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CHAPTER 1

Introduction

I am going to adopt the view that the main purpose of ergodic theory is
to study statistical patterns in deterministic or random dynamical systems
and, specifically, how these patterns depend on the initial state of the system.
Let me first try to explain this without going to technical details.

Suppose that we have a system X evolving in a phase space X. This
means that at each time ¢ the state of the system denoted by X; belongs
to X. The system may be rather complex, e.g., X can be a turbulent flow of
particles in a fluid or gas and at any given time the description of the state
of the flow should involve positions and velocities of all these particles. All
these details of the flow at any given time have to be encoded as an element
of X.

Studying such a system experimentally may be a difficult task because
if the behavior of the system is rich, then tracking all the details of the
evolution may be hard or impossible. In many cases predicting the trajectory
of such a system may be problematic as well, sometimes due to analytic or
computational difficulties, sometimes due to intrinsic randomness or lack of
stability in the system and due to its sensitivity to the initial data.

However, one may try a statistical approach to describing the properties
of the system. Although concrete realizations (X;):>o of the system may
be erratic, it is still possible that these realizations follow steady statistical
patterns.

A usual approach to experimental analysis of the system is to collect
statistical information about the system by making repeated observations
or measurements. From the mathematical point of view, a measurement
is a way to assign to any state z € X a number f(z). In other words, it
is a function f : X — R. In particular, a measurement f of system X
at time ¢, produces a number f(X;). One such measurement hardly tells
much about the system, so a natural way to proceed is to conduct the
same measurement at different times and find the average of the obtained
values. If the measurements are made at times 1,2,..., then the result of
this procedure is

JX)+ .+ f(Xn)

- .
The hope is that these time-averaged measurements can serve as approxima-
tions to a “true” value one is trying to estimate. Moreover, one hopes that
the more observations we average, the closer the resulting estimate is to the

5



6 1. INTRODUCTION

ideal true value. In other words, collecting more and more statistics is useful
only if a version of the law of large numbers holds, namely, that there is a
number f such that M — f as n — oco. Moreover, that infinite
time horizon average should be independent of the specific initial state of
the system or at least be stable with respect to a class of perturbations of
the initial state. Otherwise it is hard to assign a meaning to this limiting
value. So, some questions that naturally arise are: Does the system possess
any statistical regularity, i.e., does it make sense to collect statistics about
the system? How do the statistical properties of the system depend on the
initial condition? Does the system tend to remember the initial condition or
does it forget it in the long run? What is remembered and what is forgotten
in the long run?

One way to look at these issues is the stability point of view. I would
like to illustrate that with a couple of standard mathematical examples.

The first very simple example is a deterministic linear dynamical system
with one stable fixed point. A discrete dynamical system is given by a
transformation 6 of a phase space X. For our example, we take the phase
space X to be the real line R and define the transformation 6 by 6(z) = ax,
x € R, where a is a real number between 0 and 1. To any point € X one
can associate its forward orbit (X)), a sequence of points obtained from
Xy = z by iterations of the map 6, i.e., X;, = 0(X,_;) for alln € N:

Xo=12=0x)

X = 0(Xo) = 0(z) = 0 (z),

Xy =0(X1) =0006(zx) = 0*(x),
X3=0(Xs)=00000(z) = 6(z),

We are interested in the behavior of the forward orbit (X,)5, of = as
n — 00, where n plays the role of time. In this simple example, the analysis is
straightforward. Namely, zero is a unique fixed point of the transformation:
6(0) = 0, and since X,, = a"x, n € N and a € (0,1) we conclude that as
n — 00, X, converges to that fixed point exponentially fast. Therefore, 0 is
a stable fixed point, or a one-point global attractor for the dynamical system
defined by 0, i.e., its domain of attraction coincides with R. So, due to the
contraction and intrinsic stability that is present in the map 6, there is a
fast loss of memory in the system, and no matter what the initial condition
is, it gets forgotten in the long run and the points X,, = " (x) approach the
stable fixed point 0 as n — co.

A completely different example is the following: let X = [0,1) and let 0
be defined by 0(z) = {2x}. This system exhibits no stability at all. To see
that, it is convenient to look at this system using binary representations of
numbers in [0,1): for each = € [0,1) there is a sequence (x;):°, of numbers
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x; € {0,1} such that = 0.z1x2x3 . .. in binary notation, i.e.,

o

i=1
This representation is unique for all z except dyadic numbers. These are
numbers with only finitely many 1’s in their binary representation. Each
dyadic number x allows for one more representation:

0.x12223...27,-110000... = 0.212223 ... 27101111 ...,

S0 to preserve the uniqueness of binary representations, let us agree that
representations ending with 1111... are not allowed.
The transformation 6 acts on binary representations as a shift:

9(0..1‘11’2%’3 .. ) = 0.x2x3$4 P

Therefore,

0”(0.$1[L‘21’3 .. ) = 0.1’1+n$2+nl’3+n Ce e
To see that there is no stability in this system, let us start with any point
x = 0.x12923... € [0,1). Let us now take another point y = 0.y1y2ys3 ... €
[0,1). If y,, # x, for infinitely many values of n, then for those values of n,
the iterates of 6"(z) and 6"(y) will not be close, one belonging to [0,1/2)
and another to [1/2,1).

We see that stability at the level of trajectories does not hold in the
usual sense. However, a statistical version of stability holds true. Namely,
one can prove that if f is an integrable Borel function on [0, 1), then for
almost every x € [0, 1) with respect to the Lebesgue measure on [0, 1),

(11) fim L@ FIO@)+ IO @)+ + (0" (@) :/[01)f(x)dx'

n— o0 n

Since the right-hand side represents the average of f with respect to the
Lebesgue measure on [0,1), one can say that, in the long run, statistical
properties of this dynamical system are described by the Lebesgue measure
or uniform distribution on [0,1). In fact, one interpretation of identity (1.1)
is that for Lebesgue almost every initial condition x the empirical distribu-
tion or empirical measure generated by 6 and assigning mass n~! to each
point =, 0(z), ...,0" 1 (x) converges to the Lebesgue measure. Since the lim-
iting measure is the same for a broad class of initial conditions x, we can
speak of statistical stability: in the long run the initial value gets forgot-
ten in the statistical properties of the system. We also can interpret the
convergence in (1.1) as a law of large numbers.

We see that the Lebesgue measure plays a special role for this system
since it describes the limits in (1.1). The reason for this is, as we will see
is (a) that the Lebesgue measure is invariant under 6 and (b) it is ergodic,
i.e., it is not decomposable into two nontrivial invariant measures.
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Similar questions are natural to ask if one considers random maps in-
stead of deterministic ones. One natural way the random maps emerge is
via random perturbations of deterministic dynamics. Let us describe one
example of this kind. It is a ‘noisy’ modification of our first example above.
Recall that in that example we worked with the map 6 : x — 0z, and 0 was
a stable equilibrium point. Let us perturb this dynamical system with noise,
i.e., a random perturbation that kick the system out of equilibrium. Sup-
pose we have a sequence (§,)nez of independent Gaussian random variables
with mean 0 and variance o2 defined on some probability space (€2, F,P).
For every n € Z we will now define a random map 6, : R — R by

en,w(x) =axr + gn(w)
This model is known as an autoregressive-moving-average (ARMA) model
of order 1.
A natural analogue of a forward orbit from our first example would be
a stochastic process (X,)n>0 emitted from a point xzy € R, i.e., satisfying
Xy = and, for all n € N,

(1.2) X = aXn_1+ &n.

However, the stability issue it is not as straightforward here as in the de-
terministic case. It is clear that there is no fixed equilibrium point that
would serve all maps 0, , at the same time. The solution of the equa-
tion 6, ,(y) = y for some n may be irrelevant for all other values of n.
Still this system allows for an ergodic result similar to (1.1). Let u be the
Gaussian measure with mean 0 and variance 02/(1 — a?). Then, for any
Borel function f integrable with respect to u, we have that for almost every
(xo,w) € R x Q with respect to u x P,

R

n—00 n

The underlying reason for this result is that p is a unique invariant distri-
bution for the Markov semigroup associated with the process. This example
demonstrates a situation where there is no stability in the straightforward
deterministic sense, but there is statistical stability.

Roughly speaking the ergodic approach to stochastic stability is to base
the study of the system on the description of the set of invariant distributions
and their properties, and so this is the main theme of these notes in the
context of random dynamics. Nevertheless, we will begin with the basics of
ergodic theory of deterministic transformations. The full tentative plan is
to study

(1) Generalities on ergodic theory of deterministic transformations.

(2) Generalities on ergodic theory of random transformations and Markov
processes.

(3) Finite and countable state space. Markov chains.

(4) Random dynamics in Euclidean spaces
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(5) Continuous time. SDEs.
(6) SPDEs: Stochastic Navier-Stokes, Burgers equations.
(7) Lyapunov exponents and multiplicative ergodic theory.

In the end of this introduction let us discuss the roots of ergodic theory
and the origin of the word ergodic. In the second half of the nineteenth cen-
tury, L. Boltzmann worked on foundations of statistical mechanics that was
supposed to connect the kinetic theory of gases with thermodynamics. The
main idea was that gases in equilibrium obey a distribution and all macro-
scopic quantities of interest can be derived from that distribution. Boltz-
mann introduced the notion of ensemble (that corresponds to Kolmogorov’s
notion of probability space) and, among other things, was concerned with
the connection with the frequentist notion of probability since computing
frequencies is a form of time averaging.

The systems of gas particles Boltzmann was considering preserve the
total energy. He called an energy-preserving system an Ergode if there were
no other conserved quantities, and he introduced the term FErgodentheorie
for the study of such systems. The greek root erg in both energy and ergode
relates to work or activity (ergon means work in ancient Greek). It takes
no external work to move between states with the same energy, and when
studying such systems Boltzmann was led to what may be called a weak form
of the ergodic hypothesis: that the path that the system follows explores all
available configurations of particles and their velocities with the same total
energy. (The Greek word for road or way is odos)

The stronger version of the ergodic hypothesis is usually formulated as
“time averages equal ensemble averages”, and can be understood as a form
of law of large numbers. So, if X1, Xo, ... are configurations that the system
evolves through and f is any observable, then

where P is the equilibrium distribution, and the right-hand side plays the
role of the ensemble average. Of course, no rigorous measure and integra-
tion theory or probability theory existed at that time, so the mathematical
treatment of these issues had to wait until the 20th century.







CHAPTER 2

Measure-preserving transformations and other
basic notions of ergodic theory for deterministic
systems

This chapter is devoted to a very sketchy introduction to the ergodic
theory of deterministic measure-preserving transformations. Many more
topics are studied in introductory texts [Wal82], [Sin76]. A comprehensive
modern course on dynamical systems is [KH95].

1. Example: circle rotations

Let us start with an example of a simple dynamical system. Consider
a circle S'. Tt can be understood as the real line modulo 1: S! = Rl/Z}
i.e., it is the result of identification of points on the the real line R! with
common fractional part. It can also be parametrized by the segment [0, 1]
with identified endpoints.

A rotation of the circle is a transformation 0 : S' — S! given by

(2.1) flw)=w+a (modl), weS!,

where « is a real number. Let us look at what happens if we keep watching
the dynamics emerging under iterations of the map 6, i.e., the compositions
' =0, 6> =000, 03 =0060080, etc. The number of iterations plays the
role of time, and we are interested in statistical patterns in these iterations
over long time intervals.

If the rotation angle « is rational and can be represented as o = m/n
for some coprime numbers m,n € N, then for all w € S, all the points
w, 0w, 0%w, ..., 0" 1w are distinct, but §"w = w i.e., after n iterations of @
the circle returns to its initial position and then the next n iterations
0w, ...,0%" 'w coincide with w,fw...,0" 'w, and then this repeats for
6%"w, ..., 03" 1w, and so on. In other words all points w are periodic with
period n.

A more interesting situation occurs if « is irrational. Then there are
no periodic points and one can show that the orbit {w,fw,?w ...} is dense
in S', and, moreover the following equidistribution theorem established al-
most simultaneously by P. Bohl [Boh09], H. Weyl [Wey10], and W. Sier-
pinski [Sie10] (although I have not looked into these papers) holds:

11



12 2. MEASURE-PRESERVING TRANSFORMATIONS

THEOREM 2.1. Let « be irrational. Then for any point w € S', and any
interval I = (a,b) C S?,
n—1
i—0 Lonwer
(2.2) lim 22d=0 Ler

n—oo

=b—a.

The sum in the left-hand side computes the total number of visits of the
sequence (67 w)72g to I before time n, and the ratio computes the frequency
of those visits relative to the total time n. Notice that the limiting value on
the right-hand side equals to Leb(7), the Lebesgue measure of I. Also notice
that the Lebesgue measure plays a special role for this dynamical system,
namely it is invariant under rotation 6. It should be intuitively clear what
this means. First, imagine mass uniformly spread over the circle and then
rotate the circle. The distribution of mass in the circle after the rotation is
still uniform, so it coincides with the initial mass distribution.

We will see soon that the fact that the statistics of visits to intervals is
described in the long run by an invariant distribution is a general phenom-
enon explained by ergodic theorems. Here we note that it is easy to extend
this result to the following:

THEOREM 2.2. Let o be irrational. Then for any point w € S* and any
continuous function f : S' — R,

n—1 jw
(2.3) li 22020 /079) / f(z)dz.
s1

n—00 n

DERIVATION OF THEOREM 2.2 FROM THEOREM 2.1: Identity (2.2) is a
specific case of identity (2.3) for f = 1;. Given (2.2), we can use linearity
of sums and integrals to derive (2.3) for functions f representable as

fw) =" el (W),
k=1

for some system of intervals I, ¢ S', k = 1,...,m. Suppose now f is
continuous. Therefore, it is uniformly continuous and for every € > 0, we
can find a step function f. such that |f(w) — f-(w)| < ¢ for all w € S*. Then

1 rgiw Ly (0w
>ico f(#w) Eg_on(j )/Slfs(@dx

n
so limsup,,_,., of the left-hand side does not exceed 2e. Since ¢ > 0 is
arbitrary, we conclude that the limit of the left-hand side equals zero. [J

- f(x)dx| < +2, neN,
S1

Theorem 2.2 can be interpreted so that for every observable f from a
broad class of functions, the time averages approximate the space averages.

Of course, this property fails for rational values of & = m/n despite the
fact that the Lebesgue measure is still invariant. The reason is that in that
case, for any w € S!, the orbit (ij)jzo explores only a very small part of
S! — a finite set, in fact, — whereas the integral in the right-hand side
of (2.3) depends on the behavior of f on the entire S'. This also can be
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explained by saying that S! is decomposable: one can split S into smaller
massive sets composed of periodic orbits such that the dynamical system
can be confined to any of these sets and studied independently on each of
them.

Moreover, due to this decomposability of the dynamics, the Lebesgue
measure is not a unique invariant measure. For example, we can choose
one periodic orbit (w,6w,...,0" 'w) and obtain an invariant measure by
assigning mass n~! to each of its points:

1 n—1
m = ﬁ Z 50jw7
7=0
where J, denotes the Dirac measure concentrated at x, i.e., for any set A,
(2.4) 0z(A) = 1ea.
Notice that this uniform distribution along the orbit of w is not possible for
nonperiodic orbits.
We will see later that the Lebesgue measure can be decomposed into a
combination of these discrete invariant measures, i.e., can be represented as
their (continual) mixture.

Let us now introduce some rigorous definitions in a more abstract frame-
work.

2. Measure-preserving transformations. Formal definitions

Throughout these notes book we will use concepts from measure-theory
based probability theory introduced by A.Kolmogorov in 1930’s, see [Kol50)].
For a comprehensive introduction to probability, we recommend the book
by A.Shiryaev [Shi96], although this is largely a question of habit and taste.
There are several good books that can serve this purpose equally well. For
example, a more recent textbook [KS07] contains a concise introduction to
the mathematical theory of probability and stochastic processes.

We will often work with measurable spaces (€2, F), where ) is any set
and F is a o-algebra on Q. If P is a probability measure on (2, F), the
triplet (€2, F,P) is called a probability space.

The first two definitions below require only the measurable structure
and do not depend on measures.

DEFINITION 2.1. Let (Q,F) and (€, F) be two measurable spaces. A
map X : Q — Q is called measurable with respect to (F, f) if for every
A€ F, wehave X 'A = {w: X(w) € A} € F. Often, such a map is also
called Q-valued random variable. In the case where (Q, F) = (R, B(R)),
where B(R) denotes the Borel o-algebra on R, X is simply called a random
variable.

A specific case of this definition is the following:
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DEFINITION 2.2. Let (2, F) be a measurable space. A map or trans-
formation 6 : € — Q is called measurable if, for every A € F, we have

0 'A={w:0wc Ay c F.

Here and often in these notes we follow the tradition to denote the value
assigned by the transformation 6 to argument w by 6w.

A measurable transformation 6 defines a semigroup of measurable trans-
formations (0"),ez,. Here 6" is inductively defined by §° = Id (identical
transformation, i.e., Id(w) = w) and for n > 1, " = § o 1. If a trans-
formation is invertible, i.e., # is a bijection of Q onto itself, then 67! is
well-defined and in a similar way 6 generates a group of transformations
(0™)nez. Identity 6™ o 6™ = ™1™ is valid for all m,n € Z, in the case of
the semigroup and for all m,n € Z in the case of the group.

Often in these notes we will omit the composition sign “o” for brevity.
For example, this convention allows to rewrite the above group identity
written as 00" = M,

DEFINITION 2.3. Let (2, F,P) be a probability space and (Q,F) be a
measurable space. Let a map X : Q —  be (F,F)-measurable. The

pushforward of P under X is a measure on (Q,F) denoted by P9~! and
defined by

PX 1 (A)=P(X'A) =P{w: X(w) € A}, AcF.

DEFINITION 2.4. Let (€2, F, P) be a probability space and suppose trans-
formation 6 : Q@ — Q be measurable. If the pushforward PO~! coincides
with P, i.e.,

(2.5) P(O~1A)=P(A), AeF,

then we say that P is invariant under 6, or that 6 preserves P, or that 6 is
P-preserving.

It is important to notice that the definition of invariance is based on
pre-images under ¢, and not forward images. The reason for that is that the
pushforwards of measures are defined in terms of pre-images and there is no
natural notion of pullbacks of measures.

PROBLEM 2.1. Suppose transformation 0 preserves a measure P. Prove
that for any n € Zy, 0" also preserves P. Suppose additionally that 6 is
invertible and 1 is measurable. Prove that then a stronger statement holds:
for any n € Z, 0™ also preserves P (in particular, 0=' is P-preserving).

Let us consider some basic examples of probability spaces with measure-
preserving transformations.

Let Q@ = {0,1,...,n—1}, F = 29 (0-algebra of all subsets of ), and let
P be the uniform distribution on 2. Then a transformation € is P-preserving
if and only if it is a permutation, i.e., a one-to-one map. For instance, the
cyclic map fw = w + 1 (mod n) is P-preserving.
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Continuous analogues of this cyclic transformation are circle rotations
preserving the Lebesgue measure on S! equipped with the Borel o-algebra,
and, more generally, shifts on a d-dimensional torus T¢ = R%/Z? given by

(2.6) O(wi,...,wq) = (w1 +a1 (mod1l),...,wg+ag (mod 1)),

where o = (o, ..., aq) is a fixed vector in R,

One more class of examples transformations preserving the Lebesgue
measure is provided by interval exchange transformations. Suppose the
probability space is ([0, 1), 5([0,1)), Leb). Let us take m € N and let inter-

vals I, = [ag,bk), k = 1,...,m, form a partitions of [0, 1), i.e., these intervals
are mutually disjoint and their union is [0, 1). Let I} = [a},, b)),k =1,...,m,
form another partition such that b, —aj, = by —ay, k =1,...,m. Then one

can define a transformation 6 of [0, 1) such that for each I}, it coincides with
a translation of Ij, onto I;. It is easy to see that thus defined transformation
preserves the Lebesgue measure.

It is often useful to check invariance in terms of test functions. From this
point on we will often denote expectation (integral) of a random variable X
defined on (2, F,P) by EX or EX (w).

LEMMA 2.1. A measurable map 6 on a probability space (2, F,P) pre-
serves P if and only if for any bounded measurable function X : Q — R,

(2.7) EX(w) = EX (6w).

PROOF: Definition 2.4 is equivalent to (2.7) for indicator functions X = 14,
A € F. So sufficiency of (2.7) is obvious. On the other hand, if (2.7) holds
for indicators, then it holds for simple functions (finite linear combinations of
indicators). Also, any bounded measurable function X can be approximated
by a simple one: for any £ > 0 there is a simple function X. such that
| X (w) —X:(w)| < e. Since (2.7) holds for X, we obtain |[EX (w) —EX (fw)| <
2e. Since ¢ is arbitrary, (2.7) follows. O

DEFINITION 2.5. A probability space (), F,P) equipped with a measure-
preserving transformation 0 is often called a metric dynamical system or a
measure-preserving dynamical system. Quadruplet notation (0, F,P,0) is
often used.

3. Poincaré’s recurrence theorem

The first truly contentful result that we are going to prove is the following
recurrence theorem proved by H. Poincaré [Poi90], [Poi99].

THEOREM 2.3. Suppose (0, F,P) is a probability space, and 0 is a P-
preserving transformation of Q. Then for any set A € F we have P(T(A)) =
0, where T'(A) is set of all points in A that never return to A under iterations
of 8, i.e.,

TA)={weAd: "wé¢ A, neN}
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PROOF: Let us prove first that the sets 6~ "T(A), n € N are mutually

disjoint. In fact, if w € 67"T(A) N O ™T(A) and m < n, then we denote

w' = 0™w and notice that w’ € T(A), and at the same time 0" "W’ =

"m0 w = w € T(A) which is a contradiction with the definition of T'(A).
Due to #-invariance of P, P(6~"T'(A)) = P(T'(A)) for all n, so

D P(T(A) =) PO "T(A) =P (U 0‘”T(A)> < P(Q),

neN neN neN
which can hold true only if P(T'(A4)) = 0. O

It is possible to give a quantitative strengthening of this theorem. The
following is an adaptation from [Tao08].

THEOREM 2.4. Under the conditions of Theorem 2.3,
limsup P(67"A N A) > P3(4), AcF.

n—oo

PROOF: The invariance of P implies that for any N € N,

N
E [Z 1g-n A] = NP(A).
n=1

Using the Cauchy—Schwartz inequality or Lyapunov inequality, we obtain

N 2 N 2
(2.8) E [Z lg-na| > (E [Z 19,LA]> = N2P(A)%

The left-hand side of this inequality can be rewritten as

N 2 N N
(2.9) E[Z 19nA] = ) POTANGT"A) = Y P(ANn6mTA).
n=1

n,m=1 n,m=1

Introducing L = limsup,,_,., P(A N0 ™A), for any ¢ > 0, we can find
ng = no(e) such that

P(ANO™A) < L+e, n>np.
Let us now split the sum on the right-hand side of (2.9) into two: over n,m
satisfying |n —m| > ng and over n, m satisfying |n —m/| < ng. Noticing that
there are less than 2ng/N terms in the second sum and they all are bounded
by 1, we obtain

N
1 —lm—n 2710(8)]\7
a7 D PNl < Lo S
n,m=1
Combining this with (2.8) and (2.9), we obtain
P(A?<L+e+ 27?[(5).

Taking N — oo and then € — 0, we obtain the desired result. ]
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PROBLEM 2.2. Using an approriate Bernoulli shift, prove that the lower
bound in Theorem 2.4 is sharp, i.e., in general P2(A) cannot be replaced by
a larger value.

Theorem 2.4 implies that for any set A of positive measure (no matter
how small) there are infinitely many times n such that P(6~"AN A) > 0.
In particular, Theorem 2.3 can be viewed as a corollary of Theorem 2.4.

DERIVATION OF THEOREM 2.3 FROM THEOREM 2.4: Let us assume that
P(T(A)) > 0. Then Theorem 2.4 implies that P(67"T(A)NT(A)) is positive
for infinitely many n € N. For those n, there is w € 67"T(A) N T(A) C
0~"ANA. So, w € T(A), but §"w € A. This contradicts the definition of
T(A). O

There is an interesting Zermelo’s paradox related to Poincaré’s recur-
rence theorem. Consider a gas, i.e., a collection of particles in a box. The
evolution of this system of particles can be described by a Hamiltonian dy-
namical system preserving the Lebesgue measure in the phase space encod-
ing positions and momenta of all particles. If in the beginning all particles
are in one half of the box, then as the system evolves it is natural to expect
that these particles eventually will be more or less uniformly distributed
between this half and the other one. Poincaré’s recurrence theorem allows
to conclude though that sooner or later there will be a moment when these
particles will all gather within the same half of the box. This seems to
contradict both intuition and experience. The explanation is that the time
required for such an event to occur in a realistic setting is astronomically
large, much larger than the length of any conceivable experiment, and so
these events are never observed in practice.

4. Stochastic processes: basic notions

There is a useful interpretation of metric dynamical systems in terms of
stationary processes, for example for any random variable f : X — R, the
process (X, )nen defined by X, (w) = f(0"w) is a stationary process. First,
let us recall some basic facts concerning stochastic processes in general.

DEFINITION 2.6. Let (X, X) be a measurable space and T be any set.
Any collection of X-valued random variables (X;)er is called a stochastic
process.

The set T in this definition plays the role of time axis, and if T C R, then
for fixed w € Q, the realization (X¢(w))ser is also often called the trajectory
or sample path corresponding to w.

The space of these sample paths is denoted by

X'={z:T—X}.

If T = N, then XT consists of one-sided sequences (21, z2,...), and if T = Z,
then XT consists of two-sided sequences (.. ,x_9,T_1,20,%1,T2,...).

at this point the
Bernoulli shift
has not been
introduced yet
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It is often useful to consider an (X, X')-valued process X as one X'-valued
random variable, and so we need to introduce an appropriate o-algebra
on XT.

DEFINITION 2.7. Suppose T C R. For m € N, n; < ... < n,, and
Aq, ..., Ay € X, we denote
(2.10)  Chyoomn (A1, Ag) = {2 € X012, € Ag,. . 20, € A
Sets of this form are called elementary cylinders.

Let us stress that all cylinders have non-unique representations of the
form (2.10). For example,

Cnl,...,nm,nerl(Al’ ce 7Am7 X) — Cnl,...,nm (Ala cee 7Am)

DEFINITION 2.8. The cylindric o-algebra X" is generated by all elemen-
tary cylinders.

For any time n € T, the projection 7, : XT — X is defined by 7, () = z,,.
THEOREM 2.5. The cylindric o-algebra X7 is generated by maps m,.

The family of all elementary cylinders is a w-system, i.e., it is closed
under intersection.

THEOREM 2.6 (see [Shi96, Lemma I1.2.3]). If the restrictions of two
probability measures on a w-system & coincide, then the measures coincide
on o(&).

The following corollary says that a probability measure on (XT, XT) is
uniquely defined by its values on elementary cylinders.

THEOREM 2.7. Let P and Q be two measures on (X', XT) such that for
any elementary cylinder C, P(C) = Q(C). Then P = Q.

To formulate an existence result, we need to introduce general cylinders.

DEFINITION 2.9. Let m € N and nq,...,n, C T satisfy n1 < ... < np,
we denote by

XMtm = g (Cpy o (A1, A, Al A € X).
Elements of X" are called cylinders.

THEOREM 2.8 (Kolmogorov-Daniell extension theorem). If (X, X) is a
Borel space and P is a nonnegative function on all cylinders such that for
any m € N and any ni,...,ny, CT satisfyingny < ... < Ny, the restriction
of P to X""m s q probability measure, then there is a unique measure
on XT such that its restriction on cylinders coincides with P.

Often in these notes we will work with Borel spaces, as in this theorem.
Let us introduce the corresponding definitions.
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DEFINITION 2.10. We say that measurable spaces (X, X') and (Y, )) are
measurably isomorphic if there is a bijection ¢ : X — Y such that ¢ is
(X,Y)-measurable and ¢! is (), X)-measurable.

DEFINITION 2.11. A measurable space (Y,)) is called a Borel space if

it is measurably isomorphic to some space (X, X'), where X is a Borel subset
of [0,1], and X is the o-algebra induced by B([0,1]) on X.

REMARK 2.1. The family of Borel spaces (X, X) is extremely rich and
includes, for example, Borel subsets of Polish spaces, see [Kur66|. We recall
that a metric set (X, p) is called Polish if it is complete and separable.

5. Interpretation of measure-preserving maps via stationary
processes

In this section we describe the connection between stationary processes
and measure-preserving transformations.

DEFINITION 2.12. Suppose T = N, Z,, or Z and let (X;)ier be a sto-
chastic process with values in X. This process is called stationary if for any
m € N, any i1,...,iy, € T, and any r € N, the distributions of (X;,, ..., Xj,,)
and (Xi, 47, ..., Xj,, +r) coincide, i.e., for any Aj,..., 4, € G,

(211) P{X“ S Al, ey Xim € Am} = P{XilJrr € Al, . ,Xierr € Am}

It is sufficient to check this definition for r = 1 since the statement for
the general r follows by induction.

The simplest example of a stationary process is a sequence of indepen-
dent and identically distributed (i.i.d.) random variables (X, ),en. By def-
inition, this means that there is a probability P on (R, B(R)) such that for
any m and any i1,...,%, € N,

P{Xil € Ay,... , Xi,, € Am} = P(Al)P(AQ) R P(Am),
so identity (2.11) easily follows.

LEMMA 2.2. Suppose X is an (X, X)-valued random variable on a prob-
ability space (2, F,P), and 0 is P-preserving transformation on Q2. Then the
stochastic process (X, )nez, defined by

(2.12) Xn(w) = X(0"w)

is stationary. If 0 is measurably invertible, then the process (Xp)nez defined
by the same formula is stationary.

Intro to Gaussian
processes — 7
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PROOF: Let us check the definition of stationarity for shift r = 1:
P{w:Xi1+1( )EAl,... lm+1( )EAm}
=P{w: X0 w) € Ay,..., X (0T w) € A}
=P{w: X (0" 0w) € Ay,..., X (0" 0w) € Ap}
=P{w: X(0"w) € Ay,..., X(0mw) € A}
=P{w: X;, (w) € A1,..., X;,, (w) € An},
where the third identity follows from the #-invariance of P. Il

One can also make sense of a converse statement: every stationary pro-
cess can be represented in the form described in Lemma 2.2. Suppose
(Xn)nez, is an (X, X)-valued stationary process on a probability space
(Q, F,P).

One way to look at the process X is to view it as a map from €2 to the
space of trajectories Q) = X%+ i.e., the space of all functions x : Zy — X, le.,
sequences x = (xg, T, . . .),~equ1pped with cylindric o-algebra F = X Z+. In
fact, the process X is (F, F)-measurable (to see this, it is sufficient to check
that X-pre-images of all cylinders are in F ). Therefore, we can consider
the pushforward P = PX~! of P to (Q, F) under this map. The result is
a probability space (Q,F,P). The process (X, )neZ . defined by X, () =
Tp® = Xp, N € Z4, is a stationary process under P, because its distribution
is the same as that of the original process X.

Let us prove that P is invariant under the shift map 6 : Q — Q defined
by 6(xo,x1,...) = (x1,22,...). To check this, let us recall that, due to the

Kolmogorov-Daniell extension theorem, measures on (Q, F) = (X%+, X%+)
are uniquely determined by their values on cylinders

Cu(Ag, ..., Ap_ 1) ={zeXlr: zg€ Ag,...,Tn 1 € Ap_1},
where n € N, Ag,..., A,—1 € X. So our claim follows from
P(O~1Cu(Ao, ..., Apn 1)) = P(Cry1(X, Ag, ..., Ap_1))
=P{X1€A4,.... X € A1}
=P{Xo€ Ag,...,Xn-1€ Ap_1}
= P(Cn(Ag, ..., Ap_1)).

Now we can take the random variable o Q) — X defined by 770( ) =z
and notice that the process X, on (€, F,P) can be represented as X, (z) =
mo(0™x). This is what we wanted, because this representation is of form (2.12).
However, to obtain this representation we had to switch from the original
probability space to the canonical space of trajectories. The same procedure
applies to processes indexed by N and Z.

It is often convenient to work with stationary processes directly on their
trajectory spaces. For example, when working with i.i.d. (X, X')-valued ran-
dom variables, it is convenient to work with product measure on (XZ+, XZt),
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If X is finite then (X%+, X%+) equipped with a product measure and coor-
dinate shift @ is called a Bernoulli shift.

6. Ergodicity

In this section we work with a probability space (€2, F,P) equipped with
a P-preserving transformation 6. The goal of this section is to define and
study the notion of ergodicity of (2, F,P,#). This notion has to deal with
the natural question of whether one can decompose €2 into smaller sets and
study the dynamics restricted to those sets separately.

DEFINITION 2.13. A set A is called (backward) invariant if 071A = A,
forward invariant or positive invariant if 0A C A, and almost invariant or
invariant mod 0 if P(0~AAA) = 0.

LEMMA 2.3. (a) If A € F is invariant, then A is forward invariant.

(b) If A € F is forward invariant then it is almost invariant.

(c) If A € F is almost invariant, then there is an invariant set B such that
P(AAB) =0

(d) If A € F is forward invariant, then there is an invariant set B such that
P(AAB) =

ProoOF: To prove part (a), it suffices to notice that invariance of A means
that w € A iff dw € A.

To prove part (b), we first claim that for any forward invariant set A,
A C 7' A. This is implied by

AcCoO'9AC oA,

where the first inclusion holds for any set A, and the second one follows
from §A C A. Since P is preserved by 6, we have P(4) = P(§~1A), so
PO~LANA) =P~ 1A\ A) = 0.

Part (d) follows from (b) and (c), so it remains to prove (c). Let A be
almost invariant. Let

B = linrgioréfe_”A = D ﬁ 07 FA.
n=1k=n

Then #~'B = liminf, o §~ " 'A = B, i.e., B is invariant. Let us prove
P(AAB) = 0. The almost invariance of A and the measure-preserving
property of € imply that for all n € N,

p(g—(n+1)AA9_"A) =P (0 TAAA)) = PO TANA) = 0.
Therefore,
(2.13) POT"ANA) =0, neN.

(2.14) A\ B= AmﬂU 6 A) cAmU GA\MA
= k=1

n=1k=n
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(2.15) B\ A= UﬂHkA\ACU AN A).

n=1k=n
Now our claim follows from (2.13), (2.14), and (2.15). O

It is easy to check that the families 7y and Zj; of invariant and almost
invariant sets are o-algebras. However, the forward invariant sets do not
form a o-algebra in general and for this reason they are not convenient to
work with in the context of measure theory. This is tightly related to the fact
that taking pre-image is a more well-behaved operation than taking images,
and thus it is easy to define pushforwards of o-algebras and measures by
taking pre-images, and there is no natural way to define pullbacks of these
objects via forward images.

PRrROBLEM 2.3. Give an example of a metric dynamical system such that
the collection of forward-invariant sets does not form a o-algebra. Hint:
complements.

DEFINITION 2.14. A transformation is called ergodic if every invariant
set has measure 0 or 1.

This definition means that one cannot split our metric dynamical system
into two.

LEMMA 2.4. A transformation 0 is ergodic if and only if every almost
invariant set has measure 0 or 1.

Proor: The “if” part is obvious since Z C Z*. The converse is a direct
consequence of part (c) of Lemma 2.3. O

DEFINITION 2.15. A random variable X is called invariant if X (w) =
X (Ow) for all w € Q.

DEFINITION 2.16. A random variable X is called almost invariant or
invariant mod 0 if X (w) = X (fw) for P-almost all w € Q.

The following obvious statement gives one more reason to define invari-
ant and almost invariant sets as in Definition 2.13.

LEMMA 2.5. A set A is invariant if and only if 14 is invariant. A set A
s almost invariant if and only if 14 is almost invariant.

DEFINITION 2.17. We say that a (real-valued) random variable X is
a.s.-constant if there is a number ¢ € R such that P{X = ¢} = 1.

THEOREM 2.9. The following three conditions are equivalent if 0 is a
P-preserving transformation:
(a) 0 is ergodic;
(b) every almost invariant random variable is a.s.-constant;
(¢c) every invariant random variable is a.s.-constant;
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PrOOF: Condition (b) trivially implies (c), and the latter implies (a) as a
specific case for indicator random variables. It remains to derive (b) from (a).
So we suppose that X is a random variable almost invariant under an ergodic
transformation 6. For every real number ¢, the set A(t) = {X <t} is almost
invariant. Ergodicity of # and Lemma 2.4 imply P{X <t} =0 or 1 for any
t € R. Notice that the function F': R — R defined by F(t) = P{X <t} is
the distribution function of X. Thus, lim;, o F(t) = 0, limy_, 1~ F(t) =1,
F is nondecreasing and left-continuous. Therefore, there is some point ¢ € R
such that F(t) = 0 for all ¢ < c and F(¢f) = 1 for all ¢ > ¢. Then P{X =
c} =1, and the lemma is proved. O

REMARK 2.2. Tt is sufficient to verify conditions (b) and (c) of The-
orem 2.9, for bounded random variables. In fact, for a general random
variable X these conditions can be verified by checking them first for its
truncations Xy = X1|x<y and then letting N — oo.

REMARK 2.3. Conditions (b) and (c) of Theorem 2.9 remain necessary
and sufficient conditions for ergodicity if stated for complex-valued random
variables instead of real-valued ones. To see that, consider the real and
imaginary parts of complex valued random variables.

Let us now check ergodicity for some systems.

LEMMA 2.6. Let (Q,F,P) be the unit circle S' equipped with Borel o-
algebra and Lebesgue measure. If a is irrational, then the circle rotation 0
by angle o defined in (2.1) is ergodic.

PROOF: Let us take an almost invariant bounded random variable f and
prove that it is a.s.-constant. Every bounded measurable function on S can
be decomposed into a Fourier series convergent in L?(S!):

(2.16) flw) =" cpe®m*,

kEZ
where

Ck :/ ek f(WYdw, k€ Z.
S1

Since f is almost invariant, f(w) and f(6w) coincide almost everywhere.
So the Fourier series for f(fw) coincides with (2.16). Therefore, we can
compute ¢, as Fourier coefficients for f(fw):

cp = / efQWikwf(w + a)dw — 62m’a/ efZWikwf(w)dw _ 627riakck’ | =A
Si St

If o is irrational, then e2™* =£ 1 for all k # 0, so ¢, may be nonzero only
for k = 0, which means that f is a.s.-constant. O

If @ = m/n is rational, then 6 is not ergodic since f(w) = > is a
nonconstant invariant function.
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THEOREM 2.10. Let 0 be a shift on the torus T defined by (2.6). It is
ergodic if and only if the identity riaq + ... + rqag = m is impossible for
any ri,...,rq, m € Z such that not all of them are equal to 0.

PROBLEM 2.4. Prove Theorem 2.10.

THEOREM 2.11 (A variation on Kolmogorov’s 0-1 Law, REFERENCE?777?).
Let (X, X, P) be a probability space and (Q, F,P) = (XN, AN(X), PY), where
XN is the cylindric o-algebra and PN is the product measure on it with mar-
ginal distribution P. Then the shift transformation 6 defined by 0(wy,wa,...) =
(wa,ws,...) is measure preserving and ergodic.

PROOF: The invariance of P under 6 follows from the discussion right after
Lemma 2.2.

To prove ergodicity, consider an almost invariant set A. It is sufficient to
prove that P(A) = P2(A) which can be rewritten as P(A N A) = P(A)P(A)
or, using the almost invariance of A, as P(AN#™"A) = P(A)P(67"A) for all
n € N. This means that A is independent of itself or its pre-images under 6".
To prove this, we will approximate A and =" A (for large n) by cylinders
that depend on disjoint coordinate sets and thus are independent.

Since A € XN it can be approximated by cylinders, i.e., for any € > 0
there is a set A. € XN, a number k(¢) € N and a set B. € X*() such that
Ae ={w: (w1,...,wye)) € Bc}, and P(A.AA) <e.

Let us take any n € N satisfying n > k(¢). Sets Ac and §7"A; = {w :
(Wn41s -+ s Wngk(e)) € Be} are independent by the definition of the product
measure, so

(2.17) P(A. N0 "A.) = P(A.)P(67"A,) = P3(A.).

To deal with the left-hand side, we notice that A. is very close to an almost
invariant set:

IP(Ac N6 "A) —P(A)| =|P(A:NO"A) —P(ANOA)
<IP(A N0 AL) — P(A. (0" 4)|
FP(A-N 07" A) — P(AN G A)|
<IPOT(AAA)| + [P(AAA)| < 2e.
For the right-hand side of (2.17), we have
IP2(A.) — PR(A)] = (P(A.) + P(A)) - [P(A.) — P(A)] < 2|P(A.AA)| < 2,

so |[P2(A) — P(A)| < 4e. Since € > 0 is arbitrary, we have P?(A) = P(A), so
P(A) =0or 1. O



CHAPTER 3

Ergodic theorems for measure-preserving
transformations

1. Von Neumann’s ergodic theorem in L2.

Based on [Hal60, pp.13-17].
Suppose we have a metric dynamical system (2, F,P,6). We are inter-
ested in the convergence of time averages

n—1
(3.1) Anf(@) =~ 3 f(8h)
k=0

as n — oo for measurable functions f :  — R. There is an elegant proof of
this convergence in the sense of L? due to Riesz.

Let us first introduce an L? framework. We recall that the space of
all measurable functions f : F — C such that E|f|> < oo with the usual
identification of functions that coincide P-almost everywhere, is a complex
Hilbert space denoted by L?(Q, F,P) or L? for brevity, with inner product
(f,9) = Efg and norm || f|| = (f, /)*/* = (E|f|})"/2.

For any measurable f, we will denote by U f the function defined by
Uf(w) = f(fw), w € Q. The following observation was first made by Koop-
man in [Koo31] in the context of Hamiltonian systems:

LEMMA 3.1. The operator U is an isometry in L%, i.e., if f € L?, then

IUFI = 11A1I-

PROOF: For any A € F, we have Ul = 1y-14. Therefore, the invariance
of P under # implies

(U14,U14) = E[1g-14]* = P(67"4) = P(A).
Also, for any disjoint measurable sets A and B,
(U14,Ulp) = Ely-141p-14 = 0.

Now we can use linearity of U to derive the result for any simple function
=201 ¢jla;, where m € N, (4;)7, is a collection of mutually disjoint

25
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measurable sets, and ¢; € C for j =1,...,m:

IUFI? =Y cie;(Ula,, Ula)

ij=1

m
= > ati(lga,lg1a,) = > lalP(A) = |If]*
ij=1 i=1

For a general f, we can find a sequence of simple functions f,, such that
f2(w) is increasing to f2(w) as n — oo for all w € X. Then (Uf,)? also
increases to (U f)? pointwise, and we can use the above identity along with
the monotone convergence theorem to write:

2 _ 13 2 _ 13 2 _ 2
IUFIP = Tim |[Ufu|" = T {| full” = [[ ]I
O

ProOBLEM 3.1. This problem is a generalization of Lemma 3.1. Let
(Q,F,P,0) be a metric dynamical system. Let p € [1,00]. Prove that if X
is a random variable belonging to LP (), F,P), then UX € LP(Q, F,P), and
|UX | v o,7,p) = Xl Lr(0,7,p)-

Lemma 3.1 shows that studying the convergence of ergodic averages in
L? is possible via the asymptotic analysis of operators % ZZ;& Uk, where U
is an isometry of a complex Hilbert space.

The first version of the following L? ergodic theorem appeared in [vIN32].

THEOREM 3.1. Let U be an isometry of a complexr Hilbert space H. Let
w1 be the orthogonal projection onto the space I = {f e H: Uf = f}. Then,
for every f € H,

n—1
1 k
(3.2) Anf = =3 UM
k=0
converges to mrf as n — oo.

PROOF: Let us denote G = {g — Ug : g € H} and prove that I and the
closure of G are orthogonal complements of each other. If (f,g — Ug) =0
for some f and all g, then (f,g) = (f,Ug) for all g. In particular, (f, f) =
(f,Uf). Using this property and the isometry property, we obtain

= AP = IF12 = 1A% + 1 FIP = o,

so Uf = f. Thus G+ C I. Since the isometry property can be rewritten as
(Uf,Ug) = (f,g) for all f,g € H, we can take any f € I, g € H and write

(fr9=Ug) = {f.9) = {f.Ug) = (f,9) = (Uf.Ug) = (f.9) — {f.9) = 0.
Therefore, I ¢ G+, and thus I = G*. So, now we can decompose any f € H
as f = fr+ fg, where fr € I and fg € G are orthogonal projections of f
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onto I and G, and it is sufficient to see how the ergodic averaging acts on
each of the spaces I and G.
If fel,then A,f = f.
If fed,ie.,if f=g— Ug for some g € H, then
1 n—1
- Z Ur(g—Ug)
k=0

1 . 2
I4ufll = ~[3ta-vma)] < 2ol

n

Let now f € G. Then for any € > 0 there is f. = g. — Ug. € G such that
|f — fell < e. Therefore,

[AnfIl < [[An(f = FOll + [ Anfell < &+ 2[[gell /7,

where we used that A,, is a contraction, i.e., ||Ah| < ||h|| for all h € H. So,
limsup,, ,~ [[Anf]| < €, and since the choice of ¢ is arbitrary, we conclude
that limsup,, , [|[Anf|| = 0, and the proof is complete. O

In the context of measure-preserving transformations, the space I always
contains all constant functions.

PROBLEM 3.2. Prove that if there are no other almost invariant functions,
i.e., the transformation is ergodic, then the spaces I and I+ are, respectively, the
space of constants and the space of functions f € L? with Ef = 0. Derive that in
this case, the limit in the theorem is deterministic and equal to Ef.

In general, one can introduce the invariant o-algebra F; generated by
all functions from I. Then 7;f can be understood as the conditional expec-
tation E(f|Fr).

The simplest cases where this theorem applies are rotations of Euclidean
spaces R? and R? (or their complexifications).

Let us also briefly describe the spectral approach to this theorem based
on von Neumann’s original idea. He proved that the group (U™),cz gener-
ated by a unitary operator U admits the following “spectral” representation:

U = / e P(dy), n €7,
[77‘.77‘-)

for some projector-valued measure P on [—m, 7). So, splitting the domain
of integration into a one point set {0} and its complement, we obtain

1 n—1 '

A, = —Y e P(dp) = P({0 / —

! /[m) ”;;o o) = oD [-rm\foy (e — 1)

The integrand in the right-hand side is bounded by 1 and converges to 0,

so A, converges to P({0}) which is exactly the projection onto the space

of eigenvectors of U associated to eigenvalue !0 = 1, i.e., the set I of
invariant vectors.

Another instance of this general approach is the law of large numbers

for L?-stationary C-valued processes. If X is such a process then there is a

e — 1
P(dyp),
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number a and an orthogonal random measure Z on [—m, ) such that
X, =a+ / e Z(dp), n €.
[—71',71')
Therefore, we can write

(Xo+ ...+ Xn1) = Z({0}) +/[ N0y n(e® — 1)

1 ne ]

. ° Z(d(p), n €N,

n

and conclude that
1 2
(X0 Xo) L 2({0}), n— .

Therefore, the limit is nonrandom and equals zero if the spectral measure

has no atom at zero, i.e., E[Z({0})|? = 0.

2. Birkhoff’s pointwise ergodic theorem
The following theorem was first proved by G.Birkhoff in [Bir31].

THEOREM 3.2. Let (2, F,P,0) be a metric dynamical system, I the o-
algebra of O-invariant sets, and f € L'(Q, F,P). Then, with probability
17

Anf — E[fIZ], n— oo,
where the ergodic averages A, are defined by (3.1) or, equivalently, by (3.2)
and U f(w) = f(0w).

If in addition 0 is ergodic then with probability 1,

(3.3) Anf = Ef, n— oc.

There exist various proofs of the pointwise ergodic theorem. They all do
not seem as transparent as the proof of the L? version. Here, we give one of
the simplest and most conceptual proofs constructed by Y. Katznelson and
B. Weiss [KW82] and based on the idea of the nonstandard analysis proof
of T. Kamae [Kam82].

PROOF: Due to linearity of time averages and conditional expectations, it
is sufficient to prove the convergence for nonnegative function f. Let us
introduce

f(w) =limsup A, f(w), [f(w)=IliminfA,f(w), weQ.

n—0o0 n—00

A priori we do not know if f and S are finite, but they are almost invariant.
To see that, we write

[Anf() — An(B)] < - () + ~ f(0").

The first term on the right-hand side clearly converges to 0 as n — oo for
all w. The second term converges to 0 almost surely. The latter follows from
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the finiteness of Ef: for every £ > 0, we have
(o]
> P{f(0"w) > en} < o0,
n=0

so the Borel-Cantelli Lemma implies that f(0"w) > en at most for finitely
many values of n.
We only need to show that

(3.4) Eflp <Efip <Eflp, BEeT,

because then we will have P{f = f} = 1, so P{A,f — f} =1 and Eflp =
Eflp. Also f is almost invariant and thus Z*-measurable.

Let us prove the first inequality in (3.4). To that end we will need to
use several truncations. Let us take a large number M > 0 and define

fuw)=flw)AM, we.
For all w, fis(w) is finite and does not exceed f(w). Let us fix € > 0, define
n(w)=inf {n: fu(w) < A.fw)+e}, weqQ,
and notice that n(w) < oo for all w. Almost-invariance of f under 6 im-

plies almost-invariance of far, so there is a full-measure set Q' such that
fu(Pw) = fM( ) for all w € ' and j € N, and we get

n(w) n(w)
(3.5) Z v (07w) = n(w) fur(w Z f(w) +n(w)e, we,
=0 7=0

where in the inequality we used the definition of n(w). Note that (3.5) is a
lower bound for time averages of f by time averages of fy; (an approximation
to f), and to prove the first inequality in (3.4) we need to convert (3.5)
into an integral inequality. If only the upper limit of summation were not
random, we would have integrated both sides immediately, but n is random.
Nevertheless we shall try to obtain a version of (3.5) with a deterministic
number L replacing n(w). The idea is to split the summation from 0 to
L — 1 into random intervals such that on each of them we can apply (3.5).
To achieve that, it is convenient though to work with an auxiliary version
of (3.5) where random variable n is replaced by its bounded truncation.

Let us find N > 0 such that P(C) > 1 — /M, where C = {n(w) < N},
and introduce fyr. = flc + (f V M)1lce and 7 = nlc + 1ce. Then

n(w)—1 nw)l

(3.6) Z fu(8w) = n(w Z fre(@w) +a(w)e, we,

because on C' this coincides with (3.5), and on C¢ we have fi; < M < fMe-
Let us now choose L > 0 large enough to guarantee NM/L < ¢ and for
all w € 2 define no(w) = 0 and, inductively,

ng(w) = np_1 (W) + (01 @), keN.
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The purpose of this is to split the sum from 0 to L —1 into intervals such that
on each of them we can apply (3.6): we define k(w) = max{k : ny(w) < L—1}
and write

L—1 - ' k(w) ng(w)—1 - ‘ L-1 ~ ‘
u@w)=>"" > ful@w)+ > fu®w).
=0 k=1 j=ns_1(w) T=Nge(w) (W)

Applying (3.6) to each of the k(w) terms and estimating the last special
term by NM (here we use the fact that n(w) is uniformly bounded by N,
and so is L — ny,)(w)), we obtain

L—-1 L—-1
D fu(tPw) < fue(09w) + Le + NM.
=0 =0

Integrating both sides over B and dividing by L gives
L-1
_ 1 . NM
(3.7) Efulp < LZ;EfM,E(eﬂwﬂBJFHL < Efumelp + 2,
]:
where we used invariance of B and measure-preserving property of 6:
EfM,s(‘ng)l{weB} = EfM,s(w)l{weeij} = EfM,s(w)l{weB}-
Since fare < f+ M1ce, we can estimate the right-hand side of(3.7) with
Efmelp <Eflp+ MP(C®) <Eflp+e,
we obtain
(3.8) Efvlp <Eflp+3e.

Letting ¢ — 0 and then M — oo, we obtain the first inequality in (3.4).
To prove the second inequality in (3.4), we do not even need to introduce
a a truncation analogous to fas;. We simply fix € > 0, define

n(w) =inf{n: f(w) > Ay f(w) —€}, weQ,
introduce C' = {n(w) > N} where N is chosen so that Eflce < e, define
fe = flo and n = nlg + 1¢e, and proceed in a similar way to the proof of
the first inequality in (3.4).
To prove (3.3), it is sufficient to notice that in the ergodic case, Z*

contains only sets of probability 0 and 1, so E[f|Z* |2 Ef.
O

PROBLEM 3.3. Check the details of the proof of the second inequality
in (3.4).

PROBLEM 3.4. Let (2, F,P) be a probability space and suppose that
o-algebras Gy, G1 C F satisfy the following condition: for every i € {0,1},
every set A € G; there is a set B € G1_; such that P(AAB) = 0. Then for
every random variable X € L1(Q, F,P), E[X|G1] = E[X|Go]. In particular,
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if G is a o-subalgebra of F such that for each A € G, P(A) = 0 or 1, then
E[X|G] 2 EX for any random variable X € L'(Q, F,P).

THEOREM 3.3 (L' ergodic theorem). Under the conditions of theorem 3.2,
lim E|A,f — E[f|Z]| = 0.
n—oo

PROOF: For € > 0 we can find a bounded function f; such that E|f. — f| < .
The pointwise ergodic theorem applies to f. and since the sequence A, f: is
uniformly bounded, we obtain by bounded convergence theorem that

ie.,
E’Anfa - E[fs‘z” <€

for sufficiently large n. On the other hand, due to the measure preserving
property,

1 n—1 1 n—1

BlAnfe = Anf] < = D EI(0%w) = [(0*w)| < — D Elf(w) - flw)l <e,
k=0 k=0

and due to the Jensen inequality for conditional expectations,

E[E[fe|Z] — E[f|Z]| < EE[|fe — fIIZ] = E[f- = f| <e.
Since ¢ is arbitrary, the theorem follows from the last three inequalities. [J

We can now look at the previous examples from the point of view of the
ergodic theorem.

THEOREM 3.4 (Kolmogorov’s strong law of large numbers, reference??77).
Let (Xp)nen be a sequence of independent identically distributed random
variables such that X1 has a finite expectation a. Then

1
(X1 4.+ X)) B a, n— oo

n

PROOF: This theorem is a direct consequence of Birkhoff’s ergodic theorem
and ergodicity of the standard shift i.i.d. sequences. O

Thus the pointwise ergodic theorem can be viewed as a generalization
of the strong law of large numbers.

In fact, the ergodic theorem provides the following description of an
invariant measure in the ergodic case: the measure of a set A equals the
average occupation time for A, i.e., the average fraction of time spent by
the trajectory in A:

n—1
(3.9) lim M = P(A).
n—00 n
Theorems 2.1 and 2.2 can also be understood as a corollaries of ergod-
icity of circle rotations (Theorem 2.10) and the pointwise ergodic theorem.

However, the latter provides convergence only for almost every w whereas
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the statements of those results, in fact, hold for all w € S without exception.
This gap can be closed easily.

PrOBLEM 3.5. Follow these lines to construct a complete proof of The-
orems 2.1 and 2.2.

One can use the ergodic theorem to give equivalent definition of ergod-
icity:

THEOREM 3.5. Let 6 be a measure preserving tranformation on (2, F, P).
The following statements are equivalent:
(a) 0 is ergodic;
(b) For any f € L'(Q, F,P), (3.3) holds;
(c) For any A € F, (3.9) holds.

PRroOF: Condition (a) implies condition (b) by the ergodic theorem, (c) is
a specific case of (b). To derive (a) from (c), we take any invariant set A,
use the invariance of A and of A€ to write A,14 = 14, and since A,14
converges to P(A) a.s., we conclude that 1,“2P(A), and this can happen
only if P(A) =0 or 1. O
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3. Kingman’s subadditive ergodic theorem

THEOREM 3.6 ([KinT73|). Let 0 be a measure-preserving and ergodic
transformation of a probability space (2, F,P). Let (X, )nen be a sequence
of L' random variables that satisfy

(3.10) XntmWw) < X, (w) + X (0"w), n,m,eN.
Let a = inf,,en(EX, /n). Then

Xn a.s.
(3.11) ——a, n — oo.

n

REMARK 3.1. This is an extension of Birkhoff’s ergodic theorem. Other
generalizations are possible. We prove only ergodic case.

Examples: Product of independent matrices. Optimal paths. Partition
functions in random environment.

PROOF: Our proof follows closely notes [Lal10]. Applying property (3.10)
inductively, we obtain that for any m € N and any finite sequence (ny)}",
of natural numbers,

(3.12) Xpyaoan, (W) < Xy (W) + Xy (0™ W) + ..+ Xy, (™ T F1m=1),

Defining X = 0, we see that this inequality remains true also if (ng)}", is
a sequence of nonnegative integers.

Let us now observe that it is sufficient to consider nonpositive random
variables. In fact, for a general sequence (X)) satisfying the conditions of
the theorem, the sequence of random variables (Y},)nen defined by

n—1
Yo(w) = Xn(w) = > X1(0%w),
k=0

is also subadditive in the sense of (3.10), and all these variables are a.s.-
nonpositive due to (3.12). If the theorem holds true for Y, (w) then it also
holds for X,, since we can apply Birkhoff’s ergodic theorem to the second
term in the definition of Y,,. So from now on we may assume that X, <0.

There are two cases: a > —oo and a = —oco. If a > —oo, we need to
establish the following two inequalities:
X 5
(3.13) lim inf 22) S,
n—o00 n
X 5.
(3.14) lim sup n(w) a§S a.
n—o00 n

If @ = —o0, it is sufficient to prove only (3.14) .

Let us start with (3.13). We denote its left-hand side by b(w) € [—o0, 0]
and claim that it is a.s.-constant. In fact, since (3.10) implies X, 4;1(w) <
X1 (w)+ Xy (6w), by dividing both sides by n and taking the lim inf we obtain
b(w) < b(Aw) for all w.

PROBLEM 3.6. Use the invariance of P under 0 to prove that b(w)=b(0w).
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So, b is f-invariant and, due to ergodicity, has to be a.s.-constant with
respect to P.

Constants a and b are both nonpositive. Let us prove that if a > —oo,
then b > a. Suppose that b < a — ¢ for some € > 0. If

Bm:{w: min Xn(w)/nga—s}, m €N,

1<n<m
then, for any § > 0, we can find m € N such that P(B,,) > 1 —¢. Let us
fix w and take an arbitrary n € N. Let R = {j € {1,...,nm}: 6w € B,,}.
By definition of R, for every j € R there is k = k(j) € {1,...,m} such that
X(0w) < k(a —é¢).

Assuming R # (), let us now define two finite sequences ji,...,J, and
ki,...,k, depending on w. First, we let j; be the smallest number in R
and k1 = k(j1). Then we inductively set j; to be the smallest number in R
exceeding j;—1 + ki—1 — 1 and k; = k(j;) until we get to a number j, < nm
such that k, = k(j,) satisfies j, + k, > max R.

We have

T
(3.15) Rc |- odi+ ki — 13,
i=1
where the intervals in the union on the right-hand side are mutually disjoint.
Applying (3.12) to the sequence
g1, k1, J2 — (J1 + k1), ke, js — (G2 + ko), -« o ke, nm 4+ m — (G- + Ky),
and throwing out nonpositive terms corresponding to ji, jo—(ji1+k1), ..., nm+
m — (jr + ky), we obtain
Xpmam(w) < Xp, (09'w) + Xp, (072w) + ... + Xy, (077 w).

We have Xy, (#/iw) < ki(a — ¢) by definition of j;, k;, i = 1,...,7, so
Xomam() < (ki +...+k)(a—¢) < (a—e)) 1p, (0w),
i=1

where the last inequality follows from (3.15) and a — & < 0. Note that

nm
(3.16) Xomim(@) < (a—€) Y 1p, (0'w),

i=1
also trivially holds true if R = (). Let us now divide both sides of (3.16) by
nm + m and take expectations:

Xnerm nm
Sam+m <07 P B
Recalling that P(B,,) > 1 — ¢, letting n — oo and using the definition of a,
we see that
a<(a—e)(l-19),

and we obtain a contradiction if we choose ¢ sufficiently small.
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Let us prove (3.14). If all the maps 6™, m € N, are ergodic, then we can
use (3.12) to write

—_

ne
Xom k(@) <Y X (09w) + X (6""w)
§=0
for n,m € N and k € {1,...,m}, divide both sides by nm, use X; < 0, let
n — 0o, and apply Birkhoff’s ergodic theorem to the right-hand side to see
that
X
(3.17) limsup ——= < ——,
n—00 n m

and (3.14) follows since m is arbitrary. However, §™ does not have to be
ergodic.

PROBLEM 3.7. Give an example of an ergodic transformation 6 such
that 62 is not ergodic.

So we need to introduce additional averaging to tackle this difficulty.
We use (3.12) to write the following m inequalities:

n—2
Xnm+k(w> < Z Xm(ejmw) + Xerk(e(n_l)mw)
7=0

| /\

Xnm+k( + ZX jm-i-l + Xerk 1(e(n—l)m-ﬁ—lw)7

n—2
Xk (@) < X1 () + D X (07T 710) 4 Xy (0D HE—1y),
7=0

Let us take the average of these inequalities and use the nonpositivity of all
the random variables involved:

m

1 (n—
X < — J
nm+k( )_m Z 9&)

Birkhoff’s ergodic theorem now apphes to the sum on the right-hand side,
so dividing both sides by nm and taking n — oo, we obtain (3.17), which
completes the proof. O






CHAPTER 4

Invariant measures

1. Existence of invariant measures

In the last several sections we derived basic dynamical properties of
measure-preserving transformations. In particular, we obtained that in the
basic framework we have worked with, the statistical properties of dynamics
expressed in the form of time averages over long trajectories are described
in terms of the invariant measure and the o-algebra of almost invariant sets.

In this chapter we change the point of view and notice that a typical sit-
uation that often leads to interesting and hard problems, is that a priori we
are given only a measurable space (€2, F) and a measurable transformation
on it. In this case, if we want to study statistical properties of the dynamics
with the help of the theory developed above, we first need to find invariant
measures, and among them find ergodic ones and only then we may be able
to deduce statistical information about trajectories of the system. In gen-
eral, our conclusions may be different for different initial conditions since
there may be several distinct ergodic measures and a function may produce
different averages with respect to all these measures.

So we see that it is fundamental to describe the family of all invariant
distributions and specifically all ergodic distributions. Notice that here we
have made a terminological switch from ergodic transformations to ergodic
measures.

First of all we notice that the pushforward of a measure is a linear
operator: if u; and pg are finite signed measures (not necessarily probability
measures) and aj,as are two numbers, then aju; + agug is also a finite
signed measure, and its pushforward under 0 is easily seen to coincide with
a1p10~r 4 ague®~t. Therefore, we can speak about a linear operator in
the space of finite measures and see straightforwardly that an invariant
distribution plays the role of an eigenvector of this operator corresponding
to eigenvalue 1. So, we may be interested in studying the structure of the
set of all such eigenvectors.

In general, there is a variety of situations that differ from each other in
nature.

Even existence of an invariant measure is sometimes hard to establish.
However, a compactness argument due to Bogolyubov and Krylov (refer-
ence) may often be employed. We give a concrete result here, but we will
see developments of this approach throughout these notes.

37
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THEOREM 4.1. Let Q be a metric space equipped with Borel o-algebra
B(Q) and a measurable transformation 6 on (Q,B(Q)). Suppose there is a
compact set K that is forward invariant under 0, and 0 is continuous on K.
Then there is an invariant probability measure supported on K.

PROOF: First let us notice that it is sufficient to consider the case where
K = Q. Let now P be any probability measure on Q. Let P, = PO,
k€Z, and P, = % ZZ;(l) Pr,. We would like to extract a weakly convergent
subsequence from (P,)necz, . Let us recall that weak convergence pi, = p
of probability measures (1, )nez, to a probability measure y means that for

every bounded continuous function f: ) — R

Lﬂ@w@%%&ﬂwmw,n%w-

The Prokhorov theorem (see [Bil68] for a classical introduction to the theory
of weak convergence of measures) states that if for any € > 0 there is a
compact set C such that p,(C) > 1 — ¢ for all n, then one can extract a
weakly convergent subsequence p, from p,. In our case, for any € > 0 we
can choose C' = 2, so any sequence of measures on () contains a convergent
subsequence. So let us choose a sequence n; — oo such that Pni = P for
some probability P, ¢ — oo. Let us prove that P is #-invariant. It is

sufficient to check
[ 1P = [ fowp(),
Q Q

for all continuous bounded functions f since that integrals of functions from
that set determines a measure uniquely. For such a function f,

/f = lim [ ()P (d)

i—00

1%mz/fam

i[5 romw L [ oL f rom ]

n;—1

gglomZ/waPkdw /f@w (dw),

which completes the proof. [l

2. Structure of the set of invariant measures.

THEOREM 4.2. Let 6 be a measurable transformation on (2, F). Suppose
P1 and Py are two distinct 0-invariant and ergodic measures on (€2, F). Then
they are singular to each other.
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Proor: Let us take a bounded random variable X such that Ep, X # Ep, X.
By Birkhoft’s ergodic theorem, there are sets Aj, As € F such that P1(A4;) =
P2(A3) =1, and that if ¢ € {1,2}, then

1 n—1
- ZX(H’%) — Ep, X, weA,.
k=0

Therefore, A1 N Ay = 0, and Py and Py are mutually singular. O

For a measurable space with a measurable transformation (€2, F,#), the
set 1(Q, F,0) of invariant probability measures is a convex set, i.e., for every
Q1,Q2 € I(Q, F,0) and every « € [0,1], the measure P = aQ; + (1 — @)Q2
is also @-invariant, as a straightforward computation shows. Let us study
the extreme points of I(2, F,0). A point p € 1(Q, F,0) is called an extreme
point if conditions Q1, Q2 € I(Q2, F,0), a € (0,1), and

(4.1) P=0aQ:+ (1 - a)Qq,
imply Q1 = Q2 =P.

THEOREM 4.3. A measure P is an extreme point of I(S2, F,0) iff (0, F,P,0)
is ergodic.

PrROOF: Let (2, F,P,0) be not ergodic. Then there is an invariant set B
with P(B) € (0,1). Then B¢ is also invariant. Let us define measures Q;
and Q2 by Qi1(A4) = P(A|B) and Q2(A) = P(A|B¢), and set a = P(B).
Then (4.1) is satisfied, and both measures Qi, Q2 are invariant: for any
set A,
_ _ POTANB) PO 'AN6-'B)
1 1
PO~Y(ANB P(ANB
_POTMANE) _PUANB) o
P(B) P(B)
and a similar computation applies to Qa. Also, Q1 # P since Qi(B) =1 #
P(B). Therefore, P is not an extreme point.
Next, let P be ergodic and let decomposition (4.1) hold with « € (0, 1)
and invariant measures Qi1, Q2. Let us take any bounded measurable func-
tion f. Ergodic theorem implies that for a set A such that P(A) = 1 and

1 n—1
(4.2) lim =) f(0*w) = | f(w)P(dw), w € A.

Due to (4.1), measures Q and Qg are absolutely continuous with respect
to P. Since P(A¢) = 0, we have Q;(A°) = Q2(A°) = 0, so we conclude that
convergence in (4.2) holds almost surely with respect to Q; and Qa, so by
ergodic theorem,

/Q f(@)P(dw) = Eq,[f|T], Qi-as.
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Integrating this identity with respect to Qi we obtain

/Q F(w)P(dw) = /Q F()Qu(d),

and since f was an arbitrary bounded measurable function, we conclude
that P = Q. Similarly, we obtain P = Qs, so P is an extreme point. O

In general, every f-invariant probability measure can be represented as
a mixture of ergodic #-invariant measures:

(4.3) P= /e Pu(dP),

where 1 is a measure on &£, the set of all ergodic measures. In the remainder
of this section we will make sense of this statement, but let us first consider
the following example. Let 6 be a rotation of the cylinder S! x R! by an
irrational angle «:
0(1'72/) = ({.%' + Ct}, y)

Since for every y € R, the circle S! x {y} is invariant, every ergodic measure
has to be concentrated on one of the circles. Restricted to any circle, 8 act
as a circle rotation, so for every y € R, the measure Leb x4, is a unique
invariant measure on S' x {y} and it is ergodic under §. We see that all
ergodic measures are indexed by y € R, and representation (4.3) may2 be
interpreted as

P(4) = / ldy) Leb(4,),
=

where A, = {z € S': (x,y) € A} for every y € R. In other words, an
invariant measure distributes the mass over multiple fibers (ergodic compo-
nents), but within individual fibers, the mass is distributed according to an
ergodic measure.

One could use an abstract Choquet theorem that says that every point
of a compact convex subset of a locally convex topological vector space can
be represented as a mixture (integral convex combination) of its extreme
points. We will take another, more general and constructive approach. We
follow [Sar09] and [EW11].

DEFINITION 4.1. A o-algebra G is countably generated if G = o(Ey, k €
N) for some countable family of sets Ey, € F,k € N.

DEFINITION 4.2. For two o-algebras G, H, we write G 2 if for every
set A € G there is a set B € H such that P(AAB) = 0, and for every set
A € H there is a set B € G such that P(AAB) = 0.

THEOREM 4.4. (1) Let P be a probability measure on a Borel space
(Q,F) and let G C F be a o-algebra on Q. Then there is a set
O € G satisfying P(QY) = 1 and a probability kernel Pg(-,-) from
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(Y, G) to (Q,F) with the following property: if X € L'(Q,F,P),
then

(4.4) E(X|G)(w / X(0)Pg(w,do), w e

(2) Suppose additionally G is countably generated. Then the set Q' in
the first part of this theorem can be chosen so that for all w € €,
Pg(w, [w]g) = 1, where

wo= (] A4

A:weAeG
is the atom of G containing w. Moreover, if wi,ws € Q' and [wi]g =
[wa]g, then Pg(wi,-) = Pg(wa,-).
(8) If H C F is another o-algebra such that G £ H, then Pg(w,-) =
Py (w,-) for almost all w.

REMARK 4.1. The kernel P is called regular conditional probability with
respect to G, see [Shi96, Section I1.7]

PRroOF: Using the definition of Borel spaces, we can assume that §2 is a
compact segment of R and F is a restriction of Borel o-algebra onto €.
Under this assumption we can find a dense countable set in C(Q2). The
vector space R generated by this set over QQ is also a countable set. For
every Y € R, we can find a version G[Y] of E(Y|G). Let us now consider
the following countable set of conditions:

(1) GlpY +qZ)(w) = pGY](w) + ¢G[Z](w), p,q€Q,Y,Z € R.

(2) minY < GY](w) <maxY, Y € R.
Each of these conditions is violated on an exceptional set of zero measure
belonging to G. Since there are countably many of these conditions, there is
a set A € G such that P(A) = 1 and all the conditions above are satisfied for
all w € A. In particular, for each w € A, the functional ¥ — G[Y](w) is a
linear functional on R over Q, with norm bounded by 1. So, this functional
can be extended by continuity to a continuous linear functional on C(2)
over R, in a unique way. Such functionals can be identified with measures
by Riesz’s theorem (reference????). Thus for each w € A, we obtain a
measure Pg(w n (2, F,P). This measure satisfies

(4.5) /Y 0)Pg(w, do) = GIY](w), we A4, Y eC(Q).

In particular the left-hand side of this identity is a G-measurable function
for every Y € C(Q).

To see that for every B € F, Pg(-, B) is a G-measurable function it is suf-
ficient to represent indicators 1 as pointwise limits of continuous uniformly
bounded functions Y;,, because then by dominated convergence,

Pg(w,B) = lim [ Y,(0)Pg(w,do),

n—oo Q
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and a limit of G-measurable functions is a G-measurable function.

Let A be the collection of sets such that their indicators can be repre-
sented as pointwise limits of continuous uniformly bounded functions. Then
A is a set algebra and a monotone class (see [Shi96, Section II.2] for these
notions). Therefore it is a o-algebra. Since A contains open sets, it coincides
with Borel o-algebra. Therefore, our claim that for every B € F, Pg(-, B)
is a G-measurable function hods true.

PROBLEM 4.1. Let X € L'(2, F,P). Prove that there is a sequence
X, € C(),n € N such that X=3"%° | X, and >.2° [ XnllLr,7,p) < 00

Using this problem, we can write

E(X|G)(w)xE Z (XlG)(w “Z/X )P (w, do)
8LS/EIX VPg(w, do) = /X )Pg(w, do).

The first identity holds since conditional expectation is a continuous linear
operator in L. The second identity follows from (4.5) and continuity of X,,.
The last identity follows from the definition of X,,, so it remains to explain
the change of order of integration and summation in the third identity. This
will be justified if we can prove that [, > > |X,,(0)|Pg(w, do) is a.s.-finite.
This will follow from

(4.6) E/Q;Xn(a)wg(w,da) < 0.

Identity
E/ Y(0)Pg(w,do) = EY
Q

holds for all Y € R by definition and thus for all Y € C(2), so we use it
along with the monotone convergence theorem to see that the left-hand side
of (4.6) equals

ﬂ}gnooE/Zm )|P(w,do) < lim ZE]X ‘SZEHXTL”LI < 00,

n=1

which completes the proof of part 1 with ' = A. We will need to adjust €’
in the proof of part 2 that follows. First,

P(E|G)(w)=1p, (w)=Pg(w, E;), €N,
where P(F;|G)(w)®1g,(w) follows by definition of conditional expectation,
and P(E;|G)(w) = Pg(w, E;) is a specific case of (4.4).
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Let N D A€ be the union of all exceptional sets in this identity for i € N.
Then for all ¢ € N,

1, weFE;NN€°
(4.7) Pg(w, Ez) =40, we EZC N N€,
7, wéEeN.
Under the conditions of part 2
(4.8) wlg= () En () E, we.
LweEE; tw¢ E;

PROBLEM 4.2. Prove representation (4.8). Deduce that [w]g belongs
to G and, in fact, can be defined as the smallest element of G containing w).

Identities (4.7) and (4.8) now imply Pg(w, [w]g) = 1, w € N°.

Since for any B € F the map w — Pg(w, B) is G-measurable, Pg(w;, B) =
Pg(wa, B) for any wy,ws satisfying [wi]g = [w2]g. So part 2 holds with
Q= Ne©.

To prove part 3, we introduce A = o(G,H). Then we take a countable
dense set { X, }nen in C(Q) and notice that for each n € N, E(X,,|G) and
E(X,|H) are versions of E(X,,|.A), so they coincide almost surely. Therefore,
there is a set Q' of full measure such that

/Pg(w,dJ)Xn(J) _ /PH(w,da)Xn(a), neEN, we .

Since measures on {2 are uniquely defined by the integrals of X,, with respect
to them, we conclude that Pg(w, ) = Py(w,-) on . O

THEOREM 4.5. If P is a probability measure on a Borel space (Q, F) and
G C F is a o-algebra, then there is a countably generated o-algebra H such

that G £ 2.

ProoOF: Using the Borel isomorphism we can assume that ) is a compact
interval on R. Then L!(Q,F,P) is a separable space and thus so is its
subset {14]A € G}. Therefore, there is a family (A, )nen of sets in G such
that all sets from G are approximated by sets A, with arbitrary precision.
Establishing relation

(4.9) o(An,neN) 26
will complete the proof. O
PROBLEM 4.3. Prove relation (4.9).

THEOREM 4.6. Let P be a probability measure on a Borel space (Q, F),
invariant under a measurable transformation 0. Let Pz(-,-) be a regular
conditional probability with respect to Z. Then for P-almost every w, the
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measure Pz(w,-) is O-invariant and ergodic, and P is a mixture or convex
combination of those ergodic measures:

P :/ P(dw)Pz(w,-),
Q
1.€.,
(4.10) P(A) :/ P(dw)Pz(w,A), A€ F,
Q
and, more generally,

(4.11) EX:/ P(dw)/ Pr(w,do)X (o), X € L'(Q,F,P).
Q

PrROOF: Checking (4.10) or (4.11) is straightforward: according to Theo-
rem 4.4,

(4.12) EX = EE(X|T) = E/ X(0)Pz(w,do), X € LY(Q,F,P).
Q

From now on we use the Borel isomorphism to assume that (£, F) is
a compact segment on R with Borel o-algebra. We choose a dense set
D = {Xp}nen in C().

Let us prove invariance of Pr(w,-). By Birkhoff’s ergodic theorem, there
is a set 1 € F such that P(Qq) = 1, @ C @ (where € is introduced in
Theorem 4.6), and for all n € N and w € Qy,

1 N-1
| Prledo) Xu0) = BT @) = tim > X, (6"
Q k=0
and
Pr(w,d fo) = E(X,, 0 6|T Ly (0" w)
/Qm,a) 2(00) = E(X,, 0 0|7) (w) N;

Since X, is bounded, the right-hand sides of the last two identities coincide
for w € Q. Since every X € C() can be uniformly approximated by
functions from D, we obtain that

(4.13) /QPI(w,dU)X(U):/QPZ(w,dJ)X(QJ)

holds for X € C(Q2) and w € Q;. For every set B € F there is a sequence
of uniformly bounded continuous functions convergent pointwise to 1p.
Bounded convergence implies that (4.13) holds for X = 1p which proves
that 6 preserves Pz(w,-) for w € Q5.

To prove the ergodicity part of the theorem, we will need the following
statements:
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LEMMA 4.1. Let (Q, F,P,0) be a metric dynamical system, where (2, F)
is a compact subset of R with Borel o-algebra on it. Then ergodicity is

equivalent to the following statement: there is a countable dense set { X, }nen
in C(2) such that

1 i, " a.s.
¥ go X, (0 w)—>/QXn(w)P(dw).

PROBLEM 4.4. Prove Lemma 4.1.

LEMMA 4.2. Let P be a probability measure on a Borel space (2, F).
Let H C F be a o-algebra on Q@ and let Py(-,-) be the regular conditional
probability with respect to H constructed in Theorem 4.4. Suppose B € F
satisfies P(B) = 1. Then, for P-almost all w € Q, Py(w, B) = 1.

PROBLEM 4.5. Prove Lemma 4.2

We need to prove ergodicity of almost all measures Pz(w,-). It is suf-
ficient to prove ergodicity of almost all measures Py (w,-), where H is a

countably generated o-algebra such that 7 P (the existence of such H
is guaranteed by Theorem 4.5). The advantage of dealing with #H is that
part 2 of Theorem 4.4 applied to H = G holds on a set Q' of full measure.

Let us construct a set of full measure P such that for w from that set,
(Q, F,Py(w,-),0) satisfies the ergodicity criterion provided by Lemma 4.1.

Using Birkhoff’s ergodic theorem we can find Q9 C Q1 such that P(y) =
1 and for w € Q9 and any n € N

N-1
1 %
v z; Xn(0'w) — /Q Py (w,do) X, (o), N — oco.

This, along with Lemma 4.2, implies that there is a set 23 C €9 such that
P(€23) =1 and for all w € Q3, Py(w, B) = 1, where

1 N-1 .
B = {g L z; X, (0¢) — /Q Py(C,do)Xn(0), N =00, ne N} .

Applying Lemma 4.2 to Q23, we obtain that there is 4 C Q3 with Py (w, Q3) =
1 for all w € Qq4.

Since Q3 C ', we have Py(w,[w]y) = 1 for w € Q3 (see part 2 of
Theorem 4.6). So, Py (w, [w]lyNBNQ3) =1 for w € Q4. On the other hand,
since w — [ Py (w,do)X,(0) is H-measurable, we have

/PH(C,dU)Xn(U):/ Pu(w,do) X, (o)
Q

Q
ifw,( € Q and ¢ € [w]y.
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So, if w € €y, then for every ¢ € [w]y N B N Qs (which is a Py(w, -)-full
measure set), we have

1Nfl '
AT Xn 91 P ,d Xn s N .
N L X0 = [ Pulendo)Xole), N o

We see that the criterion of Lemma 4.1 is satisfied, so measures Py (w, -) are
ergodic for w € 4. Il

3. Absolutely continuous invariant measures

Suppose now that Q = (R?, B(R?)) and @ is a differentiable transforma-
tion. In some cases it is reasonable to expect that there is an absolutely
continuous invariant measure P for 6. Absolute continuity of P with respect
to Lebesgue measure means that there is an L!(R? B(R?), Leb) function p
called density such that for any set B € B(R?),

P(B):/Bf(w)dw.

Densities are not uniquely defined since they can be modified on a zero
measure set.

In what follows, for a differentiable function f : R™ — R™ we denote by
Df(z) the Jacobi matrix of f at point x: (9;f7(x))i=1....m-

Jj=1,..,n

THEOREM 4.7. Let P(dx) = p(x)dx be a measure on (R%, B(R?)). Sup-
pose O : RY — R? is differentiable and nondegenerate for almost all x (the
latter means Leb{z : det DO(z) = 0} = 0). Then PO~! is also absolutely
continuous with respect to Lebesque measure and the so called transfer op-
erator or Perron—Frobenius operator L applied to p:

(4.14) Lo(x)= Y )N

el | det DO(y)|’

gives a density of PO~1. Here we adopt the usual convention that summation
over an empty set is zero.

Since densities that differ only on a set of zero measure define the same
measure, it makes sense to consider their equivalence classes and look at
the transfer operator as a transformation in L' understood as a space of
equivalence classes.

In particular, we have the following statement.

THEOREM 4.8. Under the conditions of Theorem 4.7, an absolutely con-
tinuous measure P is invariant under transformation 0 if and only if identity

(4.15) Lo(w) = pl)
holds for Leb-almost all x € R:. In other words, p is a fized point of the
transfer operator L or, equivalently, its eigenfunction with eigenvalue 1.



3. ABSOLUTELY CONTINUOUS INVARIANT MEASURES 47

So, the problem of finding invariant densities for smooth maps reduces
to solving equation (4.15). Although this equation looks quite innocent,
in many concrete cases establishing existence of solutions of (4.15), finding
these solutions and exploring their properties poses difficult problems.

Sometimes one can derive existence using conjugation to well-studied
dynamical systems. For example, the following is a slightly weakened state-
ment of Denjoy’s theorem (1932):

THEOREM 4.9. Let 0 : S' — S! be an orientation preserving C?-diffeomorphism
with no periodic points. Then there is « € R\ Q such that 6 is continuously
conjugated to 0, defined by

Oo(w) =w+ a.

Continuous conjugation means that there is a homeomorphism ¢ : S —

S! such that
0= ¢>71 0040 ¢.

Let us make an additional assumption that the conjugation map ¢ is,
in fact, a diffeomorphism. Then, since the Lebesgue measure is a unique
invariant probability measure for 6., we can construct a unique invariant
probability measure for 6 as the pushforward of Lebesgue measure under ¢.
This measure is absolutely continuous due to the diffeomorphism property
of 6.

There is a series of papers where various sufficient conditions for ¢ to
satisfy various smoothness conditions are established. It turns out that
there is a set A of full Lebesgue measure such that for all « € A and
every orientation preserving diffeomorphism continuously conjugated to 0,
the conjugation is, in fact, a diffeomorphism. The set A can be described
in number-theoretic terms, namely, via the rate of approximation of « by
rational numbers, see, e.g. [KT09]

Let us look at one concrete example known as the Gauss map. Let d =1
and 0z = {1/z} for x € R, Let us check that the function

1
_ J In2(1+=x)’ T e [0’ ]')’
p(x) = .
0, otherwise

is an invariant probability density. Ignoring the normalizing constant 1/1n 2,
noticing that 6~z = {1/(z+m) : m € N}, and computing |0'(1/(z+m))| =
(x +m)?, we see that we need to check

o=y o)

(x +m)?’

z €0,1).
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The right-hand side equals

1 1 1
Z 1+ (z+m)? :mzeN(:L‘+m+1)(:U+m)

meN z+m
1 1 1
-y (- )
r+m zxT+m+1 1+
meN

PROBLEM 4.6. Suppose an open set U C R¢, a point zo € U, and a map
0 : R? — R? satisfy lim, o0 0"z = ¢ for all z € U. Then every absolutely
continuous invarant measure p must satisfy p(U) = 0.

PROBLEM 4.7. Suppose a differentiable map 6 : R? — R? satisfies |D8(z)| <
1 for all z in a bounded open forward invariant set U. Then every absolutely
continuous invarant measure p must satisfy u(U) = 0.

One can interpret these results as nonexistence of absolutely continuous
invariant measures due to “deregularizing” properties of the transfer opera-
tor £. Namely, due to contraction in the phase space, under the iterations
of L the densities become large and tends to abnormally concentrate. In
fact, in situations where £ is sufficiently regularizing or smoothening, one
can prove existence.

THEOREM 4.10 (A. Rényi, 1953). Suppose (2, F) = ([0,1),B). Let m €
N, m > 1 and f :[0,1] — [0,m] satisfies f(0) =0, f(1) =m and f'(x) > 1
for all x € [0,1]. Then the transformation 6 defined by 0z = {f(x)} has an

absolutely continuous invariant measure. If f € C" for some r > 2, then
the invariant density has a C™~' version.

THEOREM 4.11 (A. Lasota and J. A. Yorke, 1973). Let 6 : [0,1] — [0, 1]
be a piecewise C? function such that inf |0'| > 1. Then there is a 0-invariant
measure absolutely continuous with respect to Lebesque measure and such
that its density has a version with bounded variation.

IDEA OF THE PROOF: It turns out that the following “Lasota—Yorke”
inequality holds. There are numbers N € N, a« > 0 and § € (0, 1) such that
for every f with bounded variation V'(f),

V(LN f) < allfllr + BV (S)-

So, taking any f > 0 and denoting f, = LFf, we obtain

V(fve) < allfve—vllo + BV (fnag—1) < allfllipe + B8V (fng—1),
where we used the fact that if f > 0and f € L', then £f > 0 and ||Lf]|;1 =
|| fl|z1. Tterating this inequality, we obtain

V(fnr) <a(l+ B8+ 82+ ...+ 85 Y fll + 85V,
Therefore,
limsup V(fyg) < a(l = B8)"H fllor,

k—00



3. ABSOLUTELY CONTINUOUS INVARIANT MEASURES 49

This along with || fxllzr < ||fllz: guarantees that C' = {fnk}ren is pre-
compact in L' (see [DS88, Theorem IV.8.20]). Therefore, {fi}ren is also
precompact. Mazur’s theorem (see [DS88, Theorem V.2.6]) says that in
Banach spaces precompactness of a set is equivalent to precompactness of
its convex hull, so the set {gy}nen, where

ln—l
=-Y £ff, neN
9n nk_o f, n

1
is also relatively compact. So let us choose a convergent subsequence gy, L g
and notice that

1 I
Egnk_gnkza(/;nkf_f)%oa k — oo.
Since L is a continuous operator in L', we conclude that Lg = g. O

REMARK 4.2. For many interesting systems, in the absence of absolutely
continuous invariant distributions one can still define various relevant physi-
cal invariant measures. Examples of such distributions are measures of max-
imal entropy, Sinai-Ruelle-Bowen (SRB) measures. We refer to [Wal82,
Chapters 8-9] and [Bal00, Chapter 4]. This remark may need extending.






CHAPTER 5

Markov Processes

The goal of this chapter is to develop general ergodic theory of stochastic
processes with instantaneous loss of memory.

1. Basic notions

Here we begin studying situations where the state of the system at time
n + 1 is not uniquely determined by the state at time n. We will mostly be
interested in processes with instantaneous loss of memory. They are usually
called Markov processes and are defined by the following property: given
the history of the process X up to time n, the state at time n 4 1 is random
and has conditional distribution that depends only on the value X,,.

DEFINITION 5.1. Let (X, &) be a measurable space. A function P :
XxX — Ris called a transition probabiliy, or transition kernel, or probability
kernel if for each = € X, P(x, -) is a probability measure, and for each B € X,
P(-,B) is an X-measurable function.

Throughout this section we assume that (X, X) is a Borel space. We
also fix a transition kernel P(-,-) on (X, X).

For any measure p on (X, X) (that will serve as the initial distribution)
and time n € Z, we are going to define a measure on path starting at n, i.e.,
on the space (X{n,nJrl,...}’ X{n,nJrl,...})_

DEFINITION 5.2. Let (X,X) be a Borel space. Let p be a probability
measure on a (X, X) and let P(-,-) be a transition kernel on (X,X). An
(X, X)-valued process X defined on a probability space (Q, F,P) with time
indexed by {n,n + 1,n+ 2,...} for some n € Z is called a homogeneous
Markov process with initial distribution p and one-step transition probability
P(-,-) if for any k > 0 and any sets Ay, A1,..., A € X,

(5.1) P{X,, € Ao,..., Xpsr € A}

:/ p(dazo)/ P(xo,d:zl).../ P(.Tk_Q,da:k_l)/ P(xp—1, Ax).
Ao Ay Ap_2 Ap_1

The existence and uniqueness of a measure P = P,"° on the canoni-
cal space (X{nntb-} y{nntl.}) with finite-dimensional distributions de-
scribed by (5.1) follows from the Kolmogorov—Daniell consistency theorem.

PROBLEM 5.1. Show that formula (5.1) defines a consistent family of finite-
dimensional distributions.

51
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PROBLEM 5.2. Show that Definition 5.2 is equivalent to the following: for any
m € N and any bounded and (X", B(R))-measurable function f: X! - R

(5.2) Ef(Xn,..., Xntm)
:/Xp(dxo)/XP(xo,dml).../XP(xm,l,dmm)f(xo,...7:Em).

It is convenient to work on the canonical probability space. For any
n € Z, the canonical random variables X,, on (X{mntL-} ypinntl. 1y are
defined by X, (zn, Tpt1,...,) = T, m > n.

In what follows we most often work with the case where n = 0. If n = 0,
we will often write P, for P>, Also, if p = §, for some y € X, we write P,
for Ps,.

For any numbers m1, mo € Z such that m; < mo we denote

X2 = (X X,

Let us also denote F;,, = X% and X" = 0(X,, Xint1, .. .) for any m > 0.

It is clear from the definition (5.1), that p is the distribution of X
under P, ie., P,{Xo € A} = p(A) for every A € X. Thus, the measure
p can be interpreted as the starting distribution of the Markov process.
Let us convince ourselves that the function P(-,-) can be interpreted as a
conditional transition probability.

THEOREM 5.1 (Markov property). For any m € Z4 and A € X.
Po(Xim+1 € A|Fm)EPp(Xmi1 € Al X)) E P(Xom, A).
PRrROOF: It is sufficient to prove that for any m and any measurable bounded
function f: X"+ - R,
EP(Xm, A)f(Xo,...,Xm) =Elx,, eaf(Xo, ..., Xin).

To prove this formula, we can directly compute both sides of this identity

using (5.2). O
THEOREM 5.2. For any measure p, any m,k > 0 and any Aq,..., A €
X,
Po(Xims1 € A1y, Xk € Akl Fn) EPp(Xmt1 € Aty ooy Xink € Akl Xm)
a.:s./ P(Xm,dxl)/ P(z1,dzs) . .. P(z_g,dzy_1) P(zy_1, Ay)
Ay As Ag—2 Ap—1

P X, € A Xt € A

PRrROOF: To be inserted later O
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THEOREM 5.3. For any measure p, any m,k > 0, any Ag, A1,..., A €
X,

Pp(Xm € AO) s 7Xm+k € Ak‘]:m)a':S.Pp(Xm € Ao, ... aXm-i-k € Ak|Xm)

=1x,.e4 / P(Xp, day) / P(z1,dxs) . .. P(zy9,dry1) / Pz, Ar)
Aq Az Ak—2 Ak

EPR( Xy € Ao, -, Xk € Ap).

ProoF: This follows directly from the previous theorem and the fact that
1x,,e4, is 0(Xy,)-measurable O

THEOREM 5.4. For any measure p, any m,k > 0, and any bounded
measurable f : XFTT 5 R,

Ep, (f(Xms s Xint )| Fin) ZBp, (f (Xims -, Xk Xim))
a:S/ P(Xﬂ”w dxl) / P(I‘l, d$2) .. / P(xk—Qa d$k—1) / P(xk—la dl'k)f(Xm,l'l, cee 7:1:]6)‘
X X X X
aiS'EP}(”anf(Xmﬂ Tly..o, Tk).
PROOF: To be inserted later O
In the following theorem we use the standard shift operator # on (X%+, X%+).
THEOREM 5.5. Let m > 0, and let A € X%+. Then
PO AT ) 2P0 ALX ) P, (4),
ProOOF: If A € X%+ then

07" A = {(zo,x1,...) : (Tm, Timt1,...) € A} € X,

The theorem follows from approximating §~™A by cylinder sets based on
coordinates starting with the m-th one, and using Theorem 5.4. (I

One can easily priove an extension of this theorem where indicators are
replaced by arbitrary bounded functions:

THEOREM 5.6. Let m > 0, and let H : X%+ — R be a bounded random
variable. Then

Ep,(H o Gm]]:m)a':S'Epp(H o Om]Xm)a':s'EpXm H.
For example, for every set B € X%+,
(53 Po(B) = [ pldo)Pry(B).
This identity follows from

Pp(B) = EpplB = EppEpp(lB|f0) = EPPPXO(B) = / p(dxo)Pxo(B).
X
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We already know that the distribution of Xy under P, is fiven by p.
Using (5.1), we can also compute the distribution of X7,

P{X1€ A} = /Xp(daco)P(x,A).

It is convenient to introduce additional notation: for a mesaure p on (X, X)
and a kernel on (X, X'), we define the measure pP by

(5.4) pP(A) = | pldzo)Pla 4).

Using this notation we can say that the distribution of X; is given by
pP.

Also, for two kernels P(-,-) and Q(-,-), we can define a new kernel

PQ(xo,A) :/P(l‘o,d.’ﬁl)Q(.Tl,A), reX,Ae X,
X
we also can inductively introduce P%(z,-) = 6, and
prtl—prp—pp" npneNl
With this notation at hand, we can also write
P{X, € A} =pP"(A), AecX nelN

In the simplest case where X = {1,..., N} for some N € N, the tran-
sition kernel can be identified with transition probability matrix P;; =
P(i,{j}), i,7 = 1,...,N. Then the formulas above can be interpreted via
matrix products.

2. Stationary Markov Processes and Invariant Distributions

Suppose now we would like to study statistical properties of the Markov
process (Xpm)m>0. We already know that if a process (X,,) is stationary,
then one can view it as a metric dynamical system (X%+ X%+ P, #) and
apply the ergodic theorem to compute limits of averages like

1 n—1
nkzzof(Xk)-

So the first question one could ask is, given the transition probability
P(-,-), what are the initial distributions p such that P, defines a stationary
process?

THEOREM 5.7. P, defines a stationary process iff
(5.5) P =p,
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Proor: If P, defines a stationary process, then the distributions of Xy and
X1 must coincide, so (5.5) holds.

Now suppose that (5.5) holds. Then for all m, we have pP™ = p, i.e.,
the distribution of X, is also p.

We need to check that for all m € Z,, all k € N,

(5.6) Po{Xm € Ao, ..., Xonyr € Ar} = Po{Xo € Ap,..., X} € A}
We can write
Po{Xm € Ao,..., Xtk € Ak} =
=Ep,P,(Xim € Ao, ..., Xngr € Ap|Xim)
=Ep,1x,,e40Pp(Xms1 € A1,..., Xingr € Ar|Xon)

:Epp]_Xmer/ P(Xm,dl‘l) P(l’l,d.%'g)... P(xkg,ditkl)/ P(.’L'kfl,Ak).
Ay Ag Ap_o Ak—1
Denoting for y € X
fly) = 1$€A0/ P(y,dxl)/ P(x1,dxs) / P(xp_o,dri_1) P(xg_1, Ax),
Aq As Ag—2 Ap—1
we can write
P € Ao X € A} =, £(X) = [ ) f0).
since the distribution of X,, is p. This expression on the right-hand side
does not depend on m, so the proof of (5.6) is complete. O

DEFINITION 5.3. Any distribution p that satisfies (5.5) is called P-invariant.

If X is finite, say X = {1,..., N} for some N € N, then any measure p
and any transition kernel P are uniquely defined by their values on single-
point sets. Denoting p; = p{i} and P;; = P(i,{j}) for all 4, j € X, we obtain
that p is P-invariant iff

(5.7) > piPij = p;.

1€X
In other words, the identity pP = p can be understood in the linear algebra
sense. Here p is a row vector and P is a square matrix.

For example, let X = {1,2,3} with X = 2% and P(x, A) = |A\ {z}|/2
for any A C X which means that, given that at any time step the system
changes its current state to a new one chosen uniformly from the remaining
two states. Denoting

1 . .
2 J 7é Z,
Py = Pli, ) = {Q .
we see that the system (5.7) has a line of solutions p; = pa = ps. Since we
are interested in probability measures, we have to set p1 = pa = p3 = 1/3,
and so this transition kernel has a unique invariant distribution.
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Another example. Let us consider the following probability kernel on
the real line:

1 1
P(x,A) = 55%(14) + iéHTI(A), z € R.

In terms of Markov processes, this means that between times n and n + 1
the process jumps from X,, to either X,,/2 or (1 + X,,)/2, and these values
are each chosen with probability 1/2.
Let us check that the uniform distribution on [0, 1] is P-invariant. Let
us take any Borel A C [0,1] and compute
1

P(z,A)dx = / 1A(a:/2)dx+1/ 14((1+2)/2)dx
[0,1] 2 Joa] 2 Jo]

1 T 1 1+
_2Leb{xe[o,1].QGA}+2Leb{ze[o,1]. . eA}

_ %Leb((QA) n[0,1]) + %Leb((2A —1)n0,1))
— Leb(A N [0,1/2]) + Leb(AN [1/2,1]) = Leb(A).

In fact, there are no other invariant distributions, but checking this is
not so easy as in the first example.

PROBLEM 5.3. Use binary decompositions of numbers in [0, 1] to give another
proof of invariance of the uniform distribution in this example.

PROBLEM 5.4. Find an invariant distribution for the following probability

kernel on the real line:

Pla, A) = %@ (4)+ %5i (4), zeR.

3

Let us consider another example on the real line. Let us fix two param-
eters a € (0,1) and 02 > 0 and suppose that P(z,-) is a Gaussian measure
with mean az and variance o2. Let us find a number 72 > 0 such that a
centered Gaussian distribution with variance 72 is invariant. We need to
make sure that for any Borel A C R,

/ dr  _a2 / dr _a2 dy _(=az)?
e 2r — e 2r (& 202 .
AN 2mr R V27T A V2mo

After a change of variables ax = z, the right-hand side becomes

d __2? d _w=2)?
[ et [ [y,
R V271ra AV2To A

where p is the convolution of densities of two centered Gaussian distribu-
tions with variances r2a? and o2, i.e., p is a centered Gaussian density with
variance 72a® + ¢2. So we will have an invariant Gaussian distribution if
and only if 2 = r2a% + 02, ie., 72 = 6%/(1 — a®). We will prove later that
there are no other invariant distributions for this Markov semigroup.

Now we address the structure of the set of invariant measures.




2. STATIONARY MARKOV PROCESSES AND INVARIANT DISTRIBUTIONS 57

We already know that deterministic transformations can fail to have any
invariant distributions at all. The same applies to Markov transition ker-
nels. In fact, any deterministic transformation ¢ on a space (X, X’) naturally
generates a Markov transition kernel given by P(z,:) = d¢(y), i-e., for any
measure p on (X, X), pP = p¢~1. So basic examples of deterministic trans-
formations without invariant distributions naturally generate examples of
Markov kernels without invariant distributions.

If the set of invariant distributions for P is nonempty, then it has a
structure similar to that of the set of invariant measures for deterministic
transformations. To make more concrete statements we need to introduce
several new notions.

DEFINITION 5.4. Let P(-,-) be a probability kernel on (X, X) and let p
be a P-invariant probability measure on (X, X). A set A is called (P, p)-
invariant if
p{x € A: P(x,A°) >0} =0.
The set of all (p, P)-invariant sets is denoted by Z(p, P).

LEMMA 5.1. Let P(-,-) be a probability kernel on (X, X) and let p be a
P-invariant probability measure on (X, X). The set Z(p, P) is a o-algebra.

PRrROOF: It is obvious that Q € Z(p, P) since P(z,) =1 for all .
If Ay, Ay, ... € Z(p, P), then for A = J;cy Ai, we have

p{r € A: P(x,A°) > 0} < Zp{x €A;: P(x,A%) > 0}

<) plr € Ai: Pz, A5) > 0} = 0.

Suppose now A € Z(p, P). Let us prove that A¢ € Z(p, P). We have

o) = [ ptdo)Pad) = [ ptin)Pa.A)+ [ plan)Pie.A).

The first term on the right equals p(A) because for p-almost all x € A,
P(z, A) = 1. Therefore, the second term is zero, which implies that P(z, A) =
0 for p-almost all z € A°. O

DEFINITION 5.5. Let P(-,-) be a probability kernel on (X, X) and let p
be a P-invariant probability measure on (X, X). We say that the pair (p, P)
is ergodic if for every (p, P)-invariant set A, p(A) € {0,1}.

Ergodicity means that one cannot decompose the system into two sys-
tems that can be studied independently. We will also often say that p is
P-ergodic if (p, P) is an ergodic pair.

THEOREM 5.8. Suppose p is an invariant measure for a Markov kernel
P(-,) on (X, X). A set B € X2+ belongs to the o-algebra T*(XZ+, X%+ P, 0)
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iff there is A € Z(p, P) such that

(5.8) B (XpeA) = AxXxXx..=AxxW.
If AeI(p,P), then condition (5.8) is equivalent to

(59 BZ{XgeAX €A. }=AxAxAx... =Al
Also P,(B) = p(A).

PRrOOF: First, let us prove the equivalence of conditions (5.8) and (5.9).
For all n € Z,, we introduce B, = A{01-n} 5 x{nt1nt2..}  Thep

Pp(Bn):/Ap(daco)/AP(xO,da:l).../ P(zp_1,A) = p(A),

A
due to the invariance of A. Since B,,+1 C B, for all n, and ﬂn€Z+ B, = A%+,
we obtain P,(AZ+) = p(A). Since By = A x XY and P,(By) = p(A), we
have A%+ B A x XN,
To see that A € Z(p, P) implies AZ" e 7*(X%+, X%+, P,,0), we can either
use the forward invariance of A under 6, or write
01 A%+ = X x AN = A%+ U (A° x AY)

and notice that P,(A¢ x AY) = 0.

Now let us assume that B = ~1B. We have

Po(BIF) 25, (Bl )15,

since the sequence P,(B|F,), n € Z4, forms a bounded martingale with
respect to the filtration (]-"n)ne@, UnFpn = X2+, and Doob’s convergence
theorem applies.

On the other hand, the invariance of B and the Markov property (more
precisely, Theorem 5.5) imply that for all n € Z.:
(5.10)

Po(BIFa) =P,y (07" BIF,) = Py(07" B Xn) = P, (B) = ¢(Xn) = f(0"2).

for some measurable functions ¢ : X — [0,1] and f : X%+ — [0,1]. These
functions do not denpend on n.
We claim that

(5.11) @)= 15(0).
This will follow from

(5.12) f@)1p(2)=1p(2),
(5.13) f(z)1pe(z)=0.

To prove these identities, we will combine (5.10) with the fact that if for

1
uniformly bounded random variables (&,)n>0 and 7, £, 25, then &,1¢ L,
nlc for any event C'. Specifically, we can write

(5.14) F(0")1p(z) L5 15(2) - 1p(2) = 15(2),
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and
(5.15) FO0"2)1pe(x) £ 15(2) - 15 (z) = 0.
Using the invariance of B, we can rewrite (5.14) and (5.15) as
(5.16) F(0"2)15(02) £ (),
and
(5.17) F(O"2) 1 g (02) £ 0,
Since

Ep, f(0"2)1p(0x) = Ep, f(2)15(x),
the convergence (5.16) implies Ep, f(x)1p(z) = Ep,15(z), and (5.12) fol-
lows. Since

Ep, f(0"2)1pe(0x) = Ep, f(x)1p:(2),
the convergence (5.17) implies Ep, f(2)1p(x) = 0, and (5.13) follows. The
proof of (5.11) is completed, and (5.10) is established.

We can now use (5.10) to write 132¢(X,) for all n € Z,. We see

that ¢ takes values 0 and 1 with probability 1. Therefore, ¢(X,,) = 1x,ca

for a set A € X. So, B i {X,, € A} for all n € Z; and, moreover,

B2 N{X, € A} = A%+
Let us prove that A is (p, P)-invariant. We have

[ plds)Plao, 4) = Py{Xo € A, X1 € A} =Py(B) = PLXo € 4} = p(A).
A
Therefore, P(xg, A) =1 for p-a.e. 29 € A. O

DEFINITION 5.6. Let us denote by Ty the o-subalgebra of X%+ generated
by sets {Xo € A}, AeZ(p,P).

REMARK 5.1. Theorem 5.8 may be interpreted as
(5.18) T(XZ+, X%+ P, 0) = T*(XE+, X2+ P, 0) 2 T,

LEMMA 5.2. Let g : X — R be X-measurable and bounded. For P,-almost
every x € X,

(5.19) /X , Dot (@ dy)g(yo) = /X pz (0, dyo)g(yo),

where pz(-,-) = pz(p,p) 5 a regular conditional probability with respect to
Z(p, P).

PROOF: Since both sides of (5.19) are Zy-measurable, it suffices to check
that for every B € 1,

(5.20) /B Pp(dz) /X ., Pozo(@:dy)g(yo) = /B Pp(dz) /X pz(x0,dyo)9(yo)-
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Let us denote the left-hand side and right-hand side of (5.20) by L and R,
respectively. Let A € Z(p, P) be the projection of B onto the zeroth coor-
dinate, i.e., let A be taken from the representation (5.8) of B.

By the definitions of conditional expectation, regular conditional prob-
ability, and of P,, we have

L = Ep, 15(X)g(X0) = Ep,14(Xo)g(Xo) = /A p(dio)g(xo).

Since the integrand on the right-hand side of (5.20) depends only on x,

R= /A pldico) /X oo, dyo)g (o) = /A pldizo)g (o),

where we used the definitions of conditional expectation and regular condi-
tional probability. So L = R, and the proof is complete. ([

THEOREM 5.9. Let p be an invariant distribution for a Markov kernel P
on a space (X, X). The pair (p, P) is ergodic iff (XZ+, X%+ P, 0) is ergodic.

PRrROOF: This is a direct corollary of Theorem 5.8. O

THEOREM 5.10. If (p1, P) and (p2, P) are ergodic and p1 # pa, then p;
and ps are mutually singular.

LEMMA 5.3. Two finite measures p1 and pa on (X, X) are not mutually
singular if there are measures p, v1,vy such that p(X) > 0 and

(5.21) p1 = pi+ v,
(5.22) p2 =+ 1.

PROOF: Suppose decompositions (5.21)—(5.22) hold true. Let us assume
that p; and p2 are mutually singular, i.e., that there is a set A such that
p1(A) = 0 and pa(A€) = p2(0). From (5.21), pu(A) = 0. From (5.22),
w(A€) = 0. Therefore, u(X) > 0 cannot hold.

Let now have two measures p; and ps that are not mutually sungular.
Let v = p1 + p2 be a new measure. Then both p; and py are absolutely
continuous with respect to . Let p; and ps be densities (Radon—Nikodym
derivarives) of p; and ps with respect to . Let us define ¢(z) = p1(z) Ap2(x),
x € X. Let us define r1(z) = p1(z) — q(x) and ro(z) = p2(x) — q(x). Let
1, 1, V2 be measures absolutely continuous with respect to v with densities,
respectively, g, 71, 72. Then identities (5.21)—(5.22) hold true.

If 1(X) = 0, then g(z) = 0 y-a.s., and we get p1(dx) = ri(x)y(dz) and
p2(dx) = ro(x)y(dx). Therefore p1(A1) = p1(X) and pa(A2) = p2(X), where
Ay ={x:ri(x) >0} and Ay = {x : ro(x) > 0} are two disjoint sets. O
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PROOF OF THEOREM 5.10: Suppose that p; and po are not mutually
singular. Let p, vq, 9 be defined according to Lemma 5.3. Then

(523) Ppl - Py, + Pllla
(5.24) Pp, =Py +Py,.

Due to Lemma 5.9, measures P, and P,, are ergodic and hence mutually
singular. However, this contradicts Lemma 5.3 and decompositions (5.23)—
(5.24). O

THEOREM 5.11. Let p be a probability measure on a Borel space (X, X),
invariant under P(-,-). Let pz(-,-) be a regular conditional probability with
respect to Z(p, P). Then for p-almost every xo, the measure pr(zo,-) is
P-invariant, forms an ergodic pair with P, and p is a mixture or convex
combination of those ergodic measures:

p:/xp(dxo)ﬂz(l’oa')v

1.€e.,

(5.25) p(4) = /X pldzo)pr(zo, A), A€ X,

and, more generally,
5:26) | plden)fGao) = [ pldzo) [ paoodm) fm). 1 € LR,

Proor: We start with the ergodic decomposition for the measure P, de-
scribed in Theorem 4.6. We know that for P,-almost every x € X_ZF, the mea-
sure P, 7 = PP7I(XZ+’XZ+7PP’0) (x,-) is f-invariant and ergodic. Due to (5.18)

and part 3 of Theorem 4.4, we also have that for P,-almost every x € XZ |
Pp,I(XZ+ X5+ P,.0) (@,) = Ppz(x,-).
Let us prove that for almost every z, P,z (z,-) is a Markov measure

on (XZ+, XZ"). We can assume that (X, X) is the unit segment with Borel
o-algebra. Let us take a countable set D dense in C[0, 1]. The values of

Ep[fo(X0)f1(X1) .. fu(Xn)], n€Zy,  fo,f1,....fn €D,
uniquely define the measure P on (X%+, X Z+). So let us compute
Ep, 2o (@) [f0(X0) f1(X1) - fu(Xn)] = Ep, [fo(Xo0) f1(X1) - - fu(Xn)[Zo)(2)
= Ep,[Ep, [f0(X0) [1(X1) - - fu(Xn)[Fol|Zo] (2)-
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We have
Ep, [fo(Xo)f1(X1) .. fu(Xn)|Fo]

— fo(Xo) /X P(Xo,dy1) f1(31) /X Pl dyn) folye) ... /X P v, dyn) f(y)
=g(Xo) = G(X)

for some functions ¢ : X — R, G : X%+ — R. Now

Ely(X0)Tal() = [ Pr (e d)Glo)

:/Z PIO(x,dy)g(yg):/pz(xmdyo)g(yo)a
X+ X

where in the last identity we used Lemma 5.2.
We thus obtain that for almost all z € X%+,

EPp’IO(x,.)[fO(XO)fl(Xl) e fa(Xn)]

:/pI(5L'073/0)f0(y0)/P(yOadyl)fl(yl)--'/P(yn—ladyn)fn(yn)-
X X X

Now, the union of all exceptional sets in this identity for all choices of
n and functions f; € D, ¢ = 0,...,n, still has probability zero, and we
obtain that there is a set Q C XZ+ such that P,(Q) = 1 and for every
z € Q, P,z(x,-) defines a Markov process with transition kernel P(-,")
and initial distribution pz(zo,-). The set Q can be also chosen so that
all these measures are invariant and ergodic with respect to 6. Therefore,
their marginal distributions pz(zo,-) are P-invariant and form ergodic pairs
with P.

Identities (5.25) and (5.26) follow directly from the definitions of condi-
tional expectation and regular conditional probability. ([

COROLLARY 5.1. If there is a P-invariant measure for a kernel P, there
is a P-ergodic measure.

If there are two distinct P-invariant measures, then there are two distinct
P-ergodic measures, i.e., to prove uniqueness of a P-invariant distribution,
it suffices to show uniqueness of P-ergodic distribution.

3. Filtrations. Stopping times. Strong Markov property

(I already have used some martingale techniques, so some material has
to be reordered.)
Suppose we have a probability space (2, F,P).

DEFINITION 5.7. A family (F,)nez, of o-algebras is called a filtration if
Fn C Fpy1 for every n € Z..
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The standard interpretation of filtrations is that for every n € Z,, F,
is the collection of events observed on the time interval {0,1,...,n}. One
can fully decide whether an event A € F,, is true by observing all available
information up to time n.

DEFINITION 5.8. Let (X,)n>0 be a stochastic process. Then the fil-
tration (F,)n>0 defined by F,, = o(Xo,...,X,) is the natural filtration of
(Xn)n>o0 or filtration generated by (Xp)n>0-

In this case F,, cosnsists of all sets that can be described in terms of
random variables Xo,..., X,, n > 0. One can decide whether an event
A € F, is true by observing the trajectory of the process X up to time n.

DEFINITION 5.9. Let (X,)n,>0 be a stochastic process. We say that
(Xn)n>0 is adapted to a filtration (F,,)n>0 if for every n, the random variable
X, is measurable with respect to F,.

In particular, any process is adapted to its own natural filtration.

DEFINITION 5.10. A random variable 7 : Q — Z, U {400} is called a
stopping time with respect to (Fp)nez, if {Tr < n} € F, for every n > 0.

PROBLEM b5.5. Check that in the definition above one can replace {r <n} €
Fn by {1 =n} € F, for every n > 0.

The following is one of the most useful examples of hitting times. Let
(Xn)n>0 be an (X, X')-valued stochastic process adapted to a filtration (Fy,)n>0.
This means that for every n, the random variable X,, is measurable with
respect to F,,. Let A be any set in X, and let

(5.27) Ta=inf{n e N: X,, € A} € Zy U{+o0}.

Then 74 is a stopping time since
n—1

{ra=n}=[{Xx ¢ A} n{X, € A}.
k=1

DEFINITION 5.11. The o-algebra associated to a filtration (F;,),>0 and
a stopping time 7 with respect to (Fy)n>0 is defined by F; = {A € F :
An{r=n} e F,}.

PROBLEM 5.6. Prove that F, is a o-algebra. Give an example of a filtration
and a random variable 7 (that is not a stopping time) such that F, defined above
is not a o-algebra

The o-algebra F; is interpreted as the o-algebra of events observed on a
random time interval {0,1,...,7}. In other words, every event from F;, can
be described in terms of the information available up to time 7. If (F,)n>0
is the natural filtration of (X,)n>0, then events from F; can be described
in terms of the realization of X up to time 7, i.e., on can decide whether
an event A € F, is true or not based on the trajectory Xo, Xi,..., X, (of
random length).
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PROBLEM 5.7. Let (F,)n>0 be a filtration. Let (X,),>0 be adapted to
(Fn)n>0- Let 7 be a finite stopping time with respect to (F,)n>0. Prove that
7 and X, are F, measurable.

The standard Markov property means that the future depends on the
past only through the present for any given time n, see, e.g., Theorems 5.5
and 5.4.

A nontrivial strengthening of the Markov property is obtained if one
requires the same with respect to a random time 7. Let us recall that we
work with Markov processes on the canonical space (XZ+, X Z+) eqauipped
with the standard shift operator 6, and its natural filtration (F,,) that we
will also call the canonical filtration. For all initial distributions p and all
Markov kernels P(-,-) on (X,X’), P, is the corresponding measure on the
canonical path space (XZ+, X%+)

THEOREM 5.12. Let 7 be a stopping time with respect to (Fp)n>0, and

let H : X7+ — R be a bounded random variable. For every distribution p on
(X,X), on {1 < 0o} we have

Ep,(H o 07| F;)=Ep,(H 0 07| X:)**Ep, H.
DEFINITION 5.12. The claim of Theorem 5.12 is called the strong Markov
property.
PROOF OF THEOREM 5.12:  We need to check that for every B € F-,
EPp [H 0" - 1Bﬁ{7’<oo}} = EF’,J [EPXTH ’ ]-Bﬁ{’r<oo}] :

It is sufficient to check

Ep, [H o0 -1pni—pny| = Ep,[Epyx H - 1pnr—n}], n >0,
or, equivalently,

EPP [H 06" 1Bﬂ{7’:n}] = EPp [EPXnH ’ 1Bﬁ{‘r:n}]7 n > 0.

Since BN {1 = n} € F,, the last identity is exactly the content of Theo-
rem 5.6. ]



CHAPTER 6

Markov Processes on Finite State Spaces

This is not quite proofread. Proceed with caution.

1. Approach based on the abstract theory

In this section we apply the powerful results we have obtained to a
relatively simple case where X is finite.

We fix N € N and assume that X = {1,..., N}, and X = 2%, Every
probability measure p on (X, X') in this section will be identified with a prob-
ability vector (p;);ex with p; = p{i}. Every Markov kernel P on (X, X’) will
be identified with a transition matrix (Pij)f\fj:l defined by P;; = P(i,{j}).
Let us study the set of all invariant distributions p with respect to P.

Of course, the problem is equivalent to finding all solutions of

(6.1) pP =p
satisfying p € Ay, where
AN:{pERN: prt ...+ pn =1, andpiEOforalliG{l,...,N}}

The analysis can be performed with the help of the Perron—Frobenius theo-
rem, but let us use the theory of ergodic decomposition instead.

The simplex Ay is compact and convex. The vector subspace defined
by (6.1) is also convex. Therefore, the intersection is also compact and con-
vex (we will shortly see that it is non-empty) and can be seen as the convex
hull of its extreme points. We know from the abstract ergodic decomposi-
tion that these extreme points are ergodic distributions. So let us establish
several useful facts.

We say that a set A C X is absorbing with repect to P if P(i, A) = 1 for
alli € A.

LEMMA 6.1. If A C X is absorbing with respect to P, then there is a
P-invariant distribution p satisfying p(A) = 1.

ProoF: Let us use the Krylov—Bogolyubov approach. Let us take any
initial state 4 € A and consider the initial distribution §; concentrated at 3.
Consider a sequence of measures (or probability vectors)

n 1”_1 k
p :;Z(SZP, n € N.
k=0

65
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Since p™ € Ay, there is an increasing sequence (ng) and a vector p € Ay
such that p™ — p. Now p satisfies (6.1) since
1
PP — p't = —(0; P — ;) = 0, k — oo.
N
It is also clear that due to the absorbing property of A, p"(A) = 1 and
therefore p(A4) = 1. O

LEMMA 6.2. For every ¢ € X, there is at most one ergodic measure p
such that p; > 0.

ProOF: Had there been two such ergodic measures, they would not be
mutually singular. O

For i,5 € X, we write ¢ — j if there is n € N and 4y,...,4, such
that Py, Py .- P, 13y Bij > 0. If @ — j and j — i we write i <> j.
This is an equivalence relation and we call any equivalence class a class of
communicating states.

LEMMA 6.3. If p is invariant, p; > 0, @ — j, then p; > 0.

ProoF: Let Py, P, - - - Pinfu’npinj > 0. Then
pj = Pp{Xns1 =J} = pilui Pisiy - - - Py i Pivj > 0.
O

LEMMA 6.4. For every class A of communicating states there is at most
one ergodic measure p such that p(A) > 0.

PROOF: The previous lemma implies that every invariant measure positive
on A assigns positive weights to all elements of . The desired statement
follows now from Lemma 6.2. U

LEMMA 6.5. If a set A is an absorbing classs of communicating states,
then there is exactly one ergodic measure p satisfying p(A) > 0. This mea-
sure p satisfies p(A) = 1.

PRrROOF: Existence follows from Lemma 6.1. Uniqueness follows from Lemma 6.4.
Ergodicity, the absorbing property of A, and p(A) > 0 imply p(A) =1. O

LEMMA 6.6. If p is P-invariant, then the set A ={i € X: p; > 0} is an
absorbing class. If in addition p is ergodic, then A is a class of communi-
cating states.

Proor: If A is not absorbing, there are i € A and j € A° such that P;; > 0.
Then 0 = p; > p; P;; > 0, a contradiction.

Suppose there are states i,7 € A such that ¢ 4 j. The set B = {k € X:
i — k} is an absorbing set not containing j. We have p(B) > p; > 0 and
p(B) <1—p; < 1. This contradicts the ergodicity of p. O
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LEMMA 6.7. Let i € X and P;(B) > 0, where
B ={X, #i for alln € N}.

Then p; = 0 for every invariant measure p.

PROOF: Due to the ergodic decomposition, it is sufficient to prove that for
every ergodic p, p; = 0. Suppose p; > 0. Due to the ergodic theorem,

P,(A) =1, where
n—1
1
A= {nzl{ka’} - Pz}-

k=0
Since
1=Py() = [ pldi)P5(4) = 3 piP5()
X JEX
we conclude that P;(A) = 1. Clearly, ANB = (), so P;,(A) = 1 and P;(B) > 0
contradict each other. O

Summarizing the results above we obtain the following theorem.

THEOREM 6.1. Let i € X. If there is j such that i — j and j /4 i, then
there is mo invariant distribution p satisfying p; > 0. If there is no such
state j, then there is a unique ergodic distribution p satisfying p; > 0. The
set A={j € X: p; >0} coincides with B={j € X:i— j}.

ProoOF: The first part follows from Lemma 6.7. To prove the second
part, we note that the set B is an absorbing class of communicating states.
Lemma 6.5 implies that there is a unique ergodic measure p supported by B.
Lemma 6.3 implies p; > 0 for every j € B. O

If all states form one class, the kernel P is called irreducuble or ergodic.
Then there is exactly one invariant distribution. This situation is often
called unique ergodicity.

Often, to analyze the invariant distribution p there is no better way the
to solve equation (6.1). However, there are useful representations for the
invariant distributions.

One such representation is the following, taken from [FW12]. We think
of X as the complete directed graph where each edge (i) is assigned a weight
P;;. To each state i we associate a collection G of directed subgraphs g with
the following properties: there is no arrow coming out of 4, for each j # 1,
there is exactly one arrow coming out of j, and there are no cycles. For
every collection g of arrows we define

m(g) = H Pjk.
(Jk)eg
For every i € X, we define Q; = >_ ., m(g). We also set

Qi

6.2 = =
( ) K Zjex Qj
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THEOREM 6.2. Suppose q is defined in (6.2). Then qP = q.

ProoF: It is sufficient to check
Z QP = Qj,
i€X

or, moving ();P;; to the right-hand side,

ZQl Bij = Q;(1 = Pjj) ZQ] ji-

i#] i#]
It remains to check that both sides are equal to 3 . ;; m(g), where H consists
of all graphs with the following properties: (i) for every vertex, there is
exactly one outgoing arrow, (ii) there is exactly one cycle, (iii) this cycle
contains j. [l

Often, the following property is useful. We say that the transition kernel
P is reversible with respect to a measure p if the following condition of
detailed balance holds:

(6.3) piPij = pjPji, 1,5 € X.

This condition automatically implies invariance of p since
Zpipz’j = ijpji = pj ZPji =p;, jeX

Reversibility, in fact, means that the time-reversed process has the same
distribution. To compute the transition probability of the time-reversed
process, we write
Pp{Xn = ia Xn+1 = ]}

PP{Xn—H = .7 }

Pp{Xn = i}Pp{Xn—i-l - ]’Xn = Z}
Pp{Xn—i-l - ] }
_rif _pilii _p
Pj Pj

One example of a time-reversible Markov chain is the random walk on an
undirected graph. Here P(i,-) is the uniform distribution on the neighbors
of 7. It is easy to see that if one defines p; = deg(i)/Z where deg(i) denotes
the number of neighbors of 7 in the graph, and Z is a normalization constant,
then the detailed balance holds. In particular, ergodic theorem implies that
the average time the random walk spends at a vertex is proportional to the
degree of the vertex and does not depend on any other geometric features
of the graph.

To check if the detailed balance holds one can start with fixing p; for
some ¢ and then sequentially assign weights p; to other vertices using (6.3)
hoping that the assigned values will be self-consiistent. This is essentially
the idea behind the following Kolmogorov’s reversibility criterion:

Pp(Xn = i‘Xn+1 = ]) =
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THEOREM 6.3. Suppose (P;;) is an irreducible kernel. Then it is re-
versible with respect to some measure p iff for every n and every sequence
of vertices i1,19, ... ,0n,

(6'4) Pilizpizis s Pin—linpinh = BlinPinin—l s Bzil

PROOF: To derive (6.4) from reversibility, it is sufficient to write (6.3) for
i1, 12, for is,43, etc, take the product of these identities and cancel [], ps,

on both sides.
If we assume that (6.4) holds true for all sequences of states, then we
can take an arbitrary ig € X and for every i define
1 Pioi1Pi1i2 ... P P,

p. _ 7;nflin ni
T )
Z Pii Piiy_y - - Piyiy Piig
where the sequence (ig, i1, . . ., i) is chosen so that Pi; P i, , - .. Piyi; Pijig >

0, and the normalization constant Z independent of i is to be chosen later.

Condition (6.4) implies that this definition does not depend on the choice
of a specific sequence (ig,i1,...,i,): If (ig,i},...,4,) is another such se-
quence, we obtain

Piyiy Piyiy - Py _yin Pii Pioiy Py - Py it P
Piiy Piyin_y - - - Piyiv Pivig - Puig Pyt -+ Py Py

Also, it is clear from (6.4) that existence of a cycle realizing ic — i — 7o
implies that p; > 0 for all 4.

Similarly, we see that if P;; > 0, then Pj; > 0, so to check (6.3), we write
1 Pigiy Piyiy - - - Piyy i Pii - Pij Py 1 P
Z Py,bB

P = = — . Pi..
Pt oo Pigiy Pijig Pj; ij g

nin—1
O

In applications, one can use the idea of reversibility to construct Markov
chains with a given invariant distribution p.

Often in systems with statistical mechanics flavor, there is no easy access
to the values p; themselves, but the ratios p;/p; are easy to compute. This
happens, for example, for Boltzmann—Gibbs distributions where

e—BH(i)
Pi = 7

e X,

Here H : X — R is the energy function and 8 > 0 is the inverse temperature.
Such distributions for various choices of H are ubiquitous in statistical me-
chanics. Let us fix some H. Some characteristic features of such a family of
distributions can be seen for limiting cases § — 0 and S — co. When 8 =0
and the temperature is infinite, then all states are equally probable, and
this can be interpreted as a complete disorder. On the other hand, if 3 is
large (the temperature is small), the states with minimal energy (“ground”
states) are much more probable than other states, and as § — oo, the system
“freezes” to the ground states.
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When X is a large set, computing the values of Z and p; is not easy.
However, computing p;/p; = ePHG)-H@) i immediate. Let us use this to
construct a p-reversible Markov chain known as Metropolis—Hastings algo-
rithm. Let us assume for simplicity that X is endowed with a graph structure
and each state is connected to exactly d other states. We denote by E the
set of edges in this graph. Then let us choose

0, {i,j} ¢ E,
Pij: é(l/\%)a {i7j}€E7
1= qien a(lA ), j=i.

In words, if the system is at state ¢, it chooses j among the neighboring
d states uniformly at random (with probability 1/d) and then, if p; > p;,
jumps to j. If p; < p;, then the jump to j gets approved only with probability
pj/pi. In the case where it does not get approved, the system stays in the
state i.

To check the detailed balance it is sufficient to note that
Pj

Py NG e

= z = {17]} S E7

Pj; 1A z—j Di

irrespective of whether p; > p; or vice versa.

2. Perron—Frobenius Theorem

One can also treat ergodic results on Markov kernels on finite state spaces
as consequences of the classical Perron—Frobenius theorem to stochastic ma-
trices (i.e., matrices with nonnegative values with sum of elements in each
row equal to 1). For completeness, we give several proofs of this theorem or
related statements.

There are several statements that pass under this title. Here we follow
the exposition in [KH95].

THEOREM 6.4. Let d € N and suppose A is a d X d matrix with nonneg-
ative entries such that for some n € N all entries of A" are positive. Then
there is an eigenvector xo with all positive components. If x is an eigen-
vector with nonnegative components, then x = cxg for some ¢ > 0. The
etgenvalue A associated with xqg s simple and all other eigenvalues are less
than A in absolute value.

Proor: For 2 € R? we will write |z|; = Zle |z;|. Let us introduce C =
{z eRY 12, >0,i=1,...,d} and A = {z € C : ¥ &, = 1}. The
simplex A is the convex hull of its extreme points e; = (1,0,0,...,),eq =
(0,1,0,....),....eq = (0,0,...,0,1).

For every = € A we introduce Tz = Az /|Azx|; € A.

Let us study some properties of Ag = [y T kA. Images of convex
closed sets under T are convex closed sets, so all sets TFA, k € N are convex
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and closed, and so is their intersection Ag. Since TFT'A C T*A for all
k € N, we obtain Ag # 0.
The conditions of the theorem imply that

(6.5) T"A CIntA, m >n,

where Int A denotes the relative interior of A. Therefore, Ag C Int A.

Let us show that Ay has at most d extreme points. Namely, let us
choose an increasing sequence (ny)gen such that limg o 7"%e; = x; for
some z; € Ag, i =1,...,d, and prove that all ext Ag C {x1,...,24}.

If £ € Ag then x € T™ A for all £ € N and therefore x is a convex
combination of extreme points of Tt A. All these are images of extreme

points of A under T™, so we obtain a representation x = Zle agk)T”kei
(k)

for some o’ > 0 satisfying 25:1 agk) =1, k € N. Choosing an increasing

sequence (k(m))men such that lim,, . o = o for some a;, we obtain

T = Zle o;x;, so if x is an extreme point it has to coincide with one of x;,
i=1,...,d.

Since Ag = TAg and ext A is finite, we obtain ext Ag = T ext Ay, in
other words T acts a permutation on ext Ag. Therefore there is a number
m € N such that T™z = x for every x € ext Ag. So, every x € ext Ag is an
eigenvector of A with a positive eigenvalue.

Let us prove that, in fact, there cannot be two distinct eigenvectors with
those properties. There are two cases to exclude: (i) there are z,y € A and
v > 0 such that x # y A™x = v and A™y = vy; (ii) there are x,y € Ay
and v > pu > 0 such that and A"z = vx and A™y = uy.

In case (i), there is a number « such that z = = + a(y — x) € 0A.
Therefore A™z = vz € 0C, so T™z € 9A which contradicts T™A C
Int A.

In case (ii), we can use y € Int A to choose £ > 0 small enough to ensure
that z = y — ex € Int C. Then A"z = pFy — evFz, so for sufficiently large
k, AF™ % ¢ C which is a contradiction.

We conclude that Ag contains a unique point xg. Recalling that Ag is
T-invariant, we obtain that Txg = g, i.e., Axg = Axg for some A > 0.

Let us show that if Az = px for any x € C that is not a multiple of xg
and satisfies = # 0, then |u| < A.

If p = £\, then we can find a € R such that z = 29 + ax € 9C \ {0}.
Then A?*z = \?#z for all k € N which contradicts (6.5).

If o € R and |pu| > A, then we have already proved that x ¢ C. Also we
can find € > 0 small enough to guarantee that z = x¢9 + ex € IntC. Then
for large values of m, the direction of A?™*+1z will be close to the direction
of +z, so we will have A?™!z ¢ C which contradicts A-invariance of C.

In general, if y = pe’®™® for some p > 0 and ¢ € R, then there is a
plane L such that the action of A on L is multiplication by p and rotation
by angle ¢.
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If $ = k/I for some k € Z and | € N, then A’ acts on L as multiplication
by p', and we can apply the above analysis to A! and conclude that p < p.

If ¢ is irrational, then for any 6 > 0, the direction of A¥z will get d-close
to that of x for an infinitely many values of k. Let us denote the set of those
values of k by K. So we choose x € L\ C and ¢ small enough to ensure
z=ux9+ex € IntC. If p > A, then for sufficiently large & € K, the direction
of A*z will be close to that of 2, and so A*z ¢ C for those values of k, a

contradiction. If p = A, then we choose y € L so that z = \500:0?[51 € 0A.

Since ¢ is irrational,

xo + 6i27r¢ay
= Teo + 6% ayly
will get arbitrarily close to A for infinitely many values of k£ which contra-
dicts (6.5).

To finish the proof that A is simple, we must prove that there are no
nontrivial Jordan blocks for matrix A. Suppose there is such a block. Then
there is a vector x1 such that Axy = Azy1 + x9. Let y = Az1 + 9. Then
Ay = My + xp). Now we can choose € such that z = 29 — ey € IntC, and
compute by induction

A"z = N"((1 —ne)xg —ey), n>0.
We see that for sufficiently large n, A"z ¢ C which is a contradiction. [

Tk

3. Hilbert projective metric approach.

Let us give another proof of the Perron—Frobenius theorem based on
contraction in the so called Hilbert projective metric. We follow exposition
in [Bal00] that, in turn, follows [Fur60]

For two points z,y € R? we will write z < y and y > z if y — z € C.
We write x ~ y if x = ry for some r > 0. Let us denote C* = C \ {0} and
introduce

a(z,y) =sup{r e Ry :rz <y}, =x,yeC
We note that a(z,y) € [0,00) for all z,y € C and a(z,z) =1 for all z € C.
Also,

(6.6) alz, z) > a(z,y)aly, z), =z,y,z€C",

since z > a(y, z)y and y > «a(x,y)x. Next we define I'(x, y) = a(z,y)a(y, x).

Inequality (6.6) implies

(6.7) [(x,2) > T(z,y)T'(y,2), z,y,z€C".

Applying this to z = z, and noticing that I'(z,z) = 1, we obtain
0<T(z,y) <1, z,yeCl".

Moreover, I'(z,y) = 1 iff x ~ y. One part of this statement is obvious since

for every r > 0, a(z,rx) = r. To see the converse implication, we notice
that a(x,y)a(y,z) = 1 implies that there is » > 0 such that = > ry and
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y > r~lz. The latter is equivalent to 7y > z, so these two inequalities can
hold together only if z = ry.
We can now define the Hilbert projective metric by

O(z,y) = —InT(x,y) = —Ina(x,y) — Ina(y,x) € [0, o0].

Notice that ©(z,y) is infinite if z,y € OC and z ¢ y. The following triangle
inequality follows from (6.7):

O(z,2) <O(z,y) +O(y,2), z,y,z€C".
From the properties of I', we derive that O(z,y) = ©(z, ry) for any z,y € C*
and r > 0, and ©(z,y) = 0 iff z ~ y, so © is a pseudo-metric on C* and a
metric on A =C*/ ~.
Other ways to represent © are

O(z,y) = —1In <m1n L min yj) =In <ma‘xyz - max Jj]) = Inmax TiYi,
Y I Xy tX J Y LI YT

Let us prove that the map T : A — A is nonexpanding. First, we
notice that © — ry € C implies A(x — ry) = Az — rAy € C. Therefore
a(Az, Ay) = a(z,y), so ©(Az, Ay) < O(z,y).

Assuming now that all the entries of A are positive, let us prove that
the contraction coefficient is actually strictly less than 1. First we recall
that in this case T'A is a compact subset of Int A. Therefore, expressions
In(z;y;/(yjz;)) are uniformly bounded with respect to z,y € A, and

D = diam(TA) = sup{O(z,y) : z,y € A} < o0,

or, equivalently

0 = inf{l'(x,y) : z,y € C*} > 0.
These numbers are related by § = e~?. The following theorem establishes
the strict contraction property of 6.

THEOREM 6.5. If A has all positive entries, then for all x,y € A,

(6.8) 0Tz, Ty) < ——Y20(a,y).
1+

PROOF: Let us take two distinct points z,y € A. We can assume that

O(z,y) < o0, i.e., both numbers a1 = a(x,y) and as = a(y, x) are nonzero.

Then y — ajz € C* and z/ay —y € C*. Applying the definition of § to those

vectors, we obtain that there are two numbers A1, Ao > 0 such that A o >0

and

A(x/ag —y) > MA(y — arz),
Aly — aqz) > MA(z/ae — ),

i.e.,

A2
14\ o] + 2=
TN 4y Ay > ey,

Ax > .
o 14X

- 1
072"‘)\1041
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So,
(1+ M) (o + 22)
(0%2 + Arar)(1+ Az)

O(Tz,Ty) =0(Az, Ay) < —1In

1 1 1
= — 1110“0“2+>‘72—lnl—i_r2
L + A\ 1+ XM\

ajan

_ /1/(a1a2) /\iz -\ i /ln(l/(oqaz)) (% —A1)e’ s
0 (t+ 55)(t+ A1) 0 (e + 35)(es + 1)

1 In(1/(a1x2)) )\163
= < — 1) / T ds
A1A2 0 (e5 4+ 5;)(e® + A1)

Elementary analysis shows that the maximum of the expression Ait/((t +

/\%)(tJr)\l)) over t > 0 is attained at t = \/\; /A2 and equals (14+1/y/A1X2) 2.
Therefore,

1 1
1 3y ! s L 1— VA
(T, Ty) <In M = VAR g(y,y) = 1 20(x,y).
ma(F5+1)* Hxstl L+ VA
The function ¢ — (1 —¢)/(1 + t) decays for ¢ > 0, so the last expression is
bounded by the right-hand side of (6.8). O

This strict contraction property implies existence and uniqueness of a
fixed point of 7" on A, along with exponential convergence of iterations of
T™A to that fixed point. If the requirement of positivity of all entries is
satisfied not for A but for A™ for some m € N, then the above reasoning
still can be applied to A™, since A itself is non-expanding.



CHAPTER 7

Countable state space Markov chains

1. Strong Markov property with respect to state hitting times

A very useful way to look at Markov chains is to study return times to
a state. In this section we assume that X = {1,...,N} or X = N (in the
latter case we set N = 00).

Let us recall the definition (5.27). For an arbitrary ¢ € X, we define
7 = T(;3 and note that Py, = P; on {1 < o0}.

THEOREM 7.1. Let P,{r; < oo} = 1. Then for any bounded random
variable H : X2+ — R, and every set B € F,,, i.e.,

(7.1) Ep,[H 067 - 15] = Ep [H 0 07]P,(B).

PRrOOF: For brevity we denote 7 = 7; The strong Markov property implies
that

This identity with B = X%+ gives
Ep,[H 007] = Ep,H.

The last two identities together imply(7.1). O

Theorem 7.1 means that the future and the past of a Markov process
with respect to a visit to a state ¢ are independent of each other. Iterating
this argument, we obtain that the realization of the Markov process can be
split in excursions, each excursion being a path between two consecutive
visits to 1.

Of course, this is loosely formulated. I hope to add more to this later.

2. Invariant measures and classification of states

Some notions and results for countable state Markov chains can be
adapted from the finite state space situation. In particular, Lemmas 6.2-6.7
still hold true for countable X. However, Theorem 6.1 does not hold true
for countable state space. The main difference is the following. The only

75
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situation where a state ¢ € X cannot belong to the support of any invariant
distribution on a finite X is described by the conditions of Lemma 6.7. This
statement fails to be true for a general Markov chain on a countable X.

The central topic in the study of Markov processes on a countable state
space is recurrence. Let us introduce the corresponding notions.

We recall that 7, = min{k € N: X}, =i} for i € X.

DEFINITION 7.1. A state i € X is transient if P;{7; < oo} < 1.
DEFINITION 7.2. A state i € X is recurrent if P;{1; < oo} = 1.
DEFINITION 7.3. A recurrent state ¢ € X is positive recurrent if E;; < oo.
DEFINITION 7.4. A recurrent state ¢ € X is null-recurrent if E;7; < oc.

THEOREM 7.2. In every communication class, all states are of the same
type.

PRroOOF: To be inserted O

LEmMA 7.1. If i € X is transient, then for every ergodic invariant dis-
tribution p, p; = 0.

PRrooF: This lemma is simply a version of Lemma 6.7. |

THEOREM 7.3. If h € X is positive recurrent, then there is a unique
invariant distribution p such that pp, > 0. This invariant measure p s
ergodic.

PROOF: Let 7;,7 € X be the average time spent in ¢ by the process started
at h before coming back to h:

oo oo

(7.2) T =En Y xe—iheryy = O Pr{Xk =i,k <7}
k=0 k=0

Note that according to this definition, 75, = 1. Note also that

. 00
Zm =Ey ZZ Lix=ik<r,} = EZ Lik<n,) = EnTh < 00,
k=0

i€X i€X k=0
so the measure 7 is finite, and its normalized version p; = m;/Ep7, is a
probability measure. Let us check that 7P = w. We can write

o0
(7.3) Y miPi=> ) Pu{Xp=jk < }P

jex jEX k=0
If i # h, then the right-hand side equals

ZPh{XkJrl =5,k+1< Th} = ;.
k=0
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If i = h, the the right-hand side of (7.3) equals

o

> Pu{Xir1=hk+1=m}=P{r < oo}.

k=0
The invariance of p follows, and so does ergodicity and uniqueness of the
invariant measure. which completes the proof. O

COROLLARY 7.1. If h € X is positive recurrent and p is the ergodic
invariant distribution satisfying p; > 0, then pp, = 1/E;;, or, equivalently

(7.4) Enth = 1/pn.
Let us prove the converse statement.

THEOREM 7.4. Suppose an ergodic invariant distribution p satisfies pp >
0 for some h € X. Then (7.4) holds.

PROOF: Let us denote 70 = inf{k € N: X;, = h} and then recursively,
7 =inf{k e N: X, ., =h}, neN.

In other words, 77 is the length of the n-th excursion between two cinsecutive
visits to h.
We also set Sp = 0 and

Sy=T1i+... 47", neEN.

Due to the strong Markov property, random variables (7}'),>2 form an i.i.d.
sequence. Therefore, the strong law of large numbers applies, and we obtain
S,
ENELT € (0, ).
n

The number of excursions or visits to h up to time m € N is given by
N(m)=max{n >0: S, <m}, m>0.
We have
SN@m) £ m < Sn(my+1, m = 0.

Therefore,

SN(m) m SN(m)+1

N(m) = N(m) =~ N(m)
By the strong law of large numbers, both l.h.s. and r.h.s. converge to Ej
a.s., and so does

m > 0.

m

N(m)
On the other hand, ergodicity of p impies the ergodicity of P,, and the
ergodic theorem implies

a3, E;m,.

N(m) 1 m—1
m om D L= L ixemny = Pp{Xo = b} = pp.
k=0

Comparing two last displays, we obtain the statement of the theorem. [J
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COROLLARY 7.2. Suppose h € X is null-recurrent. Then every invariant
distribution p satisfies pp = 0.

REMARK 7.1. In fact, Theorem 7.4 and its corollary justify the choice of
terminology. In the long run, the process spends a positive fraction of time
in any positive recurrent state, and it spends asymptotically zero fraction of
time in a null recurrent state.

2.1. Lyapunov—Foster criterion for positive recurrence.

THEOREM 7.5. Let P(-,-) be a transition kernel on a countable space X
such that all states in X are communicating. Let Lf = Pf — f for any
function f such that Pf is well-defined. The process is positive recurrent iff
there is a function V : X — Ry such that A={z € X: LV(z) > -1} isa
finite set.

The function V is called a Lyapunov function. In the theory of differ-
ential equations, a Lyapunov function is a function that decreases along the
trajectories of the system. In the Markov setting, requiring deterministic
decrease is often unrealistic. However, the Lyapunov function introduced in
the conditions of Theorem 7.5 decreases on average outside of A:

(7.5) PV(z)<V(x)—1, ze€ A"
PROOF OF THEOREM 7.5: For z ¢ A we can write

Viz) > 14 PV(z) > 1—|—/XP(x,d:L'1)V(x1) > 1+/ Pla, dz1)V (21).

c

Applying the same estimate to V(z1) we obtain iteratively
Vz) >1 —i—/ P(xz,dxq) (1 —I—/ P(xl,de)V(x2)>
>1 +/ P(z,dx1) +/ / P(z,dz1)P(z1,dz2)V (22)

Y

>1 +/ P(z,dxy) —|—/ P(z,dx1)P(x1,dxs)
Ac c JAc
+--+ / . / P(z,dx1)P(x1,dxs) ... P(xy_1,dzy)

+/ / Pla, dz) P(wr, dzs) - .. P(am, dinss)V (@ns1).
Omitting the last nonnegative term, we obtain

V() >14Py{ra>1}+Py{ra>2}+...+P{ra>n}, neN.
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Therefore,
oo k—1
ZP {ra>n}= Z Z Pofra=k}=> Y Puira=k}
n=0 k=n+1 k=1n=0

= kam{m =k} = E,7a.
k=1

In particular, P,{74 = oo} = 0, and we also obtain A # ().
So we have proved that for all x € A€,
(7.6) E.ma4 < 00

In fact, it immediately follows that (7.6) holds for all z € X. Let us now prove
that there are positive recurrenct states in A. We will do so by constructing
a P-invariant finite measure 7 on X such that 7w(A) > 0.

Let us consider a transition matrix ¢);; on A defined by

Qij = P{Xr, =}, i,j,€ A
This transition matrix defines a Markov kernel on a finite set A. By Lemma 6.1,
there is a @Q-invariant probability v. For all i € X, we define m; to be the
average time spent at ¢ by the process X during an excursion between two
consecutive visits to A, initiated according to the initial distribution v.

T, = EVZ 1{Xk:i7k<r} = Z th Ph{Xk =i,k < 7'}.

k=0 heA k=0
We claim that this is an invariant measure for P. For j ¢ A,

(ﬂ—P)j:ZthZPh{Xk:i,k‘<T}Pij

1€X heA k=0

oo
= ZVhZPH{Xk-H =4,k+1 <T}:7Tj.
heA k=0
For j € A,

WP]—ZZVhZPh{Xk—Z ]{5<TA}PZ]

i€EX heA =

= ZVhZPh{Xk-+1 :j,TA = k+1}
heA k=0

=D uPu{Xr =3} = vnQn = vj.
heA heA

This finishes the proof of the claim since v; = 7; for j € A.
Since 7(A) > 0 and all states communicate, m; > 0 for all . Therefore,
all states are positive recurrent by Theorem 7.4.
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In the opposite direction, if the process is recurrent, then we can take
an arbitrary non-empty finite set A C X and define V(z) = E,7] for any
state « € X, where

0, X € A,

C=inf{lneZ,:X,c Al =
ma = inf{n € Zy i P

Then for any = ¢ A
V() =Bt = [ Plan+Emf) =1+ [ Py,
X X

=1+ /XP(az, dy)V(y) =1+ PV (x),

so LV (z) = —1. O
Let us consider an example. Suppose X = Z, and
b =il i #0
P;; = . .
1, 1=0, =1,
0, otherwise,

for some p € (0,1/2). Let v(i) =i, i € Z4. Then for i # 0,
Lv(@)=pli—1)+(1—=p)(i+1)—i=1-—2p.

Therefore, taking V(i) = i/(1 — 2p), we obtain a Lyapunov function satisfy-
ing the conditions of Theorem 7.5.

PROBLEM 7.1. Prove that the process is not positive recurrent if p > 1/2.



CHAPTER 8

More general state space. Minorization conditions.

In this section we consider an arbitrary state space (X, X) without mak-
ing any assumptions on the cardinality of X.

1. The Doeblin condition

We say that a transition probability P(-,-) on (X, X') satisfies the Doeblin
condition if there is a probability measure v and a number p € (0,1) on
(X, X) such that P(x, A) > pv(A) for all x € X and all A € X.

The measure v is called a minorizing measure for kernel P(-,-). Under
the Doeblin condition, we can introduce a kernel Q(z,:) = v(-) that is
identically equal to v and define

P,/(l’, ) = P(a:, ) - V() = P(LU, ) - pQ(a:, )
Then P, is a subprobability kernel.

DEFINITION 8.1. A function R : X x X — [0, 1] is called a subprobability

kernel or sub-Markov kernel if i.e., (i)for every = € X, R(z,-) is a measure
on (X, X) satisfying R(z,X) < 1 and (ii) for every A € X, R(-, A) is X-
measurable.

THEOREM 8.1. If Doeblin’s condition holds true, then there is an invari-
ant measure.

ProOOF: We use Q and P, introduced above to define
oo o0
(8.1) p=pY» vPl=p> v(P-pQ)"
n=0 n=0
This series converges and defines a probability measure since
oo
p(X)=p> (1-p" =1
n=0

Let us prove that p is invariant. We represent P = pQ + (P — p@), note
that u@ = v for any measure p on (X, X)), and write

pP =ppQ + p(P —pQ) =pv+p»_v(P —pQ)"*!
n=0

—pr+pY v(P=pQ)" =pd v(P—pQ)" = p.
n=1 n=0

81
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Let us try to understand the “resolvent” formula (8.1). Since

P(a,dy) = pr(dy) + (1 - p)R(z, dy),
where R(z,dy) = (P(x,dy) — v(dy))/(1 — p) is a transition probability, we
can rewrite (8.1) as

(8:2) p=>>_pQU1-pR)".
n=0

This formula suggests that it is useful to represent the Markov evolution in
the following way: one considers an i.i.d. family of Bernoulli variables (x;)
taking values 1 with probability p and 0 with probability 1 — p. To obtain
X, given X,,_1 we apply the following procedure: Conditioned on k,, = 1,
the distribution of X, is v, Conditioned on k, = 0, the distribution of X,
is R(Xp—1,-).

So let us now find the distribution at time 0. First, let us condition on
the event

B, ={k-n=1,k_pnt1=0,...,60 =0}.

Conditioned on this event, X_,, ~ v, X_,41 ~ vR,..., Xg ~ vR"™. Prob-
ability of B, equals p(1 — p)”. Using the complete probability formula
gives (8.1).

Also, in analogy with countable state space situation, one can interpret
p as the average occupation time during one excursion if by excursion we
mean the time interval between two times when k; = 1.

The idea is that if

7, = min{n € N : ,, = 0},
then the distribution of X,  is given by v. In a sense, the process gets

started anew with v being the initial distribution.
(This needs a more detailed explanation)

THEOREM 8.2. If Doeblin’s condition is satisfied, then there is at most
one P-invariant distribution p.

PrROOF: Due to the ergodic decomposition, we only need to prove that there
is at most one ergodic distribution under P. We also know that every two
distinct ergodic distributions must be mutually singular. However, for every
invariant distribution p,

p(4) = [ pldo)Pla,4) = [ pldoypr(a) = (),

an we obtain a contradiction with Lemma 5.3. O

The Doeblin condition is rather restrictive. For example, if P(z,-) is
given by N(z/2,1), one cannot find a minorizing measure serving all x
simultaneously. However, this condition becomes useful if one considers
embedded Markov processes. In analogy with the trick we used when proving



1. THE DOEBLIN CONDITION 83

Theorem 7.5, we can try to execute the following program: (i) find a subset
A of a Markov process is positive recurrent, (ii) prove the Doeblin condition
for the Markov process observed only at times it visits A, (iii)construct an
invariant distribution for this “embedded” Markov process, and (iv)use this
measure to construct an invariant ditribution for the original process.

How can one ensure that a set A is positive recurrent?

THEOREM 8.3. Let P(-,-) be a transition kernel on a space (X, X). Sup-
pose there are a fuction V : X — Ry and a set A C X such that for every
x€ A, LV(z) < —1. Then Ex7a <V (x) < 00 for all x € A°.

The proof of this theorem literally repeats the first part of the proof of
Theorem 7.5.

The set A can often be chosen to be much smaller than X.

Let us consider an ARMA (1) example where P(z,-) is given by N (az, 1)
with a € (0,1). Let us take V(x) = 22 and compute PV. Let &, ~ N (az,1).
Then

PV(z) =EE =d’2x* +1=0aV(z) +1,
One can easily check that PV (z)—V(z) < —1ifx > /2/(1 — a?), so we can
conclude that the set A = {z € R: |z| < 1/2/(1 — a?)} is positive recurrent.

Let us introduce the following (subprobability) kernel of the embedded
Markov process (observed only when in A):

Q(z,B) =Py{ra <0, X;, € B}, z€ A, BeX]a.
This is a probability kernel if P,{74 < oo} =1 for all x € A. This kernel
often satisfies the Doeblin conditions. For example, in our ARMA example,
Q(z,B) > P, {X1€B} >¢|B|, z€A, BeX|a

where
= in —— e (@=u)?/2
c= min e > 0.
|z],lyleA /2
Let us now understand how to construct invariant distributions using
embedded Markov processes.

THEOREM 8.4. Let P(-,-) be a probability kernel on (X, X). Let A€ X
and a measure v on (A, X|a) satisfy
(1) Eyma < 0.
(2) v is Q-invariant, where Q is a probability kernel on (A, X|4) defined

by
Q(z,B) = Py{14 < o0, X;, € B}.

Then the measure m defined by

W(B) = EZ/Z 1{Xk€B, k<ta} = /XV(dLU) Z Px{Xk: S B7 k< TA} B e X)
k=0 k=0

is finite and P-invariant.
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PRrROOF: Finiteness of 7 follows from (1). To prove P-invariance of 7, it is
sufficient to check 7P (B) = 7(B) for measurable B C A and B C A°. For
any B € X,

mP(B) = / v(dr) Y Pu{Xy € dy, k <Ta}P(y,B).
X k=0
If B C A, then we can continue this as:

7P(B) :/ v(dx) Y Po{Xps1 € B, Ta=k+1}
X k=0

:/Xu(da:)Q(a;,B) =v(B)=n(B).
If B C A€, then

oo
mP(B) = / v(dz) Z Po{Xk+1 € Bik+1< 14} =7(B),
X k=0
and the proof is completed. O
We see that the main ingredients in the above construction are: recur-
rence, a minorization condition, and averaging over excursions.
Note that the proof of the Perron—Frobenius theorem via contraction
in Hilbert projective metric (see Section 3) exploits a similar minorization
idea.

2. A Harris positive recurrence condition

In this section we introduce a version of the Harris condition originated
in [Har56].

We will say that a transition probability P(-,-) on (X, X') defines a Harris
(positive) recurrent process if there is a set A € X', a probability measure v
on (X, X'), numbers p € (0,1) and m € N such that the following conditions
hold true:

(A) supyeq Exma < o0
(B) P™(x,B) > pv(B) for all z € A.

THEOREM 8.5. If P(-,-) satisfies the Harris recurrence condition, then
there is a unique invariant distribution p satisfying p(A) > 0.
ProOOF: First we define
T4 =min{n >m: X, € A}.
Condition (A) implies

(8.3) sup E, 7' < oo.

€A
Also, the method of constructing invariant measures described in the last
session and based on 74 can be implemented using 7" instead.
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So we are going to use the Doeblin condition to prove that the Markov
kernel Q(-,-) on (A, X|4) defined by
Q(z, B) = Py {1}' < o0, X7n € B}.
has an invariant distribution and then apply the approach of Theorem 8.4.

First of all, Q(x, B) is indeed a probability kernel due to (8.3).
Let us define

AB) = / v(dy)Py{ra < oo, Xr, € B}, B€ X|a.
X
Then )\ is a probability measure A\ on (A, X|4) due to (8.3) and Condi-

tion (B).
Since

Q(z,B) = /XPm(ac,dy)Py{TA < o0, X;, € B}

> /py(dy)Py{TA < o0, X;, € B} = p\(B).
X

the kernel @ satisfies the Doeblin condition and there is a (unique) Q-
invariant measure y. Now to prove the existence part, it remains to prove
that the following measure 7 is finite and P-invariant:

[o.¢] oo
m(B) =E. Y _1{x,eB, karp} = /X,u,(dx) Y PAXp€B, k<71{} BeA,
k=0 k=0

and the proof of this follows the proof of Theorem 8.4, although some changes
are needed.

PROBLEM 8.1. Prove finiteness and P-invariance of 7.

Let us prove uniqueness. If there are two distinct P-invariant distri-
butions giving positive weight to A, then there are two different ergodic
distributions giving positive weight to A. If p is P-invariant, then for any
BeXx,

p(B) = pP™(B) > /A p(da)P(x, A) = p(A)pr(B),
so these measures cannot be mutually singular, a contradiction. O

DEFINITION 8.2. The set A that appears in the Harris condition is often
called a small set

DEFINITION 8.3. We say that A € X is accessible from x € X if P™(x, A) >
0 for some m.

Let us denote all points x € X such that A is accessible from = by ®(A).
If a distribution p is P-invariant, then p(®(A)) > 0 implies p(A) > 0. So,
one can strengthen Theorem 8.5 in the following way:
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THEOREM 8.6. If P(-,-) satisfies the Harris recurrence condition, then
there is a unique invariant distribution p satisfying p(®(A)) > 0. If P(A) =
X, i.e., A is accessible from all points, unique ergodicity (i.e., uniqueness of
an invariant measure) holds.

We refer to [MT09] and [Num8&4| for a much more systematic exposi-

tion of the theory. In particular, using the notion of recurrence with respect
to a measure one can characterize existence of small sets. See also [Bax11]
for a brief exposition of the theory.
ANOTHER CONSTRUCTION OF AN INVARIANT MEASURE UNDER THE HARRIS
CONDITION:  This construction introduces a split chain approach due to
Nummelin [Num?78] and Athreya and Ney[ANT8]. It is used systematically
in [MTO09] and [Num84].

Let us assume for simplicity that the Harris condition holds true with
m = 1.

We represent the distribution of X, given X,,_1 € A as follows: let (k)
be an i.i.d. sequence Bernoulli r.v. taking value 1 with probability p and value
0 with probability 1 — p. Conditioned on {x, = 1}, X,, ~ v. Conditioned
on {k, = 0}, X, ~ R(x,), where R(z,dy) = (P(x,dy) — v(dy))/(1 - p).

The process (X, £,) is Markov with values in the extended space X =
X x {0,1}. We denote by P, the probability on the extended probability
space XZ+ that includes the information about k’s, and by E, the corre-
sponding expectation.

We create the following sequence of stopping times:

mm=min{n >1: X, 1 € A k1 = 1},
T = min{n > 1+ 1: X, 1€A Ky 1= 1}.
Then (X,) forms a Markov process with invariant distribution v.
Let o), = 1) — Tk—1, k € N. The excursion lenghts (o )gen form an i.i.d.

sequence under P,,.
One can use condition (A) to estimate

oo
Eoy < Z p(1 —p)r_lTETA < 0.
m=1

Denoting for brevity o = o1, we can define the average occupation measure p
by

o0 o0
p(B)=E,> 1ixeprcay =Y PAX, € Br <o}, BEAX,
r=0 r=0

and use the previous display to show that p(X) < occ.
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Let us prove that p is invariant. Let us first notice that

pP(B) = [ plda)P(z. B)

:/Cp(da:)P(x, B)+(1 —p)/

p(dz)R(z, B) + p/ p(dz)v(B)
A

A

oo
= IS,,{XT €A X, 11 €B,r+1<o}
r=0

o0
+) P X, €A X, 1 €B,r+1<0}
r=0

oo
+) P X, €A X, 1 €Bo=r+1}
r=0

Now we (i) combine the first two sums into one and (ii) use the invariance
of v under the embedded Markov chain to derive

oo
> P X, €A X,41 €Bo=r+1} =v(B).
r=0

The result is

pP(B) =) P {X,11€B,r+1<o0}+v(B)

WE

ﬁ
Il
o

P{X, € B,r <o} +P,{X,€B,0<c}

M

ﬁ
Il
i

P.{X, € B,r <o} = p(B),

M

r=0
where we used ¢ > 1 in the second indentity. O

3. Coupling and convergence in total variation under the
Doeblin condition

In this section we introduce a very important tool called coupling. The
idea is to benefit from realizing several Markov processes with the same
transition mechanism on one probability space. We will give a different
proof of uniqueness of

PROOF OF UNIQUENESS OF AN INVARIANT DISTRIBUTION UNDER THE DOE-
BLIN CONDITION: Let p; and py be two different invariant distributions.
Let us prove that they are equal to each other using the coupling method.
Let us organize a Markov process on (X x X, X x X') with initial distribution
p1 X p2 and special transition probabilities P((z1,z2),) that we proceed
to describe. So, we are going to describe the distribution of (X} 1, X2, ;)
conditioned on (X}, X2) = (1, 2).
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If 21 # xo then we will need a Bernoulli r.v. k taking value 1 with
probability p and value 0 with probability 1 — p. Let &, 11,12 be a r.v.’s
independent of x with distributions v, R(z1,-) and R(xs,-), respectively.
Here R(z,-) = (P(x,-) —pv(-))/(1 — p). Now we define P((z1,x2),-) to be
the joint distribution of X-valued random variables Y7 and Ys defined by:

Y1 =k€+ (1 —K)n,
Y2 :Iif + (1 - Ii)772.
If 1 = x9 we let Y be distributed according to P(x1,-) and set P((x1, z2), )
to be the joint distribution of (Y,Y’). This distribution is concentrated on
the diagonal set {(y,y) : y € X}.
Notice that in both cases the transition probabilities P((z1, z2), -) project

onto P(x1,-) and P(z2,-). This is obvious for x; = x9, whereas if x1 # x9
then for any A € X,

P((z1,22), AxX)=P{Y1 € A;k =1} + P{Y1 € A4;xk =0}

=pP{ € A} + (1 —p)P{m € A}

=pv(A) + (1 —p)(P(z1, A) — pr(A))/(1 — p) = P(x1, A),
and a similar computation shows P{Y; € A} = P(xz2, A).

Therefore, the Markov process (X}, X2) defined by the initial distribu-
tion p1 X pg and transition probabilities P((x1,z2),-) satisfies the following
property: the distributions of X; and X9 coincide with distributions of
Markov process with initial distribution p; and ps, respectively, and tran-
sition probabilities P(-,-). To define the Markov measure P, ,, one can
introduce an auxiliary probability space (€2, F,P) that supports a sequence
of i.i.d. random variables (ky)nen distributed as k.

Moreover, if X} = X2 for some n, then X! = X2 holds for all m > n.
Therefore,

PoispmiXe # Xo} <Ppixp{r >n}, neN,
where 7 = min{k € N: X! = X?}.
In particular, for any A € X
p1(A) = p2(A) = [Py, {Xn € A} = P, { Xy € A}

= [Ppixpo{ Xy € A} = Ppixpp{ X5 € A}
< Ppyxp({ Xy € AYA{X] € A}
< PPIXPQ{X71L # XTQL} < Poixpo{T >n}

We have

Poispo{T >n} <P{hi=... =k, =0} < (1-p)",
and, taking n — oo, we obtain p;(A) = p2(A) which completes the proof.(]

The stopping time 7 in the above proof is called the coupling time.
The proof can easily be modified to provide the proof of the following
strengthening of Theorem 8.2:
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THEOREM 8.7. Let Doeblin’s condition be satisfied. If p is the invariant
distribution (the uniqueness of which is guaranteed by Theorem 8.2), then
for any other initial distribution v,

[P = pllrv < (1 —p)"






CHAPTER 9

Taking the topology into account

1. Feller property and existence of invariant measures the via
Krylov—Bogolyubov approach

Some regularity properties of transition kernels are convenient to formu-
late in terms of the operator P on bounded functions or the semigroup
(P")nez, generated by P. Let (X,d) be a metric space with Borel o-
algebra X.

DEFINITION 9.1. A transition probability P(-,-) on (X,d) is Feller if for
every bounded continuous f : X — R, Pf is also continuous.

Feller property means that P(z,-) is continuous in z in the topology of
weak convergence.

Let us now state an analogue of the Krylov—Bogolyubov theorem for
Markov processes.

THEOREM 9.1. Let p be a probability measure on (X, X) such that the
sequence (fin)nen defined by

1 n—1 1 n—1
9.1 = - Pl =p=> P7, eN
(9.1) fin njz;p pnjzo n

is tight. Then there is a P-invariant measure. Also, condition (9.1) is
guaranteed by tightness of the sequence (pP™)nen.

ProoOF: By Prokhorov’s theorem, tightness implies relative compactness,
so there is a sequence nj, T oo and a probability measure v such that py,,
converges to v weakly.

To prove that vP = v, it is sufficient to prove

(9.2) vPf=vf

for all bounded continuous functions f. For such a function f, the Feller
property guarantees that Pf is continuous, so due to the weak convergence,

91
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pwf = limp_so0 pin, f and pPf = limy_,o0 pin, P f. Therefore,

1 nk—l 1 ’I’Lk—l
Pf— = |lim — PIPf— lim — pJ
vPf —vf| kggonkZp f kgrolonkZp f
7=0 7=0
1 ng—1 nE—1
= | lim — Pitlf PJ
Jim -~ Z pPITLf Z pPI f
7=0 7=0
1 2
< lim (P"kf—f)H < lim 2l =0,
k—oo || N 0o koo N

s0 (9.2) holds.
To prove the second claim of the theorem, we note that if a compact
set K satisfies pP"(K°¢) < ¢ for all n, then p,(K°) < ¢ for all n. O

THEOREM 9.2. Suppose (X, X) is a metric space. Let V : X — R be a
measurable function such that U, = {x € X : V(x) < r} is a pre-compact
set for any r > 0. If a transition probability P(-,-) on (X, X) satisfies
(9.3) PV(z) <aV(x)+p, zeX

for some a € (0,1) and > 0, then there is an invariant distribution for P.

PROOF: By iterating (9.3), we obtain
P?V(z) < a(aV(z) + ) + B < oV +af + 6,
PV(z) <a™V(z)+ @+ . +a+1)<a"V(z)+ %.
Therefore, defining for any g € X, u,, by (9.1) with p = §,,. we get
n—1
T 5:,00% ;P]V < 8z (V + &) = V(20) + %
Due to Markov’s inequality

iz :V >r} < MZV < % (V($0)+1—6a> .

This estimate on the measure p, of the complement of pre-compact set
U, does not depend on n, and can be made arbitrarily small by choosing
sufficiently large values of r. Therefore, u, is a tight family. Theorem 9.1
implies that there is a P-invariant measure. O
Let us consider an ARMA (1) example where P(z,-) is given by AN (ax, 1)
with a € (0,1). Let us take V(z) = 22 and compute PV. Let &, ~ N (azx, 1).
Then
PV (z) = E€ = a** +1=d*V(z) + 1,
so conditions of Theorem 9.2 hold with a = a? and 8 = 1.



3. STRONG FELLER PROPERTY AND UNIQUENESS. 93

2. Applications to SDEs, Stochastic heat equation, stochastic
Navier—Stokes equation

Will fill in later.

3. Strong Feller property and uniqueness.

DEFINITION 9.2. The resolvent kernel is defined by

(Q(yan ::jg:jz_n})n(yalj)v RS X, AeX.
neN

DEFINITION 9.3. The support of a probability measure p on (X, X) de-
noted by supp u consists of all points € X such that for every open set U
containing x, u(U) > 0

DEFINITION 9.4. A point z € X is called P-acccessible if for all y € X,

x € suppQ(y,-). The set of all P-accessible points will be denoted by
Acc(P).

LEMMA 9.1. For every P-invariant measure i, Acc(P) C supp(u).

PRrROOF: Since p = pP, we compute

pQ=> 27"uP" =Y 2 "u=y,
neN neN

i.e., p is also invariant under ). Therefore, for every x € Acc(P) and every
open set U containing x, we obtain

H(U) = /X w(dy) Q. U) > 0.
]

DEFINITION 9.5. The kernel P is called strong Feller if for every bounded
measurable function f: X — R, Pf is a continuous function.

An immediate corollary of this definition is that for a strong Feller kernel
P and any set A € X, P(x,A) = P14(z) is a continuous function. While
the usual Feller property means that P(z,-) converges to P(y,-) weakly as
xr — vy, the strong Feller property means convergence almost as strong as
total variation convergence. Any continuous deterministic map ¢ : X —
X generates a Markov kernel P(z,-) = dg4(,) that is Feller but not strong
Feller. One can also say that strong Feller transition probabilities improve
the regularity by smoothening whereas the usual Feller kernels only preserve
the regularity.

One obvious consequence of the strong Feller property is that if P(z, A) >
0 for some x and A, then P(y, A) > 0 for all y that are sufficiently close to
x. In particular P(z,-) and P(y,-) cannot be mutually singular if x and y
are close enough.
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LEMMA 9.2. Suppose P is strong Feller. Then for distinct P-invariant
and ergodic measures p and v, supp(u) Nsupp(v) = 0.

PROOF: There is a set A € X such that u(A) = 1 and v(A) = 0. Let us
define h(x) = Ply(x) = P(x,A). By the choice of A, we have h(z) = 1
for p-a.e. z, and h(x) = 0 for v-a.e. x. Since h is continuous due to the
strong Feller property, we conclude that if € supp u, then h(z) = 1, and if
x € suppv, h(x) = 0. Therefore, supp  and supp v are disjoint. Il

LEMMA 9.3. Let P be a strong Feller transition kernel such that Acc(P) #
(. Then there is at most one P-invariant distribution.

PROOF: Suppose that there are two distinct invariant distributions. Then
there are two distinct ergodic distributions p and v. Lemma 9.1 impies

Acc(P) C supp pNsupp v = 0,
a contradiction. Il

Many finite-dimensional Markov process are strong Feller. The notion
was introduced by Girsanov in [Gir60], and the first theorem on strong
Feller property appeared in[Mol68]:

THEOREM 9.3. The Markov semigroup on a compact manifold generated
by a second-order uniformly elliptic operator with C? drift and diffusion
coefficients is strong Feller.

The study of the strong Feller property is tightly related to the regularity
of transition densities. Many results can be found in [SV06].

The strong Feller property is tightly related to convergence to the unique
invariant measure in total variation.

Let us now consider an example where there is an obvious unique invari-
ant distribution, but the strong Feller property does not hold. Consider the
Markov family associated to the following system of stochastic equations:

dX = — Xdt + dW,
dY = -Ydt.

The evolution of X and Y is chosen to be disentangled on purpose. We have

Y(t) = e 'Y(0). Therefore the time ¢ transition probability P*((zo,yo), ")

is concentrated on the line {(z,y) € R? : y = yoe~t}. In particular, if

Yo # yh, then the measures P'((zo,vo),-) and P((zo,yy), ) are mutually
singular and therefore P cannot be strong Feller.



CHAPTER 10

Random dynamics

1. Stability in stochastic dynamics

Let us begin with a very simple example, a deterministic linear dynam-
ical system with one stable fixed point.

We take the phase space X to be the real line R and define the transfor-
mation f: R — R by f(z) = ax, z € R, where a is a real number between
0 and 1. To any point z € X one can associate its forward orbit (z,)5,
where x,, = f"(x), n > 0.

In this simple example, the analysis of the asymptotic behavior of the
forward orbit (x,)22, as n — oo, is straightforward and does not require
ergodic theory.

Namely, zero is a unique fixed point of the transformation: f(0) = 0,
and since z,, = a"x, n € N and a € (0,1) we conclude that as n — oo,
Ty converges to that fixed point exponentially fast. Therefore, 0 is a stable
fixed point, or a one-point global attractor for the dynamical system (R, f).
In other words, the domain of attraction coincides with R. So, due to the
contraction that is present in the map f, there is a fast loss of memory in
the system, and no matter what the initial condition is, it gets forgotten in
the long run and the points x,, = f™(z) approach the stable equilibrium 0
as n — 00.

So far we have been assuming that the evolution begins at time 0, but
the picture would not change if we assume that the evolution begins at any
other starting time ng € Z. In fact, since the map f is invertible in our
example, the full (two-sided) orbit (,)nez = (f"x)nez indexed by Z is
well-defined for any z € R.

Let us now modify the dynamical system of our first example a little by
adding noise, i.e., a random perturbation that will kick the system out of
equilibrium. The resulting model is often called ARMA(1) (Autoregressive
moving average model of order 1). Let us consider some probability space
(Q, F, P) rich enough to support a sequence (&, ),ez of independent Gaussian
random variables with mean 0 and variance o?. For every n € Z we will
now define a random map f, ., : R =+ R by

fow(®) = az + &, (w).
A natural analogue of a forward orbit from our first example would be a
stochastic process (X, )n>n, emitted at time ng from point z, i.e., satisfying

95
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Xy, = x and, for all n > ng + 1,
(10.1) Xn=aX,_1+&,.

We also want to describe the long term behavior of the resulting random
dynamical system and study its stability properties. However, it is not as
straightforward as in the deterministic case. It is clear that there is no
fixed point that serves all maps f,. at the same time. The solution of
the equation f,,(z) = = for some n may be irrelevant for all other values
of n. Still, the system exhibits a pull from infinity towards the origin and
contraction. In fact,

| frw(®@) = faw@)] = (az + &) — (ay + &) = alz —yl, =,y €R,
and for the random map ®,"" corresponding to the random dynamics be-
tween times m and n and defined by

@Zdnvn(,in) = fn,w (@] fnfl,w o...0 fm+27w (o] fm+17w,
we obtain
(10.2) D" (z) — 2" (y)| = a" " — y.

The contraction established above should imply some kind of stability.
In the random dynamics setting there are several nonequivalent notions of
fixed points and their stability.

One way to deal with stability is at the level of distributions. We notice
that due to the i.i.d. property of the sequence (&), the process X,, defined
above is a homogeneous Markov process with one-step transition probability

1 _ (—an)?
Pz, A) = /Ae 507 dy.
xT€

2ro

If instead of a deterministic initial condition z, say, at time 0 we have a ran-
dom initial condition Xy independent of (&,)n>1 and distributed according
to a distribution pg, then the distribution of Xj is given by

i (4) = / _ pold) Pl 4),

and a probability measure p on R is called invariant or stationary if

w4 = [ ptan)pie. )

for all Borel sets A. If the dynamics is initiated with initial value distributed
according to an invariant distribution, then the resulting process (X,,) is
stationary, i.e., its distribution is invariant under time shifts.

Studying the stability of a Markov dynamical system at the level of dis-
tributions involves identification of invariant distributions and establishing
convergence of the distribution of X, to one of the stationary ones.

In our example, if X is independent of £; and normally distributed with
zero mean and variance D, then X1 = aXo+¢&; is also centered Gaussian with
variance a>D+o2. So the distributions at time 0 and time 1 coincide if a®? D+
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02 =D, ie., D = 0?/(1—a?). Therefore, the centered Gaussian distribution
with variance 02 /(1 — a?) is invariant and gives rise to a stationary process.
There are several ways to establish uniqueness of this invariant distribution,
e.g., the celebrated coupling method introduced by Doeblin in 1930’s which
also allows to prove that for any deterministic initial data, the distribution
of X,, converges exponentially fast to the unique invariant distribution in
total variation as n — oo.

Another way to approach stability is studying random attractors. Let
us convince ourselves that in our example, the random attractor contains
only one point and that point is a global solution (X,,),cz defined by

Xp = X(Env€n—17§n—27 .. ) = én + agn—l + a2£n—2 + ...

Clearly, this series converges with probability 1. Moreover, for any n €
A

aXn—1+& =& + a(fn—l +a&p—2 + a2§n—3 +...)

=&ntabn_1+ a6 o+ a’E s+ ...
— Xn,

and (X, )nez is indeed a two-sided orbit, i.e., a global (in time) solution of
equation (10.1) defined on the entire Z. Notice that X,, is a functional of the
history of the process £ up to time n. Since the process £ is stationary, thus
constructed (X, )nez is also a stationary process. In fact, X,, is centered
Gaussian with variance

o2 +a’c? +ate? +...=0?/(1 - d?),
which confirms our previous computation of the invariant distribution.

Let us now interpret the global solution (X,,),ecz as a global attractor.
We know from the contraction estimate (10.2) that for any x € R,

(10.3) @™ (z) — Xp| = [8™"(2) — (X)) = @™ |z — Xi-

Using the stationarity of X,, and applying integration by parts, we see
that
D PUXl > [m[} < ) P{|Xo| > [ml} < E[Xo| < oo,
m<0 m<0
The Borel-Cantelli lemma implies now that X, grows at most linearly
in m (in fact, one can prove much better estimates on the growth rate of
X since it is a Gaussian stationary process), and (10.3) implies that for
any r € R,
lim |®"™"(z) — X,| =0.
m——0oQ

In words, if we fix an initital condition x and run the random dynamics from
time m to time n, then the result of this evolution converges to the special
global solution X,, as we pull the starting time m back to —oo. This allows
us to call (X,,)nez a one-point pullback attractor for our random dynamical
system. Pullback attractors were introduced in [CF94], [CDF97], [Sch94].
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We can adapt the reasoning above to show that there are no other global
stationary solutions of (1.2). In fact, if (Y, )nez is such a stationary solution
then there is a number R such that for almost all w there is a sequence
my(w) — —oo such that |Y,,, | < R. Using the contraction estimate (10.2),
we see that for any n and k

| Xy — Y| = |9 X, — OTRNY | = a" TR Xy, — Y, -

Using that |Y;,, | < R and that |X,,, | grows not faster than linearly in my,
we take my to —oo and conclude that X,, =Y, thus proving our uniqueness
claim.

We can rephrase the uniqueness and convergence statements as the fol-
lowing One Force — One Solution Principle (1F1S): with probability 1, at
any given time there is a unique value of X,, compatible with the history of
the “forcing” (&)kr<n. One can also say that X, is a unique value worked
out by the dynamics in the past up to n.

In our example where 1F1S is valid, the global solution plays the role of
a one-point random attractor, and the unique invariant distribution can be
recovered as the distribution of this random point at, say, time 0. In general,
the picture can be more complicated. If a random dynamical system admits
an invariant distribution, then at a given time there can be more than one
point compatible with the history of random maps. One can consider the
union of these points as a random attractor and, moreover, introduce a
natural distribution on these points called the sample measure associated to
the history of forcing, see [You86], and [Arn98, Chapter 1].

Notice that the invariant distribution in our example results from a
balance between two opposing influences. One is the decay or dissipation
due to the contractive dynamics. In the absence of randomness the system
would simply equilibrate to the stable fixed point. The second mechanism is
the “random forcing” that keeps the system from the rest at equilibrium, and
the stronger that influence is the more the resulting stationary distribution
is spread out. This mechanism is typical for many physical systems.

One of the basic questions of ergodic theory of a dynamical system is
the description of the stationary regimes. This is the main subject of the
rest of these notes.

2. Markov processes and random transformations

One way to construct a Markov process is to use compositions of i.i.d.
maps. More precisely, let F be a set of (X', X')-measurable maps f: X — X
equipped with a o-algebra § such that the map F': X x F — X defined by
F(z, f) = f(z) is (X x §, X)-measurable.

Then suppose (fx)rez is an i.i.d. sequence of (F, F)-valued random vari-
ables defined on a probability space (2, F,P). Let us fix a number n € Z
and a distribution p on (X, X’). We let X, be distributed according to p(dx)
and independent of fi, K > n, and then define X, £ > n, inductively by
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X = fx(Xk—1) = F(Xgk_1, fx). For any k, thus constructed functions Xj,
are random variables on (X x Q, X x F) which follows from an inductive
argument. In fact, X, (z,w) = z is a random variable, and if X}_1(z,w) is
a random variable, then

Xi(z,w) = frwXp—1(z,w)) = F(frw Xp—1(z,w)),

and X is measurable as a composition of measurable maps. It is also
convenient to write

(10.4) Xp(z,w) =% 1), weQ, zeX, k>n,

where

(10.5) "R (1) = frwo... 0 furowo furiw(@), zeX, k>n.
Let us take any k € Z and denote

(10.6) P(x,A) =P{w: fru(z) = A}.

Due to i.i.d. property, this definition does not depend on the choice of k.
LEMMA 10.1. Thus defined P(-,-) is a probability kernel.

PROOF: In this proof we choose £ = 1 and work with f;. The fact that
P(x,-) is a probability measure follows since P is a probability measure. If
A€ X, then F7'A = {(z,f) : f(x) € A} € X x §. Denoting by Pf; ' the
pushforward of P onto F by fi, we see that, for x € X, P(z, A) is the measure
assigned by Pff1 to the z-section of F~1A, i.e., {f: f(x) € A}. (Related to
Fubini’s theorem, but is that the right reference? Proof in [Kif86], starting
with rectangles) Such functions are measurable. O

LEMMA 10.2. For any bounded measurable function g : X — R,
[ P.dngv) =Eghaa), wex
X

PROOF: The lemma holds for indicator functions ¢ = 14, A € X, due
to (10.6). It holds by linearity for simple functions, and then for general
functions by uniform approximation with simple functions.

O

THEOREM 10.1. The process (X)k>n defined in (10.4) is a homogeneous
Markov process with initial distribution p and transition kernel P.

PROOF: Let us prove formula (5.1) by induction assuming n = 0 without
loss of generality. For m = 0, the formula is trivially true. Let us now
assume that the lemma holds for m replaced by m — 1 > 0. Then

P{XO € A07 e 7Xm € Am} = ElXOEAO tee 1Xm71€Am711fm,w(Xm71)€Am'
Denoting G = o(Xo, ..., Xm—1), we obtain
P{Xo S Ao, e Xm c Am} =E [1X06A0 - 1Xm—1€Am71E[lfm,w(Xm_1)€Am|gH .
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Since fy, . is independent of G and X,,_; is G-measurable we can apply the
following lemma;:

LEMMA 10.3. Let X and Y be random wvariables on a probability space
(Q, F,P) taking values in measurable spaces (X, X) and (Y,)), respectively.
Let F : X xY — R be a bounded (X x Y, B(R))-measurable map and sup-
pose that a o-algebra G C F is such that X is (G, X)-measurable and Y is
independent of G. Then

E[F(X,Y)|G] = a(X),
where a(x) = EF (z,Y).

To apply this lemma with X,,—; for X, f,, for Y and F(X,Y) =

1y (x)eA,,, We find a(z) = Ely, . (x)eAn = P(z, Ap,), and obtain

P{Xo € Ao,..., Xm € A} = E [Ixpen,-- - 1x,n 1cam 1 P(Xm—1,Am)] -
We can now use (5.2) with m replaced by m — 1 and
f(@o,. oy Tm—1) = 1gpeay - Loy, 1ea,, 1 P(@m—1,Am),
obtaining (5.1). O

ProoOF OF LEMMA 10.3: First, consider the situation where FI(X,Y) =
lxcayven = lxcalycp for some sets A€ X, B € ). Then

E[F(X,Y)|G] = 1xcaE[lyep|G] = 1xeaP{Y € B},
and, since 1,¢ 4 is nonrandom, i.e., constant in w, we have
a(x) = Elgealyep = 1,eaP{Y € B}, zecX

So, the lemma holds for these indicator functions of rectangles. By linearity
of expectation, the lemma holds for linear combinations of such indicators.
The proof is completed by approximating the generic bounded function with
those linear combinations. (I

It turns out that the method of obtaining Markov processes described
in Theorem 10.1 is, in a sense, universal. Let us state and prove a theorem
from [Kif86, Theorem 1.1] based on the idea of R. M. Blumenthal and
H. K. Corson [BC72].

THEOREM 10.2. Let (X, X') be a Borel space and let P(-,-) be a probability
kernel on (X, X). Then there is a probability space (F,§,Q) of measurable
maps f on X such that

Q{f: f(z) € A} = P(z,4), z€X, AcAX.

PROOF OF THEOREM 10.2: This is a version of the original proof of [Kif86].
First, we note that it is sufficient to consider the case where X is a Borel
subset of [0,1] and X is the restriction of B(]0, 1]) to X.

For each x € X we let z(x,-) be the quantile function of P(x,-):

z(z,t) = inf{r : P(x,[0,r]) > t}, zeX te]0,1].
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By construction, z(-,-) is measurable w.r.t. X x B([0,1]).
Since for any z € X

Leb{t : z(z,t) > r} = Leb{t : P(z,[0,7]) <t} =1— P(z,[0,7]), r€][0,1],
we conclude that Leb{t : z(z,t) < r} = P(z,[0,r]), and so, P(x,-) is the
pushforward of the Lebesgue measure under z(z, -):

Leb{t: z(z,t) € C} = P(z,C), C € B([0,1]).

Therefore, if z is fixed, then for Leb-almost all ¢ € [0,1], z(z,t) € X.
Let us pick any z¢ € X and for all ¢ € [0, 1] define a Borel transformation
fi X = X by

) z2(z,t), zeX, 2(x,t) €X,
fulz) = {:Co, zeX, z(z,t) ¢ X.

thus obtaining a map T from [0, 1] to the set of all Borel transformations
of X. We define F to be the image of [0, 1] under 7', and denote by § and
Q the pushforwards of B([0,1]) and the Lebesgue measure under this map:
F={ACF: T7'A e B([0,1])} and Q(A) = Leb(T*A), A € §. For every
C € X, we have

Q{f: f(z) € C} =Leb{t: fi(x) € C} = Leb{t: z(x,t) € C} = P(z,C).

The required measurability property of (z, f) — f(z) is X x § follows
from the measurability of (z,t) — z(z,t). O

With this theorem at hand, we can take a product of infinitely many
copies of (F,§, Q) thus obtaining the following:

THEOREM 10.3. Let (X, X') be a Borel space, and let P(-,-) be a probabil-
ity kernel on (X, X'). Then there is a probability space (Q, F,P), a o-algebra
§ on F and a sequence (fr)kez of i.i.d. (F,§)-valued random variables on
(Q,F,P) such that for any n € Z and any distribution p on (X,X), the
construction described before Theorem 10.1 produces a Markov process on
(Xk)k>n with initial distribution p and transition probability P(-,-).

It is clear that there are many ways to realize a Markov process with a
given transition probability. The dynamical properties of resulting system
of maps may drastically depend on the details of such representation. For
example, let ({x)ren be an i.i.d. sequence of uniformly distributed random
variables on [0, 1] defined on (€2, F, P). Then for any measurable g : [0, 1] —
[0, 1] the random dynamical system on [0, 1] defined by

Jrw(@) =g(x) + & (w) (mod 1), z€l0,1], weQ,

generates a Markov process with transition function P(zx,-) = Leb. However,
if g(x) = z, then for any w € Q and any z,y € [0, 1],

d(fo™ (@), f™ (y)) = d(z,y),

where transformations f,,”"" have been defined in (10.5). However, this prop-
erty does not hold true, say, for g(z) = 2z (mod 1).
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Let us now summarize the construction introduced in this section. At
different times, the evolution in X is governed by different transformations
chosen from a “common pool”, a transformation space F. These transforma-
tions form an F-valued stationary process and, when studying the evolution
in X, it is convenient also to keep track of that stationary process.

We have a state space X equipped with a o-algebra X and a set F
of X-measurable transformations equipped with a o-algebra § and a mea-
sure Q on §. The main canonical probability space (2, F,P) will be then
(FZ, 3%, Q%) or (FN,§N,QN). The shift operator 6 : Q — Q given by
(fw); = wit+1, i € Z, or, respectively, ¢ € N, preserves P.

It is convenient to identify random transformations with coordinates
of w, so we can write f, = w;. We also introduce (F,§)-valued random
variables (fn)nez defined by fno = wn = fogn-1,. They are iid. with
common distribution Q.

The joint evolution in X and 2 is given by the following skew product
transformation © : X x 0 — X x € defined by

(10.7) O(z,w) = (fur,w) = (w17, Hw).

Thus the space (X x Q,X x F) equipped with transformation © is a
usual dynamical system. Iterations of © are given by

0" (z,w) = (B%"z, 0"w) = (WO"z, 0"w),
where transformations @, have been defined in (10.5) and

+1

mh— "o .. . owmT,

w

Skew products satisfy the following cocycle property:

(10.8) QMM (3) = B2 o Y™,
or
(10.9) WOmITm2 (1) = (g1(y)0m2 o (O

In general, one can study random dynamical systems as skew-products
satisfying the cocycle property without introducing product measures as
above or any kind of measures. For example, linearization of differentiable
maps. Suppose f : R — R? is a differentiable map. Let us denote by
A, = Df(z) the Jacobi matrix of partial derivatives of f at a point z € R?.
Then, for any n € N, one can use the chain rule to write the differential of
f™ at a point x applied to a vector v € R? as

Df*(x)v=Apm-1,Apm-2, ... Apz Agv.
3. Invariant measures

Suppose we have an (X, X)-valued Markov process (X)i>0 with one-
step transition probability function P(-,-). If the distribution of Xy is given
by a measure p, then

P{X, € A} =pP(4), AeAX,
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where the convolution of a measure p and a kernel P is defined by
pP(A) = / p(dx)P(xz,A), AecX.
X

Moreover, the transition kernel P defines the following semigroup acting
on P(X,X) (the set of probability measures on (X, X)): pP’ = p and for
n €N,

pP" = pP" P,

In analogy with the deterministic case that corresponds to transition
kernels given by delta functions, we are interested in the situation where the
distribution after the transformation is the same as the initial distribution,
i.e., it is invariant under the action of semigroup (P"),>o. In other words,
we want to have P{X; € A} = P{Xy € A}, or

(10.10) p(A) = /X p(d)P(z, 4), AcX.

DEFINITION 10.1. A measure p on (X, X) is called invariant for transition
probability P(-,-) if (10.10) holds.

As in deterministic case, we can define invariance of distributions in
terms of test functions:

LEMMA 10.4. A measure p on (X, X) is invariant for transition proba-
bility P(-,-) if and only if for any bounded measurable function g : X — R,

(10.11) /X pldr)g(z) = /X p(de) /X Pz, dy)g(y).

PROOF: Definition 10.1 is equivalent to (10.11) for indicator functions g =
14, A € X. By linearity it is also equivalent to (10.11) for simple functions
and the general statement is obtained by uniform approximation of bounded
functions by simple ones. O

PrOBLEM 10.1. Prove that if p is invariant for P, then the Markov
process with finite-dimensional distributions defined by (5.1) is stationary.

Let us suppose now that the Markov process with transition kernel P(-, -)
is, in fact, generated by a skew-product transformation © on the canonical
space (X x Q,X x F), where (2, F,P) = (FN, 3V, QY). The notion of an
invariant measure for deterministic transformations applies to this situation,
so we can use either Definition 2.4 or Lemma 2.1. However we are interested
not just in any invariant measure on (X x , X x F), but only in those whose
marginal distribution on (€2, F) is P.

DEFINITION 10.2. We say that a measure p on (XxQ, X x F) is invariant

under © and agrees with P if (i) for any bounded X’ x F-measurable function
g:XxQ—=R,

(10.12) /XXQ,u(dx,dw)g(az,w) = /XXQu(dx, dw)g(O(z,w)),
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and (ii) p projects onto P under the canonical projection X x Q — Q, i.e.
(10.13) p(Xx A)=P(A), AeF.
THEOREM 10.4 ([Ohn83]). A probability measure p is invariant for

P(-,-) if and only if p X P is invariant for ©. (Also, the projection of p x P
onto Q is P.)

PROOF: Suppose p x P is O-invariant. Let us take any bounded measurable
function g : X — R and check (10.11). In the following calculation we
introduce a function G(z,w) = g(x):

/X p(dz) /X (z,dy)g(y) = /X p(dz)Eg(wiz)

:/ (p x P)(dz, dw)g(wix) (p x P)(dx, dw)G (w1, Ow)
XxQ XxQ

_/ (p x P)(dz, dw)G(O(z,w)) _/ (p x P)(dz, dw)G(z, w)
XxQ XxQ

—/ (p x P)(dz,dw)g(z) = / p(dz)g(z).
XxQ X

Suppose now that p is P(-,-)-invariant. It is sufficient to check (10.12)
for indicators of rectangles, i.e., g(x,w) = 1lzcalyep. The left-hand side
of (10.12) equals p(A)P(B). Let us compute the right-hand side:

/ (p x P)(dz,dw)g(O(z,w)) —/ (p x P)(dz, dw)g(wix, Ow)
XxQ XxQ

_ / plde) / P(dw)Lo,senlones
X Q

Since wq and fw are independent under P = QN, the r.h.s. equals

Z/P(dff)/Q(dm)lwl(x)eA/ Q2% (dwa, dws .. )1y 5. e
X X X&sw}

_ /X p(dx) P(x, A)P{fw € B} = p(A)P(B),

and the lemma is proved. O

In the case of (2, F,P) = (FZ,§%, Q%), relation (10.12) can be derived
in the same way for = p x P from invariance of p, but only for functions
g that do not depend on the past, i.e.,

g(z, (... w_1,wo,wr,we . ..)) = g(x, (Wi, ws,...)).
However, p x P does not have to be invariant in this case, and it is actually
natural to expect invariant distributions not to have the product structure
since the state of the system in x is largely determined by the dynamics
in the past defined by (...,w_2,w_1,wy) whereas product structure would
mean independence of the state and the noise input.
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In general, any measure on (X x Q, X x F) that projects on P can
be disintegrated into conditional measures and represented as p(dzx,dw) =
e (dz)P(dw) = p(w, dz)P(dw) for a probability kernel u(-,-) from (€2, F) to
(X, X), i.e., the following formula of complete probability holds:

/Xxﬂg(x,w),u(dx,dw) = /Q (/Xg(x,w)uw(dx)> P(dw).

Here and further we follow [Arn98| where more general random dynamical
systems are considered.
As before, we will use the notation f, = w;.

THEOREM 10.5. Let © be a measurable random dynamical system on
a Borel space (X,X) over (Q, F,P) = (FZ,F% Q%) defined by (10.7). A
measure i on (X x Q, X x F) agreeing with P is invariant iff for P-a.e. w
its disintegration . satisfies

(10.14) ot = o

PROOF: For any set B x F' € X x (),

(10.15) pO B xF) = [ f (B)P)
and o

u(BxF) = [ naBIPe) = [ po(B)tuerP(d)

(10.16) = [ kB taserPd) = [ (B)P(aw),

where the first identity in the second line is due to the invariance of P
under 6. If (10.14) holds, then these identities imply (B x F) = u©~ (B x
F), and it follows that u = p©~1.

Suppose now p is invariant. Let us take any B € X. Representing an ar-
bitrary set G € F via G = 071 F for F = G, and using (10.15) and (10.16),
we see that for almost all w, gy (B) = uef; (B). The exceptional set
depends on B, but since (X, X) is a Borel space, any measure (X,X) is
uniquely defined by its values on a countable collection of sets, so we can
choose a universal set A of full measure such the measures g, and g, f*
coincide for w € A. O

The sample measures u,, are called Markov or non-anticipating if for
any B € X, the random variable pu,(B) is measurable with respect to F_ =
o(wg, k <0).

Let us establish the existence of Markov or non-anticipating sample mea-
sures in the compact case. This is a version of Proposition 2.1 from [You86].

THEOREM 10.6. Let (X, X) be a compact space with Borel o-algebra and
let (9, F,P) = (FZ, 5%, Q%) where the measure Q is concentrated on contin-
wous transormations of F. Suppose a probability measure p is invariant for
the corresponding Markov transfer operator P(-,-) defined by (10.6). Then
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there is an invariant measure o of the random dynamical system with non-
anticipating sample measures such that

p(B) = (B x ) = | p(BIP(d).

PROOF: Let us take any bounded measurable function g : X — R and define

Poulg) = /X p(dr)g(w"0z).

In particular,
(1017) Pn,w(B) = Pn,w(lB)

defines a probability measure P, on (X, X’). The sequence of these mea-
sures is tight, so it always has limit points. Let us identify them.

Let us prove that P, ,,(g) is a martingale with respect to (G, )nen, where
Gn = 0(w_nt1,...,wp). We need to check that for every F"-measurable
function h,

EP,w(9)h(w_pnt1,...,w0) = EPpi10(9)h(w_nt1,... ,wo).

The right-hand side equals
(10.18)

/ p(d2)Eg(w " O (w1, yw0) = / PAT)EF (i1, - 0), @),
X X

where

F((w-n+1,---,w0),4y) = g(wo - - - wW—nt1y)A(W—pt1, - - -, o).
Since w_pz is independent of (w_p41,...,wo),
EF((w—n+1,---,w0),w—nzx) = Ea(w_px),

where
a(y) = EF((w-nt1,.--,w0), y)-
So, the right-hand side of (10.18) equals

E / p(dr)a(wnz) = /X p(dz)alz)
= /Xp(d:v)EF((wnH, ce,wp), T)

= / p(dz)Eg(wo ... w_pr12)h(W_pi1,...,wo)
X
=EP,o(9)h(w_n+1,...,wo0),

and our claim is established.

Notice that P, (g) is a bounded martingale. Therefore, it a.s. converges
to a random variable G[g], measurable w.r.t. 7_. Let us now take a dense
set {gn}nen in C(X). The algebra R generated by this set over Q is also a
countable set. For every Y € R, G[Y] is an a.s.-limit of P, ,(Y). Let us
now consider the following countable set of conditions:
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(1) GlpY + qZ](w) = pG[Y](w) + ¢G[Z](w), p,q€Q,Y,Z € R.

(2) minY < G[Y](w) <maxY, Y €R.
Each of these conditions is violated on an exceptional set of zero measure
belonging to F_. Since there are countably many of these conditions, there
is aset ' € F_ such that P(€2') = 1 and all the conditions above are satisfied
for all w € Q. In particular, for each w € ', the functional Y — G[Y](w)
is a linear functional on R over Q, with norm bounded by 1. So, this
functional can be extended by continuity to a continuous linear functional
on C(X) over R, in a unique way. Such functionals can be identified with
measures by Riesz’s theorem. Thus for each w € €', we obtain a measure
tew(+) on (X, X) that is F_-measurable w.r.t. w.

Approximating a generic function g € C(X) uniformly by functions
from R, it is easy to see then that if w € ¥, then P, ,(9) = [ pw(dz)g(x)
as n — oo. Therefore, measures P, defined for w € Q' by (10.17) con-
verge weakly to p,. It follows that P, g, converges weakly to pg, for
w € 671Q. On the other hand the construction of y, implies that P, o, =
Pn,l,wfgl and thus P, g, weakly converges to pofot for w € . We con-
clude that (10.14) holds on the set of full measure ' N H~1(QY). O

In fact, one does not have to require compactness as the following com-
bination of Theorem 1.7.2 and Corollary 1.7.6 from [Arn98| shows:

THEOREM 10.7. If f,, is a system of i.i.d. continuous maps on a Polish
space (X, X), then a bijection between invariant non-anticipating Markov
measures on (X, X) x (F,§)% and product invariant measures p x P on
(X, X) x (F,3)N is given by the following two statements:

(1) If  is an invariant non-anticipating invariant measure on (X, X') X
(F,3)%, then u™ = p x QN, where
o) = [ @l (),
is invariant for (X, X) x (F,§)N.
(2) If ut = p x QY is invariant on (X, X) x (F, )N, then the non-
anticipating measure p on (X, X) x (F,§)% whose conditional mea-
sures w.r.t. F&= are given by

po(A) = lim p*(f50)71(A)
18 tnvariant.

4. Ergodicity for Markov processes and systems of i.i.d.
transformations
DEFINITION 10.3. If P(-,-) is a probability kernel on (X, X)), then for
any bounded X -measurable function g, Pg is a function defined by

Py(x) = / P(z,dy)g(y), = €X.
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DEFINITION 10.4. Let P(-,-) be a probability kernel on (X, X) and let p
be a probability measure on (X, X). A bounded X-measurable function g on
is called (P, p)-invariant if Pg = g a.s. w.r.t. p.

DEFINITION 10.5. Let P(-,-) be a probability kernel on (X, X). A P-
invariant probability measure p on (X, X) is called ergodic if any (P,p)-
invariant function is p-a.s. constant.

Ergodicity of measures on (X x Q, X x F) under deterministic transfor-
mation © has been defined in the first part of these notes. In fact it was
defined in terms of nonexistence of nontrivial invariant sets.

DEFINITION 10.6. Let P(-,-) be a probability kernel on (X, X) and let p
be a probability measure on (X, X). A set A is called (P, p)-invariant if 14
is a (P, p)-invariant function.

LEMMA 10.5. A set A € X is (p, P)-invariant if and only if A€ is (p, P)-
tnvariant.

THEOREM 10.8. Let P(-,-) be a probability kernel on (X,X). A P-
invariant probability measure p on (X, X) is ergodic iff any (P, p)-invariant
set A satisfies p(A) € {0,1}.

PROOF: One of the implications is obvious. Let us prove the other one.
Suppose that g is a (P, p)-invariant function. Let us prove that for any a
the set {z : g(z) > a} is (P, p)-invariant.

To that end first we prove that if g is (P, p)-invariant then |g| is (P, p)-
invariant. To see that, we can write |g| = |Pg| < P|g|. Since, in addition
P-invariance of p implies [(P|g| — |g|)dp = 0, we conclude that P|g| = |g|
p-a.s.

Then gt = (g + |g])/2 is also (P, p)-invariant.

Also, if g1 and gy are (P, p)-invariant, then g1 — g2 is (P, p)-invariant and
so are g1V g2 = (g1 — g2) VO + g2 and g1 A g2 = —((—g1) V (—92)).

Since 1 is (P, p)-invariant, we conclude from all of the above properties
that (n(¢g —a)t) A1, n € N is a sequence of (P, p)-invariant functions.
Therefore, the indicator of {z : g(x) > a} being the pointwise limit of this
sequence is also (P, p)-invariant.

Since indicators of sets {z : g(x) > a} for all a € Q are invariant, all
these sets have p-measure 0 or 1. Therefore, g is p-a.s. constant ]

THEOREM 10.9. A P-invariant measure p is ergodic iff p x P is ergodic
on (X x Q, X x F), where (9, F,P) = (FN, 3, Q).

PROOF: Let us first assume that p x P is ergodic. Suppose then that
Pg = g p-a.s. and is not a constant p-a.s. Then there is a number ¢ such
that p(B) ¢ {0,1} where B = {x : g(z) > ¢}. This set is (P, p)-invariant as
follows from the proof of Theorem 10.8. So,

15(x) = Ply(z) = / 15(f () Q).

F
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Therefore, if x € B, then f(z) € B for Q-a.e. f, and if x ¢ B, then f(z) ¢ B
for Q-a.e. f. So,
15(0(z,w)) =1p(wiz) = 1p(z), pxP —as.
Since p x P is ergodic, 1p is p-a.s. constant, and we obtain a contradiction
with p(B) ¢ {0,1}. Therefore, g is constant p-a.s., which proves that p is
ergodic.
Let us prove the converse implication. Suppose that p is ergodic and h
is a bounded measurable function on X x Q satisfying h(O(z,w)) = h(z,w),
for p x P-a.e. (z,w). We must prove that h is constant p x P-a.s. Invariance
of h implies that for p x P-a.e. (z,w),
h(:v,w) :h(f87m$a (wm+1>wm+2a"'7))> m € N.
Let ho(x) = Eh(z,w). Then, for p-a.e. z,
ho(x) = EE[h(z, (w1, ws...))|wi] = EE[h(wrz, (wa .. .))|w1]
= Eho(wix) = Phy(x).
Due to ergodicity of p, there is a constant ¢ such that hg = c.
Also, if
h(z,w) = hyp (2, (w1, -« ., wm)) = E[A(z, (w1, w2 ...))[(w1,...,wn)],

then for p x P-a.e. (z,w),
ho (2, (W1, -y wm)) = E[h(wo’mx, (Wrnt1s W2 - )| (w1 vy wm)]
= ho(w¥™2) = c.

For p-a.e. x we can apply P.Lévy’s theorem on continuity of conditional
expectation and obtain that for p x P-a.e. (z,w),

¢ = E[h(z, (wi,wa..)|(wi,. .. wn)]
— E[h(z, (w1, ws...))|(w1,ws,...)] = h(z, (w,ws...)),

ie, h(z, (wi,w2...)) =c.
]

4.1. Structure of the set of invariant distributions. Similarly to
the deterministic case, the following statements hold true for the set Ip of
invariant measures under a kernel P(-,-) on a Borel space (X, X):

THEOREM 10.10. 1. Ip s a convex set.
Easy!
2. P(-,-)-ergodic measures are extreme points of Ip. Fasy
3. Two different ergodic measures are mutually singular.
4. If there is a unique invariant measure, it is ergodic.
5. Fvery measure p € Ip can be represented as

p= [ vido)p.
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o(4) = /X v(dr)p(A), A€ X,

for some kernel p.(-) on (X, X). For p-almost all x, the measure p,(-) is
ergodic.

Similar statements hold true for random dynamical systems

5. Auxiliary statements

Let P(-,-) be a kernel on (X, X).

For a probability measure p on (X, X) we denote by P, the measure
constructed in (5.1). For a point x € X we denote P, = Ps_. We know
that if the measure p is invariant under P, then P, defines a stationary
process on (X%+, X%+). In other words, P, is invariant under the standard
shift § on (XZ+ X%+). In the following lemma we describe a one-to-one
correspondence between invariant sets for two systems.

LEMMA 10.6. Suppose p is a P-invariant measure. If p(A) € (0,1), then
A is (p, P)-invariant.

PrOOF: If p(A) = 0, then the statement is obvious. If p(A4) = 1, then

0= p(4) = [ pldo)Pla, 4%,
and we obtain that P(z, A°) = 0 for p-almost all x. O

THEOREM 10.11. Suppose p is an invariant measure for a kernel P(-,-)
on (X, X).
(1) Suppose A € X is (p, P)-invariant. Then the set A%+ = Ax Ax...
is 0-almost invariant w.r.t. P,.
(2) If a set B € (XZ+, XZ+) is O-almost invariant w.r.t. P,, then there
is a set A € X such that

(10.19) B A%+,

5.1. Structure of invariant sets on the canonical space. Suppose
P(-,-) is a probability kernel on (X, X') and suppose p is a P-invariant mea-
sure on.(X, X'). Then one can construct a measure on (X%, X%) according to
(5.1). Namely, one first constructs finite-dimensional distributions indexed
by {n,...,m} where n,m € Z and n < m, and then one has to note that
these finite-dimensional distributions are consistent due to the invariance of
p- Kolmogorov’s consistency theorem guarantees the existence of a measure
Q, on (XZ, x%) with the prescribed family of finite-deimensional distribu-
tions. The coordinate process (Xj)rez is a stationary process then, so Q is
invariant under the shift 6 : X2 — X% defined by

(0x) = xg41, z==(...,2_1,20,21,...), k€EZL.
In fact @ is invertible and it generates a group of transformations defined by

0"x)p = g1, x=(...,2_1,20,21,...), k€EZ, neZ.



5. AUXILIARY STATEMENTS

We are going to describe invariant or Q,-almost invariant sets for 6.

111
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We will denote by F™" the o-algebra generated by r.v.’s X,,,..., X,
for any n, m € 7Z satisfying n < m.

We denote Z* = I*(X%, X%,Q,,0) and we denote by Z(p, P) the o-
algebra of (p, P)-invariant sets.

THEOREM 10.12. Z* consists of all sets B such that there is a (p, P)-
invariant set A € X such that

(10.20) BZ (s ex?: uye Al

The latter condition on a (p, P)-invariant set A € X is equivalent to
P
(10.21) B =£ AZ,

PrOOF: We adapt the following proof from [Ros71, Section IV.2].
First, suppose A € Z(p, P). Then for any n € N,

Q{X_n€A,. . . X,ecA}
:/Ap(dxn)/AP(:En,d:L‘nH).../AP(:En1,d:xn) =p(A).

Let us denote B = A%. This set is clearly f-invariant. Since B is the
countable intersection of cylinders of the same measure p(A), we obtain
Q,(AZ) = p(A). Also, Q{z € XZ: x5 € A} = p(A) by construction of Q,
so (10.20) holds.

Suppose B is invariant under #. Then it is automatically invariant un-
der 6" for all n € Z. Let us fix k € N and approximate B by a cylinder
with an error at most 1/k. Namely, let us find numbers m,n € Z satisfying
m <0 <n, and a set By € F™" such that Q,(ByAB) < 1/k.

From the invariance of B and invariance of Q, under 6, we obtain also
Q,(0"BLAB) < 1/k and Q,(6"B,AB) < 1/k

This can be rewritten as

(10.22) Eq,(1omp, — 15)* <

T =

T =

(10.23) Eq,(Lgnp, — 1p)* <
From these two inequalities we obtain

(10.24) Eq,(1onp, — lomp)* <

En I

2 among F~°Y-measurable

~—

The minimum of the expression Ep, (1gmp, —¢§
random variables £ is given by

& = Eq, (1omp, | F %) = Eq, (1gmp, | Xo).

Since 1gpnp, is F~°Y measurable, we obtain from (10.22):

4
(10.25) Eq,(1gmp, — &)* < o
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Now (10.25) and (10.22) imply

10

Therefore &, converges to 15 in L?(Q,). Since each & is a o(X()-measurable
random variable, 15 has a o(X()-measurable version. In other words, there

is a set A € X such that B ¥ {Xo € A}.
Let us prove that A is (p, P)-invariant. Let us assume that there is a
subset A" of A with p(A’) > 0 and P(xp, A) < 1 for all zy € A, then

Q,(B) = Q,(BNO~'B) = Q,{Xo € A, X; € A}
- / p(dio)P (a0, 4) < / p(dro)1 = p(A) = Qu(B),
A A

so we obtain Q,(B) < Q,(B), a contradiction.
Finally, since B is almost invariant, we obtain that

B2 (0" {Xo € A} = A%,
n
which completes the proof. Il
THEOREM 10.13.
FOO L I(xE X7, Q,0).
ProOF: This is a direct corollary of Theorem 10.12. ]

THEOREM 10.14.
FO U (X2 X2+ P, 0).
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PROOF: Let 7 be the natural projection (resatriction operator) from X% to
X%+, Then P, = Qpﬂ'_l.

Suppose there is an almost invariant set B € X%. Let us use Theo-
rem (10.12) to find A € X such that the representations (10.20) and (10.21)

hold. Then
B

B¥(rex?: s eAforallkeZ,).
Therefore, 7B = A" and B = n1AZ". Clearly, A



CHAPTER 11

Invariant distributions for Markov chains in
discrete spaces

1. Another proof of ergodic theorem for Markov chain

We follow Bulinskii& Shiryaev. I think their proof is borrowed from [Chu67].

THEOREM 11.1. Let P be a transition probability on X where X =N or
{1,...,N} for some N € N. Suppose that there is jo € X, ngp € N and 6 > 0
such that PZ;O > § for all i € N. Then there is a vector m : X — Ry with
Y iex (1) = 1 such that

and
[Pl —m(j)] < (1— o)/l neN.
PRrRooOF: Let

mn(j) = z12}%]3 M, (5) —sgg)P n € N.
(2

Clearly, my,(j) < B[} < M,(j) for all n,4,j. We notice that m,(j) is nonde-
creasing in n, M, ( ) is nonincreasing, since for any n,n’ € N,

(11.1) Moy 40 (J mfz WPk, §) > mn(j 1nfz " — i (j
(11.2)  Myi,(j) = supZPZ’z P"(k,j) <mp(j SUPZPch = My,(j),
ieX 1eX
Let us prove that hmn%oo(Mn(]) mn(7)) = 0.
My (5) = mn () = sup Poj + Sup( Fj) = Suf(PZ} - Byj)
a,

no 70\ PN—N0
_Supz (Por — Boi ) By
a,b &

sup <Z+(Pg,g — PP 4 Z (P — p1) P”]."0>

a,b &

. . on n, . -
<sup (Mn—no (G)Y (PR = Pid) + manny(5)Y_ (Pl — Pﬁf)) 7
a, L

k
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where > k+ (respectively, >, ) denotes the sum over nonnegative (respec-
tively, negative) values of P (a, k) — P™ (b, k). Since >, P10 =3, P° =
1, we have
S P - B+ (P - B =0,
k k
S0,

- +
Y (P —Bp) ==Y (PR - P,
k k

and

(11.3)  Mn(5) — mn(j) < (Myp—ny(§) — Mn—no (G Supz (P — PPo).

We claim that >, 7 (P — PJ°) < 1 —§ for all a,b. In fact, if jo is not
included in the summation >, ", then
+
Y (B —B) <Y P - P <1-4
k k

If jo is included in the summation Ek+, then
> (R~ By < DR - B <16
k k

so our claim is established and from (11.3) and monotonicity of M and
m, we conclude by induction that M, (j) — mn(j) < (1 — §)*/™l. This,
along with monotonicity and boundedness of M, (j) and m,,(j), implies now
that there is a common limit 7(j) for M,(j) and m,(j), and, moreover,
[Ma(j) — ()| < (1= 8)P/m0) and () — w(7)] < (1 — 8)/mol.

Invariance of 7 under the action of P follows by taking n — oo on both
sides of P/\*! = Pj} Py;. 0

2. Entropy approach

This proof is based on the fact that relative entropy of a Markov chain
is monotone in time. We follow [Lig05] closely.

Let v and p be two probability distributions on X = {1,...,N}. We
define the relative entropy (also known as Kullback—Leibler divergence) of
u with respect to v by

Hiph) = > iy m 400

Introducing
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we can rewrite relative entropy as
o 1(E)
H = —= .
) = Sve ()

LEMMA 11.1. Suppose v is a probability measure on X such that v(i) >
0 for all i € X, and assume that v is invariant under P. Then for any
probability measure p on X we have

H(pPlv) < H(plv),
and identity holds if and only if

i) _ pl)
v(i)  v(j)
holds for alli and j such that there is | such that P(i,l) > 0 and P(j,1) > 0.
PROOF:
N N i oplis
H(uPlv) =Y v(i)p (ijl /Z((Jiip(J,z))
i=1
=3 u (i)  v(§)P i)
(11.4) - Z; (i) ; i) YR

Since ¢ is convex and

HuPb) < Yovi Y (0 70

i=1 j=1 v(9)

N . N
N i (PY) Y = H(uly
-3 (y)so(y(j));P(J,) H(ulv).

Also, since v(i) > 0 for all v, the inequality becomes strict if and only if
at least one inner summation over j produces a strict inequality. Due to
strict convexity of ¢, this happens if there are nonzero weights v(G)P(A)

‘ v (i)
corresponding to different values of % Il

PROOF OF CONVERGENCE: Following the Krylov—Bogolyubov approach,
we conclude that for every i € X, every limit point of the sequence

I, .
EZP(Z’])
k=1
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is an invariant distribution. Let v be one of these limit points. Then for
every i € X, v(i) > 0 since v(i) > > v(j)P™(j,i) > 0. So we can ap-
ply Lemma 11.1 and conclude that for any distribution p on X, H(uP"|v)
is a nonincreasing function. Continuity of H implies that if there is a se-
quence n’ — oo such that uP™ converges to a distribution \, H(\|v) =
lim,, .00 H(P"|v). On the other hand, for any k € N, AP¥ = lim puP™ +*,
so H(AP*|v) = lim, oo H(uP"|v) = H(Av). Applying Lemma 11.1 and
the condition of the theorem we conclude that v = A.

So we just proved that every partial limit of uP"™ equals v, and the
theorem follows. O

3. Coupling

Let us prove a slightly weaker version of Theorem 11.1 using a method
called coupling that was introduced by W. Doeblin [Doe38|.

Let us introduce a Markov process (X, Y,,) on X x X with the following
properties: (i) X,, and Y,, evolve independently and according to transition
probabilities Pj; until the moment when X, = Y,; (i) from that point
on, the processes X,, and Y, evolve together, staying equal to each other
for all future times, and the evolution still happens according to transition
probabilities F;;.

To describe this more formally, we need to introduce a transition prob-
ability @, i), (j1,jo) O X X X by

P11J1P12127 i1 5& ig,
Q(i,i2),(jr,g2) = § Pirgns i =12, J1 = J2,
0, i1 = i3, J1 # Jo-
Notice that the components X, and Y,, of the resulting Markov process
are Markov processes with transition probabilities P: for any i1, j; € X,

P{Xnr1 =71, X =01} = Z P{Xni1 = J1, Yns1 = Jo, X = i1, Yy, = i}
12,72

- Z P{Xn = il’ Yn = Z.2}Q(i17i2)7(j17j2)
12,72

= Z Z P{Xyn = i1, Yy = ia} Py, Piyjy + P{Xn = i1, Yo = 01} Py
ioFi1 J2

= Y P{X, = i1, Yy = ig} Piyj, + P{X,, = i1, Yy = i1} Py,
12711

= P{Xn = il}PiUi:

and a similar computation is valid for P(Y,, 11 = jo, |Y, = i2) = P, j, for all
i2,72 € X.
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Let us denote the distribution of (X, Y, )nez, on X%+ given (Xo,Yy) =

(4,7) by Q;,; and prove that
lim Qi i{Xn=Ya}=1, i,jeX
n—oo
Let us denote
7=min{n € Z; : X, =Y,}.
Then
Qij{r <mo} =D PP >4
keX
or, equivalently,
Qi {T >no} <1-4%
Iterating this reasoning and using the Markov property gives then that
Qii{Xrng # Yong} = Qii{m > rng} < (1 —382)"
and
Qij{Xn #Yn} < (1-— 52)[n/n0]7
so our claim holds. Now
‘Plrllj - PZQL]’ = ‘Qihiz{Xn = J} - Qi1,i2{Yn = .7}’
< Qiyin{Xn # Yo} < (1= 0%)/ml,
Combining this with (11.1) and (11.2), we complete the proof.

O

The coupling we used in this proof is not optimal, so the rate of convergence

we established is not as strong as in Theorem 11.1 — in the final estimate
(1 — &)/l got replaced with (1 — 62)[*/™0]. However one can use a better
way to couple two processes called mazimal coupling and recover the optimal

rate. More on this in forthcoming chapters.

maybe  for a
self-contained ex-
position this needs
more detail






CHAPTER 12

Invariant distributions for Markov processes in
general spaces

1. Existence via Krylov—Bogolyubov approach, moved up
2. Doeblin condition, moved up

3. Harris positive recurrence condition,moved up
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