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Abstract. We study the stability and instability of the Gaussian logarithmic Sobolev inequality, in terms of covariance, Wasserstein
distance and Fisher information, addressing several open questions in the literature. We first establish an improved logarithmic Sobolev
inequality which is at the same time scale invariant and dimension free. As a corollary, we show that if the covariance of the measure
is bounded by the identity, one may obtain a sharp and dimension-free stability bound in terms of the Fisher information matrix. We
then investigate under what conditions stability estimates control the covariance, and when such control is impossible. For the class of
measures whose covariance matrix is dominated by the identity, we obtain optimal dimension-free stability bounds which show that
the deficit in the logarithmic Sobolev inequality is minimized by Gaussian measures, under a fixed covariance constraint. On the other
hand, we construct examples showing that without the boundedness of the covariance, the inequality is not stable. Finally, we study
stability in terms of the Wasserstein distance, and show that even for the class of measures with a bounded covariance matrix, it is
hopeless to obtain a dimension-free stability result. The counterexamples provided motivate us to put forth a new notion of stability,
in terms of proximity to mixtures of the Gaussian distribution. We prove new estimates (some dimension-free) based on this notion.
These estimates are strictly stronger than some of the existing stability results in terms of the Wasserstein metric. Our proof techniques
rely heavily on stochastic methods.

Résumé. On étudie les propriétés de stabilité et d’instabilité de 1’inégalité de Sobolev logarithmique gaussienne, en termes de cova-
riance, de distance de Wasserstein et d’information de Fisher, répondant a plusieurs questions ouvertes dans la littérature. On établit
d’abord une forme améliorée de I’inégalité de Sobolev logarithmique qui est a la fois invariante par transformation linéaire et indé-
pendante de la dimension. Comme corollaire, on obtient une inégalité de stabilité optimale et indépendante de la dimension pour les
mesures dont la covariance est majorée par I’identité. On se penche ensuite sur la question de savoir dans quelle mesure le déficit dans
I’inégalité de Sobolev logarithmique contrle la covariance de la mesure. On montre notamment que si la covariance est majorée par
I’identité, alors a covariance fixée, la mesure gaussienne minimise ce déficit. D’un autre c6té on présente un contrexemple montrant
que sans hypothese de covariance bornée, 1’inégalité est instable. Enfin, on étudie la question de la stabilité en termes de distance de
Wasserstein, et on montre que méme en se restreignant aux mesures dont la covariance est bornée, il n’est pas possible d’obtenir un
résultat de stabilité qui soit indépendant de la dimension. Les contrexemples que nous exhibons suggerent une nouvelle notion de sta-
bilité, en terme de proximité de la mesure a un mélange de gaussiennes. On démontre plusieurs résultats dans cette direction, certains
étant indépendants de la dimension. Ces résultats sont par ailleurs plus forts que certains résultats de stabilité qu’on trouve dans la
littérature. Nos techniques de preuve reposent fortement sur des méthodes stochastiques.
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1. Introduction

1.1. Overview

The logarithmic Sobolev inequality is one of the fundamental Gaussian functional inequalities [19]. The inequality was
proven independently in the information-theoretic community by Stam [26] and in the mathematical-physics community

by Gross [17]. The form of the inequality which we consider in this paper states that for any nice enough probability
measure @ on R”,

1
Huly) = 51w ]y). (1
Here y is the standard Gaussian measure on R” with density

n .\’2
y(dx) = (27‘[)7767% dx,

and H(u | v), I (i | y) are the relative entropy and relative Fisher information respectively:

du
H(uly) = f 10g<d—> dpu,
R Y

du 2
1(u|y>=/ ‘Wog(d—>
R~ Y

du.
The inequality (1) is sharp as can be seen by taking u to be any translation of y, and in fact these are the only equality
cases as was proved in [6]. This characterization naturally leads to the question of stability. That is, supposing that the
deficit

and

1
5(M)I=§I(M|V)—H(M|7/)

is small, in what sense is u close to a translate of y? The study of stability questions for Gaussian inequalities is an
ongoing active area of research with many applications [15,23]. The precise notion of stability is context-dependent, but a
common thread is the desire to make the stability estimates dimension-free. This is because the Gaussian measure itself is
inherently infinite-dimensional, so we expect functional inequalities about Gaussian measures in R” to extend to infinite
dimensions. Indeed, the infinite-dimensional nature of the logarithmic Sobolev inequality is crucial to its applications to
quantum field theory, which was the original motivation of Gross. For example, it was proven in a series of works [3,7,12,
23,24] that the Gaussian isoperimetric inequality (which implies the log-Sobolev inequality) enjoys such dimension-free
estimates. The logarithmic Sobolev inequality however, turns out to be much more delicate.

1.2. Fisher information matrix and deficit
Our first observation is that the log-Sobolev inequality can be self-improved in a dimension-free way. This observation

then leads to natural stability results, provided that cov(r) < Id,,. Let us formulate first the log-Sobolev inequality in an
alternative way. Define the entropy and Fisher information of o with respect to the Lebesgue measure by

d
Hu| £>=/ log(d—“> du,
R2 X

I(n| L) =/ Vlog(d—u>
R2 dx

The log-Sobolev inequality (1) then reads

and

2
du.

1
H(M|£)—H(V|£)S§(1(M|£)—Vl)~
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It is well known (see for instance the very end of [6]) that the above inequality can be improved via scaling. Let X ~ u
and let 0 > 0. Computing the entropy and Fisher information of the law of o X, and optimizing over o, shows that

1
me»4mwms§M4l%E§. P

Inequality (2) is known as the dimensional logarithmic Sobolev inequality. Our first result shows that this bound is sub-
optimal, and that one should consider the individual eigenvalues of the Fisher information matrix:

®2
(| L) :=/ (V10g<d—'u)) du.
R® d.x

This matrix is of course related to the Fisher information via Tr[Z(u | £)1=1(u | £).

Theorem 1. Let u be a probability measure on R". Then
1
Hu| €)= H(y | £) = 5 logdet[Z(u | )], 3)

Theorem 1 improves upon (2) by the AM/GM inequality. Note also that (3) is at the same time scale invariant and
dimension-free: both sides of the inequality behave additively when taking tensor products.

Remark 1. After the first version of this work was released, we realized that Theorem 1 had already been obtained
by Dembo, see [10, page 12]. Its application to the stability of the logarithmic Sobolev inequality, see Corollary 2 and
Theorem 3 below, appears to be new.

Remark 2. A reverse form of Theorem 1 is known when the measure is log-concave. Observe first the integration by
parts identity

d
I(mc):—/ v2log(—“>du.
R~ d.x

The reverse form of Theorem 1 then asserts that if @ is log-concave and if logdet is moved inside the integral in the
right-hand side of (3), then the inequality is reversed, see [1]. See also [5] for a simpler proof based on the functional
Santal6 inequality.

Self-improvements of the form of (2) and (3) lead to stability results for the log-Sobolev inequality, provided that the
covariance of p is bounded by the identity. Define the function A(¢) :=t — log(1 + ¢) for ¢t > —1. It was observed in [4]
that if E,,[|x|?] < n, then (2) implies that

5() > %A(M) (4)
n

From (4) one can deduce weaker but more amenable stability statements. For example,

5(1) > “Wi (i, ) )
n

for some universal constant ¢, see [4] for the details. Here, W2 (i, ) is the Wasserstein two-distance between p and y .
In general, the p-Wasserstein distance (p > 1) for probability measures u, v is defined as

W (u.v) := inf {E[|X — Y7171, (6)

where the infimum is taken over all couplings (X, Y) of (u«, v). A problematic feature of both bounds, (4) and (5), is that
they are dimension-dependent: letting formally » tend to 400, we see that the lower bound on the deficit tends to 0 in
both cases (observe that A(e) ~ €2 /2 when € tends to 0). Note also that the log-Sobolev deficit behaves additively when
taking tensor products, and that neither of the two lower bounds (4) and (5) does. In particular if p is the product of a 1-
dimensional measure by a (n — 1)-dimensional standard Gaussian, the lower bound is of order 1/n in both cases, whereas
the deficit is of order 1. On the other hand, we can deduce from Theorem 1 the following dimension-free estimate.
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Corollary 2. Let pu be a probability measure on R" such that E,, [(x®2] < Id,,, and let {B; | be the eigenvalues of its
Gaussian Fisher information matrix Z(u | y). Then

1 n
8(1)Z 5D A, (7

i=1

Again, by concavity of the logarithm, (7) is a strict improvement on (4).
To see how Corollary 2 follows from Theorem 1, note that (3) can be rewritten as

1 n
()= 5 Al = 1), ®)

i=1

where o1, ..., o, are the eigenvalues of the Fisher information matrix of u with respect to the Lebesgue measure. Using
the integration by parts identity

T(w| L) = 1dy =Z(1 | y) +1d, — B, [x®?]
we see that if E, [x®?] < 1d,, then
Z(u| L) =1y = Z(w | y) = 0.

Since A is increasing on [0, +00), the inequality (7) thus follows from (8).

Remark 3. Corollary 2 bears an interesting formal resemblance to the following result. Let 7 be the Brenier map from
uto y and let {«; (x)};?=1 be the eigenvalues of the map DT (x) — Id,,. Then it can be shown [8] that

8(0) = ) Eu[AG)].

i=1

For further appearances of the map A as a cost function in transportation distance, see [4].

Let us note that although Theorem 1 (and thus Corollary 2) follow from a simple scaling argument (see Section 2), it is
arguably the only natural dimension-free stability result that has minimal assumptions on x. To the best of our knowledge,
the only other known dimension-free estimates of the form of Corollary 2 are the results of [15], which impose strong
conditions on the measure i, namely that it satisfies a Poincaré inequality.

1.3. Covariance and Gaussian mixtures

As we saw, in order to get stability estimates for the deficit from the self-improvements of the log-Sobolev inequality, we
need to assume that [, [|x |2] < n. The phenomenon that the size of cov(ut) serves as a watershed for stability estimates has
already been observed in the literature, but the precise connection has remained unclear. Indeed, [20] raises the question
regarding the relation between the distance of the covariance of i from the identity, and the possible lower bounds on the
deficit. Our next result completely settles this question.

Theorem 3. Let u be a probability measure on R" and let ) := {A;}]_, be the eigenvalues of cov(i). Then
1 n
S(M)ZEZI{A‘<1}(AI_1—1+IOg)\1) (9)
i=1

In particular, if cov(u) < 1d,, then

n

1 -1
awmigw-4+WM=mm

where v, is a Gaussian measure on R" having the same covariance matrix as [i.
On the other hand, this becomes completely wrong if we remove the hypothesis on the covariance matrix, even in di-
mension 1: there exists a sequence (jLy) of mixtures of Gaussian measures on R such that var(uy) — oo while 6 (ug) — 0.
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The moral of Theorem 3 is, that if cov(u) < Id,, then the deficit §(i) controls the distance of cov(u) to the identity.
For example, a weaker bound which can be deduced from (9) using % —1+4+1logx > %(x —1)2 for x € (0, 1] is,

1 2
8(w) = 7 [leov(n) =1, 5.

where the norm on the right-hand side is the Hilbert—Schmidt norm. On the other hand, if the covariance of u is not a
priori bounded by the identity, then one can have an arbitrarily small deficit with arbitrarily large variance.

Remark 4. Theorem 3 can also be phrased as a statement about minimizing the deficit subject to a covariance constraint.
For simplicity let us consider the one-dimensional situation. Fix a scalar o > 0. Of all distributions p with variance o,
which one minimizes § () ? Theorem 3 shows that the answer is dramatically different depending on whether or not o is
greater than 1. (If ¢ = 1 then obviously u = y minimizes §(u).) If o < 1, then the minimizer is the Gaussian measure
with variance o. On the other hand, if ¢ > 1, then by taking x to be an appropriate mixture of Gaussians, we can make
& () smaller than the Gaussian with variance o.

The Gaussian mixtures in Theorem 3 served as counterexamples to stability estimates in terms of the distance of
cov(w) from the identity. In fact, such mixtures show the impossibility of many other stability estimates:

Theorem 4. For m € R" let vy 1a be the Gaussian measure centered at m with identity covariance matrix. There exists
a sequence (k) of probability measures on R, each of which is a mixture of two Gaussian measures of variance 1,
satisfying () — 0 and

lim inf
k—oomeR

{W1 (e, Yim1a) } = +00.

Additionally, there exists a sequence of dimensions n(k) © +00 and a sequence (uy) of isotropic (i.e. centered with
identity as covariance) measures on R"® _ satisfying §(ur) = O (n(k)~"/3) — 0 and

inf {Wa(ui ymaa)} = (1)) > +o0.

meRn(

The first statement shows that the log-Sobolev inequality is unstable for W1, even in dimension 1. The second statement
shows that even for isotropic measures, there is no dimension-free stability result for W». Note however that our second
counterexample does not work for W; as far as we know it could still be the case that §(i) > c¢Wi(u, y)? for every
isotropic u on R". (Recall that by Jensen’s inequality we have Wi(u,v) < Wa(u, v).) Explicit counterexamples to
stability were discussed recently in the literature, see [18]. These examples however are complicated and require a lot
of tedious computations while ours are completely elementary. We just observe that Gaussian mixtures have small log-
Sobolev deficit, see Proposition 5 below. Similar Gaussian mixture examples can be found in the context of stability of
the entropy power inequality, see [9] and references therein.

Proposition 5. Let p be a discrete measure on R" and let S(p) = — Y, p(x)log p(x) be its Shannon entropy. Then
§(pxy) = S(p).

1.4. Decompositions into mixtures

If we take stock of the results in the preceding sections, we see that while a result of the form

S(p) > %WQ(M, )

holds under the assumption that IEM[|x|2] < n, we cannot replace the right hand side by %W%(,u, y), let alone

¢ ’W%(M, y). (These bounds increase in strength since W%(,u, y) < 2n under the assumption IEM[|x|2] <n.) As we saw,
mixtures of Gaussians pose counterexamples to such bounds. Our next result shows that in a certain sense, these coun-
terexamples are the only obstacles.



2258 R. Eldan, J. Lehec and Y. Shenfeld

Theorem 6. Let i be a probability measure on R". Then there exists a measure v on R" such that
1 Wis, v xy)
15 Jn ’

and so that v is a Dirac point mass whenever §(iu) = 0.

§(1) = (10)

In fact, that a small deficit implies that p is close to being a mixture of Gaussians, is an implication which comes
out naturally from our stochastic proof technique as we will see below. The relation between approximate equality in the
log-Sobolev inequality and proximity to mixtures of product measures, appears in a recent work of Austin [2] in a more
abstract setting of product spaces. Given Theorem 6 and Proposition 5 we pose the following question.

Question 7. Given a probability measure p on R”, is it true that there exists a discrete probability measure p on R”
satisfying S(p) < Cé(pn) and

W3(w, p*y) < C8(),

where C is a universal constant?

Note that both sides of the inequality above behave additively when taking tensor products. The inequality is thus
completely dimension-free, which is our main motivation for it.

Remark 5. While the Wasserstein distance is a bona fide distance between probability measures, in the context of the
log-Sobolev inequality it seems more natural to work with lower bounds which are expressed in terms of relative entropy
and relative Fisher information. Thus one may wonder, whether it is possible to replace the lower bound on the deficit in
Question 7 by the relative entropy or Fisher information between p and a mixture of Gaussians. We focus on the Wasser-
stein two-distance distance since by the log-Sobolev and Talagrand’s inequalities such results are weaker. Moreover, our
decomposition results are easier to prove for the Wasserstein distance.

As a step towards answering this question, we prove that an estimate similar in spirit does indeed hold. We show that
a random vector distributed like 1, can be written as the sum of two random vectors which are orthogonal in expectation,
one of which is close to a Gaussian in a dimension-free way.

Theorem 8. Let i be a probability measure on R" and let X ~ . There exists a decomposition X 2y + W with the
property that E[(Y, W)] = 0, such that

1
(1) = Ewg(v, )
where Y ~ v.

Theorem 8 can be seen as an improvement on (5). Indeed, assume that IEM[|x|2] < n. The theorem implies that
1/2
Wa(, ) < Wa, v) + Wa(v,y) <E[[WP]"? + /25 ().
Moreover, since E[(Y, W)] = 0, we have
E[IW]*] =E[IX*] —E[IYI*] <n —E[IY*].

If 6(n) > Cn, then (5) holds trivially, so we can assume additionally that §(i) = O (n). Then by the theorem W5 (v, y) =
O (+/n) and thus

E[[Y]=n — C/nWa(v, ) = n — Cy/2n5(w).
Putting everything together, we get
Wi, y) < v/28(u) + C'n'*s(u) " < C"n' s ()" /*,

which is (5).
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1.5. Methods

We provide two sets of proofs for Theorems 1 and 3. The first set of proofs proceeds by establishing Theorem 1 via a
scaling argument, and then deduces the first part of Theorem 3 from Theorem 1 via the Cramér-Rao bound. The second
set of proofs uses a stochastic process known as the Schrodinger bridge, or the Follmer process, depending on the context.
This process is entropy-minimizing and is thus suitable for the logarithmic Sobolev inequality. For example, it is used
in [21] to give a simple proof of the log-Sobolev inequality (see Section 3), and in [13] to obtain a reversed form (see
also [14]). We use this process to prove Theorems 6 and 8 as well. Some of our arguments are essentially semigroup
proofs (see [20]), phrased in a stochastic language, which uses the semigroup of the Féllmer process rather than the more
common heat or Ornstein-Uhlenbeck semigroups. A key point in our proofs is that we essentially compute two derivatives
of the entropy rather than one. This gives us more precise information about the log-Sobolev inequality. The stochastic
formulation allows for relatively simple computations. We go however an additional step beyond semigroup techniques,
and also analyze pathwise behavior of the Follmer process. This analysis provides us with a natural way of decomposing
the measure u (see the proofs of Theorem 6 and Theorem 8).

1.6. Organization of paper

In Section 2 we give the first set of proofs of Theorems 1 and 3. In Section 3 we define the Follmer process and analyze its
properties. This analysis provides us with ways of decomposing u. Section 4 contains the second set of proofs of Theo-
rems 1 and 3 via the Follmer process, and Section 5 contains the proofs of Theorems 6 and 8. Finally, the counterexamples
to stability (and the proof of Theorem 4) are discussed in Section 6.

2. Self-improvements of the log-Sobolev inequality

In this section we show how Theorem 1 and the first part of Theorem 3 follow from scaling the log-Sobolev inequality
appropriately and the Cramér-Rao bound. Recall that the log-Sobolev inequality can be rewritten

1
H(M|£)—H(V|£)§§(1(M|£)—”)- an

Let ¥ be an n x n symmetric positive definite matrix and let uy be the law of ¥ X where X ~ p. Easy computations
show that

H(us |£L)=H(u| L) —logdetS and Z(us |L)=3 'Z(u| L)z~
In particular
I(ux | £) =Te(E7°Z(u | L)).

Applying (11) to uy thus yields
1
Hu|L)—H(y|L) < E(Tr(E’zl(u | £)) — n +logdet ©2).

The right-hand side of the inequality is minimal when ¥ = +/Z(u | £). This choice of X yields the desired inequality (3).
Note that the scaling proof of (2) amounts to considering only diagonal matrices of the form ¥ = o1d,, for some scalar
o >0.

The first part of Theorem 3 follows from Theorem 1 via the Cramér-Rao bound:

cov(m) ™ < Z(u| L). (12)
Indeed, recall that {A;} and {«;} denote the eigenvalues of cov(u) and Z(u | £), respectively. Since the map x +—

1x>13(x — 1 —logx) is increasing on [0, +00), inequality (12) imply that

1 ¢ _ 1 ¢
> D 1y (A =14 1logh) < 3 > Mgy — 1 —loga)
i=1 i=1

1 n
< 3 Z}(ai — 1 —logu;).
1=
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By Theorem 1 this is upper bounded by the deficit § (1) and we obtain the first statement of Theorem 3. The second part
of the theorem follows from a straightforward computation which shows that

|
8(y) = 52(; —1 +logxl~),
i

i=1

see Section 6 below. The third part is also proved in Section 6.

3. The Follmer process

Given an absolutely continuous probability measure 1 on R” we consider a stochastic process X = (X;) which is as close
as possible to being a Brownian motion while having law u at time 1. Namely X has law u, and the conditional law of X
given the endpoint X is a Brownian bridge. Equivalently, the law of X has density w = f(w1) with respect to the Wiener
measure, where f is the density of p with respect to y and w is an element of the classical Wiener space. In particular
the process X minimizes the relative entropy with respect to the Wiener measure among all processes having law w at
time 1. This process was first considered by Schrodinger who was interested in the problem of minimizing the entropy
with endpoint constraints, see [25] and the survey [22] where a nice historical account on the Schrodinger problem is
given as well as the connection with optimal transportation.
It was first observed by Follmer [16] that the process (X;) solves the following stochastic differential equation:

dXt = dBt + Vlog P]—t.f(Xt) d[,
where (B;) is a standard Brownian motion, and (P;) is the heat semigroup, defined by
Pih(x) =E[h(x + B))]

for every test function h. We call the process (X;) the Follmer process and the process (v;) given by v; :=
Vlog P1—; f(X;), the Follmer drift.

Below we recall some basic properties of this process, and we repeat the proof from [21] of the log-Sobolev inequality
based on the Follmer process. We then prove more refined properties of the bridge which are needed for our stability
results. Roughly, the properties (i), (ii) below correspond to the first derivative of entropy along the process while the
further properties (iii), (iv), (v) correspond to the second derivative. Finally we show how the Follmer process leads to
natural decompositions of .

From now on we assume that the measure u has finite Fisher information

el y) =/R Vlog f12dp < +oo.

Proposition 9. The Follmer drift (v;) has the following properties:

(1) The relative entropy of | with respect to y satisfies

1 1
H(my):EE[/ |vt|2dt}. (13)
0
(i1) The Follmer drift (v;) is a square integrable martingale.

The proof of this proposition can be found in [21]. As was noticed in [21], the log-Sobolev inequality follows imme-
diately from these properties once it is realized that

E[loiP] =1 p). (14)
Indeed, as (v;) is a martingale, (|v; |2) is a sub-martingale so
1 by 1 by 1
Huly)=zE| | |vldt| < E[lvil’]=z1(uly).
2 0 2 2

In particular we obtain the following expression for the deficit.
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Proposition 10. Let u be a probability measure on R" with finite Fisher information and let (v;) be the associated
Follmer drift. Then

1 1
S(p) = —E[/ lv; — vllzdt].
2 LJo

Proof. Since (v;) is a square integrable martingale we have E[(vy, v/)] = E[|v, |2] SO
E[lv1]* = [v/*] = E[Jv1 — v [*].
Combining this with (13) and (14) yields the result. U

The above proof of the log-Sobolev inequality utilizes information about the first derivative of the entropy, that is, the
fact that the derivative |v;|? is a sub-martingale. In order to obtain stability estimates for the log-Sobolev inequality we
need to look at the second derivative of the entropy. This is the role of the next proposition. In what follows (F;) is the
natural filtration of the process (X;) and

cov(X| | F) :=E[XP*| 7] - EBIX, | F,]®*
denotes the conditional covariance of X given F;.

Proposition 11. Set Q; = V2P1_,f(X,), then:

(iii) v, = Jy Qs dB; forallt.
(iv) At least fort < 1 the following alternative expressions for Q; hold true

_cov(Xi|F) 14,
Q=0 1o (15

=E[VZlog (X)) | Fi] + cov(vi | F). (16)

(v) The process (Q; + fé Q% ds) is a martingale.

Proof. The computation of dv; is a straightforward application of 1t6’s formula.
For (iv) recall that P;_; f is the convolution of f with some Gaussian. Putting derivatives on the Gaussian we get after
some computations

Vlogp fe b 1 P | (lﬁf(f(x)x))@2

+
l—t (A-0*  Pif (1-1)? P f
On the other hand, for every test function #, the following change of measure formula holds true

Pi_:(hf)(X
s | 7] = A TR

This follows from the explicit expression that we have for the law of (X;). Plugging this into the previous display yields
(15). The proof of (16) is similar, only we put the derivatives on f rather than the Gaussian when computing V>log P;_; f.
To get (v) observe that by (16)

Q; = martingale — v; ® vy.

Now since v; = Q; d B; we have d(v; ® v;) = d(martingale) + Q% dt. Hence the result. O

Note that since X| = B; + fol vy dt and since the expectation of v; is constant over time, the expectation of v, coincides
with that of . In addition, it follows from (16) that

E[Q/]1=E,[V?log f + (Vlog )®*] — E[v; ® v/]

for every ¢. Integrating by parts yields the following:
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Proposition 12. For every time t we have E[v;] =E, [x] and

ElQ/1=E,[x ® x] —1d, — E[v; ® v/]
=cov(wn) —1Id,, — cov(v,).

Other than facilitating an immediate proof of the log-Sobolev inequality, the Follmer process provides a canonical
decomposition of the measure p which we now describe. Recall that

Pl—t(hf)(Xt)
P f(Xy)

for every test function /. This allows to compute the density of the conditional law of X given ;. Namely, let x; be the

conditional law of )i}%’ given F;. Then

E[n(X)) | Fi]=

’

F(/T—tx+ X))

dx) =
Hildx) =" T X))

y(dx). (17)
Lemma 13. We have

1
X, =/ cov(u;) dB; (18)
0

almost-surely, and

1
s = [ Blsgun]ar. 19)

Proof. Again E[X; | Fi]= Pi_(xf)(X))/Pi_ f(X,). So

Pi_i(xf)

dE[X; IE]ZV( P, f

)(Xz)dB:-

Arguing as in the proof of (iv) we get

V(Pl_l(xf)>(X,) _ cov(Xy [ F)
P f 1—1

which proves (18). For the inequality (19), observe that by (17)

= cov(is),

]_
5(ue) = T’E[Wlog FXOP 1 F] - Eflog £(X1) | F] +log Pr_e £ (X,).

Also, by 1t6’s formula
L.
dlog P1—; f(X;) = v dB; + §|Ut| dt.
Putting everything together we get
1! 5
E[8(u)] = 3 E[lvi — vsl*] ds.
t
Thus, by Proposition 10
1 1 1 )
/ E[8(uy)]dt = 5/ sE[lvi — vsl*] ds < 8(w). 0
0 0

Remark 6. At this stage it maybe worth noticing that the measure-valued process (i4;) coincides with a simplified version
of the stochastic localization process of the first named author [11].



Stability of the logarithmic Sobolev inequality via the Follmer process 2263
4. Comparison theorems
In this section we prove Theorems 1 and 3 via the Follmer process.

Proof of Theorem 1. Because the result is invariant by scaling we can assume without loss of generality that cov(u) is
strictly smaller than the identity. Let m(¢t) = —E[Q,]. We know from Proposition 12 that

m(t) = —cov(u) + 1Id, + cov(vy). 20)

This shows in particular that m (¢) is positive definite. Item (v) of Proposition 11 shows that %m(t) > m(t)2. Since m(t)
is positive definite this amounts to %m(t)_1 < —Id,,. We use this information to compare m(¢) with m(1). We get

m() < (m()~" + (1 —0)1d,) ", @1

Let f be the density of 1 with respect to the Lebesgue measure and observe that
m(1) = —E[Q1] = —E, [V log f]
=-E,[V?log f] - 1d,
=Z(n| L) —1d,.
Taking the trace in (21) and using Proposition 12 thus gives

n
1
Eulx?] +n +Efjv ] < Z (i—D 1 +1-1¢
1

i=1

where the o; are the eigenvalues of Z(u | £). Integrating between 0 and 1 and applying item (i) of Proposition 9 yields
n
—Eu[lx*]+n+2H(u | y) <Y log(e).
i=1

Lastly, a straightforward computation shows that the left-hand side equals 2H (u | £) —2H (y | £). (|

Proof of Theorem 3. Consider the orthogonal decomposition cov(p) = Y /', )L,-ulf@z where u; are unit orthogonal vec-
tors, and again let m(t) = —E[Q;]. Recall (20), which shows in particular that m(0) = — cov(u) + Id,. Fix i € [r] such
that ; < 1 and denote & = u;. Note that

(0. m©0)8)=1—2; > 0.

Moreover, we have

%(9, m()6) > (6, m(1)%6) > (6, m(1)6)’.

Since the function g(r) = 7 7 cl,_ - solves the ordinary differential equation % g(t) = g(t)2 with the boundary condition
g(0) = ¢, an application of Gronwall’s inequality gives

1 _ 1
O, mO8) " =1 (1=2)~1 =

(0. m®)0) =

Summing up over all 7 such that A; < 1, we have

n

d Lpi<yy
Z Bl ] =Te(m0)?) = Z =2 1=

Integrating this between ¢ and 1, we obtain

1
E[[vi*] = E[Jv[?] Zl{wl ( 1—m)'
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Now we integrate between 0 and 1 and use Proposition 10. We get

1 ¢ 1
S(u) = 3 ;1{)\[<1}<)\—i -1 +10g)»,-),
which is the desired inequality. O

5. Decompositions into mixtures

In this section we prove Theorems 6 and 8.

Proof of Theorem 6. The idea of the proof is to show that for any ¢, the transportation distance between X and the sum
of the independent random vectors E[ X | ;] + (B; — B;) can be controlled by the deficit. Optimizing over ¢ yields the

theorem.
The map

t > E[|vi [ = Jv ]

is a non-increasing function since (v, 1%)is a sub-martingale. Hence by Proposition 10 and as (v;) is a martingale,

1 ! 1! t
5(u)=—E/ i — v P dt =—/ E[lvil — v [*]dt = ZE[|vi — v;[?] (22)
27 1o 2 Jo 2

for every t € [0, 1]. Let Y; = E[ X | ;] + B; — B; and note that since B| — B, is independent of F;, the random vector
Y; has law v; * y0,1—; where v; is the law of E[X | F;]. Since X has law p and since

E[X; | Fil= X, + (1 =y,

we get by Jensen’s inequality

1 2 1
/(vs—mds }s(l—t)/ E[lv, — v ] ds
t t

< (1 =0E[|vi — v *] <E[lv1 — v *].

W3 (v % v0.1-0) <E[1X1 = ¥1[*] = E[

Combining this with (22) yields

2
W%(,U«, Vi kY0, 1—1) < ;5(,“)-

This inequality gives the distance between p and a mixture of Gaussians but with the wrong covariance. To remedy that we
must pay a dimensional price. By the triangle inequality for W5 and the fact that W%(yo, 1—>Y0.1) < (1—+/1— 1*n < t?n,
we get

Wow, vexy) < Walu, ve % v0,1—1) + Wa(vr *v0,1—1, Vs %)
<Wo(u, ve % y0,1-1) + Wa(yo,1-1, ¥)

<D, .

If (i) < n, choosing ¢t = (%)% in the previous display gives

Wa (i, vy %) < (V2 + Dnss(u)3,

which in turn yields the desired inequality (10). If on the contrary 6(u) > n, inequality (10) holds with v = u, simply
because Wa (i, u * y) = /n. If §(u) = 0 the argument shows that u = vy * y, where vy is the Dirac point mass at
E[X1]. =



Stability of the logarithmic Sobolev inequality via the Follmer process 2265

Proof of Theorem 8. The starting point of the proof is identity (18):

1
X1 :/ cov(uu;)dBy.
0

The idea is then to extract from this identity two processes (Y;), (Z;) close to each other in transportation distance such
that Z; ~ y. We then write X| = Y| + W for some random vector W and show that E[(Y, W)] = 0. The requirement
Z1 ~ y is enforced by ensuring that the quadratic variation of (Z;) satisfies [Z]; = Id,.

We start with some notation. Let M be an n x n symmetric matrix and let M = Y__, kju; ® u; be its eigenvalue
decomposition. We then set M := Z?:l max(k;, 0)u; ®u; and similarly max(M, Id,) := Z:»l:l max(k;, l)u; @u;. Using
Theorem 3 together with the fact that % — 14+ log(x) > %(x — 1)2 for all x € (0, 1], we conclude that for every measure
v, one has

S(v) > %Tr[(ldn —cov(n)?].

Using this bound and inequality (19) we get,

1
S(n) > %E[ f Te[ (1d, — cov(u,))i]dti|. (23)
0

Next we will write the right-hand side above as roughly the difference in transportation distance between the random
vectors Y| and Z; mentioned above.

For convenience, define A; := cov(u;). We now define a random process (C;) taking values in the set of symmetric
matrices as follows. Set Co = 0 and

dCy =max(A7, 1d,)dt, te[0, 1),

where 71 is the first time the largest eigenvalue of C; hits the value 1. Notice that ¢tId, < C; on [0, 71), so 71 < 1. If
C:, #1d,,, which implies that 71 < 1, we let O; be the orthogonal projection onto the range of C;, —Id,,, and set

dC; = Oymax(A},1d,) 01 dt, e[, 12),

where 1 is the first time the largest eigenvalue of O1C; O hits the value 1. Again 75 < 1, simply because t O1 < O1C; O
on [0, r2). If C, #1d, we let O, be the projection onto the range of C;, — Id, and proceed similarly, and so on, until
the first time 7 such that C, =1Id,. On [t%, 1] we let dC; = 0 and thus C; = Id,,. To sum up, the matrix C; satisfies
0=<C;=<x1Id, forallt €[0,1], C; =1d, and

dC, = L, max(A?,1d,)L, dt,

where L, is the orthogonal projection onto the range of C; — 1d,,.
Next, consider the processes (Y;), (Z;) defined by

Y()ZZ():O, dY[ZL[A[dBt, dthLtmaX(A,,Idn)dBt,

and note that
t
(Z] = f L, max(A2,1d,)Lyds = C;.
0
This implies that [Z]; = Id,, almost surely so Z; ~ y. On the other hand, we have by (23) and It6’s isometry,

E[|Y) - Z]*] =E

(=)

1
/ Tr[ L, (max(4,, 1d,) — Al)zL,]dt:|
<E (

[
/OlTr[
[

1
/ Te[((1d,, — A[)+)2]dt} <25(n).

0

max(A;,1d,) — A;)’] dt:|

=E
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Letting v be the law of Y7, we thus get W%(v, y) <26(un). Now define the random vector W := fol(A, —L;A;)dB; so
by (18), X1 =Y; + W. It remains to show that E[(Y, W)] = 0. This is again a consequence of It0’s isometry:

1
E[(Y,W)] = ]E[/ Tr(L: A (A; — LiA)T) dt}
0

1
=JEU Tr(L, A} — L,A?Lt)dt:| =0
0

since L; = L,z. This completes the proof. ([

6. Counterexamples to stability

In this section we provide simple counterexamples to the stability of the logarithmic Sobolev inequality with respect to
the Wasserstein distance, thus proving Theorem 4 as well as the third part of Theorem 3. The standard Gaussian on R
is denoted by y and for a € R, s > 0 we let y, ¢ be the Gaussian centered at a with variance s. Our counterexamples
are nothing more than Gaussian mixtures. For such measures, the following two lemmas provide a lower bound on the
Wasserstein p-distance to translated Gaussians, and an upper bound on the log-Sobolev deficit. The combination of these
two lemmas will prove Theorems 4 and 3. We start with the upper bound on the log-Sobolev deficit.

Lemma 14. Leta,b e R, and o,t € [0, 1]. Then
1
8((1= a0 +1¥0) < 707" = 1)* = (1= 1n)log(1 — 1) —rlogt,

Proof. Let ¢(t) =tlogt + (1 —¢)log(l —¢) and w, v be probability measures on R. The lemma follows immediately by
combining the estimates

S(I=—Dp+1) <A =08 +18() — @) 24
and

1
S(no) = 707" = 1)’ (25)

(when ¢ < 1) and using the fact that § is invariant under translations.
The validity of (24) follows immediately from the combination of the convexity estimates

(A =nDp+tv]y)<A=DI|y)+tIW]y)
and
H((1=Dp+tv|y)=A=0H@|y) +tH@|y)+ ).

The convexity of the Fisher information is a well-known fact; it is a direct consequence of the convexity of the map
(x,y) = y%/x on (0, 00) x R. For the second inequality, let f and g be the respective densities of ; and v with respect
to y and use the fact that the logarithm is increasing to write

((1 -1 f+ tg) log((l -0f+ tg) > - t)flog((l - t)f) +tglog(tg).

Integrating with respect to y yields the result.
For the estimate (25), a direct computation shows that H(yp s | ¥) = %(U —1—logo)and I (yoo | Y) = (0 — 1)2/0,
so that

1
$(Wo.0) = 5((’_1 — 1 +log(0)).

We conclude using x — 1 —logx < (x — 1)2/2 for x > 1. (|
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Proof of Proposition 5. When o = 1, Lemma 14 can be rewritten §(p * ) < S(p) for any probability measure p in R
which is a combination of two Dirac point masses. The argument can easily be generalized to any discrete probability
measure p, and to any dimension, proving Proposition 5. O
Proof of the third part of Theorem 1. Note that
var((1 — Oya1 +typ1) = 1+ 1(1 =) (b — a)*.
Set ur = (1 — %)Vo,l + %Vkl,l- Then var(ug) — 0o. On the other hand § () — 0 by Lemma 14. (Il

Next we move on to the lower bound on the Wasserstein distance.

Lemma 15. Leta,beR,0 € (0,1],t €[0, 1] and let u = (1 — t)Ya.6 + tVb.o- Suppose that

. ( b— a)2>
min(z, 1 —¢) > 2exp| — 2 ) (26)

Then, for every p > 1

|b—al”

{Wﬁ(u, J/m,l)} > min(z, 1 — t)W

inf
meR
Proof. Let m € R and suppose without loss of generality that | —m| < |b —m| and that b > a. Define z =m +,/ 210g(%)
and note that the assumption (26) together with the fact that b —m > %|b — a| implies that b — z > %|b —al. Now, by a

standard Gaussian tail estimate we have y, 1([z, 00)) < %. On the other hand

t

l’l’([bi oo)) Z tyh,gz ([bv OO)) == E.

Therefore, in order to transport y,, 1 to u, at least /4 unit of mass to the left of z should move to the right of b. As a
result

» t t (1b—al\”
Wy (i, Yim,1) = Z(b—z)”> — ,

4 4
which yields the result. g

Proof of Theorem 4. For the first part of the theorem we shall work in dimension 1 but the result extends to any
dimension by taking the tensor product of the one dimensional example by a standard Gaussian. Consider the sequence
of measures (uy) given by

1 1
Mk = <1 - %>V0,1 + EVkZ,y

Lemmas 14 and 15 imply that 6 (1) — 0 and inf,,er{W1(tk, Ym.1)} = o0.
For the second part of the theorem, define px = (1 — ) Y46 + typ,o With

11—t

t=k"3?, a=—k"1, b=— a, o=1—t(1-1)b—a)’

It is straightforward to check that uy is isotropic. Since (b — a)? =a? / 12 =k, the hypothesis (26) is satisfied for large
enough k and Lemma 15 gives

b—a)3? 1
64 64vk

On the other hand, we have 0 = 1 — k~ /2 + o(k~1/?) so that Lemma 14 gives

inf{W3 (e, yim,1)} = 1

1 1
(k) < % +0<%>.
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Set n(k) = |k3/4]. Since both the deficit and W% behave additively when taking tensor products we have

inf (WE(E" Y ynta,0)} = QEY) = Q(n(0)'7),

meRn®)
and 8" ™) = 0=V = 0 (k)13 0
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