; BR~ inequality (4.16) is satisfied for some €; > 0.
This completes the proof of the ergodicity of the random walk, if we
take into account that ZY \ |y =y Bf+ is a finite set.
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Assume now that there exists a function f(a), a € Rf , satisfying
condition B’. From theorem 2.2.7, it suffices to prove the transience
of L to show the existence of a function m(a), o € Z¥, with values in
the set of natural numbers, such that

sup m(a) =m < oo
anf

and for all o € T, except some finite set, the inequality
3 e - fa> (4.19)
pezy

is satisfied, for some €; > 0. The proof of the existence of m(c) can be
carried out by induction analogously and in the same succession as in
the ergodic case. The theorem is proved. |

Remark The results obtained in the above sections are in fact valid
under the following more general assumptions:

Partial homogeneity. Condition Ag of section 3.2 can be replaced by
the following one: There exists ¢ > 0 such that, for any A and for all
a€ B"nZY,

Paf = Pataf+a, Vo € BoNnZY, Ve Z}.
Lower boundedness of the jump + first moment condition. Condition
A, of section 3.2 can be replaced by the two conditions

Pap =0, for (s — ) > —-d, Vi=1,...,N,
Y (B—a)pas <0 ,VB€ ZY,
B

where d is some positive constant.

4.4 Classification in Z3

Before considering dimension 3 let us come back to random walks in Z2
and look at them from the point of view of induced chains. In fig. 4.4.1,
some possible directions of the vectors v are shown. Note that random
walks under conditions 0; and 09 are always deterministic.

(i) Case 1: v{12} has both components positive. So neither one-
dimensional face is ergodic.
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AN

—»
5 6 7

Fig. 4.4.1

(ii) Cases 2-3: One component (i = 1) of v{1?} is positive, the other
one (2 = 2) is negative. So the face A(1) is ergodic, A(2) is not.

(iii) Cases 4-7: Both one-dimensional faces are ergodic.
The main result of section 3.3 can be reformulated in the following way.

Theorem 4.4.1 Under assumptions 0, and O, the random walk in
Zi is transient if, and only if, there exists a path Ty going to infinity.
Otherwise (when all paths go to 0) it is ergodic.

Proof If there is a path going to infinity then (see fig. 4.4.1), there
exists a face A (one- or two-dimeénsional) such that v" has all its com-
ponents positive, so that the random walk is transient by proposition
4.14. On fig. 4.4.1 cases 1, 3-6 are transient and we are left with the
cases 2 and 7.

In these cases, for each point z, the first passage time 7(z) of the dy-
namical system I'(t) = I';(¢) to the origin is finite. We introduce the
function f(z), on R, by putting f(z) = 7(z). It is then easy to see
that f(z) satisfies condition B of the preceding section. Consequently,
L is ergodic and the theorem is proved. a
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The following theorem 4.4.2 is just a rephrasing of theorem 4.4.1 in terms
of the second vector field.

Theorem 4.4.2 The random walk L is ergodic if, and only if, the fol-
lowing two conditions are satisfied:

(i) there exists an i, such that v,-{ll’z} <0;
(ii) vi{:‘} < 0 for very iy such that vi{ll'z} <0.

Let us pass to the study of random walks in Zi. In this case, the second
vector field also has a simple construction.

Lemma 4.4.3 For every point z € R3\0 the vector field V is defined.
Moreover, single-valuedness can be violated only on one of the three one-
dimensional faces BU1}. In this case only two vectors can be assigned
to the points of B{1},

Proof Let z € B{1:23}, Then v(z) = M(a) = M{1:23} where M{1:2:3}
is the mean drift from the point a € B{:23}nZ3 .

For z € Bli#2} we put v(z) = M{1:23} = (Ml{l'z'a}, M.‘,{l'm}, M3{1'2’3})
if Mi{al’z's} > 0. In this case the induced chain £Ut#2} is transient.
When M,.{sl’z'a} < 0, the induced chain L£1i1+2} is ergodic and so, for
z € Blivia} the vector v(x) is uniquely defined. For the points which
belong to one-dimensional faces the situation is different. If £t} is er-
godic, then the vector v(z) for z € Blit} is uniquely defined. If £t}
is transient, then the uniqueness is violated only when the faces B#1:#2}
and Bli1:#s} are ergodic and M,-{:""’} >0, M,.{:""’) > 0. But this situ-
ation can happen only on a single one-dimensional face. The lemma is
proved [ ]

If the vector field V is single-valued, then it gives rise, in a natural way,
to a dynamical system in Ri for which V is the velocity field. On the
other hand, if the single-valuedness of V is violated on a one-dimensional
face Bli1}, then we choose one of the vectors assigned to Bt} In this
way we obtain two single-valued fields V; and V5. For each field V;, we
construct a dynamical system I*(t).

Theorem 4.4.4 If for any point = € Ri the first passage time 1(x) for
the dynamical system I'(t), I*(0) = z, to reach the origin is finite for
at least one i,© = 1,2, then L is ergodic. On the other hand, if at least
one dynamical system is such that T(x) = oo, then L is transient.
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1.2}

{1.3}

Fig. 4.4.2 Fig. 4.4.3

Proof Let 7;(z) be finite for any point z € R3. As in theorem 4.4.1
for R2, we introduce a function f(z) by setting f(z) = 7i(z). If V is
single-valued, then this function satisfies condition B of section 4.3 and
so L is ergodic.

If the single-valuedness of V is violated on a one-dimensional face Bli}
then the continuity of f(z) is violated on the plane going through the
face B{1} and the vector v{1:2:3}, However, this discontinuity is easily
removable. For this, the values of f(x) have to be multiplied by the
corresponding factor on one side of the indicated plane. The function
thus corrected, again satisfies condition B, which leads to the ergodicity
of L.

Let now 7;(z) be infinite for some z € R3. If z belongs to B{1:2:3}
then transience follows from theorem 4.4.1. If 7;(z) is infinite due to the
fact that, for some ergodic face B*, all components of V* are positive,
then the random walk is transient for the same reason. It remains to
consider the last possibility making 7;(z) = co. It is the case when the
dynamical system, starting from some point, reaches one of the two-
dimensional faces in a finite time and continues successively intersecting
all two-dimensional and one-dimensional faces, in tending to infinity.
This case is shown in fig. 4.4.2, and now we will construct the function
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f(z),z € R3, which satisfies the condition B’ and then we use theo-
rem 4.3.4. In the case shown in fig.4.4.2, all components of the vector
v{1.2.3} — M{1.23} are negative. In fig. 4.4.3, we show the surface

{z: f(z) =a}.

Consider a triangle 123 with the following properties:

(i) its vertices 1,2,3 belong to corresponging one-dimensional faces, i €
A(3);

(ii) the second vector field on two-dimensional faces points to the outside
(toward oo) of this triangle.

Such triangles exist. Then we choose one and consider one of its sidéi,
e.g. 12, belonging to the face A(1,2). Consider a plane Hjy with the
following properties:

(i) Hig contains the side 12;
(ii) Hiq is sufficiently close to A(1,2);
(iii) HigaN R"_"_ has an infinite Lebesgue measure.

Two other planes Ha3 and H3 can be defined in the same way. Now we
define the level surface

Hi={z:f(z)=1}=J {HsnR3}.
(5.9)
For any a > 1, put
H,={z: f(z) =a} =aH, .

Since we are interested in proving transience, we can simply put f(z) =1
in the remaining part of R?,,. It is easy to see that the function f(z)
thus defined does satisfy condition B’. The proof of theorem 4.4.4 is
concluded. |

In fact the conditions of theorem 4.4.4 can be written in an explicit way.

Theorem 4.4.5 The dynamical system I'(t) reaches the origin in a
finite time for any initial state T*(0) = = € R3 if, and only if, the
following three conditions are satisfied:

(i) There exists an iy such that u}l’z’a} <0.

1
(ii) For every i1 such that 05{11'2’3} < 0, there exists an ig for which
i2,i3}
Ui{22 <.
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(iii) Fither
(a) there exists an 1y such that L{‘l? is ergodic and, for any i,
such that L1} is ergodic, we have ui{l"} <0; or
(b) the chains LY L2} LB} gre transient; ifv.?’s} > 0, then
uf23} {13} {12}

<1,
of23Y {13} {17}

and, ifvi{,z':i} <0, then
U§2,3} U§1,3} v{l,2}

>1.
ng,s} U}I,S} Ua{’l'ﬂ

(The case where the expression between the absolute value signs is equal
to 1 is not considered.)

Remark It follows that, if there exist two dynamical systems and if
one of them has the above property, then so does the other one.
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Random walks in two-dimensional complexes

5.1 Introduction and preliminary results

A two-dimensional complex is a union of a finite number of quarter-
planes Zi having some boundaries in common. An example can be
the union of all two-dimensional faces of Zf . We consider maximally
homogeneous random walks on such complexes and obtain necessary and
sufficient conditions for ergodicity, null recurrence and transience up to
some non-zero assumptions which are of measure 1 in the parameter
space.

In chapter 4, a vector field was constructed allowing for a complete
classification to be obtained for N = 2, 3. Moreover sufficient conditions
for ergodicity and transience were derived for N > 3. One of the main
features of the vector field in question is that it was deterministic. In this
chapter, certain vector fields appear, which are deterministic inside two-
dimensional faces, but give rise to random scattering on one-dimensional
faces. We shall see that the calculation of the exit boundary of some
countable one-dimensional Markov chain is necessary because of this
phenomenon. This is the first new phenomenon, which is common also
for Zf . The second new phenomenon is that null recurrence exists for a
set of parameters which has a positive measure in the parameter space.
We give an explicit solution to our problem. In fact it reduces to finding
stationary probabilities for a finite Markov chain with n states, where n
is the number of two-dimensional faces in the simplex considered, and to
calculation of the maximal eigenvalue of some n X n matrix with positive
entries.

The chapter is organized as follows:
After the main definitions and preliminary results in sections 5.1 and
5.2, we formulate the key theorems 5.3.2 and 5.3.4. The proof of the

98
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ergodicity conditions, using a method of pasting local Lyapounov func-
tions as explained in chapter 3, is given in section 5.5. Transience is
proved in section 5.6, by using a simpler method to construct more
global Lyapounov functions. Proofs of recurrence and non-ergodicity
are presented in sections 5.7 and 5.8. An example of interacting queues,
submitted to different regimes, is worked out in detail in section 5.9.
Possible generalizations are briefly described in section 5.10.

We give now the essential definitions and quote some preliminary results.

Definition 5.1.1 We call a two-dimensional complex T any union of
finite number of copies of R?,,:

(R3)i = {(z1,z2)i :2; 20} , i=1,...,n.

We assume that all origins are identified, i.e. (0,0); ef 0 for all . Also
1) z()
A

il Jm) of one-dimensional faces of T,

some pairs (A
AD = {(z1,0); : 71 > 0}, ALY = {(0, z3); : 72 > 0},

can be 1dent1ﬁed as well. This means precisely that the points of /\(1)

and /\]m lying at the same distance from the origin are identified. We
shall consider discrete time homogeneous Markov chains £ = Lp with
state space T, the integer points of T', i.e. the union of all

(Z%)i = {(zi,22)i : z; > O integers } C (R2);,

taking into consideration the above identifications between them. We
denote the interior part of a generic two-dimensional face by 7\(2), eg

~(2
/\(1 ) = {(:1:1,:1:2)1 L Zy, Ty > 0} .

Introduce also A" A®) — the closures of 7\(1), A® — and AD,AQ) -
the sets of integer points of A" and A® respectively.

Examples

(i) T (or T) is called planar if any one-dimensional face is identified
with at most one other one-dimensional face. This means that T
can be topologically embedded into R2. Here are some examples:

(a) 23,
(b) the union of four quadrants of Z2,
(c) the union of three two-dimensional faces of Z3 .
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(ii) The union of all M%l two-dimensional faces of ZY¥, N > 4, isan
example of a non-planar complex. The simplest example to have
in mind is the union of five two-dimensional faces of Z x Z2, i.e.
the union of two Z‘i having a two-dimensional face in common.

(iii) T is called strongly connected if it is not the union of two com-
plexes T} and T; which have only 0 as a common point.

Let us note that in T any line has a length. Hence, T is a metric
space endowed with the distance p(a,3) between a,3 € T, equal to
the minimal length of a line between them. We assume that the one-
step transition probabilites p,g(a — ) (repeated here for the reader’s
convenience) satisfy the following conditions:

Condition A1l (Boundedness of the jumps)

(i) pap =0 if a, B8 do not belong to the same 7\'(2);
(ii) pap =0 if p(a, B) > d for some fixed d < oo;
(iii) pap = O if at least one component of the vector 8 — « is less than
-1.

Condition A2 (Mazimal space homogeneity)

Let a,a’ belong to the same (open) face A which can be one- or two
-dimensional. If A c A (i.e. A =A@ or A is a one-dimensional face
of A®)) and

ﬁ, - al = ﬁ -,
then
def A
Paf = Pa’f = PB—qa -

Thus our Markov chain is uniquely speciﬁed_b(y a finite number of pa-
rameters p,’), with v € A such that A c A?. We shall also make
some assumptions 04, ...,05, which we call non-zero assumptions and
which exclude from our consideration some hypersurfaces in the param-
eter space (in the sense that they are of measure zero in this parameter
space). Some of these assumptions are made just for economy of space
and time, but others are very essential and will appear now.

Assumption 0; The Markov chain Lt is supposed to be irreducible
and aperiodic.

Then this chain is ergodic if, and only if, any of its strongly connected
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component is ergodic. Therefore, we shall consider only strongly con-
nected complexes T'. For any two-dimensional face A and any a € A, we
define the vectors M(a), the one-step mean jumps from a. They are all
equal to

Mp=> (8- a)pf_oa = M), Va €A.
BeER
If a € A = A, then we define M = M(a) to be the collection of vec-
tors Ma a and M, A, for all A2 D A, such that

MA,A = Z(ﬁ - a)Pﬁ—a )
BEN
MA,/\(Q) = Z (B - a)P;i\—a .

BeA(2)

If one can embed T into RN for some N , so that all A(?) are orthogonal,
then M(a) for & € A1) can be defined as the usual vector of mean
jumps.

Theorem 5.1.2 If, for at least one A = A2, the vector M has both
components positive then L1 is transient

Assumption 0, For any A the vector M, can have no zero component.

Definition 5.1.3 Let A() be a one-dimensional face and ﬂ_/i(l)) be
the set of all two-dimensional faces A such that AV C A). Let
S (AM) € S(AD) be the set of all A such that M,a looks onto
A, e its component perpendicular to A(Y) is negative. Accord-
ingly, S_(AW) =S(AM) — S (AD). We call A?® € S, (AD) (resp.
S_(AD)) an ingoing (resp. outgoing) face for AV, If S, (AM)
= S(A(D), then A is called ergodic.

Definition 5.1.4 Let us consider a one-dimensional face AV and a
point & € A1), For any two-dimensional A € S(AM), let us consider
the half-line C%,, which belongs to A and is perpendicular to A() at the
point a. We call a hedgehog the following one-dimensional complez:

Hpgy = U C//\\(xw
AES(A)

For different o € A(!), these hedgehogs are congruent in the obvious
sense. Let us consider the Markov chain £,q), with set of states H,a)
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(we call it the induced Markov chain for A(1)) and one-step transition
probabilities which are the following projections:

(1)
Qo =§ Pap » @,BE Hpy
ﬁ’

where the summation is over all 3’ such that 3’ belongs to the same
face as B and (if this face is A = A(2)) the straight line connecting 3
and B is perpendicular to C,Ql . From the homogeneity conditions, it
follows that the induced chain for A() does not depend on the choice of
ae AW,

Assumption 03 For any A the induced chain £ A is irreducible and
aperiodic.

Then L,q) is ergodic iff A g ergodic. This explains the word. Let
wam (h) be the stationary probabilities of Ly, b € Hoqy, in the ergodic
case.

We define, for any ergodic A(Y), a number va), the second vector field
on the one-dimensional ergodic faces

Ua)) = Z WA(l)(h)PTA(n)M(h),
hEHA“)

where Pr ) means orthogonal projection of M(h) onto A(D. If h e AL,
this implies

PraayM(h) = Maay a0y + z PraayMpmy ao» -

A2)

Theorem 5.1.5 If v,a) > 0 for at least one ergodic A then Lp is
transient.

Assumption 04 vaa) # 0 for all A1),

The sign of vy, is easy to calculate, as shown in the following

Lemma 5.1.6
sgn (v ) = sgn (M,\m,A(l)

A2
Q,\(l)M/\(l),/\O)

+ z Praay | Maom a@ +Ma 0P M :
A A@)

AR AN AP
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where Qﬁgi denotes the projection of a vector in A?) onto the azis of
AP other than A and

sgn(z)=14z>0 and —1ifz<O0.

5.2 Random walks on hedgehogs

For a given hedgehog H,u), we call C (,, its bristle. A bristle C,’\‘((,))
is called ingoing if A(®) is ingoing, i.e. if the number (representing the

mean jump along the bristle)

AD

ma =Y (b —h) ghyr (5.1)
hl

which does not depend on the position of h € C/':((f)) , is negative.

When A() is not ergodic, we shall define the scattering probability
psc(AD), AP, for A € S_(A(D), which 1s the probability that the
random walk will drift to infinity along C% (,, Under our simplest ho-
mogeneity assumptions, this definition does not depend on the initial
position, provided that this latter is either at the origin of the hedgehog
or on some ingoing bristle. Thus we can assume that it is at the origin
0€ Hyw.

Computation of the scattering probabilities
Let us fix A(D,A® and put gup = q,’},(:,). It is clear that

0wy = ey P
se(A) A2 = A , 5.2
Pacl ) Eo;u.e”m qon p(h) (5:2)

where p(h) = pa@ (h) is the probability that, starting from h, the par-
ticle on the hedgehog will never return to 0. Formula 5.2 follows from
the fact that

Psc(AM), A®) = Const Z qon p(h)
hecr

where Const does not depend on the outgoing A(2). We shall show now
that

p(h)=1-(1-7)", (5.3)

where v = p(1) is the unique root inside the unit disc of the equation

=3 g A=y, (5.4)
hl
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with h € C,’\‘((f))/{O} (e.g. we can take h=1), and b’ € C,’\‘((f)) The proof
is easily obtained from the recursive relationship

p(h+1) =p(1) + 1 — p(1)]p(h)
and standard generating function methods.

Proof of lemma 5.1.6 : Let H,u) be a hedgehog such that all m,(
. . . AD
are negative, for all its bristles C7,, .Let

TA@2) = Z 7l’,\(l)(h) .

A(2) 2
heCAm NAQR)

We claim that

A®
A Quay Mam a@

- A(2)
o QA(l) My

To prove this, we note first that, for computing the above quantity, it
. . 2) .

suffices to consider a modified random walk on the bristle C,’\‘((l)) , l.e. on

Zi, after slightly updating the transition probabilities. More exactly, we

define gnn' = qnnw, for all bk’ € Cj\‘((f)) , except for goop which is taken

equal to
doo=1- Z qon’ -

r1eA(?)
0#h GCA“)

Then 7 a2 /7o does not depend on this modification and its value in the
case of Z. is a well known result, yielding in particular exact ergodicity
conditions for random walks in Z2. (The point is that, due to the
homogeneity, it is not necessary to compute the exact values of the
wam (h)s .Only the drifts are needed.)

The proof is concluded. [ ]

Remark We have solved an ezit boundary problem, using terminology
from Martin’s theory. See Feller [Fel56] for instance.

5.3 Formulation of the main result

Definition 5.3.1 For given T and L1, we define the following associated
Markov chain M having a finite number of states n =| T |, equal to the
number of two-dimensional faces of T. (It is thus natural to denote these
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vA

M,
()
o) x>
Figure 5.3.1

states by A(?).) The one-step transition probabilities p(/\Sz),/\gz)) of M
are equal to

2\ .
- Pac(AD, AP, if AP € S, (D), AP € 5_(A),
PN, A7) =41, if/\gz) = A§.2) € S.(AM) for some ergodic A,
0, otherwise.

We do not exclude that the associated chain be reducible or periodic.
Let 2, ..., be irreducible classes of essential states. Let us consider
some class 2; with | 2; |> 2. We define the following function f on 2;:
if A®) € 2; and ¢, is the angle between M, (2 and the negative axis
from which M,(2) goes away, as shown in fig. 5.3.1, then we put

F(A?) = logtan(gpm) -

Heuristically, if we are e.g. on the z-axis of A(?) at a point (x,0) and
we move along the constant vector field M () to a point (0,y) of the
y-axis, then exp f(A(?)) represents the dilatation coefficient a = y/z.

o If 9; is aperiodic and m;(A(?)) denotes its stationary probability, we
define

L) = Y. m(AM)f(AD) (5.5)

A e,
e For a periodic 2;, m;(A®) is then taken to be the stationary proba-
bility in the aperiodic subclass containing A(2).

The vector M(%2;) is defined by the same formula (5.5). Perhaps it
will be more convenient to normalize it, multiplying by N(2;)~! where
N(%2;) is the number of aperiodic subclasses in 2;.

Assumption 05 For all 7, L(%;) #0.
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Our main result is the following:

Theorem 5.3.2 Under the assumptions 01,...,05 and if the assump-
tions of theorems 5.1.2 and 5.1.5 are not fulfilled, then L1 is recurrent
if, and only if, for any A; with | Y; |> 2,

L) <0. (5.6)

It appears that (5.6) is not sufficient for the chain to be ergodic and in
fact we will find both ergodicity and null recurrence regions. To that
end, we have to define a new important quantity M (2;), connected with
;. Let us denote by /\82), ceey /\ﬁz), ... the random states of 2; such that

AP e 2.

Lemma 5.3.3 The limit

.1 : def
Jim > log(E]:[tamﬁA‘) = M%) (5.7)
=
ezists and does not depend on /\82) € ;. Moreover
M(2;) = log Ay (2:) (5.8)

where Ay is the mazimal eigenvalue of the n; X n;- matriz, n; =| %; |,
with matriz elements

A(/\E2), A§2)) = p(/\g2), A$2))\/tan ¢/\?) tan ¢A§2) , for /\E2), /\§~2) €Y.
(5.9)

Proof of Lemma 5.3.3 : Let us note first that for any two vectors
11,1y with positive components

lim -1—

Npy -
Jim = log(l1, ATh) = log Ay

and then we notice that (5.7) can be represented in such a way.
Assumption 0g For all i, | 2%; |> 2,
M) #£0. (5.10)

In the following theorem we assume also that all states of M are es-
sential. In general, the limit (5.7) can depend on the initial inessential
state. All the proofs however are completely the same.
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Theorem 5.3.4 Under the assumptions 04,...,0¢ and if the assump-
tions of theorems 5.1.2 and 5.1.5 are not fulfilled, then Lt is ergodic if,
and only if, for any A; with | Y; |> 2,

L(2%;) <0 and M(2;) <0. (5.11)

This implies that, if for all i we have (5.6), but for at least one i we
have

M(2;) > 0,

then Lt is null recurrent.

Remark Because of the inequality
log E€ > Elog¢,

valid for any positive r.v. £, we always have

L(%:) < M(2). (5.12)
In particular, if
M(2;) <0,
then
L(%;) <0.

The practical computation of the ergodicity conditions can be achieved
according to the following sequence of steps:

(i) calculate the vectors of mean jumps;
(i) calculate sgn vaa) for all ergodic A(Y), using lemma 5.1.6;
(iii) calculate the scattering probabilities, using formulas (5.2)-(5.4);

(iv) calculate the stationary probabilities of the associated chain, which
in the general case give rise to a system of | T' | linear equations;

(v) calculate M (%;) using (5.8);
(vi) use theorems 5.1.2, 5.1.5, 5.3.4.

So we get a complete classification up to the assumptions 0y, .. .,0s.
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5.4 Quasi-deterministic process

Here, we introduce an auxiliary process 7, on T with t € R, . Consider
a particle 7, moving along the constant vector field M ) (with velocity
M, (2)) on any face A® < T. When it reaches a one-dimensional face
AWM it chooses with probability p(A(), A?) a face /\22) € S_(A(M) and
continues its way along 7\§2) and so on. Thus 7, is deterministic outside

one-dimensional faces. Let 7o = z € T and let
Ti(z) < m(x) < ...

be all the instants when 7, is on a one-dimensional face of T. Let .us
define the discrete time embedded process

Xn = Xn(T) = Nro(a) -

We shall find the conditions of ergodicity, null recurrence and transience
for the process 7;, which will appear to be the same as for the corre-
sponding random walk.

Lemma 5.4.1 Under the assumptions of theorem 5.3.2, the following
conditions are equivalent:

(i) (5.6) holds;
(ii) for any z, xn(x) reaches a.s. any neighbourhood of 0;
(iii) for any x, the time for ny(x) to reach any neighbourhood of 0 is
a.s. finite.

Proof If (5.6) holds, then log x, — —o0 a.s., by the strong law of large
numbers. So (i)== (ii) <= (4i:). Conversely, if we have

L(mt) > 0)

then log xn, — oo a.s., so that, with probability 1, n, cannot reach any
neighbourhood of 0 . n

Lemma 5.4.2 Under the assumptions of theorem 5.3.2 the following
conditions are equivalent:

(i) (5.11) holds;
(ii) the Et,s are uniformly bounded, i.e. Y oo E(Ti — Ti—y) < 00,
70 =0;
(iii) me(z) reaches zero in a finite mean time;
(iv) me(x) reaches any neighbourhood of 0 in a finite meantime.
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Proof Obviously we have
(il) <= (iii) == (iv)

Let us prove (i) = (ii). In fact, if (5.9) holds, then E(x,) exponentially
converges to zero, so that

E(xn) < Ce™°™,
for some C > 0, a > 0 and all n. But also
E(|tn = T-1)| £ CE(xx) -

So we have proved that (i) implies (ii). Let us now prove that (iv) =
(i), i.e. if
L(%;) >0,

then the mean time for n,(z) to reach a neighbourhood of 0 is infinite.
Define now
AEYA;
For any = € TI.Z(QI,-) and any € > 0, let 7¢(x) be the time of first reaching
the set {y € T(2;) :|| y ||I< €} by the quasi-deterministic process n;(z)
(we take 7¢(z) =0 if || X [|<€).
Proposition 5.4.3 Let z € T(%;) and for any € > 0
E(7¢(z)) < o0.

Then for any r > 0 and for any € > 0, we have

1

;E(‘r"(x)) = E(7¢(z)) . (5.13)

This is the obvious scaling property of the process 7. a

Proposition 5.4.4 If there exists = € T(2;) such that for any e > 0
E(m¢(z)) < o0,
then this property holds for any x.

Proof Let us fix such z. Then, for any y € T(2;), there exist t € R,
and r € R, such that

ﬂt(-"’) =Ty,
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with a positive probability. It follows that, for any € > 0,
E(7¢(ry)) < o0,
so that by proposition 5.4.3,
E(7(y)) < oo,

for any € > 0. [ |

Proposition 5.4.5 If there exists z € T(%;) such that, for any € >0,
E(t¢(z)) < o0, (5.14)
then, for any z € T(Qli),
E(m%(z)) < oo,
where T0(x) is the first time of reaching 0 for the process ny(x).

Proof By proposition 5.4.4, equation (5.14) holds for all z and ¢ > 0. As
the number of one-dimensional faces is finite, it follows from proposition
5.4.3 that, for any € > € > 0, we have

sup  E(r¢(z)) < oo
z€T(A:): ||z||=¢

Let us consider the sequence €, =1/2", n=0,1,2,... Let

sup E(t%'(z)) = C; < oc0.
zeT(2:): l|lzl|=e0

Then, for any n, by proposition 5.4.3,
sup E(r*~t(z)) =C;27™. (5.15)

z: |zl|=en
Let now z € T(%;), ]| z |= 1, and put
tl(z) = 1 (z),. .., tF*(z) = t5(z) + T (e () (2)), - - .-

First, we have
tk(z) 1 7°(z) a.s., for k — oo, (5.16)

which in fact corresponds to the definition of 7%(x). Secondly, by (5.15),

k k
Ef@) <y sup  E(rin(y) < Z

Jj=1 ET(m.) lyll= =€;

Ml'—‘
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Hence,
E(7%(z)) < oo,

for all z, as in proposition 5.4.3.
Proposition 5.4.5 is proved. ]

But at the same time, we see, as above, that, if M(2;) > 0, then
E(xn(z)) increases exponentially fast, so that 79(z) = co. We reach
a contradiction which proves the assertion (iv) == (i) and also lemma
5.4.2. |

5.5 Proof of the ergodicity in theorem 5.3.4

Let us first consider the case when there is a single essential class with
at least two essential states. So, no one-dimensional face is ergodic. The
process 7, is called ergodic if the mean time f; of reaching 0, starting
from a point z € T, is finite (for all z). We would like to use f, as a
Lyapounov function for L in the following criterion for ergodicity (see
chapter 2): Lr is ergodic if and only if there exist a positive integer-
valued function m(a) and € > 0, such that

Z 755 fp — fo < —em(a) (5.17)

for € T — Ty and some finite set To C T. Let p((,;), be the transition

probabilities in ¢ steps of the process 7, for o, 3 € T. For a and t given,
they differ from zero only for a finite number of points 3.
Suppose M (2;) < 0. Then 7, is ergodic and therefore, for all a not very

close to the origin,
(1
=1+ przzg

or

Zﬁf} —fa=-1. (5.18)

We note that f, has the following properties:

(i) it is continuous everywhere, except on the one-dimensional faces
where scattering occurs;
(ii) Cy |z |< fr £ Cy | x|, for some Cy, Cy > 0;
(iii) for any two-dimensional face A(?), the function f; has a linear
decrease along any line parallel to M,(z) in the direction of M,(2);
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(iv) due to the space homogeneity, f; satisfies (5.13) with m(a) =1
everywhere, except possibly in some neighbourhoods of one-
dimensional faces. More ?recisely, let us choose some non-ergodic
one-dimensional face A and put, for any 7\(2),

Dpw e (p) = {a: a € AD, p(a, AV) = p}.

Then, if A®) € S_(AV),a € Dyw) a@ (1), (5.17) might not be
satisfied. For this reason, we modlfy our Lyapounov functions as
follows. Define

f‘ :{ f01a ¢ D(pO))
¢ (C2+1)|e], a€D(pm),

where

Po
D(po) = | J U | Pacr a (p)

A A@eS_(AM)) p=0

and po is a constant to be specified below.

Lemma 5.5.1 There exist pg,m,8 > 0, such that (5.17) holds for the
new Lyapounov function f,, with

m, a € D(PO + 1) )
m(a) = s | al, ac€ U/\(l) U/\(ﬁ)es+(/\(l)) ’D/\(l),/\ﬁ)(l) )
1, in other cases.

Proof We choose § > 0 sufficiently small ; then we take po sufficiently
large and then m = m(po) sufficiently large. When m(c) = 1, it is easy
to verify (5.17), due to the linearity property (iv).

Let us fix now a point a € D(pg + 1). One can prove that starting from
a after m steps, we shall be outside D(pp) with probability 1 —e;, where
€1 = €;(m) — 0 when m — oo, uniformly in ¢, with | a | > ag, for
some ag sufficiently large. This follows just from the transience of the
corresponding hedgehog. It follows also that (5.17) holds since, for large
m, we can take €; arbitrarily small with

f(B) = f(B) < Cal| @ | + md) ,
where B ¢ D(po) is the final point after m steps.

Let now a € Doy Ao (1), A® e S, (AM) and & (a) be the position of
the random walk starting from a.
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Let A; € S—(A’). Denote by n(, A;) the point of R2 = A; which is the
unique point of A;, where the process 1, will be found at time ¢, after
having started from . We need the following intermediate result.

Lemma 5.5.2 Lett = 6 | o |. Then, for any e2,e3 > 0 sufficiently
small, there exists ag > 0 such that, for any | a |> a¢ and for any
Ai € S—(A(l)) )

€
| P (&(a) € Ay | &e(@) = me(a Ad) [< ea | a]) = p(A, A3) I< 72 (5.19)
where | = |S_(AM)|.
Proof From the point o € Das A(1), We first make 2(_dei_l)|a' jumps.
Then, for |a| large enough, with probability p; such that
| pi —p(A,N) | <2 31

we shall reach a point a; € A; satisfying

1
p(air Ut(a, /\1)) < 563'&' .

After having started from ¢;, we perform the remaining
€3
§— —=38
( 2(d+ 1)) |

jumps. This will be in fact a translation invariant random walk in Z?
and, using Kolmogorov’s inequality, we prove that, for || large, it will
never go out of A; with probability 1 — €. Moreover, by the law of
large numbers, the final point £;(a;, ) of this random walk satisfies the
inequality
€3 1

2(d+1))|a|)< 2€3Ia|,

with probability 1 — (e2/3l). Putting together all these estimates, we
get (5.19), concluding by the way the proof of lemma. 5.5.2 |

§e(ai, ) — (o + Ma, (6 -

We are now in a position to finish the proof of lemma 5.5.1.
From (5.18), we get

S Y fo—fa=~-t. (5.20)
B

Comparing (5.17) and (5.20) yields
S b fo-fa= Z P fo—Fatnr,
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where

A < € (Cy + 1)|a|(1 + d6) + esla] - (5.21)

Thus, for €2, €5 sufficiently small, we get
. 1
> p) fo = fa < =5 8lal.
This concludes the proof of lemma 5.5.1 and of the ergodicity. [ |

If there are several essential classes, we use the same Lyapounov function
as before inside two-dimensional faces and in a vicinity of non-ergodic
one-dimensional faces. We define it in a neighbourhood of ergodic faces,
exactly as it was done in chapter 4 for Z3 .

5.6 Proof of the transience

Assume that, for the class 2,
L(%;)>0. (5.22)
We shall then prove that L7 is transient.

Let é,(a) be the position of the random walk corresponding to £ with
the initial condition a, i.e. £(a)=ca. Choosing a # 0 belonging
to some A1), we define by induction the sequence of random times
0=79< 7 <...<Typ <...such that

(a) if &r,_, (@) # 0,7y, is the first hitting time (after 7,,—;) of 0 or of
some one-dimensional face different from the face /\f,l_)l to which
&r.._, (a) belongs;

(b) if &, (o) = O for some 7y, then Tptq = Tn + 1.

Let us consider the new Markov chain (,(a) = &, (a) , (o(a) = a,
the state space of which is the union of all one-dimensional faces |J A(!
and 0. The probability of sometimes hitting 0 is identical for &,(a) and
¢n(a). So it is sufficient to prove the non-recurrence of {,(c).

Lemma 5.6.1 Let us consider two one-dimensional faces A(1), /\(11), and
the corresponding two-dimensional ones

AP e 8, (A W), A® e 5_ (AN 8L (AM).
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Then, for any € > 0, one can find Dy > 0 such that, for any B € ALV |

D,
18l
(5.23)

[P (18 € A1 161(B)] = tan @yl < elBl) - p(A,AD)| <

Proof Let us note first that, for any /\%2) € S; (AW), we have
p(A{, A®) = p(A57, A®))

As the jumps are bounded, we have 71 > [|8]/d] a.s. It follows (see
theorem 2.1.7) that there exist &;,82, Dy > 0, such that, for any 8 € A(D
and any t € Z,,t < [|8|/d],

P (p(€(8),A®) < 61t) < Dy e~
We also have

|P (0é(8),AD) > 81t, £(B) € A®) = p(A{, AD)| < Ca e,
(5.24)
for any t < |B|/d, where Cj is a positive constant.
For any €;, where 0 < ¢; < 1, and ¢, = [€;|0]|/d], we have

|€:,(8) = Bl < erlBl. (5.25)

To prove (5.23), it is sufficient, by (5.24), (5.25), to prove that, for &, (3)
such that

p(étl(ﬂ)v/\(l)) > 6ty )

and for any €2 > 0, there exists a constant Cy = Cy(€1,€2) > 0 (not
depending on 3) such that

P(ér (8) € AV, o€, (B), &, (B) + (11 — t1)Maw)
> 2181 | (e (8), AD) > bt1) < %‘ (5.26)

To prove (5.26), we consider A(?) embedded into Z? and the space ho-
mogeneous r.w. £, t € Z,., on this Z2, with the initial position

£6 = étl (ﬂ)
and one-step transition probabilities
P(a,f)=p'(a+d,f+ ) =p(a,B),
foralla,B e A® | o € Z2.
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Let 7/ be the first hitting time of /\(1‘) by &;. We can choose T € Z,, and
€3 > 0, so that

p(€0, N D) > 63t = [ 1|ﬂ|] > e3|f|
and
p (6o, /\(11)) + TPranyMae + €3|0]
<1BI(1 + €1) + TPraoy My + es|f8] <O0.
Let us note that, if

max |6} — € — My t| <€
max, 1§ — &0 — Mao» t| < €51,

then 7/ < T and & € A? for all t < 7. From this remark and
Kolmogorov’s inequality, we obtain

P (€n.(8) € AL, plén (B), 81 + Myen (11 — 1)) < ealBl [ (8))
2 P( max |&(8) — €, (B) — (t —t1) M| < €3|5|lét.(ﬂ))

telt,m]

P ( max Iét §0 - tMA(2)| S €3 IB')

te(0,7’]
2P (telﬁ‘! 16 = &0 = tMyon| < éslﬂl)
T
181’
for some constant Cs > 0. The last step to derive (5.26) is achieved by
choosing T such that

21-

T < Const |B|.

Lemma 5.6.1 is proved. [ |
It follows from lemma 5.6.1 that, for any sequence Ag,...,A, € 2; of
two-dimensional faces, for any @ € AgN'A; and any € > 0,n € Z_, there
exists Cg = Cg(€,n) not depending on a € Ag NAq, such that, setting

U = P{Ck(@) € Ak NAk+1, [Ck(@)]

> (tan@a, — €)|Ck-1(a),k =1,...,n},

V= p(AOy AI)P(/\I, AQ) .. ~p(/\n—l1/\n) )

we have

U-v|< (5.27)



5.6 Proof of the transience 117

Let us choose € >0, § > 0 and n € Z,, so that, for any Ag € U;,

n

Z Zp(k)(/\o,/\(z)) log(tan ¢z —€) > 86 >0. (5.28)
k=1 A@

Due to (5.22), it is always possible to satisfy (5.28), since

1 n

=5 " p®)(Ag, A®) 5 7 (AP | asn — 00,

™ =1
for any Ao, A, whenever Ao is an essential state of the associated
Markov chain.

To prove the transience of {x(a), k € Z,, it is sufficient to prove the
transience of the chain ny = (uk(a), k € Z,. We shall use Foster’s
criterion (see chapter 4) recalled here: if for a Markov chain with state
space X and transition probabilities p;; , 7,7, € X, there exist a positive
function f defined on the state space X and a set A C X, such that

{ YjexPij fi<fi , VieX-A, and
infica fi > supjex—_a fj,

then the Markov chain is transient. We shall define f on the state space
of Nk-

—L__ ifa#0 and a e A® , for some A €9,
fla) ={ log3la]

1, in the other cases.

Let us prove that, if |no| is sufficiently large, then
E(f(m)) < f(no) - (5.29)
In fact, if f(no) = 1, then (5.29) evidently holds. Let now
1
700 = fogapng) o140 €N

for some one-dimensional face A1), Then, by (5.27),

E(f(m)) < ]
1 6
Al;:mp(/\o, M) Pt M) el 20

where Ag € S_(A(1), Ag € ;. But, for |no| sufficiently large,

-1
[log [3|no| H(tan dn; — f)”

j=1
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-1
1

= 1+
log 3|no| 10g3|n I

Z log(tan ¢A; —¢)

1 ?_,log(tan ¢n, — €
< _ Zg= 1o ¢;’ ) v o (——1 2) : (5.31)
log 3ol (log 3|mol) (log 3|mol)
From (5.30), (5.31) and (5.28), we get
Cs 1 ) 1
b - +o .
BUE) < 501 ¥ Toginal ~ Tlog3ma? + *{log3mol?’
Transience is proved. |

It is worth noting that theorems 5.1.2 and 5.1.5 are in fact contained in
theorem 4.1.3.

5.7 Proof of the recurrence

Here for simplicity we also assume that the associated chain has a single
essential class with at least two essential states. Let

L=L®) <o. (5.32)

We shall show that Lr is recurrent. As in the proof of transience for
any one-dimensional chain A(!) and any a € A1), a # 0, we introduce
a Markov process (,(a), n € Z, (see the definition of this process in
section 5.6). To prove the recurrence of Lr it is sufficient to prove the
recurrence of (,(a).

Let us choose € > 0, 5> 0, n € Z,, so that, for any state /\(2) € 2, the
following inequality holds:

#
Z Z P(k)(/\(()z),/\@)) log(tan axw) + &) < —8. (5.33)
k=1 A(2) €A

By (5.32) this is always possible as for any states /\(2) A®?) € 2 we have

Zp(k)(/\(2) /\(2)) —_ 7r(/\(2))
k__

To prove the recurrence of the chain {x(a), it is sufficient to prove the
recurrence of the chain ng(a) = (rx(a).

To that end, we use the well known recurrence criterion given in chap-
ter 2, theorem 2.2.1, which we recall now:
A Markov chain with the state space Z, and transition probabilities



5.7 Proof of the recurrence 119

Pij, 4,3 € Ly, is recurrent if there exist a non-negative function f on
Z, and a finite set A C Z,, such that, for anyi € Z, — A,

Y opiifi—£<0
J€Z4
and fj — 0o as j — oo.
We define the function on the state space of n; putting for any a # 0
f(a) = log3|a| and f(0) =0.

Let us show that there exists D > 0 such that for any a belonging to the
state space of 7, and such that |a| > D, the following inequality holds:

E(f(¢a(a)) < f(a). (5.34)

After this the proof of recurrence of 7 and so & will be finished.

Lemma 5.7.1 Let A1) be some one-dimensional non ergodic face and
let B € AV NT. Let 71(B) be the first time the process &(B3) hits a
zero- or one-dimensional face different from A(1). Then one can find
constants q; > 0, Cy > 0, k1 > 0, which do not depend on B and are
such that, for anyt > q1|0],

P(ry(B) >t) < Cre™

Proof It easily follows from theorem 2.1.7 that, for any ¢ty € Z,,

p (Tl(ﬁ) >ty, 3t € Zy, by <t < 1(B), p(€(B),AD) < 6’t1)
e, (5.35)

where 8’ > 0, ¢ > 0, & > 0 do not depend on 8 € A()) nor ont, € Z,.
Moreover, due to boundedness of the jumps for &;(8), we have, for any
t1 € Zy,

€, (B)] < 18] + dt1. (5.36)

Let us note that, for any two-dimensional chain /\(2), the vector M, (2
has at least one negative component and therefore, by again using the-
orem 2.1.7, for any A®), any a € A NT and any ¢, € Z,,

P&(a)e A t=1,... 1) <" ehlal=r"tz (5.37)

where the constants ¢ > 0, k” > 0, k > 0 do not depend on A?) o €
A® noronty € Z,. Let now some t € Z,. be given. Let

=, ta=t—t,.



120 5 Random walks in two-dimensional complezes
Then it easily follows from (5.35)—(5.37) that

P(ry(B8) > t) < ' e 4 " exp {h|] + hdvt — "t(1 - )} .
Lemma 5.7.1 is now obtained by taking v > 0 sufficiently small. ]

Lemma 5.7.2 Let us choose /\(ll),/\gl) and
AP € 8,(AP), AP e s () nsp(af)).

Then there exist constants qu > 0, k3 > 0, ca > 0 such that, for any
B e /\(ll)ﬂT and any r > qg,

P (¢1(8) € AL, 161(B)| 2 |Bl(tan g0 +1)) < o ™18,

Proof Let 8 € /\(ll) NT. Let 11(B) be the first time the process
&:(B) hits some one-dimensional face different from /\gl) (we recall that

€1(B) = &n(8)(B))-
By lemma 5.7.1, for any t > ¢|8],t € Z,, we have

P(mi(B) > t) <cp e (5.38)
On the other hand, from the boundedness of the jumps of & (0),

P (£n9)(B) € AV, [6n(0) (B)] - 1Bl tan b, > 2 (8)) =0. (5.39)
From (5.38), (5.39), for any t > ¢|8|, we get

P (Er.(p)(ﬂ) € A, |€n5(B) > 18] tang,a + 2dt) <cre™®
This concludes the proof of lemma 5.7.2. ]

Now we shall prove the inequality (5.34). Choose some A1), a € ADNT
and AP € %, A € SL.(AM). Let e Z,, é>0, 5> 0 be the con-
stants of (5.33). It follows from lemma 5.6.1 that there exists a constant
¢ > 0 such that, for any sequence of two-dimensional faces Ay, ..., Az € A,
where o € Ag N'Ay, the following inequa.lity holds:

U-V|<—= (5.40)

where we have set

U=P (Ck(a) € Ak NAk+1,k=1,...,7,|C(a)| <L H t.anc;b/\ +€) ,

V =p(Ao, A1) -+ P(Ai-1,Ai).
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Moreover lemma 5.7.2 shows that there exist constants ¢>0,x>0,qg>0
such that, for any sequence of two-dimensional faces Ay, ..., Az € such
that a € Ag N'Ay, and for any k > gq,

P (Ck(a) € Ak NAks1, k= 1,...,7,|Gi(a)] > |of [[(tanga; + k))

Jj=1
< ce~"klal, (5.41)
From (5.40) and (5.41) it follows that

E(f(G@) S f@+ Y,  p(ho,A1)...p(Aa-1,A5)
Al AGEA

x log H(tan on; +6) +0(a),
j=1

where 6(a) — 0 when |a| — oco.

From the latter inequality and using (5.33) one gets (5.34).
Recurrence is proved. [ ]

5.8 Proof of the non-ergodicity

Let there exist an irreducible class of essential states 2A; for which
M) > 0. (5.42)

As in the proof of transience, we consider, for any one-dimensional face
AM and any o € AD AT, the random walk &(a) with &(a) = a,
corresponding to L7. Define the sequence of stopping times

T0(a) =0,71(a),...,mm(a),...,

where, for &, (@) # 0, Th+1(c) is defined as the next time (after 7,(c))
the process £;(a) hits either 0 or some one-dimensional face different
from that of &, (). If &, (a) =0, we put 7,41(c) = Ta(a), etc. Let

Cﬂ(a) = 61'..(0)(0)) n€y,
vie) = inf{[neZy:&, o) =0}.

From the definition of 7,(a), n € Z., it evidently follows that 7, (4)(c) is
the first time when &;(a) hits zero, so that 7, (a)4n(@) =Ty (a)(@),n € Z4.
In order to prove the non-ergodicity of &;(a) it is sufficient to show that

E[rp(a)] = 00, and n — o0 .
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Lemma 5.8.1 For any one-dimensional face AV, any a € A1) and
anyn € Z,,

Tnt1(a) — Ta(a) > |§r,.(a)| a.s.

To prove this lemma it suffices to note that, for each one-dimensional
face A(1) and any a € AL,

Ti(@) > |o|as. ,
and then to use the relation

Tat1(@) = Ta(a) + 11(&r, (a)(@)) as.
|

Now let us denote by ©(2;) the set of all one-dimensional faces A(!) for
which

S_(/\(l)) NA; #9D .

We define the following function f on the set of states of (,(a) =
€raia)(@):

£(6) = 18|, if 8 € AONT ,with A() € B(2),

“ 1 0, otherwise.
Lemma 5.8.2 There exist constants € Zy,5 > 1,¢ > 0 such that, for
any one-dimensional face A1) and any a e A(UNT,

E(f(Gi(@)) 2 7f(a) - ¢. (5.43)

Proof For any A() € ©(2;) and any z € ADNT the inequality (5.43)
evidently holds for all ¥ > 1, >0, € Z,..

Now, consider the case A(1) € ©(%;) and choose 7 € Z,, € >0 and
4 > 1, so that, for any /\82) €2,

Z p(Ag)Q)aA(lz)) : A$12_)1’A(2) [H tan ¢A(2) - 6] > :i'

AP ADea,

1
(5.44)
This choice is possible by (5.42) and lemma 5.3.3. Consider now some

A e 6(2,), /\82) € S;(AM), a e ANT. From lemma 5.6.1, it easily
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follows that

E(f(¢a(a)))
7
2lal Y A AD) RN AT HtaH¢A<z)—6 -¢,
Agz)v yA(Z)GQ(i =

(5.45)

where & = c(#, €) is a positive constant which does not depend on A(1)
or on a € A, Then (5.44) follows from (5.45), (5.46).
Lemma 5.8.2 is proved. [ |

Let us now prove (5.43). From lemma 5.8.1 it follows that for any one-
dimensional face A, any B € AUNT and any n € Z,,

E(mn+1(B) — m(B)) 2 E(f(¢a(8)))- (5.46)

From lemma 5.8.2 it follows that, for any A()| any 8 € A N T and
keZ,,

BUGEN 27 [16) - 5] (5.47)

where » € Z,,7 > 1,¢ > 0 are the constants we sw earlier in lemma
5.8.2.

Let A(D € 0,(2),8e ADNT and f(B) = |8] > -r——f +1.

Then using (5.47) and (5.48), for any k € Z+, we have

k
Ema(B) 2 Y E(rja1(B) — 754(8))
j=0

(5.48)

v
vghe
s
=
Ly
-

so that
E(tn(B)) — 00, asn — oo .

The non-ergodicity is proved. [ ]

5.9 Queueing applications
First we shall describe two models which in some sense are dual.
Model 1 A single service station has two infinite buffers 1 and 2,
&(t), © = 1,2 being the number of customers in buffer ¢ at time ¢. There

are two independent Poisson arrival streams with intensities A;, 1 = 1,2,
to the buffers i = 1, 2 respectively.
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The station can serve the buffers according to several regimes numbered
from 1 to N. For a given regime j, the station serves the buffers, ac-
cording to independent exponential service times with rates p;; and
pa; respectively, provided that both buffers are not empty, i.e. £ (t) #
0, &(t) # 0. When one of the buffers is empty, the service rate is taken
to be equal to u. One can imagine changing algorithms, prophylaxis or
commuting context, etc.

Let r(t) denote the regime of the station at time ¢. Let us assume that
r(t) =k, &(t)=0, &(t)#0 andlet 7>t be the first arrival of a
customer at the buffer i. Our assumption is that, at time 7, the regime
suddenly changes to r() = I, with probability pl,, v, p, = 1. Simi-
larly, we define the probabilities p2,.

If¢; (t) = &(t) = 0, then we do not specify the protocol, since it has no
influence on the ergodicity of the system.

Model 2 Let us consider a customer (computer, bus etc.) which has
access to N databases, but can use at time ¢ at most two of them,
r1(t) and rq(t), where r;(t) € {1,...,N}, i =1,2. This user has two
buffers 1,2 accumulating data coming from the databases r1(t) and ro(t),
respectively. Let A; be the intensity of arrivals from the database i, ¢ =
1,2. Let &;(t) be the number of units in buffer ¢ at time ¢ (necessarily
issuing from the database r;(t)).

Under the condition &;(t) > 0, &(t) > 0 and r;(t) = k;, i = 1,2, the
customer serves the buffers with the following intensities:

(a) /.l,i‘,, when serving one unit from buffer ¢;
(b) ukyk,, when, simultaneously, one unit from buffer 1 and one unit
from buffer 2 are served.

When e.g. &(t) =0, &(t) # 0, the user switches to another database.
The intensity of switching to database k is

Ak, £()

where [ is the later database used by buffer 1. In a similar way, we
introduce

Aa(k; €1(2), 1) -

It is also assumed that the above swiching is accompanied with the
arrival of one unit from the database K at the corresponding buffer.

In model 1, a regime corresponds to a quarter-plane. In model 2, a
single database corresponds to a one-dimensional complex and a pair of
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databases corresponds to a quarter-plane. Both models can be treated
with similar methods, since they induce random walks in two-dimensional
complexes. They do not completely fit our main theorems, as the prob-
abilities of jumps from one-dimensional faces depend on the last visited
quarter-plane. We could solve this case also, by applying similar meth-
ods. Instead of this, we shall discuss in more detail a particular case of
model 1.

Analysis of model 1

Let us consider the set P of all 2N pairs (i,k), i =1,2andk=1,...,N.
Thus (1, k) and (2, k) can be considered as the one-dimensional faces of
the k-th quarter-plane. We assume that P is subdivided into M < 2N
equivalence classes «, so that (i, k) and (4,!) belong to different classes if
1 # 7. This is equivalent to a gluing of the corresponding one-dimensional
faces. Let a(, k) be the class to which (%, k) belongs.

So we assume that p}, = 0, if (i, k) and (i,!) belong to different classes
and that p}; depends only on o = af(i, k). We shall write ad libitum pa
instead of p}, if (¢, k) € a. Our process is a triple (£;(t), &(t), r(t)) and
forms a countable Markov chain.

Correspondence with the random walk

Let us consider the N quarter-planes (Z2+),~, 1=1,...,N, glued together
and let r(¢) take the values 1,..., N. The one-dimensional faces corre-
spond to the equivalence classes which have been introduced in the above
gluing. This defines in fact a complex T. It will be convenient to con-
sider an embedded discrete time Markov chain instead of the original
chain which is in continuous time. To that end, we choose ¢ > 0, suffi-
ciently large (the ergodicity conditions do not depend on the choice of
this constant), and we define the following transition probabilities on T'.

For k,l > 1,(k,l); € (Z2 )i, we can write

ALK =k+1, V=1,
M, kK=klU=I1+1,
pi, K=k=1,1=1,
poi , K=k, I'=1-1.

cp|(k,1)s, (K, U')i) =
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On the boundaries,

cp((0,1);, (0,)i]

cp((0,)a, (1,V)]
cp|(k,0);, (¥',0);]
cpl(k,0)q, (K',1);]

We write (0,1)q = (0,1);, if (¢,!) € a and, similarly, (k,0), = (k,0); if
(4,k) € a. The probabilities p[(k, l);, (k,!);] are defined by the normal-
ization condition.

N, V=141,
{l" ) l,=l-l,
Alpou'yl’-—-la
{/\1 , k"—‘k-{—l,

p , K=k-1,
Mpaj , K =k.

Il

Mean jumps Up to the multiplicative constant C~!, we have the
following possibilities:
o if /\22) corresponds to the regime %, then
def
M; S M, @) = (A1 — p1i, Ao — pas) ;

o if /\9) corresponds to the equivalence class o, then

Mao & Proo) [M,0) @] =Xa — b,
where Ao = A1 (resp. Aq), if £2(t) = O (resp. &1(¢) =0) ;

M., % p _ (0, A2pat), if & corresponds to £3(t) =0,
ol NN (Mpat,0), if @ corresponds to &;(t) =0

(Recall that &;(t) is the content of buffer ¢, i = 1,2, at time ¢.)

Transience and ergodicity Should there exist only one regime, e.g.
7, then necessary and sufficient conditions for the system to be ergodic
for all u > 0 sufficiently large would be

A < Hij 1=1,2. (5.49)

In fact, for several regimes, sufficient ergodicity conditions are: inequali-
ties (5.49) hold for allj = 1,..., N and p sufficiently large. In this case,
the system is ergodic, independently of the p},’s. As is to be expected,
these conditions are not necessary and we get, below, the exact neces-
sary and sufficient conditions, which connect the parameters p};, Ai, pij
together. In particular, we show that if, for some i, 7, we have

Ai > pij
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then, for some p},, the system may be ergodic. However, theorem 5.1.2
yields the following.

Corollary 5.9.1 If there exists j such that

AL > prj, A2 > poj, (5.50)
then the system is transient. .
We note that a one-dimensional face A% (or simply the equivalence

class o) such that (1,k) € a is ergodic if and only if Ay < pgk. In this
case, we have (see section 5.1).

A
sgnVam =sgn |do—pt 3 [(/\1 k) 'T‘;’;k]

ki(1,k)€a

One could write similar formulas for ergodic faces ALY, such that (2,5) €
a. This will be summarized now. Let us assume that, for all ergodic ¢,

ki: (1, k)€a ”Jk

Then the following proposition holds.

Corollary 5.9.2 For the Markov chain LT to be ergodic, it is necessary
that, for all ergodic a,

—p+ Z “‘.k iPak < 0. (5.51)
k:(4, k)Ecx ik

Theorem 5.3.2 gives the necessary and sufficient conditions for ergodicity
in the cases which are not covered by corollaries 5.9.1 and 5.9.2. To show
even more explicit computations let us consider a system admitting only
two classes, a; and ag. In the usual language of queueing theory, this
means that the quantities

PL=pPl , Pu=DP; (5.52)

do not depend on k. Let us classify the regimes in the latter case. The
regime j will be said to be 1-outgoing if

Ao > H2j - (5.53)

We have seen in this case that, for the system to be ergodic, it is neces-
sary to have

A1 < pij -
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The set of all 1-outgoing regimes will be denoted by A;. Similarly, we
define 2-outgoing regimes A;, when
A2 < paj, AL > B1j - (5.54)

Clearly, for all other regimes (belonging to {1,...,n}\(A4; U Ay)), we
have

A1 < pij, Az < pgj .
Let us note that the stationary probabilities of the associated Markov
chain (irreducible and aperiodic) are given by

def (A(2)) %Pac(/\(l), /\$2)), (5.'55)

where A(Y) is o for 1-outgoing /\,(2) and ag for 2-outgoing /\,(2). Using
(5.2), we have, e.g. for 2-outgoing A,
A
Pac(AD Ay = _J01_Ta®) (Z)"m ,

q01 Y@
A(2)

where v = v, (» is defined from equation (5.4), which reduces to
(3

Ml =9) +p1(l =) = (N +pu) =0,

whence
_ B

=1 .
v by

Define the following real number:

[A2 lml] 2( P'2j>
lo Aops [ 1 ——=%
2 g[ul “al] TP T N

_ JEA

S SpeT A

JEA

We can define M; in a similar way. Our final result, for the example
under consideration, is contained in the next

Theorem 5.9.3 Assume in model 1 that (5.52) holds and both Ay and
Ag are not empty. Then the system is recurrent if
M+ M;<0

and transient if
M+ M;>0.
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Let us consider a system with only two classes a; and oy, under the
following assumptions:

o there is only one 1-outgoing regime 7 = 1, and
A2 > pg1, Ay < p1p;
o there are only two 2-outgoing regimes j = 2, 3,
A2 < pgg, A1 > pa,
and
A2 < po3, A1 > w3
o for the other regimes 7 =4, ..., N, we have
Ay < pg; and Ap < pyj .
Then the matrix (5.9) in the present case is given by

Ay = Ay =Azz= A3 =A3=0,
Ay = \/tanq&/\gz) tan¢Agz),

A3 = \/tan ¢/\§2) tan ¢/\£2) ,
Ay \/tan ¢,\§a) tan ¢,\g2) 3,

tang, (o ta 3.
\/ ¢A£2) n ¢Ag2) P3

Ajs
One can show that the maximal eigenvalue of this matrix is given by
/\f = p% tan ¢ AP tan¢ AR + p% tan ¢ A® tan ¢ AR -

The above conditions imply the following result.

Theorem 5.9.4 Assume in model 1 that (5.52) holds and A, = {1},
Ay ={2,3}. Then the system is ergodic if

1 2 2
=3 log [pg tan ¢ AR tan ¢ AR +p3tang A® tan ¢ /\(32)] <0

and non-ergodic if
M>0.

Note that under the conditions of theorem 5.9.4 it is not necessary to
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calculate the maximal eigenvalue of the matrix (5.9). It is sufficient to
note that, for any n € Z4 in (5.7), we have

2
E ﬁ tan éa;|Ao = A(IZ) = [E (tan B, tan da,|Ao = /\?))]n’
j=1

5.10 Remarks and problems

Remark 1 In our case, we could have defined an associated Markov
chain with a different set of states: {A())} instead of {A(®} with transi-
tion probabilities '

p(AD, ALY = p(A® APy,

for any A® € S, (A1) and the unique A € S, (A{Y)nS_(AD), if
such /\(12) exists, and 0 otherwise. In the more general case when Condi-
tion A1l of section 5.1 (boundedness of jumps) is not satisfied, the situa-
tion becomes more complicated : the scattering probabilities depend on
the ingoing bristle of the hedgehog. Thus the probabilities p(A(®, /\(12))
and p(/\(22), /\(12)) can be different for different A(?), /\%2) € S;(AM). But
this case can also be taken care of, using the same therapy.

Remark 2 It is of interest to generalize our results to the case when
the simplexes of our complex are not Z2, but angles in R2 or in Z(+2).
Of special interest is the situation when these angles in Zi are not
commensurable with .

Remark 3 Our methods permit the classification of random walks
in ZQ’ under the same non-zero and homogeneity assumptions, when all
vectors of mean jumps inside all faces A, with dim A > 3, have their coor-
dinates negative. Then Mx, with dim A =1 or 2, will become vectors
which can be determined from the corresponding induced chains.

Remark 4 We want to show now that all our assumptions have Lebesgue
measure 1 in the parameter space. Indeed, assumptions 0,,03 are ful-
filled when all the p,g’s are positive. Assumption 0, is satisfied, except
for a finite number of hyperplanes. Finally, assumptions 04,05 are ful-
filled except when v, in lemma 5.1.6 is equal to zero.
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Stability

The present chapter is devoted to the continuity of stationary distri-
butions for families of homogeneous irreducible and aperiodic Markov
chains. In section 6.1 we give a necessary and sufficient condition for
this continuity. In section 6.2 we present constructive sufficient condi-
tions for the continuity of the stationary probabilities in terms of test
functions. Finally, section 6.3 deals with the continuity of random walks
in ZV.

6.1 A necessary and sufficient condition for continuity

Let us consider a family of homogeneous irreducible aperiodic Markov
chains { L} with discrete time and countable set of states A = {0, 1, .. .},
for v € D, where D is an open subset of the real line. By p;;(t,v) we
denote the t-step transition probability from the point i to the point
j in LY. Everywhere in this chapter we assume that the p;;(1,v) are
continuous in v for all v € D and 4,7 € A. For the sake of brevity, we
will write

def
Pij(U) = pij(1,v) .

Lemma 6.1.1 The p;;(t,v) are continuous functions of v (v € D) for
every natural number t and alli,j € A.

Proof We prove the lemma by induction. For n = 1 the function
pij(1,v) is continuous in v for any 4,5 € A. We have

Pis(n+1,0) =Y par()prs(n,v) = Y de(v). (6.1)
k=0 k=0

131
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It follows from the inclusion hypothesis that the ¢x(v) are continuous
functions of v for any k. We have

Zpik(l’) =1 (veD). (6.2)
k=0

Consequently, the series (6.2) consisting of continuous functions con-
verges uniformly with respect to v € D, and pix(n,v) <1 for any k,i,n
and v € D. These two conditions lead to the uniform convergence of
the series (6.1). The sum of a uniformly convergent series of continuous
functions is a continuous function. Consequently, the p;j(n -+ 1,v) are
continuous in v. The lemma is proved. n

On the set Alet {m;(v),j € A, v € D} be a given family of distributions,
where D is some open subset of the real line. We have

Y miv)=1 (veD).

JEA

Definition 6.1.2 The family of distributions {n;(v),j € A, v € D}
satisfies Condition )\ at the point vy € D 1if, for any € > 0, there exist
6§ > 0 and a finite set B¢ C A such that

Y mv)<e, (6.3)

JEA\B*

for all v with | v — g |< 6.

Let the chains L” be ergodic for every v belonging to some neighbour-
hood Uy C D of zero.

Theorem 6.1.3 The stationary probabilities 7;(v) depend on v contin-
uously at v =0 for all j € A if, and only if, the family of distributions
{mj(v)} satisfies Condition A at the point v = 0.

Before proving this, we make the following remark. Following Pro-
horov [Pro56], we form the metric space D(A). To that end, we de-
fine the distance L(u1,u2) between any two measures py and pp on
A={0,1,...,n}, so that convergence in the sense of this distance is
equivalent to weak convergence of measures. The collection of all mea-
sures on A together with the function L(p1, p2) forms the metric space
D(A). Still in accordance with [Pro56] we introduce the following defi-
nition.
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Definition 6.1.4 A set T of measures on A satisfies Condition x if

(x1) the values u(A),p € T, are bounded,

(x2) for any given € > 0, there exists a finite set K. of points such
that u(A\ K¢) <e, forallpeT.

In [Pro56] it is proved that for t C D(.A) to be compact, it is necessary
and sufficient that Condition x be satisfied. For {m;(v)}, Condition x
obviously implies Condition A. Therefore, as a result of theorem 6.1.3,
we have the following theorem.

Theorem 6.1.5 In order that the stationary probabilities w;(v) depend
continuously on v for all j € A it is sufficient that the family {m;(v)} of
distributions be compact in D(A).

Let us pass to the proof of theorem 6.1.3. Let {;(v)} satisfy Condition
A at v = 0. We prove that m;(v) is right-continuous at v = 0 for any
7 € A (the left continuity can be proved analogously). Take an arbitrary
€ > 0. Condition X\ implies the existence of a vy > 0 and a finite set
k¢ C A such that for any v for which

0<v<yy (Condition a)

we have the inequality

Z me(v) <e. (6.4)

ke A\Be
We prove that, for any j € A, there is a v (j) such that, for 0 < v < v1(j),
|mj(v) — m;(0)] < 10€ . (6.5)

By the same token, we prove the continuity of the 7;(v) at v = 0. The
following inequality is satisfied for any t,7 and j:
Imj (v) —m;(0)|
= |pij(t,v) — pi;(t,0) + m5(v) — pij(t, v) + pis(¢,0) — m;(0)]
< pij(t,v) — pi(2,0)| + Im5(v) — pij (¢, V)| + |pij(¢,0) — 75(0)] .
(6.6)

From the ergodicity of the chains L” and L?, for fixed  and j, it follows
that there is a to(v) such that, for

t >to(r) (Condition a3),
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we have
Imi(v) = pijt, V)l < e,
pi;(t,0) = m5(0)] < €. (6.7)
Consider the first term on the right side of (6.6). For any T' < t, we have
|pij(t, v) — pi;(¢, 0)]
3 Pt - Tv)pis(To)+ 3 poslt = T,v)pis(T,v)

keBe ke A\Be
- Z pik(t - Tro)pkj(T) 0) - z pik(t - T’O)pkt(T’o)l ‘
keBe k€ A\B¢
< |3 it - T )pus(T,v) = puslt = T, 0)pis(T, 0)1}
keBs
+ Y p-T.v)+ D palt—T,0). (6.8)
kEA\Be ke A\Be

From (6.4) and the ergodicity of L” and L° it follows that there is a
t1(v) such that, for

t—T>ti(v) (Condition a3),

we have

{ ZkeA\B' p‘k(t - T, V) < 2¢ y (6.9)

ke Pik(t —T,0) < 2.

Let us pass to the study of the first term on the right side of (6.8).

3> lput = T, 0)pesT.0) =t — T, 0T 0)|
keBe

Z [pik(t — T, v)pi;(T,v) — pir(t — T, v)[pi;(T, v) — pii(T,v)]
k€ B*

—per(t = T,0)pu;(T, 0) + pus(t — T, 0)[pis (T, 0) —pk,-(T,om‘

< Z pik(t - T, V)lth(Ty V) _pk](T’ V)l
keBe

+ Y pik(t = T,0)|pis (T, 0) — pus(T, 0)]
keB*

+|Pij(T, V) Z p‘ik(t - T1 V) - pij(T’O) Z Pik(t - T’ O)I
keB- keBe
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<|pi;(T,v) Z pik(t — T, v) — pi;(T,0) Z pik(t = T,0)|
kEB kEB-

+ Y Ipii(T,v) = pes(Tov)l + ) 1pis(T, 0) — pij (T, 0)|. (6.10)
k€EB« ke B«

It follows from (6.9) that, for t — T > t;(v), we have

{I"Ekeml’ik(t—T,V) < 2, (6.11)
1 =3 hepPik(t =T,0) < 2.

Since p;;(T,v) is a continuous function of v at zero for a fixed T, there
is a v9 = 19(T) such that, for

0<v<y(T) (Condition a4),
we have
pij (T, v) — pi;(T,0)| < €. (6.12)
It follows from (6.11) and (6.12) that

|pis(T,v) Y pirlt = T,v) — pyy(T,0) > pik(t - T,0)| < 3¢ (6.13)
k€ B« k€ B¢

The chain L9 is ergodic. Consequently, there exists
T =T(B¢) (Condition as)

for which
€
IrcréaB)‘( IPij(T,O) _ij(T,O)I < 'M ) (614)
> Ipis(T,0) — pis(T,0)| < €, (6.15)

keBe

where M is equal to the number of terms in the sum (6.15). The conti-
nuity of pi;(T,v) at v = 0 for a fixed T implies the existence of v3(T)
such that, for

v < v3(T) (Condition ag),

we have

€
sup  |pki(T,v) — pij(T,0)| < u (6.16)
keB¢,v<v3(T)

Inequalities (6.14) and (6.16) yield
2¢

sup |pij (T, v) — prj(T,v)| < vk (6.17)
keBe,v<vs(T)
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Consequently,

3 IpiT, ) — ps(Ty )] < 2€ . (6.18)
keBe
Comparing (6.9), (6.13), (6.15), and (6.18), we obtain that if t,T and v
satisfy Conditions a;—ag, then

|7j(v) — 7;(0)] < 10€ . (6.19)

The proof of the right continuity of 7;(v) at v = 0 will be complete if
we show there exist T and v; > 0 such that, for 0 < v < v, there is a
t depending on v for which Conditions a;—a¢ are satisfied. This can be
shown easily in the following way. For the set B¢ we find T = T(B°¢)
(Condition as), and for T we find numbers v9(T') and v3(T'). Set

v1(T) = min {vo, 1o(T), vs(T)} .

Then, for any v < v1(T), the choice t > max {to(v),T +t1(v)} fulfils
Conditions a;—as.

Now we prove that the continuity of 7;(v) at v = 0 for any j € A implies
the satisfaction of Condition A for {m;(v)} at v = 0. The chain L° is
ergodic. Consequently, for any € > 0 there is a finite set B¢ for which

Z 7l'k(0) < % )
ke A\B*
Z m(0) > 1 — -;- .
keB-

The continuity of mx(r) at ¥ = 0 implies that there exists v such that,
for |v| < v, we have

€
max |me(v) = me(0)] < 537 » (6.20)
where M is the number of elements in the set B¢. Therefore,
> Im(v) - m0)l < 5, (6.21)
kEB*
> mv)<e. (6.22)
ke A\B*

Consequently, {=;(v)} satisfies Condition A at v = 0. The theorem is
proved. ]
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6.2 Sufficient conditions for the continuity of stationary
probabilities
As in section 6.1, let us consider a family {L"} of irreducible aperiodic
Markov chains, with transition probabilities p;;(1,v) = p;;(v) continu-
ously depending on v, for v € D C R (D is an open set).
The theorem of this section will be formulated in terms of test functions.
Later, the continuity of stationary probabilities of random walks in Z7
will be studied by means of the results of the present section.
Assume that on the set A= {0,1,...} there are given two families
fY={f} and g* = {g/}, fori € A,v € D, of real functions, where
f fr i Y=6>0.
tG.}(nueDf ie.«lil,lufeDg‘ >

Theorem 6.2.1 Assume that for some finite non-empty set B C A the
functions {f!'} and {g!} satisfy the following conditions:

(i) Zpij(l’)f,'-’— Y<-gf igB,veD.

(i) sup Pi =A< o0.
i€B, uEDZ U

(iii) g¥ — o0 as i — oo uniformly in v € D.

Then the chains LY are ergodic for every v € D, and the stationary
probabilities w;(v) are continuous in v, for ve€ D and j € A.

Proof The ergodicity of L" for every v € D, follows from the hypotheses
of theorem 2.2.3. We define by induction

ytl(u) = yl(”) 1]
ytiv) = Zpij(l/)y;'(l/)-
=0

It is obvious that y?*(v) > 0, for any natural numbers ¢ and n, and any
v € D. We have

viv) = Zpij(")f; <fi-9/=v(v)-g/,1¢ B,
=0

y?(y) S A’ 1'6 B )

B) = Y p)dv) <A Epu(v + ) pi(v)m(v) - gt
pr i¥B
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Write

A= sup g;; piB(n, v)= sz;) n,v).
i€B,veD jEB

After easy calculations we obtain
o
¥ (V) S A+ A)piB(v) + 92 (v) = Y _pis(v)gh - (6.23)
j=0

Moreover, the formula
oo
W) S A+ A)piB(n = 2,0) +37 (V) = D _piy(n —2,v)g) (6.24)

can be proved easily by induction. From the recurrence relation (6.24),
we obtain

n n o ¢
W) SE@)A+ A1) D pi(r,v) = Y Y pij(r,v)gl
r=1 r=1j=0
and

n {o o]
Dor=1 =0 Pis(T: V)95 < g?_ + (/\+)‘1)2:=1pr _ Y2 (v)
n n n

y,( B L ba <)+ At AL (6.25)

Take ¢ € B. Then

Z (Zr—l pij(r,v ) < y?(y) FA+A <20+ At . (6.26)
j=0

Take an arbitrary M > 0. Consider the set
M _ . e v
B —{Z.L'l‘él{)lg (1) < M}.

Since g — oo uniformly in v € D as i — oo, the set BM is finite. Fur-
thermore, if j € A\BM, then for any v € D we have g7 > M. 1t follows
from (6.26) that

> E’“‘p" g <22+ A1

jEA\BM

Thus we get

3 Lr=g Pis(nV) 22+ A (6.27)

n M
JEA\BM
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Now, it follows from (6.27) that

3 E"l”” ULIS 2)‘;’\‘ . (6.28)

jeBM
We have

n r
mi(v) = nllrgo —Eml:”(u) .

Therefore, from the finiteness of BM and (6.28) it follows that

2X + A
Y m)< 1\; L (6.29)
JEA\BM

Since the number M can be chosen arbitrarily large and we can construct
the set BM for it, (6.29) implies the compactness of the family {m;(v)}
of distributions for » € D, which implies the continuity of 7;(v) for any
j € Aand v € D by theorem 6.1.5. The theorem is proved. |

Theorem 6.2.2 Assume that the following conditions are satisfied for
some 8§ > 0, some v > 1, and a finite nonempty set B C A:

i) Zp,-j(u)f; —fY<-6 igB, veD.

(i) sup ZPU v)(f7) =Xy < o0.

i€B,v J

(iii) sup piiWIf; = f1"=C, < o0.
i€BweD z U l ‘I 7

(iv) ff = umformly inveDasi— oco.

Then the chains LY are ergodic for every v € D, and the stationary
probabilities w;(v) are continuous in v forv € D and j € A.

Proof For some v > 1 let condition (iii) of theorem 6.2.2 be satisfied.
Then for any - such that 1 < 49 < v we have

sup ZPU I =" <Cy+1<o0.
i€EAVED

Therefore, without loss of generality we may assume that 1 < v < 2.
For any such 4 and any y,z > 0 we prove the auxiliary inequality

YV -2 <|y-z]"+2""y(y —z). (6.30)

Set z = y/z. The inequality (6.30) can be rewritten as
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27 —-1-]z-1]"-4(2-1)<0. (6.31)

For the proof of (6.31) we consider two cases.

(i) Let z > 1. Then for 2 = 1 the left side of (6.31) is equal to zero,
and for z > 1 we have
d(z7-1—(2-1)T —4(z-1))

dz
Consequently, (6.31) is satisfied for z > 1.

(ii) Let z > 1. Then inequality (6.31) turns into an equality for z = 1,
and for 2 < 1 we have
dz"-1-(1-2)" —y(z-1))

dz
Consequently, (6.31) is satisfied for z < 1, and so is inequality
(6.30), for any 1 <y <2 and y,z > 0.
Let us use (6.30) to estimate Y72, pi;(v)[(f})* — (f7)7), for i ¢ B. We
have

=47 - (z-1)""1-1]<0.

="+ (1 -2t =1]>0.

Zp.,(u ()7 = (52)7)
< Zp'-xu)uf; — B+ T - 1)

< Zp.g I = F A P w) (5 F7)-
j=0

Taking into account conditions (i) and (iii) in theorem 6.2.2, we finally
obtain the estimate

(oo}

Y P = (F) < Cy = a(f) 6. (6.32)

j=0
If for some family { f} "{ of functions the hypotheses of theorem 6.2.2 are
satisfied, then they will also be satisfied for the family {f + r} = {f*},
where r > 0 is arbitrary. (The second hypothesis of the theorem will
be satisfied with another constant A, < 0c.) Therefore, without loss of
generality we may assume that y(f*)Y~16 — o, > o > 0 for some ¢ and
anyi € A, v € D. Set f¥ = (f)" and §¢ = 4(f?)""16 — c,. Using
(6.32) and condition (ii) in the theorem, we obt,am

Eptj f; < —'.‘}:I) i¢B)V€D7
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bt -~ -~
> pi()fy < A <oo, i€B,veD.
=0

Since 4 > 1, the fact that the f} tend to infinity uniformly as i — oo
implies the same for g¥ = y(f¥)"~!6 —c,. Hence, for the functions {f*}
and {g!} all hypotheses of theorem 6.2.1 are satisfied. Consequently, the
mj(v) are continuous in v, for v € D and j € A. The theorem is proved.

B

Remark Let &o,£1,. .. be the sequence of random variables correspond-
ing to the Markov chain L. Let C be a set, C C A = {0,1,...}. For
1 € C introduce

f?C=P(£i¢c7-~"€n—l¢Cy Enec/€0='i)~

Let T be the stopping-time representing the epoch of the first entry to
the set C. Then, under the condition £ = 7, we have, for any v > 0,

E(r") = f: nYfo .
n=1

When E(77) is finite, we will speak of the -recurrence of the set C. As
follows from results of [Kal73], the hypotheses of theorem 6.2.2 guarantee
the 4-recurrence of B, uniformly in » € D. Moreover, it can be shown
that the uniform v-recurrence of the family of chains {L*} with v > 1
implies the continuity of the stationary probabilities. In this way, we
have outlined yet another method of proving theorem 6.2.2.

On the set A = {0,1,...} let a family of integral-valued, positive, uni-
formly bounded functions k¥ = {k!} be given for which

sup ki =b<oo.
i€AveED

Concerning the function {f! } already introduced, we assume the follow-
ing condition to be satisfied.

Boundedness condition There is a d > 0 such that

sup |fy — f;| > d implies that p;;(v) =0.
veD

Theorem 6.2.3 Assume that the inequalities

D opii(kY )Y - f < —e (6.33)
J=0
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are satisfied for some € > 0, all v € D, and all i except some finite
nonempty set B. Then the chains LY are ergodic for every v € D,
and the stationary probabilities 7;(v) are continuous in v forv € D and
je A

We first proceed to derive two lemmas. Let {£/} be the sequence of
random variables corresponding to L¥. We have

Lemma 6.2.4 The functions fj;(v) are continuous in v (v € D), for
any natural number n and any i,j € A.

Proof We prove the lemma by induction. For n = 1 the function
f}j(u) = pij(v) is continuous in v for any i and j. Assume that f7}(v) is
continuous in v for any ¢,5 € A. Use the formula

T w) = Y paw) fis(v) = pis (W) ) -
k=0

As in lemma 6.1.1 of the preceding section, we can prove the uniform
convergence of the series 337 pik(v)fz;(v), which consists of continu-
ous functions. This implies the continuity of ‘-j“(u). |

Lemma 6.2.5 Let the hypotheses of theorem 6.2.3 be satisfied. Then, for
any points ig € A and vg € D chosen beforehand, there exist functions
{k¥} and {f*} such that sup;, AveD kY = b < 00, and the boundedness
condition is satisfied for the functions {f!'} with some constant d>0
and, in place of (6.33), the inequality

o -~ -~
pij(k{, V) fY < —e
3=0
holds for some €1 >0, allv € D, and alli € A except i = ip.

Proof Without loss of generality we may set igp = 0. From the as-
sumption that L*® has a single essential class of states, it follows for any
point j € B that there exist a positive integer (o) and €¢; > 0 such
that pjo(rj(vo),v0) > €1. Since pij(n,v) is a continuous function of v
(v € D, and 1,5 and n are arbitrary), there exists a neighbourhood D;
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of vg such that pjo(rj(vo),v) > €2 = €1/2, for any v € Dj. Let

b = b,

JEB

o {k;, i¢B,veD,

J ri°, j€B,veD,

i Y, i#0,veD,
;= db

f0_2_’ j=0,V€D,

where b is defined in the following way:

sup k"—b<oo d= d+2(—12.
i€EAvED €2
For any : € B UO we have
ZP‘IJ f fu —€ (V€ D) . (6.34)
JEA

For i € B\O and v € D we have

Zpu W = F = S ps S = polR ) 2 - 17 (635)

=0
< fY +dkf —2db— f < —db. (6.36)

Hence, if we set € = min (e, dE), we finally obtain
qu Wi -fr <& (veD,i#0). (6.37)

The proof of the lemma is completed. ]

Proof of theorem 6.2.3 The ergodicity of the chains L¥ v € D follows
from theorem 2.2.3. Let us fix any point i € A. Without loss of
generality, let ig = 0. We prove that mo(v) is a continuous function of
v for v € D. Take an arbitrary point vy € D. It follows from lemma
6.2.5 that we can correct the functions f’ and k! so that for some
neighbourhood D of vy we have (6.37). We may assume that f¥ < f¥,
foranyie Aand v € D, since otherwise this can be achieved easily by
decreasing the values of f¥; in this case the inequalities (6.37) are not
violated. We introduce the quantity

[e o]

mo(v) = Y _ nff(v),

n=1
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which is the mean time of entrance of L into the null state. It follows
from the ergodicity of the chains L¥(v € D) that mo(v) is finite, and
_ 1

C mo(v)

We show that mg(v) is continuous in v for v € D. From the sequence of
random variables £§ = 0,£Y,... corresponding to L” we form a random
sequence {Sy} by setting Sy = f“{€%}. From the sequence {£!} we
also form an integral-valued sequence {IN}} by setting N§ = IE"(E(',’ ) and
NY = N¥_, + k*(¢~_,). It follows from the uniform boundedness of the
functions l::‘f’(i €A, veD)that 1 <N}, - Ny < I;, for any i € A and
v € D, with probability 1. It follows from (6.37) that

E(S%,/Sk._, > f§) < Sk,_, —¢ as. (6.38)

mo(v)

We have

= P(SY>f5,. -, Sn_1 > f8, Si=151Ss = f5) -

Therefore, taking into account (6.38) and applying theorem 2.1.7, we
obtain the following estimate for fg,(v):

foy(v) < cexp(—én), ne A,ve D, (6.39)

where c,8 > 0 are constants not depending on v. Taking account of
(6.39), we conclude that the series Y oo nffo(v), which consists of con-
tinuous functions (see lemma 6.2.4), converges uniformly in v for v € D.
Therefore the sum mg(v) of the series is a continuous functions of v, for
v € D, which in turn implies the continuity of mo(v) in v for v € D. It
remains to note that ¢ = 0 and vp € D were chosen arbitrarily. Hence
the 7;(v) are continuous functions of the parameter v, for » € D and all
j € A. The proof of the theorem is finished. [ |

6.3 Continuity of random walks in Z¥

Consider a family {L”} of homogeneous irreducible aperiodic Markov
chains in discrete time, with state space ZQ’ . Here v € D, where D is an
open subset of the real line. pag(t,v), for a, 3 € Z¥, is the probability of
the transition of L¥ from the point a to the point 8 in ¢ steps. Concern-
ing the family {L*} of random walks, we assume that the homogeneity
condition and the boundedness of jumps hold uniformly in v € D. Let
B/, be the sets introduced in section 4.3. We assume the following.
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Homogeneity condition: There is a ¢ > 0 such that, for any A and
any vector a = (ay,...,an), witha; > 0,1 <i < N,anda; =0,
for 7 & A, we have

Paﬂ(") = Pata,f+a(V),

for all a € B4, NZY and B € Z) and v e D.

Boundedness of the jumps: For any ¢, the number of 3 ’s such that
SUP,¢p,5(¥) > 0 is finite

The boundedness conditioin is equivalent to the following: There exists
d > 0 such that || a — 8 ||> d implies pag(v) = 0 for any v. As before,
we shall assume that the pog(1,v) are continuous functions of v for any
a,B € Zf and v € D. For every chain L¥ let us construct a vector
field V¥ by the method indicated in chapter 4. Then we obtain a family
{V*} of vector fields.

We shall say that the family {V¥ , (v € D C D)} satisfies Condition B if,
for some 6, b, and p > 0, there exists a function f(a), a € Rf satisfying
the following conditions:

(i) f(a@)>0, ae Rf.
(i) f(@) - f(B) <b|la—B|| for any o, 3 € RY.
(i) For any A either all the LA(v) (v € D) or none of them are
ergodic.
(iv) For any A such that L"(v) is ergodic and for A = {1,...,N} and
all @ € B" N By, we have

sup(f(a +v*(a)) - f(a)) < 6.
veD

Theorem 6.3.1 If there erists a set U C D such that {V¥, v € U},
satisfies Condition B, then, for allv € U, the chains L” are ergodic, and
the stationary probabilities mo (i) are continuous in v for any o € Zf
andv eU.

Proof Assume that there exist a set U C D and a function f(a),a €
Rf, such that Condition B is satisfied. Set ¥ = f, i.e. set f*(a) = f(a)
for every a € Zf and v € U. It follows from the proof of theorem 6.1.3
that for any v € U there is a function m”(a) such that

sup m”(a)=m" < oo
aGZf
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and, for all a € Zf_’ except some finite set C?,

> pap(mla),v)fs - f4 < —e1(v) (6.40)

pezl

for some €;(v) > 0. From the method of proof of theorem 4.3.4, it follows
that
sup m” < oo,
vel 6.41
inf ¢(v)>0, (6.41)
velU :
and |J,cy C" is a finite set.

From (6.40) and (6.41) we conclude that all the hypotheses of theorem
6.2.3 are satisfied. Consequently, all chains LY are ergodic for v € U,
and the stationary probabilities 7, (v) are continuous in v for » € U and
any o € Zf_’ . The theorem is proved. ]

For a random walk £ in Z¥, where N < 3, in chapters 3 and 4 a
method was given for constructing the function f(a) satisfying Condi-
tion B, which leads to the formulation of ergodicity conditions in terms
of random walks of lower dimensions. Now we prove a theorem show-
ing that the satisfaction of these ergodicity conditions for the chain L*°
guarantees the continuity of the stationary probabilities of {L*} in some
neighbourhood of vg. We formulate the theorem for random walks in
Z3 . (This can be done analogously for Z! or Z2.)

Theorem 6.3.2 Assume that the Markov chain L*°, where vy € D,
satisfies the hypotheses of theorem 4. 4.4 which guarantee the ergodicity of
LY. Then there exists a neighbourhood U C D of the point vo such that
for all v € U the chains LY are ergodic, and the stationary probabilities
7o (V) are continuous in v for any a € Z3 and v € U.

Proof It follows from the proof of theorem 4.4.4 that there exists a func-
tion f(a), o € R3, which satisfies Condition B introduced in section
4.3 of chapter 4. In particular,

(i) f(a) >0, € R?,_.
(ii) |1f(@)=f(B) <b || a=B ||, @, B € R3, where b > 0 is a constant.

Condition B guarantees the existence of a function m(a), a € Z‘j_, with
values in the set of natural numbers such that

sup m(a) =m < oo
a€Z}



6.3 Continuity of random walks in Zf 147

and, for all o € Z3 except some finite set R,

3" pap(m(a), vo)fs — fa < —€ (6.42)

BeZ}

for some ¢ > 0. From the homogeneity condition and the boundedness
of jumps for the family of random walks {L"} it follows that p,g(t,v)
is a continuous function of v for v € D uniformly in o,8 € Z% (¢
is an arbitrarily given natural number). Therefore, taking account of
properties (i) and (ii) of the function f(c) we conclude that there is a
neighbourhood U of vq such that for all v € U and a € Z3\B

> Pap(m(a),v)fs - fo < 5 (6.43)

BezZ}

From the properties of f(a) and the uniform boundedness of the jumps
of the random walks in {L"}, it follows that there is a d > 0 such that

sup |ff — f| > d implies that p;;(v) =0
veD

Hence all the hypotheses of theorem 6.2.3 are satisfied. Consequently,
the chains LY are ergodic for all v € U, and the stationary probabilities
Ta(v) are continuous in v, for v € U and any a € Z3. The theorem is
proved. |
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Exponential convergence and analyticity for
ergodic Markov chains

The aim of this chapter is to prove theorems of the following type: if the
Lyapounov function in Foster’s criterion for ergodicity satisfies certain
conditions, then

(i) the convergence to the stationary distribution is exponentially
fast; more precisely,

|9 —mj |< Cie™®™ (7.1)
where C; depends on ¢ but § > 0 does not depend on : or on j;

(ii) 7; decrease exponentially with j, for some metric defined on the
state space, i.e.

mj < Ce= 1), (7.2)

for some function f(j);

(iii) the ergodicity is preserved under small perturbations of the tran-
sition probabilities and the stationary probabilities depend ana-
lytically on these perturbations.

7.1 Analytic Lyapounov families

Let us consider a family of Markov chains {L,v € D} — where D rep-
resents an interval containing 0 — defined on the same state space S.
The matrix P, = [p;;(v)); jes of transition probabilities can be consid-
ered as a bounded linear operator in [;(S). Let us assume that P, is
analytic in v as a function in D taking its value in the Banach algebra
of all bounded operators in /;(S). This means that P, can be Taylor

148
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expanded as

PU = anun ) (73)
n=0

where the P,’s are bounded linear operators satisfying
Pl < Ca™, (7.4)

for some C,a > 0, i.e. the series in (7.3) is norm-convergent.

Definition 7.1.1 We say that in this case we have an analytic family
of Markov chains. We say that this family is an analytic Lyapounov
family if in addition the following conditions hold: there erist nonnega-
tive functions f}, and positive integer-valued functions kY, v € D, 1 € S,
such that

(i) SUP;esvep ki =b <00 ;
(it) there exist C,p > 0 such that ff > Ci#, for any i and v € D;
(4ii) there exists d > 0 such that

pij(l,v) =0, for allv € D, whenever | f{ — fJ" |>d,

where the p;;(l,v)’s denote the one-step transition probabilities
corresponding to the parameter v;
(iv) there exist n > 0 and 6 > O such that, for any i € S and any

) def .
j € Vi = {j:sup,eppjiv) >0},

pji(n,0) > §; (7.5)
(v) for allv € D,i € S except some finite B C S and some € > 0,
Y opikv) - < =€, (7.6)
JES

so that, by Foster’s criterion the L, ’s are ergodic for any v.
We will also say that an MC is-an analytic Lyapounov MC if the family
L, = Ly is analytic Lyapounov.
Theorem 7.1.2 If L, is an analytic Lyapounov family then there exists
vg > 0 such that
(i) there exist Ca,62 > 0 such that
mi(v) < Coexp(—82f;), (7.7)
forallie S, veD
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(ii) there exist constants gq,Cg, 8¢ > 0 such that

> I pij(n,v) — mj(v) |< Ceexp(—ben), for all v € D,i € S, n > oo ;
jES
(7.8)

(i) the stationary probabilities m;(v) are analytic in v, for | v |< vy
and alli€ S.

Corollary 7.1.3 If there is no dependence on v, i.e.
Ly, = Lo, pi;j(v) = pi;(0) = pij, m(v) =m,

and if all properties (i)-(v) in definition 7.1.1 hold for v = 0, then
assertions (i) and (ii) hold, i.e., for alln > oof},

7; < Cy I702m (7.9)
and there exist constants C, 6;,69 > 0 such that, for any i, we have
o1 —mj | < C 1kt (7.10)
JES

We shall now make some comments about the nature of this exponen-
tial convergence. It is well known that uniform exponential convergence,
i.e.

Solmi-p I<citn, (7.11)

J

for some C,§ > 0 not depending on i, holds for any finite MC and more
generally for MCs satisfying Doeblin’s condition defined in chapter 1.
The difference between (7.11) and (7.10) is connected with the nature of
the spectrum of the operator P in [;(S). Case (7.11) suggests that the
eigenvalue 1 is isolated, while in the case (7.10) this eigenvalue is gen-
erally embedded in an (absolutely) continuous spectrum. The simplest.
example of this latter situation is given by the maximally homogeneous
random walk in Z1. The complete structure of the spectrum of P can
be easily obtained by means of generating functions.

7.2 Proof of the exponential convergence

First we shall prove the assertion (i) of theorem 7.1.2.

The ergodicity of the chains L* and the continuity of the stationary
probabilities 7;(v) (j € A; v € D) follow from theorem 6.2.3. Let



7.2 Proof of the exponential convergence 151

£y, &7, - - be the sequence of random variables corresponding to L*. We
introduce the classical taboo quantities

wpi(v) = P #k & #k,.... & 1 #k & =75/ =1),

oo

) = D).
n=1

In theorem 6.2.3, the estimate

foo(v) < ¢y exp(—61n) (7.12)

has been proved for some c;,6; > 0 and any n € A and v € D. We can
also prove that

opoj < c1exp(—éin) , (7.13)

in an entirely analogous way. For the irreducible aperiodic recurrent
chain L¥, we have (see [Chu67])

E,’Lo Pij (n,v)

: = pj;(v) - 7.
0 T patn,) P (7.14)
For an ergodic chain, (7.14) becomes
mi(v) .,
o)~ P (7.15)
Consequently,
m(v) < opg;(v) , (7.16)
oo (57 /d) -
opd;(v) = ) opb;(v) = Z PG (V) + Y ophi(v) . (7.17)
n n=l Uy 7d)

The first sum in the right-hand side of (7.17) is equal to zero. This
follows from point (iii) of definition 7.1.1. From (7.13), it follows that
there exist constants cy, 62 > 0 such that

[s o}
3" opli(v) < crexp(=62f) . (7.18)
n=(fy/d)

So assertion (i) is proved.
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Lemma 7.2.1 There exist constants c3, 63 > 0, such that

| Poo(n, v) — mo(v) |< c3 exp(—d3n), (7.19)
foranyn € A andv € D.

Proof Introduce the generating functions

F4(2)=)_ faw)2", (7.20)
n=0 -
PY(z) =) _pij(n,v)2" . (7.21)
n=0

Using the relation (convolution)
n
pij(n,v) = foe(”)mi(n - 5,v)
s=1

for the generating functions, we obtain

1

P =TT

, valid fori>0.

It follows from (7.12) that F;(z) is analyticin 2, for | 2 |[< 1—¢, for some
o > 0 and any v € D. Moreover, | F}(z) |[< 1 for | z |=1, z # 1, since
the greatest common divisor k such that f(v) # 0 is 1. There exists a
neighbourhood U of z = 1 such that the equation F§,(2) =1 has in U
only one root, namely z = 1. Therefore, for some o, > 0, the equation
F¥(z) — 1 = 0 has no other roots for | z |< 1+ 0;. Consequently
P§o(z) = 1/[1 — F§y(z)] is a meromorphic function for | z |< 1 + o4,
having exactly one pole of first order at z = 1. Let Res(1) be the residue
of PYy(2) at z=1. Then

1 . z—-1 1
Res(l) = Ty = MM e ~ M T mee D
1 1 = —71'5 .

T@FG@)/dD) lim1 | S (U nf5(v)

Then P¥y(2) = P4y(2) — 7§/(1 — z) is holomorphic for |z| < 14 €2. On
the other hand, since

P¥(2) = ) _(poo(n,v) — m0)2"
n=0
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there exist constants cs, 3 > 0 such that
Ipoo(n, v) — mo(v)| < c3 exp(—b3n) .

Lemma 7.2.1 is proved. [ ]

Lemma 7.2.2 There exist constants o,c4,64 > 0, such that
Ipio(n, v) — mo(v)| < csexp(—b4n) (7.22)
foranyve D, i€ A, andn>of}.

Proof Using theorem 2.1.8, we find, as in the derivation of (7.12), that
there exist constants by,a;,01 > 0, such that

fio(v) < byexp(—an), (7.23)
for any v € D,i € A and n > o1f}. Since

pio(n,v) =Y 57" (V)poo(r, v), (7.24)
r=1

it follows from (7.24) that

Ipio(n,v) — mo(¥)| < ) Ipoo(r,v) = me@)If5 " (¥) +m0 D fiov) .

r=1 r=n+1
(7.25)
Choosing ¢ > 01 and n > o f!, we will at once estimate the right-hand
side of (7.24).

(a) Let r < €1n, with (1—€1)o > 01. Then (n—r) > (1—¢€1)n > o1 ff
and, by using (7.23), we obtain
fio T (v) < by exp[—a1(n — )] < by exp[—a1(1l — €1)n] .
"(b) Let now r > €;n. Then lemma 7.2.1 yields
|poo(r, v) — mo(v)| < c3 exp(—83r) < c3 exp(—d3en) .

Combining both cases, we obtain

n

)" Ipoo(r, v) — mo(¥)|f5"(v) < mbyexp(—agn),  (7.26)

r=1

for any n > o f! and some bz, ag > 0. It follows from (7.23) that

o E fH(v) < bsexp(—asn) . (7.27)
r=n+l
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It follows from (7.26) and (7.27) that there exist constants c4,84 > 0,
such that (7.22) is satisfied for any v € D, i € A,and n > o f’. Lemma
7.2.2 is proved. [ ]
Lemma 7.2.3 There exist constants ay,cs,65 > 0, such that

psj(n, v) — mj(v)| < cs exp(—dsn) (7.28)
foranyv e D,iand j € A and n > o1 f!.
Proof

pij(n,v) =Y _ pio(r, v)ops; "(v) + op(v) , (7.29)

r=1

| pij(n,v) — m;(v)|

n o0
+|D (pio(r,v) = mo(¥))ops () =m0 Y opb; + opF(¥)
r=1 r=n—1
n oo
< Y Ipio(r,v) = mo(¥)lops; "(v) +m0 Y opb;(v) +opf(v).  (7.30)
r=1 r=n+l1

Using lemma 7.2.2 and (7.13), we obtain (7.28) directly from (7.30). B

We are now in a position to prove assertion (ii) of theorem 7.1.2. For
that purpose, we write the decomposition

Z pij(n, v) — m;(v)]
j=0
= Y ) -mel+ Y, Ipsny) - )l (7.31)

Jify> 5y +nd 3y <Fy+nd

The boundedness of the jumps of the random walks implies that, in the
first sum in the right-hand side of (7.31), pij(n,0) = 0, for all j such
that f? > f? + nd. The estimation (7.28) implies therefore that the
right side of (7.31) is less than ¢} exp{—63 !}, for some ¢ > 0, 6, > 0.
It follows from lemma 7.2.3 that each term of the second sum is less than
cs exp(—68sn), whenever n > o1 f. Let now M” be equal to the number
of those j for which

f{ <fi+nd. (7.32)
Let j satisfy (7.32). Then from point (ii) of definition 7.1.1, it follows
that
gt < f] <fi +nd,
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1/p 1/p 1/
j<Ew+mﬂ <B%+mﬂ =Wﬂ%i+4'ﬂ

¢ oy
Consequently,
MY < nl/v | (7.33)
where
1/
by = [-i—(;l; +d)] .
Hence

Z |pij(n, v) — mi(v)| < n!/*bycs exp(—bsn) .
gy <Tr+nd

Therefore, there exist constants o9, cg, 86 > 0, such that
(o ]
> Ipij(n,v) = ()| < c exp(—en),
=0

whenever n > o3 f. This establishes part (ii) of theorem 7.1.2.

In the next section, we will need the following.

Lemma 7.2.4 There exist constants 67,c7,03 > 0 such that

S5 Ipijln,v) = mi0)] < oaf! + crexp(=8rfY),  (7.34)

n=1i=0

foranyv € D and i € A.

Proof We have

z z pij(n,v) — m(v)| =

n=111=0 .
ad oo
T St -mo)+ Y Y lpiny) = miw)|  (7.35)
n<ozfy j=0 n>oafr j=0

together with

3 Ipij(n,v) = mi()| <2, (7.36)
=0

for any i,n € A. Therefore, the first sum in the right-hand side member
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of (7.35) is less than 20, f. To estimate the second sum in the right
side of (7.35), we use (7.8), so that

Y Ylpsny) —m@l < Y coexp(—bsn) < erexp(=81 1),

n>o2f! j=0 n>o2 fY

(7.37)
for some c7,87; > 0. Combining these estimates leads to the assertion of
the lemma, which is thus proved. ]

Before the next two sections, which deal with the final part (assertion
(1)) of theorem 7.1.2, it is worth making some comments. In particular,
it is interesting to note that there exists a necessary and sufficient con-
dition for a Markov chain to have the exponential convergence property.
First, let us call a Markov chain geometrically ergodic if there exist
0 < q <1 and constants Co3 > 0, for all «, 8 € A (the state space),

|pap — 78l < Capq™ , n=1,2,....

Then the following result of Popov (see [Pop77]):

Theorem 7.2.5 For a Markov chain to be geometrically ergodic, it is
necessary and sufficient that there exist a finite set B€E A, q<1 and a
non-negative function f(a), a € A, such that

Zpaﬁe.f(ﬁ)—f(a) < q, a¢B,
Jél
Zpaﬂef(ﬂ)—f(a) S 00, OlEB.
B

The proof can be carried out along the same lines as in the lemmas of this
section and therefore will not be given in detail. The relationship of this
theorem with our results is obvious: we use criteria involving Lyapounov
functions with linear growth and here e/(®) increases exponentially fast,
in many typical examples. The sufficient condition of Popov’s result
does not bring much with respect to our results and, moreover, it is in
general easier to find a function with a linear growth. But the necessary
condition fills the gap we were feeling: in fact it shows again that one
should insist in trying to find a good Lyapounov function, whenever one
guesses exponential convergence.
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7.3 General analyticity theorem

Here we shall state general analyticity conditions for stationary prob-
abilities. At first sight, they might not look very useful, but we show
the contrary in the next section, where we use them to prove the last
assertion of theorem 7.1.2. Let X be a Banach space and B(X) the set
of all bounded linear operators in X'

Definition 7.3.1 A set M C B(X) is called a set of uniform convergence
for the operator P € B(X) if PM C M and there exists a function
¢(n),n=1,2,..., such that

$=" é(n) <oo, (7.38)
n=1

and some element y € M such that
1Pz — y|| < ¢(n), (7.39)
for alln and z € M.

Theorem 7.3.2 Let P, (sometimes written P(v) for notational con-
venience) depend analytically on v as a function taking its values in .
the Banach algebra of operators B(X), and assume that the following
conditions are satisfied.

(i) For the operator Py there exist two sets My and My of uniform
convergence such that My C My and infzem, ||z]| > 0.
(ii) There is a vo > O such that P,x € Ma, for all |v| < vo and any

z € M,.
(iii) There is a v1 > 0 such that
(P, — Po)zy
T+ ———F € M,
1P, — Poll

for |v| < v1 and any x1,z2 € M.
Then there is a v > 0 such that, for |v| < vy and z € M,, the limit

lim P*(v)z = r(v)

n—00

exists and depends analytically on v.

Proof For any B € X(A,Y’) and G € B(X) we write

G-Il
G|l = sup .
Il o#zeB Il
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It follows from the hypotheses of the theorem that there exist a function
¢(n) and an element y € M3 such that conditions (7.38) and (7.39) are
satisfied for any z € Ms.

Lemma 7.3.3 Under the hypotheses of theorem 7.3.2, there is a constant
¢ > 0 such that

|1 PG (P, = Po)llm, < ep(n)l|P, = Pol| - (7.40)

Proof Take an arbitrary z € M;. Setting P,z = z; and Pyz = 29, we
have

I PP - Pojal
= 1Pz - )l
|P3 z21lP. = Poll = 22llP, = Poll + (21 = )|

22— 21

< IR = PolllPE (a2 = )l + 1P, = Poll| P ea + 72— =)
< 1P = Poll#(n) + IIP. = Pollg(m)
= 2¢(n)||P, - Pol. (7.41)

In the proof of (7.41) we have used the fact that, by assumption, z; =
Pyx and (22 —21)/|| P, — Po|| belong to the set M; of uniform convergence.
Moreover, using (7.41), we have

|1 PS (P, — Po)z||
zeM; llll
26(n)|| P, — Pol|
- Il

Lemma 7.3.3 is proved. [ ]

|1 Pg' (P — Po)llm,

< cp(m)|IP, - Poll.

Let us continue with the proof of theorem 7.3.2. Put
R=QWw)=P -F (7.42)
and write for simplicity
Qkrirsiain) = PélQngQ L PRQ,

where k > 1,i; >0 (j = 1,2,...,k),8 is the (k + 1)-tuple (k,3,...,%),
and Q% = 1. Let ro = P§°z = limyo P§(z), forz € M,. The
existence and uniqueness of ro obviously follow from conditions (7.38)
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and (7.39) for the set M;. We prove that r, = P2°z = limp,_,00 Pz
exists for all z € M, is unique and can be represented in the form

T, = ZQ67‘0 = Z Q(k""ig'””i")ro +7ro. (7.43)
s k>1
i1,0.,8620

The latter series converges absolutely in X(A4, ) (note that r, does not
necessarily belong to M;). It follows from lemma 7.3.3 that

I1P5@lim, < cd(n)|P, — Po| - (7.44)

Therefore, the series (7.43) is dominated by the numerical series

Y #in)(R)EIP = Poll*+ 1= (IP., = Polleg)* . (7.45)
k>1 k=0

i1,0.820

The series (7.45) is convergent, provided that ||P, — Po|| < 1/c¢ and,
consequently, the series (7.43) is absolutely convergent. We will now
prove equality (7.43). For this, we estimate the difference

1Y QP — (Po+Q)"lm, -
5

The following equality is obvious:

(Po+Q)" =P + P3T'Q+ Pg QP+ -+ P " QP+ 4+ 4+ Q" .

(7.46)
Hence
I > QPe - (Po+Q)lm
6
< Z IQANNIPs® — Py~ ~"||
k21
i1+ +ik<n/2 '
+ 3 IR+ Y Qe
k>1 k>1
i1+ +ig2n/2 i1+ +iu>n/2
< YUl —ir—ia— =i+ 2 Y 1
k>1 k>1
i1t Hin<n/2 i1+ +ig>n/2
< > NQ0NS(n =iy~ —ik) + S+ > el
k21 k<y\/n/2 k>\/n/2

it <n/2 i1t +ie>n/2 t14 i >n/2
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< , k
< max /2¢(m)2(nP Poli2¢)
+ 2 Zes(u) $(ix)c*| Py — Pol|*
n/2
i|+«--+ik>n/2
+ 2 D $(ir) - b(a)F||P, — Pollk
k<y/n/2
i1t i >n/2
<

n>m>n/2

max _¢(m) Z("Pll — Po|| 24)*
k=0

+ Y #(ir) - ik)c*||P, - Pol|*
<y/n/2
i1t tie>n /2
+ 3 (IR, - Polleg)t .
n/2

The first and third sums in the right-hand side of (7.47) converge to zero
as n — oo because the series (7.45) is convergent and ¢(n) converges to
zero as n — co. Every term of the second sum contains a factor ¢(m)
with m > \/m Therefore, the second sum is dominated by

2 P, - P,
m;n&,%‘b m) Z,,, Il oll (o),

which converges to zero as n — oo. Thus (7.43) is proved.
It remains to prove the analyticity of the vector
ry, = lim P}z, for z € M.
n—00

The absolute convergence of (7.43) implies the analyticity of r, in Q
for ||@|| smaller than some go. Since Q is an analytic function of v for
v € D, there exists v such that, for |v| < v, we have ||Q,|| < go, which
implies the analyticity of r, in v for |v| < vs.

The proof of theorem 7.3.2 is concluded. |

We shall make some comments. In the case of MCs satisfying Doeblin’s
condition (section 1.4), one can take M equal to the set of all probability
measures on S. In general M consists of sufficiently smooth functions
defined on the spectrum of Py. The fact that we need two sets of uniform
convergence is clear from the fact that generally P, M is not contained in
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M for v # 0. But if PM; C M; then M, can be trivially constructed,
as shown below.

Remark All results of this chapter could be generalized for a general
state space S, with absolutely continuous transition probabilities ¢ la
Tweedie [Twe76]. In this case one must take X equal to a suitable
Banach space of measures on S.

7.4 Proof of analyticity completed

Now we finish the proof of theorem 7.1.2. For some a > 1, we introduce
the set

M, = {(zo,z1,-.-,Zn...): |zi| < am(0); i:ci =1}. (7.47)

i=1

We prove that M, is a set of uniform convergence for the operator P(0)
corresponding to the Markov chain L°. We show that P(0)M, C M,.
Let = = (zo,x1,...,Zn) € M, and set

P(O)x=y= (y01yly---yyﬂy“') .

Thus
[e o} [o o]
lysl = [D_pii(0)z| < D pij(0)ami(0) = om;(0).
i=0 i=0
Moreover, 322y = 1,y € M,. Set
¢n = sup ||P™(0)z — =(0)|| . (7.48)
T€EM

We have

bn = :gﬁleziPij(n,O)-"j(O)l

j=0 =0
[o o] (o o}
= sup Y | zi(pi;(n,0) — m5(0))|
€M ;50 =0
oo o o]
< sup Yzl D Ipis(n, 0) — m;(0)|
€Mz j=0
oo [o o}
< Y om(0)Y_Ipis(n,0) = m5(0)], (7.49)
i=0 j=0
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Z¢n < QZZW:O)lev(na —7rJ )I

1i=0

- S ROY Y om0 -0l (150)

i=0 n=1;=0

To estimate the series (7.50), we use lemma 7.2.4 and inequality (7.7) of
theorem 7.1.2. This yields

S dn<aY aexp(-&f)oaf! +erexp(- ). (151)

n=1 1=0

It follows from (7.51) that there exist constants a; and b; such that

Z $n < a1 Zexp( bify) (7.52)

1=0

The convergence of the series (7.52) follows from condition (ii) of def-
inition 7.1.1. By the same token, we have shown that M, is a set of
uniform convergence for the operator P(0). Take a; < ag and the sets
M,, and M,, of uniform convergence for the operator P(0), such that
" My, C M,,. Take z = (zy,z2,...) € Ms,. We have Y °z; =1 and
z; < aym;(0).

Set y = (y1,¥2,...) = P(v)z, where y; = E;’iop.-j(u):cj. We have
3.6 v =1, since P(v) is a Markov operator. The probability p;;(v) is
different from zero only for 5 € V; (the set V; is defined in the hypothesis
of the theorem). It follows from (iv) of definition 7.1.1 that there is a
constant a > 0 such that for all points j € V; we have

) 75(0) < ami(0)

Jjev;

for any ¢ € A. Therefore

lysl < Zp,. v)lz;| < zp,,(y ami(0) < aaymi(0) . (7.53)
j=0

It follows from (7.53) that, if ac; < ag, then y € M2, and condition (ii)
of theorem 7.3.2 is satisfied by the same token. Let z!,z%2 € M,,. We
show then there exists vp, such that

(P, — PO)Q"2
“Pv "P0"

z=z'+ € M,, ,
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for |v| < v, where z = (zp,21,...). From the definition of z, we have
S5 2z = 1. We also show that || < asm;(0). We have

1 [o o]
z| < |zl + —=—— ii(v (0 7.54

The quantities p;;(v) and p;i(0) are different from zero only for j € V;.
As shown before, there exists an a > 0 such that, for all points j € V;
and any 1 € A, we have EjeV.— 7;(0) < am;(0), so that

1
lzi] < eqmi(0) + + 1B, R T Ipji(v) = p;s(0)] D aym;(0)
JEV:
< a11r.-(0)+a1a7r,'(0)

= mi(0)eu(l+a).

Setting ag > a;(1 + a), we obtain that z € M,,. By the same token,
the hypotheses of theorem 7.3.2 are satisfied. This in turn implies the
analyticity of the stationary probabilities and concludes the proof of
theorem 7.1.2. [ ]

7.5 Examples of analyticity

Consider a family {L"} of homogeneous irreducible aperiodic Markov
chains with discrete time and set of states Zf = {(21,.--,2N) : z >
0, integer} (v € D, which is an open subset of the real line). We shall
assume that the homogeneity condition and the condition of bounded-
ness of jumps introduced in section 6.3 are satisfied. Besides, we assume
that there exist n,8 > 0 such that, for any v € D, a € Zf and B € V,,
where

Vo = {B: sup pag(v) > 0},
veD

we have

Ppa(n,v) > §.
As in section 6.3, we introduce the family of vector fields {V¥,v > 0}.
Theorem 7.5.1 Assume that the operator P, defined by the chain L¥
depends on v analytically for all v € D. If there exists a set U C D

such that the family of vector fields {V¥,v € D} satisfies condition B
of section 6.3, then the chains L* are ergodic, for all v € U, and the
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stationary probabilities m,(v) are analytic in v, for any a € Zf and
vel.

Proof As in section 6.3, condition B implies the existence of a function
f¥(a),v € D, which satisfies (7.6). Moreover, the families of functions
{k!} and {f}} satisfy all necessary conditions to be analytic Lyapounov
families (see definition 7.1.1). Therefore, it follows from theorem 7.1.2
that the m,(v)’s are analytic with respect to v, for a € Zf and all
velUCcCD.

For the families of random walks {L*} in Z¥, with N < 3, the an-
alyticity conditions for the stationary probabilities can be fermulated
explicitly, since we have succeeded in constructing a function f(a) sat-
isfying condition B for the family {L"}. Let us formulate the precise
theorem for random walks in Z3 .

Theorem 7.5.2 Assume that the Markov chain L°, where vy € D,
satisfies the hypotheses of theorem {.4.4 guaranteeing the ergodicity of
LY. Moreover, assume that the operator P, depends analytically on v
for v € D. Then there is a neighbourhood U of vy, U C D, such that
the chains LY are ergodic, for all v € U, and the stationary probabilities
ma(V) are analytic in v, for any a € Zi and allv e U.

The proof of this theorem mimics totally that of theorem 6.3.2 and will
not be included.

Other examples of analytic Lyapounov families are Jackson networks,
which were introduced in section 3.5. Then, using the notation of sec-
tion 3.5, theorems 3.5.7 and 3.5.8 can be rewritten in terms of analytic
Lyapounov families as follows:

Theorem 7.5.3 For the Lyapounov function f, salisfying the condi-
tions of theorem 8.5.7 with k(z) = 1, the Jackson network is an analytic
Lyapounov Markov chain.

Theorem 7.5.4 Let us consider a Jackson network such that 0 € II.
Then, for the Lyapounov function f, satisfying the conditions of theorem
3.5.8 with k(z) = k sufficiently large, the Jackson network is an analytic
Lyapounov Markov chain.
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