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Abstract

A common tool in the practice of Markov chain Monte Carlo (MCMC) is to use approx-
imating transition kernels to speed up computation when the desired kernel is slow to
evaluate or is intractable. A limited set of quantitative tools exists to assess the relative
accuracy and efficiency of such approximations. We derive a set of tools for such analysis
based on the Hilbert space generated by the stationary distribution we intend to sample,
Ly (). Our results apply to approximations of reversible chains which are geometrically
ergodic, as is typically the case for applications to MCMC. The focus of our work is on
determining whether the approximating kernel will preserve the geometric ergodicity of
the exact chain, and whether the approximating stationary distribution will be close to
the original stationary distribution. For reversible chains, our results extend the results
of Johndrow et al. (2015) from the uniformly ergodic case to the geometrically ergodic
case, under some additional regularity conditions. We then apply our results to a number
of approximate MCMC algorithms.
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1. Introduction

The use of Markov chain Monte Carlo (MCMC) arises from the need to sample from prob-
abilistic models when simple Monte Carlo is not possible. The procedure is to simulate a
positive recurrent Markov process where the stationary distribution is the measure one intends
to sample, so that the dynamics of the process converge to the distribution required. Temporally
correlated samples may then be used to approximate various expectations; see e.g. [7] and
the many references therein. Examples of common applications may be found in hierarchical
models, spatio-temporal models, random networks, finance, bioinformatics, etc.

Often, however, the transition dynamics of the Markov chain required to run this process
exactly are too computationally expensive because of prohibitively large datasets, intractable
likelihoods, etc. In such cases it is tempting to instead approximate the transition dynamics
of the Markov process in question, either deterministically as in the low-rank Gaussian
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approximation of [18], or stochastically as in the noisy Metropolis—Hastings procedure of [1].
It is important then to understand whether these approximations will yield stable and reliable
results. This paper aims to provide quantitative tools for the analysis of these algorithms. Since
the use of approximation for the transition dynamics may be interpreted as a perturbation of
the transition kernel of the exact MCMC algorithm, we focus on bounds on the convergence
of perturbations of Markov chains.

The primary purpose of this paper is to extend existing quantitative bounds on the errors
of approximate Markov chains from the uniformly ergodic case in [18] to the geometrically
ergodic case (a weaker condition, for which multiple equivalent definitions may be found in
[29]). Our work will extend the theoretical results of [18] in the case that the exact chain
is reversible, replacing the total variation metric with L; distances, and relaxing the uniform
contraction condition to L, (i )-geometric ergodicity.

1.1. Geometric ergodicity

When analyzing the performance of exact MCMC algorithms, it is natural to decompose
the error in approximation of expectations into a component for the transient phase error of
the process and one for the Monte Carlo approximation error. The former may be interpreted
as the bias due to not having started the process in the stationary distribution. A Markov chain
is geometrically ergodic if, from a suitable initial distribution v, the marginal distribution of
the nth iterate of the chain converges to the stationary distribution, with an error that decays
as C(v)p" for some p € (0, 1) and some constant depending on the initial distribution C(v), in
some suitable metric on the space of probability measures. The geometric ergodicity condition
essentially dictates that the transient phase error of the nth sample decays exponentially quickly
in n. The chain is uniformly (geometrically) ergodic if C can be chosen independently of the
initial distribution. Geometric ergodicity is a desirable property as it ensures that the cumulative
transient phase error asymptotically does not dominate the Monte Carlo error, while still being
less restrictive than the uniform ergodicity condition, which often fails when the state space is
not finite or compact (for example, an AR(1) process is geometrically ergodic but not uniformly
ergodic).

When using approximate MCMC methods, one desires the approximation to preserve geo-
metric ergodicity, so that convergence to stationarity is still fast and the transient phase error
goes to zero quickly. This is an important issue, especially since Medina-Aguayo et al. [25]
have shown that intuitive approximations such as Monte Carlo within Metropolis may lead to
transient approximating chains.

1.2. Qutline of the paper

The outline of this paper is as follows. Section 2 reviews related work. Then Section 3
contains our main theoretical results and their proofs. Theorem 1 therein provides bounds on
the distance between stationary distributions, and gives a sufficient condition for the perturbed
chain to be geometrically ergodic in L, (), where 7 is the stationary distribution of the unper-
turbed chain. Theorem 2 and Theorem 3 give sufficient conditions for the perturbed chain to be
geometrically ergodic according to several other variants of the definition of geometric ergod-
icity (for different metrics and families of initial distributions), and provide quantitative rates
when possible. The remainder of Section 3 establishes bounds on autocorrelations and mean
squared error for Monte Carlo estimates of expected values computed with the perturbed chain.

Finally, Section 4 considers noisy and/or approximate Metropolis—Hastings algorithms. It
provides sufficient conditions that one can check in order for our results from Section 3 to be

https://doi.org/10.1017/apr.2021.10 Published online by Cambridge University Press


https://doi.org/10.1017/apr.2021.10

Approximations of geometrically ergodic reversible Markov chains 983

applied. We use this to study Metropolis—Hastings with deterministic approximations to the
target density, as well as the Monte Carlo within Metropolis algorithm, as in [24], and provide
some examples of how these types of approximations might arise in practice.

2. Related work

This section presents a brief review of related work, discussing convergence of perturbed
Markov chains in the uniformly ergodic and geometrically ergodic cases with varying metrics
and additional assumptions. The results in the literature require a wide range of assumptions
and have a wide range of scopes. The results for uniformly ergodic chains have a simpler
aesthetic, in line with what intuition for finite-state-space chains might inspire, as they do not
require drift and minorization conditions to state. Our results cover the geometrically ergodic
and reversible case, and use properties of reversibility to match the simpler aesthetic found in
the literature for the uniformly ergodic case.

In close relation to the present paper, Johndrow et al. [18] derive perturbation bounds to
assess the robustness of approximate MCMC algorithms. The assumptions upon which their
results rely are as follows: the original chain is uniformly contractive in the total variation norm
(this implies uniform ergodicity), and the perturbation is sufficiently small (in the operator
norm induced by the total variation norm). The main results of their paper are as follows:

e The perturbed kernel is uniformly contractive in the total variation norm.

e The perturbed stationary distribution is close to the original stationary distribution in
total variation.

e Explicit bounds are proved on the total variation distance between finite-time approxi-
mate sampling distributions and the original stationary distribution.

e Explicit bounds are proved on the total variation difference between the original
stationary distribution and the mixture of finite-time approximate sampling distributions.

e Explicit bounds are proved on the mean squared error for integral approximation using
the approximate kernel and the true kernel.

The results derived by [18] are applied within the same paper to a wide variety of
approximate MCMC problems, including low-rank approximation to Gaussian processes
and sub-sampling approximations. In other work, Johndrow and Mattingly [16] use intu-
itive coupling arguments to establish similar results under the same uniform contractivity
assumption.

Further results on perturbations for uniformly ergodic chains may be found in [26]. This
work is motivated in part by numerical rounding errors. Various applications of these results
may be found in [1]. The only assumption of [26] is that the original chain is uniformly ergodic.
The paper is unique in that it makes no assumption regarding the proximity of the original and
perturbed kernel, though the level of approximation error does still scale linearly with the total
variation distance of the original and perturbed kernels. The main results are explicit bounds
on the total variation distance between finite-time sampling distributions, and explicit bounds
on the total variation distance between stationary distributions.

The work of Roberts ef al. [31] (see also [6]) is also motivated by numerical rounding errors.
The perturbed kernel is assumed to be derived from the original kernel by a round-off function,
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which e.g. maps the input to the nearest multiple of 273! In such cases, the new state space is
at most countable while the old state space may have been uncountable, and so the resulting
chains have mutually singular marginal distributions at all finite times and mutually singular
stationary distributions (if they have stationary distributions at all). The results of [31] require
the analysis of Lyapunov drift conditions and drift functions (which we will avoid by working
in an appropriate L, space). The key assumptions in [31] are as follows: the original kernel is
geometrically ergodic, and V is a Lyapunov drift function for the original kernel; the original
and perturbed transition kernels are close in the V-norm; the perturbed kernel is defined via
a round-off function with round-off error uniformly sufficiently small; and log V' is uniformly
continuous. The main results of the paper include the following:

o If the perturbed kernel is sufficiently close in the V-norm, then geometric ergodicity is
preserved.

e If the drift function, V, can be chosen so that log V is uniformly continuous, and if the
round-off errors can be made arbitrarily small, then the kernels can be made arbitrarily
close in the V-norm.

e Explicit bounds are proved on the total variation distance between the approximate
finite-time sampling distribution and the true stationary distribution.

e Sufficient conditions are given for the approximating stationary distribution to be
arbitrarily close in total variation to the true stationary distribution.

Roberts et al. [31] also prove results that do not require closeness in the V-norm, or even
absolute continuity of the perturbed transitions; in such cases they show that a suitable drift
condition on the original chain together with a uniformly small round-off error yields perturbed
chains which are geometrically ergodic, and that the stationary measure varies continuously
under such perturbations in the topology of weak convergence.

Pillai and Smith [28] provide bounds in terms of the Wasserstein topology (cf. [11]).
Their main focus is on approximate MCMC algorithms, especially approximation due to sub-
sampling from a large dataset (e.g., when computing the posterior density). Their underlying
assumptions are as follows:

e The original and perturbed kernels satisfy a series of drift-like conditions with shared
parameters.

e The original kernel has finite eccentricity for all states (where eccentricity of a state
is defined as the expected distance between the state and a sample from the stationary
distribution).

e The Ricci curvature of the original kernel has a non-trivial uniform lower bound on a
positive measure subset of the state space.

e The transition kernels are close in the Wasserstein metric, uniformly on the mentioned
subset.

Their main results under these assumptions are as follows:

e Explicit bounds on the Wasserstein distance between the approximate sampling distri-
bution and the original stationary distribution.
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e Explicit bounds on the total variation distance of the original and perturbed stationary
distributions and bounds on the mixing times of each chain.

e Explicit bounds on the bias and L; error of Monte Carlo approximations.

e Decomposition of the error from approximate MCMC estimation into components from
burn-in, asymptotic bias, and variance.

e Rigorous discussion of the trade-off between the above error components.

Rudolf and Schweizer [35] also use the Wasserstein topology. They focus on approximate
MCMC algorithms, with applications to auto-regressive processes and stochastic Langevin
algorithms for Gibbs random fields. Their results use the following assumptions: the origi-
nal kernel is Wasserstein ergodic; a Lyapunov drift condition for perturbed kernel is given,
with drift function V; V has finite expectation under the initial distribution; and the per-
turbation operator is uniformly bounded in a V-normalized Wasserstein norm. Their main
results are explicit bounds on the Wasserstein distance and weighted total variation distance
between the original and perturbed finite-time sampling distributions, and explicit bounds on
the Wasserstein distance between stationary distributions.

Ferré et al. [10] build upon the work of Keller and Liverani [20] to provide perturbation
results for V-geometrically ergodic Markov chains using a simultaneous drift condition. They
show that any perturbation to the transition kernel which shares its drift condition has a station-
ary distribution, that such a perturbation is also V-geometrically ergodic, and that the perturbed
stationary distribution is close to the original one. The assumption of a shared drift condition
may be difficult to verify or may not hold in some cases of interest related to approximate
or noisy MCMC. Hervé and Ledoux [12] consider finite-rank approximations to a transition
kernel. That work gives sufficient conditions for approximations to inherit V-geometric ergod-
icity; it provides a quantitative relationship between the rates of convergence and bounds the
total variation distance between stationary measures. It also provides sufficient conditions for
V-geometric ergodicity of a family of finite-rank approximations to a transition kernel to guar-
antee geometric ergodicity of the kernel, and provides quantitative rates of convergence. In
both of these results, as in [10], the results depend on a simultaneous drift condition for the
approximations and the original kernel.

Each of the above papers demonstrate bounds on various measures of error from using
approximate finite-time sampling distributions and approximate ergodic distributions to cal-
culate expectations of functions. On the other hand, the assumptions underlying the results
vary dramatically. The results for uniformly ergodic chains are based on simpler and more
intuitive assumptions than those for geometrically ergodic chains. Our work extends these
results to geometrically ergodic chains and perturbations while preserving essentially the
same level of simplicity in the assumptions. In particular we avoid the need to identify
a Lyapunov drift condition, and our assumptions are expressed directly in terms of tran-
sition kernels, rather than in terms of a relationship between drift conditions which they
satisfy.

3. Perturbation bounds

This section extends the main results from [18] to the L,(;r)-geometrically ergodic case,
assuming the perturbation P — P, has bounded L, () operator norm.
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3.1. Definitions and notation

Let  be a probability measure on a measurable space (X, ¥). We make considerable use
of the following norms on signed measures and their corresponding Banach spaces:

IXITv = sup |A(A)], M(X) = {bounded signed measures on (X, X)},
AeX
172
dr\? /

1Al Lo () = I dr s L) ={v <7 |VLy@) < oo},
I-I125.000) = I 1o 60y [0, 0 ) s Ly o(m) ={v € Ly(m) : v(X) =0},

da
1ALy () =/ Ialdﬂ, Li(m)={v <7 :|vlLcr) < 00},

da dv

ANl 2o r) = €8S sup —(X), Loo(m)=v<Lmr:(3>0)(|—]|<b mae.|;.

X~y dmT dm

Note that L o(7r) is a complete subspace of L (). Let
Mir1={reM:[VAeX XIA)=>0]and [M(X)=1]}

be the set of probability measures on (X', ). Note that for any probability measure ,
Loo(m) C Lp(r) C Li(r) C M(X), though in general they are not complete subspaces of each
other when their corresponding norms are not equivalent. For a norm ||-|| on a vector space, we
also write ||-|| for the corresponding operator norm on the space of bounded linear operators
from V to itself, B(V).

Definition 1. (Geometric ergodicity) Let P be the kernel of a positive recurrent Markov chain
with invariant measure 7. Let A be any measure with 7 < A. Suppose that prv, p1, p2 € (0, 1).

(i) P is w-a.e.-TV geometrically ergodic with factor prv if there exists Cty: X — R4
such that for -almost every (r-a.e.) x € X and for all n e N,

[8xP" — 7 ||ITv < CTv(X)pTy -

The optimal rate for w-a.e.-TV geometric ergodicity is the infimum over factors for
which the above definition holds:

PTv :inf{p >0s.t..3C: X — Ry with 7({x: C(x) < o0}) =1 and

(1)
VneN, r-ae.xeX |6P" —m|tv < C(x)p”}.

(ii) P is Lo(A)-geometrically ergodic with factor p, if P: Ly(1) — Ly()\) and there exists
Cy: Lr(A) N M4 1 — Ry such that for every v € Ly(A) N M 1 and for all n € N,

[vP" — 7[00 < C2(v)pP5 .

The optimal rate for L())-geometric ergodicity is the infimum over factors for which
the above definition holds:

p; =inf{p > 0s.t. IC: Lr,(A) N M4 1 — R4 with
VneN,veL,(WNMy 1 |[vP" =70 < Cv)p"}.
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Remark 1. If P is w-reversible and aperiodic, then P is L,(;r)-geometrically ergodic if and
only if itis w-a.e.-TV geometrically ergodic, as per [29]. In this case the optimal rate of L, (i )-
geometric ergodicity, p3, is equal to the spectral radius of P|r, ,(r). In this case, the spectrum
of Pis a subset of [ — p3, p5] U {1}, and P is Ly(rr)-geometrically ergodic with factor p; and
C(p) = It — 7 || (). For more details see Proposition 2 and [29].

We abbreviate geometric ergodicity and geometrically ergodic as ‘GE’ for brevity going
forward.

3.2. Assumptions

We assume throughout that P is the transition kernel for a Markov chain on a countably
generated state space X' with o-algebra X, which is reversible with respect to a stationary
probability measure 7, and is w-irreducible and aperiodic. We call the Markov chain induced
by P the ‘original’ chain. The m-reversibility of P makes it natural to work in L, (sr), since in
this case P is a self-adjoint linear operator on a Hilbert space. This allows us access to the rich,
elegant, and mature spectral theory of such operators. See for example [33, Chapter 12] and
[9, Chapter 22]. We further assume that P is L, (7 )-GE with factor 0 < (1 — «) < 1. Equivalent
definitions of L (7 )-GE are given in Proposition 2. This assumption is weaker than the Doeblin
condition used by [18], which implies uniform ergodicity.

Next, we assume that P, is a second, ‘perturbed’ transition kernel, such that

1P = PellLyn) < €

for some fixed € > 0, and that
Pelry () € B(La()),
i.e. that the perturbed transition kernel maps L,(w) measures to Ly(7r) measures. The norm
condition quantifies the intuition that the perturbation is ‘small’. We assume that P, is m-
irreducible and aperiodic. We demonstrate (in Theorem 1) that under these assumptions P, has
a unique stationary distribution, denoted by ., with 7. € Ly (7).
Note that when @ € L(;r) we have
lw—mlrv = %IIM — 7|y )

On the other hand, ||-||Tv applies to all bounded measures, while ||-||z,z) applies only to the
subspace of Li(;r) measures. Note also that if = ~ 7 (the two measures are mutually abso-
lutely continuous), then L1 (;r) and L (r¢) are equal as spaces and their norms are always equal,
so0 in this case we need not distinguish between them.

To summarize, we assume the following.

Assumption 1. (Assumptions of Section 3.2.)
e P is a Markov kernel that is

— m-reversible for a probability measure 7,
— irreducible and aperiodic,
— Ly(m)-GE with factor (1 — a);

e P, is a Markov kernel that is

— irreducible and aperiodic,
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— Po:Ly(m) — Ly(m), and
= 1P = Pellryir) <€

The assumption that Pe:Ly() — Lp() and that || Pe ||, () < 00 may seem difficult to ver-
ify. However, the following proposition shows us that it is satisfied for P. constructed based
on the Metropolis—Hastings algorithm with suitable jump kernels. As long as the jump ker-
nel, J, has ||J||z,) < 0o, the assumption will be satisfied. Therefore, this assumption is not
excessively restrictive for MCMC applications. The jump kernel J describes the conditional
distribution of a new point in the chain proposed from x given that the proposal is accepted;
it is related to the proposal kernel, Q, by a(x)J(x, A) = f 4 ax, Y)O(x, dy), where a(x, y) is
the Metropolis—Hastings acceptance ratio and «(x) = /. x a(x, y)Q(x, dy) is the implied local
jump-intensity.

Proposition 1. If P.(x, -) = (1 — a(x))dx + a(x)J(x, -) with a:X — [0, 1] measurable, and
J:Lo(mw) — Lo(mw) and || || y(r) < 00, then

1Peclliyey < 14 I y(r)- (2)

Proof of Proposition 1. Consider the operator A on Ly(r) given by the formula [vA](C) =
fc a(x)v(dx) for all measurable sets C. Its adjoint, A/, is given by the formula [A’f](x) =
a(x)f(x) for all x € X' and f € L (). Since a : X — [0, 1], we have A" : L,(w) — L) () with
||A’||L/2(7T) < 1.ThusA: Ly(7w) — Ly() with ||[A||1,r) < 1. The same also holds for I — A. Now,
P.=A+({—-A)J,so

1Pellyiry < 1+ N yr)- O

Verifying that ||P — Pc||,(r) is finite and sufficiently small will be the main analytic burden
faced when trying to apply our results to more general settings. The development of further
tools to determine whether ||P — P¢||1,(x) is finite and to bound it quantitatively would be an
interesting line of future research.

3.3. Convergence rates and closeness of stationary distributions

Theorem 1. (Geometric ergodicity of the perturbed chain and closeness of the stationary dis-
tributions in original norm, Ly (;r)) Under the assumptions of Section 3.2, if in addition € < «,
then e € Ly(7r),

0=l = TellLr(n) <

—’
a? —¢€?

Pc is Ly()-geometrically ergodic with factor 1 — (o — €), and for any initial probability
measure i € Ly(7),

luPe = 7l < (1= (@ =)'l = TellLyn) + —== -
at—¢€

The proof of this result is the content of Appendix A.1. We follow the derivation in [18] with

minimal structural modification, though the technicalities must be handled differently and

additional theoretical machinery is required. We use the fact that the existence of a spectral

gap for the restriction of P to Ly o(r) yields an inequality of the same form as the uniform con-

tractivity condition, but in the Ly(7)-norm as opposed to the total variation norm (cf. Theorem

2.1 of [29]).
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Remark 2. Bounds on the differences between measures in L, (77 )-norm can be converted into
bounds on the total variation distance, since, by Cauchy—Schwarz, for any measure A and any
signed measure v € Ly(1), we have

1 1
ity = 5 iz, < 5 IVl Ly)-

Thus, for example, under the assumptions of Theorem 1,

A l n €
luP; —mlrv < = [ = (@ — )l — Tellyoo) + ———= | -
2 22— ¢2

Similarly, under the assumptions of Theorem 1, we find that P, is (La(7), ||-||Tv)-GE with
factor 1 — (o — €) (see Definition 2 below).

In some situations, such as the computation of mean squared errors in Theorem 5, it may
be inconvenient or impossible to use the Ly(7r) norm when studying some aspects of P.. The
next theorem will allow us to ‘switch’ to other norms which may be more natural for a given
task. First, however, we need to introduce one more notion of geometric ergodicity.

Definition 2. ((V, |||-|||)-geometric ergodicity.) Let P be the kernel of a positive recurrent
Markov chain with invariant measure 7. Let V be a vector space of signed measures on (X, X)
containing 7, and let |||-||| be a norm on V (for which V may not be complete).

Pis (V, ||-|l)-geometrically ergodic with factor p if there exists C: VN My 1 — Ry such
that for every ve VN M, j and foralln e N,

P =l < Cw)p" .

The optimal rate for (V, |||-|||)-geometric ergodicity is the infimum over factors for which the
above definition holds:

p*:inf{p >0:3C:VNMy1—>Ryst.VneN, veVN My [vP'—x|| <Cw)p"}.

We will be interested in this definition for the cases that V = Lo () and |[||-||| is either ||-||7,xr)
or |||z, ¢x)-

Remark 3. (Relationships between (Loo(2), |-llz,(1))-GE, a.e.-TV-GE, and L,(2)-GE.) Clearly
if P is L, (A)-GE with factor py then itis also (Leo(A), |Ill1,(1))-GE with factor p2. Conversely,
Roberts and Tweedie [32] show that if P is (Loo(77), |I]I1,(r))-GE with factor p», then it is also
a.e.-TV-GE with some factor prv € (0, 1). However, the factor for a.e.-TV-GE may in fact be
worse than the factor for (Leo (), ||-|l1,(r))-GE or (Leo(7), ||l (x))-GE. Baxendale [3] gives
a detailed exposition on the barriers to the comparison of factors for geometric ergodicity given
by different equivalent definitions.

In Appendix C we give an example where the optimal rates for L(7)-GE and
(Loo(7), IIIl2,())-GE are distinct when P is not reversible. If P is r-reversible then the factors
for Lr(1)-GE, (Loo(7), || Il2,(x))-GE, and (Loo (1), |||, r))-GE must be the same. This result
combines a comment and Theorem 3 of [32], both stated but not proved. The formal statement
of that result and its proof may be found in Appendix D.

Finally, note that by definition L,(7)-GE is equivalent to (Ly(7), ||-ll1,r)) With the same
coefficient functions and factors, and that a.e.-TV-GE is equivalent to (D, ||-|ITv)-GE where
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we can take D = span({r} U {8, : x € X \ N, r € R}) for some 7-null set N. The null set N can
be taken to be the same for all factors p by taking the union over the null sets for factors p € Q
(since a countable union of null sets is still null).

Lemma 1. (Characterization of optimal rates for (V, |||-|||)-GE chains) If P is (V, |||-||)-GE with
Stationary measure 7, then the optimal rate for (V, |||-||)-GE is equal to

sup  limsup [|uP" —z||'/" . 3)

peVAM,, n—oo

The proof of this result is found in Appendix D.

Remark 4. The quantity lim sup,_, o, [|uP" — ||V is the local spectral radius of P — TI at
o with respect to |||-]||, where IT is the rank-1 kernel defined by I1(x, A) = (A) for all x e X
and A e X.

Lemma 2. (Ly(7)-GE, (Loo(70), ||| ,(x))-GE, and (Loo (%), |||, (x))-GE are equivalent for 7 -
reversible chains, with equal optimal rates) Let p € [0, 1). The following are equivalent for a
m-reversible Markov chain P:

(i) Pis (Loo(m), |I'llL,(x))-GE with optimal rate p.
(i1) Pis (Loo(), I'll,())-GE with optimal rate p.
(iii) P is Lo(w)-GE with optimal rate p.
(iv) The spectral radius of P|L, ,(x) is equal to p.

Remark 5. Since either of (iii) or (iv) is equivalent to all the conditions listed in [29, Theorem
2.1], indeed all the items listed above are equivalent to all the items listed in their result. We
only included (iii) and (iv) here for brevity, since these are the conditions most relevant to the
present paper. Moreover, all of these conditions are implied by any of the equivalent conditions
for r-a.e.-TV-GE in [29, Proposition 2.1] (though with possibly different optimal rates for each
condition therein). The proof of this result is found in Appendix D.

Theorem 1 controls the convergence of the perturbed chain P, in terms of the ‘original’
norm (from Ly (;r)). We also demonstrate that P, is geometrically ergodic in the L, (¢ ) norm,
as this would also allow us to use the equivalences in [29]. The following two results allow
us to transfer the geometric ergodicity of P, in Ly(;r) to other notions of geometric ergodicity.
Theorem 3 handles the case that the perturbed kernel is reversible, while Theorem 2 handles
both the case that the perturbed kernel is reversible and the case that it is non-reversible.

Theorem 2. (Geometric ergodicity of the perturbed chain in the other norms: Ly (r¢), La(7e),
total variation) Under the assumptions of Section 3.2, if € < «, then the following hold:

(1) P¢ is a.e.-TV-GE with some factor ptvy € (0, 1).

(i) Pe is (Loo(e), Il ¢r))-GE with factor py=(1—(ax —¢€)) and with Ci(n)=
i — 7ell Ly )

(i) If m € Loo(me) then P¢ is Lo(e)-GE with factor pp = (1 — (o — €)) and with

1/2
Co) = 7,2 oy it = 7l ey -

The proof of this result is found in Appendix A.2.
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Example 1. For example consider perturbations of a Gaussian AR(1) process. Let
Zi~ N(o o2) and let W;~ M.Take
X1l Xe =0 —a)X; + Ziy1, @
X X7 =1 — )Xy + Wiy

Then the original chain {X;},cr is not uniformly ergodic, but it is geometrically ergodic. Hence,
the results of [1,18] do not apply. The stationary measure of the exact chain is
o2
7 =N(0,
( w2 a))

it is reversible, and the rate of geometric ergodicity is (1 — o). Note that the perturbed chain,
which we will call a wAR(1) process, may not be reversible, and whether it is geometrically
ergodic generally depends on the distribution s.

Now, letting ¢,> be the A'(0, 0%) density, for any with = e[l —¢€, 1 +€],

o] o] _ _ _ _ 2
||P—Pe||1%2(ﬂ)=/ / <M(y (I—a)x) ¢2(—d a)x)) 2y ()

(y) ﬂ(y)
=2 |1Pll 1)
=é2.

Therefore, when € < o we can extend the geometric ergodicity of the Gaussian AR process to
the «© — AR(1) process using Theorem 2. We can also bound the discrepancy of the station-
ary measure of the perturbed chain from that N(0, a(g—ja)) using Theorem 1. The subsequent
results, Corollary 1 and Theorem 4 of this section, may also be applied to this example to bound
the discrepancy between the marginal distributions of the p-AR(1) from an A(0, a(g—;)) at
any time, as well as the approximation error of the time-averaged law of the pu-AR(1) from

N(©

Theorem 3. (L>(77.)-GE of the perturbed chain, reversible case.) Under the assumptions of
Section 3.2, if e < a and Py is w¢-reversible, then P is Ly (e )-GE with factor po = (1 — a + €)
and coefficient function C(v) = ||Vl 1,(x.). The proof of this result is found in Appendix A.2.

a
@)

Corollary 1. (Closeness of stationary distributions in Ly(7¢).) If € < a and ||P — Pell1,(z) <
@, then the following hold:
(i) If Pc is ¢ reversible and ¢ < o — €, then
%
7 =7l Ly o) = e »
N
and for any |1 € Ly (7e),

¥

Va—e?—¢?

IP? =l ye) < (0 — (@ — €)'l — el Ly +
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(i) If w € Loo(we) and ¢ < 1, then

1/2
¢+ ||n||L;(,,é)ﬁ<1 ~(@—e)
l—¢

7 — TellLyme) <

3

and for any |1 € Loo(7¢),
1/2
P! — 7 yr < (1= (@ — )1} oy 1 = e ey
o+l A= — (@ =€)
Loo(7te) )
1—¢ '

The proof of this result is found in Appendix A.2. We turn our attention to bounds on the

error of estimation measures of the form } Ztk_:lo ,qu, and estimates of the form % Z;{;lo f(Xp).

Firstly, when computing Monte Carlo estimates, the bias is controlled by a time-averaged
marginal distribution of the form % Zf::}) /LPIG{ . This leads us to the following result.

+

Theorem 4. (Convergence of time-averaged marginal distributions) Under the assump-
tions of Section 3.2, suppose € <« and 7w € Lo(w). Then for any probability distribution

€ Ly(m),
1t 1—(1—(a—e)
T— - Z WPt < e — plly oy + :
t k=0 Lz(?’[) t(a - 6) 2 —_ 62
If additionally ||P — P¢||L,(x.) < @, then the following hold:
(1) If P¢ is mc-reversible and ¢ < o — €, then
1 1—(1—(a—e) ¢
. (] - (c —
T—= ) WP < I7e = wllLyre) + = -
! ; Moo Ho =€) ’ T Ja—er— ¢

(1) Ifw € Loo(mwe) and ¢ < 1, and if 1 € Loo(7te), then

t—1

1

k=0

I—(—(@—€) 1p
< [l e — Ly
Lyre) Ha —€) Loo(me) 1€ ()

1/2
0+ ”””Lf»o(mﬁ“ —(@—e)
l—¢ '

The proof of this result is found in Appendix A.3.1. Relative to the uniform closeness of
kernels (in total variation) required in [18], our assumption that the approximating kernel is
close in the operator norm induced by L, (7r) is non-comparable. This is because our bound is
in terms of the L; distance, which always upper-bounds the total variation distance (up to a
constant factor of 1/2), but our assumption also does not require spatial uniformity, which that
of [18] does. Thus, this paper’s assumptions are neither weaker nor stronger than those in [18].
Comparing the above results to the corresponding L; result of [18], we see that the transient
phase bias part of our L, bounds differ from the L; transient phase bias bound of [18] only by
a factor which is constant in time, but varies with the initial distribution (as is to be expected
when moving from uniform ergodicity to geometric ergodicity).

+
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3.4. Mean squared error bounds for Monte Carlo estimates

Suppose that (X,i)keNU{o} is a realization of the Markov chain with transition kernel P, and
initial distribution . The mean squared error of a Monte Carlo estimate of 7f made using
(X k<t is given by

2

1 t—1
MSE; (1, /) =E (n(f) - Zf(X;i)) : (6)
k=0

Theorem 5. (Mean squared error of Monte Carlo estimates from the perturbed chain) Under
the assumptions of Section 3.2, if € < «, XS ~ W, P¢ is we-reversible, and py = (1 — (a — €)),
then for f € L) (1),

() iff € Li() as well, then
2 = 7ef Wy iy 27PN = ellao I = 7ef I
(1 —po)t (1 — p2)?1?

2
+If = 7ef ) (

MSE; (. f) =

€

€ 1
+2 e —
a2 mt(a—e)|| e Mlle(n))

and

4 =7 Iy 2P = meliauolf = 7ef 1,

(1 —p2)t (1 — p2)?1?

62

2
+2|If — 7Tef||L/2(n)m ;

MSE; (i, f) <

(@) if 1P = Pellzytno) < @ < (1 = p2), then
2P = mwellso lf = 7ef I,
(1= p)*?

14+ —2
2

4 (1=p2)*—¢?
+|v—néf||§,2(ﬂe).( y_ NU=pi-e

+
(1= p2)* —¢? (1= p2)

MSES (1. f) <

”ne_l‘L”Lz(ng))’
and

22| = el If = 7ef 1,
(1 — p2)?1?

I~ w1 C—
e\ T =2 =62 T 11— p)

MSES (. f) <

2

lre — M”Lz(ne)>-

The proof of this result is found in Appendix A.3.3. Perturbation bounds based upon drift
and minorization conditions could provide similar mean squared error bounds for functions in
Ly(re) with

il

sup — < 00

xeX \/‘_/
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(where V is the function appearing in the drift condition), as in [17]. While that may be a
larger class of functions than L) (7r¢) (depending on what V happens to be), the class L) (¢ ) is
quite rich, making this bound still useful. Moreover, the class of functions to which our mean
squared error bounds apply, and the value of the bound itself, depend only on intrinsic features
of the Markov chains under consideration. In contrast, bounds based on drift and minorization
conditions include extrinsic features—introduced by the user for analytic purposes (such as
the drift function, V)—for which many choices might exist, each leading to different function
classes and different bounds.

4. Applications to Markov chain Monte Carlo

In this section we apply our theoretical results to some specific variants of MCMC algo-
rithms to obtain guarantees for noisy and/or approximate variants of MCMC algorithms.
MCMC is used to generate (correlated) samples approximately from a target distribution for
which the (unnormalized) density can be evaluated. The key insight is to construct a (typically
reversible) Markov chain for which the stationary distribution is the target distribution. This is
possible since the reversibility condition is readily verified locally (without integration).

The most commonly used family of MCMC methods is the Metropolis—Hastings (MH)
algorithm. The chain is initialized from some distribution Xo ~ (. At each step a proposal is
drawn from some transition kernel, Y; ~ Q(X;_1, -). Suppose that the kernel Q(x, -) has density
q( - |x). The proposal is accepted with probability

T (Y)q(Xi—11Y1) )
T X )q(Yel X))

If the proposal is accepted then X; =Y;, and if it is rejected (not accepted) then X; = X,_1.
The combination of proposal and accept/reject steps yields a 7 -reversible Markov kernel, and
reversibility guarantees that the stationary distribution is the target distribution. The user has
freedom in selecting the proposal kernel, Q, and some choices lead to better performance than
others. The accept/reject step requires evaluating the target density, r, twice on each step.

A large body of research exists guaranteeing that specific MCMC algorithms will be
geometrically ergodic (see for example [13,22,30], and many more.). These typically ver-
ify geometric ergodicity for a collection of target distributions, rr, and for a small family of
proposal kernels, Q.

If the target likelihood involves some integral which is computed numerically or by simple
Monte Carlo, then the numerical and/or stochastic approximation introduces a perturbation to
the idealized MCMC scheme. This occurs even in standard and widely used statistical models
such as generalized linear mixed effect models (GLMMs), since the random effects are nui-
sance variables which need to be integrated away, either using Laplace or Gaussian quadrature
schemes, or by simple Monte Carlo, in order to evaluate the likelihood. Since the MH algo-
rithm requires evaluation of the density, these each introduce a perturbation in the acceptance
ratio, and hence in the actual transition kernel of the MH scheme. We now consider the extent
to which our results from Section 3 can be applied to prove geometric ergodicity for certain
approximate MCMC algorithms.

Q(Yt|Xt_1) = min (1

4.1. Noisy and approximate MCMC

The noisy (or approximate) Metropolis—Hastings (nMH) algorithm, as found in [1] (see also
[25]), was briefly described above. The algorithm is defined exactly the same way as the MH
algorithm, except that the acceptance ratio, a(Y:|X;—1), is replaced by a (possibly stochastic)
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approximation a(Y;|X;—1, Z;). Here Z, denotes some random element providing an additional
source of randomness, so that a(¥;|X;—1, Z;) is not o (Y;, X;_1)-measurable when the approx-
imation a(Y;|X;_1, Z;) is stochastic. In the case of a deterministic approximation, Z; can be
ignored or treated as a constant. The approximation can typically be thought of as replacing
the target density in the acceptance ratio with some approximation. This includes most approxi-
mate MCMC algorithms which preserve the state space and the Markov property, such as those
replacing 7 with a deterministic approximation or an independent stochastic approximation at
each step (as in Monte Carlo within Metropolis). It does not include algorithms which retain
the Markov property only for an augmented state space, such as the pseudo-marginal approach
of [2].

For our analysis of these algorithms, P will represent the transition kernel for the MH algo-
rithm, while P will represent the kernel for the corresponding nMH chain. The key step in
applying our results from Section 3 will be to show the L(:7) closeness of the nMH transition
kernel to the MH transition kernel. Again, ||-||z,(r) is the norm on Ly(7r) and the correspond-
ing operator norm. We will assume that = and {Q(x, -)},cx are all absolutely continuous
with respect to the Lebesgue measure and have densities 7 and {q( - |x)},cx respectively.
All arguments used would still apply if there were an arbitrary dominating measure in place
of the Lebesgue measure. Let F)|; be the regular conditional distribution for Z given X =x
and Y =y, and let f;), be its Lebesgue density. Define the perturbation function for the nMH
algorithm as

E
r(ylx) = Z ~ Fyjx (a(ylx) = a(ylx, 2)) = / (a(ylx) —aylx, 2) fyx(2)dz.

Theorem 6. (Geometric ergodicity and closeness of stationary distributions for nMH) Let P
be the transition kernel for an MH algorithm with proposal distribution Q, target distribu-
tion 1, and acceptance ratio a( - | - ). Let P be the transition kernel for a corresponding nMH

algorithm with approximate/noisy acceptance ratio a( - |-, ). Let r( - | -) be the corresponding
perturbation function.
If Qs () < 00 and sup,. , [r(ylx)| <R, then
IP = PllLyery < RA + 1Ol ym)) - @)

Furthermore, if P is reversible and Ly (1 )-GE with geometric contraction factor (1 — «), and
€ =R(1 4 ||QllLy(r)) < @, then P has a stationary distribution T, and the assumptions outlined
in Section 3.2 hold with P. = P and 7. =T7.

Therefore, Theorems I to 5 and Corollary 1 can all be applied. In particular, P is Lo(7w)-GE
with factor 1 — (o« — R(1 + ||Qll L, (), it is a.e.-TV-GE, and
- R(1+ 1Qll1,(x)) _
" Va2 = R+ [|1QllLyr))?

furthermore, lfﬁ is reversible, then it is Ly(7)-GE with factor (1 — (& — R(1 + [|QllLy(x)))-

17 — 7l Lyr)

®)

The above theorem provides an alternative to the analogous result of Corollary 2.3 from [1],
relaxing the uniform ergodicity assumption. In particular, it requires that Q € B(L,(7r)) and that
R(1 + 1QllL,(x)) < a. The first of these requirements is not dramatically limiting since the user
has control over the choice of Q. The second requirement is also not dramatically limiting, as
control over R may be interpreted as limiting the amount of noise in the nMH algorithm, and
such control is required regardless in order to ensure the accuracy of approximation in both the
geometrically ergodic and uniformly ergodic cases.
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4.2. Application to fixed deterministic approximations

Suppose we run a fixed MH algorithm, but replace the target density with one which is close
everywhere. Perhaps this alternative density is easier to compute (e.g. replacing an integral
with a Laplace approximation as in [19], or replacing a full sample with a coreset for sub-
sampled Bayesian inference as in [8]). By construction we would know that the approximate
target distribution is close to the ideal target distribution. The question still remains whether
geometric ergodicity is preserved. We resolve this question in the case that the approximation
has constant relative error.

Corollary 2. Suppose we can approximate the unnormalized target density, Cr, by 7, with a
0-bounded relative error:

Crm(x)
) |<6. ©)]

sup |log

xeX 7T (x
If the MH algorithm with proposal kernel Q is Lr(m)-GE with factor (1 — «), and if
o
< ——m——,
2+ 19l Ly )

then the corresponding approximate transition kernel, P, is L»(%)-GE, and

20(1 + 1@l Ly(m))

17 — 7|y < . (10)
P e = 4021+ (Ol 1)
Proof. Since the function x — 1 A exp (x) is 1-Lipschitz, we have
lr(yx)] = la(y|x) —a(y|x)]
7 (y)q(xly) 7T (y)q(x]y)
<l|log ———— —log ————
7T (X)g(ylx) 7T (0)g(ylx) (11

Cxy) _, Cr@)

- ‘log 70 Rm

<26.

So P will be Ly(7r)-GE as long as P was geometrically ergodic with some factor 0 < (1 — «) <

1 and
o

0< ——F——.
2(1+ 119l Ly )

Moreover, in this case, P is reversible. Thus, we can use Theorem 3 to obtain Lo (7)-GE of ﬁ,
with factor 1 — o +20(1 4 | Qll1,(x))- O

12)

In this scenario, we can also use Theorem 5 to get quantitative bounds for the mean squared
error of any Monte Carlo estimates made using P, or any of our other results in Theorems 1 to
4 and Corollary 1 as needed.

Example 2. (Independence sampler.) The previous result also immediately gives that if g is
bounded above by C < exp (1/4) and below by ¢ > exp ( — 1/4), then the independence sam-
pler for 7 with proposals from 7 is geometrically ergodic with factor 4max(log C, — log (¢)).
This is, however, sub-optimal when compared to [36], which only requires a finite upper bound

on g—; to establish uniform ergodicity.
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Example 3. (Laplace approximation for GLMMs.) Generalized linear mixed models
(GLMMs) (see [5,23], etc.) are widely used in the modelling of non-normal response vari-
ables under repeated or correlated measurements. They are the natural common extension of
generalized linear models and linear mixed effects models. They handle dependence between
observations by introducing Gaussian latent variables. These random effects are nuisance vari-
ables for the purpose of inference. In order to perform Bayesian inference for GLMMs, one
requires samples from the marginal posterior distribution of the parameters given the data. The
marginal posterior, here, is the posterior for the parameters given the observations, in contrast
to the joint posterior of the random effects and the parameters given the data.

This can be approached in two ways. One option is to obtain samples for the random effects
and parameters jointly given the data, and discard the random effects to get marginal posterior
samples for the parameters. The second option is to approximate the likelihood by integrating
(numerically) over the random effects, and using the resulting approximate likelihood in the
calculations involving the unnormalized posterior for the parameters.

In the second case, when the prior for the parameters is compactly supported, if one had
established a result saying that a particular MH procedure for the exact posterior distribution
of the parameters would be geometrically ergodic, then one could directly transfer this result to
the approximate posterior computed using a Laplace approximation, at least for large enough
samples. This is valid since the Laplace approximation has constant relative error on compact
sets, and the relative error decreases with sample size (see [37]). Hence, for a large enough
sample size, Equation (12) will be satisfied regardless of what the proposal kernel Q was (as
long as [|Q|l,(x) Was finite).

Example 4. (Uniform coresets.) In Bayesian inference with large samples, an approach to
reducing the computational burden of evaluating the likelihood in the unnormalized posterior
for MCMC accept/reject steps is to select a representative subsample of the data and to up-
weight the contributions of each of the selected samples in such a way as to best approximate
the original likelihood. These up-weighted subsamples are called coresets. They naturally give
rise to approximate MCMC methods in which the true posterior is replaced by an approxima-
tion based upon a coreset. Several methods for coreset construction exist; however, relatively
little work has been done to assess their impact upon approximate MCMC methods. We will
consider the uniform coreset construction of [14] (so named in [8]).

Theorem 3.2 of [8] provides the guarantee that, with probability (1 — §), the unnormalized
approximate posterior C7t based on a uniform coreset of size M will satisfy

Civ)| _ o (3 _
sup log <—— | =zD+7ny/2log(1/d) ), (13)
rex LM Crx)|~ VM \2
where o = ZHNII oy, N is the number of observations,
o = sup |ﬁi(x)|
n e X E(x) ’

Li(x) is the log-likelihood of parameter x at the ith observation, £(x) = Zf\’: 1 Li(x) is the log-
likelihood of the dataset
_ 1 Lix) L)
7= max sup —
ije{l..N} yex 1L oi oj
1 ([8, Definition 3.1]).

l (14)

and D is the approximate dimension of {L;}!
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If, in addition to assuming that {O’,’}?’: | are all finite as in [8, Section 3], one were to assume
that |£(x)| is bounded as a function of x, then the uniform coreset result would imply the
conditions of our Corollary 2, namely that

Cr(x) 0||£||oo
s o 3| <2 (50 2. ®

with high probability. Consequently, for any proposal kernel Q : Lr(w) — L, (;r) we should be
able to choose M sufficiently large so that with high probability

O‘”E”OO ( (0] > ) =+ Lo(m

Hence the approximating Markov chain will be geometrically ergodic with high probability.

4.3. Application to Monte Carlo within Metropolis

Following [24], we can get bounds for the simple Monte Carlo within Metropolis algorithm
(MCwM). This is the special case of nMH where we approximate the likelihood ratio

m(y) EI(y, Z)
7(x)  EM(x, 2)

by

(7@\)) _ 20,2
7 (x) ZizivN—H T(x, Z)

using a new independent sample taken each time the likelihood is evaluated. In the notation of
the previous section,

gxy) X0, Ty, )

alylx,2)=1A . (17)
g0 2y T, 20)
Let
Wi(x) = —— > Tl(x, Z),
km ( ) Z
(0 = E[We(x) 2], (18)
1
s(x) = StdDev(IT(x, Z1)).
VT (x)
Lemma 14 of [24] tells us that if there is a k € N such that ix(x) < oo for all x € X, then for
N >k,

1
lryI0l < alylx) I i (y) (s(x) 4 5(v))
19)

< iNiuy) (5() + 50)) .

Corollary 3. Let P be the MH transition kernel for the target density w and proposal ker-
nel Q. Let Py be the corresponding MCwM transition kernel when 7 ( -) is approximated by

L3 e, z).
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Assume that s and the iy as defined above are uniformly bounded for some k € N. Suppose
further that

il 2o lls 121 + ||Q||L2<n>)2)

Np = max (k, 3
o

and N > [Ny + 1.
Then Py is reversible and Ly(m)-GE with factor

1

l—a+ ————,
/N /Ny
and it has a stationary distribution

7 (x)

NE [(Zﬁv_l M, zi))_l}

/J'FN()C) X

with
No

v 20
Na? — Ny @0

7 — Ny () <

Proof. Suppose that N > | Ny | + 1. From Theorem 1, we know that the perturbed chain Py
is Lo ()-GE with factor 1 — «a + ﬁ and has a stationary distribution 77y with

No
-7 < o @0
I NLa) = Na? —No

Moreover, by inspection, Py is reversible with respect to
7 (x)

NE [(Zi\il I(x, Zi))_l] |

ﬁ'\N ()C) X

Thus, we can use Theorem 3 to obtain Ly (7y)-GE of /ﬁN, with factor 1 — o + ﬁ U

Remark 6. A simple scenario under which these iy and s are uniformly bounded is when the
joint density of x and Z is bounded above and below by a multiple of the marginal of x, so that

I(x, z)
7 (x)

€le, C] (22)

for all (x,z) € X x Z. This condition is essentially tight if we wish to take k=1 and take
the base measure to be the Lebesgue measure restricted to U C R4 in this case the condition
llix(0)|l 1., < oo implies that

7 (x) zr()c)2
= ) ——— 23
/U (x, z)dZ Bz L M(x, -)2 = 3)

for all x. That is, the reciprocal of the conditional density of Z given X = x has a finite integral
for each x.
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Remark 7. More generally, [24, Lemma 23] tells us that if E[ W, (x)"”] < oo for some ko € N
and p > 0, then for k > kg {1%1, ir(x)? < E[Wy,(x)"7]. Therefore, in order to uniformly bound
ix(x), it is sufficient to bound E[ Wy, (x)"”] uniformly in x for some ko € N, p > 0. This is much
less restrictive than trying to bound ij(x). In the case that p < 1, ko = 1, this is much less
restrictive than when p =2, ko = 1; it is equivalent to requiring that tempered versions of the
conditional distribution
I(x, -)
7 (x)

can be normalized by uniformly bounded normalizing constants. This would be true if, for
example, (Z|X =x) ~ N (u(x), o2(x)) with o2(x) uniformly bounded in x. More generally,
using 0 < p < 1 instead of p =2, whenever the conditional law of Z has uniform exp-poly

tails, i.e.
T(x, 2)
——— =exp(—Clz— pu[*)
7 (x)
with o > 0, the p-version of the condition would hold.

We could also use Theorem 5 to get quantitative bounds for the mean squared error of any
Monte Carlo estimates made using Py, or any of our other results in Theorems 1 to 4 and
Corollary 1 as needed.

Medina-Aguayo et al. [24] also consider a case where the assumption that s and the i are
uniformly bounded is dropped, and instead, the perturbed kernel is restricted to a bounded
region. We do not address this case here.

Appendix A. Proofs

A.1 Proof of Theorem 1

The following lemma is contained in the remark after Theorem 2.1 of [29]; we prove it here
as well since the proof is so simple.

Lemma 3. (Remark in [29].) For any probability measure ju € Ly(7),

2 2
| — 7T||L2(7T) = ||M||L2(ﬂ) — 1.

2 du : du\> . du
Of”/'L_n”Lz(n):/ <E—1> dJTZ/ <<a> _ZE_'_I) dr
-/ (d—“)zdn—zfdwfdn:nuz—1||L o
dm 2
O

We will make use of the following simplified version of Theorem 2.1 from [29] as well.

Proof.

Proposition 2. (Equivalent definitions of L, (7 )-GE from [29].) For a reversible Markov chain
with kernel P and stationary distribution 7w on state space X, the following are equivalent (and
p is equal in both cases):

(i) P is Lo(m)-GE with optimal rate p and coefficient function C(j1) = |t — 7| L, (x)-
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(1) P has Ly o(rr)-spectral radius and norm both equal to p:

lvPIL
=B — = H(PlLy o)
veLy o0y VIILacr)

where
H(Ply () = sup{lp|: p € C and (P|L2,0(n) — plL, o)) is not invertible}. 24)

Note that while when the kernel is reversible we may take C(u)= | — 7 ||z,(r) in the
bound corresponding to L, (7 )-GE with optimal rate p, this is not true for non-reversible chains.
By applying the above theorem in our context we have the following.

Lemma 4. Under the assumptions of Section 3.2,
V1 P" = 2P | yry < (1 — @) [V — 2l Ly

for any probability distributions vy, va € Lo(r). In particular, taking vy = 1,

V1P = 7 llLamy < (1= 0)"[[V1 = 7 1y = (1 = )"\ I01113, o, — 1.

and applying Cauchy—-Schwarz yields
[ViP" — 7Ly ) < IP" = 7l Lyr) < (L= @) [[vi = 7 [l Ly )
We begin with a first result giving sufficient conditions under which the stationary
distribution 7, of the perturbed chain is in Lp(7).

Lemma 5. Under the assumptions of Section 3.2, if in addition € < «, then P. has a unique
stationary distribution, w. € Lo(w), and ||7te — 7| 1,(r) < otéTe

Proof. Since P; is w-irreducible and aperiodic, it has at most one stationary distribution, 7,
with . < 7 (see for example [9, Corollary 9.2.16]).

Suppose for now that 7 P! has an L(r) limit, me. Then, using the triangle inequality, the
contraction property (|| Pe||Tv = 1), and Cauchy—Schwarz, we have

[7ePe — melltv < |mePe — Py + TP — mellTv
-
<|mwe =Py ItV + |17 P? — el
1 n—o0
<|lme — ﬂPZ ”Lz(n) + ||7TP'Z - 7Te||L2(rr) — 05

thus we find that . must be stationary for Pe.

It remains to verify that {7 P}},cn is an L(;r)-Cauchy sequence, and thus from complete-
ness it must have an Ly(7r)-limit. To this end, define Q. = (P. — P). Let 2K = {0, 1}* for all
k € N. We will expand 7 (P 4+ Q)" and use the following facts:

A. VR € B(Ly(r)) [xP"R = 7R).
B. Qc:Ly(m)— Ly o().
C. Plr,y(r) € B(La,0(r)) and [|P|L, o)l 1y,0(r) < (1 — ).
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Since the operators P and Q. do not (necessarily) commute, when we expand (P + Q)" we
must have one distinct term per binary sequence of length n. We can then group terms by the
number of leading Ps, and use (A) to cancel the leading terms.

Let m, n € N be arbitrary with m <n. Then

7w Py — P | Ly
=|r(P+ Q)" —n(P+ Qe)m”Lz(n)

| (z11Pe) - (e
be2" j=1 be2™ j=1 Ly(m)
- n[ p"+zpﬂ ey ]_[beQ
be2k =1
P’"+ZP’” = 1QGZ]_[P”JQ }
be2k j=1 La(m)
n—1 k m—1
_ JT—G—ZTCQeZHijQi_bj _ JT+Z7TQEZHij 1 b;
k=0 be2k j=1 k=0 pe2k j=1 Ly(m)
n—1 k
= |z ZQe Z HthQi_bj
k=m  pe2kj=1 Ly()
n—1 k
= 3) 30 ) (T
k=m pek j=1
n—1
=Y (l—a+ef
k=m
< (I—a+e).
o—€

Since this upper bound on || P} — 7 P"||1,(x) decreases to 0 monotonically in m = min(m, n),
the sequence must be L, (v )-Cauchy.
Now, to bound the norm of 7, we take m = 0 and we get that for all n e N,

7 P? — 7Ly < —

From the continuity of the norm, it must be the case that || — 7 ||1,(r) <

€
oa—e’

Lemma 6. Under the assumptions of Section 3.2, if in addition € < o, then

I <|\7mellLym) <

o
/a2 — &2
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and

€
0=<lIm = 7ellLor) < ———-
)

Proof. The two lower bounds are immediate from Lemma 3 and the positivity of norms:
2 2
0=<|lm = 7ellL,z) = lI7ellfyry — 1-

To derive the first upper bound, we apply Lemma 3, our assumptions about the operators P and
P, and the triangle inequality to |7 — 7 |2:

VIellZ ) = 1= 11 = Tellryor) = 7P = 7P+ 7 P = e Pell ym)

<|7wP— ”eP”Lz(n) + || P — 7T€P€||L2(ﬁ)

= =7 = 7ellLy ) + €llmell Ly

= (1 =)\ /17l r) — 1 + €l Ly o-

Collecting the square roots and squaring both sides yields

& (el )~ 1) < el .

which implies that

2 o’
||7Te||Lz(n) < o2 _

5
€
Finally, the second upper bound is derived from the first one, again using Lemma 5.1:

o? €2

2 _ 2 _ 1 —
lr — 7Te||L2(71) = ||7Te||L2(7f) 1< a2 1= 22 _e2

O
We next observe that our assumptions imply that for small enough perturbations, the
perturbed chain P, is geometrically ergodic in the L, (7r) norm.

Lemma 7. Under the assumptions of Section 3.2, if € < «, then we have that P, is Ly()-GE,
with factor <1 — (o — €).

Proof. Suppose that v € L, o(7r). Then
VPellLyy < IV(Pe — Py + VPl Ly

<elvliLom + A =DVl
=1 —-a+o)lviLm) -

Thus, for any probability measure u € Ly (), since . € Lp(7r) we have
IP; — el Ly = 1t — TP | Ly ()
<= (=)'l —mellLym) -

O
Combining Lemmas 5 to 7 together with the triangle inequality immediately yields
combinedthm.
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A.2. Proofs of Theorem 2, Theorem 3, and Corollary 1

Definition 3. Following [29], a subset S C X is called hyper-small for the m-irreducible
Markov kernel P with stationary measure 7 if 7(S) > 0 and there exist 65 > 0 and k € N such
that for all x, y e X,
dP*(x, -
B () = ds1s(x)1s(y),
T

or equivalently, if Pk(x, A) > s (A) for all x € S and A C S measurable.

Lemma 4 of [15] states that on a countably generated state space (as we have assumed
herein), every set of positive 77 -measure contains a hyper-small subset.

Lemma 8. (Existence of hyper-small subsets from [15].) Suppose that (X, X) is countably
generated. Suppose that X is a ¢-irreducible Markov chain on X with kernel P for some
o -finite measure ¢ on X. Then any set K C X with ¢(K) > 0 contains a set Sg such that
(for some ng € N)

dP"K (x, )

=4§>0.
(x,y)eSg xSk dm 2 -

In the case that a stationary distribution 7 for P exists, without loss of generality we can take
¢ =m. In this case, it is immediate that any set (Sk, ng) satisfying Lemma 8 also satisfies
Definition 3.

Also of importance to us is the following variant of Proposition 2.1 of [29], which provides
a characterization of geometric ergodicity in terms of convergence to a hyper-small set.

Proposition 3. (Equivalent characterizations of w-a.e.-TV-GE from [27,29].) Suppose that
(2, X) is countably generated, and that X is a ¢-irreducible Markov chain on X with kernel
P with stationary distribution 7. Then the following are equivalent:

(1) There exists pty € (0, 1) such that P is w-a.e.-TV-GE with factor pry.

(ii) There exist a hyper-small set S C X and constants ps < 1, Cs € Ry such that
Ls(y) (dy)
= Py, ) —
H/ ) T

(iii) There exist a m-a.e. finite, measurable function V : X — [1, oo] with w(V?*) < 0o, and
pv € (0, 1), and C > 0 such that

< Csps VneN.
TV

2)18xP" — ity S [I18:P" — 7llv < CV(x)py,

where ||p|lv = sup |u(f)l.
fl=sv
Proof of Theorem 2.
(i) Let S be a hyper-small set for P, (which must exist from Lemma 8§, since P, is
mc-irreducible). Then the measure pg defined by
d/,LS _ 15 d]‘L’e
dr ~ 7m(S) dn
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satisfies (by Holder’s inequality, and since 7, € Ly(7))
114$ 12,y < I17Te 1y e (S) ™2 < 00,
and hence g € L>(r). Then (by Cauchy—Schwarz again)

H 1s(y)ne(dy)P "y, )7

7e(S)

TV

1
<3 lsP! — wellyiry < s — Tell Ly (1

1005

—a+e),

which, along with Proposition 3, establishes that P, is 7.-a.e.-TV-GE with some factor

prv € (0, 1).
(ii) Suppose that p € Loo(7e). Then p € Lp(7r) since

du dm,
—_ < -
o Ml Lo o) T
Since uP! — me € Ly(we) C Ly (),

I1Pe = 7l (o) = ILPE — TellLy(r) = 21| Pe — 7ellTv.
Applying this equality as well as Cauchy—Schwarz, we get

| P! — el o) = | PE — 7wellL, (o)
< IuP? — el Lyt

< — w1 —a—e).

(i) If w € Loo(7we) and o € Lo (e ), then

duP? — 2
ww—m@WF/<—éri)we
€

/ duP? — m, zdnd

= — ) —dn
dm drm,

duP? — 2
< ||7T||Loc(n5)/ <5—n€> dn

2
= 17| Lo |LPE — el )

<N oo 1t = el ) (1 = (o — €)™,

(25)

(26)

@7

Proof of Theorem 3. From [4, Lemma 1], since P, has stationary measure 7., we have
P : Ly(me) — Ly(me). Since Pe is (Loo(7te), |||l (7. ))-GE with factor p; < (1 — (o — €)) (as
established by Theorem 2) and P is reversible, it must also be L;(7)-GE with factor p = p;

by Lemma 2.

O

Proof of Corollary 1. Note that the assumption that ||P — Pc|l1,(z,) < ¢ implies P —

Pe : Ly(e) — Lo (7).

(1) Since P, is Ly (. )-GE with factor (1 — (o — €)) and m.-reversible, we can reverse the

roles of P and P, so the result follows by Theorem 1.
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(i) Taking u = and n =1 in Theorem(iii), we have

17 Pe = el 7y < N e 170 = el — (@ — €)°
2 ) (28)
= ”T[”Loc(”e)m(l —(@—e)".
Hence,
7 — 7ellLyre) S NTP — T Pell sy + 1T Pe — e ll Ly (o)

1/2 €
< QI llLyre) + ||n||Lﬁo(mﬁ<1 —(@—¢)
- — €

1/2 € (29)
=pJIm = 7wl )+ 1+ ||n||Lg(ne)ﬁ(1 — (@ =€)
ac—¢€
12 €
< @I = Tellyerey + D + 1, 0 =1~ @ = e,
- —€
Hence,
N P
@ H 1Ty =1~ @ =) 0
l7 — ellymo) < | .
-9
Finally,

P — 7l Ly ey < NPe — TellLyre) + 17e — 7l Ly () -
The first term is bounded by Theorem 2(iii), and the second term is bounded by (30).

A.3. Proofs of Theorem 4 and Theorem 5

A.3.1 Time-averaging of marginal distributions. Proof of Theorem 4. The first result of
Theorem 4 follows from the triangle inequality and Theorem 1:

< L[

t—1

1
JT—;ZMPIE

k=0 Lo () k=0 La()

= . .

=- (I = (@ =) lme = plliyo) + =
t 22 — €2

k=0

1—(1—(a—e)

= e — e — %

Pr— 17 = 1llzy () =
The subsequent results follow similarly via Theorems 2 and 3 and Corollary 1. O

A.3.2 Covariance bounds. We turn our attention to the covariance structure of the original and
perturbed chains. There is an obvious isometric isomorphism between the space of measures
Lo () and the function space

Lym)={f: X > Rst / £ (dx) < 00}
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equipped with the norm |[f||2, = f f (x)2rr(dx), where a measure u is mapped to its Radon—

2 ()
Nikodym derivative, u — g—g. For this reason, we need not distinguish between these spaces,
and when dealing with a function f € L} () we may occasionally abuse notation and treat it as
its associated measure. Let X; and X; denote the original and perturbed chains run from some
initial measure € Ly (7).

Corollary 4. Under the assumptions of Section 3.2,
(a) if Xo ~ 7 (the initial distribution is the stationary distribution), then for f, g € L'2(JT),
Cov[f(Xy), X1 < (1 —a)*||f — Tfllyom g = w8l 5 (€29)
(b) ife <a, and Pe is mc-reversible, py = (1 — (« — €)), and X{; ~ 7, then for f, g € L) (me),

Covlf(Xf), gX < pY I = 7ef g I8 = ey, - (32)

where for a function h: X — R, wh is the constant function equal to [ h(s)m(ds)
everywhere.

Proof. The proof of this result follows that of Corollary B.5 in [18]. We only show the
proof for the original chain; however, the proof for the perturbed chain is the same, since it is
reversible and L, (7, )-GE with the appropriate factor, from Theorem 3.

Define the subspace

L’2,0(n) ={heL)(n): / h(s) (ds) =0},
and define the operator F € B(L/Z’O(JT)) by

[FF100) = / P(x. dy)f(y) = EIf (X)|Xo = 1.

From Lemma 12.6.4 of [21],

swp com(f(Xo). gX)=  sup (. F'e) = Pl o
f,gEL/z(JT) W‘”L’z(ﬂ):lzug”l"z(ﬂ) '
f.geLb o)

Consider the canonical isomorphism between L,(r) and L’z(n). The restriction of this
isomorphism (on the right) to elements of L’M(n) yields Ly o(7r) (on the left)—the signed
measures with total measure 0. The image of F under the restricted isomorphism is the adjoint
operator of P restricted to Ly o(;r). Since P is m-reversible, it is self-adjoint in Ly(;r), so

IF L, \r) = 1PNy 0r)- Thus

t t _ t t
1y om0 < WF Wy oy = 1P g I < 1 =)'
Therefore

Cov(f(Xo), X)) < If = 7l Ilg — T8l 1) (1 — ).
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Since Cov is symmetric, the shifted and symmetrized result holds for any f, g € L} (7):

Cov[f (X)), gX)1 < (1 =) If = 7fll )l g — 781y (33)

We present further bounds for the case that the initial distribution is not the stationary
distribution in Corollary 5.

Remark 8. Note in Corollary 4 that
Ih = 7l ey = IR, ) = T < WAl -

12l Ly < 1h = (Wl Ly + 1T (R)] (34)

Corollary 5. Under the assumptions of Section 3.2,

Also note that

(@) if Xo ~ 1, then for f, g € L (),
Cov(f(Xy), g(Xi+s)
<1 —-a)’If - Tfllyomllg = w8l
+ 221 — )P = 7 | Ly If — Tfll o l8 = w8l
— (uP'f —7f) (WP g —7g):

(b) ife <a, and P is mc-reversible, py = (1 — (& — €)), and X§ ~ u, then forf, g € Lﬁt(zre ),

Cov(f(X(). g(X{,,)
=03l = mef Iy 18 — megllLy (e
+s/2
+ 22052 = Tl Lo I = 7ef e 18 — el

— (WP — 7tef) (nPg — meg) -
Proof. This will use the following shorthand notation. Let

Jo=f—nf,
go=g-7g,

1/2
||h||*=( / (h(x)—nh)zn(dm) ,

1/4
||h||“=< / (h(x)—nh)“n(dx)) ,

Cu=lln—ml>.

We can interpret || - ||,, as a centred 4-norm. It is certainly bounded above by | - |4, the
norm on L) (7). For some results regarding the properties of a Markov transition kernel as an
operator on L;,(JT) for general p given an Ly-spectral gap (as is implied by L,-GE), please refer
to [34].

We only show the proof for the original chain. The result for the perturbed chain has
essentially the same proof.
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By definition we can express the covariance by the triple integral below. We re-express this
integral as a sum of two integrals involving the chain run from stationarity. This will allow us
to apply Corollary 4. We have

Cov(f (X)), g(X1+5))

= f / (F») — uP'f)(g(z) — uP T g)u(dx)P'(x, dy)P(y, dz)
d
= / f (F») — uP'f)(g(z) — uP™g) [ﬁ(x) — 1] 7 (dx)P'(x, dy)P(y, dz)

+ / / / (F) — wP'f)(g(2) — uP ™ g)m (dx)P'(x, dy)P’(y, dz).

We will simplify each of these expressions separately, starting with the second term:

/ / f (FO) = WP (g() — WP )m (d)P' (x, dy)P*(y, dz)
= f (FO) = wP)(g() — WP g)m (dy)P*(y, dz)

= f FONg@m (dy)P(y, dz)
— (WP'f)(g) — (f)(UPT5g) + (WPf) (P T g)
= f Sogo(@m (dy)P’(y, dz) + (mf)(w g)

— (WP'f)(g) = (TN UPHg) + (UP (P g)

For the first term we find that

/ +s dp t 0
/ / (fQ) — uPf)gz) — uP™g) <g(x) - 1) 7 (dx)P' (x, dy)P°(y, dz)
d

= / / f fe(2) (ﬁ(x) - 1) 7 (dx)P'(x, dy)P*(y, dz)
dp

— (uP'f) f / 8(2) <E(x)— 1) 7 (dx)P"(x, dz)
d

—(uPt'g) / / i) (ﬁ(x) - 1) 7 (dx)P'(x, dy)

+ (UP'f) (P g) / (j—j’j(x)— 1) 7 (dx)

d
= / / / JfoOego(z) <ﬁ(x) - 1) 7 (dx)P'(x, dy)P*(y, dz)
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— (uP'f — f) / / I69) (Z—Zoo -~ 1) 7 (dx)P™ (x, dz)
d
—(uPt'g—mg) [ / fo) (ﬁ(x) - 1) 7 (dx)P'(x, dy)
d
— (tf)rg) / (d—“(x> - 1) 7 (d)
T

d )
=<—d“ —1, F’(fo®(F3go))>
T

— (WP'f — f) <2—M -1, F’+Sg> — (uPg—myg) <d—M -1, F’f>
T dm

d
= <ﬁ -LF(fh® (F“go))> — 2uP'f —nf) (WP g —mg),

where fy ® F*go is defined by

[fo ® F*g0l(y) =fo(y) / 80P’ (y, dz).
Putting these together,
Cov(f(X), 8(Xi+s))
={fo. F*go) + (rf — uP'f)(rg — uP*'g)

d
+ <ﬁ -LF(Hh® (Fsgo))> —2(uP'f — nf) (WP g — mg)

d
= (fo, F*go) + <ﬁ -LF(fh® (ngo)>> — (WP'f — zf) (WP " g — 7g)

< —a)IIf gl + (1 =) [w — 7 l2llfo ® Fgolla
— (WP'f — zf) (WP *g — g)

<= IIf gl + (1 =)l — 2ol Fgoll4
— (WP'f —f) (WP g —mg)

<=’ Ifllligle + (1 — )l — 7 [12llfollllgoll4 )

— (WP'f — nf) (uPg —mg)
<1 =) Ifllllgls + 2321 — )| — w2 If N lgl,,
— (WP'f — nf) (uP g —mg).

i,

The (fy, F¥go) term is bounded using Corollary 4, where we have taken the result in its
equivalent form using the (-, -) notation and the forward operator F. The term

d )
<—d“ —1, Fl(fo®(F3go))>
T
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is bounded following the methodology of the proof of [34, Lemma 3.39] (in order, the inequal-
ities are Cauchy—Schwarz, ||[F*goll < |[F*|/llgoll for any norm || - ||, and Proposition 3.17 of
[34]). O

The main motivation in establishing the covariance bounds in Corollaries 4 and 5 is that
we will need to sum up covariances in order to establish bounds on the variance component of
mean squared error for estimation of 7 (f) via the dependent sample means

1 t—1 1 t—1
PO DCONEED IO
j=0 j=0

for an arbitrary starting measure. To this end we will be interested in the following summation
result.

Corollary 6. Under the assumptions of Section 3.2,
(@) if Xo ~ 1, then for f, g € L (),

=
z 2

—

|
Cov(f(X)), f(Xk))
0

m=0 n=
2
21lf — #fII3, 22w = 7 Ly If = 7112, i1
() 2 L, () 1
< 2 4 _ _ Pm _
- at + a?f? (tzu I nf)
m=0
(b) if € <a, and P¢ is me-reversible, p» = (1 — (o —€)), and XS ~ W, then for f,ge
LQ(ﬂe),
1 t—1 t—1
32 > Cov(fX), FXP)
m=0 n=0

2

2 7/2 2 —
2W = Ay | 2P Tl =7y (1S,
) o O
(1~ o (1= po)r? '

Proof. We only show the proof for the original chain. The results for the perturbed chain
have essentially the same proof. The proof is largely an exercise in summation of geometric
series and meticulous bookkeeping. The first inequality is due to Corollary 5. The second
inequality makes use of the fact that 0 < o < 1. To simplify notation, C;, = ||t — 7|1, (). We
have

1 t—1 t—1
32 2 Cov(f(X)), fXi)
n=0

m=0 n=
|”2t1t1 t—1 t—1

Y A=yt - ZZ(#P’"J” f) (uP'f — 7f)

m=0 n=0 m=0 n=0
L2 ufu2 5

Z Z (1— )(m+n)/2

m=0 n=0
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ufu2 \ ! . 2
2(14—2 Z (1—a)) (;Z(Mpmf_ﬂf))
m=0 =0
23/2C 2 —1 t—m—1
m=0 =1
|lf||% - (l—a)—(1—a)y™™ 1 1—1 2
23/2C |lf||2 i(l 1+2\/— mtfm
1—+4/1—«
2
I & (2—a 2 N e
) mg;)( o _&(I—O‘)I )— ?n;(,upf—nf)
23/2Cﬂ|lf”2 = 1+/1— JT= AL
[ ... 1— m _2
+ 2 mg;) (1-a) Sy
2
AR (2 2(0—a)—(1—a)t! =
G ( o« « >— ;’;Wf—nf)
. P2CA% (| 1+VT—a [1 _a _a)z]
? 1—Vl—« o
| evi=d | 1-vi=d
1-V1—« 1—V1—«a
2
: 1
23/2C 2 T
" SIV“" (1 . al a) (1—(1—a)/??
2
AR 2PCAAE (1
== T 0;,2 - ;mz:%(MP 'f—nf))] .
A.3.3 Mean squared error bounds.
Theorem 7. Under the assumptions of Section 3.2, if Xo ~ i € Lp(7), then
—1 2 ) - ,
20f — 2 — _
E <n'(f) — - Zf(X )) - Il mﬂfllz 420 Zz”,zz”f 7flly
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Proof. The proof proceeds by partitioning the mean squared error via the bias-variance
decomposition, then bounding the variance term and noting that our bound for the variance
contains an expression which exactly cancels the bias term. We compute that

-1 2
E (n(f) -2 Zﬂxk))

k=0
= = 2
_ _ - k _ - _ k
=E (n(f) D P =~ Y (X0 — [P ](f)))
k=0 k=0
= 2 = 2
= (n(f) --> [qu]<f>) +E (— D) - [qu](f))>
gy Lo
= 2 e
= (n(f) - [qu](f)) + 32 2 Covrx)). fX).
k=0 j=0 k=0
The variance term is bounded using Corollary 6:
==
= 2D Cov(f(X)), f(Xe)
Jj=0 k=0
2
2 —=f13 | 2PNu =zl =] (1~
at * a?t? a ?’;MP f=zr)
Putting these together yields the desired result. (|

Remark 9. We note that, as per Remark 8, ||f — wf| < ||fll2. Similarly ||f — 7fll4 < |f|l4.
Also, in the case that f is is w-essentially bounded, ||f]l2 < |lfllco and ||f]l4 < |fllco. These
alternative norms may be substituted into the result as necessary in order to make the bounds
tractable for a given application.

Remark 10. Comparing our above geometrically ergodic results to the L results of [18] in the
uniformly ergodic case, we see that the L, and L; bounds we establish above differ from the
corresponding L; bound of [18] only by a factor, which is constant in time, but varies with the
initial distribution (as is to be expected when moving from uniform ergodicity to geometric
ergodicity). For the mean squared error results, the || - ||,-norm in that paper is based on the
midrange-centred infinity norm, which as per Remark 9 is an upper bound on what we have.

Proof of Theorem 5. For the first result, we proceed via bias-variance decomposition, as
in the corresponding result for the exact chain. However, now the bias under consideration is
itself decomposed as the square of a sum of two components. The squared sum is expanded
simultaneously with the bias-variance expansion. We compute that

2
1 t—1
E (n(f) - Zf(xz))
k=0
2

t—1 t—1
=E (n(f) — () + } PERAIGE % D) - [uPﬁ](f)))

k=0 k=0
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1 t—1
= (Ir — 7 (N> +2 (Ir — 7 1) (ne(f) -2 [uP’é](f))

k=0
= S
+ (m(f) -2 [MPf](f)> + 5D > CovrExy), FXD).
k=0 =0 k=0
We bound the first component of the bias term using versions of Lemma 6:

(Ir — 7w J(F)* = ([r — 7 I(f — mef))?

I = e N o I = e U7

= 2 2
lw — 7e ”Lz(né)”f — 77ef || (o)
E I — mef 12
- 012762 € ,2(7[)

2 .
—(],pf)z,wz Ilf — ﬂeflli,z(ﬂe) :given (% ).
We bound the variance term using Corollary 6:

t—1 t—1
1

p D> Cov(FX). F(XP))

j=0 k=0

2

2
2lf = néf”L’z(ne) 220 = el Ly IIf — Tef Il o)
(1= po)t (= )22

t—1
; Z,U«PZ’f_n'ef>

m=0

The negative term in this expression exactly cancels out the third bias term in the expansion.
Finally, we bound the second bias term using Lemma 6 and Theorem 4:

1 t—1
2 (I = 7)) (ﬂe(f) -2 [uPi‘](f))

k=0

t—1
=2 (I — 7 )(f — 7ef) <|:7Te - ; > MPI{| (f - Jref)>

k=0
e L =l—@—e) _ ,
< Wﬂf nef”Lz(n)l f(afe) ll7e /L”Lz(n)”f ”Ef”Lz(ﬂ)
- (% 2 —P e
T I = 7ef ;mﬁ e = pllLaollf = 7wef s (o) s given ()

€ 1

2
mm e — pll oo If — 7Tef||L/2(jT)

<2
- [ 1 _ _ 2 e
T i e — sl = 7 I, iven ().

Putting these together yields the first and third results.
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For the second and fourth results we use the fact that for any random variable Z and for any
a, b € R the following holds:
E[(Z — a)*]1 =2E[(Z — b)*] + 2(a — b)* — E[(Z + a — 2b)*]
< 2E[(Z — b)*] + 2(a — b)*.

We have

2

1 —1

E (n(f) —- Zﬂx;))
! k=0

2

1 t—1
<2 — 7)) +2E (ne(f) - Zf(X§)>
k=0

=2([7r — 7 I(f — 7ef))?

2

1 t—1 . 1 t—1 . .

+2E (m(f) == 2P = 5 30 (XD — [P
k=0 k=0

= 2

_ _ . 2 ! k

=2 — 7w ](f — 7)) +2 <7re(f) . me(ﬁ)

k=0
2

= ) .
+2E (; kE:O (F(Xp) — [MPE](f)))
2

1t—1
=2 el T e 2+2 eV)— 7 P];
(I = wI(f — 7ef)) (n %) tg[u ](f))
—1 t—1

.
+3 2 2 Covx), fXP).

j=0 k=0

Applying Corollary 5 to bound the sum of covariances, we find that we are able to exactly
cancel the second term in the final expression above. Using the same bound as before for the
first expression, we get the final result. O

Appendix B. Proof of Theorem 6
Let

y (6) = Eyqiop(y1) = f RGOy,
I 1(dy) = v(y)y (y)dy,

[vZ)(dy) = [ f r(y|x>q(y|x)v<x)dx] dy.

Lemma9.P—P=Z7—T.
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Proof. We first give expressions for the elements of measure for transitions of the original
chain. The first formula is the element of measure for transition from an arbitrary, fixed initial
point. It is defined for us by the mechanics of the MH algorithm. The second expression is the
element of measure for transition from a sample from an initial distribution, v. It is derived
from the first expression by integrating over the sample from v:

P(x, dx') = 8,(dx') |:1 - / (a(ylx)q(ylx)dy:| + a(x'|x)g(x'|x)dx’,
[vP] (dx') Z/ I:(Sx(dx/) |:1 - [ a(ylx)q(ylx)dyi| + a(x/|x)q(x/|x)dx/:| v(x)dx
= |:|:1 - / a(y|x/)q(y|x’)dyi| v(x') + / a(x’|x)q(x’|x)v(x)dx:| dx'.

The second form of the second expression is an application of Fubini’s theorem. The exchange
of the order of integration for the second term in the expression is immediate. For the first term,
for an arbitrary non-negative function f,

//f(s, t)8,(ds)dt://f(s, t)8,(ds)dt=/f(t, t)dt:/f(s, s)ds,
s Jt tJs 13 s

where the first equality is Fubini’s theorem, the second comes from integrating with respect to
s, and the third comes from a change of dummy variable.

Similarly, the elements of measure for transitions from the approximating kernel are
expressed below. The first expression, as above, is the element of measure for transition from
an arbitrary, fixed initial point. It is defined for us by the mechanics of the nMH algorithm. The
second expression is again derived by integrating the first against an initial measure, v:

P, d') = 8.(d) [1 - [[ o z)q(ylx)fy(z)dzdy]
+ [ i e s
2] @)= [ (5:a0r |1~ [[ dois o oazas |
+ / a(x’|x, z)q(x’|x)fx/(z)dzdx’> v(x)dx
= [1 - / / agyly', z)q(ylx’)fy(Z)dzdy} v(x)dx’
+ |:// ax’|x, z)q(x/|x)];/(z)v(x)dzdx:| dx’.

The same applications of Fubini’s theorem occur as above.
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We may now leverage our notation defined above to simplify the difference of these
elements of measure:

[v(P _ 13)] (dx'n)
- f f (a<y|x’, - amx’)) q(y|x’>fy<z)dzdy} V()

+ / / (a(x/ |x) — a(x'nnn|x, z)) q(x [0f, /(z)v(x)dzdx:| dx'n

= / r(x'|1x)g(x’ |x)v(x)dxi| dx' — [ f r(y|x)g(y|x’ )dyi| v(x)dx'

[V(Z — D)](@Y).

From this one may conclude that (P —P=z- F) as operators. U
Proof of Theorem 6. 1t is obvious that if |r(y|x)| < R uniformly in (x, y) € X 2 then
(IT Nl zor) < R) (35)
and
(I1Z)l o) < RION L)) - (36)

By applying the previous lemma, given the assumptions stated, we have
1P = Pllzyery < RA + 101 ym))- (37)

Appendix C. (Loo(1), |I:[l1,(r))-GE is distinct from L,-GE for non-reversible chains
Let X =N U O, and let a be a probability mass function on X. Define transition probabilities
by
aj :i=0,
pi=41 @i>0,j=i—1, (38)
0 :otherwise.

Let bj = 3_X; a;. It is easy to verify that if 32, b; < 0o then

bj

Z;il b

is the unique stationary probability mass function for P = [pjj;ic x2-

T =

In the special case where a; = 27/~1 we have 7 = a. We continue this example working
exclusively with this choice of a. Now,

n>j+1,
B (39)
Op—j n=<j.

Thus, for any initial probability mass function p,

n—1

[P"); =) it + fjn. (40)
i=0
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If 343y = ’;7 < litLyomyll < oo for all j € X, then

n—1
Hjtn
[P —ﬂllem—Zﬂx (Z it == = )

7Ty

2

i=0

00 00 Hjtn T 2
=Sy (- S e

Jj=0 i=n Tjtn jTj

o o 2
_ Z Z & ) Mj+n 7T/+n

Jj=0 i=n T 7TJ+n 7j

00 > Win T 2 (41)

=0 i=n i Tjtn Tj

o o0 2
< 27! (Z L1277 + ||moo<n>||2—")

Il
=}

Jj i=n

o
=il o 27 @
j=0

= 4llull7_ )27
Hence P is (Loo(7), || |l1,¢r))-GE with optimal rate no larger than 1/2.
For any o < +/0.5, let vj = (1 — a)(@). Then v € Ly(7), since

00 i\ 2
2 _ 41 (1 —a)@)
iz, @) = ; 0.5' (—O.5i+1

) 42)
=201 — ) Z(z 2y = %
i=0
Moreover,
2
|lvP" 7r||L2(n) = an <Z Vi + V]Jr‘n _ )
o0 oo 2
=y 05" (— > A —we' + (1 —a)d 057!
= i=n (43)

— o2 305 (<1421 — )2ay)?
j=0

2n X .
5 > (0.5 — 401 =)o +4(1 — a)* (207

J=0
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2n _ — )2
@ (2_4(1 @, 41 a))

2 l—« 1 —2a?
_Qa—1)?
1 —2a? '

Thus the convergence rate starting from this initial measure is «.
Since this is true for any o < 1/+/2, this shows that the L, (7 )-GE optimal rate is no smaller
than +/0.5. Hence the (Loo(7), ||-|I2,(r))-GE and Ly (7 )-GE optimal rates are different.

Appendix D. Proof of Proof of Lemma 2 and Lemma 1
Proof of Lemma 1. Let

o= {p >03C:V>Ryst.VneN,veVN My [vP'—x|| < C(v)p”} ,
p=sup limsup [|uP" — x|, (@4)
peVAM,., n—oo

Proof that p < p*: Let € > 0. We have

p= sup limsup ||uP" —m||'/"
HEVNAM, | n—>00
< sup limsup [[|uP" — x||'/"
HeVnM,, n—oo (45)
< sup limsup (Ce(u)(p* 4 €)M/
nevVnMy | n—>oo

=p +e.

Since € is arbitrary, p < p*.
Proof that p > p*: Forall v e VN My y, limsup,,_, o [|uP" — 7||'/" < p. Let € > 0. Then
forall u e VA M, 1, |uP" — 7||'/" > p + € for at most finitely many n € N. Let
P'—x
Col) = max (1 v WA =7l
neN (o +e)y
Then Cc(n) < oo since the maximum is over finitely many distinct elements. Therefore
luP" — ||| < Ce()(p + €)" for all n € N. This implies that p + € > p*. Since € is arbitrary,
p=p* O
Proof of Lemma 2. The equivalence [(iii) <= (iv)] is proven in [29, Theorem 2.1]. The
implication [(ili)) == (ii)] follows from the inclusion L. () C Ly(7r), and [(i)) = (1)]
follows from Cauchy—Schwarz.
Proof that [(il) = (iii)]:
Without loss of generality, assume that p is the optimal rate of (Loo(77¢), |||l 1,(r))-GE:

. 1
p= sup limsup ||th||L£t(n) . (46)

V€L o() 10

From the proof of [32, Theorem 1], P is w-a.e. geometrically ergodic with some unknown
optimal rate. From [29, Theorem 2.1], P is Ly()-GE with some unknown optimal rate p3,
which is equivalent to the spectral radius of P|z, (x):

P2 = r(Ple,o(ﬂ))
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It remains to be shown that p» < p. We will use the spectral measure decomposition of P, as

in [29]. Suppose, for a contradiction, that p» > p. Let o = £522. Let & be the spectral measure

of P, so that uP' = fil AMupE(dr). If py > p then either E([ — p2, —p)) # 0 or E((p, p2])) # 0.
Assume (replacing P by P2, p by p2, and p, by ,o% if necessary) that £((p, p2]) # 0 and E(( —
1, 0)) = 0. Then there is some non-zero signed measure v in the range of £((p, p2]). Since the
spectral projections are orthogonal and {1} N (p, p2] =¥, we have v L 7, and hence v(X) =0.
Since Lo 0(7r) is dense in Ly (), there is a u € Log 0(r) With ||t — vl1,0) < IVILy00) /2
Then, from the polarization identity,

3
v, e = VI > 0,
and u #0.
Let R = range( f(ﬁ o] £(d))). Then span(v) C R, so
. ) 3
lprojritll, ooy = llproju il ey = §||V||L2(n)- (47)

Then
P2 =< P, Pk)
122 ||L2(ﬂ) " n L)

—(u. P2k>

<M ® Lo()

=<u, " f A2k5<dx)>
0,p2] Ly()

z<u, I / /\Zkg(dx)> (48)
(p,02] Ly()

>, p f EZkE(dk)>
(0,021 Ly()

=0 |projritl7, )
2 9
=% IV -

Hence p > p. This contradicts p; > p.
Proof that [(1) = (ii)]:
Let the optimal rates of (Loo(7¢), |Ill1,(r))-GE and (Loo(77¢), ||-Il1,(x))-GE be (respectively)

. 1 . 1
p=sup limsupl|uP"| ), pr= sup limsup [Pl (a0

€L 0() N—>00 HEL () Nn—>00

We want to show that p; < p.
Let € > 0 be arbitrary. Let ve € L o(7r) with

. 1
limsup [[veP" [}/l > o2 — € . (50)

n—oQ

Then, for some c(ve¢) > 0, for infinitely many n € N,

IveP o) = (P2 — 2€)" . (51
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Using the fact that

llle, )= sup puf,
feL so(m)
Wy

and using the self-adjointness of P in Ly(7r) (since P is reversible), as well as the fact that (a
version of) % is some bounded function with

= Ve llLoe ()

H dve
L so(m)

dm

we have the following for infinitely many n € N:

veP™| Li(7) “fiif;l vePf
1 2n%

- —‘)6
Ve ll Loo () dm

= oo 0
Ve |l Loo ()
| (52)
= ————(VP", veP")
Ve ll Lo ()

——— ||V P}
Wellza(oy 20

= (02 — 20",
[lve ”LOO ()
Thus p — 2€ < p. Since € was arbitrary, we find that p < p. O
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