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In this paper we shall consider optimal scaling problems for high-
dimensional Metropolis—Hastings algorithms where updates can be chosen to
be lower dimensional than the target density itself. We find that the optimal
scaling rule for the Metropolis algorithm, which tunes the overall algorithm
acceptance rate to be 0.234, holds for the so-called Metropolis-within-Gibbs
algorithm as well. Furthermore, the optimal efficiency obtainable is indepen-
dent of the dimensionality of the update rule. This has important implica-
tions for the MCMC practitioner since high-dimensional updates are gen-
erally computationally more demanding, so that lower-dimensional updates
are therefore to be preferred. Similar results with rather different conclusions
are given for so-called Langevin updates. In this case, it is found that high-
dimensional updates are frequently most efficient, even taking into account
computing costs.

1. Introduction. There exist large classes of Markov chain Monte Carlo
(MCMC) algorithms for exploring high-dimensional (target) distributions. All
methods construct Markov chains with invariant distribution given by the target
distribution of interest. However, for the purposes of maximizing the efficiency
of the algorithm for Monte Carlo use, it is imperative to design algorithms which
give rise to Markov chains which mix sufficiently rapidly. Since all Metropolis—
Hastings algorithms require the specification of a proposal distribution, these im-
plementational questions can all be phrased in terms of proposal choice. This paper
is about two of these choices: the scaling and dimensionality of the proposal. We
shall work throughout with continuous distributions, although it is envisaged that
more general distributions might be amenable to similar study.

One important decision the MCMC user has to make in a d-dimensional prob-
lem concerns the dimensionality of the proposed jump. For instance, two extreme
types of algorithm are the following: propose a fully d-dimensional update of the
current state (according to a density with a density with respect to d-dimensional
Lebesgue measure) and accept or reject according to the Metropolis—Hastings ac-
ceptance probabilities; or, for each of the d components in turn, update that com-
ponent conditional on all the others according to some Markov chain which pre-
serves the appropriate conditional distribution. The most widely used example is
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the d-dimensional Metropolis algorithm, in one extreme, and the Gibbs sampler or
some kind of “Metropolis-within-Gibbs” scheme in the other. In between these two
options, there lie many intermediate strategies. An important question is whether
any general statements can be made about algorithm choice in this context, leading
to practical advice for MCMC practitioners.

In this paper we concentrate on two types of algorithm: Metropolis and
Metropolis adjusted Langevin algorithms (MALA). We consider strategies which
update a fixed proportion, ¢, of components at each iteration, and consider the effi-
ciency of the algorithms constructed asymptotically as d — oo. In order to do this,
we shall extend the methodology developed in [6, 7] to our context. The analy-
sis produces clear cut results which suggest that, while full-dimensional Langevin
updates are worthwhile, full-dimensional Metropolis ones are asymptotically no
better than smaller dimensional updating schemes, so that the possible extra com-
putational overhead associated with their implementation always leads to their be-
ing suboptimal in practice. All this is initially done in the context of target densities
consisting of independent components, and this leads naturally to the question of
whether this simple picture is altered in any way in the presence of dependence.
Although this is difficult to explore in full generality, we do later consider this
problem in the context of a class of Gaussian dependent target distributions where
explicit results can be shown, and where the conclusions from the independent
component case remain valid.

It is now well recognized that highly correlated target distributions lead to
slow mixing for updating schemes where ¢ < 1 (see, e.g., [5, 9]). However, it
is also known that spherically symmetric proposal distributions in d-dimensions
on highly correlated target densities can lead to slow mixing since the proposal
distribution is inappropriately shaped to explore the target (see [8]). So for highly
correlated target distributions, both high and small dimensional updating strategies
perform poorly. We shall explore these two competing algorithms in a Gaussian
context where explicit calculations are possible. Our work shows that, for ¢ > 0,
for the Metropolis algorithm, these two slowing down effects are the same. In par-
ticular, this implies that the commonly used strategy of getting round high correla-
tion problems by block updating using Metropolis has no justification. In contrast,
for MALA full dimensional updating, ¢ = 1, is shown to be optimal.

The paper is structured as follows. In Section 2 we outline the MCMC setup.
In Sections 3 and 4 we tackle the problem of scaling the variance of the proposal
distribution for RWM-within-Gibbs (Random walk Metropolis-within-Gibbs) and
MALA-within-Gibbs (Metropolis adjusted Langevin-within-Gibbs), respectively.
The approach taken is similar to that used for the full RWM/MALA algorithms, by
obtaining weak convergence to an appropriate Langevin diffusion as the dimension
of the state space, d converges to infinity. The results of Sections 3 and 4 are proved
for a sequence of d-dimensional product densities of the form

d
(1.1) ma(xh) =] r b

i=1
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for some suitably smooth probability density f(-). In both Sections 3 and 4,
for each fixed, one-dimensional component of {Xd; d > 1}, the one-dimensional
process converges weakly to an appropriate Langevin diffusion. The aim there-
fore is to scale the proposal variances so as to maximize the speed of the limiting
Langevin diffusion. Since each of the components of {X¢; d > 1} are independent
and identically distributed, we shall prove the results for {X d; d>1}.

However, it is at least plausible that the picture will be very different when
considering dependent densities. However, theoretical analysis in the limiting case
where results can be obtained and in simulations for more general cases, we find
that the general conclusions which can be derived for densities of the form (1.1)
extend some way toward dependent densities. To this end, in Section 5, we con-
sider RWM/MALA-within-Gibbs for the exchangeable normal X4~ N (0, Eg),
where o*l.‘f =1,1<i<d, and oi‘j’. = aj‘.’i =p, 1 <i < j <d. (Throughout the
paper, we adopt the notation that X will be used for variance matrices, while ele-
ments of matrices will be denoted by o, both conventions using appropriate sub-
and super-scripts.)

All the proofs of the theorems in Sections 3-5 are given in the Appendix. Then
in Section 6 with the aid of a simulation study we demonstrate that the asymptotic
results are practically useful for finite d, namely, d > 10.

2. Algorithms and preliminaries. For RWM/MALA, we are interested in
d, adz), the dimension of the state space, d, and the proposal variance oj, where
the proposal for the ith component is given by

v{ =x{ +042;, I<i<d, RWM,
d d 03 9 d
Y =xi +o4Z; + 78—10gnd(x ), 1<i<d, MALA
Xi

and the {Z;}’s are independent and identically distributed according to
Z ~ N(0,1). For both RWM and MALA, the maximum speed of the diffusion
can be obtained by taking the proposal variance to be of the form 05 =1%2d~ for
some [ > 0 and s > 0. (For RWM, s = 1 and for MALA, s = %.)

Now for RWM/MALA-within-Gibbs, the basic idea is to choose dc; compo-
nents at random at each iteration, attempting to update them jointly according
to the RWM/MALA mechanism, respectively. We sometimes write 03 = 037 s’
where c4 represents the proportion of components updated at each iteration. Thus,
the two algorithms propose new values as follows:

Y8 =x4+ xl04.,Zi, 1<i<d,  RWM-within-Gibbs,
(2.1)
d_ .d d 0 ey d
Y =Xx; +x {Ud»CdZi + ——logma(x )},
2 0x;

1<i<d, MALA-within-Gibbs,
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where the {Z;}’s are independent and identically distributed according to
Z~ N(,1) and the { X[d} are chosen as follows. Independently of the Z;’s, we

select at random a subset A, say, of size dcy from {1, 2, ..., d}, setting X,-d =1if

i €A, and X,'d = 0 otherwise. The proposal Y is then accepted according to the
usual Metropolis—Hastings acceptance probability:

7 (Y)q (Y, x7)
ma(x)g (x4, Y9
where ¢ (-, -) is the proposal density. Otherwise, we set X% =X

In both cases, the algorithms simulate Markov chains which gre 1reversible with
respect to 74, and can be easily shown to be m4-irreducible and aperiodic. There-
fore, both algorithms will converge in total variation distance to ;. However, here
we shall investigate optimization of the algorithms for rapid convergence. To find
a manageable framework for assessing optimality, Roberts, Gelman and Gilks [6]
introduce the notion of the average acceptance rate which measures the steady
state proportion of accepted proposals for the algorithm, and which can be shown
to be closely connected with the notion of algorithm efficiency and optimality.

Specifically, we define

(2.2) af (x, Y =11

7a(YH)q (Y4, X)
a(X4)q (X, Yd)]’

where 03 e = 12d=5, X4 ~ 7y and Y¢ represents the subsequent proposal ran-

(2.3) a$ () = Eg, o (X4, Y] = By, [1 A

dom variable. Thus, aé" (1) is the my-average acceptance rate of the above algo-
rithms where we update a proportion ¢4 of the d components in each iteration.
We adopt the general notational convention that, for any d-dimensional stochastic
process Wf{_, we shall write ng for the value of its ith component at time ¢.

Our aim in this paper is to consider the optimization [in (cg, aa% )] of the al-
gorithms speed of convergence. For convenience (although to some extent this
assumption can be relaxed), we shall assume that ¢4 — ¢ as d — oo for some
0 < ¢ < 1. It turns out to be both convenient and practical to express many of the
optimality solutions in terms of acceptance rate criteria.

3. RWM-within-Gibbs for IID product densities. We shall first consider
the RWM algorithm applied initially to a simple IID form target density. This
allows us to obtain explicit asymptotic results for optimal high-dimensional algo-
rithms. The results of this section can be seen as an extension of the results of
Theorems 1.1 and 1.2 of [6] which considers the full-dimensional update case.

Let

d d
3.1) ma(xh) =[] &) =[] exple:))

i=1 i=1
be a d-dimensional product density with respect to Lebesgue measure. Let the
proposal standard deviation oy = «/0% for some [ > 0.
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d __ d d d d _ vyd
For d > 1, let U] = (X[dt],l’X[dt],Z’""X[dt],d)’ and so, Ut’i = X[dz],i’
1<i<d.LetU!=Uf.

THEOREM 3.1. Suppose that f is positive, C3 (a three-times differentiable
function with continuous third derivative) and that (log f)' = g’ is Lipschitz. Sup-
pose also that, cq — ¢, as d — oo, for some 0 < ¢ <1,

s [(£29)] -
and
s [(580)]

Let Xg° = (X(l) 1 X(z) »s - +.) be such that all of its components are distributed ac-

cording to f and assume that X(]).’i = Xf)’i foralli < j.Then,asd— oo,
(3.4) Ul=U,

where Uy is distributed according to f and U satisfies the Langevin SDE
(3.5) dU, = (he()'/?dB, + She()g'(Uy) dt

and

he(l) = 20[2@(_1«/271),

with ® being the standard normal cumulative c.d.f and

= (50 s

The following corollary holds.

COROLLARY 3.2. Letcg— c,as d — oo, for some 0 < c < 1. Then:

(1) limg_ o ag" () =a‘() déf2d>(—@).
(1) Let [ be the unique value of | which maximizes hi(l) = 212d>(—%7) on
[0, 00), and let ic be the unique value of | which maximizes h.(l) on [0, 00). Then
I.=c V2] and ho(l,) = hy (D). A
(iii) For all 0 < ¢ < 1, the optimal acceptance rate a(l.) = 0.234 (to three
decimal places).
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Though these results involve fairly technical mathematical statements, they
yield a very simple practical conclusion. Optimal efficiency obtainable for a
given ¢ does not depend on ¢ at all. Now, in practice, computational overheads
associated with one iteration of the algorithm are nondecreasing as a function of c,
so that, in practice, smaller values of ¢ should be preferred. Therefore, for RWM,
using high-dimensional update steps does not make any sense.

It is, of course, important to see how these conclusions extend to more general
target densities and, in particular, ones which exhibit dependence structure. Some
theory and related simulation studies in Sections 5 and 6, respectively, will demon-
strate that these findings extend considerably beyond the rigorous but restrictive set
up of Theorem 3.1.

4. MALA-within-Gibbs for IID product densities. We now turn our at-
tentions to MALA-within-Gibbs. We again consider a sequence of probability
densities m; of the form given in (3.1). We follow [7] in making the follow-
ing assumptions. We assume that Xg is distributed according to the stationary
measure w4, g is an eight times continuously differentiable function with deriv-
atives g\ satisfying

4.1) lg(x)],

1 <i <8, forsome C, K > 0, and that

gD <+ x5,

(4.2) /kaf(x)dx<oo, k=1,2,....

Finally, we assume that g’ is Lipschitz. This ensures that {X;} is nonexplosive (see,
e.g., [12], Chapter V, Theorem 52.1).

Let {J;} be a Poisson process with rate d!/3 and let 'Y = {F,d},zo be the
d-dimensional jump process defined by Ff = X‘jt, where we take ac% =[2d71/3
with [ an arbitrary constant.

We then have the following two theorems which are extensions of [7], Theorems
1 and 2.

THEOREM 4.1. Suppose that c; — ¢, as d — 00, for some 0 < c < 1. We
have that

\/EKI3)’

Jim aff @) =a*() =20( -

" 2 " 3
with K? = B[ 28 X3¢ X7

THEOREM 4.2. Suppose that cq — ¢ as d — 0o for some 0 < ¢ < 1. Let
(U }i=0 be the process corresponding to the first component of I'?. Then, as



OPTIMAL SCALING FOR MCMC 481

d — oo, the process U? converges weakly (in the Skorokhod topology) to the
Langevin diffusion U defined by

dU; = he()'*d B, + Sh (g (Uy) dt,
) JePK N . oo s
where h (1) = 2cl®(—>—5—) is the speed of the limiting diffusion.

The most important consequence of Theorems 4.1 and 4.2 is the following
corollary.

COROLLARY 4.3. Letcqg — c,as d — oo, for some 0 < ¢ < 1. Then:

(1) Let [ be the unique value of | which maximizes hi(l) = 212<D(—l37K) on
[0, 00), and let ic be the unique value of | which maximizes h.(l) on [0, 00). Then
Io =c=V% and ho(l;) = ¥y ().

(i1) For all 0 < ¢ < 1, the optimal acceptance rate ac(fc) = 0.574 (to three
decimal places).

Thus, in stark contrast to the RWM case, it is optimal to update all components
at once for MALA. The story is somewhat more complicated in the case where
computational overheads are taken into account. For instance, it is common for the
computational costs of implementing MALA-within-Gibbs to be approximately
d(a+bc) for constants a and b. To see this, note that the algorithm’s computational
cost is often dominated by two operations: the calculation of the various derivatives
needed to propose a new value, and the evaluation of & at the proposed new value.
The first of these operations involves a cd-dimensional update and typically takes
a time which is order cd, while the second involves evaluating a d-dimensional
function which we would expect to be at least of order d. (Although, in some
important special cases, target density ratios might be computed more efficiently
than this.) In this case the overall efficiency is obtained by maximizing

23

a+bc
This expression is maximized at 1 A 2a/b. Therefore, it is conceivable for full

dimensional updates to be optimal even when computational costs are taken into
account. In any case, the optimal proportion will be some value x* € (0, 1].

5. RWM/MALA-within-Gibbs on dependent target distributions. We are
now interested in the extent to which the results of the last two sections can be ex-
tended to the case where the d components are dependent. It is difficult to get gen-
eral results, but certain important special cases can be examined explicitly, yielding
interesting results which imply (essentially) that the extent by which the depen-
dence structure affects the mixing properties of the chain (RWM-within-Gibbs or
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MALA-within-Gibbs) is independent of c. The most tractable special case is the
Gaussian target distribution. However, in Section 6, we shall also include some
simulations in other cases to show that the above statement holds well beyond
the cases for which rigorous mathematical results can be proved.

We begin with RWM-within-Gibbs and consider the optimal scaling problem
of the variance of the proposal distribution for a target distribution consisting of
exchangeable normal components. Specifically, X¢ ~ N4 (0, E;‘f), where oi”f =1,

1<i<d,and ai”]l- =p, i # j, for some 0 < p < 1. Therefore, we have that
ma(x?) = 2m)! det | 24|71/

(5.1) x exp( 1( Z(xd)z—f—edZZxdxd))

i=1j=1
_ 1
= (2m)" det| 24| 1/2exp(—5/d<x">), sy,
where

—p

6, =
TItWd—-2p—d—Dp?

and
Jjax?) = Z(x")2 + 04 Z Zx
i=1j=1
Ford > 1,08 = (X, . X415, ... X4 o) Let UL = (U, U2, UY) be such
that U¢, = U4, U, = U7, and U,d3 = d%z Y4 U

1’
Now the proposal Y is given by

Yidle?i—i—odxidzi, 1<i<d,

for some

where the Z; and Xid (1 <i <d) are defined as before and o, = J;Tz

constant /. [We use (d — 2) rather than d or (d — 1) for simplicity in presentation
of the results.]

In the dependent case, more care needs to be taken in constructing the sequence
{X¢;d > 1}.Let X} ~ N (0, 1) [i.e., X} is distributed according to 771 (-)]. For d > 2
and 1 <i <d —1, set Xg’l. = X(")’l.. Then iteratively define

X§ ~N<p—2 00 77 1+(d 2)p — (d—1)p2)).

Therefore, Xg is distributed according to m4(-) and we can continue this process
indefinitely to obtain X§° = (Xé 1 X% 2r o)
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THEOREM 5.1. Suppose that 0 < p < 1 and that cq — ¢, as d — 00, for some
O<c<l. Let X8° = (Xé 1 X(%,z’ ...) be constructed as above. Let

L p p
Di=|p I pJ.
P p p
1 1
1—p 1—p
1 1
D2 = 0 - )
1—p 1—p
1 1 14+p
l—p 1—=p pd-p)
1 0 O
D;=10 1 0].
0O 0 O
Let f (u) denote the probability density function of N (0, D). Then, as d — oo,

U=,
where Uy is distributed according to f and U satisfies the Langevin SDE
dU; = (he,,(1))'/*D3dB, + he (1) D3{3V(—3U! D,U,)} dt,

[ c
he ,(1) =2 z%b(—— | )
oD ¢ 2/ 1—p

Note that if we define I; = E[(%jd(Xd))z] and I = ﬁ. Then I; — I as
d— oo and he ,(l) = 2clzd>(—%\/c_1~ ). Therefore, the speed of the limiting dif-
fusion for exchangeable normal has the same form as that obtained for the IID
product densities considered in Section 3.

As in (2.3), let afld "#(1) be the g -average acceptance rate of the above algo-

rithm where X¢ ~ N (0, Eg), 04 = J;TQ and we update a proportion ¢4 of the d

components in each iteration. Then we have the following corollary.

where

COROLLARY 5.2. Let cq — ¢, as d — 0o, for some 0 < ¢ < 1. Then, for
O<p<l:

(i) limgoo " () = a“* () 20 (-4 [T,

(i1) Let [ be the unique value of | which maximizes hi o(l) = 21243(—%) on

[0, 00), and let lAc,,O be the unique value of | which maximizes h¢ ,(l) on [0, 00).
Then I, = /=21 and he (e, p) = (1 — p)h1 (D).
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(iii) Forall0 <c <1and0 < p < 1, the optimal acceptance rate ac’p(lAC,p) =
0.234 (to three decimal places).

Note that Corollary 5.2(ii) states that the cost incurred by having ol‘j =p,i # ],
rather than cr =0, i # j, is to slow down the speed of the limiting diffusion
by a factor of 1 — p, for all 0 < ¢ < 1. In other words, the cost incurred by the
dependence between the components of X¢ is independent of c. Furthermore, the
optimal acceptance rate a“” (lAc, p) 1s unaffected by the introduction of dependence.
We shall study this further in the simulation study conducted in Section 6.

Note that in Theorem 5.1 the last row of the matrix D3 is a row of zeros. This
implies that the mixing time of 17X“ grows more rapidly than O(d) as d — oo.
In [8], heuristic arguments and extensive simulations show that the mixing time of
17X4 is in fact O (d?). Theorem 5.3 below gives a formal statement of this result.
(The proof of Theorem 5.3 is similar to the proof of Theorem 5.1 and is, hence,
omitted.)

Ford > 1, let Ud_ - 22‘1 3X[d2t]l

THEOREM 5.3. Suppose that 0 < p < 1 and that cq — ¢, as d — 00, for
some 0 < c < 1. Let XOO (XO 1 X(%,z’ ...) be constructed as in the prelude to
Theorem 5.1. Then, as d — 00,

U¢=10,
where Uo ~ N(0, p) and U satisfies the Langevin SDE

- 1 -~
dU; = (he.,(1)"?d B, + hc,p(l){—z—U,}dz,
P

where h ,(1) = 2clzd>(—% 1fp ), as before.

We now turn our attention to MALA-within-Gibbs for the exchangeable normal.
So that now the proposal Y¢ is given by

d d d oF
Y7 =x; + x; {O‘,,{Zi-i-?d(—

1 d d d
—— % —0a Z’%‘)}’
p ot

where we take 05 =12d~'/3 with [ an arbitrary constant. Let Xg° be constructed
as outlined above for the RWM-within-Gibbs. Let {J;} be a Poisson process with
rate d'3 and let 'Y = {Fd}t>0 be the d-dimensional jump process defined by

= X" Let U/ = U/, U{,, Ufy) be such that U, =T¢,, U, =T¢, and

d _
Uz,3 =5 20T

t,1°
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THEOREM 5.4. Suppose that 0 < p < 1 and that c4; — ¢, as d — oo, for some
O<c<l1. Let Xoo (XO 1 X(%,z’ ...) be constructed as in the prelude to Theo-

rem5.1. Let Dy, Dy, D3 and f be as defined in Theorem 5.1. Then, as d — o0,
U=,
where Uy is distributed according to f and U satisfies the Langevin SDE
dU; = (he,,(1))'/?D3dB, + he (1) D3{3V(—3U! D,U,)} dt,

3
=t )

is the speed of the limiting diffusion.

where

Note that if we define

=g ls(gioct) —3(5r00) |

and K2 = 6(1 )3, then K2 — K?asd — oo and he, NOE 2c12¢(——fK)
Therefore, the speed of the llmltlng diffusion for exchangeable normal has the
same form as that obtained for the IID product densities considered in Section 4.

As in (2.3), let acd P (1) be the mg-average acceptance rate of the above algo-
rithm where X4 ~ N (0, Zg ), 04 = d~'/% and we update a proportion ¢, of the d
components in each iteration. Then we have the following corollary.

COROLLARY 5.5. Let cq — ¢, as d — oo, for some 0 < ¢ < 1. Then, for
O<p<l:

(i) limg— 0o ag”’ () = a® ()Y 2<1>(——

)

(1=p)*
~ 3

(i1) Let I be the unique value of | which maximizes hi o(l) = 212<I>(—%) on
[0, 00), and let lAC’p be the unique value of | which maximizes hc’p(lA) on [0, 00).
Then ., = /T— pc="% and h, (.. ;) = ¢*>(1 = p)hy (D).

(iii) Forall0 <c <1 and 0 < p < 1, the optimal acceptance rate a“" (ZAC, p) =
0.574 (to three decimal places).

Note that Corollary 5.5(ii) states that the cost incurred by having ad =p,i#],
rather than o =0, i # j, is to slow down the speed of the 11m1t1ng diffusion

by a factor of 1 — p, for all 0 < ¢ < 1. Therefore, the dependence in the target
distribution 74 (-) affects convergence of the MALA-within-Gibbs in the same way
that it affects the RWM-within-Gibbs. The cost associated with updating only a
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proportion ¢ rather than all of the components is the same as that observed in
Section 4. Furthermore, the optimal acceptance rate a“* (lAC, p) is unaffected by the
introduction of dependence.

From Theorem 5.4, we see that the mixing time of 17X is greater than O (d'/?)
as d — oo. In fact, the mixing time of 17X? is in fact O(d*?). Let {J;} be a
Poisson process with rate d*/3 and for d > 1, let ﬁtd = ﬁ Zf-l:3 X‘Jit’i.

THEOREM 5.6. Suppose that 0 < p < 1 and that cq — ¢, as d — 00, for
some O < c < 1. Let X8° = (Xé 1 X%,z’ ...) be constructed as in the prelude to
Theorem 5.1. Then, as d — 00,

Ud=0,
where (70 ~ N(0, p) and U satisfies the Langevin SDE

- 1 -~
0, = (he (1) dB, + hc,pa){—z—Ut} dr,
o

where h (1) = 2012<I>(—§ /ﬁ ), as before.

The proofs of Theorems 5.4 and 5.6 are hybrids of those for the results of Sec-
tion 4, and for Theorems 5.1 and 5.3 above, and are, hence, omitted.

6. A simulation study. The rotational symmetry of the Gaussian distribution
effectively allows the dependence problem to be formulated as one of hetero-
geneity of scale. Other distributional forms exist for which this may be possible
(e.g., the multivariate ¢-distribution), but it seems difficult to derive results for very
general distributional families of target distribution without resorting to ideas such
as this. Therefore, to support the conjecture that the conclusions of Sections 3-5
hold beyond the rigorous, theoretical results, we present the following simulation
study. Furthermore, we demonstrate that the asymptotic results are achieved in
relatively low dimensional (d > 10) situations.

Throughout the simulation study we measure speed/efficiency of the algo-
rithm by considering first-order efficiency. That is, for a multidimensional Markov
chain X with first component X!, say, the first-order efficiency is defined to
be dIE[(Xt 1 — X)?] for RWM and d'PE[(X},, — X})?] for MALA, where
X, is assumed to be stationary. For each of the target distributions and dif-

ferent choices of ¢ and d, we consider 50 different proposal variances, 03 o

For each choice of proposal variance od , we started with Xy drawn from the
target distribution. We then ran the algorlthm for 100000 iterations. We esti-
mate E[(Xt 1 X )2] by 100000 Z}gOOOO(Xll X 117 )2 and the acceptance rate
is estimated by 100000 ZIOOOOO 1ix;+x;_,}- We then plot acceptance rate against
dE[(X}, , — X )2] (first-order efficiency).

t+1
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We begin by considering RWM-within-Gibbs. We shall consider three differ-
ent target distributions 7z ~ N (0, Eg), 7 ~ t50(0, Zg) and 74(x%) = H?:l % X
exp(—lxl.d |) (double-sided exponential). Note that the distributions #59(0, Zg)
(p > 0) and the double-sided exponential are not covered by the asymptotic re-
sults of Sections 3 and 5. For the N (0, Eg) and #50(0, Zg), we plot acceptance rate

against the normalized first-order efficiency, %E[(X tl 1= th)z]. The normal-
ization is introduced to take account of dependence (see Corollary 5.2).

Figures 1 and 2 give a representative sample of the simulation study we con-
ducted for a whole range of different values of ¢, d and p. The results are as one
would expect. In all cases the estimated optimal acceptance rate is approximately
0.234. As can be seen from Figures 1 and 2, the normalized first-order efficiency

<
-

1.2

1.0

Normalized First order Efficiency
0.6
|

0.4

0.2

0.0

| | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

Acceptance Rate

FIG. 1. Normalized first-order efficiency of RWM-within-Gibbs, %IE[(X}+1 — th)Z]’ as a func-

tion of overall acceptance rates for each combination of (d = 20; ¢ =0.25,0.5,0.75,1; p =0, 0.5),
with g ~ N (0, £9).
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FIG. 2. Normalized first-order efficiency of RWM-within-Gibbs, %]E[(X}_H — th)z], as a func-

tion of overall acceptance rates for each combination (¢ = 0.5;d = 10, 20, 50; p = 0, 0.5), with
g~ N(@©, o).

curves are virtually indistinguishable from one another for each choice of ¢, d
and p. Therefore, we have made no attempt to differentiate between the different
efficiency curves.

(Note that the results in Figure 3 are a representative sample from a much larger
simulation study.)

Figures 3 and 4 produce results in line with those expected from Sections
3 and 5. This demonstrates that the conclusions of Sections 3 and 5 do extend
beyond those target distributions for which rigorous statements have been made.

We now turn our attention to MALA-within-Gibbs. We shall consider in our
simulation study only target densities of the form w; ~ N (0, Eg).
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1.2 1.4

Normalized First order Efficiency
1.0

0.4

0.2

| | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

Acceptance Rate

FIG. 3. Normalized first-order efficiency of RWM-within-Gibbs, %IE[(X}+1 — th)z], as a func-

tion of overall acceptance rates for each combination: (i) (d = 20; ¢ =0.25,0.5,0.75,1; p =0, 0.5)
and (ii) (¢ =0.5;d = 10, 20, 50; p =0, 0.5), with g ~ t50(0, Eg).

Simulations in Figures 5 and 6 show excellent agreement with Corollaries 4.3
and 5.5. Again, the results demonstrate the usefulness/relevance of the asymptotic
results for even fairly small d.

7. Discussion. A rather surprising property of high-dimensional Metropolis
and Langevin algorithms is the robustness of relative efficiency as a function of
acceptance rate. In particular, the optimal acceptance rates 0.234 and 0.574 for
Metropolis and Langevin, respectively, appear to be robust to many kinds of pertur-
bation of the target density. A remarkable conclusion of this paper is this apparent
robustness of relative efficiency, as a function of acceptance rate, seems to extend
quite readily to updating schemes where only a fixed proportion of components
are updated at once.
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t+1
function of overall acceptance rates for each combination (d = 40;c = 0.25,0.5,0.75, 1), with

ma(x?) =1, 3 exp(—|xd)).

FIG. 4. Normalized first-order efficiency of RWM-within-Gibbs, %IE[(Xl - Xll)z], as a

A further unexpected conclusion concerns the issue of optimization in c. Here,
very clear cut statements appear to be available, with smaller-dimensional updates
seeming to be optimal for the Metropolis algorithm (as seen from Theorem 3.1 and
Corollary 3.2), whereas higher-dimensional updates are to be preferred (at least be-
fore computing time has been taken into consideration) for MALA schemes (see
Theorem 4.2 and Corollary 4.3). The robustness of these conclusions to depen-
dence in the target density is seen in the results of Section 5 and, supported by the
simulation study in Section 6, seems contrary to the general intuition that “block
updating” improves MCMC mixing (at least for the Metropolis results). However,
our results show that this intuition is only correct for schemes where the multi-
variate update step utilies the structure of the target density (as, e.g., in the Gibbs
sampler, or, to a lesser extent, MALA).
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1.5 2.0

Normalized First order Efficiency
1.0

0.5

| | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

Acceptance Rate

FI1G. 5. Normalized first-order efficiency of RWM-within-Gibbs, 23 ﬁdlﬂlfﬂ[(thJrl - X,l)z],
as a function of overall acceptance rates for each combination of (d = 20;c = 0.25,0.5,
0.75,1; p =0,0.5), with 74 ~ N (0, £4).

We believe that these results should have quite fundamental implications for
practical MCMC use, although, of course, they should be treated with care since
they are only asymptotic. Our results have been shown in the simulation study
to hold approximately in very low-dimensional problems—although the speed at
which the infinite-dimensional limit is reached does vary in a complicated way, in
particular, in ¢ and measures of dependence in the target density (such as p in the
exchangeable normal examples).

The results for the exchangeable normal example show that certain functions
can converge at different rates to others (X converging at rate d2, while X; — X
converges at rate d), and this can cause serious practical problems for the MCMC
practitioner. In particular, any one co-ordinate X; might converge rapidly, in a
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2.0

1.5

Normalized First order Efficiency
1.0

0.5

0.0

| | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

Acceptance Rate

FI1G. 6. Normalized first-order efficiency of MALA-within-Gibbs, 23 ﬁdl/?’E[(thH - th)z],
as a function of overall acceptance rates for each combination (¢ = 0.5; d = 10, 20, 50; p =0, 0.5),
with g ~ N (0, £9).

given time scale, to the wrong target density. Certainly, it would be extremely
difficult to detect such problems empirically.

The results in this paper are given for Metropolis and MALA algorithms. How-
ever, the use of these two methods is, in some sense, illustrative, and other al-
gorithms (such as, e.g., higher-order Langevin algorithms using, e.g., the Ozaki
discretization [10]) are expected to yield similar conclusions.

APPENDIX

A.1. Proofs of Section 3. Theorem 3.1 implies that the first component acts
independently of all others as d — oo. Intuitively, this occurs because all other
(d — 1) terms contribute expressions to the accept/reject ratio which turn out to
obey SLLN and, thus, can be replaced by their deterministic limits. To make this
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idea rigorous, we need to define a set in R? on which the first component is well
approximated by the appropriate LLN limit. Motivated by this idea, we construct
sets of tolerances around average values for quantities which will appear in the
accept/reject ratio. Thus, we define the sequence of sets {F; CR?,d > 1} by

FdZ{Xd; —d 1/8}

d
1 X:g/(xid)2 -1\ <d”
i=2

d
d. d —1/8
[ ei]<a /}
1
N dy4| _ 4—1/8
[ = 1)ZZg(x )Y <
=F;1NF2NFy3, say,
where I is defined in Theorem 3.1. Let x*° = (x1, x2,...) and for d > 1, let x4 =
(xf, x4, ..., x4), where, for 1 <i <d, x! = x;. Thus, we shall use x{ and x

interchangeably, as appropriate.

LEMMA A.1. Fork=1,2,3andt > 0,
(A1) P(UY € Fyi,0<s<t)—1 asd— oo
and, hence,

P(UfeFd,Ofsft)el as d — 0o.

PROOF. The cases k =1 and k = 2 are proved in [6], Lemma 2.1. The case
k = 3 is proved similarly using Markov’s inequality and (3.2). The lemma then
follows. [

For any random variable X and for any subset A C R, let E*[X] = E[X| de =1]
and P*(X € A) =P(X € Alx? =1).

Let G4 be the (discrete-time) generator of X9, and let V € CX* (the space of
infinitely differentiable functions on compact support) be an arbitrary test function
of the first component only. Thus,

g (YY) H

GV (x%) = dE[(V(Yd) - V(xd)){l A o)

(A2)

d
= dP(x{ = I)E*[(V(Y") _ V(xd)){l (Y )”

7q(x4)

: d__ .d: d __
since Y{ = x{ if x{ =0.
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The generator G of the one-dimensional diffusion described in (3.4), for an
arbitrary test function V € CZ°, is given by

Vel
2

(A.3) GV (x)) =2c12c1><— ){%g/(xl)V/(xl) + %V”(xl)}.

(Note that, under the conditions imposed in Theorem 3.1, C2° forms a core for the
full generator.) By Lemma A.1, we can restrict attention to x¢ € F,;. The aim will
therefore be to show that, for all x? € Fy,

G,V(xY = GV(x1) as d — o0o.

The proof of Theorem 3.1 will then be fairly straightforward.
Thus, we begin by giving a Taylor series approximation for G4V (x%) in
Lemma A.3, for which we will require the following lemma.

LEMMA A.2. ForanyV € CX (the space of infinitely differentiable functions
on compact support),

(A4 sup [dE (V) —va))] =PV )| =0 asd— oo

xleFy

and

(A5)  sup |ogdE [Z1(V(Y{) = VD) =12V (x1)| =0  asd— oo,
xdeFy,

with x| = xfl.

PROOF. For x{ =1,

l
Yld—xld=0d21= Z.

;

Thus, by Taylor’s theorem,

" VY — vl =v' i) (oaz))
' F AV ) (0aZ)? + LV (W) (04 Z1)?

for some W lying between xfl and Yld.
The lemma then follows by substituting (A.6) into the left-hand sides of
(A.4)and (A.5). O

LEMMA A.3. Let
GaV(x') = 5PV (x)E L A eP] + eIV (x1)g' (x)E*[e; By < 0],
where By(= By (x%)) = Zf;z(g(Yid) — g(xid)). Then, we have that
(A7) sup |GaV(x) = GaVxH| >0  asd — oo.

xieFy,
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PROOF. Decomposing Y¢ into (Y}, Y¢~) and using independence gives

d royd
GaV (') =deaEy, [(V (i) = VD)) Eqa [1 A J;((x’d)) H
i=1 i

We shall begin by concentrating on the inner expectation, by recalling the fol-
lowing fact noted in [2]. Let /& be a twice differentiable function on R, then the
function z > 1 A €@ is also twice differentiable, except at a countable number
of points, with first derivative given Lebesgue almost everywhere by the function

e {h/(z)eh@, if h(z) <0,
0. if h(z) > 0.

dz
Now take hg(z)(= hq(z; X)) = (g(xf +04z2) — g(xf)) + B, and let

d Y~d
va(z) = i}d_[lA]_[ f(xf) Z1=z:|.

Thus, y,(z) = E;d_[l A eld@] and so, for almost every xf € R, there exists W
lying between 0 and z such that

’)/d(z) = E§d7[1 A ehd(O)]

(A8)  +zE%, [oag’ (xD)e" @ hy(0) < 0]

2
Z
+ By [07 (8" (e + 0a W) + ' + g W)?)e s ha (W) < 0]

The key results to note are that #;(0) = By and that, conditional upon Xfl =1,
Y ld and Y9~ are independent. Therefore,

G4V
= dcaEy, [(V(Yld) — V(xth)
X {]E;k(d_[l A el ©]
+ Z1BYu_[oag' (x)e" @ 1y (0) < 0]
Zz 2 d
+ %E;d, [(Td (g”(xl + o4 W)
+ &' (xf +oaW)?)e W hy(W) < 0] H

=dcg B (VYT — V(x)JE*[1 A e8]
(A9)  + g (xdcgoBX[(V (YT — V(x))) Z1|E*[B4; By < 0]
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ZZ
+dcqEy, [(V(Yld) - V(x{’))71

x ESu- [05 (g"(x{ +ogW)
+ ¢ (x4 ogW)?) e hy (W) < o]]

=GaV(x) 4+ Dy(x%; Z1; W), say.

Since E*[1 A eBd], E*[eB4; B; <0] <1 and x; = xf, it follows from Lemma A.2
that

sup |GdV(Xd)—GdV(Xd)|—>0 as d — oo.

xder,

Thus, to prove the lemma, it is sufficient to show that, for all x4 € Fy,
Dy (xd; Z1; W) converges to 0, as d — 00.
By Taylor’s theorem, we have that
ZZ
(VO =vaD)ZH < sup [V/(a)]

aleR

oF]
7|Zl3|

and

18’ (x +oaW)| < 1g' )| + 04| W] sup 18" (a)]
aye

<18 )+ 04121 sup |g" (@)!.
GQGR

Since V' and g” are bounded functions, it follows that, for all x¢ € Fy,
Da(x%; Z1; W) < dcd{%Koj(K + Ig/(xii)l +04K)} >0 as d — 00,

for some K > 0, and the lemma is proved. [

Lemma A.3 states that, for all x¢ € F,, the generator G4 can be approximated
by the generator G; which resembles the limiting generator G. Thus, we now
need to consider for all x¢ € F;, E*[1 A eB4] and E*[e®; B; < 0]. The aim is to
approximate By by a more convenient quantity A; (to be defined in Lemma A.6)
and, hence, show that

NG
E*[l/\eBd]—>2<I><— 2C >
and

as d — oo.

N
E*[eBd;Bd<0]—>CD(— ; )

This will be done in the following lemmas.
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LEMMA A.4. Let Ag(= Ag(x?)) = d i Zl le g ()cd)2 Forany ¢ > 0,

sup P*(|JAg —cI|>¢)—0 as d — oo.
xdeFy,

PROOF. Let Ry(= Ry(x?)) = 7= Y%, ¢'(x{)%. Then, for x? € Fy,

[Aa —cI| < |hg — E*[Ag]l + |E*[Aq] — cRa| + |cRq — c1|.

Note that E*[14] = Cizd—_ll Ry, and so, by Lemma A.1, we have that
|IE*[Ag] — cRy| + |cRg —cI| — 0 as d — oo.

Therefore, to prove the lemma, it suffices to show that, for any ¢ > 0, P*(|]1qy —
E*[Ag]| > &) = 0 as d — oo. Note that

1)2 Z Z X xdg g (x4)?,

i=2j=2

and so,

d—1 d—-2
((EZ_ f(‘i‘;_z))zzgu o]

=2 j#i

_ (cqd — D)(cqd —2)
T @d-1H@d-2 ¢

(cad — D1 = ca)d NI
d—1)d—2) {(d_l)z,;g(xi) }

d)4

Then since supxdeFd I(d 2 Z 8 (xH* — 0and ¢g — ¢ as d — o0, it follows

that, for all x? € F;, E*[(Ag — E*[14])%] = 0 as d — oo and, hence, by Cheby-
shev’s inequality,
sup P*(|Ag — E*[Ag]] > &) > 0 as d — oo,

xdeFy

as required. [

LEMMA A.5. Let
d

W= Waxd)) = Z{

i=2

2

¢ (¥ — xdy? 4 2

7(d)2
2 2 -8 }
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and cq — ¢ as d — 0o. Then, recalling that o4 =1//d,

sup E*[|Wy|]— 0 as d — oo.

xleF,

PROOF. First, note that E*[|W,|]* < E*[W3].
Then, by direct calculations,

* * Clz /
E [Wd ZZE H 8 (xd)( d_ -d)z-i‘mg (X?)z}

i=2j=2

* Pg”(x”")(Y‘f ey L g/(x‘?f”
2° VUM 2(d—1)° 7

_ (i lg,,(xf)z{fdd — 14 _ (ead = 1)eud = 2)63})

d—1 d—-1)d-2)

4 (cad — D) (cad —2)

d d
+(ZZ{ 3 0D DTGy

i=2j=2
cl? "ayg (x )cdd 1,
o
t2a-n? 1 %d
AP I
+mg(xi)8(xj)}

=Wg 1+ Wgo, say.

Let Wy 3(= Wy3(x%)) = {Z(d 0 Z 2(g”(xd) +g (xd)z)}2 and since ¢y — c as
d — 00, we have that

sup [Wyg2— W43/ —0 as d — oo.
xleFy

However, by definition, supycp, [Wa 3l — 0 and since g” is bounded,
supydef, |Wa,1| = 0 as d — oo. The lemma follows immediately. [J

LEMMA A6, Let Aa(= Aa(x")) = D{o{g D (V! =) = 58 ().
Then,

(A.10) sup [E*[1 A e —E*1AePi]| >0  asd— oo

xleFy
and

(A.11)  sup |E*[e?: Ay <0] —E*[¢®; B4 < 0] — 0 as d — oo.

xieFy,
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PROOF. Note that
d

By=Y (s(r") —gx!))

i=2

QU

=Y {gaH ! —x) + 1g" ¥ —xH? + L @ (¥ —x3),
=2

for some af’ lying between xid and Yl.d . Therefore, by [6], Proposition 2.2,

[E*[1 A e —E*[1 A B4

(A.12) < E*[|Wa|] + sup |g”’(a>| E*[IYz — x4,
aceR
—1cgd —
= E*[|Wy|] + suplg/”(a)l —oj’JEnZlP].
aceR d—1

Now let ¢4 = supyie, {E*[|Wal] +Supa€R|g/”(a)|C"‘é Lo3E[1Z11°1), where Wy

is defined in Lemma A.5. Then, since g””’ is a bounded function, it follows from
Lemma A.5 that ¢; — 0 as d — oo and so (A.10) is proved.

Let J (= J4(x4)) = (eA4; Ag < 0) — (eB4; By < 0) and let 8, = /gg. Then we
proceed by showing that

sup P*(|Jy| > 84) — 0 as d — oo.
xdeFy

Note that, if Az, B; > 0, then
|Jal =0 <|Aq — Byl
and if Ay, By < 0, then
|Jal = |exp(Aa) — exp(Ba)| < |Aa — Bal.
Therefore, it follows that
(A.13)  P*(|Jal > 8a) <P*(=8a < Ad < 84) + P*(|Ag — Bal = 84).
By Markov’s inequality,
P*(|Ag — Ba| > 8a)

1 *
< (S_E [|1Ag — Ball

(A.14) 1"
< S—{E*uwdu + sup l¢” @=L ¥2 = 2l ]}
d aeR

%

’
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and so, P*(|Ay — Bg| > 84) — 0 as d — oo, uniformly for x4 e Fy.
Fix x? € F,, then for any ¢ > 0, by Lemma A 4,

1 12 I/l

(A.15) IP’*( (j:Sd—l—c—Rd)— ¢ >e)—>0 as d — oo.
INY, 2 2
Hence,
1 12 I/l
E*|:CI>< (:I:(Sd—i-c—Rd))]—)fb( ¢ ) as d — oo.

NIV 2 2
Thus,
(A.16) sup P*(=8; < Ay <84) — 0 as d — o0.

xdeFy,

Therefore, by (A.13)-(A.16), SUPyde P*(|J4| > 84) — 0 as d — oo. Then
since |J4| < 1, it follows that SUPydeF, E*[J;] — 0 as d — oo and so (A.11) is
proved. [

LEMMA A.7.
Vel
(A.17) sup [E¥[1 A 4] —2c1><— ¢ )‘ S0 asd— oo
xdeFy 2
and
Vel

(A.18) sup E*[eAd;Ad<0]—<D<— ¢ )}—>0 as d — oo.

xdeFy, 2

PROOF. Since A; ~ N(—%Rd, 120y), it follows by [6], Proposition 2.4, that

R,
E*[1 A 4] = E*[CD(—C—>
2
(A.19) ; z
clRy
+ eXp(—E(CRd — )\d)>q)<—l\/)nd + 2m>:|

Since for any x? e Fjande > 0,P*(|Ry—1| > &) = Oand P*(|Ag—cl| > &) = 0
as d — oo, (A.17) follows from (A.19).
(A.18) is proved similarly. [

We are now in a position to show that, for all x? € Fy;, the generator G4 con-
verges to the generator G as d — 00.

THEOREM A.8. ForV e CZ°,

sup |GdV(xd)—GV(x1)|—>O as d — oo.

xdeFy
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PROOF. By Lemma A.3,
sup |GdV(Xd)—éV(Xd)|—>0 as d — oo,
xleF,
and by Lemmas A.6 and A.7,
sup |GaV(x) —GV(x)|—0  asd— oo.

xdeFy

Thus, the theorem is proved. [

PROOF OF THEOREM 3.1. The proof is similar to that of [6]. From Lem-
mas A.1, A.4 and Theorem A.8, we have uniform convergence of G4V to GV for
vectors contained in a set of 7 measure arbitrarily close to 1. Since C2° separates
points (see [4], page 113), the result will follow by [4], Chapter 4, Corollary 8.7 if
we can demonstrate the compact containment condition, which in our case follows
from the following statement. For all ¢ > 0, and all real valued Ug =X g’ |» We can
find K > O sufficiently large with

P(U ¢ (—K.K), 0<t<1)<e,

for all d. We appeal directly to the explicit form of the Metropolis transitions and
assume that the Lipshitz constant for g is termed b. Thus, the following estimates
are easy to derive by just noting that squared jumping distances are bounded above
by thgt attained by ignoring rejections. Moreover, these estimates are uniform over
all X7 :

—bogel7il? <E[Xg, | — X, X < boje” oi/?
and
E[(X,, - X4 DIX <EI(rd,, , — X4 )X =0}
Thus, setting V,, = X¢ | +nboje?*?/?, {V,,0 < n < [d]} is submartingale with
(A.20) E[V[%i]] <do} + (dbajebz"(?/z)?

Since 05 = ¢?/d, the right-hand side of (A.20) is uniformly bounded in d so that
the upper bound result follows by Doob’s inequality. The lower bound follows

similarly by considering the supermartingale XZ 1= nbogebz"c% 2. 0

A.2. Proofs of Section 4. The proofs of Theorems 4.1 and 4.2 are similar to
the proofs of Theorems 1 and 2 in [7], respectively. The only complication in the
proofs is that we are updating a random set of components at each iteration in the
MALA algorithm.

Let X*° = (x1, x2,...) and for d > 1, let x4 = (xf,xg, .. .,xg), where, for 1 <
i <d, xld = x;. Thus, we shall again use xf and x; interchangeably as appropriate.
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Let G4 be the (discrete-time) generator of X¢ and let V € C 2 be an arbitrary test
function of the first component only. Thus,

d
GaV(x') = dl/3E[(V(Yd) _ V(xd)){l N nd(Yd) }]
(A.21) g (x%)
=d'PPx? = HE* dy _ vl ma(Y)
=d "P(x{ = DE [(V(Y )= V(x )){1 N H

where E* is defined after Lemma A.1 (cf. Section A.1 after Lemma A.1).
The generator G of the one-dimensional diffusion described in Theorem 4.2,
for an arbitrary test function, V/, is given by

JePK
2

1 1
GV (x) =2c12<I><— ){Egl(xl)v/()ﬂ) + 5v”(xl)}

(A.22) 1 1
_ hc<l>{§g/<x1>V’<x1) + Ev”(xo},

where K and &.(/) are defined in Section 5.
The aim thus, as in Section A.1, is to find a sequence of sets {F; C R4} such
that, for all ¢ > 0,

P(FfeFd, forall0<s <t)—1 as d — oo,
and, for V e C2°,

sup |GygV(xH) —GV(x))| >0  asd— oo.
xdeFy,
The proofs of Theorem 4.1 and 4.2 are then straightforward.

The first step is therefore to construct the sets { F; C R?}. However, this is much
more involved than for the RWM-within-Gibbs in Section A.1. Thus, it will be
more convenient to construct the sets F; through the preliminary lemmas which
lead to the proof of Theorems 4.1 and 4.2. The next step will involve a Taylor series

expansion of G4V (x?) to show that, for large d, GV (x1) is a good approximation

g (YY) )
g (xd) 7"

for G4V (x¢). Thus, we begin by studying log(

LEMMA A.9. There exists a sequence of sets Fy1 € RY, with
limd—>oo{d1/3ﬂd(Ffl)} =0, such that, for X,'d =1,

. { FrhHgd, x¢ }
faxhgxd, ve)
=C3(x?, Z)d7 V2 4+ Cy(xf, 2))d P + Cs(x, Z1)d /0
+ Co(xd, Zp)d™" + C1(x¢, Zi, 0a),
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where
Ca(x, 2) =P{-1Zig' xHg" 6 — 523" (xH),

and where C4(xl-d, Z), C5(xid, Z;) and C6(xl-d, Z;) are polynomials in Z; and the
derivatives of g. Furthermore, if Ez and Ex denote expectation with Z ~ N (0, 1)
and X having density f(-), respectively, then

(A23)  ExEz[C3(X, 2)]=ExEz[Cs(X, Z)] =ExEz[C5(X, Z)] =0,
whereas
(A.24) ExEz[C3(X, Z)?1=1°K? = —2ExE£[Cs(X, Z)].

In addition,

ilog { FHgd, xd }

sup E*[
i WACLOVICTI® £

xleFy

(A.25)
cl®K?

d
- {d‘l/Zfo’cg(x?, Z) ~

]H—)O as d — o0.
i=2

PROOF. With the exception of (A.25) and the exact form of the sets Fy 1, the
lemma is proved in [7], Lemma 1.

For j =4,5,6 and x € R, set ¢;(x) =Ez[C(x, Z)] and v;(x) = varz(C;(x,
Z)). The set Fy 1,; = ﬂ?{:l Fg.1,j.k» where

d

Fauj1=1x% D (C; 6 —Ex[C; (01 <d5/8},
i=2
d

Faij2=1x% D (Vi) — Ex[V;O1) <d6/5},
i=2
d

Fauj3=1x% D (€ — Ex[C; (X)) <d6/5}.
i=2

Then for j =4,5,6 and k =1, 2, 3, it is straightforward, using Markov’s inequal-
ity and conditions (4.1) and (4.2), to show that

dl/3nd(F£Lj’k)—>0 as d — oo.

(Cf. [7], Lemma 1, where only the cases k = 1, 2 are required.)

Finally, let {Fy 17 C Rd} correspond to the sets {F, 7} constructed in [7],
Lemma 1, and so, d1/3nd(FdCl) — 0 asd — oo, where Fy | = ﬂ;:4 Fanu,j-

The proof of (A.25) is then essentially the same as the proof of the final expres-
sion in [7], Lemma 1, and, hence, the details are omitted. [
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The next step is to find a convenient approximation for G,V (x¢) which ef-
fectively allows us to consider separately the first component and the remaining
(d — 1) components.

LEMMA A.10. Let
GaV(x?) = cqdPE [V (Y1) — V(x)]E*[eB A 1],

where By(= By(x')) = T {(s(r) — g(e) = B = ¥ - %o (vihy)? —

2
(Yid —xd— %dg/(xid))z}. There exists sets Fy 2 C RY with limg_s oo d1/3nd(F£2) =

]

0 such that, for any V € C2°,
sup |GdV(xd)—GdV(xd)|—>0 as d — 0.

XdGFd.Z
Moreover,
Yd Yd, d
(A.26) sup E*[(”d( d)Q(d Xd)/\1>—(eBdA1)H—>O
Xdedez nd(x )Q(X 7Y )

as d — oo.
PROOF. Since, conditional upon Xfl, Y; and Y9~ are independent, it follows
that
GaV(x9) = cqdPE[(V (Y1) — V(xh) (B A ).

The lemma then follows by identical arguments to those used in [7], Theorem 3,
with the sets { Fy4 2} chosen to correspond to the sets {S,} in [7], Theorem 3. [

LEMMA A.11. Let Fy3 = {x%;g'(x{) < d'/"?} then d'Pmy(Ff3) — 0 as
d — oo and for any V € C2°,

2
sup |d'PcqBX V(YT — V(x)] - c%{g’(xl)v/(xl) + V()| =0

XdEFdﬁ

asd — oo,

with x| = xi‘f.
PROOF. The proof is identical to [7], Lemma 2 and is, hence, omitted. [J

We now focus on the remaining (d — 1) components. First we introduce the
following notation. Let a(x) = —}‘g’(x)g”(x) and b(x) = —ﬁg”’(x). Therefore,
we have that

C3(x,2) = lS{a(x)z + b(x)z3}.
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|

Let (x4, 1) = [ exp(itw) Q% (dw) and let ¢ (1) = exp(—5clOK?).

Set

05x? =L foﬁcg(xl . Zi)

LEMMA A.12. There exists a sequence of sets Fg 4 C R? such that:
(@) limg_, oo{d'Prq(F5 )} =0,
(b) forallt e R,

sup |gpa (x5 1) —p(1)] — 0 as d — oo,

XdEFdA

(c) for all bounded continuous functions r,
2

1 y
su x4, dy)r ——/r ex< )d‘—)O

53 f, i anren = = [ roenp(~ g )y

as d — 0o,
(d)
d 62 3
I°K K

sup E*|:l/\exp{d_l/ZZXflC3(xid,Zi)—C H—m(—ﬁ >‘—>0

XdGFd,4 i=2 2 2

as d — oo.

PROOF. The sets Fy 4 are constructed as in the proof of [7], Lemma 3, and so,
statement (a) follows. Specifically, we let F; 4 be the set of x4 € R4 such that

<4

1 &
(A.27) ’Eig;h(xi)—/h(x)f(x)dx

(A.28) hGahHl<d, 1<i<d,
for each of the functionals h(x) = a(x)? b(x)%, a(x)b(x),a(x)*, b(x)*,
a(x)*b(x), a(x)*h(x)?, a(x)b(x)?.

Since statements (c) and (d) follow from statement (b) as outlined in [7],

Lemma 3, all that is required is to prove (b).
LetLd={j;Xj.’= 1,2 <j <d}andlet

09 (x4 1) = E[exp(\l/—thﬂx;", Z,))].

Let

¢$d(xd;t)=E*|:exp{[ Z Cg(xj,Z )HLd_Ad:|

JEAq
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Then since {C3 (xj.l , Z j-)}?:2 are independent random variables, it follows that
¢t xtin =[] 6¢Gin)
JEAa
Therefore,
. d
1t
ba(x0: 1) :E*|:exp{7 Y xfCsxd, ZJ)H :E*[ | GHESE t)}
dj=2 Jje€Lgq

and so,

sup
x4 €Fy 4

1h-So]

J€L4

ba(x?; 1) —E*[
(A.29)

2
NHEHDER {1 —;—dv(xd)}

JELq J€Lq

< sup E*[

x?eFy 4

|

where v(x9) = varz(C3(x4, 2)) = 1%a(x)? + 6a(x)b(x9) + 15b(x$)?}.
The right-hand side of (A.29) converges to 0 as d — oo by arguments similar
to those used in [7], Lemma 3. Hence, the details are omltted

Now by using a Taylor series expansion for exp(— > =2 2 d X v(x;-i )), it is triv-

1al to show that
)
E*|:]_[ {1 — gv(xd)}:|
JeLd

d 2
t
_E*|:exp: szxjv(x }:H—>O as d — oo,

j_

sup
XdEFdA

(A.30)

since for all x¢ € Fy4, ﬁ Z?:Z v(x;")2 — 0 as d — oo (cf. [7], Lemma 3).

The final step to complete the proof of statement (b) is to show that

[ Doty 62
E* exp(— E X-—v(x~)>:| —exp(——cl K )
=724 2

This follows immediately, since using Chebyshev’s inequality, we can show that,
forall € > 0,

sup P* (
x4eFy4

Thus, statement (b) is proved and the lemma follows. [

sup -0 as d — oo.

XdEFd’4

d 12
Z v(x“’)——clﬁl('2 >e)—0 as d — oo.
- Xj 2d

We are now in position to prove Theorems 4.1 and 4.2.
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PROOF OF THEOREM 4.1. The theorem follows from (A.25), (A.26) and
part (d) of Lemma A.12. [

PROOF OF THEOREM 4.2. Wetake Fy=Fy1N Fy2N Fy3N Fg4. Then
d1/3nd(FdC)—>0 asd — o0,
and so, for fixed T,
P(FfeFd,OSIET)al asd — oo.
Also, from Lemmas A.9-A.12, it follows that

sup |GdV(Xd)—GV(X1)|—>O asd — o0

xleF,

for all V e CZ°, which depend only on the first coordinate. Therefore, the weak

convergence follows by [4], Chapter 4, Corollary 8.7, since C2° separates points

and an identical argument to that of Theorem 3.1 can be used to demonstrate com-
pact containment.

The maximizing of h.(l) is straightforward using the proof of [7], Theorem 2.

O

A.3. Proofs of Section 5. The proof of Theorem 5.1 is very similar to the
proof of Theorem 3.1 given in Section A.1.

First, for x*° € R*, let x* = (x{°,x3°,...), X4 = ﬁ Zfl:3 x7° and let x =
limg—, o0 X4, should the limit exist. For x* € R*®, let x¢ € R? be such that
x4 = (x,x3°, ..., x0) [= (xf, xg, e, xj), say], that is, x¢ comprises the first
d components of x*°. Then let G4 be the (discrete-time) generator of X¢, and let
V € C2° be an arbitrary test function of x1, x2 and x4 only. Thus,

mq (YY) ”

mq(x?)

GaV(x?h) = dE[(V(Yd) —~ V(xd)){l A

The generator G of the three-dimensional diffusion described in Theorem 5.1, for
an arbitrary test function V of x, x5 and X, is given by

GV (x>®) = §<2¢<2\/+Z__p))

i{ L= veeo) + v °°)}
X - i —X)—V(x — V(™).
=TT ax2

We shall define sets {F; € R*°;d > 1} such that for dIP’(Xd € ch) — 0 as
d — oo. This is done in Lemma A.13 and, thus, we can restrict attention to
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x> € F;. Furthermore, Lemma A.13 ensures that, for all x*° € Fy, limy_, o X4
exists. Therefore, since we can restrict attention to x*° € Fy;, we aim to show that

(A.31) sup |GaV(x) —GV(E®)| >0 asd— oo,

xXeFy

which is proved in Theorem A.17 and then Theorem 5.1 follows trivially.
Then define sets {F; € R™; d > 1} such that for dP(X¢ € Ff) — 0asd — oo.
This is done in Lemma A.13 and, thus, we can restrict attention to x*° € F.

LEMMA A.13. For1 <k <5, define the sequence of sets {Fy x CR*;d > 1}
by
Fyi = {x; [Rgx?) — (1= p)| <d™'/B},

Fyo={x>;|Xg — %| <d ™13},

Fg3=1{x%; max |x°| <dl/8},

1<i<d

1 d
Faa= x5 3 (7)? <d‘/8},

i=1

1 1 d \*
Fas5=1x%; =) X400 x) | <d' P

diZ\1-p i=1

Let

where Rg(x?) = d—il Zf":] (x> — 5 2?21 x;?o)z and 63 = —
F; = ﬂ]z:l Fy4 i, then

p
14+(d—2)p—(d—1)p?"

(A.32) dPX? e F§) -0  asd — oo.

PROOEF. It is sufficient to show that, for 1 <k <S5,
dP(X? € F$,)—0  asd— oo.

For the cases k = 1,3,4 and 5, it is straightforward but tedious using Markov’s
inequality to prove the result. Therefore, the details are omitted.

For the case k =2, let Xy = 71534 ;X (d > 3) and let X = limy_, o X4.
Therefore, by construction (see Section 5), for all d > 3,

([0 502 )

d—-2)p ; p(l—p) )
1+@d—-3)p "14+d-3)p/)

Thus,

(A.33) {)_(dl)_(:)E}NN<
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Therefore, by Markov’s inequality,
(A34)  PX?eF{,)=P(Xs—X|>d ¥ <VdE[|Xs — X|],

and the result follows trivially from (A.33) and (A.34). O

The procedure now differs slightly from that given in Section A.1. We post-
pone the finding of a suitable Taylor series expansion for G4V (x¢) and first give
Lemmas A.14, A.15 and A.16, which mirror Lemmas A.4, A.6 and A.7, respec-
tively. The proofs of the aforementioned lemmas are similar to the proofs of the
corresponding results in Section A.1 and, hence, the details are omitted.

LEMMA A.14. Forl <k <d, let

1
A (=ahxdy) = o le.d(
ik

d 2
x4+ 0, Zx;i) .
j=1

l—p
Then for any ¢ > 0,
sup IP);(
xXeFy

where, for any random variable X and any subset A CR, P{(X € A) =P(X €
Alxd =1) and E¥[X]1=E[X|x? = 1].

c
)\.5—1—‘>8)—>0 as d — oo,
—p

For z e R, let

1k (@) (= h (2 x0)) = {log{nd(Yd) “Zk _ Z}.

7q(x?4)

The role of h%(z) is similar to that played by h4(z) in Section A.1, with h%(0)
equivalent to By (cf. Lemma A.3).

LEMMA A.15. Ford >1and 1 <k <d. let Al(= Akxh) = — 5L —
0d Yz X (5% +6a X9 X)) Zi.. Then,
(A.35) sup [EZ[1A eAZ] —Ei[1 A ehs(o)]\ -0  asd— oo,
xdeFy
and

sup |EZ[€AI§1; Ak < 0] — Ez[ehfl(o); h(0) < 0]]—0 asd — oo.
xdeFy
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LEMMA A.16. Fork>1,

)
(A36)  sup ]E,":[l/\eAfl]—ZCD(—— < )’—)0 asd — oo
XdGFd 2 1—,0
and
l
(A37)  sup EZ[eAz;A§<O]—<I>(—§ /1 < )‘—)0 as d — oo.
xieFy, - P

We are now in position to prove (A.31).

THEOREM A.17.

sup 1G4V (x?) — GV (™) — 0 as d — 00,

XX eFy

PROOF. Note that, for all d > 3, we have the following Taylor series expan-
sion, for V:

V(YY) — vVxb)

0 d 0 d
=041 X1 Zla—V(X )+X2 3 —V(x)

(b))

1 92 92 92
+2O’d{xl Zza_V(Xd)+ngza—V(xd)+X1 XZleZza 2V(Xd)
X

d 1 d d 82 d
+ X1 21 (min Zi) — V(%)

P 0x1 0Xxg

d d 82 d
+x5z (d ZZX, z) — V(9

- 0x2 0X4

& Ve
- dz. | —_vy
+<d_2§)(, l) 8)22 (X )}

d

1
+ EO'SF(de Xd7 Z)
9

1
:ZDi(xd,Xd,Z)—i—gagF(xd,Xd,Z), say,
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where F(xd, Xd, 7) is a function of Xd = (de, Xg, e Xj), 7. and the third deriva-
tives of V(x4). Since V € C2°, it follows that, for all x? e RY, ]E[lF(xd, Xd, 7)|] <
00, and so,

sup |GdV(xd)—édV(xd)|—>0 as d — 0o,

xdeF,

where

el

9
GV (x?) = ZE[Di(xd, X%, Z){l Ao

i=1
9 A e
=Y Givx?),  say.
i=1
Now for all x4 € F;, we have that

Glvxd) = dadE[X;’z] %V(xd){l A exp(h,},(zl))}]

d
— deqoqE} [zl AL { {1 Aexp(h}(0)))

d

1

_adZ1<1 —,OXI + 04 Zx]d)
j=1

x {exp(h}(0)); k) (0) < O}H

+ O(dojd'™).

Therefore, since Z; and h}i (0) are independent, it follows that

d
X1+ 64 Zﬁ) }
j=1

sup
xeF,

R 1
GLv(x?) —dcdoj{—(l

(A.38) X aiwxd)ET[exp(h}l(O)); hl(0) < O]‘ —0
X1

as d — oo.

Now for all x? € Fy,

J d
- ~ p(d—2) 1 .
edizzlx’ = fatr1 +x2) 1+<d—2>p—(d—1)p2{d—2§3x’}

(A.39)

— — X as d — oo.

l—p
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Therefore, it follows from (A.38), (A.39) and Lemma A.16 that

Al d cl? ) c
sup |G,V(X*) — ——— 2CI><—— )
xdeFy 2(1 - p) 2V 1—p
0
x{—(xl—i)—V(xoo)H—>0 as d — oo.
0x1
Similarly,
. 12 !
sup |G2V (x4 — 07{2q><—— ¢ )}
xdeF, 2(1 —p) 2V 1—p

x{—(xg—)?)iV(xoo)”ﬁo asd — oo.
0x2

Next, for all ¢ € F,;, we have that
R 3 1 & (YY)
Gvix?)=doE| —V —_— dz. {1/\—}
2V (x%) =doy [axd (x)<d_2§)(, i o)

0 d
= dCdO'd—_V(X )
0X4

1 ¢ )
x [m ;ET[L {{1 Aexp(h’;(0))}

1 d
_o’dZi(l_pxi +9d2x])

j=1
x {exp(hy(0)); hy(0) < 0}”}

+ 0(dajd').
Therefore, since Z; and hii (0) are independent, it follows that
sup |G§V(xd)—éflV(xd)|—>O as d — oo,
xdeFy
where

. d 1 & d
GIv(x9) :dcdoj—V(xd){—d — Z(l — + 64 ij)

90X i=3 =1

x E¥[exp(h};(0)); k' (0) < 0]}.
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Let

> 8y 1 & P _
5 ){—jglﬁzi [exp(h}y(0)); ki (0) < 0](x; — X) ¢.

GV (x?) = ;
Then since, for all x? € Fy, d6; — —ﬁ and %Z?:l x;.i — X, as d — 00, we
have that

sup |éfiV(xd)—f}?iV(xd)|—>O as d — oo.

xieFy,

By Lemma A.16, for all x4 € Fy;andi > 3,

Ez[exp(hg(O));hg(0)<0]—>c1><—é lfp) as d — oo.

Therefore, since x; — x as d — 0o, we have that

sup |G§1V(xd)|—>0 as d — oo.
xdeFy

Hence,

sup I(A}ZV(xd)|—>O as d — oo.

xleF,

Now for all x? € F4, we have, by independence, that

. 1 32
GV (x) = Edafch’f [zf—z VxH{I A exp(h},(ZQ)}}
0x;
1 32
= Sdojcal] [Z%p V{1 A exp(h},(on}] + 0(dogd'®)
X1

_1 0% 1/8
dadcda VDEL A exp(hL(0)] + O (do3d'/®),
xl

since, for all x? € F, X1+ 64 Zl 1x"’| < d"/8. Therefore, by Lemma A.16,

we have that

A4 d cl l 82 00
G V(X)——{ZCD( —)}—V(x )'—)O as d — oo.

Similarly,

! ! 9°
GdV(xd)—c—{ c1>(— < )}—ZV(XOO)'—>O as d — 00,
2172y 1=0 )62

Ilp

sup
xleF,

sup
xdeFy
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There exists a1 lying between 0 and Z1, such that
GGV (D

| 9 d{ ”(Yd)”‘
= |-02E 7.7 1% A
‘20" [XlXZ 122 o SO e

1
—decao?
5 Cdoy

2

" _vahlna exp(h)(0))}
dx1 0x2 d

X ET |:X512221

1 d
—Ule<1 —pXI+9d fo)

j:l
x {exp(hy(e1)); hy(ar) < 0}”’.

Note that Z; is independent of x? , Z» and hcll(O). Therefore, since ET[Z 11=0, we
have that
2

V(x
0x1 0x2

d) .

n 1
(A40) G5V < 5dajcd

1 d
f Y

Since ax?zax V (x4) is bounded and for all x? € Fy, |ﬁx1 + 64 Z?Zl xj| < d'/s,
it follows that the right-hand side of (A.40) converges to 0 as d — oo. Hence,
1G5V (x?)| — 0as d — .

Similarly, for i =7, 8,9, it can be shown that |(A}ZV(xd)| — 0asd — oo and
the lemma follows. [

PROOF OF THEOREM 5.1. The proof is similar to that of Theorem 3.1. From
Lemma A.13 and Theorem A.17, we have that dP(X¢ ¢ Fy) > 0asd — oo and

sup |GgV(xH —GV(E®)|—0  asd— oo,

xXeFy

respectively. Therefore, the weak convergence follows by [4], Chapter 4, Corol-
lary 8.7, since C2° separates points and a similar argument to that of Theorem 3.1
can be used to demonstrate compact containment. [

The proof of Theorem 5.3 is similar to the proof of Theorem 5.1 and, hence,
the details are omitted. The key point is to show that Lemma A.13 still holds
with (A.32) replaced by

d’PXYeFS)—>0  asd — oo.

This is again straightforward, but tedious, using Markov’s inequality.
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