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Abstract

We present a way to use Stein’s method in order to bound the Wasser-
stein distance of order 2 between a measure v and another measure u,
assumed to be the reversible measure of a diffusion operator, using non-
exchangeable pairs of random variables drawn from v. We then show
that, whenever p is the Gaussian measure 7, one can use exchangeable
pairs of random variables drawn from v to bound the Wasserstein dis-
tance of order p, for any p > 2, between v and ~. Using our results,
we are able to obtain convergence rates for the multi-dimensional Central
Limit Theorem in terms of Wasserstein distances of order p > 2. In a
second time, we use our approach to bound the Wasserstein distance of
order 2 between the measure of a Markov chain and the reversible mea-
sure of a diffusion process satisfying some technical conditions and tackle
two problems appearing in the field of data analysis: density estimation
for geometric random graphs and sampling via the Langevin Monte Carlo
algorithm.

1 Introduction

Stein’s method is a general approach to bound distances between two measures
and was first introduced by [27] to provide quantitative bounds for normal
approximation. This approach relies on the following observation: the Gaussian

measure v is the only measure on R? such that, for any compactly supported
smooth function (or test function) ¢,

/R —a6(x) + Vola)r(x) = 0.

Hence, if another measure v satisfies

/Rd —z¢(x) + Vo(z)dv(xz) = 0



on a sufficiently large set of functions, then v should be close to 7. This idea
was later generalized by Barbour in [4] to deal with target measures assumed
to be invariant measures of diffusion processes with infinitesimal generators of
the form £,, = b.V+ < a, Hess >. Indeed, under such assumptions, one usually

has
/ Lupdp =0
Rd
for any test function ¢. Thus, similarly to the Gaussian case, if a measure v
satisfies
/ Lupdv =0
Rd

for a sufficiently large set of functions, then v should be close to u.

In practice, there are two main approaches to Stein’s method. In the first
approach, one considers a set of functions ¢ and solves the Stein equation: for
any u € U find f, such that

U — / udp = Ly, fu.
Rd

From here, taking the integral over v yields

/udu—/ ud,u:/ L, fudv.
Rd Rd R

Thus, if
sup Ly fudv| <,
ueU |JR4
then
sup / udu—/ ud,u‘<e.
uelU |JR4 R4

By choosing some specific set U, one is then able to obtain a bound on various
distances between p and v:

e if U={u:R? > R |lull <1}, then sup,ep | fpa udv — [pq udp| is the
total variation distance between p and v;

e in dimension 1, if U = {u : R - R | 3t € R,u(z) = 1<}, then
Sup,ep | fR udy — fRd udyp| is the Kolmogorov distance between 1 and v;

eif U = {u:R— R |Ve,y € R JJu(y) — u(@)|| < |ly— x|}, then
SUpyep | Jpa udv — [ udp| is the Wasserstein distance of order 1 between
wand v.

However, solving the Stein equation can be difficult as it involves computations
depending on the target measure p which are usually difficult to carry out in
the multi-dimensional setting. So far, one of the most generic way to solve Stein
equation requires y to be a strictly log-concave measure of R¢ assumed to be



the invariant measure of a diffusion process with generator £, = b.V + A [19].
Yet, for many applications, these assumptions are not general enough.

The second approach to applying Stein’s method consists in finding an op-
erator £, such that, for any test function ¢ : R — R,

L,odv =0,
Rd

in which case we say v is invariant under £,. One then aims at bounding a
given distance between v and p by a discrepancy between £, and £,. There
are many ways to obtain such an operator £,. The most classical approach
consists in using an exchangeable pair (X, X’) drawn from v where a pair of
random variable (X, X”) is said to be exchangeable if (X, X’) and (X', X) follow
the same law. In this case, v is invariant under the operator £, where, for any
test function ¢,

Ve € R, £,6(2) = E[(X — X)(9(X") + 6(X)) | X = a.

In fact, the exchangeability condition is not always required: in dimension one,
one can recover standard results for the Gaussian measure or the Poisson dis-
tribution by using any pair of random variables (X, X') drawn from v [25]. In
this case, v is invariant under the operator £, where, for any test function ¢,

/0 ,¢>(y)dy—/ox¢(y)dy|X=$] :

The relative ease with which one can build an exchangeable pair is the main
strength of this approach. In contrast, other approaches to building a suitable
operator L£,, such as Stein kernels or biasing techniques, are usually hard to
compute in the multi-dimensional setting.

In this work, we adapt the approach from [18], originally designed for Stein
kernels, to operators of the form L, f(x) = E[f(X’) — f(X)|X = x] where
(X, X'’) is a pair of random variables drawn from v. However, we cannot ob-
tain a meaningful bound from a single pair of random variables, hence we use
a stochastic process (X;);>o such that, for any ¢ > 0, X, is drawn from v.
Whenever p is the Gaussian measure v, we show in Theorem 1 how to use the
stochastic process (X;)¢>0 to bound the Wasserstein distance of order 2 between
v and . We then generalize this result by considering more general target mea-
sures in Theorem 5 and Corollary 6. In order to apply this latter result, we only
require p to be the reversible measure of a diffusion process with a generator of
the form £, = b.V+ < a, Hess > such that the measure of the diffusion pro-
cess converges exponentially fast to its invariant measure. Then, still following
an approach from [18], we use a to bound Wasserstein distances of any order
p > 1 between the measure of the random variables and the one-dimensional
Gaussian measure in Theorem 7 using (X;);>o. Finally, we extend this result
to the multi-dimensional setting in Theorem 9 by requiring that, for any ¢ > 0,
(X, Xo) is an exchangeable pair.

Vx € Rd,/.:l,(b(x) =E




Obtaining convergence rates for the Central Limit Theorem is the most
classical application of Stein’s method. However, when it comes to Wasserstein
distances, standard results obtained using Stein’s method are usually restricted
to a smoothed Wasserstein distance of order 1 (see e.g. Section 12 [11]). While
the Stein kernel approach of [18] could be used to derive convergence rates for
Wasserstein distances of any order, the resulting bounds would involve proper-
ties of the Stein kernel which cannot be easily computed in practice. Using our
result, we are able to derive convergence rates in the Central Limit Theorem
for Wasserstein distances of order p > 2 which only involves moments of the
random variables considered. More precisely, if we consider i.i.d random vari-
ables X1, ..., X,, in R? with E[X;] = 0 and E[X;X]] = I; admitting a finite
moment of order p 4+ ¢q for p > 2,q € [0,2], then the Wasserstein distance of
order p between the measure of S,, = n~1/2 Z?:l X, and the Gaussian measure
is bounded by

¢, ("1/2“2‘”/ [ X [P 4 AR X 2

n o(n=™/*) if m < 2

dEXXT X P2 iEm =2 )
where C}, > 0 is a constant depending only on p and m = min(4,q + 2). For
p,q = 2, our result improves on the multi-dimensional result of [33] which
requires || X1 || to be almost surely bounded and suffers from an additional logn
factor. In fact, the dependency on n obtained in our bound is optimal as it
matches optimal results for the one-dimensional setting obtained in [23] for
p=2,1in [26] for p > 2, =0 and in [7] for p > 2,q = 2. Still, the dependency
of our bound with respect to the moments of X7, and thus to the dimension, can
be suboptimal. Indeed, for p,q = 2, our bound scales (at least) linearly with
respect to the dimension. Yet, if all the coordinates of X; are independent,
then one can use the one-dimensional result to obtain a bound which scales
with the square root of the dimension. Hence, one can expect tighter bounds
can be obtained under stronger assumptions. For instance, if the measure of X;
satisfies a Poincaré inequality for a constant C' > 0, it is possible to use an an
approach based on the Stein kernel to bound the Wasserstein distance of order
2 between the measure of S,, and the Gaussian measure by n~/2,/d(C — 1)
[12] thus improving on our result whenever the constant C' is small with respect
to the dimension.

In the last few years, Stein’s method was also used to give convergence rates
in stead-state diffusion approximation in a series of papers [8, 10, 9] in order to
study invariant measures of Markov chains appearing in queuing systems. See-
ing these Markov chains as approximations of continuous diffusion processes,
one can use Stein’s method to bound the distance between the invariant mea-
sures of the Markov chains and the invariant measures of the limiting diffusion
processes. However, the computations involved in these results are specific to
the Markov chains and diffusion processes considered. We generalize this ap-



proach in Corollary 11 in which we bound the Wasserstein distance of order 2
between the invariant measure of a Markov chain and the reversible measure
of a diffusion process using quantities appearing in standard results in diffusion
approximation. Let us emphasize that using an approach based exchangeable
pairs would require the Markov chain considered to be reversible, thus leading
to a weaker result. Using our result, we are able to tackle a couple of prob-
lems relative to the field of data analysis and involving invariant measures of
non-reversible Markov chains. We first provide quantitative bounds for the con-
vergence of invariant measures of random walks on random geometric graphs.
In a second time, we evaluate the complexity of a Monte Carlo algorithm for
approximate sampling.

2 Notations

For z € R? and k € N, we denote by z®* € (R?)®* the tensor of order k of z,

k
Vi€ {L,....d¥* @®%);, =[] =
i=1

For any x,y € (R?)®F and any symmetric positive-definite d x d matrix A, we

pose
k

<Z,Y >A= Z L1Y;j HAjz‘,lia
l,j€{1,...,d}* i=1

and, by extension,
]2 =< 2,0 >4 .

For simplicity, we denote by ||.|| the traditional Hilbert-Schmidt norm, corre-
sponding to ||.|[s,- For any smooth function ¢ and x € R we denote by
VF¢ € (R?)®F the k-th gradient of ¢:

k
Ve {1, Ak, (VEe(); = —20 (@),

O0zj, ...0xj,

Finally, the Wasserstein distance of order p > 1 between two measures p and v
on R? is defined as

1/p
W) =int ([ o alPatanan)
g R xRe
where 7 has marginals p and v.

3 The approach

Let E be a convex domain of R? and let v and x be two measures with support
E. Suppose p is a reversible measure for the diffusion process with generator



L, =bV+ < a,Hess >ps where b : RY 5 R? and a : R? —» R% ® R? are
smooth functions on E and a is symmetric positive-definite on all of E. For any
measure dn = hdu, the Fisher information of n with respect to p and a is given

by
VA2
A R
E

Let (P:)i>0 be the Markov semigroup with infinitesimal generator £,. Let
(Y2)t>0 be a diffusion process with infinitesimal generator £,, and initial condi-
tion Yy drawn from v. We denote by v; the measure of Y;. We assume that, for
any t > 0, v, admits a smooth density h; with respect to p and I,,(1;) < co. By
construction, for any compactly supported smooth function ¢,

/Eqbdut:/EPthdu.

Since p is the invariant measure of £,, then, under reasonable assumptions,
vy converges to p as t goes to infinity. We can thus control the distance between
1 and v by controlling the distance between between v, and v for any ¢ > 0.
This can be achieved using Lemma 2 [22]

dr
EW2(V7 Vt) < IH(Vt)1/2> (1)

along with a bound on I,,(v;). Let us derive such a bound.
We have

Vh|?
() = / wdu :/ < Vhy,Vioghy >, du :/ < Vhy, Vug >q,
e i E E

where v; = log(hy). Since p is reversible, it satisfies the following integration by
parts formula

| <vrVgadu=- [ i2ugdn
E E
for smooth functions f, g : R — R. Hence,
IM(Vt) = / < Vht,Vvt >q d/L = —/ htﬁﬂvtd,u = —/ ﬁ;ﬂ]td%&
E E E

By the definition of 1, and the commutativity of P, and £,

I/L(Vt) = */ Ptﬁ'u’l}tdy = */ EMPtUtdI/.

E E

Let us assume there exist two random variables X, X’ drawn from v and let
s > 0. Let ¢ be a test function, for any = € R%, let

Loola) = E[H(X') — 9(X)|X =]



we have

[ 2Py = BIL,6(X) = SEIB(X) - ()] = 0.

Assuming P,v; is real analytic on E, we have

00 r_ Rk
[,,,Ptvt(x) = %E lz <(‘Xk|‘X),Vk.Pt'Ut(X)> |X _ SL"| .

s
Therefore,
L) = L(v) = /E(cy — L,)Pvdv
—E KE [X' ; X b(X) | X} ,VPtvt(X)>]
+E [<]E {(X/QSX)@Z — a(X) IX} 7V2Ptvt(X)>] (2)

<E [(X’;]fw |X} 7V’“Ptvt(X)>1 :

The last step of the approach consists in exploiting the regularizing properties
of the semigroup P, in order to bound Equation 2 by a quantity involving
E[P;||Vv]|2(X)]/? and the moments of X’ — X. Then, since I,,(1;) is finite and

E[P, | Vur|]2(X)] = / Py Vur|2dv = / Vol 2din = L),
]Rd Rd'

we obtain a bound on I,,(1;)'/2? which can be turned into a bound on W(u, v)
thanks to Equation 1. Let us note that, since a is positive-definite on all of F,
the bounds we derive on ||V*Pyv;||, imply P;v; is real analytic on all of E [16].

3.1 Gaussian case

2
lz]|

For x € R%, let du(z) = dy(z) = (2r)~%2e~ 2 dx be the Gaussian measure
on R?. The measure + is the reversible measure of the operator Ly,=—-2V+A
whose associated semigroup (P;)¢>o is the Ornstein-Uhlenbeck semigroup. Let
¢ be a smooth function with compact support on R?. For any = € R?, P,¢
admits the following representation

Pola) = [ olee™t + VI=ein(a).

For any k > 0 and any i € {1,...,d}*, let H; be the multivariate Hermite
polynomial of index i, defined for any z € R% by

12 k 12
PRNETRS 0 =2

Hi(z) = (—1)% 2 m@ (3)



Using an integration by parts, we obtain

VPg(x)=e" [ Vo(ze " + 1 —e2y)dy(y)

R4
et .
= e L vt VT )
1 p—
= a1 Jo (Y)p(ze™ + /1 — e=2ty)dy(y).

More generally, for k € N, using k integrations by parts yields
. 1 _
i€ (L B} (VRO = s [ Bl /T (v)
Since Hermite polynomials form an orthogonal basis of L?(7y) with norm
d k
Vie{1,...,d}" || H|? :/ H (y)dv(y) = [ | (Z 5¢l,j>!,
R4 ;

j=1 \i=1

we have, for any = € R?,

0 e (e —1)h 1
>, 2 2 e VRl @
illy

Je{l,....d} k=1ie{1,...,d}*—1

BT (L)

Je{1,...,d} k=1ie{1,...,d}k—1

= > / (Volze™ + V1 —e7'y))7dr(y)
ay /R

je{1,...,

= [ IVoae + V=) ()
= PVl (z).

For any k € N and any tensor M € (R%)®* we pose

M= > Yo MHlE My i

FE{1,...,d}F ie{1,...,d}k—1

and
;- 2
S(t)? =e *'E HE [X X + X | X] ]
s
o2t (X' 7X)®2 2
+e2t— ]E H]E |:2S—IdX:|

+ 3 e e B = )P | X)I]
k=3




Applying Cauchy-Schwarz’s inequality to Equation 2, we obtain
1/2
o0 e2t(62t o 1)]971 X )
L (v) < S(t) Z Z W]E Z (VPP (X))5 i1 e
k=1ie{1,...,d}k—1 iy je{l,...,d}
< S(OE[P | Vo (X)[|*]'/?
= S(t)1, ()2,

from which we deduce that
L)' ? < S(t).

Now, according to Equation 1, integrating S(t) for ¢ > 0 would give us a
bound on Wa(v,v). However, S(t) suffers from integrability issues for small
values of ¢t. To circumvent this issue, we use a stochastic process (X;);>o such
that, for any ¢ > 0, X; has measure v. Then, for any fixed ¢t € R, we can replace
X by X and X’ by X, in the previous computations to bound I, (1;)'/? by S(t)
where

T

o[ - i)

S(t)? =e2E U‘E [Xt—XO + Xo | Xo}
s

2s

> ef2t
+ 2 e gyt L = X0)™ | Xl

Then, if S(¢) is integrable for ¢ > 0, we can use Equation 1 to obtain Wa(v,v) <
I° St)dt.

So far, we have assumed the Fisher information of v; with respect to v is
finite for any ¢ > 0. By Remark 2.1 [20], this assumption is verified as long as
the second moment of v is finite which is a necessary condition for Wa(v,7) to
be finite in the first place.

Theorem 1. Let v be a measure on R with finite second moment. Let (X¢)i>0
be a stochastic process such that, for any t > 0, X; has measure v. For any
s> 0,

Wav, ) < /0 T s,



where

S0 —e-2E U\E [M X0 Xo}
S

T
[ e

—ot
e
+ et — 1E

- e—2t
+ 2 Gerpe gyt L = X0) ™ | Xl

Remark 2. For our result to produce non-trivial bounds, the quantity S(¢) must
be finite and integrable for ¢ > 0. Since

vk € N, M € (RY)®", |M|n < e M < vk = 1)1,

we have, by Jensen’s inequality and the triangle inequality,

172
0 gIE[||XO||2]1/2+< 1] 1> ( Z HXt - i(01|2k]>

d /29 1x - x012 /2
BlIX1 2+ (mg) +5E e } .

Hence, since v is assumed to have a finite second moment, it is sufficient for
1/2
B
eTlE |e <F-1 to be integrable for ¢ > 0 to obtain a non-trivial bound

with our result. Our following results, either dealing with more general target
measures and with Wasserstein distances of order p > 1, also rely on a stochastic
process (Xy);>0 and can be shown to produce non-trivial bounds under similar
conditions.

3.2 General case

Let us first apply Cauchy-Schwarz’s inequality to Equation 2 in order to obtain

niw? <t [ 55 -0 x| | EIVASCOR
a1 (X)
I _ ®2 2
ve|[e[E525 1] - o) E[[[V? P (X) 2 )
a=1(X)
(1

00 I ®k 2
+3 s e[ F 5 ] B[V Py (X) 2

k=3 ' a=H(X)

Our objective is to bound ||[V*¥Pv]|2 by a quantity involving Pi||Vu,||2.
obtain such bounds, we use the framework of I'-calculus described in [3]. This

10



approach relies on the iterated gradients I';, defined recursively for any smooth
functions f, g by

Lo(f,9) = fy;

1
Piva(f.9) = 5 [LuTi(f,9) = Ti(L0f, 9) = Tilf, Lug)] -
The triple (E, p, 1) is called a Markov triple. The operators I't, also called the
Carré du champ operator, and I's are efficient tools to study the properties of
the semigroup (P;)¢>o0 [3]. In particular if there exists p € R such that, for any
smooth function ¢,

FQ (¢7 ¢) 2 PF1(¢7 (b)a

the Markov triple is said to verify a curvature-dimension condition, or CD(p, 00)
condition, under which the semigroup (P;):>o satisfies many interesting prop-
erties. For instance, under a C'D(p, 00) condition, (P;):>o verifies the following
gradient bound (see e.g. Theorem 3.2.3 [3])

IVPo|l5 < e Pi(|[V9ll2).

Hence, a CD(p, o) condition is sufficient to bound the first term in Equation 4.
In the proof of Theorem 4.1 of [18], it is shown that, under a C'D(p, c0) condition
for p > 0 and assuming there exists «, 0 > 0 such that for any smooth function

fa F3(¢a¢)) Z HFQ(¢;¢) and Fg(d),(,b) Z O-HVQQS”(U

2p 412 < K
”V td)” — O'(e"it _ 1)

PVl (5)
However, while a C'D(p, o0) is usually easy to verify, assumptions involving the
operators (I'y)r>3 quickly becomes unpractical. Let us consider a simple one-
dimensional example for which L¢ = —b'¢'+¢". In this case, a CD(p, 00) condi-
tion is verified as long as " > p. On the other hand, following the computation
of Section 4.4 [18], in order to have I's(f, f) > 3cTa(f, f) and Ta(f, f) > ¢l f]la
for some ¢ > 0, one requires

b — b3 +2(0")? — 6¢b” > 0

and
302 < 2(u” — ) (0@ —b'D® + 2(b")% — 6¢b").

Even in this rather simple case, these conditions are quite strong and obtaining
bounds on ||V*P;é||, for k > 2 in a similar manner would require even stronger
assumptions. In Section 6.1, we derive bounds on ||Vthq§||a under a simple
CD(p,o0) condition.

Proposition 3. If L, satisfies a CD(p,o0) condition for p € R, then, for any
integer k >0, any t > 0 and any smooth function ¢,

IVEPolla < fu(t)V/ P V2,

11



where

—ptmax(1,k/2) (___2pd
€ o2pt/(h—1) —]

(k-1)/2
) ifp#0

fu(t) = (M)(kq)/z

- if p=0.

Remark 4. The bounds we obtain are not dimension-independent as one could
expect from the Gaussian case or from Equation 5. We believe this dependency
to be an artifact of the proof.

Injecting these bounds in Equation 4, we obtain a bound on /| M(Vt)l/ 2. Sim-
ilarly to the Gaussian case, this bound is not integrable for small values of t.
Again, we deal with this issue by using a stochastic process (X;);>o such that,
for each t > 0, X; is drawn from v. However, contrary to the Gaussian case,
we may also face integration issues when ¢ goes to infinity whenever £, only
satisfies a CD(p,0) condition with p < 0. In this case, we are only able to
bound W (v, vr) for T > 0.

So far, we have assumed the Fisher information of v; with respect to to pu is
finite. If a C'D(p,00) condition is satisfied, this assumption can be weakened.
Indeed, for any t,s > 0 and any measure 1 = hdyu, we have, by Theorem 5.5.2

[3]

2 2
L(Vegs) < 7”/ (Pu(hylog hy) = Pihglog(Pehs)) du < p
E

S "2t — =2 Hu(vs);

where H,,(v,) is the entropy of v, with respect to p.

Theorem 5. Suppose p is the reversible measure of a diffusion operator L,
satisfying a a CD(p,00) condition for p € R. Let v be a measure of R and let
(X1)i>0 be a stochastic process such that, for any t > 0, X; is drawn from v. If
the entropy of vy with respect to u is finite for any t > 0, then, for any s > 0,
T>0,

T
Wator) < [ (o),
0
where

[Xt;XO _B(Xy) | Xo]

2
al(Xg)]

2
a1 (Xo)]

2
G*I(Xo)]’

S(t)? =f1(H)E U'E

+h@ﬂ“@[u3;fwﬁ—mxw<%}
53
k=3

where the functions (fr)k>1 are defined in Proposition 3.

fr(t
g g, - X0 | 0]

If p > 0, we can set T to infinity in order to bound Ws(v, pt). On the other
hand, if p < 0, it is still possible to bound Ws(v, i) as long as we can bound

W2(VTMLL)'

12



Corollary 6. Suppose u is the reversible measure of a diffusion operator L,
satisfying a a CD(p,00) condition for p € R. Moreover, suppose there erists &
such that, for any measure n and any t > 0, we have

Wa(ne, 1) < e " Wa(n,v).

Let v be a measure of R% and let (Xt)i>0 be a stochastic process such that, for
any t > 0, Xy is drawn from v. If the entropy of vy with respect to u is finite
for any t > 0, then, for any s >0, T > 0,

T
(1 - e_KT)WQ(Va /j/) S/ Stdt7
0

where Sy is defined in Theorem 5.

Proof. We have

Wa(v, 1) < Wa(v,vr) + Walvr, 1)
< Wa(v,vr) + e_”th(V, ).

The result is then obtained by plugging the bound on Ws(v, vr) from Theorem 5.
O

Such an exponential convergence to i can be verified under weaker conditions
than a C'D(p, 00) inequality for p > 0. For example, if a = I; and b = —VV/,
where V is a function from R? to R, this assumption is satisfied whenever V is
strongly convex outside a bounded set C' with bounded first and second order
derivatives on C' [14]. An extension of this result for more general functions a
and for the manifold setting is proposed in [32].

4 Gaussian measure and Wasserstein distance
of any order

Whenever the target is the Gaussian measure, [18] used Stein kernels to obtain
an explicit expression of the score function v; = log(h;) which can be turned
into a bound for Wasserstein distances of order p > 1 between the measure
v and the Gaussian measure by using a simple modification of Lemma 2 [22]

giving
d+ 1/P
W) < ([ Ivadran) (6)
t R

Let us show a similar approach can be followed using a stochastic process

(X¢)1>0- In order to bound (f]Rd ||Vvt||pd1/t)1/p we are going to provide a version
of Vv;. By a simple integration by parts, one can see that Vu, is characterized

13



by the fact that, for any smooth test function ¢,
[ Volaldnia) = [ Totahu(a)dr(a)
Rd R4
= | V(oht)(z) — ¢(x)Vhe(2)dy ()

R4

= [ wp(@)hi(z) — d(x)Vhi(x)y(x)

Rd

¢(x)(x — Vo (2))dvy ().
Rd

4.1 One-dimensional case

Let (X, X’) be two random variables drawn from a measure v on R and let Z
be a one-dimensional Gaussian random variable. For any k € N, let Hy, be the
Hermite polynomial of order k. For t > 0, let F}; = e *X + /1 —e~2tZ and for
any s > 0, let p; be a real-valued function such that

X' - X —2t X/_X2
Vz € R, pi(x) =E e | —— + X ) + ¢ ( ) -1 Z|F,=x
s 1 —e 2t 2s

0 —kt / k

e X' - X
3 = A 2)F =,
s/l —e 2 !
Let ¢ : R — R be a compactly supported smooth function. Since ¢(F;) =
d(e7tX + V1 —e2t7), we obtain, after successive integrations by parts with
respect to Z,

+E

_ )k
Zefkt ¢(k71)(Ft)

Let @ be a primitive function of ¢. By the results of Section 3.1, the function
x — E[®(F;) | X = 2] = Py®(x) is real analytic. Hence, since X’ and X have
the same measure, we have

= X' -X
E kZ —k}t( o ) ¢(/€ 1)( )
=1

1
= “E[@(e X + V1 e 22) — 0(e'X + V172 2)]

Elpi(F)¢(Fy)] = E [e 7' Xo(F) — e ¢/ (Fy) | +E

=0.
Then, using a last integration by parts with respect to Z,
El(pr(Fy) — FO)$(F)] = El(e™ X — F)p(Fy) — e~/ (Fy)]
E[V1 - e 2Z¢(Fy) — e ¢/ (F)]
E[(e™ — 1)¢'(F,) — e *¢/ ()]
—E[¢(F)].
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Therefore, p; is a version of v; and, for p > 1, we can bound

(/R |v£|pd1/t) w = E[|p:(F)[P]2/?

by
Xt _XO p11l/p
Sp(t) <E HE {s + Xo | X(]:| }

e[| Hy (X; — Xo)? "

+ PIR | |E — 11X,
m 25
> H, 1/p

#3 M g y0x, - x| X))
=3 klsv1 — e~

where ||Hi|b , = [ |Hg|Pdy. By Equation 6, integrating S, (t) for ¢ > 0 would
give us a bound on the Wasserstein distance of order p between v and the one-
dimensional Gaussian measure y. Once again, we deal with integration issues
by using a stochastic process (X;)¢>o such that X; is drawn from v for any
t > 0.

Theorem 7. Let v be a measure on R and let (X;);>0 be a stochastic process
such that, for any t > 0, Xy is drawn v. We have, for anyp > 1,5 >0,
oo

Wp(v,y) < [ Sp(t)dt,
0

where
X X pq1l/p
Sp(t) <e™'E H]E [to Xl XO} }
s

e | Hq| (X — Xo)? nv

+ ———2E | |E | ———— - 1| Xo
o 2s
= 1/p

. Z ME [|]E (X, — Xo)" | Xo]lp} :

k=3 k'sm

4.2 Multi-dimensional case

Let (X, X’) be two random variables drawn from a measure v on R% and let Z be
a d-dimensional Gaussian random variable. Since there is no notion of primitive
function in the multi-dimensional setting, the previous approach cannot be used.
Instead, let us assume that (X, X’) and (X', X) follow the same law (i.e. (X, X”)
is an exchangeable pair). For any k € N, any M € (R9)®* and any N €
(R?)®*=1 e define the vector M N € R? by

Nj.

coJk—1

Vie{l,....d}, (MN);= Y My,
je{1,...,d}+-1

15



For any k € N we denote by Hj : R? — (R4)®F the tensor of Hermite polyno-
mials of order k where

Ve e R Vi e {1,...,d}, (Hi(z)) = Hi(z),

where for any i € {1,...,d}*, H; is the multi-dimensional Hermite polynomial
of index %, see Equation 3. For t > 0, let F; = e !X + /1 — e~ 2tZ and consider
the vector-valued function p; defined by

I —2t ’r_ ®2
VIERd,pt(z)—E{et(X X+X) + = <(X X) —Id) Z|Ft—x]
s

2s

oo _
ekt

kZ:?, 2s(k — IV —e- 2t

For any integer k and any A, B € (R%)®* let < A, B > be the Hilbert-Schmidt
scalar product between A and B. We have

+E (X' — X)®* Uy _1(Z) | Fy = x| .

_ 672t eft
) =E tX‘mZ+S<X"X”Ft:4
+%]E (X/X)Zk‘<€kt \/176 2t Hk- >|Ft_1' .
k=1

Let ¢ : R? — R be a compactly supported smooth function. Since ¢(F;) =
d(e X + 1 — e 2tZ), successive integrations by parts with respect to Z yield

e—2t

(X'~ ( Z et X)@k,v%(mw)].

Let us pose F} = e 'X' + /1 —e~2tZ. Since the function z — E[¢p(F}) | X =
x] = Pyp(x) is real analytic, we have

E[Pt(Ft)¢(Ft)]

Elou(F)o(F)] = E [e-tm(Ft) -

e—t

+—E
S

V¢(Ft)}

~ & [ X0(R) - e ve(r)] + S8 for - ) (ot + LAY
~ B [ X0(R) - VOB + B = X)) + 6(F)).

Since (X, X') is an exchangeable pair, E [(X' — X)(¢(F}) + ¢(F:))] = 0. There-
fore,

E[(p(F) — F)o(F)] = E[(—F + e 7' X)o(F) — e ' Vo(F)]

=E[V1 - e #Z¢(F) — e *Vo(F)]
=E[(e™* — )V(F,) — e *'Vo(F,)]
= [ (Ft)]

16



Thus, p; is a version of Vu,. Let us consider some p > 1. Applying Jensen’s
inequality and the triangle inequality, we have

X -X

B[ Vou(F)7]'/7 < B [HE [ ] e

i S

th -1 2s

+x x|

p] 1/p

—t

Z I(e2t — )(k—l)/ZE [HE[( )®k | X]He-a(

In order to refine this bound, we require the following result.

Lemma 8. Let Z be a Gaussian random variable. For any k € N, M € (R%)®*
we have

M fl1<p<?2
B[ MH (20 e < M L =p =2
(p—D)ED2| M|y ifp>2
Proof. First, if 1 < p <2, then
E(|MHi—1(2)|P1"? < E[|MHi-1(2)|]P]"? = | M|z

Let us consider p > 2. Since the Ornstein-Uhlenbeck semigroup (P;)¢>¢ is
hypercontractive (see e.g. Theorem 5.2.3 [3]), taking ¢ = log(+/p — 1), we have

Vo € L*(v),E[|P¢(Z)|P]*? < E[p(Z)%]"/2.

This inequality can be extended to vector-valued function ¢, in which case we
have

o, o]l € L* (), El| P.o(2)|P]V? < E[(Plo(2)[)P]? < Elllo(Z)|*)'/2.

Let k € Nand M € (RY)®*. For t = log(y/p — 1), the entries of Hy_; are
Hermite polynomials and thus eigenvectors of P, with eigenvalue e~ (*~1Dt =
(p — 1)~ (k=1/2_ Therefore

E[|MHe-1(2)|7)? = (p = 1) D2E[| M PH-1 (2)]7]7
= (p — )" V2E[| M A1 (2) |77
< (p = )" VPE[|MH-1 (2)]7]2
<(p-D* VM| g

17
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Thanks to this result, we obtain

X -X

E[|IVer(F)I]'/7 < e 'E [HE [ } N

s
max(1,p — ®2
+e egt— 1 7Id | X
o <k 1)/2
e max(1,p — 1) ;L ®k p11/p
+k§_:323(k—1)!( 1 ) B Islex =0 | XI5

Again, we deal with integrability issues by using a stochastic process (X;);>0
such that, for any ¢ > 0, X; is drawn from v and (Xp, X;) is an exchangeable
pair of random variables.

+xx}

p} 1/p

Theorem 9. Let v be a measure on R% and let (Xt)t>0 be a stochastic process
such that, for any t > 0, X; is drawn from v and (Xo, X¢) is an exchangeable

pair. For anyp>1, s >0,
Wy (v,7y) < / Sp(t)dt
0

where
X X, py1/p
e scetl |
1/p
. [max(1l,p 0)®2 P
BT (55
i - (k /2
max(1l,p — 1) 1/p
+Y o (P [l - xt  xa)

k=3
5 Applications

5.1 Central Limit Theorem

Let X1,...,X, beiid. random variables taking values in R? such that E[X;] =
0 and E[X1®2] = I,;. Let v, be the measure of S,, = n~1/2 Yo, Xi. According
to the Central Limit Theorem, v,, converges to the Gaussian measure «. In this
Section, we quantify this convergence in terms of Wasserstein distance of order
p, for p > 2. Let X1,... X/ be independent copies of Xi,...,X,, and let I be a
uniform random variable on {1,...,n}. For any ¢t > 0, we pose
(S'n)t = Sn + nil/Q(X} - XI)lHXHLHXIHS n(e2t—1)

By construction, ((Sp)¢)i>0 is a stochastic process and, for any ¢t > 0, (S,):
is drawn from v, and ((Sy)o, (Sr)¢) is an exchangeable pair. Applying Theo-
rem 7 with s = %, see Section 6.2 for the detailed computations, we obtain the
following result.

18



Theorem 10. Let Xi,...,X,, be i.i.d. random variables in R? with E[X;] =0
and B[ X®?| = I,. For any p > 2, there exists C,, > 0 such that, if E[|| X1[|P+9] <
oo for some q € [0,p], then, taking m = min(4,p + q) — 2, we have

Wy(vns) < Cp (n‘”“”‘q’”pm|Xlnp*q]l/P + AR Xy 2]/

N o(n=™/*) if m < 2
dHEXP X P2 if m=2 )
5.2 Invariant measures and diffusion approximation

Let (M™),en be a Markov chain with transition kernel K and invariant measure
m. Suppose My is drawn from 7. Then, by definition of the invariant measure,
For any ¢t > 0,7 > 0, let

Xy =M+ 1o (M — M),

While, by the definition of the invariant measure, X; is drawn from v for any
t >0, (X, Xo) is an exchangeable pair for any ¢t > 0 if and only if the (M"™),,>0
is reversible. Hence, given a suitable target measure p, we can use Corollary 6
to bound W (7, 1) without requiring the (M™),cn to be reversible.

Corollary 11. Suppose u and v satisfy the assumptions of Corollary 6. Let w
be the invariant measure of a Markov chain with transition kernel K and let X
be a random wariable drawn from w. Then, there exists C(p) > 0 such that, for
any 0 <717 <1,5>0,

(1 —e ")Wa(m p) <

Clp) | TENDEOIZ ]2 +E

| =X K )

_ 2
/e]Rd MK(X, dy) — a(X)

2
9 1/2
a‘l(X)]

| =0 K (X

[ = XK dy) b(x)

a=H(X)

+C(p)*Vd | VTd+E
C(p)*log(r)d ’
3v/2s
oo k—1
+Zc<p>k\/d<k71> . U
k=4

9 1/2
AN a1<x>1 '

Proof. This result is obtained by applying Corollary 6 with 7' = 1 and remarking

+
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that for any integer k£ > 0 and any 0 <t <1,

emax(l,k/Q)p (@)(k—l)/Q " o> 0

k=1)/2 .
Ji(t) < (%)( 2 ifp=0
o(tmax(1,k/2))]l (Lk;l))(k_w if p<0

O

Let us note that the quantities appearing in our bound are natural as they
appear in standard diffusion approximation results (see e.g. Section 11.2 [28]).

5.2.1 Invariant measure of random walks on nearest neighbors graphs

Let X1,...,X, beii.d. random variables on R? drawn from a measure p with
smooth density f. Let X, be the set of points (Xi,...,X,) and let rx, be a
function from R? to R*. A graph G with vertices &, and edges {(x,y) € X2 |
|lz —y||*> < rx,(z)} is called a random geometric graph. These graphs are at
the center of many data analysis algorithms, such as Spectral clustering [30],
semi-supervised label propagation [6] or dimensionality reduction [5], which use
the properties of such graphs to process the data X,,. However, these algorithms
usually consider the sole graph structure while discarding all other information
regarding the data, such as the coordinates of the data points, and one may
wonder whether critical information regarding the data could be loss in the
process. To answer this question, [31] proposed to check whether it is possible
to estimate the density f from which the data is drawn using only the structure
of a random geometric graph. Indeed, if we can recover f, we should be able to
recover most of the statistical information contained in the initial data.

As n gets to infinity, it has been shown by [29] that, if ry, converges, after a
proper rescaling, to a deterministic function 7 : R — R+, then random walks on
the random geometric graphs G,, with radii ry, converge, as n goes to infinity,
to diffusion processes with infinitesimal generator

1
Ly = 2 (V log f.V + 2A> .

Since the density of the invariant measure i of the limiting diffusion process has
density proportional to J;—;, one can derive an estimator of f from an estimator
of fi. Since random walks on the graphs G,, converge to diffusion processes
with invariant measure fi, it seems natural to use the invariant measures of the
random walks to estimate fi. In fact, in this context, [15] proved, under technical
assumption on 7y, , that invariant measures of random walks on the graphs G,
converge weakly to fi. Let us show how our results can be used to quantify this
convergence in terms of Wasserstein distance of order 2 by tackling the specific
case of nearest neighbors graphs.
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Nearest neighbors graphs are obtained by picking an integer & > 0 and
setting

n
rx,(z) = inf {5 ERYD 1jx,—a<s = k‘}

i=1
and are extremely popular in data analysis as they are sparse. If k is correctly
choosen, random walks on such graph approximate diffusion processes with
infinitesimal generator

Ly=f?(Vlog fV +A),

whose invariant measure ji has a density proportional to f272/¢. Let us quantify
the Wasserstein distance of order 2 between the invariant measure of a k-nearest
neighbors graph and ji. To avoid boundary issues, let us assume p is a measure
on the flat torus T = (R/Z)? with strictly positive smooth density f. For any
integer k < n, we denote by 7 , an invariant measure of a random walk on the
k-nearest neighbor graphs with vertices X,,. We have the following result.

Proposition 12. There exists C' > 0 such that, for any positive integers k,n,

VIog ninl/d (k)l/d>> C

vioenn o (X >1- .
k12 +1/d n - n

P (Wz(ﬂk,mﬁ) <C <
In particular, if n >> k >> log(n)¥ @+ n2/2+d then Wy(7y, ., fi) converges,
in terms of Wasserstein distance of order 2, to i. However, a couple problems
still remain. First, we only manage to obtain a convergence for a metric on the
space of measures but we would require a point-wise convergence of 7y ,, to use
it as an actual estimator of f. The second problem is that our bound is likely to
be suboptimal. In practice, we want k to be small as it leads to sparser graphs
but according to our result k should be at least of order log(n)®/(+2)p2/(2+d),
This is counterintuitive since our assumptions on k gets weaker as the dimension
inscreases while we would expect the problem of estimating & to be more com-
plex in higher dimensions. In fact, it is conjectured in [15] that it is sufficient
for n >> k >> log(n) for m , to converge weakly to ji which would imply our
bound can be improved.

5.2.2 Analysis of a one-dimensional scheme for the Langevin Monte
Carlo algorithm

Quite often in Bayesian statistics, one needs to sample points from a probability
measure dyp on R? with density f. To solve this task, multiple sampling algo-
rithms based on the Monte-carlo approach were proposed and analyzed. We
want to show how our bounds can be used to study the complexity of a simple
Monte-Carlo algorithm.

The measure u is a reversible measure for the diffusion process Y; with
infinitesimal generator

L, =-VuV+A.
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Since, under mild assumptions on p, the measure of Y; converges to u as t goes
to infinity, one may want to sample points from p by approximating Y;. Using
the Euler-Maruyama approximation scheme with timestep h, one can discretize
Y; using a Markov chain M with M® = 0 and transitions given by

M"Y = M™ — hVu(M™) + V2hN,,,

where N1, ..., N, is a sequence of independent normal random variables with
mean 0 and covariance matrix I;. If the timestep & is small enough, one can
expect the invariant measure 7 of (M™),en to be close to u. Hence, for n large
enough, the measure of M™ should be close to m and thus be close to p. This
approach to sampling is known as the Langevin Monte-Carlo (LMC) algorithm
and was first proposed by [24].

One may then wonder how large n should be for a given metric between p
and v, the measure of M"™, to be smaller than €. Answering this question is
linked to the choice of the timestep h as this parameter must satisfy some trade-
off: large values of h lead to a poor approximation of p by 7 but the smaller h
is, the larger the number of iterations required for v™ to be close to 7. Recently,
[13] proved that, whenever log f is a strictly concave function (i.e. pu is a strictly
log-concave measure) and Vlog f is Lipschitz continuous, the LMC algorithm
can reach an accuracy e for the Wasserstein distance of order 2 in no more
than O(e 2dlog(d/¢)) steps. Since the complexity of each step of the Euler-
Maruyama discretization is of order d, the overall complexity of the algorithm
is bounded by O(e~2d?log(d/e)). This rate can be improved whenever V2 log f
is Lipschitz continuous, in which case one only requires O(e~v/dlog(d/€)) steps
to reach an accuracy € which means the complexity of the algorithm is bounded
by O(e~'d?/?log(d/€)). One may wonder if other discretization schemes would
perform better than the Euler-Maruyama scheme however the approach used
to obtain the previous bounds are specific to the Euler-Maruyama scheme. We
show how our result can be used to study the efficiency of other discretiza-
tion schemes. For instance, let eq,...,eq € R? be the canonical basis of R?,
(In)nen be a uniform random variable on {1,...,d}, (Bn)nen be independent
Rademacher random variables and consider the following scheme

ou
81‘ I,

M = M 4 <h (M™) + \/2th> er, . (7)
Following the computations presented in Section 6.4, we obtain the following
result.

Proposition 13. Let p be a measure of R? with density f and let u = —log f.
Let h > 0 and let (M™),>0 be a Markov chain with M° = 0 and increments
given by Equation 7. Suppose Vu(0) = 0 and assume there exists p > 0,L > 0
such that for alli € {1,...,d} and x,y € R,

( ou ou

1) = (@) (= ) < —plos — )
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and

(88; (v) - 38;1 (m)>2 < L(y; — x;)*.

There exist constants C1,Cy > 0 depending on p and L such that for any € > 0,
if h = C1e2d=2 and n = Cyh~'dlog(d/e) then the measure v™ of M™ satisfies

Wav", 1) < e.

Moreover, if i is the Gaussian measure then the previous result holds true with
h = Cye?d'.

Since each step of this one-dimensional discretization has a complexity inde-
pendent of the dimension, the overall complexity of the LMC algorithm with our
discretization scheme is bounded by O(e~2d* log(d/€)) and by O(e~2d? log(d/e))
when p is the Gaussian measure. The discrepancy between the Gaussian case
and the more general case is due the dependency on the dimension of the func-
tion fi defined in Proposition 3 which we believe is suboptimal (see Remark 4).
Hence we conjecture the correct complexity of the LMC algorithm using the one-
dimensional discretization scheme to be bounded by O(e~2d? log(d/)) for target
measures p satisfying the assumptions of Proposition 13. Under this conjec-
ture, the complexity of this one-dimensional discretization scheme matches the
standard complexity of O(e~2d?log(d/¢)) of the Euler-Maruyama scheme under
slightly stronger assumptions. However, we are not able to recover the bet-
ter complexity of O(¢~*d®/2log(d/e)) obtained for the Euler-Maruyama scheme
whenever V2u is Lipschitz continuous. As this stronger assumption should be
verified in most practical cases, the Euler-Maruyama scheme should be more
efficient than the one-dimensional scheme in practice.

6 Proofs

6.1 Proof of Proposition 3

We are going to prove the result for the case p # 0, the case p = 0 can be
obtained in a similar manner. In order to prove the Proposition, we need to
prove an equivalent to the integration by parts used in the Gaussian case.

Lemma 14. Suppose L,, satisfies a CD(p,00) condition for p € R. Then, for
any compactly supported smooth function ¢, and any t > 0,

2p
IVPiola < e —7 Prlel™

Proof. Consider a compactly supported smooth function ¢ and let ¢ > 0. For
any 0 < s <tlet
A(S) = PS(FO(Ptfs(A Ptfs(b))-

23



Since L, is the infinitesimal generator of the semi-group (P;);>0, we have
%Pﬂﬁ =L, P,¢ = P,L,¢. Hence, the derivative of A is equal to

N(8) = L, Py(To(Pr—s, Pr—y)) — 2Ps(Do(Lyy Pr—sb, Prsb))
= Ps (/,:“FO(Pt_Sd), Pt_s¢) - 2F0(£HPt—S¢a Pt—8¢))
= 2P,(I'1 (P—s¢, P—s9)).
Similarly, the second derivative of A is
A”(S) = 4P3(F2(Pt—s¢a Pt—sd)))'

By our assumption, A”(s) > 2pA’(s). Hence, by Gronwall’s Lemma, A'(s) >
e?P$\’(0). Thus, we have

2 t
(P, o) = Wipl/ e*°T1(Pig, Pig)ds
—1Jo

t
__ 2% /eQPSA’(O)ds
0

e2rt — 1

2p ¢
T 1/0 N (s)ds

2 (B{T(6,0)) ~ To(Peb. Pid)

2pP,(To(0, ¢))
e2rt — 1

2pP;|¢|?
e2rt —1°

IN

IN

IN

IN

O

Let us prove Proposition 3 by induction. Let us assume a C'D(p,c0) con-
dition is verified for p # 0. Then, by Theorem 3.2.4 [3], for any compactly
supported smooth function ¢,

IVPAlla < e PV o (8)

Now, let £ € N and suppose that, for any compactly supported smooth function

b,

4 . 29d (i—1)/2
. i —pt max(1,i/2) #
Vi <k [[V'Polla <e <6(2pt)/(k1) ~ 1) :

Let z € R? and let (ey,...,eq) be an orthonormal basis of R? with respect to
the a(x)-scalar product < .,. >4(;). We have

d
IV () 12y = Z V¥ < VP(x), € >a@) Dl
=1
d

Z lim IV*(Pig(x + ea(x)e;) — Pig(x))|I2 -
=1
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Let € > 0 and let (X¢)i>0 and (Xt)tzo be two diffusion processes with
infinitesimal generator £, started respectively at x and x 4+ eae;. Letting
U(y) = E[¢(X:) | X; = y], we have

Pip(z + ea(x)e;) — Pip(z) = E[p(X;) — (X1)]
= E[E[¢(Xt) | Xi] — o(X4)]
Pi(¢ — ¢) ().

By our induction hypothesis, we have
2
IV*P(v = 0) (@) () <

k—1
—pt max(2,k ko1 2pd 2
o~ Pt max(2,k) Ex <62pdt/k_1> Prioa |V Piye(p — ¢)(f’3)||a(w)~

Then, applying Lemma 14,

k
IV R = 0@, < et () Pl of o)

e2pdt/k _ 1

By Theorem 2.2 [17], Equation 8 implies that we can take X, such that, || X, —
Xi|la-1(z) < ee™?* almost surely. Using such Xy, we have

S5 5250
<E _lim M | X, }
_e—)O €
[ X; — Xy
<E|lim WIIW(KE)HM IXt]

< e P'E [|IV(X0) laga)] -

Since a similar result holds for any e;, we have shown that

k
B 2pd 2
[VEFLPg)2 < emPtkFD) <e2pdt/kl) ( PtHWHz)

which concludes the proof by induction.

6.2 Proof of Theorem 10

We first need to state a multidimensional version of the Rosenthal inequality.
Let £ > 0,p > 2 and suppose Yi,...,Y, are independent random variables
taking values in (R?)®*, then by Theorem 2.1 [1] there exists C,, > 0 such that

D Yi—E[ Y V]
i=1 i=1

1/p
< Cpn' PE[|[YA[1P]Y2 + n/PE[|| Y7 PP

p

E
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Hence, by Jensen’s inequality,

>_Yi—EllI_vill Ef1 D ill

=G <E[II DYl 4+ PE(Y P + nl/”E[IIYll”]”p> :

pp1/p pq1/p

n

> Y

=1

E

i=1
so there exists C]’D > 0 such that

1/p
< ) (nIEW] |+ 0! 2E[Y |22 + n RV P17 . (9)

n p

> Y

i=1

E

We are now ready to start the proof of Theorem 10. Let Z be a Gaussian
random variable and let us pose X = X, X’ = X and a(t) = €2’ — 1. In the
remainder of this proof, we are going to show there exist C}, > 0 such that

o fo ¢ 'E[[E[n((Sn)s — Sn) | Sl + Sul?)}/Pdt,

S S ®2 1/]7
'fo 1e2t [HE[(()i) Id\S} } dt and
0o k/2
o Xy B fy == ElIER((Sn): — Sn)®* | Sl /7t

are bounded by

Cp (n—1/2+(2—q)/2pE[”X|p+q}1/p + n_m/4E[||X||2+m}1/2

n o(n=™/4) if m < 2
A EXE X2V ifm =2 )
Theorem 10 is then obtained using these bounds in Theorem 9.

In the remainder of this proof, C}, denotes a generic constant depending only
on p. For any t > 0, we have, by definition of (Sy,):,

|
(Sn)e = Sy = ﬁ(XI ~ XD XX 1< ra

Since I and S,, are independent, we have, for any k € N,
I \Qk
Z;(X” X" xixtiy/mam | Sn
i—
(10)

E[n((Sp)e — S2)®* | S,] = n~*/2E

In particular, taking k = 1, we have

1

E[n((Sn)t—=5n)+5n | Sn] = 7k

/ . .
Z(Xi - X’)l\lXiII,HXHIS\/na(t) + X | S"} '
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Since X’ is independent from S, E[X' | S,,] = E[X’] = 0. Hence,

/ _ /
E[X 1HXH,HX’HS\/WX(t) | Sn] = ~E[X 1maxHXIHIX/HZ\/TLG(t) | Snl.

Therefore

12 _ _ !
BI(X" =X ixi < y/mam T | S =EIX =X ixixez y/ra | Sl

and

E[|E[n((Sn)t — Sn) + Sn | Sal|[F]H? =
p11/p

n~ 2K

X!
E lZ(Xz Xl)lmaxHXz'H:IIXiHZ\/na(t) | S”]

i=1
Applying Jensen’s inequality to get rid of the conditional expectation,

n

_x
D (X = XD 2 )

p‘| 1/p
i=1

E[||E[n((Sn):—Sn)+Sy | Su]|[P]V/? < n~ 12K l

Let us pose
o oy
y=x-X )1maxHXIMIX/HZ\/M(t)'

Since the (X;)i1<i<n and the (X/)1<i<n are i.i.d. random variables, so are the
((X; 7XZ{)1maXHX'H HX{H>\/ﬁ(t))1§i§"' Hence, we can use Equation 9 to obtain

E[[E[n((Sn)e=Sn) | Sl +SullP]'/? < Cp(n 2| E[Y]|HE[Y [P/ 240l /2= 2E]| Y |[7]7).

Since X and X’ follow the same law, E[Y] = 0. On the other hand, we have

p1l/p _ _ v/|p 1/p
E[YIPT/? = E[IX = XL x ) x> y/ra@)]
11\p 1/p
< B+ XD e e

1\pP 1/p
< QE[maX(HXH, ”X ”) 1max ||XH7HX'||Z\/M}
< 2(na(t)) PP E [max([| X, |||y
< A(na(t) "PE[|X|PP,

and, similarly,
E[|Y(*]'/? < 4(na(t)) "™ B[ X |2,
Overall, we obtained

E[E[n((Sh): — Sn) + Sn | SulIP}/7 <
Cp (n™ Aty X |22 4 A0 R gy R X ] )
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Finally, since a(t) > 2t,

/ e E[||E[n((Sn) — Sn) + Su | Sull[E]/Pdt <
0
Cp (nfm/4]E[HX”2+m]1/2 + n*l/Q“l’(Q*Q)/QpE[”X||p+q]1/p) .

Let us now bound the second order term. By Equation 10 for k = 2, we
have

E [n((th ~ 5,)%?
2

g (X X)®?
—la S”] =B [ 2 Lixaixgis ot ~ 1 | S

1 |- (X = X;)®2
= [Z< 2 Lxixieymam ~ 1a ) 1 Sn

i=1

Again, taking

(X =X)®?
Y= (21||X|,|X/|<m —1a

and using a combination of Jensen’s inequality and Equation 9, we obtain

((Sn)t - Sn)®2

B H’E E 5] - | <

pq1l/p
2 |

Cy (IEYT I+ n PRIV 2] 4 /P B [V [7]7)
First, since E [X®?] = E [X'®?] = I,

(= x)e2
E[Y]=E [ 2 1maXHXH,||X/HZ\/na(t) '

For two z,y € (}R‘i)(@k7 we denote by < z,y > the corresponding Hilbert-
Schmidt scalar product between z and y. Letting Z and Z’ be two random
variables such that X, X', Z, Z’ are i.i.d. and denoting by C a generic positive
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constant, we have

IE[Y]] = \/<]E [(X’ - X)®21maxuxn,”xu2\/m} B {(Z' - Z)®21maxuzu,nz'nzm}>

! __ ®X2 ! __ X2
{«X X)®%,(2' - 2) >1max||X\|,|\X'Hz\/na<t>1max||zu,uz'nz\/na<t>}

wa
— ! __ ! __ 2
_\/IE (X0 = X, 2" = 2 50 S 2112112 )

&=

2
<X,Z> 1max\|X||,\|X/uz\/na<t>1maxHZH,MZ'Hz\/na(tJ

< O(na(t))™*VE[< X, Z >2 max(|X], | X'|)™ max (| Z], | Z']])™
< Cna(t) " 2VEI< X, Z >2 (IX[™ + IX' ™) (1 Z]I™ + 1 27]|™)]
< C(na(t) ™™ 2EX ()™ + [1X"™)]]

< C(na(t) " 2([EX 21 XM + IEX 21X ™]I)-

Since X and X’ are independent,
IELX 21X ]| = VB[ X |I™]
< d7VE[|X|IE[IX "]
< d—l/QE[”XH2+m]2/(2+m)E[HX||2+m]m/(2+m)
< d71/2E ||XH2+m]
d

<d™ V2N EXFX|™]
i=1

d

> EXZIIX|™)

i=1

IA

d
< | 3 B X2
i,j=1

< JEX X )™

Therefore, we have
IE[Y]]| < Clna(t))”™2|EIX=2(1X]™]].
Let us remark that this bound may cause integration issues when m > 1 since

e’ —m/2 et 1
= N .
e’ —1 at)m+1)/2 10 (2t)(m+1)/2

In order to tackle this issue, let us remark that, replacing m by 0 in the previous
bound, we obtain
IE Y]] < CIE[X®?)|| < CVd.
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Let 0 < tg < 1. Since «(t) > 2t, there exists C' > 0 such that

[ e e
to \/3 —t et
—m/2 ®2 m
gc( thjt IE[X®2| x| ||/ Tl dt).
IELX 2| x)m)) ) 2/ ™ ~
Therefore, taking ty = (T) , there exists C' > 0 such that

o(n=™/*) if m < 2

———||E[Y]||dt < C
[ LI {d1/4||E[X®2||X|211/21fm2

Let us now deal with the higher moments of Y. We have

)y ) < 2@ 2 )
< PE[IX]? + )
< PE[IXIPL g /) + EIXIP)
2°((na(£))®~ /2 + 1)E[| X [P,

and
E[[Y]1%] < 4((na(t))™* + DE[|X[*F™].

Putting everything together,
00 ¢ . ®2 pq1/p
|, e e |
0 et — 1 2
<Gy (”_1/2+(2_q)/2pE[llX||p+q] +n”MAE]|X|PT)?
N o(n=™/*) if m < 2
dVHEXS|X|PIV2 iEm=2 )

We are now left with dealing with the higher order terms. For k£ > 2, let

_Id | Sn:|

_ Iy \®k
Y =E[(X" = X)) ) 1xri</mao | Snl-

By a combination of Equation 10, Jensen’s inequality to get rid of the conditional
expectation and Equation 9, we obtain

E[[E[n((Sn)e — Sn)®* | Sull[5]? <
n!TFR|EY]|| 4 nl 2T PE]Y P2 4 0l P PRy PP
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First, we have
P I kp
E[YI*) < BIXT = XTI ¢ xv< /o)

< Qka[HX||kp1|\X\|§x/na({)]
< 2% (na(t)) (k=P 2R | X |[pFa],

and
E[[Y]%] < 4*(na(t))* =/ E[| X ||*+™].

Then, since X’ and X are i.i.d., E[Y] = 0 for odd values of k. Let us now consider
an even integer k > 2. Let us denote by Z and Z’ two random variables such
that X, X', Z, Z' are i.i.d. We have

1/2
_ r r k
BN =E |< X'~ X2~ 2>* 1 o e liznzn<yna®)
1/2
k k
<2E {< X, 2> 1\|X|\,|\Z\|s\/na<tJ
}1/2

IN

k 2 k—2 k—2

PE[< X, 2> X221 e e
2*(na(t) k"2 [< X, Z >2 || x|z ]
2% (na(t)) kD2 [E[X 92| X | ]|,

IN N

and, similarly, replacing m by 0,
[EY]] < 2 (na(e) & 2/2[BIX? | < 2 (na(t)/ 1V

Then, using the same integration procedure we used to bound the second order
term, we obtain

e8] —kt
€ n _ k pL/p
/O e ELER((Sn): = S | S|Pt

< Gp2* (n‘l/”(g‘””pE[Xllp*q] +n T MAE[|X| P

N o(n™™/4) if m < 2
d"YEXS2|X|P]2 ifm=2 )

Finally, since

VM € RS (Ml < max (B | < /= DY)
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we have

o~ (p—1)F/2 oo ekt .
lgg (k= 1)! / et PlIELR((Sn)e = 5)° | Sulll) /7t

<G, (n—1/2+(2—q)/2pE[”X||p+q] + n_’”/4]E[|\X||2+m]1/2

N o(n=™/*) if m < 2
dYEXEX|2 ifm=2 )

which is the last bound required to conclude the proof.

6.3 Proof of Proposition 12

While T is not a domain of R¢, the arguments used in the proof of Theorem 5
still hold. Let i be the measure with density f =Cf22/d where C > 0 is a
renormalization factor. For any two smooth functions ¢ and 1, we have, using
standard integrations by parts,

1
/ of~HYV log f.VY + 6¢)dji = c/ #(Vlog f.Ve) + §5¢)f2dA
T T
C
= 5/ #(Vlog f2.N + 61p) f2dA
T
C
=5 [ o+ (Vo
T
C
=—— / 2V 6. Vpd\
2 Jr
C
=5 [o= (Yo
T
¢ 2 2
=5 (Vg <.V + do) f2dA
T
— [ wr (V108 £V 0+ 56)d,
T
hence /i is a reversible measure for £; = 7*(Vlog f.V+6). As T is compact and
f is smooth and strictly positive, f~2/9V log f and f~2/¢ are smooth. Thus, Ly
verifies a C'D(p, 00) condition for some p € R. Moreover, for any ¢ > 0, (7g,n )¢
is a measure with strictly positive smooth density and, since T is compact, finite
Fisher information with respect to fi. Finally, thanks to Corollary 2.2 [32], the

last assumption of Corollary 11 is verified.
‘We pose

BN e @ide

(fﬂmﬂgl ldx)1+2/d

n
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and
n
’I“X“(I> = inf {S S R+| Z 1\|Xi*517||SS > k‘} .
i=1
In this Section, we show that there exists a constant C such that with probability
1-¢
n’

< C( \/lognnl/d +

k1/2+1/d

(i) SWPic 1,y || 75 2ox;en0x,m (X — Xi) = F72/4V log f(X)
(5"

. X;—X;)®? _ . 2/d
(i) SuPieq1,...n} || s 2ox,eB0x:.) 0.0 2/dIdH < C( oy (E) )5

VIognk!/? 2/d
(1) SUDse 1, || S, emonm (X5 — X0 < € (LB 4 (£)7);

(iv) Vm > 3,8up;cq1,.. n}

m m (m—2)/d
B Cxenian (X5 - Xo@m|| < om (&)

Proposition 12 is then obtained by applying Corollary 11 with s and 7 = s.
Let z € R In the remainder of this proof C' denotes a generic constant
depending only on d and f. and, for k > 0, we pose Vi = fB(o 1 x¥dr and

n
N, = Z lXiEB(a:,r)'

i=1
For any 0 < € < 1, Chernoff’s bound yields

2n Py

P(|N, —nP,.| > neP.) <2 5 . (11)

1/d
Taking ry; = (#Yﬁmf) , we have P,,, > % Hence, if % is sufficiently

large, then P(N,,, > k) > 1 — . Hence, P(rx,(z) > ry) > 1 — 5. Using a
union-bound, P(sup, ¢y, rx, (%) > ra) > 1 — L. Hence, for sufficiently
large,

k
log(n)
1 m m
vm >3, |- X=X <

X, €B(X;,7)

with probability 1 — % which implies (iv).
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Let us now prove the first inequality. We have

E[(Xi—2)1x,eB(z.r)

:/ (y — z)p(dy)
B(z,r)

=/ (y—z)f(y)dy
B(z,r)

— T 3y/2 X
= [ =)+ =0 + LTI gy

= Vord™2V f(z) + Crits,

Let us pose b1 = 3y, cp(,) Xi — @ Since
E[(Xi = 2)*1x.en0,n] < 17P;,

applying Bernstein’s inequality yields
2
P (’b1 - anrdHVf(mﬂ >C (r nP,logn + nrd+4>> <.
n

1/d
For r = (¢) , we have |P. — %| <C (%)H_Q/d

nVo f(z) . Hence, by Equation 11,

k1+2/d 1

Let by = inelg(w,wn (2)) Xi — x. With probability greater than 1 — #,

1+2/d

Putting everything together, we have, with probability 1 — %

=Y (Xima) - Vg g = ZQ—fQ/dVIngH
5 X, eB(z,7) §
by —9/d VIognn?/?
1 1/d 2/d
o ()
L1/2+1/d "

We finally obtain (¢) using a union-bound and (é¢) and (4i7) can be obtained in
the same way.
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6.4 Proof of Proposition 13

Let n € N;h > 0. We denote by 7, the invariant measure of the Markov chain
(M™),,>0. We have, by the triangle inequality,

Wao (U, p) < Wo(vp, mn) + Wa (s, 1)

Before bounding these two terms, let us prove a few results on 7. Let X
be a random variable drawn from ;, and let

€= (—haau(X) + \/ﬁB> er,
T

where T is a uniform random variable on {1,...,d} and B is a Rademacher
random variable. Let us bound the second moment of X. Since 7, is the
invariant measure of (M"),>0, X and X + £ follow the same law, hence

0

E[lX +¢[°] - E[IX*)
E[2 (X, €) +[I&]I°)

— [0 {x 2500 )+ el

5“‘3 {—2’1 <X’ §Z<X>> + hﬂW(u)(X)?} + 2h.

By our assumption on u, we have
IVu(X)| < LIIX||
and o
U
X, —(X)) > pllX|*
(X gmex)) = ol

Therefore,

1

SE[=hpl| X|* + B*L*| X|] + 2h < 0,
from which we deduce that

2dh d

N7 < Z
EIIXIP] < o=y < 5

+ O(dh). (12)

In addition to this bound, we can obtain a bound || X||«. Indeed, for any n > 0
and any i € {1,...,d}, we have

M) < (M~ B (M) + V3R

8.’L‘i 8331

< |MI"|\/1=2hp + h2L? + /2.

o\ 1/2
sQMWMMﬁ“wm+#(%w@Q> VR
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Thus, since M? =0, ||[M"||o < p% for any n € N and, since 7, is the invariant

measure of (M™),>o,

V2h

[ Xloe < a.s.
1-— \/1—2hp\/ﬁ+h2L2

and, if h is sufficiently small,

2V'h
1 X |loo < vh a.s. (13)
hpvV'h
Let us bound Wa (v, 7). For z € R?, we denote by v, the measure of
0
M* =x+ (—hu(x) + \/2hB> er.
81'[

Let z,y € RY, we have, for any i € {1,...,d},
d—1 1 ou ou 2
T _ Y\2] — o \2 _ . — _
gz 2R (O O w(ou o ou N
== = 2wy =) (@) = o)) + o (@) - o)

L?h? — 2ph
< (1+ ZE22) oy

Hence, by definition of the Wasserstein distance,

L2h2 — 2ph
) = yl?.

d

Thus, applying Corollary 21 [21] for the Wasserstein distance of order 2 and
using Equation 12,

£2h2 — 2o\ ?\"
Wa(vm, mh) < (1— (1+d”) Wa(vo, 1)

W2 (v, vy) < E[IM — MY|?] < (1 n

2ph — L2h2\"/?
< <pd> Wa(vo, mh)

_ (200 —L?K? "2 94p
= d p(2h — L2h2)

Hence, there exists a constant C; > 0 depending only on p and L such that, if
n= C’lh% log(d/he) then

Wa(vm, mh) < g (14)

Let us now bound W (7, 1). By Equation 12, 7, has finite second moment
and, by assumption, u is a strictly log-concave measure. Hence, by Theorem
5.1 [2], (7x)+ has finite entropy with respect to p for ¢t > 0. In the remainder of
this proof, we are going to show the following bounds.
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() E[$ — Vu(X) | X] = 0;
(i) E[IE[S2 -

(i) E[IE[S5? | X]I%] < (4+ 185°) 2222 4 O(dh?);

Iy | X]||?) < AL 4 O(dh?);

. ®k 4k 72k pk—2
(iv) ¥k > 3,E[|[E[S5 | X]|7] < 2L
Then, using these bounds in Corollary 11 with s = % and 7 = h, we obtain that

Wg(ﬂh,‘u) S O(d\/ﬁ)

Moreover, whenever p is the Gaussian measure, we can use a more refined
version of Corollary 11, obtained using Theorem 1, with s = % and 7 = h to
obtain

Wz(ﬂ-h,ﬂ) S O(\/%)

Overall, there exists Cy > 0, depending on p, L such that if

h— Coe? d if p is the Gaussian measure
= Cqe
2 d? otherwise

then
€

Wg(ﬂ'h,ﬂ) < 5 (15)
Proposition 13 is then obtained by combining Equations 14 and 15. In order to
conclude this proof, let us prove (i)-(iv).
Equation (i) is true by construction of . Let us prove (ii). By our assump-
tion on u, we have

£ e[S 4
s ||sg a1 3] | = e | S wuen)
d
< hW’L'E Z(Xi)“}
=1
Hence, by Equation 13 and Equation 12,
2
€82 4L4h L4dh
B ||t - a1 x Bl < 25 1 o).
Let us now deal with (¢44). We have,
§®3d 9 3 d
|X] = 41°E[||Vu(X)|*] + h°E | ) (Vu
=1

d
< ALPRE[||X || + h*LOE lz ]

i=

[
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Thus, using Equation 13, our assumption on u and Equation 12,

@3¢ 2 16L*

| [er 1 ]s<4+p4>h2L21EnX||2]
16L* dh*L?
<4+ p ) + O(dh?).
Finally, we have

2 d 2

§®kd 1 k
E HE[ — | X = 52Ex > Egp (—(hvu(X))iJr\/ﬁB)
i=1

IA
Tl =
™

E {(—(hVu(X))i 4 @B)%}

=1
92k—1 d
< WPE | (Vu(X))P | + 28h*d
i=1
92k—1 d
< 7 thLQkE Z(Xz)Qk +2khkd
i=1

IN

22k—1 L2k22khkd

e (S - 2a)
24kL2khl~c—2d

p2k
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