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Let 2 (E) be the space of probability measures on a measurable space (E, £). In this paper we introduce a
class of nonlinear Markov chain Monte Carlo (MCMC) methods for simulating from a probability measure
7w € P(E). Nonlinear Markov kernels (see [Feynman—Kac Formulae: Genealogical and Interacting Par-
ticle Systems with Applications (2004) Springer]) K : ?(E) x E — & (E) can be constructed to, in some
sense, improve over MCMC methods. However, such nonlinear kernels cannot be simulated exactly, so ap-
proximations of the nonlinear kernels are constructed using auxiliary or potentially self-interacting chains.
Several nonlinear kernels are presented and it is demonstrated that, under some conditions, the associated
approximations exhibit a strong law of large numbers; our proof technique is via the Poisson equation and
Foster—Lyapunov conditions. We investigate the performance of our approximations with some simulations.

Keywords: Foster—Lyapunov condition; interacting Markov chains; nonlinear Markov kernels; Poisson
equation

1. Introduction

Monte Carlo simulation is one of the most important elements of computational statistics. This
is because of its relative simplicity and computational convenience in constructing estimates of
high-dimensional integrals. That is, for a w-integrable f : E — R, we approximate:

7 (f) 1=/Ef(X)ﬂ(dX) (1.1)
by
1 n
SX(fH=— X)),
n ()= ;f( )
where S}f (du) := ﬁ Z?:o 0x,;(du) is the empirical measure based upon random variables

{Xk}o<k<n drawn from sr. Such integrals appear routinely in Bayesian statistics, in terms of
posterior expectations; see [26] and the references therein. In those cases, E is often of very high
dimension and complex simulation methods such as MCMC [26] and sequential Monte Carlo
(SMC) [10,13] need to be used.
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It has long been known by Monte Carlo specialists that standard MCMC algorithms often
have difficulties in simulating from complicated distributions — for example, when the target =
exhibits multiple modes and/or possesses strong dependencies between subcomponents of X. In
the former case, the Markov chain can take an unreasonable amount of time to jump between
these modes and the estimates of (1.1) are very inaccurate.

As a result, there have been a large number of alternative methods proposed in the literature;
we detail some of them here. Many of these approaches have relied upon MCMC techniques such
as adaptive MCMC [5,20], which, in some instances, attempts to improve the mixing properties
of the transition kernel by using the information learned in the past. In addition, there are methods
that rely upon the simulation of parallel Markov chains [16] and genetic algorithm type moves;
see [22] for a review. These latter methods use the idea of running some of the parallel chains with
invariant probability measure n, where 7 is easier to explore and is related to 7 ; hence the samples
of the parallel chains can provide valuable information for simulating from w. Extensions to
MCMC-based simulation methods have combined MCMC with SMC ideas, see, for example,
[2,11]. Such approaches are often more flexible than MCMC.

In this paper, we consider another alternative: nonlinear MCMC via auxiliary or self-
interacting approximations. Such methods rely primarily upon the ideas of MCMC. However,
it is demonstrated below that the auxiliary/self-interacting approximation idea is similar to that
of approximating Feynman—Kac formulae [10] and as such is linked to SMC methodology. It
should be noted that related ideas have appeared, directly in [9] and indirectly in [23]; see [4,7]
for some theoretical analysis. Subsequent to the first versions of this work [3] a variety of related
articles have appeared: [6-8]; we cite these where appropriate, but note the substantial overlap
between our work and these papers.

1.1. Nonlinear Markov Kkernels via interacting approximations

Standard MCMC algorithms rely on Markov kernels of the form K : E — £ (E). These Markov
kernels are linear operators on & (E); thatis, u(dy) = fE &E(dx)K (x,dy), where u, & € P(E).
A nonlinear Markov kernel K : P(E) x E — P (E) is defined as a nonlinear operator on the
space of probability measures. Nonlinear Markov kernels, K, can often be constructed to exhibit
superior mixing properties to ordinary MCMC versions. For example, let

K, (x,dy)=(1—¢€)K(x,dy) +6/ w(dz)K (z,dy), (1.2)
E

where K is a Markov kernel of invariant distribution 7, € € (0, 1) and p € #(E). Simulating
from K, is clearly desirable as we allow regenerations from m, with K, strongly uniformly
ergodic (see [27]). However, in most cases, it is not possible to simulate from K, and, instead,
an approximation is proposed.

A self-interacting Markov chain (see [12]) generates a stochastic process {X,},>0 that is al-
lowed to interact with values realized in the past. That is, we might approximate, at time n + 1, u
by S,f( . This process corresponds to generating a value from the history of the process, and then a
mutation step, via the kernel K. In practice, the self-interaction can lead to very poor algorithmic
performance [3]; an auxiliary Markov chain is used to approximate the nonlinear kernel.
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1.2. Motivation and structure of the paper

In the context of stochastic simulation, self-interacting Markov chains (SIMCs), or IMCs, can
be thought of as storing modes and then allowing the algorithm to return to them in a relatively
simple way. Parametric adaptive MCMC can be thought of as an indirect application of this idea,
where parameters of the kernel are optimized via a stochastic approximation algorithm. This
approach does not retain all of the features of previously visited states. In other words, SIMCs can
be considered as a nonparametric, or infinite-dimensional, generalization of parametric adaptive
MCMC. 1t is thus the attractive idea of being able to fully exploit the information provided by
the previous samples that has motivated us to investigate such algorithms.

This paper is structured as follows. We begin by giving our notation in Section 2. In Section 3
our simulation methods are described and several nonlinear Markov kernels and self-interacting
approximations are introduced. In Section 4 we introduce some assumptions and some prelimi-
nary results, which are used to prove a strong law of large numbers (SLLN). In Sections 5 and 6,
some technical proofs and the SLLN are presented; this is for a particular nonlinear kernel intro-
duced in Section 3. This analysis is of interest from a theoretical point of view: it brings together
the literature of measure-valued processes and interacting particle systems [10] used in SMC
and the relatively recent literature on general state space Markov chains [25] used in MCMC. In
Section 7 some algorithms are investigated; our assumptions are verified and some parameter set-
tings are investigated for a toy example. In Section 8 some extensions to our ideas are discussed.
The proofs are all given in the Appendices.

2. Notation and definitions

2.1. Notation

2.1.1. Probability and measure

Define a measurable space (E, £). Throughout, £ will be assumed countably generated. B(RY,
k € N is used to represent the Borel sets with Lebesgue measure denoted by dx.

For a stochastic process {X,},>0 on (EN, £®N), Q’f =o0(Xp, ..., X,) denotes the natural
filtration. PP, is taken as a probability law of a stochastic process with initial distribution p and
E,, the associated expectation. If = &, with § the Dirac measure, P, (resp., Ey) is used instead
of Ps, (resp., Es,). For u € (E), the product measure is written p X = p,®2, with a clear
generalization to higher order products. For measurable f: E — R, u(f) = [ g fp(dx).

If a o-finite measure 7 is dominated by another 1 (denoted m < n), the Radon—Nikodym
derivative is written with the same notation (e.g., if 7 < n, then 7 (x)/n(x) = dr/dn(x)). For
o -finite measures 7 and n, m ~ n denotes mutual absolute continuity.

2.1.2. Markov chains

Let (E, £) be a measurable space. Throughout for a Markov transition kernel K : E — P (E) the
following standard notation is used: for measurable f: E — R, K(f)(x) := fE fO)K(x,dy)

and for u € P(E) uK (f) := [ K(f)(x)pu(dx).
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For K, K:E x P(E) — P(E), given its existence, we will denote by w(u) (w: P(E) —
P (E)) the invariant distribution of this Markov kernel. Recall that the empirical measure of an
arbitrary stochastic process (EN ,EN, {Xn}n>0, P) is defined, at time n, as

1 n
X -
S, (du) := e iE:O dx; (du). 2.1)

Throughout this paper, we are concerned with two nonlinear kernels of the form

Ky(x,dy) = (1 -€)K(x,dy) +eD(n)(dy),

s )
n(g)

where K : E — P (E), F:E x P(E) — P(E) (see [10] for more on ®) and

S(f) = /E u(dy),

K, (x,dy)=(1—¢€)K(x,dy) +€Q,(x,dy),
2.2)

0u(H) = [ ntdwatx, i = 01+ £,
where «(x, u) is defined later on.

2.1.3. Norms

For any k € N, the Euclidean norm of x € R¥ is denoted |x|]. For f:E — R", n € N,
[floo :=sup,cp|f(x)]. For f:E — R" the L,-norm is defined, assuming it exists, as
([ 1 f P dw)!/P for u € P(E). For V:E — [1,00) and f: E — R"

L IF)l
lvi=sup

Ly is the class of functions f:E — R” such that | f|y < co. We also use the notions of the
V -total variation for a signed measure

Ay := sup [A(f)I,
[fIsV

and the V-norm operator between two kernels K1, K> : E — P (E)

IK1(x, ) — Ka(x, )y
K1 — K2y := sup .
xeE V(x)

2.1.4. Miscellaneous

The notation a Vv b := max{a, b} (resp., a A b := min{a, b}) is adopted. The indicator function of
A C E is written 4 (x). No = N U {0}. Throughout the paper we denote a generic finite constant
as M, that is, the value of M may change from line to line in the proofs and is local to each proof.
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3. Nonlinear MCMC

3.1. Nonlinear Markov kernels

Nonlinear MCMC can be characterised by the following procedure:

o Identify a nonlinear kernel that admits 7 as an invariant distribution and can be expected to
mix faster than an ordinary MCMC kernel; for example, (1.2).

e Construct a stochastic process that approximates the kernel, which can be simulated in prac-
tice.

Based upon the previous work [3], we consider auxiliary stochastic processes to approximate
the nonlinear kernel. That is, it has been found in [3] that using the past history to approximate
the nonlinear kernel leads to very poor performance. All of the processes that are simulated in
this paper use an auxiliary Markov chain to approximate the nonlinear kernel. The difficulty is
then to design sensible nonlinear kernels that may lead to good empirical performance. The two
kernels we have designed are below.

3.2. Selection/mutation with potential

7 (v)

o) and

Let P be an MCMC kernel of invariant distribution 7, and assume 7 < 1. Let g(v) =
set K to be an MCMC kernel of invariant distribution 7r. Consider the nonlinear kernel

K, (x,dx)=(1—e)K(x,dx") + e P (u)(dx");

clearly, if u =, then one has 7 K, = 7.

If it is possible to sample exactly from 7, then one could sample exactly from K,. However,
for efficient algorithms, this will not be the case. The following approximation is adopted at
time-step n + 1 of the simulation:

[(1 — €)K (xn, dxpt1) + €D(SY)(dXnt 1)1P Vs dyni1);

that is, we are ‘feeding’ the chain {X,},>0 the empirical measure S,{ . Intuitively, as n grows
large, S}[ (f) — n(f) and one samples from the original kernel of interest.

3.3. Auxiliary self-interaction with genetic moves

For any . € (E) we define a nonlinear Markov kernel O, : P(E) x E — P (E)

Qu(f)x) Z/Eu(du)a(x,u)[f(u) —f)1+ f(x)

and forwr ~n

7 (y)n(x)

,y)=1 .
v =N o
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The idea here is to generate a sample from p and accept or reject it as the new state on the basis
of the probability «. Clearly, w Q, = 7. Letting K and P be as above, the process is simulated
according to

(1 = K (. dxy11) + € Qg (W 1)} P (. dys1)

attime n + 1.

3.4. Some comments

In the example in Section 3.2 we attempt to use some measure of information, through g, to
assist the resampling. The example of Section 3.3 provides a way to control the information that
is provided by the approximation S,’l/ - That is, the kernel Qgy, via o and the possible rejection,

will provide a criterion to check the consistency with the target of the value drawn from S}l/ .
This may help improve estimation, if S converges slowly. Note that the algorithm is related to,
but less sophisticated than, that of [23]. This is because we do not consider exchanges to occur
between states in equi-energy rings.

It should be remarked that similar kernels are investigated in [7]. The author deduces that for a
toy example it is hard to justify the use of such adaptive methods. However, a potential criticism
of that study is that it is for a unimodal target; ‘advanced’ methods are seldom necessary for such
scenarios. This is discussed further in Section 7.3.

3.5. Algorithm

The algorithm is (with the appropriate ®(u) or Q,):
0. (Initialization): Setn =0 and Xo=x, Yo =y, Sg = Jdy.
1. (Iteration): Set n =n + 1, simulate Y, ~ P(¥,—1,-) and X, ~ K¢r 1(X"_1’ 2.

2. (Update): S,f = S}[_l + %H[Syn — SZ_I] and return to 1.

4. Assumptions

We now seek to prove an SLLN for the nonlinear MCMC algorithm described in Sec-
tion 3.3. Recall that we simulate a stochastic process on ((E x E)N, €E® 5)®N, {Xn, Yuln>o0,
{Gu}n=0,P(x,y)), (x,y) € E x E, with finite-dimensional law:

n—1

P, y),n (d(x0, Y0, - - -, Xn, Yn)) = 8(x,y) (d(x0, y0)) H Ky (xi, dxi+ 1) P(yi, dyit1).
i=0

Note that the natural filtration is denoted as G,, = an ¥ for notational simplicity. Since {Y,} is
generated independently of {X,,}, we denote the probability law of the Markov chain {Y,} as Q,.
Note, again, that the proofs are given in the Appendices.
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4.1. Assumptions

Our assumptions on K, used to define our process, are now given. For M € R, the notation
PuyE)={nePE):nlV) < M} is adopted, with V defined below. In the remainder of the
paper we say that a set C C E is (1, 8)-small if it satisfies a 1-step minorization condition, with
parameter 6 € (0, 1).

(A1) Stability of K.
(i) (Invariance and irreducibility). K : E — P (E) is a w-invariant and ¢-irreducible
Markov kernel.
(ii) (One-step minorization on level sets). Define C; := {x € E:V(x) < d} for any
d € (1, 00). We assume that for any d > 1, C; is (1, 4)-small for some 6, € (0, 1)
and vy € P (E).
(iii) (One-step drift condition). There exist V : E — [1, 00) such that lim |y o V(x) =
00, L <1,b <00, C €& suchthat forany x € E

KV(x) <AV (x)+blc(x).

(A2) Stability of P.
(i) (W-uniform ergodicity). P:E — P (E) is an n-invariant Markov kernel. Fur-
thermore, there exists W:E — [1,00) such that P is a W-uniformly ergodic
Markov transition kernel with a one-step drift condition and one-step minoriza-
tion condition. In addition, there exists an r* € (0, 1] such that V € Ly (where
V:E — [1, 00) is defined in (A1)(iii)).
(A3) State-space constraint

(E, &) is Polish.

4.2. Discussion of the assumptions

Our proofs of the SLLN will rely upon a martingale approximation via the solution of the Poisson
equation (e.g., [17]). For any M < 00, (Al) will allow us to establish a drift condition for the
kernel K, that is uniform in p € £;;(E); see [5]. In turn, one can establish: the existence of a
solution to Poisson’s equation, the existence of an invariant measure o (1) for K, and regularity
properties uniform in i € #y; (E). Then, due to (A2), the following facts are exploited: {Sf )}
is Qy-a.s. finite and given {S}:(V)}, {X,} is a Markov chain. (A1) and (A.2) appear quite strong,
but can be verified in some important cases such as for random walk Metropolis kernels; see
[21], for example.

A key result, relying on both (A2) and (A3), which is of interest in itself, is that of the Q,-a.s.
convergence of V-statistics of {¥;}. This result will enable us to show that, Q,-a.s., a)(Sl.Y) —
(n); this is needed for our proof.
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5. Common properties of K,

Using standard drift and minorization conditions, the existence of an invariant probability mea-
sure is established for any u € P (E) under (Al).

Proposition 5.1. Assume (Al). Let € € (0, 1) as in (2.2), M € (0, 00), then for d > eM/[(1 —
€)(1 — A)] with X and b as in (A1)(iii):

1. There exist (8),vq) € (0, 1) x P (E) such that for any u € Py;(E) and (x, A) € E x &:
Ky (x, A) = Ic, (x)6va(A),

K, V(x) <AV (x)+ blc, (x)

with = (1 — e +e+ YU <1, 5= (1 - e)[d + bl + e[M +d1.
2. There exists a function @ : Poo(E) — Poo(E), such that for any p € Poo(E)

o) =o(Wk,.

3. There exist constants, p € (0,1) and M < oo depending upon M,e, A b, V,d 6, (as
defined in equation (2.2) and (A1)), such that for any u € Py;(E), r € (0,1] and f € Lyr

IK, () — o) (Hlvr < M| flvrp".
Some continuity properties associated with the invariant measures are as follows.

Proposition 5.2. Assume (A1) and let M € (0, 00). Then there exists M < oo (depending solely
on M and the constants in (A1)) such that for any r € (0, 1], u, & € Py (E),

o) —oWllv: < MK — Kplllvr
Noting that forany u, & € P(E) andr € [0, 1], [|Ke — K lllvr = €llQs — Q. lllyr we establish
global Lipschitz continuity results for 4 — Q,,, which, together with the result above, will allow
us to deduce uniform Lipschitz continuity of 4 — K, on £;(E) for any M € (0, 0o). This is to
be used in the proofs of many of the subsequent results.

Proposition 5.3. Let i, & € Poo(E), then for any r € (0, 1]:

IQu — Qelllvr = 2| —E&llvr.

6. Law of large numbers

6.1. Main result

Our main result is the following SLLN.
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Theorem 6.1. Assume (A1)—(A3). Letr € [0, 1). Then forany f € Lyr, (x,y) € E X E

SEf) S, ().

The proof is detailed in Appendix B, but we outline its main steps below.

6.2. Strategy of the proof

The strategy of the proof is now outlined. Introduce the following sequence of probability distri-
butions {S7 :=1/(n + 1) Z?:o w(Sl.Y )}n>0, where w(u) is the invariant measure of K, (which,
if = S%, exists Qy-a.s.). This distribution can be used as a re-centering term in the following
decomposition,

SX(H) —m(f)=SK() = S2f) +82(f) —n(f). (6.1)

Let u € {S,f (f)} and assume, for now, the almost sure existence of a solution fu to Poisson’s
equation, that is, such that for any x € E

F) = o) (f) = fux) — Ku(f) ().

Then, the first term on the right-hand side of (6.1) can be rewritten as

(n+ DISY = S = Mas + Y [fsr | X)) = fop Xn)]
m=0

. . (6.2)
+ fsy (Xo) = fsny+1 (Xnt1),
where

n—1

My =Y [ for Xmi1) = Kgy (fr)(Xm)]

m=0

is such that {M,,, g,f } will be a martingale conditional upon ng. In addition, critical to our analy-
sis, will be that, QY -a.s., {S,f (V)} is finite. This latter fact will enable us to control the various
terms in (6.2) on events of the type {sup;- S,f (V) < M} for M > 0. This is now elaborated.

6.3. {M,,} is L ,-bounded

One can establish the following uniform in time L ,-bounds of the solution to Poisson’s equation
and the sequence {M,,}, restricted to events {supx>o S{(V) < M} for any M > 0.

Proposition 6.2. Assume (Al). Let r € [0, 1], p € [1,1/r] for r # 0 and p > 1 otherwise and
M € (0,00). Then there exists M < oo such that for any f € Lyr, (x,y) € E x E and any
m e No,

7 1/p
Ee [1£s7 Xmt D Ligup,_o s¥ vy<any] '~ =MV ()"
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Proposition 6.3. Assume (Al). Let r € [0, 1], p € [1,1/r] for r # 0 and p > 1 otherwise and

M € (0, 00). Then there exists M < oo such that for any f € Lyr, (x,y) € E x E and any
me No,

1
IE3()c,y)[|1V1'n|p]l{supkZO S,{(V)gM}] < m VP MV (x)

This result will allow us to prove the P, )-a.s. convergence of M, to zero (cf. Appendix B).

6.4. Smoothness of the solution to Poisson’s equation and w(S,’[ )

As can be observed in (6. 2) we have to control the fluctuations of the solution of the Poisson
equation {fSy (Xm+1) — fSy (Xm+1)}. Also, in (6.1), the convergence ofa)(SY)(f) to w(n)(f)

Qy-a.s. must be established. Both of these issues are now dealt with.

Proposition 6.4. Assume (Al) and (A2). Let r € [0, 1), then for any f € Lyr, (x,y) € E X E
Jim [ for (Xn1) = fsp Km)| =0 Preyy-as.

Proposition 6.5. Assume (A1)—(A3). Let f € Ly and (x,y) € E X E, then

mli_)moow(S,i)(f) =wm(f) Qy-as.

7. Examples

In this section we present some applications of our algorithms. Specifically, it is demonstrated
that the assumptions hold in some very general scenarios. In addition, a numerical investigation
of our approach for a toy problem is given.

7.1. Verifying the assumptions

It is now shown that it is possible to verify the assumptions in Section 4.1 in quite general
scenarios. Let us concentrate upon the case where, for k > 1, (E, &) = (R*, B(R¥)) and K
(resp., P —recall the invariant measure is 1) is a symmetric random walk Metropolis kernel:

K (x,dx") = o (x, x)gr (x —x")dx’' + (Sx(dx’){l — f o (X, x Vg (x — x") dx/}, (7.1
Rk

where (resp., P)
w(x")

7 (x)

ar(x,x)=1A

and g, (resp. gy) is a symmetric density (w.r.t. Lebesgue measure).
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7.1.1. Assumptions
A set of general conditions is introduced, such that the assumptions in Section 4.1 will hold.
(M1) Density .
e 7 admits a positive and continuous density w.r.t. Lebesgue measure.
(M2) Definition of .
o n(x) x(x)¥, with & € (0, 1).
(M3) Boundedness.
e 7 is upper bounded and bounded away from 0 on compact sets.
(M4) Super-exponential densities.

e 7T is super exponential:

lim *. Vlog(m(x)) = —o0.
|x]—+o0 |x|

(MS5) Regularity of contours.
e The contours of  are asymptotically regular:

. x  Va(x)
limsup — - <
[x] =400 [x[ [Vr(x)]

(M6) Lower bounds on gy, qy.

e Both g, and g, are such that there exists Sqﬂ > 0 (resp., Sq,] >0)and ¢4, >0
(resp., €q, > 0) such that

qn(x) > €4, for |x| < Sqn

(resp., g, (x) > €qy for |x| < S’In)'

7.2. Result

Proposition 7.1. Assume (M1)-(M6), then (A1)—(A3) hold for any r* € (0, 1) with

W) — [|n|oorfw

(x) = , sw € (0, 1),
(x)

Vx)= [%} U, sy € (0, r¥@sy).
(x)

The proof is in Appendix F.
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7.2.1. Some comments

The conditions presented above are quite general. For example, they are satisfied if 7 is a mix-
ture of normals. More generally, it may be difficult to check the assumptions, but this is due
to the underlying nature of the geometric ergodicity assumptions; see [21] for more thorough
investigations.

7.3. Toy example

Our target distribution is

w(x) =049y (x;0,0.5) + 0.6y (x; 17.5, 1)
with ¥ (x; i, o) the normal density of mean p and variance o2.

Our algorithms are run with K as a random walk Metropolis kernel with normal random
walk proposal density. The kernel is iterated 500 times (i.e., K = K with K as a random walk
Metropolis kernel); this is to reduce the amount of interaction, especially for large €. n was taken
to be:

n() o ()7,
The algorithms were run for the same CPU time and the results can be found, for 50 runs of the
algorithm, in Table 1. The assumptions (M1)—(M6) are satisfied here.

In Table 1, the algorithms in Sections 3.2 and 3.3 both perform reasonably well for small
values of €. As expected, from the assumptions, as € gets larger the accuracy falls. This is due to
the fact that the amount of auxiliary information that can enter into the {X,} process is increased.
For small €, the example in Section 3.3 appears to work better (more accurate estimation) due to
the more sophisticated interaction with the auxiliary chain. The drastic poor performance for the
kernel in Section 3.3, for large €, is due to the fact that no transition occurs after the swapping
move.

To compare to the results of [7], we ran a random walk algorithm for 1 million iterations 50
times and a nonlinear algorithm (Section 3.3). The nonlinear algorithm was run with € = 0.01
but the random walk kernel was not iterated. The auxiliary chain was run with & = 0.75 (as in
(M2)). This was run for 110 000 iterations 50 times (which is approximately the same CPU time
as for the random walk Metropolis algorithm). Both algorithms are such that all initial values

Table 1. Estimates from mixture comparison for nonlinear MCMC. The estimates are for the expectation
of X; the true value is 10.5. Each algorithm is run 50 times for 2 million iterations after a 50 000 itera-
tion burn-in (Section 3.3; the simulations for Section 3.2 are adjusted for the appropriate CPU time). The
brackets are &2 standard deviations across the repeats

Example € =0.05 €=0.25 €e=05 €=0.75 €=0.95

Section 3.2 10.32 (£0.08) 10.74 (£0.12) 10.89 (£0.19) 10.37 (£0.18) 10.99 (£0.20)
Section 3.3 10.57 (£0.04) 10.52 (£0.09) 10.96 (£0.7) 10.02 (£0.93) 11.08 (£1.20)
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are drawn from a uniform on [0, 10.5]. The estimated value for the first moment is 6.93 & 16.96
(%2 standard deviations, across the 50 runs) and 10.41 +2.03 for the random walk and nonlinear
methods, respectively. The random walk algorithm is unable to jump between the modes of the
target, while the auxiliary chain is able to do so; hence justifying our earlier intuition. This
slightly contradicts the ‘cautionary tale’ in [7] as it illustrates that such algorithms are potentially
useful in cases where random walk algorithms do not work well. We remark however, that one
must be careful with allowing too much auxiliary information to enter the chain {X,},>0; this
can lead to poor results. This is consistent with Proposition 5.1, which indicates that d grows as
€ goes to 1.

8. Summary

We have investigated a new approach to stochastic simulation: Nonlinear MCMC via auxiliary/
self-interacting approximations. Convergence results for several algorithms were established and
the algorithm was demonstrated on a toy example. As extensions to our ideas, the following may
be considered.

First, the conditions required for convergence may be relaxed. For example, [17] establishes
weaker-than-geometric ergodicity assumptions for the solution to the Poisson equation and func-
tional central limit theorem; also, [15] establishes drift conditions for polynomial ergodicity. It
would be of interest to see whether such conditions would be sufficient for the convergence of
our algorithms; see [28] for proofs for parametric adaptive MCMC.

Second, it would be interesting to design more elaborate methods to control the evolution of
the empirical measure. In our current algorithms, the empirical measure is only updated through
the addition of simulated points. It may enhance the algorithm to introduce some mechanisms
allowing the improvement of this quantity; for example, we could introduce a death process with
a rate associated with the un-normalized target distribution.

Appendix A: Common properties of K,

Proof of Proposition 5.1. The second and third statement of the proposition are a direct conse-
quence of the first point from [24], Theorem 2.3 (note the ¢-irreducibility and aperiodicity follow
immediately). The minorization property is direct from the expression for K, and (A1)(ii) with
9‘/1 = (1 —€) x 6. Let us focus on the drift condition.

Forany x € E, u € Py (E):

K, (V)(x) =1 =[AV(x) +blc, ()] +€[n(V) + V(x)p(x)],
where p(x) =1 — onz(x, y)u(dy). Then as u(V) < M, one has

K, (V)(x) < (1 —)[AV (x) + blc, ()] + €[M + V (x)].
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Let x € C§, then

eM -
K,(V)(x) = |:(1 —e)h+e+ 71|V(x) =AV(x).

Forx € Cy
K, (V)(x) < (1 —€)[Ad + b] + €[M +d]

and hence one concludes that
K, (V)(x) <AV (x) + blc, (x). O
Proof of Proposition 5.2. This is a direct application of Proposition 5.1 and Lemma C.1. (]

Proof of Proposition 5.3. The proof is given for r =1 only. Let | f| < V:

[Qu — Qel(fH(X)| = VE[M —&J(dw)a(x, w{f(u) — fO)H|
Now it is clear that, for any fixed x € E:

lae (e, ) {f (u) = fOON < [V () + V()]

i.e.,
lae(x, ) { f ) — f O} =2V @)V (x).
Thus
[Qu — Qel(H) =2V () lln —Ellv
and then the result easily follows. (|

Appendix B: Proof of the main result

Proof of Theorem 6.1. Let r € [0, 1) and f € Lyr. Recall the strategy of the proof outlined in
Section 6.2, which relies on the decomposition:

SX(f) =7 (f) =SK(f) = S+ S2(f) — n(f) (B.1)
with
(n+ DISYK — SY1(f)

n

=M1 + ) g X)) = fsy Xms D]+ fsy (Xo) = fsr (Xns),
0

m=
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where {M,} is a martingale conditional upon G . Proving the almost sure convergence of [SX —
S@1(f) relies on classical arguments. For any n > 1, § > 0 and M € (0, o0),

Pl (suplLsy — S10)1 > 3)

<Py (zup M1/ &+ D] > /3, sup ST (V) < M)
>n >

k=0

k
> Ufsr, Ks) = fsy Kms1)]
m=0

+ P,y (sup (k+1)>8/3,supS{ (V) < M)
k>n

+Pee.y (supll foy (X0l + 1 fyy | (Xean) 1/ Kk + 1) > 873, sup S (V) < i)

S

k>n

+Q, (Sup SE(V)= M).
k>0

Let ¢ > 0. By assumption there exists M > 0 such that @}'(Squzo S{(V) >M) < e/4. Now we
consider the remaining terms on the right-hand side of the above equation from bottom to top; it
is proved that there exists ng > 0 such that for any n > n( each of these terms is less than ¢/4.
Let p € (1, 1/r). By Proposition 6.2, one can apply Markov’s inequality and a Borel-Cantelli
argument to show that the term on the third line vanishes as n — oo. By Proposition 6.4 and a
Cesdro argument one concludes that the term on the second line goes to zero as n — 00. The
term dependent on {M,,} is dealt with by using an adaptation of a Birnbaum—Marshall inequality
(see [S]) for pe (1, 1/r).
Controlling the bias term requires a more novel approach. Note that

l n
IS5 = m (D= = | 2l = 0],
i=0

as w(n) = o in our setup. In Proposition 6.5 it is proved that under our assumptions [a)(Sl.Y ) —
w(mMI1(f) = 0Qy-as. as i — 0o. We conclude by invoking a Cesaro average argument. O

Proof of Proposition 6.2. Let M € (0, c0). The proof begins by conditioning upon the filtration
g}; generated by the auxiliary process {Y}; then, using the uniform in p € £;(E), geometric
ergodicity is proved in Proposition 5.1. As a result, there exists an M < oo such that

7 1/p
E.y) [|fs,§ (Xm+1)|p]1{supk20 S,Z(V)SM}]

1
< ME G [IV Xt ) Py sty ]
<MV'"(x),

where we have used Jensen and the uniform drift condition on the set {sup;.g S,f (V) < M}
proved in Proposition 5.1 (]
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Proof of Proposition 6.3. We follow a similar argument to that of [5], Proposition 6. Through-
out, denote by B), a generic constant dependent upon p only. Also recall pr < 1. The proof be-
gins by applying the Biirkholder—Davis inequality (see, e.g., [30], pages 499-500), which yields
forp>1

E(x,y)[uwnw]I ]l/p

{supgq S} (V)=M}

n—1 p/2 I/p

< B,E, [E(x,w |:<Z[fs,yl (Xm1) — Kgr <fs,;>(xm)]2> )g;]u{supk>0 ST (V)< M}} :
m=0 -

In the case p > 2, by similar manipulations to those featured in [5]

1/p 1/2
B [IMal g,y s y=in] 7 = n'2Bp MV (x)".

In the case p <2, one may apply the C,-inequality to yield

1/p
E(x.y)[1Mn |p]1{supk20 S{(V)gM}]

n—1 1/p
=< |:Z E(x,y)“fs,ﬁ (Xm+l) - KS,?; (fs},’l)(Xm”pI[{sukao S{(V)<M]j| .

m=0
Application of Minkowski, conditional Jensen and Proposition 6.2 yields
1/p 1
e [1Mal Ligup o sy vy <im ] = MV (x)
from which we can conclude. O
Proof of Proposition 6.4. Our proof is based upon the decomposition of Proposition C.2 (in

Appendix C) and then using the Lipschitz continuity properties proved in Propositions 5.2 and
5.3. Let M € (0, 00) be given; suppose that we are on the set {sup;~ S,Z(V) < M}. Then

fsr | Xms1) = fsy X))

n—1
=D 0Ky —oS DKy —KgpIKg '™ =o)Xl (B2)

N m+1
neN i=0

=D (84 — o SDIK Gy — o (S))()].

neN

Now, consider the first term. Since, for any m > 0, the kernel K gv satisfies:

Ky — o (S1Nllvr < Mp"V (Xpi1)"
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for some finite M and p € (0, 1) independent of S,}; € Py (E), it follows that:
Kgy = oSuD(Kg | = KK "™ = oS, (DXl

<Mp'V X)) [(Kgr = KgIKG ™! = o(S;)(Nlvr.

Then, adopting the continuity result for K Sy
Ky = Kelllyr < 2[lp — Ellyr
for any u, & € Poc(E), it follows that:
(Kgr = Ks)IKg ™ = oSNy < Mp" IS,y = Syllvr.

Since [|SY | = Shllvr < [V¥mi1)" + Sh(V)]/(m +2)

2Ky = oS DKy | = KspIKg '™ = o(S) () X))l
n,i " "
M VX))
“1-p)2 m+2

[V (Y1) +SHVDI

Turning to the second sum on the right-hand side of (B.2), using the continuity result
lo(w) —o@)llvr =< MIIK, — Kelllvr

(for M < oo not depending on u, & € P;;(E) by Proposition 5.3) and the continuity of the kernel
K, (Lemma C.1) yields,

[VYmg)" +SE(VN]
m-+2

)

|l (Sy41) = @(SDIK Gy — @ (S,)) ()] < Mp"
from which we obtain a similar bound for the second sum on the right-hand side of (B.2).

We now establish an I ,-bound, for p > 1 of this upper bound on {sup; S,f (V) < M}, which
will allow us to use a Borel-Cantelli argument to complete the proof. Note that it is naturally

sufficient to consider % V (Ym+1)" on {sup;q S,:’(V) < M}, and we focus on
1
Ee) [V Xmt )PV Fon) P L, s¥ vy <] /p
—F E rp Y P _1l/p
= (x,y)[ (x,y)[V(Xm+1) |goo]V(Ym+1) {Supkz() S,Z(V)fM}] (B3)
1/p *
= MV(x)r]Ey[V(Ym“)”’ﬂ{supkzo SZ(V)SM}] SMV©@X) W (y),

where we have used that, conditional upon G and on the event {supi>o SY (V) < M}, the fol-
lowing bound holds E, [V (Xn4+1)P" |g§o]1/ P < MoV (x)" for some deterministic constant My
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depending only on M and the parameters of the drift condition in (A1). Similarly, M > Mg only
depends on M and the parameters of the drift conditions in (A1)—-(A2). With p > 1 we conclude
that

e¢]

1 -
D Pl (1 ==V Xt ) IV Fg)” + S5 (V] > &, 5up §{ (V) < M ¢ | < oc.
m=0 m+1 k=0

The result then follows by using for any 6 > 0 the bound,
Py (SUP IfgkY+I (Xk+1) — fs{ (Xk+D)| > 5)
k>m

=@y (supSY (V) = M) + Py (sup | fyy | (Xee) = fg (Xl > 8, sup 5{ (V) < M)
k>0 k>m k+1 k k>0

and using the fact that for any & > 0 one can find an M large enough to ensure that the first term
on the right-hand side is less than /2 and then m such that for any m > m the second term on
the right-hand side is also upper bounded by /2. (]

Proof of Proposition 6.5. Note first that forany i, j € N, f € Ly and x € E such that V (x) < oo
we have the following bound,

(S — oI
<10 (S)() = KLy (D@1 + KL (H @) = KN+ IKE ) = o).
Let &, >0 and M > n(V) be such that Qy(supkzo S{(V) > M) < e/4. On the event
{supg>o S{(V) < M} we have by Proposition 5.2 the existence of M < +o00 and p € [0, 1) (in-

dependent of i) such that the first and last terms on the right-hand side are bounded by Mp/. We
can therefore fix m such that

Q( sup SN = Ky (NI +IK] (N —wm(N)] > /2, sup S (V)< M) =e/2

Jj=m,i>0 i

Now from Lemma D.2 one may conclude that there exists mo > 0 such that for any m > mg

Qy(sup 1Ky (@) = KI ()01 > 8/2,sup S} (V) < ) < /4.
S k>0

i>m i

The proof is completed by noting that the results above imply that for m > my,

Q, (sup llo(s)) = 01N> 8) <e. (B.4)
i>m O
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Appendix C: Standard technical results on Markov chains

Lemma C.1. Let (E, &) be a measurable space, b < 0o, A € (0, 1) and C € &. Then for any
Markov transition probabilities Py, P, : E — P (E) satisfying for (x, A)e E x Eandi =1,2,

PV (x) <AV (x)+1s(x)b, (C.1)
Pi(x, A) > Tz (x)ED(A). (C2)

There exist M(-) < 00, p € [0, 1), invariant probability measures 1, w5 € P (E) (corresponding
to P and P,, respectively), such that for anyn > 1,r € [0, 1] and any |f| < V"

I[P = m1(Olyr VP = ml(Hlyr < M()p"
foranyn > 1,
P = P lllv < M(r)|lIPr — Pallvr
and
It = m2llyr < M()IIPL = Palllyr
Proof. Letr €[0, 1] and f € Ly-. We have the following decomposition:

n—1

> PP - PPy - ﬂz](f)})(-

i=0

ILPI' = Py =

For any | f| < V", in a similar manner to Proposition 3 of [5]:

n—1
P = PRIHI < M) Y 5" PL(IPL = P2llvr)
i=0
n—1
Y —n—i—1 pi | P — Pallyr r
i=0
n—1
< MO)IIPr = Pollyr Y 5" PI(V).
i=0

l_:rom the drift condition (A2) and conditional Jensen one can bound Pli V" by x4+ I;/ 1 -
M1V (x)" for r € [0, 1] and hence conclude that:

I[P — PYI(OI < MD)IIPy — Palll}y .

Since the right-hand side is independent of n, the inequality holds in the limit and hence, by
V -uniform ergodicity, the result. (]
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Proposition C.2. Assume (Al). Then, forr € [0, 1], &, u € Po(E), f € Lyr we have the fol-
lowing decomposition for the differences in the solution to the Poisson equation:

n—1

fe0) = fu) =D 1 (1K — 0@1(Ke — KK = o(wl(H} ()

neN Ui=0

—[w©&) — oWI(K]; — o (W]I()) §-

Proof. Adopting the resolvent solution to the Poisson equation (which exists under our assump-
tions), we have

fe () = fu@) =Y [(IKE = 0@1)@®) = (K — o (W](F)(0)]

nENO

n—1
= Z[Z Ki(IKe = KuHIKL ™™ = oGl ) + o () (f) = w(é)(f)}

neNLi=0

n—1
= Z{Z([Ké — w@](Ke — KK = 0(w](H})

neN Ui=0
— [0 — WK}, — 0 (WI())

since

n—1

=Y w@[Ke — KK, = —w0@)(f - KL().

i=0

Appendix D: Convergence of the iterates

The main result of this section is Lemma D.2, where it is established that forany ¢ > 1, f € Ly
lim |[K¢, — K[1(f)(x)| =0, Qy-as., (D.1)
n—oQ n

with K, as in (2.2). The proof consists of showing that KZ( f)(x) can be rewritten as 1®9(g)
for some function g: EY — R to be given below. We will then use results from Appendix E,
associated with V -statistics for an appropriate class of functions, to complete our argument.

Introduce the following family of Markov transition probabilities on (E x E, £ ® £), indexed
byzi€E,
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= (1 — €)K (wo, dw;)8y, (dw])
+ €[ (wo, 218y, wp) (dwi, dw}) + (1 = & (wo, 21)) 8wy, wy) (dwi, dw))].

For any wy, w6 € E and 7 := (z1, ...,24) € EY, we define the iterates of this family of kernels
as follows: fork=2,...,qg and any f € Ly,
T L (F®Dwo.wp) :=TA! (T, (f ® D)) (wo. wp), (D.2)

where for any x,x" € E, (f ® D)(x,x") := f(x). Let z:= (z1, ..., z¢) € E?. Following an argu-
ment identical to that developed in the proof of Lemma D.2 it is possible to show that for any
k=1,...,q Tk (f ® 1)(wo, w) belongs to Ly, ., Where for w, w’ € E,

F4 EET 2k
k
Vo w,w) = V) + V) + Y V().
i=1

Proposition D.1. Assume (Al). Forany g > 1, (z1,...,24) € E9, u € Po(E), f € Ly, x,x' €
E we have that

Proof. The result is proved by induction. One immediately checks that forany z; € E, f € Ly,
wo, w € E,

T, (f ® D)(wo, wy) = (1 — €)K (f)(wo) + €[a(wo, z1) £ (z1) + (1 — ee(wo, 21)) f (wo)],
and hence
1(Tzy (f ® 1)(wo, w)) =/ETz1(f® 1) (wo, wo)(dz1) = Ky (f)(wo).
Now assume the property is true for k — 1 > 1. Then
uE(TE (@ D(wo, wp)) = w® (TE (T (f @ DO) J(wo, wp))
= p®ED(TE L (Ku(f) @ 1) (wo, wp)),
as required. O

Now, to establish (D.1) we need to show that Tqu,,__,zq (f)(wo, wy) lies within the class of
functions for which Lemma E.2 applies; this is proved below.

Lemma D.2. Assume (A1)—(A3). Let g > 1 be fixed and f € Ly . Then for any x € E

Jim I[KZHY —KIN(H®I=0  Qy-as.
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Proof. Our objective is to use the representation established in Proposition D.1 along with the
result in Lemma E.2. To that end we show that for any f € Ly, then Tqu,...,zq (f ® D (wo, wé) €
OCVSq), 72D =(z,..., Z4), wWhere Tqu,.‘.,zq (f® 1) (wo, wE)) is as in (D.2). The result can be proved

by fnduction. Now, forany k=1,...,¢q, wi_1, w,’(_1 €eEandz=(z1,...,24) € E4

q
T (Voo ) (wi—1, wy_ ) := (1 — €)|:K(V)(wk1) + V(wg-1) + Z V(Zi):|

i=1

q
+ e{a<wk_1, Zk>[V(wk_1) +V@EO+ Y wm}

i=1

q
+ (1 — a(wo, 21)) [V(wkn + V(w_y) + Z V(Zi):| }

i=1

Since there exists M < oo such that for any x € E, K(V)(x) < MV (x) we conclude that there
exists C; > O such that forany k=1, ..., g, wx_1, w;_, € E and 7@ ¢ g4

T, (Vo) (Wi—1, wi_ ;) < C1 V) (Wi—1, wy_y). (D.3)

This implies that for any g € Ly then T, () (wx—1, wy_,;) € Ly @ Now we can proceed with

the induction. Assume that forsome k —1>1,if g € QCVZ(q) , then Tk 1 e l(g)(w w') € Ly @
Then by definition

7Y L (f®Dwo,wy) =TE7! (T (f ® D)} wo, wp),

and the induction follows. Now, for any fixed wo, w;, one has that T;’l,._,zq (f ® D(wo, wy) €
L@ and the result follows from Lemma E.2. O

Appendix E: Results on U and V -statistics for Markov chains

Let (E, &) be a Polish space and n € {u € P(E): w(W) < oo}. Denote 2 = EN and F = g®N
and consider a time-homogeneous Markov chain {X,},>¢ with transition kernel P such that
nP = n with Xg = x. Denote by P, the corresponding probability distribution. Note that {X,}
should not be confused with the process introduced in Section 3.5.

For any sequence {Z,}, Z, € E, any ¢ € N and f: E? — R, denote for any n > 1 the associ-
ated V -statistic

S%(f)_m Yo f(Zoay- Zo): (E.1)

ve(g,n+1)

where (g, n + 1) is the set of all mappings of {0, ...,qg — 1} into {0, ..., n}.
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The main result of this section is Lemma E.2, where it is shown that under additional assump-
tions on P and f, that

1im 7% () =n%(f),

P, -a.s. The proof relies on a coupling argument with another Markov chain {Y},},,>0 defined on
(2, F) with the same transition P, but initialized at stationarity, that is, Yo ~ 5. IP, denotes the
corresponding probability distribution.

The conditions on {X,},>0 and {Y,},>0 referred to above are given in (A2), and will, in
particular, imply geometric ergodicity. The class of functions to which our results apply is defined
as follows. Let (W)@ (x@)) := Z?:l W (x;)" for any r € (0, 1), x@) := (x1, .. ., Xg) € E9; we
will consider below the following class of functions

L wrya@ = Hf emE?: sup |f(x(’”)|/(W’)(‘1)(x(‘1)) < oo}

x@eEa

For any sequence {Z,}, Z, € E,any g € Nand f: E9 — R denote for any n > 1 the associated
U -statistic

SnO%(f) =" Z F(Zoay, - Zog))s (E.2)
’ (n+ 1)y s
e(qg.n+1)
where (g, n + 1) is the set of one-to-one mappings from {0, ...,g — 1} into {0, ..., n} and n, :=

n!/(n —q)!. A preliminary result on U -statistics is first established, based on the aforementioned
coupling.

Proposition E.1. Assume (A2) and (A3). Let {X,}n>0 and {Y,}n>0 be as defined above. Then
foranyqg e N, re€[0,1), f e E(Wr)(q) and x € E, there exists a coupling {Xn, Y, }n>0 on some
probability space (2 x Q, F @ F,P), such that

: Oq _ ¢Ogq _ ™
dim [S°0() = $PL(HI=0  Pas.
Proof. Let ]P’)(C") (resp., IP’%")) denote the law of (X, X,41,...) (resp., (Yy, Yut1,-..)). Then,
convergence in total variation of the processes is sufficient to imply that:

Jim [P =Py =

By Theorem 2.1 of Goldstein [19] the coupling exists; that is, there is a probability space (€2 X
QFRQF, IP’) such that }P’(Q x -) =Py () and ]P( x ©) =P, (-) (note the dependence on x of P
is omitted for notational simplicity). The process on this space is written (X, IV/,,}nZo and 7T is
the associated coupling time. Choose g € N. For any § > 0, M e N, n > M V g, one has that

k>n

BsupIS4 () = SN = 0) <B(supIS () = STYI = 0.7 < M) + BT = )
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with SQq (f) as defined in (E.2). Now let ¢ > 0 be given and choose M such that IP’(T > M) <
e/2. The first term on the right-hand side of the above inequality is now dealt with:

M
ﬁ’(gz SN = SPUNI = 8.T < M) = ;ﬁ(i‘iﬁ ISPLN = ST = 8. T =1). (E3)

Then, on the event {T = [}, one has that the terms involved in the definitions of Squ (f) and
SGq (f) only differ for ¥’s such that ¢ (i) € {0,...,I — 1} for some i € {I, ...,q} For any
k > m > 0, introduce the subset of (g, k + 1)

Emk={0€lg.k+1):3i €{l,...,q}s.t. O() <m}.

Then for any / € {1, ..., M}, with )_(19(1') = )v(g(l‘) and Yﬁ(l‘) = ?ﬁ(i)]l{ﬂ(i)<l} + )vfﬁ(i)]l{g(i)zl} and
the notation

AN gy @A), @) = F(Xoqy - Xog) = F (Yoys - Vo)

we have

B(supISPL (1) = SCU(I =8, T =1)

k>n

Y APz @), ..., P (9)

YEE k

>8,T=l>.
>8}.

It is now shown that ﬁ(Al’,,) vanishes as n — oo, which in turn will prove that the above vanishes
as well for any / € {1, ..., M}. Since f € Lyry@, there exists some (deterministic) constant

M < oo such that
> 8)

> 3/2)

~ 1
P sup ———
(kzn (k + 1)q

Let us denote for [, n € N such thatn > [

Aln :={sup : Yo AP @D, .., 0 @)
k>n (k+1)q PB4 ’

P(A <P{su
( ln) <k>5 (k+1)q

> {Xq: (Xp@) +W(om) ]}

veBix Li=1

Consequently

PcA <P,{su
(Ar,n) x<k>]3 (k+1)q

q
> {Z (X)) +W(Xsi))" H{0<l>>l}]}
i=1

DASICTA
>5/2>.

q
{Z W(Ys@i) z?(i)<l}}
Ve

i=1

+ P,
<k>n (k + l)q
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The drift condition on P yields the classical result sup;o{E.[W (X;)] vV E,[W (Y;)]} < co. Note
in addition that the cardinality of & x is

k ql
l l=(k+ 1), ——.
(q—l)q G+ )"k+1

Hence one may use an L ,-proof similar to that in Proposition 6.4, with p € (1, 1/r) along with
a Borel-Cantelli argument via Markov’s inequality, to conclude that lim,,_, oo P(A; ;) = 0. This
allows us to complete the proof by choosing n such that each of the M terms in the summation
(E.3) is less than ¢/2M.

|

Lemma E.2. Assume (A2) and (A3). Let g € N, r € [0, 1), f € Lyry@, X € E and {X;} be as
defined earlier. Then,

lim [[S2% —n®1)(f)] >0  Pyr-as.
n— 00 ’

Proof. The idea of the proof is to use the almost sure convergence results for U -statistics of
ergodic stationary processes established in [1]. In order to achieve this, the coupling PP introduced
in Proposition E.1 is utilized. In particular, for any § > 0, consider the following upper bound

P (sup LS55 — 027101 > 9)

k>n

= ﬁ(sup 5%

SUp (LS} = SO FIS% = SN+ 187 = n*00H1 > 5)

< (suplISC% — SCHICNI > 8/3) + B(sup 1575 = SP110)1 > 8/3)

k>n

+ 2y (suplISY — n®10)1 > 5/3)

The convergence to zero of terms on the right-hand side of the inequality above from right to left
are now considered. Since {Y}},>0 is an homogeneous Markov chain, started in stationarity, it is
a stationary ergodic process. In addition, as f is bounded by integrable products, (E, &) is Polish
and {Y,},>0 is absolutely regular (or weakly Bernoulli) [14], Theorem U of [1] can be invoked;
the last term goes to zero (note that the proofs of [1] extend to Polish spaces). By Proposition E.1,
the second term goes to zero.

Let us turn to the first term on the right-hand side of the inequality above. We use an argument
similar to that of Theorem 5.1 of [18]. This uses the following identity

(4 DISY% = SPH) =T+ DT =+ DS Y5O = Y. F(Xoy. - Xog)-
delg,n+1)

where (q,n+1) :=(g.n + 1) \ {g,n + 1). Let p € (1,1/r). Since f € L yry@, for any
@i1,...,ig) €{0,...,n}? then by Minkowski’s inequality, followed by Jensen’s inequality and
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the fact that via the drift condition sup;. o Ex[W (pr)(X;)] < MW (pr)(x) for some M < oo

q
Bl f (Xiyo oo Xi)IP 1P < W f gy Y ExlW (X3 P17 < Mgl f Iy W ().
=1
As a result
Ec[1S0% (HIP1YP < Mgl fllywa W (x)
and

rl/p
} <M[(n+ 17—+ Dglgll fllwa W (x),

]ExH > F(Xoay - Xow)

ve(g,nt+l)

which allows us to conclude that there exists C,; < oo such that for any n > ¢
Ecl(n + D[Sy % — S2L1NIPTYP < Cal(n+ 1D = (n + Dg] W' (x).

Now since (n + 1) — (n+1)4 = 0?1y and p > 1, a Borel-Cantelli argument can be used.
The proof of the lemma now follows. ]

Appendix F: Verifying the assumptions

Proof of Proposition 7.1. Verifying many of the assumptions (A1) and (A2) is fairly simple and
can be found in, for example, [21] (i.e., (A1)(i)(iii) and (A2)). The small-set condition (A1)(ii)
can easily be proved in a similar way to the proof of Theorem 2.2 in [29] and is thus omitted.
This leaves us with the latter part of (A2) ((A3) is clearly true here).

In our case,
177 oo S
Vix)=| ——
(x) [n(x)

for any sy, € (0, 1) (see [21], Theorems 4.1 and 4.3). The expression for W (x)

Ay
['”"”} L swe ),

T(x)

follows similarly. For the last part of (A2), fix r*, s,, € (0, 1); then

V(x)
W)™

—pr¥5 * > —5
=| Soz r otswn,(x)r ASy SL’

which is upper bounded if s, € (0, r*@sy,). |
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