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We consider the random walk Metropolis algorithm on R” with Gaus-
sian proposals, and when the target probability measure is the n-fold product
of a one-dimensional law. In the limit n — oo, it is well known (see [Ann.
Appl. Probab. 7 (1997) 110-120]) that, when the variance of the proposal
scales inversely proportional to the dimension n whereas time is accelerated
by the factor n, a diffusive limit is obtained for each component of the Markov
chain if this chain starts at equilibrium. This paper extends this result when
the initial distribution is not the target probability measure. Remarking that
the interaction between the components of the chain due to the common ac-
ceptance/rejection of the proposed moves is of mean-field type, we obtain a
propagation of chaos result under the same scaling as in the stationary case.
This proves that, in terms of the dimension n, the same scaling holds for
the transient phase of the Metropolis—Hastings algorithm as near stationarity.
The diffusive and mean-field limit of each component is a diffusion process
nonlinear in the sense of McKean. This opens the route to new investigations
of the optimal choice for the variance of the proposal distribution in order to
accelerate convergence to equilibrium (see [Optimal scaling for the transient
phase of Metropolis—Hastings algorithms: The longtime behavior Bernoulli
(2014) To appear]).

1. Introduction. Many Markov Chain Monte Carlo (MCMC) methods are
based on the Metropolis—Hastings algorithm [11, 15]. Let us recall this well-known
sampling technique. Let us consider a target probability distribution on R" with
density p. Starting from an initial random variable X, the Metropolis—Hastings
algorithm generates iteratively a Markov chain (Xj)k>0 in two steps. At time k,
given Xy, a candidate Y is sampled using a proposal distribution with density
q (X%, y). Then the proposal Yj. is accepted with probability o (Xk, Yx+1), where

p(q(y,x)

a(x,y)=1A .
G =N ey
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Here and in the following, we use the standard notation a A b = min(a, b). If the
proposed value is accepted, then X1 = Y41 otherwise X1 = Xj. The Markov
chain (Xy)r>0 is by construction reversible with respect to the target density p,
and thus admits p(x)dx as an invariant distribution. The efficiency of this algo-
rithm highly depends on the choice of the proposal distribution g. One common
choice is a Gaussian proposal centered at the current position x € R" with vari-
2 .
ance 0 Id;, xn:

1 x — y|?
Q(x7 y) - (277.'0'2)"/2 eXp\ — 20_2 .

Since the proposal is symmetric (¢(x,y) = q(y, x)), the acceptance probability
reduces to

(1.1) alx,y)=1AN——.
P

Metropolis—Hastings algorithms with symmetric kernels are called random walk
Metropolis (RWM) algorithms.

The choice of the variance o~ is crucial for the performance of the RWM al-
gorithm. It should be sufficiently large to ensure a good exploration of the state
space, but not too large otherwise the rejection rate becomes typically very high
since the proposed moves fall in low probability regions, in particular in high di-
mension. It is expected that the higher the dimension, the smaller the variance of
the proposal should be. The first theoretical results to optimize the choice of o2 in
terms of the dimension n are due to Roberts, Gelman and Gilks in [21]. The au-
thors study the RWM algorithm under two fundamental (and somewhat restrictive)
assumptions: (i) the target probability distribution is the n-fold tensor product of a
one-dimensional density:

2

~exp(=V (xi)

(1.2) p@) =[] :

, Z

i=1
where x = (x1,...,x,) and Z = [ exp(—V), and (ii) the initial distribution is the
target probability:

Xy ~ p(x)dx.

The superscript 7 in the Markov chain (X}))x>0 explicitly indicates the dependency
on the dimension n. Then, under additional regularity assumptions on V, the au-
thors prove that for a proper scaling of the variance as a function of the dimension,
namely
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where [ is a fixed constant, the Markov process (X in'; J)zzo (where X ,1” € R de-
notes the first component of X! € R") converges in law to a diffusion process:

(1.3) dX; =vh(l)dB, — h()1V'(X,) dt,
where (B;);>¢ is a standard Brownian motion,
IVI -V
(1.4) h(l)zzﬂcp(—T*/_) and 1=/ (v’)zy.
R

Here and in the following, |-] denotes the integer part (for y € R, |y| € Z and
lyl] <y < |y]+ 1) and ® is the cumulative distribution function of the normal
distribution [®(x) = ﬁ [ exp(— y2/2)dy]. The scaling as a function of the
dimension of the variance and of the time are indications on how to make the
RWM algorithm efficient in high dimension. Moreover, a practical counterpart of
this result is that / should be chosen such that / (/) is maximum (the optimal value

of lis[* = %), in order to optimize the time scaling in (1.3). This optimal value

of [ corresponds equivalently to an average acceptance rate 0.234 (independently
of the value of I): for [ = [*,

I*J1
2

f/a(x,y)p(x)q(x,y)dxdy:ZCD(— ) ~(.234.
Thus, the practical way to choose o is to scale it in such a way that the average
acceptance rate is roughly 1/4.

There exist several extensions of such results for various Metropolis—Hastings
algorithms, see [3-5, 16, 17, 22, 23], and some of them relax in particular the first
main assumption mentioned above about the product form of the target distribu-
tion; see [1, 2, 6-8]. Extensions to infinite-dimensional settings have also been
explored; see [6, 14, 18].

All these results assume stationarity: the initial measure is the target probabil-
ity measure. To the best of the authors’ knowledge, the only works which deal
with a nonstationary case are [9] where partial scaling results are obtained for
the RWM algorithm with a Gaussian target and [19]. In the latter paper, the tar-
get measure is assumed to be absolutely continuous with respect to the law of an
infinite-dimensional Gaussian random field and this measure is approximated in a
space of dimension n where the MCMC algorithm is performed. The authors con-
sider a modified RWM algorithm (called preconditioned Crank—Nicolson walk)
started at a deterministic initial condition and prove that when o, tends to 0 as n
tends to oo (with no restriction on the rate of convergence of o, to 0), the rescaled
algorithm converges to a stochastic partial differential equation, started at the same
initial condition.

The aim of the present article is to show that, for the RWM algorithm, using
the same scaling for the variance and the time as in the stationary case [namely
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0,12 = % and considering (X En’Z J),Zo], one obtains in the limit n goes to infinity the

nonlinear (in the sense of McKean) diffusion process:

(1.5) X, =T E[(V'(X))’]. E[V"(X)]) dB,
' — GE[(V'(X))*].E[V"(X)]) V(X)) dt,

where, for a € [0, +00] and b € R,

b 2 b
Pof— 1200 (ab))/ch(l( _ ))
( 2«/5>+ e NG Ja
if a € (0, 4+00),
1.6 T@h={,
5, ifa=+OO,
Pem D2 ifa=o,

where b = max(b, 0), and

128(12(a—b))/2¢<l(L — ﬁ)) ifa € (0, +-00),
2Ja
(1.7 G b)=1

if a = 400,

1{b>0}12€_(12b)/2, ifa=0.

Notice that we will assume V” to be bounded, so that the coefficients in (1.5)
are well defined. This convergence result is precisely stated in Theorem 1 below
and can be seen as a mean-field limit combined with a diffusion approximation.
We would like to mention that another (different in nature) mean-field limit is
considered in [7] in the context of optimal scaling: the limit is obtained, under the
stationarity assumption, for a target measure which admits some mean-field limit
asn — 0o.

Our convergence result generalizes the previous analysis in [21] which was lim-
ited to the stationary case [namely X is distributed according to p(x)dx]. In par-
ticular, in the stationary case, we recover the dynamics (1.3). It also generalizes
results from [9] to non-Gaussian targets.

The proof is based on a classical technique to prove propagation of chaos [24].
We first show the tightness of the empirical distribution. Then we pass to the limit
in a martingale problem, which is the weak formulation of (1.5). Notice that such
a weak formulation has also recently been used in [14] to deal with the stationary
case.

This new result opens the route to new investigations of the optimal choice
for the variance of the proposal distribution, by precisely taking into account the
transient regime (when the Markov chain is not yet at equilibrium). It shows, for
example, how to scale properly the variance and the number of samples as a func-
tion of the dimension, at least for a product target. A more detailed analysis of the
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longtime behavior of the nonlinear diffusion (1.5) and of the practical counterparts
of this convergence result are the subject of a companion paper [12].

The paper is organized as follows. In Section 2, we state our main convergence
result, we present a formal derivation of the limiting diffusion process and we
explain the three main steps of its rigorous proof. Sections 3, 4 and 5 are, respec-
tively, devoted to each of these main steps: uniqueness for the stochastic differ-
ential equation (1.5) and its weak formulation as a martingale problem, tightness
of the laws of the processes (X En’: J)tzo and identification of the limit probability
measures on the path space thanks to the martingale problem. Last, in Section 6,
we prove the convergence of the acceptance probability in the RWM algorithm to
LTEL(V' (X)L ELV" (X)),

2. The main convergence result. Let us first present the precise statement for
the main convergence result. Then we will give a formal derivation of the limiting
process before sketching the rigorous proof.

2.1. Notation and convergence to the diffusion process. We consider a random

. . . . . . 2
walk Metropolis algorithm using Gaussian proposal with variance a,% = %, and

with target p defined by (1.2). The Markov chain generated using this algorithm
writes

‘ . I
2.1) Xllc’j—l = X]zc,n + _nG;c+1 L l<i<n

\/_
with
Aesr = Uk < eZLl(V(X,’;”)—V(X;;’"+(l/ﬁ)G;;+l))},

where (G;()i,kzl is a sequence of independent and identically distributed (i.i.d.)
normal random variables, independent from a sequence (Uj)r>1 of i.i.d. random
variables uniform on [0, 1]. We assume that the initial positions (Xé’", X"
are exchangeable (namely the law of the vector is invariant under permutation
of the indices) and independent from (G});x>1 and (Uy)i>1. Exchangeability
is preserved by the dynamics: for all k > 1, (X,l’", ..., X;"") are exchange-
able. We denote by F}' the sigma field generated by (X(l)’”, ... Xo") and
(Gll, R G;’, UDi<i<k-
In all the following, we also assume that

2.2) V is a C3 function on R
with bounded second- and third-order derivatives.
Forr>0andi €{l,...,n},let
Y,i’n = ([nt] — nt)XlL;l'zJ + (nt — LntJ)Xir’n"ﬂ

. 1.

Jn
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be the linear interpolation of the Markov chain obtained by rescaling time (the
characteristic time scale is 1/n, and Y, ,i/’; =X ,i’” , Vk € 7). Here and in the follow-
ing [-] is the upper integer part (for y e R, [y] €Z and [y] — 1 <y < [y]).

Let us define the notion of convergence (namely the propagation of chaos)
that will be useful to study the convergence of the interacting particle system
(V75 Y"")>0)n>1 in the limit n goes to infinity.

DEFINITION 1. Let E be a separable metric space. A sequence (xi,...,
X5 )n>1 of exchangeable E"-valued random variables is said to be v-chaotic where

v is a probability measure on E if for fixed j € N*, the law of (x{, ..., X}’) con-

verges in distribution to v®/ as n goes to co.
We are now in position to state the main convergence result.

THEOREM 1. Assume (2.2) and let m be a probability measure on R such
that fR(V/)4(x)m(dx) < 4o00. If the initial positions (Xé’", cen, Xg’”)nzl are ex-
changeable, m-chaotic and such that sup,, IE[(V/(X(I)’"))A'] < 400, then the pro-
cesses ((Yll’n, cee, Yt"’n),zo)nzl are P-chaotic where P denotes the law [on the
space C(R, R) of continuous functions with values in R] of the solution to the
nonlinear stochastic differential equation in the sense of McKean (for which strong
and weak existence and uniqueness hold)

X, =&+ fo PRV (x,)2] [V (X,)]) dBs
2.3) ,
- fo GE[(V'(X))2]. E[V"(X)])V'(X,) ds.

where I" and G are, respectively, defined by (1.6) and (1.7) and (B;);>1 is a Brow-
nian motion independent from the initial position & distributed according to m.

Let us make a few remarks on this result. First, concerning the assumption on the
initial positions (X(l)’", e Xg ’n)nz1 , we note that it is satisfied, for instance, when
the random variables X(I)’”, ..., Xy" are ii.d. according to the probability mea-
sure m on R. Second, notice that the results of Theorem 1 do not require exp(— V)
to be integrable. Finally, according to [10] (see Proposition 10.4, page 149 and
Theorem 10.2, page 148), under the assumptions of Theorem 1, the piecewise
constant processes ((X Enr; e X Y;,?J)tZO)nzl are also P-chaotic when the space
of cadlag sample paths from [0, +00) is endowed with the topology of uniform
convergence on compact sets.

In addition to the previous convergence result, we are able to identify the limit-
ing average acceptance rate.
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PROPOSITION 1. Under the assumptions of Theorem 1, the function
1 2
0> EP(Apae 11 ) — 7T E[(V/XD) ] E[V (X))

converges locally uniformly to 0 and in particular, the average acceptance
rate t +— P(A|n+1) converges locally uniformly to t — acc(E[(V'(X1))?],
E[V"(X;)]) where for any a > 0 and b € R,
I'(a,b)

2

2.4) acc(a,b) =

In the following, we will also need the infinitesimal generator associated
to (2.3). For a probability measure u on R, (i, V") is well defined by boundedness
of V”, and (i, (V')?) is also well defined in [0, +00]. Here and in the following,
the bracket notation refers to the duality bracket for probability measures on R:
for © a probability measure and ¢ a bounded or positive measurable function,

(. 6) = [ pCon@.
The infinitesimal generator associated to (2.3) is L, defined by
2
Lug() = 3T (e, (V')°), (12, V)" ()

2
= G (. (V')): . VDV ()" ().
More precisely, if (X;);>0 satisfies (2.3) and P, denotes the law of X;, then

(2.5)

for any test function ¢,

(2.6) .
(go(X,) — / Lp.o(Xy) a’s) is a martingale.
0 t>0
Equivalently, for any s < 1,
t
@) B0 - [ LooCtodr]7) = ox,),
N

where Fy = o(X,,r <s). Actually, as explained in Section 3 below, this mar-
tingale representation characterizes the distribution [over C(R4, R)] of solutions
to (2.3): probability measures under which (2.6) holds are distributions of solutions
to (2.3), and reciprocally.

2.2. Relation to previous results in the literature. Let us discuss how this theo-
rem is related to previous results in the literature. First, when Z = [ e™V® dx <
~+o00, our convergence result generalizes the scaling limit for the random walk
Metropolis—Hastings algorithm stated in the early paper [21] under the restric-
tive assumption that the vector of initial positions (X é’", ..., X" is distributed
according to the target distribution p(x)dx. In this case, it is clear that for all
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n,keN, (X,l’", ..., X;'") is distributed according to p(x) dx. Moreover, we have
the following result.

LEMMA 1. Assume that (2.2) holds, and that [ eV dx < 0o. Then

/(V’(x))ze_v(x) dx =/ V"(x)e V™ dx < 4o0.
R R

PROOF. The integrability of e~ implies that liminfjy oo [x[e™" ) = 0.
Since |V/(x)| < |V'(0)| + |V"lloo|x|, one deduces the existence of a sequence
(x5)n of negative numbers tending to —oo and a sequence (y,), of positive num-
bers tending to +o00 such that lim,_ 4o |V (x,) eV &) + [V/(y,)]eV O = 0.
By integration by parts,

Y
/ (V/(x)) %™V ™ ax
Xn

Yn
=V (xp)e V&) — V' (y,)e” VO —i—/ V" (x)e”V® dx.
Xn

Taking the limit n — oo thanks to monotone convergence in the left-hand side and
thanks to Lebesgue’s theorem and boundedness of V" in the integral in the right-
hand side, one concludes that fR(V/(x))ze_V(") dx = [p V"(x)e V¥ dx < 400.

O

One deduces that for each ¢ > 0 the solution X; of (2.3) is distributed according
to Z~! exp(—V(x))dx so that (X;);>0 also solves the stochastic differential equa-
tion (1.3)—(1.4) with time-homogeneous coefficients [here, we use the fact that
T(I,1)=2G(1, 1) = h(l) where [ = [p(V'(x))?e™V L = [ V" (x)e~ VLX),
Notice that our convergence result requires more regularity but less integrability
than in [21], Theorem 1.1, where the log-density —V is assumed to be C? with a
bounded second-order derivative and such that [ (V' ¥exp(—V) < 4o0.

Second, we also recover results from [9], where the authors consider a nonsta-
tionary case, but restrict their analysis to Gaussian distributions: V (x) = % In
this case, the function V" is constant equal to 1 and, for X, solution to (2.3), one
obtains that

4 E[x2] = T (B[X2], 1) - 2B[X2IG(E[X?], 1

dt
ol i)
2,/E[X#]

+ (1 — 2E(x$))12e<12<E[X?]—1>>/2<1>(z<71 - ,/E[th])).
2\E[X7]

This is indeed the ordinary differential equation satisfied by the deterministic func-
tion obtained as the limit (when n — o0) of the processes (% YroX lLr:lt J)z),zo
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in [9], Theorem 1. More precisely, the proof of our Proposition 1 ensures that
IE|% ;’ZI(XIL’n"”)2 — E[th]| converges to 0 locally uniformly in ¢ as n — oo.

2.3. A formal derivation. Before going into the details of a rigorous proof, let
us explain how this limit diffusion process can be formally derived.

First, let us make precise how to choose the scaling of o, as a function of n.
The idea (see [23]) is to choose o, in such a way that the limiting acceptance rate
(when n — 00) is neither zero nor one. In the first case, this would mean that the
variance of the proposal is too large, so that all proposed moves are rejected. In the
second case, the variance of the proposal is too small, and the rate of convergence
to equilibrium is thus not optimal. In particular, it is easy to check that o;, should
g0 to zero as n goes to infinity. Now, notice that the limiting acceptance rate is

E(1t [F) = EeHm 040V 050G 1 )

= E(e~ Zia (V' Xou Gl +V X @R/2) & 1) )

08 +0(no;) + O(Vnoy)
- exp(an ;b”)@(zf/’;_n - @) + ¢(—2%>
+O(no;)) + O(v/no?)

1
= I—ZF(a,,, by) + (’)(na,f) —+ (’)(\/ﬁanz),
2 . 2 .
where a, = 2 37_ (V/(X;")? and b, = 5 37, V" (X;™). To obtain (2.8), we
used an explicit computation of the expectation with respect to the Gaussian mea-
sure; see (A.5) below (with o = 0). From this expression, assuming a propagation
of chaos (law of large number) result on the random variables (X ,’;")15,-5,,, one

can check that the correct scaling for the variance is %2 = % in order to obtain
a nontrivial limiting acceptance rate (see Proposition 1 above). More precisely, if
a, — 0 and b,, — 0, then the acceptance rate goes to 1 [by continuity of I" at point
(0, 0), see Lemma 2 below]. If @, ~ an€ and b, ~ Bn€ (for some € > 0), then the

acceptance rate goes to 0 if § > 0andto 1if 8 <O0.
12

Using the scaling anz =, we observe that, for a test function ¢ : R — R,

1,n n 1,n [ n
E(p(X;:0)1F7) = E<<P(Xk + ﬁGi+llAk+l>“Fk>

l

1, I, 1

2.9) =X+ ¢/ () G Lag 1)
12

1,n 2 n _
+%¢//(Xk )E((Gll—kl) L | FY) +O(n 312).
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We compute
E(Gllc-i-l 1Ak+1 |]:l:l)

=E(G.,, (ezg’:l(V(X,’;”)—WX;;”+(l/ﬁ>Gi+1» A)IFD)

(2.10) —E(GL, (e~ T (VA UVIGL+V XD @) 1y 7Y
+ (’)(n*m)
1
1, 2 _
=—V'(X; ”)mg((vi?, (V') (v, V) + 0173,

where

S| =

n_
v =

n
Zaxi,n
i=1 F

denotes the empirical distribution associated to the interacting particle system.
Equation (2.10) is a consequence of (A.3) below. A more detailed analysis (see
Lemma 5 below) shows that the remainder is of order O (n~3/4). This is one of the
most crucial estimate to prove rigorously the convergence result. For the diffusion
term, we get

E((Ghi1)*La 177)
= E((GL, )} (eZm V=V UG A 1) FE)
(2.11) = ]E((G}(_H)z(e—Z,r":l(V/(X;'(»")(l/\/ﬁ)(;;'{ﬂ+V//(X;'(¢n)(12/(2n))) A
+0(n~'7?)
— (., (V)2 V) + O~ 1),

To obtain (2.11), we again used an explicit computation; see (A.5) below.
By plugging (2.10) [with the remainder of order O(n_é/ #)]and (2.1 1) into (2.9),

we see that the correct scaling in time is to consider ¥,"" such that ¥, = X,i’",
and we get

1,
E((p(Y(k—rll—l)/n)lfI?)

1, 1y 1 1, n 2/ n
=¢(Yy,) — (p/(Yk/Z);V/(Yk/Z)g((Mk/n’ (V) (ks V)
2.12)
1 L 2 _
5" gD (et (V) (g V) + O ()

1
1, 1, -
=0(Yy)n) + ;(Lﬂz/n(p)(yk/Z) +0(n™"),
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where L, is defined by (2.5), and u} denotes the time-marginal of u" defined
by (2.13) below (for k € N, uy In = V). This can be seen as a discrete-in-time
version (over a timestep of size 1/n) of the martingale property (2.7) [which is
actually a characterization in law of a solution to (2.5), as explained below]. Thus,
by sending »n to infinity and assuming that a law of large number holds for the
empirical measure v}/, we expect Y,l’" to converge to a solution to (2.3). The aim
of Section 2.4 is to sketch the rigorous proof of this result.

2.4. Sketch of the rigorous proof. 'The next sections are, respectively, devoted
to the three steps of the proof of Theorem 1. In Section 3, we first introduce a
nonlinear martingale problem which is a weak formulation of (2.3): the law of any
solution to this stochastic differential equation solves the martingale problem. We
check uniqueness for the martingale problem by proving trajectorial uniqueness for
the stochastic differential equation (2.3). Then, in Section 4, we check the tightness
of the sequence of laws of the processes (Ytl’" )r>0. Because of the exchangeability
of the processes ((Y,"", ..., ¥/"" )r=0)n>1 and according to [24], this is equivalent
to the tightness of the sequence ("), of the laws of the empirical measures

1 n
(2.13) W' = - > Syin
i=1

considered as random variables valued in the space P (C) of probability measure on
the set C of continuous paths from [0, +00) to R. The space C is endowed with the
topology of uniform convergence on compact sets and P(C) with the correspond-
ing topology for convergence in distribution. The third and last step, performed in
Section 5, consists in checking that the limit 7°° of any convergent subsequence
of ("), is concentrated on the solutions of the martingale problem, which, in par-
ticular, provides existence of a solution P to this problem. A probability measure
O on C with initial marginal Q¢ = m solves the martingale problem if and only
if F(Q) = 0 for a countable set of functionals F of the form (5.1) below. Since
the chaoticity of the initial conditions implies that 7 *°({Q € P(C): Qo =m}) =1,
checking that E7=|F(Q)| = 0 for all F in this countable set is enough to con-
clude that 7 = §p. Combined with the results of the two first steps, this en-
sures that the whole sequence ("), converges weakly to §p where P denotes the
unique solution of the martingale problem, namely the law of the unique solution
to the stochastic differential equation (2.3). According to [24], this is equivalent to

the P-chaoticity of the processes (Y, ..., Y;"")t>0)n>1 and this completes the
proof of Theorem 1.

Finally, Section 6 is devoted to the proof of Proposition 1.

As already mentioned, our main result combines a diffusion approximation
and a mean-field limit. Mean-field limits apply to systems of n interacting par-
ticles (here the components Y?"") when the interaction between two particles is
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of order 1/n. At first sight, it is not obvious that this is the case for the sys-
tem considered in the paper. Nevertheless, from the above formal computation

of E(p(Y (11511) /n)|]-",?), we see in equation (2.12) that the interaction is actually
of mean-field type: the other components influence the evolution of Y(lk’j_l) /n only

through the empirical measure u}, n= % Y aYzi’/’Z . The mean-field limit is a law
of large numbers for the empirical measure " on the path-space: we prove that "
converges to the unique solution P of the martingale problem. In the same time,
we have to deal with the diffusion approximation.

Notice that in previous scaling results given in the literature, the assumption
that the vector of initial positions (X (1)’", ..., Xp™") is distributed according to the
target density makes the derivation of both the mean-field limit and the diffusion
approximation much easier: since at subsequent times, (X ,1’”, ..., Xp"") remains
distributed according to the target density, it is enough to identify the limiting in-
finitesimal generator at the initial time. Moreover, under this stationarity assump-
tion and when the target density is the n-fold product of a fixed probability density,
the mean-field limit is obtained by the standard law of large numbers.

We end this section with the following lemma which states some basic proper-
ties of the functions " and G.

LEMMA 2. The function T is continuous on [0, +00] x R and such that

(2.14) inf I'(a,b) >0,
(a,b)€[0,+oc0]x[inf V" sup V"]

3C < +00,V(a,b) and (a’,b) € [0, +00] x R,
(2.15)
IT(a,b) —T(d',b)| <C(|b' —b|+|d —a| + |Va' — Val).

The function G is continuous on {[0, +00] x R} \ {(0, 0)} and such that

(2.16)  V(a,b) €[0, +o0] x R, VaG(a,b) < (12 bt v %)

(2.17)  3C <+400,VY(a,b) and (a',b) € [0, +00] x [inf V", sup V"],
(Va Avd)|Gla,b) —G(a'. b))
<C(|p' = b|+|d —a| + |Va' — Va)).
Last,
(2.18) V(a,b) €[0, +o0] xR,  0<G(a,b) <T(a,b) <I*.

Notice that G is indeed discontinuous at point (0, 0) since lim;,_, o+ G(0, b) #
G(0, 0). The proof of this lemma is given in the Appendix.
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3. Uniqueness for the limiting diffusion. In the present section, we are go-
ing to prove trajectorial uniqueness for the stochastic differential equation (2.3)
nonlinear in the sense of McKean and deduce uniqueness for the following weak
formulation of this dynamics.

DEFINITION 2. Let (¥;);>0 denote the canonical process on C and recall
the definition (2.5) of L. A probability measure P € P(C) with time-marginals
(Py)i=0 solves the nonlinear martingale problem (MP) if Py = m and for any
¢ :R — R C? with compact support,

t
<Mt‘/J défgo(Yt) —/ prgo(YS)ds) is a P-martingale.
0

>0

This martingale problem is the weak formulation of the nonlinear stochastic
differential equation (2.3). Indeed, the law of any solution of (2.3) solves (MP).
Conversely, when P solves (MP), one easily checks by Paul Lévy’s characteriza-
tion (see [13], Theorem 3.16, page 157) that

(ﬂ _/’ dYs + G((Ps, (V1)2), (P, VU))V/(Ys)dS)
=
0 \/F((Ps, (V)2), (P, V")) 120

is a P-Brownian motion. Thus, this implies the existence of a weak solution with
law P for the stochastic differential equation

X/ =6+ [[TR(PL (V)P V) B,
3.1 @
= [} SR (VP V)Y s

For fixed time-dependent coefficients TI''/2((Pg, (V)?), (P, V")) and
G((Ps, (V)?), (Ps, V")), by boundedness of G on [0, +0c] x [inf V", sup V"] (see
Lemma 2 above) and Lipschitz continuity of V', it is standard to check that trajec-
torial uniqueness holds for this (linear in the sense of McKean) stochastic differ-
ential equation. As a consequence, by the Yamada—Watanabe theorem (see [13],
Proposition 3.20, page 309, Corollary 3.23, page 310), this linear stochastic differ-
ential equation admits a unique strong solution and the law of this solution is P.
In conclusion, one may associate a strong solution to (2.3) with law P, to any
solution P of the nonlinear martingale problem (MP).

Notice that the two next sections will ensure existence for (MP) and (2.3).
Uniqueness is ensured by the following proposition.

PROPOSITION 2. For any probability measure m on R, uniqueness holds for
the nonlinear martingale problem (MP) and trajectorial uniqueness holds for the
stochastic differential equation (2.3).
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To prove Proposition 2, we need the following technical lemma.
LEMMA 3. For any solution (X;);>0 of (2.3),
2
VO<s <t, E[(X, — X)?] < 212[@ —5)+ (12 sup(V") " v —)(t — 5)2].
T

Moreover, if (m,(V')?) < +o0, then t — E[(V'(X;))?] is locally bounded. If
(m, (V")?) = +o0, then Vi > 0, E[(V'(X;))?] = +o0.

PROOF. Let (X;);>0 solve (2.3). Then for 0 <s <t¢,
t 2
E[(X; — X,)?] < 2E[</ Fl/z(IE[(V/(Xr))Z],E[V”(Xr)])dBr> }
t
20— ) / GE[(V' (X)) E[V" (X))E[(V'(X,)) ] dr
212
<20t —s)+ 2(14 sup(V") " v ?)(t —5)?,

where we used the boundedness properties of I' and v/aG (a, b) stated in Lemma 2.
One easily deduces the properties of 7 — E[(V'(X ))?] since

(V'(X0)* = (V' (X0)* = (VX)) — V' (X))
> L(v'(©)? = |V")3 (X, — X0)%,

(V/(X0)> <2(V'(X0))* +2(V'(X) — V'(X0))*
<2(V'(&)* +2| V"2 (X, — Xo)?,

with & distributed according to m. [J
We are now in position to prove Proposition 2.

PROOF OF PROPOSITION 2. By the discussion following Definition 2, we
know that, for a given Brownian motion B; and initial condition &, one may as-
sociate a strong solution to (2.3) with law P to any solution P of the nonlinear
martingale problem (MP). Therefore, to get uniqueness of solutions to (MP), it
is enough to prove trajectorial uniqueness for (2.3). Let (X;);>0 and (Xz)zzo de-
note two solutions of this nonlinear stochastic differential equation, with the same
initial condition, and driven by the same Brownian motion. If (m, (V/)?) = +o0,

then by Lemma 3 and since I"(c0, b) = and G (o0, b) = 0, these two processes
are equal to (Xo + ﬁ) +>0. This proves tra]ectorlal uniqueness.
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Let us now assume that (m, (V/)z) < +o0. By Lemma 3, ¢ r—>~IE[(Xt — 5(,)2] =
E[(X; — Xo — (X; — X0))?] and 1 — E[(V/(X;)?] Vv E[(V'(X,))?] are locally
bounded. In order to simplify the notation, let us denote

Iy =T(E[(V'(X0))].E[V"(X,)]).
Iy =T (E[(V'(X)’], B[V (X))
and
Gs = G(E[(V'(X)]. E[V" (X)),
Gs = GE[(V' (X))’ E[V"(X)).
Computing (X; — X,)? by Itd’s formula and taking expectations, one obtains
Bl — K] = [ (M2 - F1)2as
(3.2) .
+ ZEUO (G V' (X5) — GV (X)) (Xs — Xs)ds].
One has, using (2.18) and the Cauchy—Schwarz inequality,
E[(GsV'(Xs) = GsV' (X)) (X5 = X,)]
= GE[(V'(X,) = V(X)) (X = X)] + (G — GOE[V'(Xo) (X — X;)]
< P|V"| LE[(Xs = X2 +1Gs — GIEV2[(V/ (X)) IV (X, — X,)?]
which, combined with the similar inequality obtained by exchanging X and X,
yields
E[(GsV'(Xs) = G,V (X)) (X5 = X,)]
< PV B[(Xs — X,)?]

+1Gs — G l(E[(V/ (X))’ ] AE[(V/ (X)) PEY?[(X, — X)?].

Using this inequality to deal with the second term on the right-hand side of (3.2)
and (2.14) to deal with the first one then using the boundedness of V" and (2.15),
(2.17) and Young’s inequality, one obtains that

E[(X; — X1)?]
1

<
4infy>0 pefinfv7,supv I (@, b)

t ~
| @ =Fo2as
0
t -
+212 V") o /0 E[(Xs — X;)*]ds

t ~ - ~
) fo 1Gs — Gl (E[(V' (X)) AE[(V/(X0))*]) PEV[(X, — X()?] ds
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t - ~
<c f E[(X, — X,)2] + E2[V"(Xy) — V"(X})]
0

+E[(V/(X0)* = (V/(X0)]
+ (E2[(V'(X0))*] - E'2[(V'(X,))*])* ds.
Now, since
B[V (Xs) = V'(X0)]| < [VO) LEV[(X, — X)),
[E[(vV'(X0)* = (V/(X0)’]]
< V7] LBV [(Xy = XM EV[(V (X)) ]+ E2[(V/ (X)),
[EV2[(v/(x))"] = EV[(V (X))
<EY2[(V'(X,) — V'(X))’]
< V"] LB [(Xs — X)),

the local boundedness of I E[(V/(X:))?] v ]E[(V/()?t))z], the local inte-
grability 9f t = E[(X; — X;)?] and Gronwall’s lemma ensure that Vz > 0,
E[(X; — X)?1=0. O

REMARK 1. When (m, (V')?) = 400, we have already shown uniqueness of
solutions to (2.3), and it is actually easy to build a strong solution. Indeed, since

1B \\*> _ 1 2 PV, B}
v/ _>) > _(V/ _ —“M,
( (5 + 5)) =z 2( &) 5
one has E[(V'(§ + %))2] = +o0 for all # > 0. As a consequence (¢ + %),20

solves (2.3).

4. Tightness. According to [24], because of exchangeability, the tightness of
the sequence ("), is equivalent to the tightness of the laws of the processes
(Y,l’") +>0- As a consequence, the following proposition ensures that the sequence
(™), is tight under the assumptions of Theorem 1.

PROPOSITION 3.  Assume that the laws of the random variables (X(l)’")nzl are
tight and that sup,, IE[(W(X&’”)“)] < 400. Then the laws of the linearly interpo-
lated processes (Y,l’n = ([nt] — nt)Xb’l'ZJ + (nt — LntJ)X%;fﬁ ,t > 0),>1 are tight
in C. Moreover,

4.1) t— supE[(V/(Ytl’"))4] is locally bounded.

n>1
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The proof of this proposition relies on the following estimate; the proof of which
is given after the one of the proposition.

LEMMA 4. Assume that sup,, E[(V’(Xé’"))“] < +00. Then there exists a finite
constant C depending on this supremum but not on n such that

(E - k)z + eC(E4/n4) (E - k)4>
— — ).

42) Yo<k<k  E(X;"-xp")Y < c( . —

PROOF OF PROPOSITION 3. Since the laws of the initial random variables
(X (l)’")nzl are supposed to be tight, Kolmogorov criterion ensures the desired tight-
ness property as soon as there exists a nondecreasing function y :R; — R such
that

(4.3) Va>1,¥0<s<t, E("-Y'") <y -2
Combining this estimation with the inequality
1 (v 1,n\\4 ’ 1,n\\4 4 in i,n\4
E[(V'(Y")"T = 8E[(V'(Xg™) ]+ 8[ V7 (EL(Y: " = Yp") ]

one also easily checks that 7 — sup,,~ E[(V’ (Y,l’”))4] is locally bounded. Let us
show how to deduce (4.3) from (4.2). For ¢ > s > 0 with |nt]| > [ns], using (4.2)
for the second inequality, one obtains

E((r," - v,

((nt — )G}, )3 4 U(ns]—ns)GL
_27E( P (x = x5 ‘ )

n2 n?

. 2
Sé((nt [nt])

n2

— 2 _ 4 )2
+((LnlJ anﬂ) +ec,4(LntJ [ns1) >+ ([ns] —ns) )

n n# n?
< C(1 412t — )2
For ¢t > s > 0 with |ns| = |nt], one has (nt — ns)* < (nt — ns)? and, therefore,

1*(nt — ns)*
E((Ytl,n _ Ysl,n)4) _ %E((G%nﬂ)ét) <C(t— 5)2. O

The proof of Lemma 4 relies on the second inequality in the next lemma, the
proof of which is postponed to the Appendix.
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LEMMA 5. Let x = (x1,...,x,) € R" and v, = % "1 8x;. There exists a
finite constant C not depending on n and x such that

E[(eZi=1 (VG =V Gt (/G x|

(4.4)
_e—ZLAWJQWw»0+WK”mV”“”Alf]fga
n
(4.5) IE«#(l—eZngﬂ%VW+W¢m@”V7V<C<”ﬂxo|+}>
= \/ﬁ n ’
. {l_ (V(xl)—v(x,“r(l/\/ﬁ)Gl)) V/(xl) n2 /i
E(G (™ A D)+ =G (e (V). (o, V')
o NG
<c(1+|v/<x1>lJr A1 T L) e )
= n ¥ o, (VOIS s f, vy

PROOF OF LEMMA 4. Letk > k > 0. One has

1,n 1,n\4
E((X" = X))

814 £ s Eooy!
k=k+1 k=k+1

2414k — k)> 8% nii
- n2 + n? 2 E(1 Gy lAij
k+1<ky ko, k3, ky<k j=1

2414k —k)* 814
=——— + W(Tl’l’l’l +T11+T31+To+T1y),

(4.7)

2
n
where the sum has been separated into five disjoint terms:

e T1.1,1,1 corresponds to the restriction of the summation to indexes k1, k2, k3 and
k4 taking distinct values,

e 7511 to the restriction to indexes such that the cardinality of {ky, k2, k3, ka} 1s
equal to 3,

e T3 to three indexes equal and the last one different,

e T, to two pairs of equal indexes taking different values,

e T} to four equal indexes.

One has
Ty+ Toa+Ts1 < (k—OE((G)Y) + 3k — bk — k— DE((G})*(G})?)
(4.8) +4(k — k& — k- DE(G]|)E|G)]

3 -k 4 1ok —B)k—k—-1)
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Let us now estimate 77,1,1,1 and 73,1 1. For fixed ki, k2, k3 and k4 (four integers
in {k +1,...,k)}), let us define (X;", k > 0)1<;<, such that (Xy", ..., X0") =
(X", ..., Xp") and, for k> 0and 1 <i <n,

vi.n  _ in
X =X+ Ykl —1ko—1ks—1,kg—1}}
lGi 1
X ~,! ,'. / .
Tn R T VY6 )

Let us also denote by F the sigma-field generated by these processes which are ex-
changeable, independent of (Uy, (G,i, <oy GP))kelky ko, k3,ks) and equal to the orig-

inal processes (X};’”, k > 1)1<i<n on the event
! ! S (VO )=V (X 4G )
. i=1 k-1~ ki—1 kj
mAzj=ﬂ{Ukj>e J j j }
j=1 j=1

When the indices k1, k2, k3 and k4 are distinct (namely for 77 1 1,1), by conditional
independence of the vectors ((G ,lcj, e Zi, Ukj))1§ j<4 given F, one has

4
j=1

4
_ 1 , . A
- E(ﬁ ijl Y (VT D=V +U VDG ) )'
j=I {Uk;>e J J 7

4 n oi,n in i
E( E(Gli,» (1 _ eZi:l(V(ij—1)—V(ij—1+(l/«/ﬁ)ij)))+|]_—)) '
j=1 '

< E[H |E(G,1(/, (1— ezﬁzl(V(Xllcsjfl_l)—V(X;Q;’_1+(l/\/7l)G;(j)))+l}_)[|
Jj=1 '

IA

“r IV
CELE[l(;—Fiﬁ )}

L Sl o4
<o+ e D)
j:
where we used (4.5) for the last but one inequality and Young’s inequality for

the last one. Now for k; < kp < k3 < k4, according to the above definition of
(X;", k > 0)1<j<n, the random vector (X ,1}”_1)15 j<4 has the same distribution as
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(X,i;'ij)lfjg. Therefore,

4
Ty 11,1 <4!C Z (n |:Z Xll n—J i|>

k+1<k; <k2<k3<k4§?

k—k k—k\ k—4
4'C(( )+(;2) [ /( ln)m)
k=k

nt

To deal with 7> 1,1 we remark that if, for instance, k2, k3 and k4 are distinct
and k| = kp, then reasoning like above, and using that E[(Gil)zlAi |F] <
1

E[(G,il)2|}"] =1, one obtains

4
j=1

4 in i
5E[H|E(G,1j(1_ I (V) -V _1+(l/ﬁ)Gk-f)))+|f)|:|
j=3

<C(1 +nE[Z|V (X)) ])

j=3

One deduces that

F-bE-k-DE-k-2) 45593
TM’ISC(;)(( bk—k-Dk-k=2) (Z)ZE[(V’(X#”))Z])-

n? n

By combining the estimations of 73 1 + 722 + T4, T1.1,1,1 and 73,11 with Young’s
and Jensen’s inequalities, one obtains that

E((xy" - X))
4.9)

F—k2 G-kt Gk-k3<
oS Y mv )

6
n n =

n
For the choice k = 0 and using sup,, E[(V/(Xé’n))4] < 400,
100 E[(vV'(x;")"] <8E[(V'(Xg")*] + 8]V [LEL(x" — Xg")']

one obtains that
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By a discrete version of Gronwall’s lemma, one deduces that

2 .4
KU EN 2 cocwtin
n? nt)” '

With (4.9) and (4.10), one concludes that (4.2) holds. [

Vk=0,  E(xM"-ximh) < Cec(k4/”4)<

S. Identification of the limits of converging subsequences of (7");>1.
From the previous section, we know that the sequence ("), is tight. Let 7™
denote the limit of a converging subsequence of ("), that we still index by n
for notational simplicity. We want to prove that 7°° gives full weight to the solu-
tions of the nonlinear martingale problem (MP) (see Definition 2). To do so, for
@ :R — R C3? with compact support, p € N, g :R” — R continuous and bounded
and 0 <s; <s2 <--- <5, <5 <1, we define

t
6.1 F:0eP@ (0. (o) — o) = [ Lopdr )t ¥,).

Since the chaoticity of the initial conditions implies that 7°({Q € P(C): Qo =
m}) = 1, to prove that 7°° gives full weight to the solutions of (MP), it is enough
to check that E7* |F(Q)| =0. Indeed, taking g in a countable subset of the space
of continuous functions with compact support on R” dense for the uniform con-
vergence and (s1, ..., sp) in a countable dense subset of [0, 5], one obtains

t
(e eP©:E2 (o) - 0 - [ Lopdr|Venn) =0} ) = 1.

Then taking s, ¢ in a countable dense subset of R, and ¢ in a countable subset
of C3 functions with compact support on R dense in the space Cf (R) of C? func-
tions with compact support on R for the uniform convergence of the function and
its derivatives up to the order 2, one concludes that

t
N“({QrvweCf(R),(w(Yz)—fo LQ,<P(Yr)dr> O
t>

In Section 5.1, we present the main steps of the proof. Then, in Sections 5.2
and 5.3, we provide the proofs of the technical propositions stated and used in
Section 5.1.

isa Q—martingale}) =1.

5.1. Proof of E “IF(Q)| =0. By combining the two next propositions, one
first obtains the asymptotic behavior of E” "IF(Q)| =E|F(u")| as n — oo.

PROPOSITION 4. Let
. ] k=l . . .
Mp" = —= 3" ¢/ (X" (G111 4y — B[y 1y 1 FT])
Jn
i=0

j,n i 2 i 2 n
+EZ¢’U(X} J(G1) Layy —E[(G41) Ly 157 )



2284 B. JOURDAIN, T. LELIEVRE AND B. MIASOJEDOW

Under the assumptions of Theorem 1, for all s <t,3C < 00,Vn > 1,
. ) t . . . C
o1 = o(ri") = [ Lyolvi")dr - (i — Miz)| < -

where ' denotes the marginal at time r of 1" [defined by (2.13)].

sup E

1<i<n

PROPOSITION 5. Under the assumptions of Theorem 1,

2
1 & ~ . ‘ C
3C < 00, Vn > 1, E[(; ;(MF% — Mg (Yg’l",...,X;;?”)) } < Tn
Since
n 1 % i,n i,n ! in i,n in
F(u") =+ (o) =0 (ri) = [ Lige(vin)ar e (i, ... vi2).
i—1 :
one has
E|F(1")|

lglloo w ‘ ' ! ' ] '
<= ZE‘w(YZ’") —o(¥") —/s Lupo(Yy")dr — My — Mp)
i=1

2
1 4
1/2[(22 el ~ rnsw)g(Yslln’---vYSl}}n)> }

One deduces that
(5.2) nli)ngoE”"}F(Qﬂ =0

Since g, G, I' and V'¢’ are bounded, the function F is bounded. Unfortunately,
when V' is not bounded, the lack of continuity of ;1 € P(R) — (i, (V')?) implies
that F is not continuous and the weak convergence of 7" to 7* does not directly
ensure that E*™ |F(Q)| =0

To overcome this difficulty, for k € N, we introduce the second-order differential
operator L¥ defined like L, in (2.5) but with (u, (V') A k) replacing (1, (V)?).
We also define Fj like F but with Lo, replaced by Ler. The functions Fj are uni-
formly bounded and converge pointwise to F by the properties of G and I" stated
in Lemma 2. Moreover, Fj is continuous. Indeed, to deal with the discontinuity
of G at (0, 0), it is enough to remark that for v, u € P(R),

(v, (V) AR) (0, V') = Gl (V) AR (s V) [V
< Ly vzaiy=o1 1 V¢l
x |G (v, (V)2 AR (0, V) = G({pe. (V)2 A gz, V)]
/A >’

b,

+1{/,L(V’)2/\k 2l <
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where we used in the last line the fact that 1{, (y/2ap)=0y (i, V@) = 0. As a
consequence,

E™7|F(Q)] = lim E7"|Fu(Q)| = lim_lim E™'|F(Q)|

< limsuplimsup E™" |Fr(Q) —

k—o0 Nn—>00

where we used (5.2) for the inequality. One concludes that E™ “IF(Q)|=0 by the
next proposition.

PROPOSITION 6. Under the assumptions of Theorem 1,

lim supE|Fy (1) — F(n")| =0.
k_>°°n21

5.2. Proof of Proposition 4. This section is devoted to the proof of Proposi-
tion 4. As already pointed out in Section 2.3, the main difficulty is the identification
of the drift term.

PROOF OF PROPOSITION 4. One has dY;" = l\/ﬁG"[nﬂ 14, dt. As a conse-
quence,

D) = @1 = [ 1 (Vi) Gl Ly
Using the Taylor expansion,
¢'(Y") = ' (X)) +¢" (X)) (nr — Lnr]) [GFan LA

) 2
+(p(3)(xlf’ )( LnrJ) ( [nr'\) IA(m]’

with Xj’ [XLnrJ’ Yl 1, one deduces that
o(Y)") —o(Y)")

' . 12 . S,
- (ww%xm i Ly + 59 (XU (Gl L )

3 2 j 3
2[/ () B I‘nrJ) ( lrnﬂ) 1“4an1 dr

lz _ — i,n
N (ns Lnsi:l(fl’lb‘] nS)(p”(XL’nsJ)( [nﬂ) 1Afnﬂ

P(nt — [nt])([nt] —nt) ,
- n2n " (X)) rm) Lag,-
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By the boundedness of ¢” and ¢, one easily concludes that

. . t . .
E‘¢(Ytl’n) - go(Ysl’n) - '/; lﬁwl(xi_’:rj)Gl(nr] lArnﬂ

2 ,
+ Ew//(Xl\_;znrJ)(Gl'an) L, dr| = ﬁ

(5.3)

To complete the proof, we now consider the decomposition

t ) 12 . S,
/; IV (X )Gl L + 59" (X )(Gu) Ly, dr

t R . .
GH = [ L) ar— (i - Mi)
— T]i,n + Tzi,n + T3i,n _ Ti’,n + Ti,n’
where
R t . .
Tllyn =£ (p,(Xi_,r:lrJ)(l\/ﬁE[Glfnr] IA[M |f{lnrj]
2 R
+ g(("br\_lnrj/n’ (V/) )7 (/'LrLlnrJ/n’ VN)) V/(XlL:rJ)) dr’
. 1 rt . o,
73" =3 [ 0" i ) PELGh) Lt | P
2
- F((““anj/n’ (V/) )’ <MrLlnrJ/n’ VH))) dr,

/ MLnrJ/n Lnrj/n) _LM:}(/)(Y['["”) dr’

l(|'nt'| nt) 3 .
( (X (Gl Laran = ELGhr Lagr 1Pl )

12([nt] —nt) i \2 n
Tq’”(XLmJ)(( |'nt'|) IA[m E[(Gl(nt]) IA(nﬂl]:Lntj])>

and

3 [([ns] —ns) i . .
TSl "= <T¢/(X|_r7sj)(Gl!'ns'\ IA(n.ﬂ - E[Gl[ns] IA(n.ﬂ |]:fnsj])

12([ns] — ns) ;
I (X (G ) Lt = BL(G ) Lt 1P )

The boundedness of ¢” and ¢” implies that

in in C
(5.5 B(7,"] + |75 DS%'



OPTIMAL SCALING FOR THE TRANSIENT PHASE OF RWM 2287
By (4.6), Holder’s inequality and the equality

Vi o2
5.6 E[M} 1

,erLlnrJ/n, (V/)2>

deduced from exchangeability, one obtains

E|T’”| C/ 1+E|V(YLWJ/”)|+ 1 ' V(YLWJ/")
\/’_l nl/4 (UILWJ/,,,(V )2)1/4

IV (Ve ) P
+ 1/4E( e 2 1/2)dr
n (/’Ll_nrj/n’(v) )

6.7 .
o [THEVOR DL BV 0P
=< /S Jn + /4
EV2 V(v )l
nl/4

Concerning Tzi’" , by Cauchy—Schwarz inequality and (4.4), one easily checks that
i \2
|E[(Gl[nr'|) l-Arnﬂ |'F[anj]
~ E[(G) e eV KD t IOV LD )y )

C
< —.
=/n
Moreover, by (A.5) and (A.6),
(VXN Y1/ S)GL )V (X
E[ I'nr]anr'l( 2= (VI Lnrj)(/ﬁ) frrl /emV Lnrj))/\l)|“/?|_nrj]

1 2
{ll /) F(<II’LLI1}’J/n’ (V/) >’ (lurfnrj/n’ VN))

n

(5.8)

2
1) (G (VP i V)
126~ DUy 1 VI DD @Aty 0 (VD) )
2P (VD2

(We will need this expression for i £ j below.) With the boundedness of G
and (5.6), this implies that

in c 1 (yin
659 BT < o [V ) T E V)
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To deal with Tzf "', one remarks that by exchangeability, boundedness of G, ¢’
and (V'¢’), then by (2.17)

EIG (. (V')). iy V)V (11)
- g((urfnrj/n’ (V/)z)’ (Mr[lnrj/n’ VU))V/ /( Lnrj/n)‘
<E(G((r. (V') ur. V")
- g((luT_lnrJ/n’ (V/)2>a (M}fnrj/n’ VI ({ey

+CE[Y!" =Yl

V/(p/|> A <lu’}fnrj/n’ V/(p,|>))
2
= CE(|( Ml_nrj/n’ //>| + !(“’r? - Mr\_lnrj/n’ (V/) >|
2\1/2 i j
+ |</’L’r} - lu“}fnrj/n’ (V/) >‘ / + ‘Y}f’n - Y[zﬁj/n“'

By exchangeabi.lity, ENpy = oy jms VO < IV BV — Yor ) nl- More-
over, Y/ —Y [n'i il < ﬁlGlrnﬂ |. Dealing in the same way with the diffusion
term by boundedness of I" and (p(3) and (2.15), one deduces that

BT = =+ [ B = e (V)

(5.10) EL/2|(n n n2
+ B2 — e (V) dr
One has
2
Bl = tr g (V)]
in\\2 in 2
sin < V2|V JEV[(V (M) + (V (Y )]

2
El/z[(yl i YLnrJ/n) ]
C ip Y\ 2 3 2
=it PLVI ™)™+ (V' (V) )
Plugging this inequality in (5.10) and inserting the resulting inequality together
with (5.5), (5.7) and (5.9) into (5.4), one g:oncludes with (5.3) and the local bound-
edness of r > sup,,~ | sup;<; <, E[(V/(Y,””))Z] deduced from (4.1) and exchange-
ability. [J

This completes the proof of Proposition 4.

5.3. Proofs of Propositions 5 and 6.  Finally, it remains to prove Propositions 5
and 6.
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PROOF OF PROPOSITION 5. Since for 1 <i <n, (M,i’") is a F,?—martingale

and g(Ys’l”, . Yl ”) is J-" measurable, one has
1< i,n i,n in in ’
IE|:<n lZI(M[nt] M(;m}) (le "“’Ys;, )) :|
n |—I’Ll-| 1 .
(5.12) Z > E[E[(Mm7 M/i”)(Mlgfl M) F
i,j=1k=[ns]

x g(Yy", . Yy e (YY)

Using the boundedness of ¢’ and ¢”, then (4.4), (5.8) and the equality
. n roylin 1neylin
E[GL, | (e~ T (VX NUNDGL + /i V ) 4 1) 78]

VIO oo ondy oy
= _ﬁg((ﬂk/n’ (V). (e /n> V)

deduced from (A.3), one obtains
E[(M — M) (ML) — M) R
= ;|E[G2+1GIJ<+11A/<+1 |~7:l?] - E[ k+11Ak+1 |~7'—n] [Gi+llv4k+1 |~7'—I:l]|

C
< —_—
=32

e ‘E[Gk+le+1( ~ XL (VUG + PV ™) 1) 78]
—E[G! H([Z;‘:l(V/(X,’;”)(l/ﬁ)GiH+(12/(2n))V//(X,i'”)) A1)IF

< B[GL, (e Zin (VUG + PV XM 1)) 7]

3 C( L Li=iy |, VOV +|V/(X;';”)V/<X-,£’”>|)_
N n n2 (e (VD)

Plugging this estimate into (5.12) and using the boundedness of g and (5.6), one
concludes that

n

2
1 . )
E{(‘ > My — Mrns])g(Y;ln’ s Ysl;n)) }

3

1 s [nt]—1 —
<o LS ety + el o))

k=[ns]
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One concludes with the local boundedness of r > sup,,~| sup;<; <, E[(V’ (Y,i’”))z]
deduced from (4.1) and exchangeability. [

PROOF OF PROPOSITION 6. Since the function ¢ is compactly supported
and V' is continuous, one may suppose that k is large enough so that Vx € R,

V'@ ()] < |¢ loov/ (V' (x))? A k and, therefore,

(e [V ) < I Do (1, (V1) AR,
By boundedness of g and ¢”, then using (2.15) and (2.17), one deduces
E[Fi (") = F(1")]

=€ [V BIn e (V7 ARG V) = P (V) V)

(5.13) TG (V)2 AR V) = Gl (V) i V)
(1, (V') A K)] dr
< [VE[Vlup () =07+ et (V) = 1)

Since [V/(Y1")] < [V/(Xg™)| + V" lool Y, — Y4, using the Cauchy—Schwarz
and the Markov inequalities, one obtains that

Ef(ur. (V)" = k)"
< IE[(V’(YJ’"))Ql{lv,(yrl,n)IZ /)
< 2B[((V/(X5") + |V = v )

x (I{IV/(Xé’”)lz(ﬁ/Z)} + 1{|Y)’”—Y({’"|z(\/%/(2uV//noo))})]

(E[(V'(X5™)"]

+EVIr — v EVAL(V (x5 ™) T+ B[y = v
Therefore, by (4.3),

(5.14) lim sup sup E[(u”, (V') —k)T)]=0.

k=00 51 re[0,1]

=<

= O

One concludes by plugging this result into (5.13). O

6. Proof of Proposition 1. By (4.4) and [21], Proposition 2.4, which is also a
consequence of (A.5) for the choice o = 0, there is a finite deterministic constant C
not depending on ¢ such that

n 1 n 2 n C
P(A e +11F ) — Z_QF«/’LLnlj/n’ V) ulnryyns V)| < N
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With (2.15), one deduces that

1
B[P (Aurs1 1F) = 7P ELV X0V LELV (X))
1
(6.1) < C(ﬁ + (B EY) (g (V')) = BV X0)]

Bl V) = BV O] ).
One has for k e N,
By (V) ~ EL(V X))
< Bl — s (V) B, (V) = 8))
Bl (V') AR = BL(V'(X0)° AR + EL(V) =0 (X0

By the end of the proof of Proposition 4 [see in particular (5.11)], the first term in
the right-hand side converges to 0 locally uniformly in ¢ as n — oo. By (5.14) and
Theorem 1, the sum of the second and last terms in the right-hand side converges
to 0 as k — oo uniformly in n and locally uniformly in ¢. Last, for fixed k, the
third term converges to 0 as n — oo locally uniformly in ¢ by Theorem 1. One
deduces that E| (/,LTntJ/n, (V")) —E[(V'(X/))?]| converges to 0 as n — oo locally
uniformly in 7. Dealing with the other expectation in the right-hand side of (6.1) in
a similar but easier way (since V" is bounded), one completes the proof.

APPENDIX: PROOFS OF TECHNICAL RESULTS

In this section, we first give a proof of Lemma 2 which gives basic properties of
the functions I and G. Then we give some explicit formulas for some expectations
involving Gaussian random variables.

PROOF OF LEMMA 2. The functions G and I' are clearly continuous on
(0, +00) x R. We recall the usual tail estimate for the Normal law: Vx > 0,

42
Yo e dy [Ty _ppdy e

2 T x V2 N

(A1) ®(—x) =/x

One deduces that fora > b,

b 2 5 R
q><l<— — a)) < 46—(1 (b—2a)*)/(8a) and
(A2) 2Va IV27a
. 21 212
G(a,b) < ———e )/ Ba)
A 2TTa

Since for 0 < a < b, G(a,b) < 12 x 1 x 1, one deduces (2.16). Moreover,
(A.2) implies that G is continuous on {(0,+oc] x R} U {{0} x (—o0, 0)}.
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With the continuity of (a,b) — % on (0,4+00] x R under the convention

\/% = 0, one deduces that I is continuous on (0,4o0] x R. For 8 > 0,

lim,_, o+ p—p QD(% — 4/a) = 1 and, therefore, lim,_, o+ p g G(a,b) = G(0, B),
which completes the proof of the continuity properties of G. Since for (a, b) €
0, +00) x R, 3I'(a,b) = —geﬂzw—b))/%(u% — Ja)) <0, for fixed a €
(0, +00), the function b — I'(a, b) is decreasing. One easily checks that for fixed
b <0,lim,_, o+ I'(a,b) = [24+0=TY0,b) and for fixed b > 0, lim,_, o+ I'(a, b) =
0 + [2e=P)/2 — I'(0, b). With the previous monotonicity property, one de-
duces that lim,_, o+ ['(a,0) = I2 = I'(0,0). The continuity of b +— I'(0,b)
and Dini’s lemma implies that b — I'(a,b) converges locally uniformly to
b+ I'(0,b) as a — 07 and that T is continuous on [0, +00] x R. Since
[" is positive on [0, +oc] x R, one deduces that (2. 14) holds. For a > 0,
by (A.2), limp— o0 G(a,b) = 0. Since limp_, o P(— ) = 1, one deduces

that limp_, _oo I'(a, b) = 2. By monotonicity of b F(a, b), one deduces that
Y(a,b) € (0,4+0) xR, I'(a, b) < [2. This bound still holds for a € {0, +o00} by
continuity (or using the explicit expression of I'). For (a, b) € (0, +00) x R, one
has

12
pI'(a,b) = _Eg(a’ b),

0,1 a,l’a (1,17 — —F—@ s

2ma
? P 22
pG(a,b —_g a,b) + ———e 0)/Ba)
bG(a,b) = (a,b) 2JT
l 212
=_ —(b%)/(8a)
%G(a,b) = 5G(a,b) - ( 203/2) .

The boundedness of G then implies (2.15). Concerning (2.17), let us give some
details for the inequality

(Va A «/Z)|g(a, by —G(da',b)| <C(la" —a|+ |«/§— Val).
Let us assume that 0 < a < a’ and b € [inf V", sup V”]. Then we have

(Va Ava)|G(a,b) —G(a', )]

& 1 b 22
o~ (P6%)/(8x)
@, 0) =3 _<[+2x3/2) dx
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SC\/E/:/(%+%>CZX§C<(a’—a)+/aa/gdx)
§C<(a/—a)+/ua/%dx> SC((a/—a)-l—(«/c?—«/a_)),

where we used (2.16) and the boundedness of (x,b) € (0,+00] x R —
%e‘“zbz)/ ®%) for the first inequality. [

X

_ LEMMA 6. Fora, B, y,8 € R and independent normal random variables G,
G and G, one has

E(G(eaG-i-ﬂG-H/ A 1))

2 2 2 2
:aey+(<a2+52>/2>q>(_y+“ +ﬁ) o <a +8 2)/),

/a2+132 :l_z 12 ’_1—2

G 2

E(GZ(eaG+ﬁG+y A 1))

2 g2
(A.5) = (1+ a2)ey+((a2+ﬁ2)/2)q)(_w>

Ja? + p?
2

¢~ (/2@ +B%)

(A.3)

Y _ o
+(D<\/a2_|_lgz) \/2n(a2+,32)

E(Gé(eaG+ﬂG+aé+y A 1))

2 2 2
(A.6) = ad (ey+((a2+ﬁ2+82)/2)q) (_ Yy toa-+p7+4 >
a? 4 2 +52

o~ (V21282 +87) )

- J2m(@2 + B2+ 82)

1%a?
(A7)  Vae]0, +00), E(g(a,ozG—i-,B)):g(a—i-T,ﬁ).

PROOF. In this proof, the identity E(f(G)e®C~%"/2) = E(f(x + G)) is re-
peatedly used. Let us start with (A.3). By the symmetry of the normal law,
o > E(G(e*CTPGHY A 1)) is an odd function and we only need to check (A.3)
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for « > 0. Conditioning by G for the third equality, we get
E(G(eaG+/SG+y AT))

_ +(@?/2) ,aG—(a?/2) ,BG - ~
=E(e" D OTCRLOGY by + Cli6= 86y a)

_ y+@?)2 G _ B
= TR (@ + G) gy 6oy 456)/a) T EG L2 (156 /a)

~ 2

/ot2+,32 =" /012+ﬂ2

+(@?/2) . .
_ uweﬁce—(wa%ﬂcﬂ/(zaz))
N2
+ L trtpOR ey
2
We deduce (A.3) by remarking that the two last terms compensate each other since
2 2 N2 N2
o ~ +a”+ BG + BG
R Skl L A il
2 2a 2«

To obtain the inequality (A.4), we notice that
E(G(l _ eaG-i—ﬂG—i—y)-i-)
=E(G(1 — *5HAG) T _E(G)

— —E(G(eD‘G—HSG—W A 1))

! /052 + 132 Y 12 l2 ’ lz
and conclude using (2.16). To derive (A.5), one obtains by conditioning by G for
the second equality

E(Gz(eac+ﬂé+y AT))
_ e((a2+/32)/2)+yE(GZeaGJrﬁGf((aerﬂz)/Z)1{

(A.8) +E<G2®<%>>

2 2
=e<<°‘2+’32)/2>+VE((G2+2aG+a2)q>(_V +aG+a’*+ 8 ))

{71

aG+ﬁé§—yﬂ
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By integration by parts,

e
:\/%@XQCD(%)exz/zdx
- \/%A;CD(V ?/;Tlx>e_x2/2dx

(A.9) L / o~ D= +ax)? /B 4
27 |B| Jr

=P(I1G —aG <)
a7 Q@ +%)
27| Bl
2
_ CD( v ) e o N 4

Vot + B2 J2m(@? + B2)3

f o @B+ /@ +82)H/ 2B 4
R

and
G 2 2
E(GcD(—y +aG+a”+ B ))
Bl
(A.10) - / o= O/~ (@xty +a2 892/ Q) 4
27|B| Jr
- o o~ T2+ 2@ +57)

V27 (e? + )

One obtains (A.5) by plugging this last equality together with (A.9) also written
with (a, y) replaced by (—a, —(y + o* + B?)) in (A.8).
To prove (A.6), conditioning by G, using (A.3) and then (A.10), one obtains

E(Gé(eaG+ﬂG+sé+y A L))
N A 2 2
Ja? + p?
A 2 2 2

a2 + ,32

( YA+ BR8N e et/ QP42 48Y)
x CD(— )— )

Ja2 + B2+ 82 J2m@2 + B2+ 82)

— g8V T(@+B7+57)/2)
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Last,

1
Z—QE(g(a,aG +8))

2.2

2/a
202
_ e(lz(a+lza2/4_’3))/zp<\/0 Flet/d . B2+ 12a2/4))
Ja - 2/a ’

which yields (A.7). O
To prove Lemma 5, we need the following lemma.

LEMMA 7. Let X, Y denote two real random variables with respective cumu-
lative distribution functions Fx and Fy and f:R — R be a bounded function,
Lipschitz continuous with constant L( f) outside [—¢, €] for some constant € > (.
If X admits a bounded density px with respect to the Lebesgue measure on R, then

E[f(X)]-E[f(M]|
SL(HWI(X,Y)+2(sup f — inff)(\/lepx loo W1(X, Y) + [ px lloo€),
where W1(X,Y) = inf ) . E|Z — W| denotes the Wasserstein dis-
(Z,W): ZEX,WEY
tance between the laws of X and Y .

PROOF. Let for u € (0, 1), Fyx'(u) = inf{x € R: Fx(x) > u} denote the cag
pseudo-inverse of Fx and Fy ! be defined in the same way. Then Vx € R,

Vu e (0,1), Fy 1(u) <x & u < Fx(x). Moreover, if U is uniformly distributed

on [0, 1], then F;I(U) @ X, FY_I(U) @ Y and according to [20], pages 107-109,

Wi(X,Y) =E|Fy ' (U) — Fy '(U)|. As a consequence,
[ELf(XO]-E[f (]|
= [E[f (Fx' @) - £(Fy ' @)]]
< [E[(f (Fx ' (W)) = f(Fy ' ()))
Moy @yz—ey T I{F;I(UMF;I(U)»})”
+IE[(f (Fx @) = f(Fy (W)

x (I{F;I(U)E—KF;‘(U)} + 1{F;‘(U>>ezF;1<U>})]|

+E[(f (Fx ")) = F(Fy 'Ot <l
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< L(NE|Fy'(U) = Fy (V)]

+ (sup f —inf f)(P(Fy(—e) < U < Fx(—¢))
+P(Fx(e) <U < Fy(¢))
+P(Fx(—¢) <U < Fx(e)))

=L(f/HWi(X,Y)

+ (sup f — inff)((Fx<—s) — Fy(—&)) " + (Fy(e) — Fx(e))™

+ ’ px(x)dx>.

One concludes by using the inequality

sup| Fx (x) — Fy ()] < /2l px o W1 (X, Y).
xeR

This inequality is stated in [14], Lemma 5.4, with the factor 2 replaced by 4 but a
careful look at the proof of this lemma shows that it holds with the factor 2. [

PROOF OF LEMMA 5. By Lipschitz continuity of x — ¢* A 1 and the Taylor
expansion

(G")’

I V(i) ; PV, 0 PV
Vixi+—=G")=V(x; G' ! _
<x, * Jn > () + Jn * 2n 6n3/2

with x; € [x;, x; + ﬁGi], one obtains

E[(ez,*;l<V(xi)—V(x,-+<l/ﬁ)G")) Al — e~ Zist(U/NDV )G+ /@)Y (i) 5 1)?]

2
" V() i PVO i), i3
<E — (G = 1)+ ————=(G" ) .
<] (S(F e -0+ Sese)
Developing the square and remarking that for i # j, E[((G))? — 1)((G/)?> — 1)] =
0=E[(GH)2=1)V® (Xj)(Gf)3], one easily deduces (4.4) using the boundedness
of V" and V®.

The proof of the two other inequalities is inspired by [14], Section 5, where

the authors first replace V(x1) — V(x1 + ﬁGl) by — W#Gl in the exponential

factor at a cost (9(%). Then they explicitly compute the conditional expectation

given (G?,...,G") to improve the regularity of the function in the expectation.
Next, they replace } 7, (V (x; + ﬁ G') — V(x;)) by the Gaussian random variable

I(+. . 27 (. . .
,"l:z(lv j%c’) G +1 VZn(x’) ) and control the resulting error by some Wasserstein

distance estimate between these two random variables. To preserve symmetry in
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the estimate and in particular to obtain (v,, (V')?) instead of % S L(V/(x:))? in
the denominators, we write G as the sum of two independent variables distributed
according to (0, 2)

Let G! = f’ G' = G' fori >2 and G' ~ N(0, %) be independent from
(G!,...,G™). One has
E(Gl(825;1<V(xi)—V(xi+<1/ﬁ)Gf)) AT))
=2E(G! (eV(Xl)*V(xl+(l/\/ﬁ)(él+(A;l))+z,'~’:2(V(xi)fV(xi+(l/ﬁ)éi)) AT)).

As in the above derivation of (4.4), one deduces from the Lipschitz continuity of
y + e’ A 1 and the boundedness of V" that

IB(G (eXin1 (VO =Vt VmGED) 4 1)) — E| < <
n

where, by conditioning by (f}l, e f}”) and using (A.3),
E & oR(G (e W@V GG T (V) =V (it U/VmED) 4 1))

VgV 2 (o L) - vea)]

By boundedness of G and since

E[Gl{(622;1<V(x,~)—V<x,~+<l/ﬁ>G")> A+ (1= ez;;l(V(xi)—V(xi+<l/ﬁ>G")))+}]

=E[G1]1=0,

one deduces (4.5).
Moreover, when V/(x;) =0, E = 0 and (4.6) holds. To deal with the case
V'(x1) #0, we let

§ def (lv’(xi) iy IZV”<xl-)>
i=1 \/ﬁ 2n

12 2 2 0 2
~N<5(vn, V), Plon, (V)2 = (V! (1) /2),

P (v(os 507) - ve)

i=1

12 " ~i\2 l3 “ ~i3
=X+ ; V(G =1+ ; VO () (G

with x; € [x;, x; + ﬁ@i]. By boundedness of V” and V3 and since E[((G?)? —
D((GH2—=1)]=0assoonas j #i and E[V® (x:)(G)3((G/)2 —1)] = 0 as soon
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as j ¢ {1,i}, E[(X — V)31 <& Wthh implies that Wi(X,Y) < f The density

of X is bounded by (%7 (vy, (V )2 ~1/2, By Lemma 2, the function G takes its
values in [0, /2]. Moreover,

2 3
G (@, b) = —=Gla, b) + — =P80
2 2\ 2ma
which ensures that sup, ). pj>41/4 10pG (@, b)| < +00. Lemma 7 applied with & =
7%(1’;}3' implies that

’E{g((" ():))2 2;( ( %é')—vm)))]

_E[ ((v 5:))2 2;()”

C C 4 CVIV'(x1)]
_f V/)2>)1/4 n1/4 <Un,(V/)2),

where C depends neither on x nor on n. One concludes by remarking that,
by (A.7),

fo( LS 2] < g, (v o V), 0
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