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Subgaussian concentration inequalities
for geometrically ergodic Markov chains
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Abstract

We prove that an irreducible aperiodic Markov chain is geometrically ergodic if
and only if any separately bounded functional of the stationary chain satisfies an
appropriate subgaussian deviation inequality from its mean.
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Let K (xg,...,xn,—1) be a function of n variables, which is separately bounded in the
following sense: there exist constants L; such that for all zg, ..., 2,_1, 2},
|K(IQ, ey Lj—1, T4y Tj41y e - - ,xn_l) — K(Io, N 7I’i_1,I;,I¢+1, N 7$n—1)| g Lz (01)

It is well known that, if the random variables Xy, X;,... are i.i.d., then K(Xo,..., X,_1)
satisfies a subgaussian concentration inequality around its average, of the form

P(K(Xo,...,Xn_1) —EK(Xo,..., Xn_1)| > t) < 2e72°/ 2L, (0.2)

see for instance [9].

Such concentration inequalities have also attracted a lot of interest for dependent
random variables, due to the wealth of possible applications. For instance, Markov
chains with good mixing properties have been considered, as well as weakly dependent
sequences.

A particular instance of function K is a sum ) f(z;) (also referred to as an additive
functional). In this case, one can hope for better estimates than (0.2), involving for
instance the asymptotic variance instead of only L, (Bernstein-like inequalities). However,
for the case of a general functional K, estimates of the form (0.2) are rather natural.

Under very strong assumptions ensuring that the dependence is uniformly small
(say, uniformly ergodic Markov chains, or ®-mixing dependent sequences), subgaussian
concentration inequalities are well known (see [15] for the extension of (0.2) and [16] for
other concentration inequalities). For additive functionals, Lezaud [7, p 861] proved a
Prohorov-type inequality under a spectral gap condition in I.?, from which a subgaussian
bound follows. However, there are very few such results under weaker assumptions
(say, geometrically ergodic Markov chains, or a-mixing dependent sequences), where
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Concentration inequalities for Markov chains

other type of exponential bounds are more usual (let us cite [10] for a-mixing sequences
and [2] for geometrically ergodic Markov chains; see also the references in those two
papers for a quite complete picture of the literature). As an exception, let us mention
the result of Adamczak, who proves in [1] subgaussian concentration inequalities for
geometrically ergodic Markov chains under the additional assumptions that the chain
is strongly aperiodic and that the functional K is invariant under permutation of its
variables.

Our goal in this note is to prove subgaussian concentration inequalities for aperiodic
geometrically ergodic Markov chains, extending the above result of [1]. Such a setting
has a wide range of applications, in particular to MCMC (see for instance Section 3.2
in [2]). Our proof is mainly a reformulation in probabilistic terms of the proof given
in [4] for dynamical systems. It is based on a classical coupling estimate (Lemma 0.6
below), but used in an unusual way along an unusual filtration (the relationship between
coupling and concentration has already been explored in [5]). Similar results can also
be proved for Markov chains that mix more slowly (for instance, if the return times to a
small set have a polynomial tail, then polynomial concentration inequalities hold). The
interested reader is referred to the articles [4] and [6] where such results are proved
for dynamical systems: the proofs given there can be readily adapted to Markov chains
using the techniques we describe in the current paper (the only difficulty is to prove
an appropriate coupling lemma extending Lemma 0.6). Since the main case of interest
for applications is geometrically ergodic Markov chains, and since the proof is more
transparent in this case, we only give details for this situation.

Our results are valid for Markov chains on a general state space S, but they are
already new and interesting for countable state Markov chains. The reader who is
unfamiliar with general state space Markov chains is therefore invited to pretend that S
is countable. We chose to present our results for general state space firstly because of
the wealth of applications, and secondly because of a peculiarity of general state space
that does not exist for countable state space: there is a distinction between strongly
aperiodic and aperiodic chains, and several mixing results only apply in the strongly
aperiodic case (i.e., m = 1 in Definition 0.1 below) while our argument always applies.

From this point on, we consider an irreducible aperiodic positive Markov chain
(Xn)n>o0 on a general state space S, which we assume as usual to be countably generated.
We refer to the books [13] or [11] for the classical background on Markov chains on
general state spaces. Let us nevertheless recall the meaning of some of the above terms,
since it may vary slightly between sources.

First, we are given a measurable transition kernel P of the chain, that is, for any
measurable set A in S,

P(JT,A) = E(]leeA ‘ X() = .Z’)

Starting from any point xzy, we obtain a chain Xy = z¢, X1, X5, ..., where Xj is distributed
according to the measure P(X;_1,-). This chain is irreducible, aperiodic and positive
if there exists a (necessarily unique) stationary probability measure 7 such that, for
all z, all sets A with 7(A) > 0 and all large enough n (depending on z and A), one
has P"(z, A) > 0 (where P™ denotes the kernel of the Markov chain at time n). Other
definitions of irreducibility only require this property to hold for almost every x (in this
case, one can restrict to an absorbing set of full 7-measure to obtain it for all « there),
we follow the definition of [11].

We will be interested in a specific class of such Markov chains, called geometrically
ergodic. There are many equivalent definitions of this class, in terms of the properties of
the return time to a nice set, or of mixing properties. Essentially, geometrically ergodic
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Concentration inequalities for Markov chains

Markov chains are those Markov chains that mix exponentially fast, see [11, Chapters 15
and 16] for several equivalent characterizations. For instance, they can be defined as
follows [11, Theorem 15.0.1(ii)].

Definition 0.1. An irreducible aperiodic positive Markov chain is geometrically ergodic
if the tails of the return time to some small set are exponential. More precisely, there
exist a set C, an integer m > 0, a probability measure v, and § € (0,1), x > 1 such that

e For all x € C, one has

P (z,-) = ov. (0.3)
e The return time 7o to C satisfies
sup E, (k7¢) < 0. (0.4)
zeC

A set C' satisfying (0.3) is called a small set (there is a related notion of petite set,
these notions coincide in irreducible aperiodic Markov chains, see [11, Theorem 5.5.7]).

In the case of a countable state space, this property is equivalent to the fact that the
return time to some (or equivalently any) point has an exponential moment.

From Theorem 15.0.1 of [11], it follows that if a chain is geometrically ergodic in the
sense of Definition 0.1, then

1P (@, ) ==l < V(z)p", (0.5)

where ||| is the total variation norm, p € (0,1) and V is a positive function such that
the set Sy = {z : V(z) < oo} is absorbing and of full measure. This property (0.5) is in
fact another classical definition for geometric ergodicity: from Theorem 15.4.2 in [11]
(or Theorem 6.14 in [13]) it follows that if a chain is irreducible, aperiodic, positively
recurrent (so that there exists an unique stationary distribution =) and satisfies (0.5),
then there exists a small set C for which (0.4) holds.

We prove the following theorem.

Theorem 0.2. Let (X,,) be an irreducible aperiodic Markov chain which is geometrically
ergodic on a space S. Let w be its stationary distribution. Let C' be a small set as in
Definition 0.1. There exists a constant M, (depending on C) with the following property.
Letn € N. Let K(xo,...,x,—1) be a function of n variables on 8", which is separately
bounded with constants L;, as in (0.1). Then, for allt > 0,

P (|K(Xos. .., Xno1) — ExK(Xo, ..., Xn_1)| > t) < 26 Mo #7/ X LT (0.6)
and for all x in the small set C,
P.(|K(Xo, ..., Xn-1) — BaK(Xo, ..., Xn_1)| > t) < 2e~Mo /2 LT 0.7)

As will be clear from the proof, the constant M, can be written explicitly in terms of
simple numerical properties of the Markov chain, more precisely of its coupling time
and of the return time to the small set C'. We shall in fact prove (0.7), and show how it
implies (0.6) (see the first step of the proof of Theorem 0.2).

Note that there is no strong aperiodicity assumption in our theorems (i.e., we are not
requiring m = 1), contrary to several mixing results for Markov chains. The reason for
this is that we will use the splitting method of Nummelin (see Definition 0.5 below) only
to control coupling times, but we will not need the independence of the blocks between
two successive entrance times to the atom of the split chain as in [1]. Following the
classical strategy of McDiarmid, we will rather decompose K as a sum of martingale
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increments, and estimate each of them. However, if we try to use the natural filtration
given by the time, we have no control on what happens away from C. The main unusual
idea in our argument is to use another filtration indexed by the next return to C, the rest
is mainly routine.

The following remarks show that the above theorem is sharp: it is not possible to
weaken the boundedness assumption (0.1), nor the assumption of geometric ergodicity.

Remark 0.3. It is often desirable to have estimates for functions which are unbounded.
A typical example in geometrically ergodic Markov chains is the following. Consider
an appropriate drift function, i.e., a function V' > 1 which is bounded on a small set C
and satisfies PV (z) < pV(z) + Al (x) for some numbers p < 1 and A > 0 (where P is
the Markov operator of the chain). One thinks of V' as being “large close to infinity”. A
natural candidate for stronger concentration inequalities would be functions K satisfying

|K(l‘0, . ,xi_1,$i7$i+1, e ,J}n_l) — K(l‘o, e ,xi_1,$2,$i+1, - ,J}n_l)l
< Lif(V(x;) VV(z)), (0.8)

for some positive function f going to infinity at infinity, for instance f(t) = log(1 + ¢t).
Unfortunately, subgaussian concentration inequalities do not hold for such functionals of
geometrically ergodic Markov chains: there exists a geometrically ergodic Markov chain
such that, for any My, for any function f going to infinity, there exist n and a functional
K satisfying (0.8) for which the inequality (0.6) is violated. Even more, concentration
inequalities fail for additive functionals.

Consider for instance the chain on {1,2,...} given by P(1 — s) =27% for s > 1 and
P(s — s — 1) = 1 for s > 1. The function V(s) = 2°/2 satisfies the drift condition, for the
small set C' = {1}, since PV (s) = 2= /2V(s) for s > 1and PV (1) = 2= %/2/(1-2"1/?) < .
The stationary measure  is given by 7(s) = 27°. In particular, V is integrable.

Assume by contradiction that a concentration inequality (0.6) holds for all functionals
satisfying the bound (0.8), for some function f going to infinity and some M, > 0. Let
f be a nondecreasing function with f(z) < min(f(z),z), tending to infinity at infinity.
Define a function g(s) = f(V(s)), except for s = 1 where g(1) is chosen so that [ gdr = 0.
Let K(zg,...,%n—1) = y_ g(z;), it satisfies (0.8) with L, = L constant and E. K = 0.

For any N > 0 and n > 0, the Markov chain has a probability 27"~ to start
from X, = n + N, and then the next n iterates are n + N — ¢ > N. In this case,
9(Xo) + -+ 9(Xn—1) = ng(N). Applying (0.6), we get

377N — 1(n+ N) < Pr(|K ~E,K| > ng(N)) < 2o (na(N)/ (L) _ 9p=Mg L 6(N)"n,

Letting n tend to infinity, we deduce that M; 'L=2g(N)? < log 2. This is a contradiction
if V is large enough, since g tends to infinity.

For instance, if one takes f(t) = /In(t V e), then g satisfies the subgaussian condition
E.(exp(9(X0)?)) < oo, but nevertheless the subgaussian inequality for the additive
functional g(Xo) + -+ + g(X,—1) fails.

Remark 0.4. One may wonder if the subgaussian concentration inequality (0.6) can
be proved in larger classes of Markov chains. This is not the case: (0.6) characterizes
geometrically ergodic Markov chains, as we now explain.

Consider an irreducible aperiodic Markov chain such that (0.6) holds for any sepa-
rately bounded functional. We want to prove that it is geometrically ergodic. By [11,
Theorem 5.2.2], there exists a small set, i.e., a set C satisfying (0.3), for some m > 1.
If the original chain satisfies subgaussian concentration inequalities, then the chain at
times which are multiples of m (called its m-skeleton) also does. Moreover, an irreducible
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aperiodic Markov chain is geometrically ergodic if and only if its m-skeleton is, by [11,
Theorem 15.3.6]. It follows that is suffices to prove the characterization when m =1,
which we assume from now on.

The proof uses the split chain of Nummelin (see [12] and [13]), which we describe
now.

Definition 0.5. Let P be a transition kernel satisfying (0.3) for § € (0,1) and v a
probability measure. The split chain is a Markov chain Y,, on S = S x [0,1], whose
transition kernel P is as follows: if x ¢ C, then P((z,t),-) = P(z,-) ® A\, where X is the
uniform measure on [0,1]. If x € C, then ift € [0,5] one sets P((z,t),-) = v ® ), and if
t € (0,1] then P((z,t),-) = (1 —0)"*(P(z,") — dov) @ A.

Essentially, the corresponding chain behaves as the chain on S, except when it enters
C where the part of the transition kernel corresponding to v is explicitly separated from
the rest.

For z € S, let P; denote the distribution of the Markov chain Y,, started from 6, ® .
The first component of Y,,, living on §, is then distributed as the original Markov chain
started from z. In the same way, the chain Y,, started from 7 = 7 ® X has a first projection
which is distributed as the original Markov chain started from 7. For obvious reasons,
we still denote by X, the first component of Y,,.

Let C = C x [0,6]. This is an atom of the chain Y,,, i.e., P(y,-) does not depend on
y € C. We will show that the return time 75 to C has an exponential moment. Let
C' = C x[0,1], and let U,, be the second component of Y,,. Each time the chain X,, enters
C,i.e., Y, enters C/, then Y,, enters C if and only if U,, < §. Denote by ¢, the k-th visit to
C’ of the chain Y,,, and note that (¢;) is an increasing sequence of stopping times. By the
strong Markov property, it follows that (U;, ) is an i.i.d. sequence of random variables
with common distribution A. Let K (X1,...,X,) = >.;", 1¢(X;) denote the number of
visits of X; to C. For any k < n, {K(X1,...,Xn) = k} = {tx < n}. It follows that, for any
k<n,

Px:(ra > n) < Po(K(Xy,...,X,) <k)+Pz(tx <n,76 >n)
Q]PW(K(XM ,Xn)<k;)+]P7—r(tk<n,Ut1 >5,...,Utk>(5)
<P (K(X1,..., Xp) < k) + (1—0)F

Take k = en for ¢ = n(C)/2 < w(C). The subgaussian concentration inequality (0.6)
applied to K gives, for some ¢ > 0, the inequality P, (K (X1,...,X,) <en) < 2e". We
deduce that 7~ has an exponential moment, as desired, first for 7, then for its restriction
to C since 7(C) > 0, and then for any point in C since it is an atom (i.e., all starting
points in C' give rise to a chain with the same distribution after time 1). Hence, for some
k>1,

sup E, (k7¢) < o0.

yeC

By definition, this shows that the extended chain Y,, is geometrically ergodic in the

sense of Definition 1. It is then easy to deduce that X,, also is, as follows. By (0.5), there
exists a measurable function V which is finite m-almost everywhere such that

for p € (0,1) and all y. We may take V(y) = sup,,», p~"[|P"(y,) — @|. For = & C, this
function V is constant on {z} x [0, 1] since the chains Y,, starting from (z,t) or (z,t') have
the same distribution after time 1. In the same way, for = € C, the function V is constant
on {z}x[0,8] and on {x} x (4, 1]. In particular, V is bounded, hence integrable, on 7r-almost
every fiber {z} x [0, 1]. Letting V(z) = [ V(x,t) dt, we get ||(0, @ \)P" — || < V(2)p" (we
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use the standard notation: for any measure v on S, the measure vP" on S is defined by
vP"(A) = [ P"(y, A)v(dy)). Since the first marginal of the chain Y,, started from J, ® A
is X, started from z, this yields ||P"(z, ) — || < V(z)p™, where V is finite w-almost
everywhere. As we already mentioned, this implies that the chain is geometrically
ergodic in the sense of Definition 1, by Theorem 15.4.2 in [11].

For the proof of Theorem 0.2, we will use the following coupling lemma. It says that
the chains starting from any point in C' or from the stationary distribution can be coupled
in such a way that the coupling time has an exponential moment.

Let us first be more precise about what we call a coupling time. In general, a coupling
between two random variables U and V is a way to realize these two random variables
on a common probability space, usually to assert some closeness property between them.
Formally, it is a probability space (2* together with two random variables U* and V* on
Q*, distributed respectively like U and V. Abusing notations, we will usually implicitly
identify U and U*, and V' and V*.

Let 1 and & be two initial distributions on S. They give rise to two chains X, and X,L.
We will construct couplings (X7) and (X*) between these two chains with the following
additional property: there exists a random variable 7 : Q* — IN, the coupling time, such
that X = X/ foralln > 7.

Lemma 0.6. Consider an irreducible aperiodic geometrically ergodic Markov chain
and a small set C' as in Definition 0.1. There exist constants M; > 0 and x > 1 with
the following property. Fix x € C. Consider the Markov chains X, and X/, starting
respectively from x, and from the stationary measure w. Then there exists a coupling
between them with a coupling time 7 such that

E(KT) g Ml.

While this lemma has a very classical flavor, we have not been able to locate a precise
reference in the literature. We stress that the constants x and M; are uniform, i.e., they
do not depend on z € C.

Proof. We will first give the proof when the chain is strongly aperiodic, i.e., m in
Definition 0.1 is equal to 1. Then, we will deduce the general case from the strongly
aperiodic one.

Assume m = 1. We use the split chain Y;, on S = S x [0, 1] introduced in Definition 0.5.
We will use the notations of Remark 0.4, in particular C = C x [0,4] and 7 = 7 ® A is
the stationary distribution for Y;,. Every time the Markov chain X, on S returns to C,
there is by definition a probability § that the lifted chain Y;, enters C. Hence, it follows
from (0.4) that, for some x; > 1,

sup E(m’s)(KIé) < 00. (0.9)
(z,s)eC'x[0,1]

In the same way, the entrance time to C starting from 7 has an exponential moment, by
Theorem 2.5 (i) in [14]. It follows that, for some k5 > 1,

Ex(k5C) < o0. (0.10)
Define Ty = inf{n > 0:Y,, € C} and the return times
To+ -+ Ty =inf{n>Tyg+---+T, : Y, € Ch.

Then Tj is independent of (7;);~0 and T3, Ty, ... are i.i.d. Denote by P the probability
measure on the underlying space starting from the invariant distribution 7, and by P5
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the probability measure starting from §, ® A for € S: the corresponding Markov chains
lift the Markov chains on S starting from 7 and x respectively. We infer from (0.9)
and (0.10) that there exist k3 > 1 and M < oo such that

sup Bz (k2?) < M, Er(kl) <M and E(ki') < M. (0.11)
zeC

Let now (Y;,) and (Y,!) be independant Markov chains on S with common transition
kernel P, starting from Y, ~ §, ® A with z € C, and Yy ~ 7. It follows from (0.11) that
their respective return times 7y + --- + 7; and Ty + - - - + 7} to C are such that:

* Both T and 7} have a uniformly bounded exponential moment, i.e., ]E(mg:“) <M
and E(k2°) < M.

* The times 7T; and T/ for i > 1 are all independent, identically distributed, and their
common distribution p is aperiodic with an exponential moment.

Define T as
7=inf{n >0 : Fiwithn =Ty +--- + T; and 3j with n = T+ --- + Tj} + 1.

Lindvall [8, Page 66] proves that, under the above two assumptions, 7 has an exponential
moment: there exist kK < 1, M; < oo, depending only on k3, M and p, such that
E(k™) < M.

LetY=Y,ifn<7and Y =Y, ifn > 7. Asboth Y,_; and Y/_, belong to the atom
C by definition of 7, the strong Markov property shows that (Y,*),cn is distributed as
(Y,)nen. Hence, we have constructed a coupling between Y, and Y;/, with a coupling time
7 which has an exponential moment, uniformly in x. Considering their first marginals,
this yields the desired coupling between X, (the Markov chain on § started from x) and
X, (the Markov chain on S started from 7). This concludes the proof when m = 1.

Assume now m > 1. In this case, one uses the m-skeleton of the original Markov chain,
i.e., the Markov chain at times in mIN. By [11, Theorem 15.3.6], this m-skeleton is still
geometrically ergodic, and the return times to C' have a uniformly bounded exponential
moment. Hence, the result with m = 1 yields a coupling between the chains (X, )nen
and (X, )nen started respectively from z € C and from 7, with a coupling time 7 having
a uniformly bounded exponential moment. Thus, we deduce a coupling between (X,,),en
and (X, )nen together with a stopping time 7 taking values in mIN, such that X,,,,, = X},
for all nm € [r,+00) N mIN (from the technical point of view, this follows by seeing the
fact that (X,,,,) is a subsequence of (X,,) as a coupling between these two sequences,
and then using the transitivity of couplings given by Lemma A.1 of [3]). This is not yet
the desired coupling since there is no guarantee that X; = X/ for i > 7, i ¢ mIN. Let
X=X, fori <7, and X; = X for i > 7. It is distributed as (X,,) by the strong Markov
property since X, = X/, and satisfies X = X/ for all i > 7 as desired. O

The following lemma readily follows.

Lemma 0.7. Under the assumptions of Lemma 0.6, let K(zq,...) be a function of
finitely or infinitely many variables, satisfying the boundedness condition (0.1) for some
constants L;. Then, for all x € C,

|E’C(K(X03X17)) 7E7T(K(X03X17))| < MlZl“va

i>0

where M; > 0 and p < 1 do not depend on x or K.
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Proof. Consider the coupling given by the previous lemma, between the Markov chain
X, started from x and the Markov chain X/, started from the stationary distribution .
Replacing successively X/ with X; for i < 7, we get

|K(Xo, X1,...) = K(X{, X1,..)| <> L.
i<T

Taking the expectation, we obtain

IB(K (X0, X1,...)) — BE(K(X}, X},...))| < E(Z L) = ZL,;]P(T > 7)

1<T

<Y Lik B(x) < My Y Lin . O

We start the proof of Theorem 0.2. To simplify the notations, consider K as a function
of infinitely many variables, with L; = 0 for ¢ > n. We start with several simple reductions
in the first steps, before giving the real argument in Step 5.

First step: It suffices to prove (0.7), i.e., the concentration estimate starting from a
point xg € C.
Indeed, fix some large N > 0, and consider the function

KN(I(), e 71'n+N—1) = K(xN, . 71'N+n—1)~

It satisfies L;(Kx) =0fori < N and L;(Ky) = L;—_n(K) for N < i < n+ N. In particular,
S Li(Kn)? =3 L;i(K)? Applying the inequality (0.7) to Ky, we get

Poo (K (XN oy Xntnot) = Eng K(Xn ooy Xngno1)| > 1) < 2670 /220 B2 (0.12)

Let
gn(.%') = E(K(Xo, . .,Xn,1)|X0 = 1‘) = E(K(XN, . .,XNJrn,l)lXN = {L‘)

When N — oo, the distribution of X converges towards 7 in total variation, by (0.5).
Since g, is bounded, it follows that

Ey K(XN, . o, XNgn-1) = Egogn(XN) = Ergn(Xo) = E.K(Xo,...,Xn—1) as N — co.
Hence, for any ¢ > 0, their difference is bounded by ¢ if N is large enough. We obtain

IPW(|K(X0, ce aXn—l) — IEﬂ-[(()(O7 A 7Xn—1)| > t)
<P (K (Xo, ., Xn1) = Bay K(Xns- sy Xy m1)| > £ — )
<e¢ —‘r]PEO(‘K(XN, e 7XN+n71) — ExOK(XN; .. -yXN+n71)‘ >t — 5),

using again the fact that the total variation between 7 and the distribution of X starting
from x is bounded by . Using (0.12) and letting then ¢ tend to 0, we obtain the desired
concentration estimate (0.6) starting from 7, i.e.,

P (|K(Xos- .. Xno1) — ExK(Xo, ..., Xn_1)| = t) < 2e Mo 1/ iz L1,

Second step: It suffices to prove that, for xy € C,
B, (ef ~Bef) Mo Eizo 1 (0.13)

)

for some constant M, independent of K.
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Indeed, assume that this holds. Then, for any A > 0,
P, (K —E, K >1t) < Ewo(eAK—A]EEOK—At) < e MA M2 30 Lf7
by (0.13). Taking A = t/(2M, 3 L?), we get a bound e¢~*"/(4M2 2 LY) | Applying also the
same bound to — K, we obtain
P, (|K — By K| > t) < 2e‘ﬁ,
as desired.

Third step: Fix some ¢y > 0. It suffices to prove (0.13) assuming moreover that each
L; satisfies L; < gg

Indeed, assume that (0.13) is proved whenever L;(K) < ¢ for all <. Consider now a
general function K. Take an arbitrary point xz, € S. Define a new function K by

K(:EOa s 7xn—1) = K(yOa v 7yn—1)7

where y; = z; if L; (K) < g9, and y; = x, if L;(K) > €. This new function K satisfies
L,(K) = Ll-( JL(L;(K) < €9) < g9. Therefore, it satisfies (0.13). Moreover,
L

DL () >0 Li(K) < 30 Li(K)?/eo. Hence,

Ezo(eK—EmoK) < eQZLi(K)z/EOE%(ek_E’OR) < eQZLi(Kﬁ/goej\lgzLi(k)Z.

This is the desired inequality.

Let us now start the proof of (0.13) for a function K with L; < ¢ for all <. We consider
the Markov chain Xy, X;,... starting from a fixed point zy € C. We define a stopping
time 7, = inf{n > i : X,, € C}. Let F; be the o-field corresponding to this stopping
time: an event A is F;-measurable if, for all n, AN {r; = n} is measurable with respect to
o(Xo, ..., Xn). Let

D, =E(K | F)—-EK | Fi-1).

It is F;-measurable. By the definition of D,,
K(Xo,...,Xpn) = Boy (K (Xo,..., X)) =Y _Dj.

Fourth step: It suffices to prove that

k—i
) (0.14)

. 2
B(eP | Fiy) < Mo Dusi Hho

for some M3 > 0 and some p < 1, both independent of K.
Indeed, assume that this inequality holds. Conditioning successively with respect to
Fn, then F,,_1, and so on, we get

E(erEK) = E(ezDi) M3 20 Xk Lyt < eMS/(lfp)'Zi L?'

This is the desired inequality.

Fifth step: Proof of (0.14).
Note first that on the set {r;_1 > i — 1} one has 7;,_; = 7;, and consequently D; = 0.
Hence, the following decomposition holds:

Z(E(K | Fi) —E(K | Fica)lr=jr =i

%

D;

<.
Il

(0.15)

rqu

(9; (X0, Xj) —gi1(Xo, ., Xic) Ly =j sy =ie1,

7

<.
Il
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where
gj(.ljo, NN 737]‘) = EXo:ij(xO; [SPEN ,.I‘j,Xl, ve aXn—j—l)-

Here, we have used the fact that
E(K|F)l,=; =E(K1,-; | F) =EK1L,-; | Xo,...,X;) =E(K | Xo,...,X;)1-=;,

which is commonly used in the proof of the strong Markov property for stopping times.
Let now
Gin(@o,. .., 2j) = Exyun K (2o, .. 25, X1, .., Xnojo1).
By Lemma 0.7, for any z; € C,
lg; (zo, ..., 2j) — gj.x(@o,...,z;)| < My Z Lyp". (0.16)
k>j+1

From (0.15) and (0.16), we infer that

D; = Z(gj,w(XOa o Xj) = gic1x(Xos oo Xic)) dr=jin =it
j=i
(0.17)
vo[ X mo) v o X Lt
k>7i+1 k>i
Since 7 is the stationary measure, g, » can also be written as
gj)ﬂ<$0, ceey Jjj) = EXONWK(.%m . awjij7i+27 e ,Xn,i).
It follows that 4
J
\9j.x (@0, -, 25) = Gi1w(@o, - wic1)| < Lk (0.18)
k=i
Write 7 = 7; — (i — 1) for the return time to C of X;_;. From (0.18), we get that
0 i+7—1
D (gim(Xor o, X) = gic1n(Xoy -, Xim ) lgmjir_=i1 < ( > Lk) Lr =i
j=i k=i
(0.19)

Since Yo, Lo < X0 L + Ygsinr Lupt 77, it follows from (0.17) and (0.19)

that
i+7—1

IDif < My | Y L+ > Lip™ 7 | 1r—ic. (0.20)
k=i k>itT

As all the Lj, are bounded by ¢y, we obtain
|Dz| < M4€0(7' + 1/(1 — p))]l‘rq:—1:i—1 < M5507_]]-T,;_1:i—1~ (021)

Choose o € [p,1). The equation (0.20) also gives

k—i —
|D;| < My ZLka o7 1y i
k>i

By the Cauchy-Schwarz inequality, this yields

2 —27 —i —i
|Dz| gMZO’ 2 ZL%O’k ZO’k ]]'Ti,—lii—l
k=i k>i
(0.22)

g M6O'72T E dekiz ﬂTz,—lzi—l'

k>i
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We have ¢! < 1+t + t2el!l for all real t. Applying this inequality to D;, taking the
conditional expectation with respect to F;_; and using that E(D; | F;_1) = 0, this gives

E(eP | Fii) < 1+ E(D2ePil | Fily).

Combining this estimate with (0.21) and (0.22), we get

E(eP

Fir1) S1+EB| MeeM70™2" N " Lig" ™" | Fiy |1y =ia

k>i
<1+ Mg [ Y L3o" ™ | B(eM*70 ™ | X, 1)1x,_,cc.
k>i

By the definition of geometric ergodicity (see Definition 0.1) one can choose ¢y small
enough and o close enough to 1 in such a way that

sup IE(eME’g“TU*QT | X1 = :z:) < 00.
zeC

It follows that

]E(eDi | fifl) < 1+M7ZL%Jk_i < 6M7 ks Liak—i.
k>i
This concludes the proof of (0.14), and of Theorem 0.2. O
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