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Abstract

We establish sufficient conditions for the existence of globally Lipschitz transport maps
between probability measures and their log-Lipschitz perturbations, with dimension-free
bounds. Our results include Gaussian measures on Euclidean spaces and uniform measures
on spheres as source measures. More generally, we prove results for source measures on
manifolds satisfying strong curvature assumptions. These seem to be the first examples
of dimension-free Lipschitz transport maps in non-Euclidean settings, which are moreover
sharp on the sphere. We also present some applications to functional inequalities, including
a new dimension-free Gaussian isoperimetric inequality for log-Lipschitz perturbations of
the standard Gaussian measure. Our proofs are based on the Langevin flow construction of
transport maps of Kim and Milman.

Mathematics Subject Classification Primary 39B62; Secondary 49Q22 - 49R05 - 35P15

1 Introduction

This work concerns the problem of transporting a probability measure di = e~"d Vol on
a Riemannian manifold (M, g) onto a measure dv = e~ V*W)d Vol which is an L-log-

Communicated by Andrea Mondino.

B Max Fathi
mfathi @lpsm.paris
Dan Mikulincer
danmiku @mit.edu

Yair Shenfeld
Yair_Shenfeld @ Brown.edu

Laboratoire Jacques Louis Lions & Laboratoire de Probabilités Statistique et Modélisation,
Université Paris Cité and Sorbonne Université and CNRS, 75013 Paris, France

2 Département de Mathématiques et applications, Ecole Normale Supérieure, Université PSL, 75005
Paris, France

3 Institut Universitaire de France (IUF), Paris, France

4

Department of Mathematics, Massachusetts Institute of Technology, Cambridge, MA, USA
Division of Applied Mathematics, Brown University, Providence, RI, USA

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00526-023-02652-x&domain=pdf

61 Page2of25 M. Fathi et al.

Lipschitz perturbation of u, i.e., [VW| < L. We will show that the Langevin transport
map (also known as the heat flow transport map of Kim and Milman) between p and v is
Lipschitz in various Euclidean and manifold settings. This construction of transport maps
was introduced in [1]. Our main results are Theorem 1 in the Euclidean setting and Theorem 3
in the Riemannian setting (with sharp results in the special case of the sphere, Theorem 2).
We shall also discuss applications to functional inequalities and optimal transport.

The question of proving Lipschitz bounds for transport maps goes back to the seminal
work of Caffarelli [2], who proved that the quadratic optimal transport map (or Brenier
map) from a standard Gaussian measure onto a uniformly log-concave measure on R” is
globally Lipschitz, with a dimension-free bound (see [3, 4] for alternative proofs based on
entropic optimal transport and [5] for Sobolev bounds). The existence of such maps allows
to transfer various functional, isoperimetric, and concentration inequalities from the source
measure to the target measure [2, 6, 7]. For example, Caffarelli’s result immediately recovers
the classical results of Bakry and Emery on sharp functional inequalities for uniformly log-
concave measures. Moreover, Milman [8] showed that such Lipschitz estimates imply bounds
on higher eigenvalues of certain differential operators, for which no non-transport proofs are
known at this time. What is crucial for many applications, such as the correlation inequalities
[7] and quantitative central limit theorems [9], is to ensure that the Lipschitz estimates are
dimension-free.

Several extensions of Caffarelli’s theorem on the Brenier maps have been proven since
then, such as [10], which showed that the optimal transport map from a Gaussian measure onto
any log-compactly-supported perturbation is globally Lipschitz. Beyond these extensions not
much is known about the Lipschitz properties of the optimal transport map, and there are many
remaining questions [11]. However, for most applications, it is not particularly important that
the map is optimal and any globally Lipschitz map will suffice. An emerging line of research
has focused on the construction and analysis of Lipschitz transport maps beyond the setting
of optimal transport. Our starting point is the paper [1], in which Kim and Milman introduced
a new construction of transport maps and recovered, as well as extended, Caffarelli’s result.
The construction is based on a time reversal of an overdamped Langevin (or drift-diffusion)
SDE, and we shall call it the Langevin transport map in the sequel. As shown by Tanana
[12], this construction does not coincide with the Brenier map in general (although they do
coincide in dimension one), see also [13]. It is on this construction that the present work is
based.

More recently, there have been several works investigating Lipschitz properties of the
Langevin transport map in the Euclidean setting when the target measure satisfies certain
convexity conditions [14—17]. Our focus here is on a different class of target measures, with
a first-order condition on the target rather than a second-order condition (but still using
strong convexity assumptions on the source measure). As a general motivation for relaxing
regularity assumptions, we mention that reversing diffusion processes to construct transport
maps has recently gained a lot of traction in the machine learning community [18, 19], where
such constructions are used to generate samples from unknown distributions.

The study of the Langevin transport map led to new results that were previously unattain-
able for the optimal transport map. However, all results mentioned above are limited to
measures on Euclidean spaces, while the question of Lipschitz transport maps is also inter-
esting for non-Euclidean geometries. Indeed, for Riemannian manifolds there are some
motivating questions of E. Milman [8] and of Beck and Jerison [20]. In light of this, an
additional goal in this work is to establish sufficient conditions on weighted Riemmnanian
manifolds to ensure the existence of Lipschitz transport maps. While the existence of a Lips-
chitz optimal transport map can be established in some manifold settings [21, Theorem 3.1],
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the bounds are dimension-dependent and the necessary assumptions are highly restrictive. In
contrast, under the first-order condition described above, our results yield, for the first time,
a construction of globally Lipschitz transport maps with explicit dimension-free bounds in a
general manifold setting.

Main results

As explained above, our results concern Lipschitz estimates for the Langevin transport map
between a source measure (on R” or on a Riemannian manifold) and a target measure on the
same space, whose density with respect to the original measure is log-Lipschitz.

Euclidean spaces
Our main result in the Euclidean setting, which shall be proved in Sect. 3, is

Theorem 1 Let k > 0 and suppose that V : R" — R is a thrice-differentiable function such
that

VVE) =kl VxeR" and |V’V(x)u,u)| <K YueS' L
Letdp = e Vdx and dv = e~ VW) dx with
IVW(x)| <L VxeR"

Then, the Langevin transport map between pn and v is Lipschitz with constant
2
exp (10[ L + £ + LK),

Remark 1 The log-Lipschitz assumption implies similar results for measures v whose relative
density with respect to y is Lipschitz and strictly bounded from below. Indeed, if | Ve~V | < C
ande™" > ¢ >0, then [VW| < L := £,

The dependence on L in Theorem 1 is sharp as can be evidenced by the standard Gaussian.
Indeed, if 1 is the standard Gaussian measure on R, then k = 1 and K = 0. We now choose
W(x) = L|x| + log Z, where Z is a normalizing constant, and suppose that there is an
M-Lipschitz transport map from p to v. Then, as in [6, 11], the Gaussian isoperimetric
inequality can be transported to v, up to a factor of ﬁ More precisely, given a set A C R

satisfying v(A) = 3, we have that v+ (4) = —-L_ VADZVA) wyigh
A? standing for the e-neighborhood of A. We now take A = [0, co) and note that v(A) = %,

by symmetry, and that v (A) = %(0). We have

2
Z = /eL‘dep, > /e_Lxd/L —eT

where vt (A) 1= limg o

SO

dv du
W)= e WO )
dx( )=¢ dx( )
L2

It follows that M > e 7 .
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Riemannian manifolds

We now discuss the manifold setting in which our first result applies to the uniform measure
on the round sphere S"—1. with radius scaled as ~/n — 2. In this case, we obtain a sharp
estimate, similar to Theorem 1.

Theorem2 Let n > 3. Then, the Langevin transport map from the uniform measure
on S"1(/n =2) onto a measure with L-log-Lipschitz density is Lipschitz with constant
exp (35(L + Lz)).

The scaling in 4/ of the radius is essentially sharp for dimension-free behavior, as well
as the behavior in exp(L + L?) of the Lipschitz constant, since if we let n go to infinity, the
distribution of a single coordinate converges to a standard Gaussian measure, so we should
recover the same type of estimates as in the Gaussian case in the limit, which is indeed the
case with our estimate. When compared to Theorem 1, one may see that the convexity term «
is replaced by the Ricci curvature of the sphere, which is of order 1 when the diameter scales
like +/n. The other difference is the existence of the regularity parameter K, which does not
appear in Theorem 2. Indeed, the source measure is uniform and its density is constant.

In Sect. 5 we shall consider a more general setting of weighted Riemannian manifolds and
our bounds will be given both in terms of the regularity of the density and the curvature of the
manifold, as in Theorem 2. In particular, our results shall apply to manifolds that satisfy the
Bakry-Emery curvature-dimension condition, see [22, Chapter 1.6], as well as some extra
conditions. We state here an informal version of the theorem and defer the exact statement
and definitions to Theorem 5 in Sect. 5.

Theorem 3 Let (M, g, jt) be a weighted Riemannian manifold with (n = e~VdVol, and let
v = e Wdu, with W an L-Lipschitz function. Then, under appropriate assumptions on the
curvature of M and on V, the Langevin transport map from (1 onto v is Lipschitz with constant

12 ..
et for large L, where c can be made explicit, and depends on the curvature and on 'V, but
not on the dimension.

The estimate of Theorem 3 is still dimension-free, although significantly worse than what
we derived in Theorem 1 and Theorem 2. We believe that the estimate of Theorem 3 is
suboptimal and that the double exponential can be omitted, as in the sphere.

As far as we know, in the Riemannian setting, the above-mentioned results are the first
results about Lipschitz transport maps with a dimension-free behavior (under appropriate
scaling). The existence of such maps paves the way to several applications of interest. In
Sect. 7, we prove new functional inequalities, both in the Euclidean and Riemannian settings,
and we shall also discuss open problems on optimal transport maps.

The inverse map

In all of the examples above, we have taken a well-conditioned weighted manifold that
satisfies some desirable combination of convexity and curvature assumptions. In these cases,
we showed that log-Lipschitz perturbations can be realized as push-forward by Lipschitz
mappings. We also investigate the analogous question in the reverse direction. Namely, we
show that there exists a Lipschitz transport map from the perturbation, which is often not as
well-behaved, back to the source measure.

Theorem 4 In all of the above settings, the inverses of the Langevin transport maps are
Lipschitz with dimension-free constants.

@ Springer



Transportation onto log-Lipschitz perturbations Page50f25 61

The exact value of the Lipschitz constants turn out to be comparable to the Lipschitz
constants of the Langevin transport maps. In Sect.6 we give the exact dependence of the
Lipschiz constants on all parameters. Theorem 4 has an additional interesting consequence:
since maps can be composed, the theorem implies the existence of Lipschitz maps from one
log-Lipschitz perturbation onto any other.

2 Preliminaries

Before explaining the construction of the Langevin transport map, we introduce the Langevin
dynamics on R”. Let di = e~" dxx be a probability measure on R” with V : R" — R twice-
differentiable. The Langevin dynamics, associated to u, starting at x € R” is the solution of
the stochastic differential equation

dXF = —VV(X)dt + V2dw, X} =x, (1)
where (w;) is a standard Brownian motion in R”. We denote by (P;) the Langevin semigroup,

P f(x) == ELf(XD],

for any f : R” — R for which the above is defined. It is well known that under appropriate
regularity assumptions ( P;) is ergodic. Consequently, forany x € R", thelaw of X} converges
weakly to p as t — oo.

The definition of the Langevin dynamics can readily be extended to Riemannian manifolds
(see [22, 23] for in-depth discussions). Let (M, g) be a complete n-dimensional Riemannian
manifold, and let O (M) be its orthonormal frame bundle. Let (B;) be a standard Brownian
motion in R” and let (®,) be the horizontal Brownian motion on O (M) defined by

n
dod, = Z H'(®,) 0o dBy,

i=1

where {H i}[g[n] are the horizontal lifts of the standard basis {e;};c[,], and o stands for the
Stratonovitch integral. We assume that (®;) does not explode in finite time. The process (w;)
given by w; = m®;, where 7 : O(M) — M is the canonical projection, is what we refer to
as the Brownian motion on M.

Now, as in the Euclidean case, given a probability measure dju = e~ d Vol on M, where
dVol is the volume measure on M and V : M — R is twice-differentiable, we define the
Langevin dynamics starting at x € M as the solution of the stochastic differential equation

dXF = —VyV(X)dt + V2 odw,, X} = x, 2

where V) is the gradient in M. Note that the use of the Stratonovitch integral instead of the
Itd integral is immaterial in our setting because the coefficient of the Brownian motion is a
constant.

The Langevin transport map

We now briefly explain the construction of the Langevin transport map. The reader is referred
to [14] for further details on the constructions introduced in this section. Let dv = e~ Wdpu
be a probability measure on M and consider the Langevin dynamics, associated to ., and
starting at v,
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X, = X; with x ~v. 3)

The flow of probability measures (p;) := (Law(X;)) forms an interpolation between pg = v
and p, = w. In particular, it satisfies the transport equation

dpr =~V - (pVarlog Pre™"),

with V) standing for the gradient in M. We define a flow of diffeomorphisms {S;};>0 as a
solution to the following integral curve equation

3, = -V log Pe " (S), So(x)=x Vx e M. “4)
It turns out that for any ¢ > 0, S; transports v to p;. Setting T; := S, ! and letting
T := lim T;,
t—00
we see that T transports  to v. This is the Langevin transport map between p and v.!
The particular form of the equation in (4) is particularly amenable to establishing Lipschitz

properties of 7" from estimates of V%,I log Pre=", where V[%/I is the Hessian in M, since
differentiating (4) yields

9 VuS = —Vilog Pe " (S)VuSi, VuSo=1

This is the content of the following Lemma. The proof is an adaption of [14, Lemma 3] and
[15, Lemma 3.2] which only consider Euclidean spaces.

Proposition 1 Ifforallt > 0,
VIZW log P,eiW <6 g,
then T is exp ([ 6:dt)-Lipschitz.

Proof Consider F; : M —> R atime-dependent family of smooth functions on (M, g), such
that for any # > O we have

V[%/I Fy > —0:g.

As is classical (e.g., [25, Proposition 16.2 (iv’)]), this is equivalent to saying that for any
t > 0, x,y € M and constant speed geodesic « : [0, 1] —> M connecting x to y, we have

(@(1), Vi Fi () — (6(0), Var Fi(x)) = —6,d(x, y)*.

Therefore, if x; and y; are time-dependent gradient flows of F; with different initial data,
and o' is a constant-speed geodesic connecting x; to y;, we have (with d standing for the
distance induced by the Riemannian metric),

d
Jrdx, y)2 =2 ((r, &' (1)) — (dr, &' (0)))

=2 (Vi F (), &' (1)) — (Vi F(x;), 6 (0)))
—20,d (x¢, y1)*.

%

The rest of the proof proceeds as in the proof of [15, Lemma 3.2], with the manifold setting
making no difference. O

! The existence of solutions to the above equations, and of the limits, is non-trivial in general. These issues are
discussed in length in [1, 14, 24] for the various settings we consider. In particular, the convexity and curvature
assumptions we shall enforce in the coming proofs are enough to guarantee that all maps under consideration
are well-defined.
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As is clear from Proposition 1, our goal will be to estimate the Hessian along the Langevin
dynamics. Such estimates have previously been studied in the literature, in particular by
Elworthy and Li [26]. We also mention [27], which contains a pedagogical exposition of sec-
ond derivative computations and estimates in the manifold setting. For the general manifold
setting, our results will be based on the recent work of Cheng, Thalmaier, and Wang [28].
However, for the Euclidean and Sphere setting, our sharp results require new Hessian esti-
mates, which we shall provide. All of the above methods are based on Bismut’s integration
by parts formula [29].

3 Euclidean spaces

This section is devoted to the proof of Theorem 1. For the rest of this section, we fix two
probability measures u = e~V ®dx and v = e dy on R”. We require that 11, the source,
satisfies the assumptions of Theorem 1,

V2V(x) =kl VxeR" and |[V3V()(u,u)| <K VueS',

for some k > 0 and K > 0. We also require that v, the target, is an L-log-Lipschitz
perturbation of pu,

IVW((x)| <L VYxeR"

Further, as in Sect. 2, we let X; stand for the Langevin dynamics, associated to u with Xg ~ v,
and P; is its semigroup. As suggested by Proposition 1 we shall require the following global
bound of V2 log Pe= W&,

Proposition 2 For everyt > 0 and x € R",
5 Kt
V2log Pe™ "W < Le*! [SL + =+ —] L
JE2
The proof of Proposition 2 will be the main focus of this section. Before delving into the

proof, let us show how Theorem 1 follows.

Proof of Theorem 1 Using

o0 1 oo ,—Kt (o) 1
/ e dt = —, / ¢ ar= /Z, / te ldr = -
0 K 0 «/; K 0 K

the combination of Proposition 1 and Proposition 2 yields that 7', the Langevin transport

map, is Lipschitz with constant exp (5%2 + S%L + %) < exp (10 [% + L72 + %{]) O

3.1 Stochastic representation of the Hessian

In order to establish Lipschitz properties of the Langevin transport map our main task will
be to derive global bounds on V2 log P,e~" . Toward this goal, our main technical tool is a
stochastic representation of V2 P,, known as Bismut’s formula. Before stating the formula, we
first define the Jacobi flow of the Langevin dynamics as (V X} );>0, where VX7 : R" — R”"
is the derivative of (the random function) X; with respect to the initial condition x,

X;C+8u _ X;C

&

VuXF :=lim eR", VueR".
! £l0
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The Jacobi flow (VX});>0 appears naturally when applying the chain rule in the differenti-
ation of P; f(x) with respect to x, formally,

VP f(x) = VE[f(X)] =E[Vf(X)VX]].
The process (V X7) satisfies the differential equation
HVXF = —V2V(XI)VXF, VXE=1, 5)

which can be seen by differentiating (1) and noting that (w;) does not depend on x. Since we
require Hessian estimates of P; f, we also consider the second variation of (X} ),

V, Xt v, x*
V2 X = liﬂ} Ll B el
’ & £

eR", Vu,veR"
(which is symmetric with respect to u and v). The equation for the process (VX ;) can be
obtained by differentiating (5),
WVI XS = —VIVX)(VuXF, VX)) = VAV(X)HV2 XF, VX5 =0, (6
where, for x € R" and u, v € R",
n
VIV @ )i = Y 85 Vujve = Vi Vy(VV)i(x) Vi € [n].
k=1
With these definitions, and the following notation,
Vo f ()= (f(0),v) and V5, f() = (v, V2 f(u)

(the definition is extended naturally for vector-valued functions), the stochastic formula now
reads:

Lemma1 ([26, p. 8 in arXiv version]) For any x € R", u,v € R", and f : R" — R
twice-differentiable,

t

1
VALF O]+ 1 [ B[V, i X ds

V2 Pif(x)=

1
—FE
2 [
where

t
M :=/ (VuX}),dws) x e R" jueR"
0

In our setting, f = e~" and we need to bound the various quantities appearing in
Lemma 1. The first derivative of P;e~" can be controlled by the log-Lipschitz assumption.
The first variation VX; is controlled by the «-log-concavity assumption, and the second
variation V2X 7 is controlled by the x-log-concavity assumption and the bound on the third
derivative of V.

3.2 Estimates

The purpose of this section is to provide the requisite estimates for the proof of Proposition 2.
We start with the first variation.
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Lemma 2 (First variation estimate) Suppose that VZV (x) = k1 for every x € R™. Then, a.s.,
for any fixed v € S"~1,

[VoXF| <e™ Vi>0.
Consequently, for any differentiable f : R" — R,
IVLA(X)I < eV F(X)].
Proof By the Cauchy-Schwarz inequality, for any v € R”",
Vol f(XON =KV FX), Vo X)) < IVFEDIVe X[

Hence, taking the supremum over v € S"—1 it suffices to show that IVy X/ | < e ™. To see
the latter bound fix v € "~ ! and let B, : R=¢ — Rx¢ be given by B, (¢) := |V, X7 |. Then,
by (5) and the convexity assumption on V,

0,0 = XD AVOXE) (VXY VEVXDVXE) VX eB(®)

v - - — - LANES
Bu (@) Bu () Bu (1)

Since B,(0) = 1, Gronwall’s inequality yields |V, X} | < e O

‘We now move to the second variation.

Lemma 3 (Second variation estimate) Suppose that
V2V(x) =kl VxeR" and |V’V(x)u,u)| <K VYueS
Then, a.s., foranyt > 0 and v € S*~,
IV X7 < Kte™™.
Proof Fix v € S"~! and let B, : R=90 — R be given by B, (1) := |V2 X7|. By (6) and
Lemma 2,

<V1%,UX;C’ atvg,vX;C>

& Pu(t) =
’” Bu(t)
(V2 X7, =V3V(X) (Vo X7, Vo XF) = V2V(X))VE XT)
B Bu(t)
V2 XAV XEL IV X _
< ’ — = = K|V, XT| —kBy(t) < Ke ™ — kB, (1).
Bu(t) Bu(t) o ! !

The solution to the differential equation
E(r) = Ke ' — k&), £0)=0
is £(r) = Kre ' so by Gronwall’s inequality
V2, X5 = Bu(t) < Kre ™.
]

We will also use a reverse Holder inequality for log-Lipschitz functions under a «-log-
concavity assumption:
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Lemma4 Let du = e Vdx and suppose that V2V (x) = k1 for every x € R". Then, for
every L-log-Lipschitz function f : R" — R,

_ 2kt
Pi(f?) < exp <L2%> (P f)2.

Proof 1t is well-known (e.g., [30, Eq. (1.3)]) that if a measure 5 satisfies a log-Sobolev
inequality with constant C then it satisfies a reverse Holder inequality for L-log-Lipschitz
functions,

C
I fllLrap < exp (5142(17 - Q)> lfllLaey YO=<gq < p.

. . . . . —e2
Since the measure 1 := P;*§, satisfies a log-Sobolev inequality with constant C = ! o “

[22, Eq. (5.5.5)], and since

P(fH0) = 1135, and (P> = 11171,
we get
_ 2kt _ =2kt
P(f?) < exp GLZ%) (Pf)? < exp (L”%) (P ).

m}

Remark 2 The statement, and proof, of Lemma 4 can be extended verbatim to the manifold
setting by requiring that the measure satisfies the so-called curvature-dimension condition
CD(k, 00). In particular, the statement is for the uniform measure on the unit sphere sl
with « replaced by n — 2.

We shall also make use of the following classical lemma about martingales:

Lemma5 Let M; be a continuous martingale, with My = 0, and whose quadratic variation
is almost surely bounded, that is, (M), < ¢(t) forall t > 0. Then

52
P[|M;| > 8] < 2exp <_2(p(l‘)) .

Proof From Novikov’s condition, for any o € R we have
Elexp(o M; — o (M);/2)] = 1,
so
Elexp(o M,)] < exp(a2¢(1)/2).
We then apply the Chernoff bound,

P[M, > §] < infoexp(—acS)IE[exp(aM,)]
o>
to conclude. O
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3.3 Proof of Proposition 2

By Lemma 1,

, 1 [
V2 P f(x) = [VJf(Xj‘)]M?’“]%—;/O lE[(Vszxf(Xf))TV,f,UX?]ds’

1
—FE
2
and we will apply this identity with f = ¢~"W. We start by analyzing the first term.
Lemma6 Foranyv € S,

1

x L
) Z]EI:VU[e—W(Xt)]MtJC,H] < Se—Kt |:L2 + ﬁ] Pte—W(X).

Proof For any § > 0 and f differentiable,
IE[Volf (XM ]|
< E[IVol £ (XDOUIM ]

= B [ g 1<a| VoL CEMME 1|+ E [ 1oz VoL EIIME ]

172
< 8B [IVoLf XOI] + E[IVal S XOIP] E[1pgro oM ]

< SE[IVJLF O]+ E [Vl rXOIP] P B [0 11 Prags) = 61"/,
We will now analyze the terms above one-by-one. For v € §"~!, Lemma 2 yields
Vo[ f (XD < IVIF(XD)I < e VX = e[ f(XDIIV log f(X7)],
so taking f = e~V yields
[Vole™ VXD < Lemem WD), %
It follows that
E[|Vyle VX)) < Le ™ Pe™V ), (8)

For the second term, (7) gives

x 1/2
EIV,le " ODIP2 < Lo (Pe0y2)

so applying Lemma 4 yields
—2kt

. 1—
E[|Vy[e VX212 < Lexp <L27; - m) Pe W, )
K

Next we turn to analyze the martingale (M,). By Lemma 2, |V, X¥| < e ' a.s. for any
u e S" !sothe quadratic variation of (M;) satisfies
t 5 1 — e—2/<t
(M), =/ IVuXy|"ds < ————. (10)
0 2K

On the other hand, the Burkholder-Davis-Gundy inequalities yield that, for any 0 < p < oo,

E[|M"|P] < C,E[(M**“)!"*, (11)
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for a constant C;, depending only on p. Combining (10) and (11), with p = 4, and using
C4 < 360 (see [31, proof of Proposition 3.26]), yields

X1t 411 /4 1 — e
E[IM;>"|"]/" <5 o (12)

Moreover, applying Lemma 5, we have

P[IM;"| = 8] < 2exp (—tﬁ*) .

_ e—ZKt
It follows that

62
PIM™) = 8]'/% <214 exp (—Iﬁ> : (13)

Combining (8), (9), (12), (13) yields

1
— |E[Vo [ f(XF) M
zﬁ‘ [VolF (XHIM] |

1 —kt 21— L= 1y 0« —W()
5N§|}Le +Lexp<L T—Kl‘ 5 TZ exp =TT Pre

Le™*! 1 — e 21 1 — e 2t 82 2 )

We choose § so that the term L vanishes. In particular, we take
1— —2kt
§:=2V2L—
2k

to get

! IE[VoLf (X)IM"] | Le 2«6L1_672m +5.21/4 Lo Pe” WV
b : l—e ™ s, T pe
I\fz ! ! ! o l‘ﬁ 2K 2k !

—kt
< Le 2\/§L& +5.21/4 /& Ple—W(X)
2 2k 2K

L —Kt
= |:2L2€_Kt + 5. 2_1/2 . 21/467\/;] P,e_W(x)

A

L
< 5€7KI |:L2 + j] P,eiW(x).

We now analyze the second term.

1 1
2l

Lemma?7

—kt

E[(VPge VO, vj,uxAg)]‘ ds < LKt
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Proof By [22, Eq. (5.5.4)], for any y € R",
VP _ e W) < gxt=9)p, (|ve—W<y)|) — K= p (|VW|e_W(~"))
< Le “U=9p,_ o=V (14)
so by (14) and Lemma 3,

1 t
gl

u,u

E[(VP,_Se—W(X?'>,v2 Xf)]’ds

1! _W(x*
+ [ E[vAoe e, 1] s

IA

e*K[

t

IA

1 [f x
f/‘ E [e_K(’_S)L(P,_Se_W(Xf))Kse_”] ds =LK
0

t
P,e_W(x)/ sds
! 0

e—l(f
= LKt7P[€7W(x).

We can now complete the proof of Proposition 2. By Lemma 6 and Lemma 7,

v2 Pe—W(x) V2 Pe—W(X)
2 —Wx) _ Yuu't _ —Wx) 2 uu't
V, . log Pre = e W |V, log Pre |© < T he W
55671” |:L2+ii|+LKtefkt
Jt 2

5 Kt
= Le™¥ [SL + + 7} )

7i

4 The round sphere

This section is devoted to the proof of Theorem 2. Throughout this section, we let & stand
for the uniform probability measure on "~ !, the unit sphere in R”, and let v = e~ W™ dy
be an L-log-Lipschitz perturbation of 1. In other words, if Vy is the spherical gradient, then
for almost every x € s

[VsW(x)| < L.

As before, X} is the Langevin process associated with ., with semigroup (P;). Since w is
uniform, X; takes a particularly simple form X; = w;, where w; is a standard Brownian
motion on $" 1, with wy = x. We also write X; when Xo ~ v.

As suggested by Proposition 1, the proof of Theorem 2 will require bounding
V§ log P,e=" ™) The bound of Vg log P,e~" ™) will be obtained, as in the Euclidean setting,
by using a stochastic representation via Bismut’s formula. The main result of this section is
the following result.

Proposition 3 For everyt > 0 and x € sl

L? 1
Vilog Pe V™ <12 (L + = 2) e~ (21 (\—ﬁ + 1) g

Before delving into the proof of Proposition 3, let us show how Theorem 2 follows.
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Proof of Theorem 2 Using

o) 1 oo ,—(n—2)t
/ e*(nfz)tdt — , / € dt — T ,
0 n—2 0 ﬁ V n—2

the combination of Proposition 1 and Proposition 3 yields that 7, the Langevin trans-
port map, is Lipschitz with constant exp (12 (\/% + %) (\/% +ﬁ)) < exp

(35 ( J;sz + %)) . The result now follows by re-scaling the sphere. ]

4.1 Stochastic representation of the Hessian

The proof of Proposition 3 will rely on a stochastic representation of the Hessian of the heat
semigroup on the sphere, analogous to Lemma 1. Before introducing the particular form of
this representation, we recall a few facts about the curvature of the sphere. Let g be the metric
on " ! induced from R". Given vector fields X, Y, Z, the Riemannian curvature tensor on
the sphere is given by

Riems(X,Y)Z = g(Y. Z)X — g(X, 2)Y, (15)
and its trace, the Ricci curvature, is given by
Rics(Y, Z) = (n — 2)g(Y, Z).

Fort > 0and x € S"!, we use //:: 7,5 ! — Txth"‘1 for the (random) parallel
transport operator between the tangent spaces at x and at X;. The role of the Jacobi flow
will be played by the operators Q, : T,S"~! — Txx S*~1 defined as,

Qs =" /1. (16)
An elementary calculation using the above formula for Ricg shows that
8 Q; = —Ric ;. Qo =1id,

which is analogous to (5) for the Jacobi flow with a curvature term. Here, Ricﬁs is defined by

the canonical isomorphism g(Ricg(u), v)y = Ricg(u,v) forallx e M,andu,v € T, M.

Lemma8 ([28, Lemma 2.6]*) Let f : S"! — Rand t > 0. For any continuously differ-
entiable k : [0, 1] — R such that k(0) = 1 and k(t) = 0, we have, for any x € S"~! and
v,ue TS

t
ViP f(v,u) = —2E [g(vsf(xi‘), 0:(v)) /0 g(Qs<k(s>u),//sst)]

++V2E [g <st(X§‘), Q:/O 0, ' Riems(//sd By, Qs(v))Qx(k(S)u)>] :

where By is a standard Brownian motion on T,S" L.

Lemma 8 allows for some flexibility with the choice of the function k. For our use, we fix
the following specific choice

k(s) == 1— ; Vs € [0, 1]. (17)

2 We rescale the generator of the heat equation so our ¢ corresponds to 27 in [28].
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4.2 Proof of Proposition 3

As in the Euclidean setting, we need to bound the first and second terms of Lemma 8 sep-
arately. The first term is analogous to the first term of Lemma 1 where we need to bound
the martingale fot (QOs (I%(s)w), //sd Bs). The second term of Lemma 1 is absent in the sphere
setting since u is the uniform measure. However, due to the curvature of the sphere, we get
the second term in Lemma 8. As we will show, this term also involves a martingale. More
precisely, the term

t
0, /O 07! Riems(//ydBy. 05 (v)) Qs (k(s)v)

is a martingale, which is a feature of the constant curvature of the sphere, absent in the
general manifold setting. In light of this, to bound V§ Pie= W, we shall require the following
martingale argument, which extends the bounds obtained in the Euclidean setting.

Lemma9 Let f : S"~' — R be an L-log-Lipschitz function and let (My) be a martingale on
TS, for some x € S"~ 1. Assume that almost surely, M; has bounded quadratic variation,
that is

(M), < @(t) a.s.,

for some ¢(t) > 0. Then

Ellg(Vs f(X). /M) < <6L +2

) VOOELf (X))

Proof Since s is the uniform measure on S" !, Lemma 4 and Remark 2 yield

1 — —2(n—2)t
E[|Vsf(X)I?] < L*E[f(X])*] < L*exp <L222> E[f (X))

where the first inequality is the L-log-Lipschitz condition coupled with the chain rule. As in
the Euclidean setting, we have, for any § > 0,

E[|Vs f (XM ] < 8E[|Vs £ (X1 + E[|Vs £ (X)OIP1V2E[ M, 11 V4P[ M, | > 8114,

as well as the bound E[|M,|*]'/* < 50 2 which follows from the Burkholder-Davis-

Gundy inequality [31, Proposition 3.26] and the bound on the quadratic variation. Moreover,
using Lemma 5, P[|M;| > 8] < 2exp ( 2(p(t)) It follows that

E[IVs f(XD)IIM;[] < SE[IVs f (X

+(5-24Lexp Lzﬂ on)'/? <—82) E[f(X)]
20n—2) 8¢ (1) '

<|[sL+5-2"*Lexp Lzﬂ o)'/?
- 2(n —2)

82
exp (— = m)) ELf (X)),
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where the second inequality used E[|Vsf(X/)I] < LE[f(X])] since f is L-log-

. . 2
Lipschitz. We choose § so that the term e’

2V2Lo(0) %, we get

vanishes. In particular, we take § =

| — ¢—2-2)t

2(n—-2)

<6L +2— > VOOELf (X1

E[|Vsf(X)IIM 1] < Vo) | 2v/2L2 +5 2L | ELF(XD)]

m}

‘We now bound the two terms appearing in Lemma 8 using Lemma 9. For brevity, let us
use f := e~ . We start by analyzing the first term.

Lemma 10 Fixx € S" L. For every unit vectors v, u € T.S" Vandt > 0,

t
‘E [g(st(Xf), Q:(v) /0 8(Qs(k(s)u), //sst):| ‘

e—(n—2)t L2
<6 i (L+m> P f(x).

Proof Using (16) we see that the term E [g(VSf(Xf), 0:(v)) fot g(Qs(l%(s)u), //SdBS)]
can be written as e_("_z)t]E[g(VSf(Xf), //:M;)] where

M, = ( fo 20, (), //sng) v

is a martingale. The quadratic variation of M, is equal to, using (17),

t . =22y
/ 2025 ()25 = l/ o2y _ L1 =770 < I o(t)
A 2 Jo 2 2n-2) t

where the inequality follows from 1 — e=2(*=2" < 2(n — 2)t. The proof is complete by

Lemma 9. O
We now analyze the second term where we take v = u.

Lemma 11 Fixx € S" L. For every unit vector v € T.S" 'andrt > 0,
t
‘E [g <st(Xf), Qt/ Q; ' Riemg(//,dB;, Qs(v))Qs(k(S)v)ﬂ‘
0

L2
< e~ (=1 <L + m) P, f(x).
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Proof We use the expressions (15) and (16) to write
0, ' Riems(//sd By, Q5 (v)) Qs (k(s)v)
= (7 ) 7 /! Riemg (/s By, €D ) k(s)
= ¢ "Dk (s)//; " Riemg(//sd By. //sv)//sv
= e "k(s)//7 g (//sv. //sv) //sdBs — g (//sd By, //5v,) [ /]

= e~ ")/ /7 [//5dBs — 8 (//sdBs. //5v) //5v]
=e "D (s)[dBy; — g (dBs, v) V],

where in the last equation we used that //; is a linear isometry. The term d By — g (d Bs, v) v
is a Brownian motion in the hyperplane orthogonal to v inside 7,,S"~!, so it follows that
fot QS_1 Riemg(//sd By, Qs(v)) Qs (k(s)v) is a martingale in T,.S"~! whose quadratic varia-
tion is bounded from above by (using 0 < k(s) < 1 forall s € [0, ¢]),

t t
(n — 2)/ e 20D k() dr < (n — 2)/ e 2D < — = = 2
0 0

Therefore, we can view the term

1
E [g (st(Xf), Qt/(; 0, ' Riemg(//;dBs, Qs(v))Qs(k(S)U)>:|
as of the form

e*("*z)’E[g(VSf(X;C)’ //:Mp)],

where M, is a martingale on 7,S"~! with quadratic variation bounded by % The proof is
complete by Lemma 9. O

We can now complete the proof of Proposition 3. By Lemma 10 and Lemma 11,
ViPe VO (u, u)
P[e_w(x)

|VZPe™ W (u, u))
<
- Ptg_w(x)

L? 1
<12(L+ Pl (—+1).
B ( vn—2> NG

Vg log Pe VO, u) = — g(Vglog Pe W™ )2

5 General manifolds

Let (M, g, n) with u = e~ VdVolbe a weighted Riemannian manifold, with tangent bundle
T M. We start by introducing the relevant concepts from Riemannian geometry.

Notions from Riemannian geometry

e If S is a symmetric tensor on T M, we denote S* : TM — T M the operator such that
g(S* (), v)x = S(u,v), Yx € M,u, v € Te M where we suppress the dependence of S
onx.
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e Riem denotes the Riemannian curvature 4-tensor on (M, g). Its norm is defined as

d

|| Riem ||oo := sup {Zg(Riem(x)(e,-, v, $*(ei)), x € M, |ul, [v] <1, |S]op < 1}
i=i

where u, v € Ty M, {e;} is any basis of T, M, and S is a symmetric 2-tensor.

e Ric denotes the Ricci curvature tensor on (M, g).
e d*Riem is defined as

g(d* Riem(u, v), w) = g((Vy RicH)(u), v) — g((Vy Ric*) (w), u).
e Ricy denotes the weighted Ricci curvature tensor of Bakry—Emery on (M, g, 1), thatis,
Ricy := Ric+V3,V
where V), and ijw are, respectively, the gradient and Hessian on the manifold M.
The manifold (M, g, u) satisfies the CD(k, 0o) curvature-dimension, for k € R, if
Ricy > kg.
With these definitions, we state our main result, which is the precise form of Theorem 3.

Theorem5 Let (M, d, ) be a weighted Riemannian manifold with p = e~VdvVol, and

let v = e~ Wdu be another measure on M, with W an L-Lipschitz function. Assume that
|| Riem || < 00, Ricy > kg with k > 0, and that

B =V Ricf, +d* Riem + Riem(VV)||o < 00.
Then, the Langevin transport map from [ onto v is Lipschitz with constant exp

2 2 Ri
L[S 4ot imemis | 5 )).

K o3

On the assumptions, the lower bound on the Ricci curvature tensor is the natural analogue
of the uniform convexity assumption in the Euclidean setting, while a bound on V Ric"*, is
the natural counterpart to the third derivative bound on V in the Euclidean setting. The other
terms we have to control are purely geometric and vanish if we consider a Euclidean space
or the uniform measure on the sphere.

As in the previous section, we shall require a bound on the Hessian along the Langevin
semigroup. The following result is the analog of Proposition 2 and Proposition 3 but for
general manifolds. The estimate of Proposition 4 is not strong enough to yield the sharp
results of Theorem 1 and Theorem 2 which necessitate Proposition 2 and Proposition 3. It
is this estimate which leads to the double-exponential estimate on the Lipschitz constant of
the transport maps.

Proposition 4 Foreveryt > Qand x € M,

Riem 2( 1=t
V2, log P W) < o1 << e:{E_1+ l lﬁ”oo)gL( - )—i-g)g.

Proof By Lemma 4 and Remark 2, if f is positive and L-log-Lipschitz then

_ o2kt =2t
P(IVu f1?) < exp (L”%) (PVar f)? < L2 exp (Lz%) (P ). (18)
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Hence, by [28, Theorem 2.5]° and (18),

K Riem
V3 Pe VW < ot (( N ”"°) (P Ve V)12 + éPf|vMe‘W|) g
K

[e26t _ | \/E
i 2( 1= 21
< ( ./—ﬁ y IRiem ooy 22455 o ﬁ—LP,e’W> 8
o2kt _ ] \/E K
19
so (19) yields
V2 Pe= W ® V2 Pe VW
2 -Wx) _ "Mt _ —W(x) M-t
Vi log Pre = P W (VM log Pse ) = Tpe W
e*KlL ﬁ + || Riem ”OO eL2(]7e2;2m> N é .
[e2kt _ 1 \/E K ’
[m}
roof of Theorem roposition 4 implies, for every x € and unit vector u € 1, M,
Proof of Th 5P ition 4 implies, f M and uni M
o0
/‘V%,Ilog PV 0| di
0
00 .
< /e—KtL \/’? + | Riem ||oo e% i E di
- [e26t _ | \/;? K
0
[ : | Riem [l || i
22 || Riem |loo _
=L eZKf dt—l—( )/e K dy
Vet — 1
0 0
L2 .
_oeE g IReml B
\/E K2 K2
The proof is complete by Proposition 1. O

6 The inverse of the Langevin transport map

In this section, we focus on the inverse of the Langevin transport map. Recall, from (4), that
(S1)r=0 stands for forward maps along the Langevin flow. Thus we have that S := tlim S =
— 00

T-!, when T is the Langevin transport map. We shall prove the following precise form of
Theorem 4.

Theorem6 1. Let n and v be as in Theorem 1. Then S is Lipschitz with constant
exp(zl L S%L n 2%2)

2. Letpandv beasinTheorem 2. Then S is Lipschitz with constant exp <35 =) + 2 an2>

3. Let w and v be as in Theorem 5. Then S is Lipschitz with constant exp

L2
e [Riem oo , B L?
(1( +bimmie ) o)

3 We rescale the generator of the heat equation so our ¢ corresponds to 27 in [28].
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The proof of Theorem 6 is analogous to the proofs of the Lipschitz properties of the
Langevin transport map 7" from p to v. With the same argument as in the proof of Proposi-
tion 1, without reversing the map, we get:

Proposition 5 Ifforallt > 0
V/%,, log P,eiW > —{g,
then S is exp ([ £rdt)-Lipschitz.

The next result shows how to combine log-Lipschitz properties together with Hessian
estimates to get a lower bound on the Hessian as in Proposition 5.

Proposition 6 Let (M, g, ) be weighted Riemannian manifold with the associated Langevin
semigroup (P;) and let | - | := g(-, -). Suppose that we have:

1. There exists k > 0 such that for every test function f,
IV Pif| < e PV fl.

2. There exists o : [0, 00) x [0, 00) — R such that for every L-log-Lipschitz nonnegative
function f,
VP f
P f
Then, for every L-log-Lipschitz function f,

> —a(t,L)g.

V2, log P, f > —(a(t, L) + L?e " *")g.

Proof Ttem 1 implies that
IVu P f| Ee_,(;Ptlva| :e_K,PrIfVMIngI <
[P f1 |P f] |P f1

so, by item 2, for every tangent vector u,

|V log Py f| = Lot

V2P, f(u, u)

P f _g(leogP[f,M)z > (a(Z,L)—f—LZe*z’“).
t,

V3, log Pi f (u, u) =

We can now complete the proof of Theorem 6.

1. The assumption V2V (x) > k1 together with the classical Bakry-Emery gradient estimate
[22, Eq. (5.5.4)] shows that item 1 of Proposition 6 holds with x. As for item 2, it follows
from the proof of Proposition 2 that it holds with

a(t,L) = Le™™ [SL + El + &}
) it

Hence, the condition in Proposition 5 is satisfied with

5 Kt
b = Le ¢! |:5L 4+ — 4+ 7i| + L26—2KT’
Vo2
which completes the proof by integration from + = 0 to t = oo (see the proof of
Theorem 1).

@ Springer



Transportation onto log-Lipschitz perturbations Page210f25 61

2. The sphere S"—1 satisfies the curvature-dimension condition CD(n — 2, c0) so the
Bakry-Emery gradient estimate [22, Eq. (5.5.4)] can be applied to show that item 1 of
Proposition 6 holds with n — 2. As for item 2, it follows from the proof of Proposition 3
that it holds with

alt L):45<L+ L )e*"*Z)’(iH)
’ vn—2 Jt '

Hence, the condition in Proposition 5 is satisfied with

L? 1
C,=35({L + e—(n—Z)t <7 + l) + Lze—Z(n—Z)t’
' ( m) Vi

which completes the proof by integration from ¢+ = 0 to t = oo (see the proof of
Theorem 2).

3. By assumption, M satisfies the curvature-dimension condition CD(k, co) so the Bakry-
Emery gradient estimate [22, Eq. (5.5.4)] can be applied to show that item 1 of
Proposition 6 holds with k. As for item 2, it follows from the proof of Proposition 4
that it holds with

_ VK || Riem || oo LZ(FE—Z’“) ﬂ)
_ Kt 2K
a(t,L)=-e L(( T + NG >e +Tc .

Hence, the condition in Proposition 5 is satisfied with
. ]7‘,—2/«
f =¥ JK N || Riem || oo eL2< - ) N B 4 L2,
[e26t _ 1 \/E K

which completes the proof by integration from ¢+ = 0 to t = oo (see the proof of
Theorem 5).

7 Applications

As is classical, Lipschitz transport maps can be used to prove functional inequalities, by
transferring them from the source measure to the target measure. In this section, we discuss
some results on functional inequalities for Lispchitz perturbations that appear to be new.

7.1 Dimension-free Gaussian isoperimetric inequalities

One of the strongest functional inequalities for the Gaussian measure is the Gaussian isoperi-
metric inequality, which states that among all sets with given Gaussian mass, the minimal
Gaussian perimeter is achieved for half-spaces. The general functional inequality is defined
as follows:

Definition 7 Let i be a probability measure on a metric space. Given a Borel set A, we define
its t-enlargement as {x; d(x, A) < t} and its boundary measure (or Minkowski content) as

wt(A) = lim i(I)lft_lu(At\A).
t—

The probability measure p is said to satisfy a Gaussian isoperimetric inequality with
constant o > 0 if for any Borel set we have

(A = al(u(A), [=¢pog¢™!
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where ¢(x) = (27)7!/? exp(—x?/2) and ¢ (x) = [ p(t)dt.

The function 7 corresponds to the perimeter of a half-space with the right Gaussian mass,
and the Gaussian measure satisfies this inequality with constant 1 in all dimensions. This
inequality was generalized to uniformly log-concave measures in [32]. The functional form
of the Gaussian isoperimetric inequality is Bobkov’s inequality [33]. It is immediate that
Gaussian isoperimetric inequalities can be transferred by Lipschitz transport maps (see [6]),
so we get the following as a corollary of Theorem 1:

Theorem 8 If  is a log-Lipschitz perturbation of a standard Gaussian measure on R?, then
it satisfies a Gaussian isoperimetric inequality with a dimension-free constant.

The same result holds in the general context of Theorems 1, 2 and 5. For the sphere, we
can transport the sharp isoperimetric inequality on the sphere, which contains a dimensional
improvement compared with the Gaussian isoperimetric inequality.

To our knowledge, this is the first result on dimension-free isoperimetric inequalities for
log-Lipschitz perturbations. A result of Miclo (see [34, Lemma 2.1]) states that Lipschitz
perturbations of uniformly log-concave measures can be recast as bounded perturbations,
allowing to use the Holley-Stroock lemma to deduce functional inequalities. However, the
constants obtained in that way are dimension-dependent. Some of the results of [35, Section 5]
can be used to prove functional inequalities for Lipschitz perturbations of uniformly-convex
measures, but the constants depend on exponential moments of the unperturbed measure,
and are hence dimensional.

Gaussian isoperimetric inequalities imply other functional inequalities, including in par-
ticular logarithmic Sobolev inequalities:

Definition 9 A probability measure ;« on a manifold is said to satisfy a logarithmic Sobolev
inequality if for any locally Lipschitz function f such that |V f| € L?(11), we have

[ #2108 - ( / deu) log ( / fzdu> <2¢1s1 [ 195Pdn.

The standard Gaussian satisfies a logarithmic Sobolev inequality, with sharp constant
Crs; = 1. This inequality, which is the sharpest possible analogue of Sobolev inequalities
for the Gauss space, implies for example dimension-free concentration bounds, and has found
many applications in statistics and statistical physics. We refer to [22] for an overview.

For logarithmic Sobolev inequalities, Aida and Shigekawa [36] showed that such Lipschitz
perturbations satisfy them, with a dimension-free constant that has not been made explicit.
Gaussian isoperimetric inequalities are strictly stronger than logarithmic Sobolev inequalities.

As a corollary, we recover functional inequalities for Gaussian mixtures with compactly
supported mixing measures, which can be rewritten as Lipschitz perturbations of a Gaussian
measure (see the discussion at the end of [34, Section 2]).

There are some other estimates for which it is difficult to provide direct proofs, but that
can easily be extended from one measure to another via Lipschitz transport maps, including
general eigenvalue estimates for diffusion generators [8] and sharpened integrability bounds
for non-Lipschitz functions [37, 38].

7.2 A growth estimate for optimal transport maps

Our argument does not apply to quadratic optimal transport maps. Nonetheless, it would be
natural to expect similar Lipschitz estimates for them. As a hint towards such a result, we
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remark that the Gaussian concentration inequality implied by our Lipschitz estimate for non-
optimal maps, combined with the sub-Gaussian case of [39, Theorem 1.1], implies controlled
linear growth for optimal transport maps, in the following way:

Proposition 7 Let 1t be a centered and L-log-Lipschitz perturbation of a standard Gaussian
measure on RY. Then the quadratic optimal transport map V¢ sending y onto y satisfies

|Vo(x)| < C1exp(Camax(L, L?))y/d + |x|?

where C| and Cy are universal constants.

In view of our results, it is natural to expect that Lipschitz estimates hold for optimal
transport maps. Even the Gaussian case is open at this time:

Conjecture 1 The Brenier map from the standard Gaussian measure onto a log-Lipschitz
perturbation of it is globally Lipschitz, and its norm can be bounded independently of the
dimension.

Note that such a statement would already significantly extend the Gaussian sub-case of
[10, Theorem 1.1] when the perturbation is smooth. Similar questions can be raised for more
general measures, as well as in the Riemannian setting, but the Gaussian case seems like
a good starting point. Since the heat flow map and the Brenier transport map coincide in
dimension one, this conjecture does hold on R.

Let us conclude with some comments on what is missing to prove this conjecture. The
optimal transport map is the unique weak solution to the Monge-Ampere equation

eV = ¢ VVO=W (V) qar v2¢

among convex functions. This is a fully nonlinear second-order PDE. One can start by inves-
tigating the linearized equation. If we replace W by a small perturbation e W — c,, with ¢, a
constant to enforce unit mass for the target distribution, and look for a solution of the form
Vo = x + ¢Vh, the linearized equation as & goes to zero is

Ah—=VV -Vh=W — / We Vdx. (20)

The operator on the left-hand side is precisely the generator of the diffusion process (1). This
linearization highlights the connection between quadratic optimal transport and the heat flow
map investigated here: the linearization of both constructions gives rise to the same PDE.

To prove a regularity estimate for a nonlinear PDE, it is natural to start from a proof
for the linearized equation. Regularity for solutions to Poisson equations such as (20) was
investigated in [40—42] using the stochastic representation of solutions, Malliavin calculus
and Bismut’s formula. These are precisely the kind of tools we used in this work.

Since optimal transport maps do not admit a similar stochastic representation, it would be
natural to start by looking for a PDE proof of the regularity estimates of [40] on (20). To our
knowledge, this has not been successfully investigated and is at this point a barrier to proving
Conjecture 1. The problem is of course a variant of many well-studied elliptic regularity
problems. The main difficulties are that we work in a non-compact setting, allowing for
unbounded solutions, and seek explicit dimension-free estimates. This last point in particular
has rarely been investigated with PDE methods.
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