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ERROR BOUNDS FOR METROPOLIS-HASTINGS ALGORITHMS
APPLIED TO PERTURBATIONS OF GAUSSIAN MEASURES IN
HIGH DIMENSIONS

BY ANDREAS EBERLE

Universitit Bonn

The Metropolis-adjusted Langevin algorithm (MALA) is a Metropolis—
Hastings method for approximate sampling from continuous distributions.
We derive upper bounds for the contraction rate in Kantorovich—Rubinstein—
Wasserstein distance of the MALA chain with semi-implicit Euler proposals
applied to log-concave probability measures that have a density w.r.t. a Gaus-
sian reference measure. For sufficiently “regular” densities, the estimates are
dimension-independent, and they hold for sufficiently small step sizes & that
do not depend on the dimension either. In the limit 4 |, 0, the bounds approach
the known optimal contraction rates for overdamped Langevin diffusions in
a convex potential.

A similar approach also applies to Metropolis—Hastings chains with
Ornstein—Uhlenbeck proposals. In this case, the resulting estimates are still
independent of the dimension but less optimal, reflecting the fact that MALA
is a higher order approximation of the diffusion limit than Metropolis—
Hastings with Ornstein—Uhlenbeck proposals.

1. Introduction. The performance of Metropolis—Hastings (MH) methods
[16, 23, 27] for sampling probability measures on high-dimensional continuous
state spaces has attracted growing attention in recent years. The pioneering works
by Roberts, Gelman and Gilks [28] and Roberts and Rosenthal [29] show in par-
ticular that for product measures 7¢ on R?, the average acceptance probabilities
for the Random Walk Metropolis algorithm (RWM) and the Metropolis adjusted
Langevin algorithm (MALA) converge to a strictly positive limit as d — oo only
if the step sizes & go to zero of order O(d~"), O(d~1/3), respectively. In this case,
a diffusion limit as d — oo has been derived, leading to an optimal scaling of the
step sizes maximizing the speed of the limiting diffusion, and an asymptotically
optimal acceptance probability.

Recently, the optimal scaling results for RWM and MALA have been extended
significantly to targets that are not of product form but have a sufficiently regu-
lar density w.r.t. a Gaussian measure; cf. [22, 26]. On the other hand, it has been
pointed out [3, 4, 8, 14] that for corresponding perturbations of Gaussian mea-
sures, the acceptance probability has a strictly positive limit as d — oo for small

Received November 2012; revised February 2013.

MSC2010 subject classifications. Primary 60J22; secondary 60J05, 65C40, 65CO05.

Key words and phrases. Metropolis algorithm, Markov chain Monte Carlo, Langevin diffusion,
Euler scheme, coupling, contractivity of Markov kernels.

337


http://www.imstat.org/aap/
http://dx.doi.org/10.1214/13-AAP926
http://www.imstat.org
http://www.ams.org/mathscinet/msc/msc2010.html

338 A.EBERLE

step sizes that do not depend on the dimension, provided the random walk or Eu-
ler proposals in RWM and MALA are replaced by Ornstein—Uhlenbeck or semi-
implicit (“preconditioned”) Euler proposals, respectively; cf. also below. Pillai,
Stuart and Thiéry [25] show that in this case, the Metropolis—Hastings algorithm
can be realized directly on an infinite-dimensional Hilbert space arising in the limit
as d — 00, and the corresponding Markov chain converges weakly to an infinite-
dimensional overdamped Langevin diffusion as 4 | 0.

Mixing properties and convergence to equilibrium of Langevin diffusions have
been studied intensively [1, 2, 9, 15, 24, 31]. In particular, it is well-known that
contractivity and exponential convergence to equilibrium in Wasserstein distance
can be quantified if the stationary distribution is strictly log-concave [7, 35]; cf.
also [11] for a recent extension to the nonlog-concave case. Because of the diffu-
sion limit results, one might expect that the approximating Metropolis—Hastings
chains have similar convergence properties. However, this heuristics may also be
wrong, since the convergence of the Markov chains to the diffusion is known only
in a weak and nonquantitative sense.

Although there is a huge number of results quantifying the speed of conver-
gence to equilibrium for Markov chains on discrete state spaces (cf. [18, 32] for
an overview), there are relatively few quantitative results on Metropolis—Hastings
chains on R? when d is large. The most remarkable exception are the well-known
works [10, 17, 19-21] which prove an upper bound for the mixing time that is
polynomial in the dimension for Metropolis chains with ball walk proposals for
uniform measures on convex sets and more general log-concave measures.

Below, we develop an approach to quantify Wasserstein contractivity and con-
vergence to equilibrium in a dimension-independent way for the Metropolis—
Hastings chains with Ornstein—Uhlenbeck and semi-implicit Euler proposals. Our
approach applies in the strictly log-concave case (or, more generally, if the mea-
sure is strictly log-concave on an appropriate ball) and yields bounds for small step
sizes that are very precise. The results for semi-implicit Euler proposals require
less restrictive assumptions than those for Ornstein—Uhlenbeck proposals, reflect-
ing the fact that the corresponding Markov chain is a higher order approximation
of the diffusion.

Our results are closely related and complementary to the recent work [13],
and to the dimension-dependent geometric ergodicity results in [5]. In particular,
in [13], Hairer, Stuart and Vollmer apply related methods to establish exponen-
tial convergence to equilibrium in Wasserstein distance for Metropolis—Hastings
chains with Ornstein—Uhlenbeck proposals in a less quantitative way, but without
assuming log-concavity. In the context of probability measures on function spaces,
the techniques developed here are applied in the PhD Thesis of Gruhlke [12].

We now recall some basic facts on Metropolis—Hastings algorithms and de-
scribe our setup and the main results. Sections 2 and 3 contain basic results on
Wasserstein contractivity of Metropolis—Hastings kernels, and contractivity of the
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proposal kernels. In Sections 4 and 5, we prove bounds quantifying rejection prob-
abilities and the dependence of the rejection event on the current state for Ornstein—
Uhlenbeck and semi-implicit Euler proposals. These bounds, combined with an
upper bound for the exit probability of the corresponding Metropolis—Hastings
chains from a given ball derived in Section 6 are crucial for the proof of the main
results in Section 7.

1.1. Metropolis—Hastings algorithms. Let U:R? — R be a lower bounded
measurable function such that

Z= /Rd exp(—U (x))dx < oo,

and let u denote the probability measure on R? with density proportional to
exp(—U). We use the same letter u for the measure and its density, that is,

(1.1) p(dx) = p(x)dx = 27 exp(—=U (x)) dx.

Below, we view the measure u defined by (1.1) as a perturbation of the standard
normal distribution ¢ in RY; that is, we decompose

(12) Ux) =51k + V@), xeR
with a measurable function V :R¢ — R, and obtain the representation
(1.3) w(dx) = Z Vexp(—V (x))y9(dx)

with normalization constant Z = Z /(27)4/% Here | - | denotes the Euclidean norm.

Note that in R¢, any probability measure with a strictly positive density can
be represented as an absolutely continuous perturbation of y¢ as in (1.3). In an
infinite-dimensional limit, however, the density may degenerate. Nevertheless, also
on infinite-dimensional spaces, absolutely continuous perturbations of Gaussian
measures form an important and widely used class of models.

EXAMPLE 1.1 (Transition path sampling). We briefly describe a typical ap-
plication; cf. [14] and [12] for details. Suppose that we are interested in sampling
a trajectory of a diffusion process in R¢ conditioned to a given endpoint b at
time t = 1. We assume that the unconditioned diffusion process (Y;,P) satisfies
a stochastic differential equation of the form

1.4) dY,=—-VH(Y;)dt +dB;,

where (B;) is an ¢-dimensional Brownian motion, and H € C 2(RL]) is bounded
from below. Then, by Girsanov’s theorem and It6’s formula, a regular version of
the law of the conditioned process satisfying Yo = a and Y1 = b on the path space
E ={yeC(0,1],R":yg =a, y; = b} is given by

(1.5) n(dy) = C~lexp(—=V )y (dy),
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where y is the law of the Brownian bridge from a to b,

1 1
(1.e) V= 5./0 ¢(yo)ds  withp(x) = |VH(x)]” — AH (x),

and C =exp (H (b) — H(a)); cf. [31]. In order to obtain finite-dimensional ap-
proximations of the measure i on E, we consider the Wiener—Lévy expansion

oo 2"—1 ¢
(1.7) vime+ Y D xapiel™ rel0,1],
n=0 k=0 i=1

of a path y € E in terms of the basis functions e; = (1 — t)a + tb and e:”k’i =

2_”/2g(2”t — k)e! with g(s) =min(s, 1 — s)". Here the coefficients x, x.;, n > 0,
0<k<?2" 1<i<{, are real numbers. Recall that truncating the series at n =
m — 1 corresponds to taking the polygonal interpolation of the path y adapted to
the dyadic partition D,,, = (k27" :k =0, 1, ...,2"} of the interval [0, 1]. Now fix
meN,letd = 2™ — 1)¢ and let

xdz(xn,k,i:05n <m,0<k<2"1<i<lI) e R4

denote the vector consisting of the first d components in the basis expansion of a
path y € E. Then the image of the Brownian bridge measure y under the projection
7q: E — R? that maps y to x? is the d-dimensional standard normal distribution
y<; for example, cf. [33]. Therefore, a natural finite-dimensional approximation to
the infinite-dimensional sampling problem described above consists in sampling
from the probability measure

(1.8) pa(dx) = Z7 " exp(—=Va(x))y?(dx)

on R? where Z, is a normalization constant, and

1 2l 1
(1.9) Va(x) =2"""1 <§¢>(yo) + ¢ (Yro-m) + §¢(y1)>;

k=1

withy=e+ Y, _,, Sk 3 xu.k.;¢™% denoting the polygonal path corresponding
to x¢ = (x,.1.;) € RY.

Returning to our general setup, suppose that p(x, dy) = p(x, y)dy is an abso-
lutely continuous transition kernel on R with strictly positive densities p(x, y).

Let
M(y)p(y,X)’ 1)’ x.yeRY,
nx)p(x,y)

Note that «(x, y) does not depend on Z. The Metropolis—Hastings algorithm with
proposal kernel p is the following Markov chain Monte Carlo method for approx-
imate sampling and Monte Carlo integration w.r.t. u:

(1.10) oz(x,y):min(
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(1) Choose an initial state X.
(2) Forn:=0,1,2,...

e Sample Y, ~ p(X,,dy) and U, ~ Unif(0, 1) independently.
o If U, <u(X,,Y,), then accept the proposal, and set X, := Y}, else reject the
proposal and set X, 41 := X,,.

The algorithm generates a time-homogeneous Markov chain (X,),=0.1,2,... with
initial state X and transition kernel

(L.11) q(x,dy)=a(x,y)p(x,y)dy +r(x)-éx(dy).
Here
(112) @ =1-g( RO\ ) =1 [ ot y)p( ) dy

is the average rejection probability for the proposal when the Markov chain is at x.
Note that g (x, dy) restricted to R4 \ {x} is again absolutely continuous with density

qgx,y)=ax,y)px,y).

Since

n(x)g(x,y) =a(x, y)ux)px, y) =min(u(y) p(y, x), p(x)p(x, y))

is a symmetric function in x and y, the kernel g (x, dy) satisfies the detailed bal-
ance condition

(1.13) u(dx)q(x,dy) = u(dy)q(y,dx).

In particular, u is a stationary distribution for the Metropolis—Hastings chain, and
the chain with initial distribution w is reversible. Therefore, under appropriate er-
godicity assumptions, the distribution of X,, will converge to u as n — oo.

To analyze Metropolis—Hastings algorithms it is convenient to introduce the
function

(1.14) G(x’y)zlogw:U(y)—U(x)—l—logp(x’y)

w()p(y, x) p(y,x)

For any x,y € R,

(1.15) a(x,y) =exp(—G(x, y)T).

In particular, for any x, y, ¥, 5 € R¢,

(1.16) l—a(x,y) <G, ",

(1.17) (a(x,y) —a® )" < (G(x,y) — GE.5)  and

(1.18) (@(x,y) —a@E M) < (Gx,y)—GE M)
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The function G (x, y) defined by (1.14) can also be represented in terms of V:
Indeed, since

d

ye) 1o, s
log 2= — Z(|y)? =
we have
d
(1.19) G(x, ) = V(y) — V(x) + log LLOPE )

yimp,x)’

where y4(x) = (2m)~4/? exp(—|x |2/2) denotes the standard normal density in R4,
1.2. Metropolis—Hastings algorithms with Gaussian proposals. We aim at

proving contractivity of Metropolis—Hastings kernels w.r.t. appropriate

Kantorovich—Rubinstein—Wasserstein distances. For this purpose, we are look-

ing for a proposal kernel that has adequate contractivity properties and sufficiently

small rejection probabilities. The rejection probability is small if the proposal ker-
nel approximately satisfies the detailed balance condition w.r.t. 1.

1.2.1. Ornstein—Uhlenbeck proposals. A straightforward approach would be
to use a proposal density that satisfies the detailed balance condition

(1.20) y @) p, ) =y?(p(y.x)  foranyx,yeR?
w.r.t. the standard normal distribution. In this case,
(1.21) Gx,y)=V()— V).

The simplest form of proposal distributions satisfying (1.20) are the transition ker-
nels of AR(1) (discrete Ornstein—Uhlenbeck) processes given by

2
(1.22) pPY(x,dy) = N((l - %)x (h — %)1d>

for some constant 4 € (0,2). If Z is a standard normally distributed R¥-valued
random variable, then the random variables

ou h h? d
(1.23) V)= (1= 3 etz xeR

have distributions p,?U (x, dy). Note that by (1.21), the acceptance probabilities
(1.24)  a®(x, ) =exp(=G(x, »T) =exp(—(V(y) = V(x)")

for Ornstein—Uhlenbeck proposals do not depend on 4.
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1.2.2. Euler proposals. In continuous time, under appropriate regularity and
growth conditions on V, detailed balance w.r.t. i is satsfied exactly by the transi-
tion functions of the diffusion process solving the over-damped Langevin stochas-
tic differential equation

(1.25) dX; =—%X,dt — }VV(X,)dt + dB,,
because the generator
1 1 1 1

is a self-adjoint operator on an appropriate dense subspace of L2(R%; u); cf. [31].
Although we cannot compute and sample from the transition functions exactly, we
can use approximations as proposals in a Metropolis—Hastings algorithm. A cor-
responding MH algorithm where the proposals are obtained from a discretization
scheme for the SDE (1.25) is called a Metropolis-adjusted Langevin algorithm
(MALA); cf. [27, 30].

In this paper, we focus on the MALA scheme with proposal kernel

h h h?
(126) ph<x,-)=N<(1 —§>x—§VV(x), (h_ﬂ.]d)

for some constant & € (0, 2); that is, p(x, ) is the distribution of

Y) (x) hou )44k ",
X)=x—— X - —
h 2 4
—(1 h) hvv<>+,/h k2,
- 2)f v it

where Z ~ y? is a standard normal random variable with values in R?.

Note that if & — h?/4 is replaced by h, then (1.27) is a standard Euler discretiza-
tion step for the SDE (1.25). Replacing & by h — h? /4 ensures that detailed balance
is satisfied exactly for V = 0. Alternatively, (1.27) can be viewed as a semi-implicit
Euler discretization step for (1.25):

(1.27)

REMARK 1.2 (Euler schemes). The explicit Euler discretization of the over-
damped Langevin equation (1.25) with time step size & > 0 is given by

h h
(1.28)  X,q1= (1 — 5)x,, =5 VV(Xn) +VhZpi1, n=0,1,2,...,

where Z,,, n € N, are i.i.d. random variables with distribution y¢. The process (X,,)
defined by (1.28) is a time-homogeneous Markov chain with transition kernel

h h
(1.29) pruler(x, ) = N((l — §>x =5 VV ),k Id).
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Even for V = 0, the measure  is not a stationary distribution for the kernel pE‘Jler

A semi-implicit Euler scheme for (1.25) with time-step size € > 0 is given by

e Xp1+X e
(130)  Xypg1 = Xp= =0 S0 = DYV (Xn) + VE 2y
with Z,, 1.i.d. with distribution yd; cf. [14]. Note that the scheme is implicit only
in the linear part of the drift but explicit in VV. Solving for X,,4+1 in (1.30) and
substituting h = &/(1 + 7) with & € (0, 2) yields the equivalent equation

h h h?
(1.31) Xn_H:(l—E)Xn—EVV(X,,)—{— h—ZZ”H.

We call the Metropolis—Hastings algorithm with proposal kernel pj, (x, -) a semi-
implicit MALA scheme with step size h.

PROPOSITION 1.3 (Acceptance probabilities for semi-implicit MALA). Let
V e CYR?) and h € (0, 2). Then the acceptance probabilities for the Metropolis-
adjusted Langevin algorithm with proposal kernels pjy are given by op(x,y) =
exp(—Gp(x, y)T) with

Gp(x,y)

(1.32) =V —Vx)— T (VV(») +VV())

a3l 0 0 (VVO) = V@) + VY = [VV )]

For explicit Euler proposals with step size h > 0, a corresponding representation

holds with

G (x, y) = V(y) — V(x) — —2 (VV(y) +VV(x))
1.33
(1.33) h 2 2
+ gy + VOl =+ Vvl

The proof of the proposition is given in Section 4 below.

REMARK 1.4. For explicit Euler proposals, the O (h) correction term in (1.33)
does not vanish for V = 0. More significantly, this term goes to infinity as |y —
x| — oo, and the variance of y — x w.r.t. the proposal distribution is of order
o).
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1.3. Bounds for rejection probabilities. We fix anorm || - ||— on R¢ such that
(1.34) Ix|l— <|x|  foranyx € RY.
We assume that V is sufficiently smooth w.r.t. || - ||~ with derivatives growing at
most polynomially:

ASSUMPTION 1.5. The function V is in C*(R%), and for any n € {1, 2, 3, 4},
there exist finite constants C, € [0, c0), p, € {0, 1,2, ...} such that

(32 V)OO < Comax(1, lxll=) " &1 lI— - --- - &I

.....

holds for any x e R? and &1,...,&, e R4,

For discretizations of infinite-dimensional models, || - |- will typically be a
finite-dimensional approximation of a norm that is almost surely finite w.r.t. the
limit measure in infinite-dimensions.

EXAMPLE 1.6 (Transition path sampling). Consider the situation of Exam-
ple 1.1, and assume that H is in C®(R¢). Then by (1.9) and (1.6), V; is C*. For

n<4andx,é&,...,& € R4, the directional derivatives of V4 are given by
2’71
(1.35) 9 Va@)=27"""3"wi D¢ (yo-m) 1 g -+ My g1,
k=0
where y, 01, ..., n, are the polygonal paths in E corresponding to x, &1, ...,&,,
respectively, wy =1 for k =1,...,2" — 1 and wg = w; = 1/2. Assuming

||D4¢)(z)|| = O(|z|") for some integer r > 0 as |z| — 0o, we can estimate
|02, Va ()] < Comax (L, [yllza)™ 11 llLa -+ - 1nall o

where g =r 44, py=r+ @ —n), |yllLe =27 Y2 o wi| |9 is a discrete L4
norm of the polygonal path y and Cj, ..., Cy4 are finite constants that do not de-
pend on the dimension d. One could now choose for the minus norm the norm
on R? corresponding to the discrete L¢ norm on polygonal paths. However, it is
more convenient to choose a norm coming from an inner product. To this end, we
consider the norms

1/2
—2an 2 ki
||y||a=(22 "‘”xn,k,i) c y=ed ) et
n,k,i
on path space E, and the induced norms

12
|x||a—(222—2“”,%k,-) . xeRr?

n<mk,
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on R? where d = (2" — 1)£. One can show that for o < 1/2 + 1/g, the L7 norm
can be bounded from above by || - ||, independently of the dimension; cf. [12].
On the other hand, if o > 1/2, then ||y|lq < co for y-almost every path y of
the Brownian bridge. This property will be crucial when restricting to balls w.r.t.
I - llo- For || - [|l= = - lo with ¢ € (1/2,1/2 4 1/q), both requirements are satis-
fied, and Assumption 1.5 holds with constants that do not depend on the dimen-
sion.

The next proposition yields in particular an upper bound for the average rejec-
tion probability w.r.t. both Ornstein—Uhlenbeck and semi-implicit Euler proposals
at a given position x € R?; cf. [6] for an analogue result:

PROPOSITION 1.7 (Upper bounds for MH rejection probabilities). Suppose
that Assumption 1.5 is satisfied and let k € N. Then there exist polynomials
POU:R — Ry and Py :R? — Ry of degrees py + 1, max(p3 + 3,2p2 +2), re-
spectively, such that for any x € R? and h € (0, 2),

E[(1 = %Y (x, YU )¥]V* < POY(Ix||-) - 12 and

E[(1—an(x, Ya@)) ] < Pellixll—, [VU@)|_) - 1372

The result is a consequence of Proposition 1.3. The proof is given in Section 4
below.

REMARK 1.8. (1) The polynomials P,?U and Py in Proposition 1.7 are ex-
plicit; cf. the proof below. They depend only on the values C,, p, in Assump-
tion 1.5 for n =1, n =2, 3, respectively, and on the moments

m, = E[||Z]"], n<k-(p1+1), n <k-max(p3+3,2p2+2),
respectively,

but they do not depend on the dimension d. For semi-implicit Euler proposals, the
upper bound in Proposition 1.7 is stated in explicit form for the case k = 1 and
p2 = p3 =0 1in (4.6) below.

(2) For explicit Euler proposals, corresponding estimates hold with m,, replaced
by im, = E[|Z|"]; cf. Remark 4.3 below. Note, however, that i11,, — 00 as d — o©.

Our next result is a bound of order O(h'/?), O(h3/?), respectively, for the
average dependence of the acceptance event on the current state w.r.t. Ornstein—
Uhlenbeck and semi-implicit Euler proposals. Let || - ||+ denote the dual norm of
|- |- on R¥, that is,

I€]|+ = sup{& - nln € R with ||| < 1}.
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Note that

IE1- <lgl<Nsl+ V& eR”
For a function F € C'(RY),

1
|F(y)— F(x)| = ‘/0 (y —x)- VF((1 —t)x +ty)dt

<lly—xll-- sup |[VF@],,

z€[x,y]

that is, the plus norm of VF determines the Lipschitz constant w.r.t. the minus
norm.

PROPOSITION 1.9 (Dependence of rejection on the current state). Suppose
that Assumption 1.5 is satisfied, and let k € N. Then there exist polynomials
QkOU:]R — Ry and Qi :R?> — R, of degrees pr + 1, max(ps + 3, p3 + p2 +
2,3p2 + 1), respectively, such that for any x,x € R and h € 0, 2),

(1.36) E[|VeG (. vV @) 1] < 9@V (=) - 12,
(1.37) E[|[VaGa(x. Ya) 51" < Qe(lix =, [VU@)]_) - 132,

E[|e®(x, ¥V (x)) — OV (%, YOV (%)) (] /¢
(1.38)

< QPY (max(||x -, IX]-)) - lx —=X||—-h'* and
E|an (x, Y1 (x)) — o (&, Ya®)[*]/*

(1.39)
< Qi (max(llx -, I%1-), sup [ VU (@) [2) -l =Rl - 132,

z€[x,X

where [x, X] denotes the line segment between x and X.
The proof of the proposition is given in Section 5 below.

REMARK 1.10. Again, the polynomials Q?U and Qy are explicit. They de-
pend only on the values C,, p, in Assumption 1.5 for n = 1,2, n = 2,3, 4,
respectively, and on the moments m, = E[||Z||"] for n <k - (p2 + 1), n <
k - max(ps + 3, p3 + p2 + 2,2p2 + 1), respectively, but they do not depend on
the dimension d. For semi-implicit Euler proposals, the upper bound in Proposi-
tion 1.9 is made explicit for the case k = 1 and py = p3 = p4 =0 in (5.18) below.

For Ornstein—Uhlenbeck proposals, it will be useful to state the bounds in
Propositions 1.7 and 1.9 more explicitly for the case p, = 0, that is, when the
second derivatives of V are uniformly bounded w.r.t. the minus norm:
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PROPOSITION 1.11. Suppose that Assumption 1.5 is satisfied for n = 1,2
with p> = 0. Then for any x, X € R¢ and h € (0, 2),

E[1 —a%(x, vV )]
<mi(C + Colx||=) - h'/?
+ 3(2maCar+ Crllx|| = + Collx|12) - h + §mi Ca||x || - - /2,
and
E[|a®"(x, vV (1) — oV (F, vV ®)*]

< (my*Cy - n2 4+ 1(Cy + 2Co max(||x[|—, [F]=)) - k) - [lx — 7] —.

The proof is given in Sections 4 and 5 below. Again, corresponding bounds also
hold for L¥ norms for k #1,2.

1.4. Wasserstein contractivity. The bounds in Propositions 1.7, 1.9 and 1.11
can be applied to study contractivity properties of Metropolis—Hastings transition
kernels. Recall that the Kantorovich—Rubinstein or L'-Wasserstein distance of two
probability measures . and v on the Borel o -algebra B(R?) w.r.t. a given metric d
on R? is defined by

W, v)= inf /d(x,f)n(dxd?c’),
nell(p,v)

where I[1(u, v) consists of all couplings 1 of i and v, that is, all probability mea-
sures 7 on RY x RY with marginals pu and v; cf., for example, [34]. Recall that a
coupling of © and v can be realized by random variables W and W defined on a
joint probability space such that W ~ u and W~ .

In order to derive upper bounds for the distances W(uqs, vqp), and, more gen-
erally, W(ugq;, , vqy ), n € N, we define a coupling of the MALA transition proba-
bilities g, (x, -), x € R?, by setting

Y, (%), ifU < op(x, Yin(x)),

Wy (x) ::{x, ifU > ap(x, Yp(x)).

Here Yj,(x), x € R, is the basic coupling of the proposal distributions py, (x, -)
defined by (1.27) with Z ~ ¥, and the random variable ¢/ is uniformly distributed
in (0, 1) and independent of Z.

Correspondingly, we define a coupling of the Metropolis—Hastings transition
kernels q}?U based on Ornstein—Uhlenbeck proposals by setting

YhOU(x), ifU < aOU(x, Y}?U(x)),

WOU (x) :=
@) {x, ifZ/l>onU(x,YhOU(x)).
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Let
By :={x eRY: x|l < R)

denote the centered ball of radius R w.r.t. || - ||=. As a consequence of Propo-
sition 1.11 above, we obtain the following upper bound for the Kantorovich—
Rubinstein—Wasserstein distance of qEU(x, ) and q}?U()?, ) w.r.t. the metric
dx,X)=|x — x| -:

THEOREM 1.12 (Contractivity of MH transitions based on OU proposals).
Suppose that Assumption 1.5 is satisfied for n = 1,2 with p» = 0. Then for any
he€(0,2), Re€(0,00),and x,x € By,

E[|WY @) = W[ ] = VR - lx = -,
where
cU(R)=1—Sh+myCoh + A1+ R)(1 + h'/2R)n/?

with an explicit constant A that only depends on the values my, my, C1 and Cj.

The proof is given in Section 7 below.

Theorem 1.12 shows that Wasserstein contractivity holds on the ball By pro-
vided 2m,C5 < 1 and h is chosen sufficiently small depending on R [with h!/? =
O(R™1)]. In this case, the contraction constant c}?U(R) depends on the dimension
only through the values of the constants C1, Co,m| and m3. On the other hand,
the following one-dimensional example shows that for m,C> > 1, the acceptance-
rejection step may destroy the contraction properties of the OU proposals:

EXAMPLE 1.13. Suppose that d =1 and || - |- =]|-|. If V(x) = bx2/2
with a constant b € (—1/2, 1/2), then by Theorem 1.12, Wasserstein contractivity
holds for the Metropolis—Hastings chain with Ornstein—Uhlenbeck proposals on
the interval (—R, R) provided /% is chosen sufficiently small. On the other hand, if
V(x) = bx? /2 for |x| <1 with a constant b < —1, then the logarithmic density

Ux)=V@) +x22=0b+1)-x*/2

is strictly concave for |x| < 1, and it can be easily seen that Wasserstein contractiv-
ity on (—1, 1) does not hold for the MH chain with OU proposals if % is sufficiently
small.

A disadvantage of the result for Ornstein—Uhlenbeck proposals stated above
is that not only a lower bound on the second derivative of V is required (this
would be a fairly natural condition as the example indicates), but also an upper
bound of the same size. For semi-implicit Euler proposals, we can derive a better
result that requires only a strictly positive lower bound on the second derivative of
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Ux)=Vx)+|x |2 /2 and Assumption 1.5 with arbitrary constants to be satisfied.
For this purpose we assume that

D= = ()2

for an inner product (-, -) on R¢, and we make the following assumption on U

ASSUMPTION 1.14. There exists a strictly positive constant K € (0, 1] such
that
(1.40) (n, V2U(x) -n)>K(n,n)  forany x,neR

Of course, Assumption 1.14 is still restrictive, and it will often be satisfied only
in a suitable ball around a local minimum of U. Most of the results below are
stated on a given ball B, w.r.t. the minus norm. In this case it is enough to as-
sume that 1.14 holds on that ball. If || - ||_ coincides with the Euclidean norm | - |,

then the assumption is equivalent to convexity of U (x) — K |x|>. Moreover, since
V2U (x) = I; + V2V (x), a sufficient condition for (1.40) to hold is

(1.41) HVZV(X)-nH_g(l—K)||77||_ foranyx,neRd.

As a consequence of Propositions 1.7 and 1.9 above, we obtain the following
upper bound for the Kantorovich—Rubinstein—Wasserstein distance of g (x, -) and
gn (X, ) w.r.t. the metric d(x,X) = ||x — X||—:

THEOREM 1.15 (Contractivity of semi-implicit MALA transitions). Suppose
that Assumptions 1.5 and 1.14 are satisfied. Then for any h € (0,2), R € (0, 0c0)
and x,Xx € By,

E[|Wa(x) = Wa@®|_] < en(R) - lx = X,
where
cn(R)=1—LKh+ (§M(R)* + y(R)h* + (KB(R) + 38(R))h*/?

with

M(R) =sup{|V?U(z) - n|_:n€ By ,z € Bg),

B(R) =sup{Pi(llzll-, |[VU ()| _):z € Bx},

y(R)=my? -sup{ Qa(llzll—. [VU ()] _) :z € By},

8(R) = sup{Q(llzll-, [VU@[_)|IVU @] _:z € B}.

The proof is given in Section 7 below.
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REMARK 1.16. Theorem 1.15 shows in particular that under Assumptions 1.5
and 1.14, there exist constants C, g € (0, co) such that the contraction

- K _
E[[| Wi (x) = Wi ()| _] < <1 - Zh)llx — 3
holds for x, X € By whenever h~! > C - (1 + RY).

EXAMPLE 1.17 (Transition path sampling). In the situation of Examples 1.1
and 1.6 above, condition (1.41) and (hence) assumption 1.14 are satisfied on a
ball B with K independent of d provided ||D2¢(x)|| <1-— K forany x € By;
cf. (1.35). More generally, by modifying the metric in a suitable way if necessary,
one may expect Assumption 1.14 to hold uniformly in the dimension in neighbor-
hoods of local minima of U'.

1.5. Conclusions. For R € (0,00), we denote by Wpg the Kantorovich—
Rubinstein—Wasserstein distance based on the distance function

(1.42) dg(x, %) :=min(||x — ¥||_, 2R).

Note that dg is a bounded metric that coincides with the distance function induced
by the minus norm on B . The bounds resulting from Theorems 1.15 and 1.12 can
be iterated to obtain estimates for the KRW distance YWy between the distributions
of the corresponding Metropolis—Hastings chains after n steps w.r.t. two different
initial distributions.

COROLLARY 1.18. Suppose that Assumptions 1.5 and 1.14 are satisfied, and
let h € (0,2) and R € (0, 00). Then for any n € N, and for any probability mea-
sures |L, V On B(]Rd),

Wr(ieqy,» vay) < ch(R)"Wr (i, v)
+2R - (Py[3k <n:Xy ¢ Bg|+Py[Fk <n:Xi ¢ Bg]).

Here c,(R) is the constant in Theorem 1.15, and (X,,P,) and (X,,PP,) are
Markov chains with transition kernel q;, and initial distributions [, v, respectively.
A corresponding result with cy, replaced by c}?U holds for the Metropolis—Hastings
chain with Ornstein—Uhlenbeck proposals.

Since the joint law of Wj(x) and Wy (X) is a coupling of gy (x, -) and g, (X, -)
for any x, ¥ € R, Corollary 1.18 is a direct consequence of Theorems 1.15, 1.12,
respectively, and Theorem 2.3 below. The corollary can be used to quantify the
Wasserstein distance between the distribution of the Metropolis—Hastings chain
after n steps w.r.t. two different initial distributions. For this purpose, one can esti-
mate the exit probabilities from the ball B via an argument based on a Lyapunov
function. For semi-implicit Euler proposals we eventually obtain the following
main result:
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THEOREM 1.19 (Quantitative convergence bound for semi-implicit MALA).
Suppose that Assumptions 1.5 and 1.14 are satisfied. Then there exist constants
C, D, g € (0, 00) such that the estimate

L K \" KR?
War(vgy, mqp) < (1 - Zh> War(v, ) + DRexp(— g >nh

holds foranyn € N, h, R € (0, o0) such that h='>C-(1+R), and for any prob-
ability measures v, w1 on R? with support in By . The constants C, D and q can be
made explicit. They depend only on the values of the constants in Assumptions 1.5
and 1.14 and on the moments my, k € N, w.r.t. the minus norm, but they do not
depend explicitly on the dimension.

The proof of Theorem 1.19 is given in Section 7 below.

Let ur(A) = w(A|Byg) denote the conditional probability measure given By.
Recalling that p is a stationary distribution for the kernel gj, we can apply Theo-
rem 1.19 to derive a bound for the Wasserstein distance of the discretization of the
MALA chain and g after n steps:

THEOREM 1.20.  Suppose that Assumptions 1.5 and 1.14 are satisfied. Then
there exist constants C, D, q € (0, 00) that do not depend explicitly on the dimen-
sion such that the estimate

K \" — K R2
War(vgy, ir) < 58R(1 - Zh) + DRexp(— 3 )nh

holds for any n € N, h, R € (0, 00) such that hl>cC. (1 4+ R)4, and for any
probability measure v on R? with support in By.

The proof is given in Section 7.

Given an error bound ¢ € (0, 00) for the Kantorovich—Rubinstein—Wasserstein
distance, we can now determine how many steps of the MALA chain are required
such that

(1.43) Wihr(vgy, uR) < € for any v with support in Bj.
Assuming

4 116R
(1.44) nh > —10g<—),

K £

we have 58R(1 — Kh/4)" <¢&/2. Hence (1.43) holds provided the assumptions in
Theorem 1.20 are satisfied, and

(1.45) DRexp(—K R?/33)nh < ¢/2.

For a minimal choice of n, all conditions are satisfied if R is of order (log g~Hl/2
up to a loglog correction, and the inverse step size h~! is of order (loge™1)4/2
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up to a loglog correction. Hence if Assumption 1.14 holds on R?, then a num-
ber n of steps that is polynomial in loge ™! is sufficient to bound the error by &
independently of the dimension.

On the other hand, if Assumption 1.14 is satisfied only on a ball By of given
radius R, then a given error bound ¢ is definitely achieved only provided (1.45)
holds with the minimal choice for nh satisfying (1.44), that is, if

(1.46) 8DK 'log(116Re™")Rexp(—K R?/33) <ze.

If £ is chosen smaller, then the chain may leave the ball By before sufficient mix-
ing on By has taken place.

2. Wasserstein contractivity of Metropolis—Hastings kernels. In this sec-
tion, we first consider an arbitrary stochastic kernel ¢:S x B(S) — [0, 1] on
a metric space (S, d). Further below, we will choose § = R? and d(x, y) =
lx — yll- A R for some constant R € (0, oo], and we will assume that ¢ is the
transition kernel of a Metropolis—Hastings chain.

The Kantorovich—Rubinstein or L'-Wasserstein distance of two probability
measures i and v on the Borel-o-algebra 5(S) w.r.t. the metric d is defined by

Wale, v) =inf / d(x, )(dx d5),

where the infimum is over all couplings n of u and v, that is, over all probability
measures 1 on S x § with marginals p and v; cf., for example, [34]. In order to
derive upper bounds for the Kantorovich distances W, (uq, vg), and more gener-
ally, Wy(uq™, vg™), n € N, we construct couplings between the measures g (x, -)
for x € S, and we derive bounds for the distances W; (¢ (x, -),¢(X,-)),x,X € S.

DEFINITION 2.1. A Markovian coupling of the probability measures g (x, -),
x € §, is a stochastic kernel ¢ on the product space (S x §, B(S x §)) such
that for any x,X € S, the distribution of the first and second component under
c((x,X),dydy) is g(x,dy) and ¢ (X, dy), respectively.

EXAMPLE 2.2. (1) Suppose that (€2, .A,P) is a probability space, and let
(x, X, ®) = Y(x,X)(0), (x, X, w) = Y(x, X)(w) be product measurable functions
from S x S x Q to S such that Y (x,X) ~¢g(x,-) and Y (x,X) ~ g(X,-) w.r.t. P for
any x, X € S. Then the joint distributions

o((x.%),)=Po (Y(x.5),Y(x,%)”", x.XeS,

define a Markovian coupling of the measures g (x, -), x € S.
(2) In particular, if (x, w) — Y(x)(w) is a product measurable function from
S x Q to S such that Y (x) ~ ¢g(x, ) for any x € S, then

o((x,%),)=Po (Y(x), Y®)

is a Markovian coupling of the measures g (x, -), x € S.
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Suppose that (X, X ») on (2, A, IP) is a Markov chain with values in S x S and
transition kernel ¢, where c is a Markovian coupling w.r.t. the kernel g. Then the
components (X,) and ()N( n) are Markov chains with transition kernel ¢ and initial
distributions given by the marginals of the initial distribution of (X,,, X,), that
is, (X,, X,) is a coupling of these Markov chains. We will apply the following
general theorem to quantify the deviation from equilibrium after n steps of the
Markov chain with transition kernel g:

THEOREM 2.3. Let y € (0, 1), and let ¢c((x,X),dydy) be a Markovian cou-
pling of the probability measures q(x, -), x € S. Suppose that O is an open subset
of S, and assume that the metric d is bounded. Let

A :=diam S = sup{d(x,X) :x,X € S}.
If the contractivity condition
@.1) [ 46Dl R, dyas) <y -de. B
holds for any x, X € O, then
Wa(ng", vq")
<Y Wa(u,v) + A (PuFk <n:Xx ¢ O1+Py[Fk <n: Xy ¢ O)

for any n € N and for any probability measures (v, v on B(S). Here (X,,P,) and
(X5, Py) are Markov chains with transition kernel q and initial distributions |, v,
respectively.

(2.2)

PROOF. Suppose that i and v are probability measures on B(.S) and n(dx dX)
is a coupling of x and v. We consider the coupling chain (X, )N(,,N) on (2, A, P)
with initial distribution 7 and transition kernel c. Since (X,,) and (X,,) are Markov
chains with transition kernel ¢ and initial distributions p and v, we have Po X =
ug" and Po )~(;1 = vgq" for any n € N. Moreover, by (2.1),

E[d(X,, Xn); (Xx, Xz) € O x O Vk < n]
= E[/ d (X, X)) ((Xn_1, Xn_1), dx, dXn); (Xi, Xi) € O x O Vk < n]

< yE[d(Xn-1, Xu-1); (Xi, Xp) € O x OVk <n —1].
Therefore, by induction,
Wa(1g", vq") <E[d(Xy, Xu)]
=E[d(Xn, Xn); (Xz, Xi) € O x O Vk < n]
+E[d(Xn, X,); Ik <n:(Xg, Xi) ¢ O x O]
<y"d(x,%)+ A -P[Fk <n:(Xi, Xp) ¢ O x O,
which implies (2.2). 0
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REMARK 2.4. Theorem 2.3 may also be useful for studying local equilibra-
tion of a Markov chain within a metastable state. In fact, if O is a region of the
state space where the process stays with high probability for a long time, and if
a contractivity condition holds on O, then the result can be used to bound the
Kantorovich—Rubinstein—Wasserstein distance between the distribution after a fi-
nite number of steps and the stationary distribution conditioned to O.

From now on, we assume that we are given a Markovian coupling of the pro-
posal distributions p(x, -), x € R?, of a Metropolis—Hastings algorithm which is
realized by product measurable functions (x, X, w) — Y (x, X)(®), Y (x, %) (w) on
a probability space (€2, A, IP) such that

Y(x,%)~ p(x,) and Y(x,%)~ p(X,)  foranyx,¥eR?

Let a(x, y) and g (x, dy) again denote the acceptance probabilities and the tran-
sition kernel of the Metropolis—Hastings chain with stationary distribution w; cf.
(1.10), (1.11) and (1.12). Moreover, suppose that I/ is a uniformly distributed ran-
dom variable with values in (0, 1) that is independent of {¥(x,%):x,% € R%}.
Then the functions (x, ¥, ®) — W(x, X)(w), W (x, ¥)(w) defined by

o Y (x5, ifU <a(x, Y(x,X)),
Wix, ¥):= {x, ifU > a(x, Y (x,X)),
W (x5 ::{;};(x,?c), %fl/{foe(x,g(x,)z)),

X, ifU > a(x, Y(x, X)),

realize a Markovian coupling between the Metropolis—Hastings transition func-
tions ¢ (x, ), x € R4, that is,

W, %) ~q(x,-) and W(x, %) ~q(,)
for any x, ¥ € R?. This coupling is optimal in the acceptance step in the sense that
it minimizes the probability that a proposed move from x to ¥ (x, X) is accepted
and the corresponding proposed move from X to Y (x, X) is rejected or vice versa.

LEMMA 2.5 (Basic contractivity lemma for MH kernels). For any x,X € R,
E[d(W (x, %), W(x,%))]
<E[d(Y (x,%), Y (x,%))]
+E[(d(x,%) — d(Y (x, %), Y (x,%)))
x max(1 —a(x, Y (x, %)), 1 —a(X, ¥ (x,5)))]
+E[d(x, Y (x,%) - (a(x, Y (x,%)) — X, Y(x, )7)))+]
+E[d®, Y (x,%) - (a(x, Y (x, %)) — (X, Y (x, %)) 7]
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PROOF. By the definition of W and by the triangle inequality, we obtain the
estimate

E[d(W (x,%), W(x,%))]
<E[d(Y (x,X%), y(x,f)); U < min(a(x, Y(x, %)), (X, ?(x,f)))]
+d(x, %) - PU > min(a(x, Y (x, %)), ¢(F, Y (x, %)))]
+E[d(x, Y (x, ) aX, Y (x, %) <U < a(x, ¥ (x,%))]
+E[d(%, ?(x,f)); a(x,Y(x,X) <U < afX, ?(x,f))].

The assertion now follows by conditioning on Y and Y. O

REMARK 2.6. (1) Note that the upper bound in Lemma 2.5 is close to an
equality. Indeed, the only estimate in the proof is the triangle inequality that has
been applied to bound d(x, ¥) by d(x,%) + d(%,Y) and d(X,Y) by d(x,%) +
d(x,Y).

(2) For the couplings and distances considered in this paper, d (Y, Y) will always
be deterministic. Therefore, the upper bound in the lemma simplifies to

E[d(W, W)]
23)  <d(Y,Y)+ (d(x,%) —d(Y,Y)) -E[max(l —a(x,Y), 1 —a(®, Y))]
+E[d(x, V) (a(x,Y) —a® V)" +dE, V(ax, V) —ai, 1))7].

Here E[max(1 —a(x,Y), 1 — a(X, Y ))] is the probability that at least one of the
proposals is rejected.

(3) If the metric d is bounded with diameter A, then the last two expectations
in the upper bound in Lemma 2.5 can be estimated by A times the probability
Ella(x,Y) — a(Xx, Y )|] that one of the proposals is rejected and the other one is
accepted. Alternatively (and usually more efficiently), these terms can be estimated
by Holder’s inequality.

3. Contractivity of the proposal step. In this section we assume V €
C%(R?). We study contractivity properties of the Metropolis—Hastings proposals
defined in (1.23) and (1.27).

Note first that the Ornstein—Uhlenbeck proposals do not depend on V. For & €
(0, 2), the contractivity condition

G V@) -V @ | = (0 —h/2)(x = D) =1 = h/2)|x =X

holds pointwise for any x, X € R? w.r.t. an arbitrary norm | - || on RY.
For the semi-implicit Euler proposals

h h? d
Yh(x):x—EVU(x)—i- h—ZZ, Z~y°.
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Wasserstein contractivity does not necessarily hold. Close to optimal sufficient
conditions for contractivity w.r.t. the minus norm can be obtained in a straightfor-
ward way by considering the derivative of ¥}, w.r.t. x.

LEMMA 3.1. Leth € (0,2), and let C be a convex subset of RY. If there exists
a constant ) € (0, 0o0) such that

h
(3.2) H(Id—5v2U<x))-nH <Mlnl- foranyneR% xeC,
then

[Yn(x) = Ya(D)|_ < Allx —X||- forany x,X € C.
PROOF. If (3.2) holds, then
h_,
|8y Yn ()| _ = |n — SVU@-n| =<Hnl-
for any x € C and n € R?. Hence

1 d
1Ya () — i (®)| = H/O Syl —t))?)dtH

1
< / l9x—5Yn(tx + (1 — O)X)| _dr
0
<Allx =X - forx,x e C. O
REMARK 3.2. (1) Note that condition (3.2) requires a bound on V2U in both
directions. This is in contrast to the continuous time case where a lower bound by
a strictly positive constant is sufficient to guarantee contractivity of the derivative

flow.
(2) Condition (3.2) is equivalent to

h
(33) &= J5U) <MENlnl- forany x€C,§& neR.

Recall that for R € (0, oo],
(3.4) M(R) =sup{|V?Ux) -n|_:ne B;,x € Bg).

Hence M(R) bounds the second derivative of U on By in both directions,
whereas the constant K in Assumption 1.14 is a strictly positive lower bound for
the second derivative. We also define

(3.5) N(R) = sup{|V*V(x)-n|_:ne By ,x € Bg}.
Note that M(R) <1+ N(R). As a consequence of Lemma 3.1 we obtain:
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PROPOSITION 3.3.  Forany h € (0,2) and x,x € B,

~ I —N(R) ~
(3.6) [0 = B = (1= =32) - =TI
Moreover, if Assumption 1.14 holds, then
- K M®R?, -

(3.7 ||Yh(x)—Yh(x)||_§<1—5h+ 2 h )-le—xll_.

PROOF. Note that for z € [x,X] and n € R,
(3.8) (1 hVZU( )) = (1 h) hVZV( )

. 7 2))-n= 7 n 7 z) 1.

Therefore, by (3.5),

(- tvue) af <o+
7 2)|-n = 2 ||77||—+2 (R) - linll-.

Inequality (3.6) now follows by Lemma 3.1.
Moreover, if Assumption 1.14 holds, then for z € [x, X] and n € R4,

h 2 2 2 2 h2 2 2
H("EV U(z))-n =i~k VU@ a1 |20 @ )

< (1 — Kh+ M(R)>h*/4)|In]|>

= (1= Kh/2+ M(R)*h?/8)*||n]> .
Inequality (3.7) again follows by Lemma 3.1. [

4. Upper bounds for rejection probabilities. In this section we derive the
upper bounds for the MH rejection probabilities stated in Proposition 1.7. As a
first step we prove the explicit formula for the MALA acceptance probabilities
w.r.t. explicit and semi-implicit Euler proposals stated in Proposition 1.3:

PROOF OF PROPOSITION 1.3. For explicit Euler proposals with given step
size h > 0,

log y (x) ppe (x, )
—1| ?+ ! (1 h) +hVV( )2+c
AT i )T

L AT S L2 _

= hlx|“+ ]y — x| hx-y+4h x|+ h(y —x)-VV(x)
l 2 1 2 2

+§h x-VV(x)-i—Zh [VV()|")+C

1 h
=S,y + 5y =2 VV () + glx +VV@)[
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with a normalization constant C that does not depend on x and y, and a symmetric
function S:R¢ x R? — R. Therefore, by (1.19),

G (e, y) = V(y) = V@) +logy () pj"*" (v, y) — log v () pj " (v, x)
=V V@)~ —x)-(VV@) +VVX)/2
2 2
+h(ly+ V| —|x+VV&)])/8.
Similarly, for semi-implicit Euler proposals we obtain

1 h

d L 5 h 2
—logy (X)Ph(X,Y)=§|X| +-ly—(1-= x—i—EVV(x)

. : /<h—h;>+c
(=)t e -Fevov)
-5 e

S N U R WYy S S
Y BT Y T

1
M

lx +VV@)[
~ 1
=S(x,y)+ 5()’ —x)-VV(x)

41 2 [(y+x)- VV() + |[VV(@)]
Y- y4+x X x)|7 |,
and, therefore,
Gp(x,y)

=V -V@)—-G-—x)(VV() +VV©x))/2

+ [+ - (VV) = VV@) + VvV = Vvl g

8—2h

From now on we assume that Assumption 1.5 holds. We will derive upper
bounds for the functions G (x, y) computed in Proposition 1.3. By (1.16), these
directly imply corresponding upper bounds for the MALA rejection probabilities.
Let 8?1’._.’ £ V (z) denote the nth-order directional derivative of the function V

at z in directions &1, ..., &,. By 3"V we denote the nth-order differential of V, that

@1 Ly(x, %) = sup{(3f,

In other words,

.....

Ly(x, %)= sup [(3"V)@],

z€[x,X]
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where || - ||* is the dual norm on n-forms defined by

1" = sup{l(&1,.... &) &1, ..., & € B[ ).

In particular,
Lix.5)= sup [VV@],.

z€[x,X]

By Assumption 1.5,
(42)  L,(x,%) <Cp-max(l, |x|—, [X]-)"  Vx,¥eR9n=1,234.

We now derive upper bounds for the terms in the expression for G, (x, y) given
in Proposition 1.3. We first express the leading order term in terms of 3rd deriva-
tives of V:

LEMMA 4.1. Forx,yeR?,

V(y) - V(x>—Tx (VV() + VV @)

1

1
=—3 10 —03_ V(= Dx +1ty)dt.

PROOF. A second-order expansion for f(t) = V(x + t(y — x)),t € [0, 1],
yields

1
V(y)— V(x) 2/0 dy—xV(x +1(y —x))dt
1
=y —x)-VV(x) +/0 /(;t 8y2_xV(x +s(y —x))dsdt

1
=(y—x) - VV(x) +j0 (1 =537, V(x+s(y—x))ds

and, similarly,

1 1 5
V(y)—V<x>=(y—x).vv<y>—/0 / 92V (x +s(y — ) dsdr

1
= —x)-VV(y) — / Sag,xV(x +s(y —x))ds
0
By averaging both equations, we obtain

V) = V) = TS (YY) + VY ()

1 ! 2
=Ef0 (1 =25)dy_, V(x +s(y—x))ds

1 1
— 5/0 11 =D V(x +1(y —x)di
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Here we have used that for any function g € C L0, 11,
1 1 K
/ (1 —2s)g(s)ds =/ (1-— ZS)/ g (t)dtds
0 0 0
1,1 1
:/ / (1—2s)dsg'(t)dt = —/ t(1-ng'(tydr.
0 Jt 0

LEMMA 4.2.  For x,y € R?, the following estimates hold:

(D V)=V < Litx,y) -y —xl=;
Q) V) = V(@) =55 (VVO) + VV )| < L3, y) -y — x|
3) (VU +VUX)-(VV () =VVE)| < La(x, y)- VU () + VU X)]| - -

Iy — x|l
@ IVU) + VU - =2(IVU@)]l- + (1 + La(x, y)) - Iy — x| -.

REMARK 4.3. The estimates in Lemma 4.2 provide a bound for the terms in
the expression (1.32) for G, (x, y) in the case of semi-implicit Euler proposals. For
explicit Euler proposals, one also has to bound the term

VU = VU@ =]y + VO] = |x + vV

Note that even when V vanishes, this term cannot be controlled in terms of || - || -
in general. A valid upper bound is

VUG + VU )| |y = x|+ Lo, ) [VU ) + VU@ - - ly =]
PROOF OF LEMMA 4.2. By Lemma 4.1 and by definition of L, (x, y), we
obtain

V() = V)| < sup |8y V()| < Li(x,y) - lly —xll-,

z€[x,y]

y—x
'V(y) — V@) - — (VV(») +VV())

1 ! 1
<—| tA=0)dr sup |33 V(@)|<—=L3x, y) lly—=x|>,
=5 [ ra-n s [0V @ = 15 La ) Iy =

(VU() +VUX)) - (VV(y) —VV(x))
= dvu(y)+vu) V() — dvum)+vu )V (x)
1
2

<Ly(x,y)- |[VU») +VU@)|_-lly —x|-.
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Moreover, the estimate
IVU() + VU@)|_ <2|VUX)|_+|VU(@) - VUX)|_
<2[VU@|_+ Iy =x-+[VV) = VV@)|_
<2|VU@|_ + 1+ La(x, ) - lly = x|
holds by definition of L (x, y) and since
[VVO) = VvVl < |[vVv) - VVE)|= égl(asV(y) — 3V (x)

< sup (3V(y)— V(). O
lgN-<t

Recalling the definitions of Y, }?U (x) and Y, (x) from (1.23) and (1.27), we ob-
tain:

LEMMA 4.4. For x € R4 h € (0,2) and n € {1,2,3,4} with p, > 1, we
have:

(D) YRV () —xl- < 2xll- + VRl Z| -

2) 1Y) —x)- < BIvU) |- + VhIZ|l-;

3) 1PV )ll- <A = Dlxl- + VAlZ| -

@ 1Y) = < lIxll= + 2IVU @)= + VR Z] =

(5) Ln(x, YPY(x)) < C, 2P~ L (max(1, ||x||=)Pn + hPn/2|| Z||P"y;

(6) La(x,Yy(x)) < Cu3P '(max(L, Ix[-)? + P vuo”™ +
hPn/2| Z||P).

PROOF. Estimates (1)—(4) are direct consequences of the triangle inequality.
Moreover, by (3) and (4),

YV ()| ) < max(1, l|x]|l-) + VAl Z]|-

max(1, [|x]|—,

and

h
max (1, [lx]l—, [ ¥, ()] _) <max(1, [lx]-) + §||VU(X)||_ + VR Z] -
Estimates (5) and (6) now follow from (4.2) and Holder’s inequality. [

We now combine the estimates in Lemmas 4.2 and 4.4 in order to prove Propo-
sition 1.7 and the first part of Proposition 1.11:

PROOF OF PROPOSITION 1.7. By (1.16) and Proposition 1.3, for & € (0, 2),

h
“3)  E[(1—an(x, V)] < |G, va) T e < T+ g
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where
Yn(x)—x
I = Hv(yhm) V) = 2O Gy ) - VV(x))HLk,
I =|(VU(Yr(x)) + VU (x)) - (VV (Yn(x)) — VV(x))||Lk.
By Lemma 4.2,

@44) 1 <E[Ls(x, Y, @) 1) —x1%*]*/12 and

s I < E[La(x, Y, ()" - 1V (x) — x[©
' x 2| VU )| + (1+ La(x, Ya(0))) - ¥4 (x) — x[1-)]"/%.

The assertion of Proposition 1.7 for semi-implicit Euler proposals is now a direct
consequence of the estimates (2) and (6) in Lemma 4.4. The assertion for Ornstein—
Uhlenbeck proposals follows similarly from (1.21), the estimates (1) in Lemma 4.2
and (1), (3) and (5) in Lemma 4.4. []

It is possible to write down the polynomial in Proposition 1.7 explicitly. For
semi-implicit Euler proposals, we illustrate this in the case k =1 and pp = p3 =0.
Here, by (4.4) and (4.5) we obtain

3

ISES

I < GE[(h|VU@)|_/2+ VR Z|-)
x QIVU@|_ + (1 +C)(R|VU®)|_/2+ VRIZI-))]

< Cz(hHVU(x)HZ_ +2VR|VU (x)| _m;

h2
+ 0+ C2)<7 ||VU(x)||2_ + 2hm2>>.
Hence by (4.3),

1 1
E[1 — ap(x, Ya(x))] < h¥/2. (ZC3I’}13 + 5c2m1 HVU(x)H_)

1 1
(4.6) +h2-(ZC2HVU(x)H2_+EC2(1 +Cz)m2)

1 1
+n3. (3—203 ||VU(x)H3_ —+ gC2(1 + C2)||VU(x)H2_).

For Ornstein—Uhlenbeck proposals, we derive the explicit bound for the rejec-
tion probabilities stated in Proposition 1.11 for the case k =1 and py = 0.
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PROOF OF PROPOSITION 1.11, FIRST PART. If p» =0, then for any x € R4,
@7 [VV)|, < [VVO)], +[VVE) = VV©O)], <Ci+Cafxll-.
Therefore, for any x, y € RY,

V() = V)| < (C1 + Ca-max(||x]|—, [Iyll-)) - Iy —x[I-
Hence, by (1.21) and by (1) and (3) in Lemma 4.4,
E[1 —a%Y(x, Y2V (x))]
<E[(V(rV () = V()]
<E[(C1 + C2 - max(]|x| -,
<E[(Ci+ C2- (Ixll- +VAIZI-)) - (hlx]-/2 + VA Z]-)]
=m(Ci+ Callx]|-) - 1/

YRV ) - 1P ) — x| ]

1 2 1 3/2
—I—2(2m2C2+C1||x||—+C2||x||_)'h+2m1C2||x||—'h - O

5. Dependence of rejection on the current state. We now derive estimates
for the derivatives of the functions

(5.1 Fh(x,w)th(x,x—%VU(X)+U)>,

h
(5.2) F,?U(x,w)=GOU(x,x—§x+w), (x,w) eR? x RY,

w.r.t. x. Since

h2
(5.3) Gh(x,Yh(x)):Fh(x,‘/h—ZZ) with Z ~ y¢, and
h2
54 GY(x, YY) =FPY (x, h— Zz) with Z ~ y?,

these estimates can then be applied to control the dependence of rejection on the
current state x.
For Ornstein—Uhlenbeck proposals, by (1.21), we immediately obtain

ou h h
(5.5) ViF " (x,w) = 1—5 (VV(y)—VV(x))—EVV(x),
where y := (1 — %)x + w.
For semi-implicit Euler proposals, the formula for the derivative is more in-
volved. To simplify the notation we set for x € R? and fixed & € (0, 2),

(5.6) x'=x—- gVU(x).
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In the sequel, we use the conventions

d d d
veow=Y vw, (- T);=>vT;, (T-v;=Y T,
i=1

i=1 j=1
d
(S-T)ik = Z Si,iTjk
=1

for vectors v, w € R? and (2,0) tensors S, T € RY QR?. In particular,
v-(S-T)=Ww-85)-T,
that is, the brackets may be omitted. We now give an explicit expression for the

derivative of Fj(x, w) w.r.t. the first variable:

PROPOSITION 5.1.  Suppose V € C*(R?). Then for any x, w € R?,

V., Fy(x, w) = VV(y) — VV(x) % V2V () + V2V (1))

h

+ 7= V2V (y) - (Ia + V2V (x))
h

8 —2h

x (V2V(y) — V2V (x))
h2

16— 4h

x (I + V*V (x))

+

(VV(y) = VV(x)+ VU(y) + VU (x))

(VV(y) = VV(x) + VU () + VU ®x)) - V2V (y)

withy:zx/—i-w:x—%VU(x)—l-w.

PROOF. Let
W(x):=VV(x)=VU () — x, xeRY.

By Proposition 1.3,

57 F . =A N B 3
(5.7) n(x, w) n(x w)+8—2h n(x, w)
for any x, w € R?, where
/ —_—
AnCrw) = V(4 w) = V) = (9 (4 w) + 9V ) and

Bp(x,w):=(VU(X +w)+ VU@)) - (VV(x'+w) — VV(x)).
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Noting that by (5.6),

h h h
(5.8) x—x'= EVU(x):Ex—i_EVV(X)’
h h h
(5.9) Ve(x —x') = §v2U(x) = la+ EVZV(x) and
h h h
(5.10) Vex' =1, — 5v2U<x) = (1 — E)Id - 5VZV(x),

we obtain with y = x’" + w

VeAp(x, w) =W(x' +w) - (Id - gVZU(x)) — W(x)

_ H# . (VW(x/ +w)- (Id - gVZU(x)) + VW(X))
W )+ W) U

= W(y)— W(x) — Tx (VW(y) + VW (x))

h h
Z(W<y> W) VU + (=2 (VW) VU (),

ViBp(x, w) = (W(x' +w) — W(x))
h
x (V2U(x' +w) <1d — EVZU(x)> + VZU(x))

+ (VU (x" 4+ w) + VU (x))

h
x <VW(x/ + w) - <1d — EVZU(x)> - VW(x)>
= (W) = Ww)- (VU

+ VU X))+ (VU ) + VU X)) - (VW () — VW (x))

h
—3 (W) = W) (VUG - VU @)

h
— 5 (VUM +VUW) - (VW) VU W).
In total, we obtain

h
ViFr(x,w) =V, A,(x, w)+8—2hV +Bn(x,w)

=W(y) - W(x)—T (VW) +VW(x))
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+

e, (W) = W) (VU = VU )

+ Z(y —x)-VW(y) - VU (x)

+ (VUM + VU @) - (YW () — VW ()

8—2h

2 h )
+ <m - Z)(W()’) — W) - VU (x)

2
16 —4h

h2
16— 4h

(W) — W) VU () - VU (x)

(VU@ + VU X)) - VW (y) - VU (x)

=W(y) - W) — % (VW) + VW ()

h
+ =0 VW) V2U (x)

+ 5= (WO =W+ VUG + VU W)
x (VW (y) = VW (x))

h? )
~ 16— (WO = W) - (VUG — La)

+(VU@) 4+ VU (X)) - VW (y)) - V2U (x).
Here we have used that
VU =1,+V*V=1;+VW.
The assertion follows by applying this identity to the remaining VU terms as

well. O

Similar to Lemma 4.2 above, we now derive bounds for the individual sum-
mands in the expressions for V, F ,?U and V, Fj, in (5.5) and Proposition 5.1.

LEMMA 5.2. ForV € C*(R%) and x, y € RY the following estimates hold:

(D IVV () = VV @)+ < La(x, y) - Iy — x| —;

2) [VV(y) — VV(x) — 555 - (V2V(y) + V2V ) ll4+ < LaCx,y) - lly —
x| /12;

3) 1y =x)-V2V@)-(Tg+ V>V )+ < La(y, ¥) - (1+ La(x, x)) - lly — x| ;



368 A.EBERLE

@) [(VV(y) — VV(x) + YU(y) + VUX)) - (V2V(y) — V2V ()|l4+ <
L3(x,y) - (LaGxe, Dy — xll= + IVU @) + VU@ [2) - Iy — x|l
(5) I(VV(y) = VV(x) + VU(y) + VU x)) - V2V (y) - Iy + V2V ()| _ <

Ly(y,y) - (L2(x, )y = x[l- + [IVU(y) + VU (@)[|-) - (1 + La(x, x)).

PROOF. (1) For any & € R, we have

9:V(y) =3V (x)| < SUP 107 £V (@) < Lalx, llx — yll- €] -

z€[x,y]

This proves (1) by definition of || - || .
(2) By Lemma 4.1 applied to 9¢ V,

‘8§V(y)—8§-V(x)—T (VoeV (y) — Vo: V (x))

1! 1
fifo (L =ndi - sup 18,8V @] < 5 Lax, y)llx =y ILIE -

z€lx,y]
(3) For v, w € R?, we have
(5.11) v V2V (w| =35,V < Lalx, mvf-llw] -
Since || - ||— is weaker than the Euclidean norm, we obtain
(v =x)- V2V () - (I + V2V () -]
< La )y = x - (1 +V2V() -]
< Loy, My = xl-(1 + La(x, x)) 1§l -
(4), (5) For v, w € RY,

v (V2V(y) = V2V (x)) - w| = ‘/ 0 s V(= 0x +1y)dt

< L3(x, )y = xll-llvll-[[w]l -

Therefore,
(VV(3) = VV(@) + VU QG) + VU W) - (VV(y) — V2V (x)) - &

<Ly, )lly =xl-- (|[VV() = VV@) |+ [VU) + VU _) - 151~

< L3, My —xl-- (L2, Wy = xl- + [VU) +VU®)| ) - &l
and, correspondingly,

(VV () = VV(x)+VU©») + VU X)) -V2V(y) - (I + V>V (x)) - &
< La(y,y) - (Latx, Dlly = xl- 4+ [VU ) + VUX)| )
X (14 La(x, x)) 1€ - dJ
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By combining Proposition 5.1 with the estimates in Lemma 5.2 and Lemma 4.4,
we will now prove Proposition 1.9.

PROOF OF PROPOSITION 1.9. Fix h € (0, 2). By (1.17) and (1.18), for any
x,xeRY,

e (%, Yi (%)) — an (&, Ya@®) | 1«

(5.12) < |Ga(x, Yi(x)) = Gu(%, Ya(®)] 1
<lx—=%|-- S[UPN]H [VaGa(x, Ya ()| [ i

Moreover, by (5.3) and Proposition 5.1,
[V Ga (e, YaCo) 4 [ e

(5.13) = ||VxFu(x. b —h2/AZ)| | 1«

<1+ I + Ui
=4 8 —2h 16 — 4h

AV,
where
I =E[|VV(Y4(x)) = VV(x) — 3 (Y5 (x) — x)
x (V2V (Y (0) + V2V o) |5]V5,
I =E[|(¥s(x) —x) - V2V (¥, ) - (I + V2V )[4 ]"7%,
I =E[[(VV(Yr(x)) — VV(x) + VU (Y (x)) + VU (x))
x (V2V (Y (x) — V2V o) 5]V,
IV =E[|(VV(Yr(x)) = VV(x) + VU (Yr(x)) + VU (x))
x V2V (Y,(0) - (1 + V2V o) |5 ]VE.
By applying the estimates from Lemmas 5.2 and 4.2(4), we obtain
(5.14) 1< LE[La(x, Y4 ()| Ytx) — x| *]%,
(5.15) 11 < (1 + Lo(x, x)) - E[Lo (Y5 (x), Y () [ ¥ (x) — x[F]F,

I <E[Ls(x, Y4 ()] V() — x| ©

(5.16)
x (14 2La . Y)Y ) — X+ 2| YU o [£)]%,
1V < (1 + La(x, x))
(5.17) x B[La(Yi(x), Ya())F

x (14 Lax. ¥4 0) ¥ @) —x[© + 2| vu o)1V
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The assertion for semi-implicit Euler proposals is now a direct consequence of the
estimates in Lemma 4.4, (4.2) and (5.12).

The assertion for Ornstein—Uhlenbeck proposals follows in a similar way
from (5.5), Lemma 5.2(1) and the estimates in Lemma 4.4. [

Again, it is possible to write down the polynomial in Proposition 1.9 explicitly.
For semi-implicit Euler proposals, we illustrate this in the case k =1 and p; =
p3 = pa = 0. Here, by (5.14), (5.15), (5.17) and (5.17) we obtain

C h 3 Cy/hd
I < I—SE[(;WU@)H_ + ~/E||Z||_) ] < 7“(§||VU<x>||3_ +h3/2m3),

112 €+ QB[ VU@ +VAIZI]
h
=(Cy + C%)(EHVU(X)H_ - hl/zml),

h
1l < C3 <2||VU(x)||_ -E[EHVU(x)”_ + x/EIIle_i|

+(+ 2C2)E[<%||VU(X)||_ + \/E||Z||_>2})

h
<2Cs nw(x)u_(5 VU + ﬁm1>

2
+ a1 +200)(SIVU @I + 20,

IV <1+ Cz)Cz((l + Cz)E[% VU )| + \/E||Z||_i| + 2||VU(x){|>

<2(1+ C)C|VU@)||_ + (1 + C2)202<§ IVU@)||_ + Jﬁml).
Hence by (5.13), for i € (0, 2),
E[|VxGn(x, Ya())] ]
< §7(Cams + (1 4+ C) Comy +2C3 | VU (x) | _my)
(5.18)  + Lh2(4Co(1 +2C)my +3C2(1 + Co) [VU (x)||_ +2C3| VU ) |)
+ L1372 C(1+ C)2 (2my + B2 | VU ()] )
+ LR3C3(14+20) VU@ + Ca|VUW)]P).

For Ornstein—Uhlenbeck proposals, we prove the explicit bound for the depen-
dence of the rejection probabilities on the current state for the case k = 2 and
p2 =0 as stated in Proposition 1.11.



ERROR BOUNDS FOR METROPOLIS-HASTINGS ALGORITHMS 371

PROOF OF PROPOSITION 1.11, SECOND PART. If pp =0, then by (5.4), (5.5)
and (4.7),

h
[V:GP(, P )y < [VV (5 0) = VYVl + S IV Vel

Iy =
< YY) —x|_+ (C1 + Calix[|-)h/2
< G| Z|-h'? + (C1 +2Ca|lx|-)h/2
for any x € R¥. Therefore,
E[| V.GV (x, Y2V 0)) 3] < Comy* W2 + (C1 4+ 2C x| )k /2.
The assertion now follows similarly to (5.12). [
6. Upper bound for exit probabilities. In this section, we prove an upper
bound for the exit probabilities of the MALA chain from the ball B that is re-

quired in the proof of Theorem 1.19; cf. [12] for a detailed proof of a more general
result. Let

(6.1) f(x) :=exp(K||x||>/16).

The following lemma shows that f(x) acts as a Lyapunov function for the MALA
transition kernel on By :

LEMMA 6.1. Suppose that Assumptions 1.5 and 1.14 hold. Then there exist
constants C1, Ca, p1 € (0, 00) such that
(6.2) gnf < fl_Kh/4eC2h on By
forany R, h € (0, 00) such that h=1>Ci(1 4+ R)P.

PROOF. We first observe that a corresponding bound holds for the proposal

kernel pj,. Indeed, by (1.27), and since ||v |2 =v-Guv witha nonnegative definite
symmetric matrix G < I, an explicit computation yields

x— gVU(x) +h— h2/4ZH2_/16>}
2_/16).

(1)) =E|exp( &

< exp(K(l + Kh/4)|x — gVU(x)

Moreover, by Assumption 1.14,

h 2 K h?
x = VU@ (1——>|| ||,+—]|VU(0)||_ —||VU(x)H2_.

Hence by Assumption 1.5, there exist constants C3, C4, p3 € (0, 00) such that
(prf)(x) < f(x)! TKM S
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for any x € R? and % € (0, 00) such that A~! > C4(1 + ||x||—)?2. By the upper
bound for the rejection probabilities in Proposition 1.7, we conclude that there
exists a polynomial s such that the corresponding upper bound

anf < fIKACH L o(RyR32 ¢
— fl—Kh/4(eC3h +S(R)h3/2th/4)
< fl—Kh/4e(C3—H)h
holds on By whenever both h=' > C4(1 + R)”2 and s(R)hl/szh/4 < 1. The
assertion follows, since the second condition is satisfied if K?AR?/64 <1 and
s(Ryeh'? <1. O
Now consider the first exit time
Tg :=inf{n > 0:X, ¢ By},

where (X, Py) is the Markov chain with transition kernel g; and initial condition
Xo = x Py-a.s. We can estimate T by constructing a supermartingale based on
the Lyapunov function f:

THEOREM 6.2. If Assumptions 1.5 and 1.14 hold, then there exist constants
C, p, D € (0, 00) such that the upper bound
(6.3) P,[Tg <n] < Dnhexp[K (||x||> — R?)/24]
holds for any n >0, R, h € (0, 00) such that h='>CU+R)?, and x € By.

PROOF. Fixn € N, choose C1, C», p1 as in the lemma above, and let

, J ,
M = f(X ;)UK exp(—Czh >oa-— Kh/4)”_’>
i=0

for j=0,1,...,n.If hl> C1(1 4+ R)"t, then by Jensen’s inequality and (6.2),

Jj+l |
E[Mj1|F;j1 < (qnf)(X ) KA exp(—Czh - Kh/4)”—’)
i=0

<M; on{X;eBg}forany j<n.
Hence the stopped process (MjTR)oS j<n 1s a supermartingale, and thus
Ex[Mry;n—m <Tg <n] <E [Mp] for any 0 <m <n.
Noting that Mo = f(x)1=K#/4" = exp((1 — Kh/4)"K ||x||2 /16), and

— n—T
Mry = (f(XTR)CXp(—4C2/K))(1 Kh/4)y"Tr

= exp ([ B2 —4Co/K ) - (1= Knjy T |
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we obtain the bound

Pyln —m =Tg <n]

= eXp[<1 - KTh)m(f_ﬁ«l - KTh)n_mllxllz_ - R2> + 4%)]

for any 0 < m < n provided R? > 64C,/K?. In particular, if mKh/2 < log(3/2),
then (1 — Kh/4)"™ > exp(—mKh/2) > 2/3, and hence

P.[n—m < Tg <n] <exp(4C2K) -exp(K (| x[|2 — R?)/24).
The assertion follows by partitioning {0, 1, ..., n} into blocks of length < m where

m=|2log(3/2)K~'n~1]. O

7. Proof of the main results. In this section, we combine the results in or-
der to derive the contraction properties for Metropolis—Hastings transition kernels
stated in Theorems 1.15, 1.12 and 1.19, and we finally prove 1.20. Note that for
x, X € R, the distances

7.1 P =YY@ |_ =1 —h/2)x —F|-  and
(7.2) [Yn(x) =YD _ =[x —%— (VUx) — VUX))h/2|_
are deterministic. We now combine Lemma 2.5 with the estimates in Proposi-
tions 1.7 and 1.9:
PROOF OF THEOREM 1.15.  We fix h € (0,2), R € (0,00) and x, X € By . By
the basic contractivity Lemma 2.5 and by (2.3), respectively,
B[ Wy () = Wa )| _]
=< llx —xII-

— (1 = E[max(1 — as(x, Y4(x)), 1 — an(X, Yr(X)))])

X (I = Xll- = [¥n(x) = Ya(®)]_)
F-n@®])7"

+ E[max(|x — Y, (x)| _,
x B[ (e (x, Y (x)) — o (%, Y(3)))*]">.
By Proposition 3.3,
| Yh(x) = Ya@®|_ < (1 — Kh/2+ M(R)*h?/8) - |x — X||—,
and by Lemma 4.4 (2),

E[max(|x — Yy ()] _, |¥ = va@®|_)*]"?

<my*h'? + max(|VU )] _,

VU )| _)h/2.
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The assertion of Theorem 1.15 follows by combining these estimates with the
bounds for the acceptance probabilities in Propositions 1.7 and 1.9. [

The corresponding bound for Ornstein—Uhlenbeck proposals follows similarly
from Lemma 2.5 and Proposition 1.11:

PROOF OF THEOREM 1.12. We again fix h € (0,2), R € (0,00), and
x,X € By. Since YPY(x) = Y2U®) = (1 — h/2)(x — %) and ||lx — Y2V () |- <
lxll—h/2 + | Z||—/h, the basic contractivity Lemma 2.5 implies

E[| W (x) = WPV )] _]

ne
s(l——>llx—xll—
2

- gllx — ¥||-E[max(1 — a®Y(x, Y2V (x)), 1 —a®Y (&, Y2V (®)))]

h - 1/2
+ (5 max(|lx]l_, IF|_) + Vi )

x E[(«°Y(x, YOV (x)) — Y (%, YOV ()))]"/2.

The assertion of Theorem 1.12 follows by combining this estimates with the
bounds for the acceptance probabilities in Proposition 1.11. [

PROOF OF THEOREM 1.19. Noting that
lx]- — 2R)* < —3R? for any x € B,

the assertion is a direct consequence of Corollary 1.18 and Theorem 6.2 applied
with R replaced by 2R. [

Let g = u(-|Bg) denote the conditional measure on By . The fact that pg is
a stationary distribution for the Metropolis—Hastings transition kernel ¢, can be
used to bound the Wasserstein distance between prg; and pg:

LEMMA 7.1. Forany R >0anda € (0, 1),

War (1rajs ) < 8R(1rqp) (R \ By)
<8(1 — @)~ War(urgy, 80gi,) + 8R(304}) (Byz)-

PROOF. The distance induced by the total variation norm || - ||y is the Wasser-
stein distance w.r.t. the metric d(x, y) = I{xxy}. Since dyg(x, y) <4Rd(x,y), we
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obtain
Whr(1erq) > WR) < 4R| LRG) — KR |1y
(73) = 8R|(urg); — 1)y
< 8R(irq}))(RY\ By).
Here we have used in the last step that g, = 1, and hence
(1Rgji)(A) = (1rah) (AN Bg) + (1rah) (RT\ By)
< ur(A) + (1raf) (R \ By)
for any Borel set A C R4. Moreover, for a € 0, 1),
War (1rqy $0qy)

> (R —aR) - ((trqp) (R \ B) = (Soqi) (R \ Byg)-

Indeed, for any coupling n(dx dX) of the two measures,
1(dar(x, %) = R = aR) = (1rgp) (R \ By) = (50qj) (R \ Byp).

The assertion follows by combining the estimates in (7.3) and (7.4). U

(7.4)

PROOF OF THEOREM 1.20. By combining the estimates in Theorem 1.19,
Lemma 7.1 with @ = 6/7, and Theorem 6.2, we obtain

Wiar(vgy, ur) < War(vqy, irqy) + War(wrqy . ILR)

K n
< (1 — Zh) Whr (v, wg) + DRexp(—KRZ/S)nh

K n
456 <1 _ Zh> Wiar (1ek. 80) + S6DR exp(— K R2/S)nh
+ 8RPo[Ter/7 < nl
K \" s
<58R- (1 - Zh) +57DRexp(—K R?/8)nh
+ 8D Rexp(—K R?/33)nh. O
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