Geom. Funct. Anal. Vol. 25 (2015) 256-306
DOI: 10.1007/s00039-015-0312-0

Published online January 30, 2015

(© 2015 Springer Basel I GAFA Geometric And Functional Analysis

STEIN’S METHOD, LOGARITHMIC SOBOLEV AND
TRANSPORT INEQUALITIES

MicHEL LEDOUX, IVAN NOURDIN AND GIOVANNI PECCATI

Abstract. We develop connections between Stein’s approximation method, loga-
rithmic Sobolev and transport inequalities by introducing a new class of functional
inequalities involving the relative entropy, the Stein kernel, the relative Fisher infor-
mation and the Wasserstein distance with respect to a given reference distribution
on R%. For the Gaussian model, the results improve upon the classical logarithmic
Sobolev inequality and the Talagrand quadratic transportation cost inequality. Fur-
ther examples of illustrations include multidimensional gamma distributions, beta
distributions, as well as families of log-concave densities. As a by-product, the new
inequalities are shown to be relevant towards convergence to equilibrium, concen-
tration inequalities and entropic convergence expressed in terms of the Stein kernel.
The tools rely on semigroup interpolation and bounds, in particular by means of
the iterated gradients of the Markov generator with invariant measure the distrib-
ution under consideration. In a second part, motivated by the recent investigation
by Nourdin, Peccati and Swan on Wiener chaoses, we address the issue of entropic
bounds on multidimensional functionals F' with the Stein kernel via a set of data on
F and its gradients rather than on the Fisher information of the density. A natural
framework for this investigation is given by the Markov Triple structure (E, ,T') in
which abstract Malliavin-type arguments may be developed and extend the Wiener
chaos setting.

1 Introduction

The classical logarithmic Sobolev inequality with respect to the standard Gaussian
measure dy(z) = (2r)~%2e~1#*/2dz on R? indicates that for every probability
dv = hdy with (smooth) density h: R? — R, with respect to 7,
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1 Vh|? 1
H(v|7) = /Rdhloghdy < 2/1Rdll‘d’y = §I(Z/|’7) (1.1)

where
H(v|~v) :/ hloghdy = Ent,(h)
Rd

is the relative entropy of dv = hd~y with respect to v and

2
I(v|v) :/Rd ‘V]iﬂ dy = 1,(h)

is the Fisher information of v (or h) with respect to v, see e.g. [BGL14, Chapter IL.5]
for a general discussion. (Throughout this work, | - | denotes the Euclidean norm in
R%)

Inspired by the recent investigation [NPS13], this work puts forward a new form of
the logarithmic Sobolev inequality (1.1) by considering a further ingredient, namely
the Stein discrepancy given by the Stein kernel of v. A measurable matrix-valued
map 7, on R? is said to be a Stein kernel for the (centered) probability v if for every
smooth test function ¢ : R — R,

/:C-V(pdV:/ (7, Hess(9) ) g dv
Rd Rd

where Hess(p) stands for the Hessian of ¢, whereas (-,-)yg and || - ||y denote the
usual Hilbert-Schmidt scalar product and norm, respectively. Note that while Stein
kernels appear implicitly in the literature about Stein’s method (see the original
monograph [Ste86, Lecture VI] of C. Stein, as well as [Ch09,Ch12,GR97, GRO05]...),
they gained momentum in recent years, specially in connection with probabilistic
approximations involving random variables living on a Gaussian (Wiener) space (see
the recent monograph [NP12] for an overview of this emerging area). The terminol-
ogy ‘kernel’ with respect to ‘factor’ seems the most appropriate to avoid confusion
with related but different existing notions.

According to the standard Gaussian integration by parts formula from which
7, = Id, the identity matrix in R?, the proximity of 7, with Id indicates that v
should be close to the Gaussian distribution 7. Therefore, whenever such a Stein
kernel 7, exists, the quantity, called Stein discrepancy (of v with respect to ),

) 1/2
s(v12) = ([ I~ 1l o)

becomes relevant as a measure of the proximity of v and . This quantity is actually
at the root of the Stein method [CGS11,NP12]. For example, in dimension one, the



258 M. LEDOUX, I. NOURDIN AND G. PECCATI GAFA

classical Stein bound expresses that the total variation distance TV (v,~y) between
a probability measure v and the standard Gaussian distribution « is bounded from
above as

TV(1,7) < sup\ [ v - [ apyiv (1)

where the supremum runs over all continuously differentiable functions ¢ : R — R
such that [l¢ll, < /7 and [|¢/|, < 2. In particular, by definition of 7, (and
considering ¢’ instead of ¢),

TV(v,v) < 2/ |7, — 1]dv < QS(V"}/)
R

justifying therefore the interest in the Stein discrepancy (see also [CPU94|). It is
actually a main challenge addressed in [NPS13] and this work to investigate the
multidimensional setting in which inequalities such as (1.2) are no more available.

With the Stein discrepancy S(v|7), we emphasize here the inequality, for every
probability dv = hdr,

H(v|v) < %SQ(V”’)/) log (l—i—m) (1.3)
as a new improved form of the logarithmic Sobolev inequality (1.1). In addition, this
inequality (1.3) transforms bounds on the Stein discrepancy into entropic bounds,
hence allowing for entropic approximations (under finiteness of the Fisher informa-
tion). Indeed as is classical, the relative entropy H(v|~) is another measure of the
proximity between two probabilities v and « (note that H(v |v) > 0 and H(v |v) =0
if and only if ¥ = ), which is moreover stronger than the total variation distance
by the Pinsker-Csizsar-Kullback inequality

V@) < /3B 1)

(see, e.g. [V09, Remark 22.12]).

The proof of (1.3) is achieved by the classical interpolation scheme along the
Ornstein-Uhlenbeck semigroup (F),~, towards the logarithmic Sobolev inequality,
but modified for time ¢ away from 0 by a further integration by parts involving
the Stein kernel. Indeed, while the exponential decay L,(P:h) < e 2'1,(h) of the
Fisher information classically produces the logarithmic Sobolev inequality (1.1), the
argument is supplemented by a different control of I, (P;h) by the Stein discrepancy
for t > 0.

We call the inequality (1.3) HSI, connecting entropy H, Stein discrepancy S and
Fisher information I, by analogy with the celebrated Otto-Villani HWI inequality
[OV00] relating entropy H, (quadratic) Wasserstein distance W (W3) and Fisher
information I. We actually provide in Section 3 a comparison between the HWI
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and HSI inequalities (suggesting even an HWSI inequality). Moreover, based on the
approach developed in [OV00], we prove that

Wy (v,v) < S(v|v) arccos (e_ S >, (1.4)

an inequality that improves upon the celebrated Talagrand quadratic transportation
cost inequality [T96]

Wi(v,7) <2H(v|7)

inequality’. Note also that Wa(v,y) < S(v|~v) so that, as entropy, the Stein dis-
crepancy is a stronger measurement than the Wasserstein metric Wa.

The new HSI inequality put forward in this work has a number of significant ap-
plications to exponential convergence to equilibrium and concentration inequalities.
For example, the standard exponential decay of entropy H(v!|v) < e 2 H(1Y|7)
along the flow dv! = P;hdry, t > 0 (1° = v, v> = ~), which characterizes the loga-
rithmic Sobolev inequality (1.1) may be strengthened under finiteness of the Stein
discrepancy S = S(v|v) = S(+° | v) into

(since arccos(e™") < /2r for every r > 0). We shall refer to (1.4) as the “WSH

—4t 0 67425 9/ 0
H(V |’7) < 1_76_%8 (V |’7) (1.5)

e
e—2t 4 1%;” H(Z/O ‘ ’Y)

H(v'|y) <

(see Corollary 2.7 for a precise statement). On the other hand, logarithmic Sobolev
inequalities are classically related to (Gaussian) concentration inequalities by means
of the Herbst argument (cf. e.g. [Le01,BLM13]). Stein’s method has also been used
to this task in [Ch12], going back however to the root of the methodology of ex-
changeable pairs. The basic principle emphasized in this work actually allows us to
directly quantify concentration properties of a probability v on R? in terms of its
Stein discrepancy with respect to the standard Gaussian measure. As a result, for
any 1-Lipschitz function u : R — R with mean zero, and any p > 2,

</Rd |u|pd’/>l/p < C(SP(V|’7) +P+ VD Sp(l/|’y)> (1.6)

where C' > 0 is numerical and

1/p
Sp(v]7v) = </Rd |7 — Id||5s dl/> .

(When v = ~, the result fits the standard Gaussian concentration properties.) In
other words, the growth of the Stein discrepancy S, (v |v) in p entails concentration
properties of the measure v in terms of the growth of its moments. This result is one
very first instance showing how to directly transfer informations on the Stein kernel

into concentration properties. It yields for example that if T, = %(X 14+ Xp)

where X1,...,X, are independent with common distribution v in R? with mean
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zero and covariance matrix Id, for any 1-Lipschitz function u : R? — R such that
E(u(T,)) =0,

IP’(u(Tn) > r) < Ce /e

for all 0 < r <, where r, — 0o according to the growth of S,(v|v) as p — oc.

While put forward for the Gaussian measure 7, the question of the validity of (a
form of) the HSI and WSH inequalities for other reference measures should be ad-
dressed. Natural examples exhibiting HSI inequalities may be described as invariant
measures of second order differential operators (on R?) in order to run the semigroup
interpolation scheme. The prototypical example is of course the Ornstein—Uhlenbeck
operator with the standard Gaussian measure as invariant measure. But gamma or
beta distributions associated to Laguerre or Jacobi operators may be covered in the
same way, as well as families of log-concave measures. It should be mentioned that
the definition of Stein kernel has then to be adapted to the diffusion coefficient of
the underlying differential operator. The use of second order differential operators in
order to study multidimensional probabilistic approximations plays a fundamental
role in the so-called generator approach to Stein’s method, as introduced in the sem-
inal references [Ba90,G91]; see also [R05] for a survey on the subject. A convenient
setting to work out this investigation is the one of Markov Triples (E,u,I") and
semigroups (), as emphasized in [BGL14] allowing for the I'-calculus and the
necessary heat kernel bounds in terms of the iterated gradients I',,. In particular,
while the classical Bakry—Emery I’y criterion [BE85, BGL14] ensures the validity of
the logarithmic Sobolev inequality in this context, it is worth mentioning that the
analysis towards the HSI bound makes critical use of the associated I's operator, a
rather new feature in the study of functional inequalities.

As alluded to above, the HSI inequality (1.3) is designed to yield entropic central
limit theorems for sequences of probability measures of the form dv,, = h,dy, n > 1,
such that s, = S(vy, |7) — 0 and

log <1 + W) = o(s;%), n— oo.
Sn
This is achieved, for instance, when the sequence I(v, |v), n > 1, is bounded. How-
ever, the principle behind the HSI inequality may actually be used to deduce en-
tropic convergence (with explicit rates) in more delicate situations, including cases
for which I(v, | v) — oo. Indeed, it was one main achievement of the work [NPS13]
in the context of Wiener chaoses to set up bounds involving entropy and the Stein
discrepancy without conditions on the Fisher information. Specifically, it was proved
in [NPS13] that the entropy with respect to the Gaussian measure v of the distri-
bution on R? of a vector F' = (Fy,..., F;) of Wiener chaoses may be controlled by
the Stein discrepancy, providing the first multidimensional entropic approximation
results in this context. The key feature underlying the HSI inequality is the con-
trol as ¢ — 0 of the Fisher information I,(P;h) along the semigroup (where h the
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density with respect to v of the law of F') by the Stein discrepancy. The arguments
in [NPS13] actually provide the suitable small time behavior of I,(P;h) relying on
specific properties of the functionals (Wiener chaoses) under investigation and tools
from Malliavin calculus.

In the second part of the work, we therefore develop a general approach to cover
the results of [NPS13] and to include a number of further potential instances of
interest. As before, the setting of a Markov Triple (E, u,T") provides a convenient
abstract framework to achieve this goal in which the I'-calculus appears as a kind of
substitute to the Malliavin calculus in this context. Let ¥ be the function 1 4 logr
on R, but linearized by r on [0, 1], that is, ¥(r) = 1 +logr if r > 1 and ¥(r) = r if
0 <r <1 (note that U(r) < r for every r € R;). A typical conclusion is a bound of
the type

H(vp|v) < Cr SQ(VF 1) ‘I’(SQ(S;’,”> (1.7)

of the relative entropy of the distribution v of a vector F' = (F1, ..., Fy) on (£, i, T)
with respect to v by the Stein discrepancy S(vr |7), where Cr, Cp > 0 depend on
integrability properties of F', the carré du champ operators I'(F;, F}), i,7 = 1,...,d,
and the inverse of the determinant of the matrix (I'(F;, F})),; ;.- In particular,
H(vp|v) — 0as S(vp|7) — 0 providing therefore entropic convergence under the
Stein discrepancy. The general results obtained here cover not only normal approx-
imation but also gamma approximation.

The inequality (1.7) thus transfers bounds on the Stein discrepancy to entropic
bounds. The issue of controlling the Stein discrepancy S(vp|7) itself (in terms of
moment conditions for example) is not addressed here, and has been the subject of
numerous recent studies around the so-called Nualart-Peccati fourth moment the-
orem (cf. [NP12]). This investigation is in particular well adapted to functionals
F = (Fy,...,Fy) whose coordinates are eigenfunctions of the underlying Markov
generator. See [ACP13,AMMP13,Lel2] for several results in this direction and
[NP12, Chapters 5-6] for a detailed discussion of estimates on S(vp|v) that are
available for random vectors F' living on the Wiener space.

The structure of the paper thus consists of two main parts, the first one devoted
to the new HSI and WSH inequalities, the second one to an investigation of entropic
bounds via the Stein discrepancy. Section 2 is devoted to the proof and discussions
of the HSI inequality in the Gaussian case, with a first sample of illustrations and
applications to convergence to equilibrium and measure concentration. In Section 3,
we investigate connections between the Stein discrepancy, Wasserstein distances and
transportation cost inequalities, in particular the HWI inequality, and establish the
WSH inequality. Extensions of the HSI inequality to more general distributions
arising as invariant probability measures of second order differential operators are
addressed in Section 4. The second part consists of Section 5 which develops a
general methodology (in the context of Markov Triples) to reach entropic bounds on
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densities of families of functionals under conditions which do not necessarily involve
the Fisher information.

2 Logarithmic Sobolev Inequality and Stein Discrepancy

Throughout this section, we fix an integer d > 1 and let v = v% indicate the standard
Gaussian measure on the Borel sets of R?.

2.1 Stein kernel and discrepancy. Let v be a probability measure on the

Borel sets of R%. In view of the forthcoming definitions, we shall always assume

(without loss of generality) that v is centered, that is, fRd zjdv(z)=0,5=1,...,d.
As alluded to in the introduction, a measurable matrix-valued map on R?

x — 1(x) = {Tﬁj(x):i,jzl,...,d}

is said to be a Stein kernel for v if 77 € L!(v) for every i,j and, for every smooth
¢ : R S R,

/ x-Vodv = / <Tl,,HeSS(g0)>HS dv. (2.1)
R4 R

Observe from (2.1) that, without loss of generality, one may and will assume in
the sequel that 7/ (z) = 70'(z) v-a.e., i,5 = 1,...,d. Also, by choosing ¢ = x;,

i=1,...,d,in (2.1) one sees that, if v admits a Stein kernel, then v is necessarily
centered. Moreover, by selecting ¢ = x;xj, i,j = 1,...,d, and since 7/ = 73,

/xia:jdz/:/ szdy, ,7=1,...,d
R R

(and in particular v has finite second moments).

REMARK 2.1. (a) Let d = 1 and assume that v has a density p with respect to
the Lebesgue measure on R. In this case, it is easily seen that, whenever it
exists, the Stein kernel 7, is uniquely determined (up to sets of zero Lebesgue
measure). Moreover, under standard regularity assumptions on p, one deduces
from integration by parts that a version of 7, is given by

1

P /Oo yp(y)dy (2.2)

mu(w) = p(z

for x inside the support of p.
(b) In dimension d > 2, a Stein kernel 7, may not be unique—see [NPS14, Appen-
dix A (available on arXiv)].
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(c) It is important to notice that, in dimension d > 2, the definition (2.1) of
Stein kernel is actually weaker than the one used in [NPS13,NPS14]. Indeed,
in those references a Stein kernel 7, is required to satisfy the stronger ‘vector’
[as opposed to the trace identity (2.1)] relation

/mpdy:/ 7,V dv (2.3)
Rd Rd,

for every smooth test function ¢ : R? — R. The definition (2.1) of a Stein
kernel adopted in the present paper allows one to establish more transparent
connections between normal and non-normal approximations, such as the ones
explored in Section 4. Observe that it will be nevertheless necessary to use
Stein kernels in the strong sense (2.3) when dealing with Wasserstein distances
of order # 2 in Section 3.2.

Definition (2.1) is directly inspired by the Gaussian integration by parts formula
according to which

/ x-Vody :/ Acpdvz/ <Id,Hess(g0)>HSdV (2.4)
Rd Rd Rd

so that the proximity of 7, with the identity matrix Id indicates that v should be
close to 7. In particular, it should be clear that the notion of Stein kernel in the sense
of (2.1) is motivated by normal approximation. Section 4 will introduce analogous
definitions adapted to the target measure in the context of the generator approach to
Stein’s method. Whenever a Stein kernel exists, we consider to this task the quantity,
called Stein discrepancy of v with respect to v in the introduction,

1/2
S(v19) = I~ 1y, = ( [ I~ Talsar)

(Note that S(v|7) may be infinite if one of the 717’s is not in L2(v).) Whenever
S(v|v) = 0, then v = ~ since 7, is the identity matrix (see e.g. [NP12, Lemma 4.1.3]).
Observe also that if C' denotes the covariance matrix of v, then

2(v]y) = ZVar,, I+ ||C - 1d||5g, (2.5)
2,7=1

where Var, indicates the variance under the probability measure v.

2.2 The Gaussian HSI inequality. As before, write dv = hdy to indicate a
centered probability measure on R? which is absolutely continuous with density A
with respect to the standard Gaussian distribution . We assume that there exists
a Stein kernel 7, for v as defined in (2.1) of the preceding section.

The following result emphasizes the Gaussian HSI inequality connecting entropy
H, Stein discrepancy S and Fisher information I. In the statement, we use the conven-
tions 0log(1+5) = 0 and oolog(1+3) = s for every s € [0, o], and r log(14°2) = oo
for every r € (0, 00).
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Theorem 2.2 (Gaussian HSI inequality). For any centered probability measure
dv = hdy on R% with smooth density h with respect to ~,

H(v|y) < %SZ(VW) log (14_812(2/’/%)' (2.6)

Since rlog (1 + f) < s for every r > 0, s > 0, the HSI inequality (2.6) improves
upon the standard logarithmic Sobolev inequality (1.1). It may be observed also
that the HSI inequality immediately produces the (classical) equality case in this
logarithmic Sobolev inequality. Indeed, due to the centering hypothesis, equality is
achieved only for the Gaussian measure + itself (if not, recenter first v so that the
only extremals of (1.1) have densities e™*~I™*/2 m ¢ RY, with respect to 7). To
this task, assume by contradiction that S(v|~) > 0. Then, if H(v|v) = $I(v|7),
the HSI inequality (2.6) yields

1(v]) 1(v|)
2]y = (” swv))

from which I(v | v) = 0, and therefore v = 7, which is in contrast with the assumption
S(v|v) > 0. As a consequence, we infer that S(v|v) = 0, from which it follows that
v="r.

The HSI inequality (2.6) may be extended to the case of a centered Gaussian
distribution on R? with a general non-degenerate covariance matrix C'. We denote
such a measure by y¢, so that v = y14. We also denote by [|C||,,, the operator norm
of C, that is, [|C|[,, is the largest eigenvalue of C.

COROLLARY 2.3 (Gaussian HSI inequality, general covariance). Let v be as above
(with C' non-singular), and let dv = hdyc be centered with smooth probability
density h with respect to vo. Assume that v admits a Stein kernel 1, in the sense
of (2.1). Then,

1 1 C I
H(v|ve) < %HC‘aryc—g _Idﬂz,ulog <1+ 1Cllop (¥ [7e) )

IC2m, 072 —1d|3,,

where C~: denotes the unique symmetric non-singular matrix such that
2
(C—z)" =c L.

Corollary 2.3 is easily deduced from Theorem 2.2 and details are left to the
reader. The argument simply uses that if M is the unique non-singular symmetric
matrix such that C' = M2, then H(v|~y¢c) = H(v? | v) where dv°(x) = h(Mx)dy(x).

2.3 Proof of the Gaussian HSI inequality.  According to our conventions, if
either S(v |v) or I(v|~) is infinite, then (2.6) coincides with the logarithmic Sobolev
inequality (1.1). On the other hand, if S(v|~) or I(v|~v) equals zero, then v = 7,
and therefore H(v |vy) = 0. It follows that, in order to prove (2.6), we can assume
without loss of generality that S(v|~) and I(v|~) are both non-zero and finite.
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The proof of Theorem 2.2 is based on the heat flow interpolation along the
Ornstein—Uhlenbeck semigroup. We recall a few basic facts in this regard, and refer
the reader to e.g. [BGL14, Section 2.7.1] for any unexplained definition or result.
Let thus (F;),~, be the Ornstein-Uhlenbeck semigroup on R¢ with infinitesimal
generator -

Y
Lf =Af—z-Vf = —5 — x; (2.7)
207 2" an

(acting on smooth functions f), invariant and symmetric with respect to . We shall
often use the fact that the action of P, on smooth functions f : R — R admits the
integral representation (sometimes called Mehler’s formula)

P f(z) = /Rdf(e_tx+ 1—e2y)dy(y), t>0, zeR.

The semigroup is trivially extended to vector-valued functions f : R* — R? In
particular, if f : R — R is smooth enough,

VPtf = e*tPt(Vf). (28)

One technical important property (part of the much more general Bismut formulas
in a geometric context [Bi84, BGL14]) is the identity, between vectors in R,

PV [f)(x) 1 —e 2 y)dy(y), (2.9)

1 —t
= T /Rdyf(e T+
owing to a standard integration by parts of the Gaussian density.
The generator £ is a diffusion and satisfies the integration by parts formula

fLgdy = —/ Vf-Vgdy (2.10)
Rd Rd

on smooth functions f,¢g : R — R. In particular, given the smooth probability
density h with respect to 7,

2
L,(h) :/ mdv :/ |V (log h)|*hdy = —/ L(log h)hd~.
Rd h Rd Rd

As dv = hd, setting v = log h,
I(v|y) = I,(h) = |Vol?dv = — | Lvdv. (2.11)
R R¢
(These expressions should actually be considered for h + ¢ as ¢ — 0.) Using P;h

instead of A in the previous relations and writing v, = log P;h, one deduces from the
symmetry of P; that

Ph|?
I(I/t|’y) _ I»y(P{;h) _ /Rd ‘vptth| Cl’}/ — _/Rdﬁrvtpthdfy = —/Rdﬁpt'l)tdl/.

(2.12)
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Recall finally that if dv! = P,hdy, t > 0 (with % = v and v* — «), the classical
de Bruijn’s formula (see e.g. [BGL14, Proposition 5.2.2]) indicates that

%H(Vﬂ’y) =—1(v'|7). (2.13)

Theorem 2.2 will follow from the next Proposition 2.4. In this proposition, (i)
corresponds to the integral version of (2.13) whereas (ii) describes the well-known ex-
ponential decay of the Fisher information along the Ornstein—Uhlenbeck semigroup.
This decay actually yields the logarithmic Sobolev inequality (1.1), see [BGL14,
Section 5.7]. The new third point (iii) is a reformulation of [NPS13, Theorem 2.1]
for which we provide a self-contained proof. It describes an alternate bound on the
Fisher information along the semigroup in terms of the Stein discrepancy for values
of t > 0 away from 0. It is the combination of (ii) and (iii) which will produce the
HST inequality. Point (iv) will be needed in the forthcoming proof of the WSH in-
equality (1.4), as well as in the proof of Proposition 3.1 providing a direct bound of
the Wasserstein distance Wy by the Stein discrepancy.

ProprosITION 2.4. Under the above notation and assumptions, denote by 1, a Stein
kernel of dv = hdry. For every t > 0, recall dv' = P,hd~y, and write v; = log P;h.
Then,

(i) (Integrated de Bruijn’s formula)

H(v|v) = Enty(h) = / L, (P;h)dt. (2.14)
0
(ii) (Exponential decay of Fisher information) For every t > 0,
(V') = L(Ph) < e L (h) = e 1(1° 7). (2.15)

(iii) For every t > 0,

o2t
Len) = = [ [ -1a)y
V(e fz+ /1 —e 2 y)] dv(z)dy(y). (2.16)

As a consequence, for every t > 0,

ef4t 67415

10417) = L(Ph) < 7= = Im —1dllp, = 7=

< 7 S2(10 7). (2.17)

(iv) (Exponential decay of Stein discrepancy) For every t > 0,

S(v'|7) < 672tS(V0 7). (2.18)
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Proof. In view of the preceding discussion, only the proofs of (iii) and (iv) need to
be detailed. Throughout the various analytical arguments below, it may be assumed
that the density h is regular enough, the final conclusions being then reached by
approximation arguments as e.g. in [OV00,BGL14]. Starting with (iii), use (2.12)
and the definition (2.1) of 7, to write, for any t > 0,

L,(Ph) = — / LPuvdv = — / (AP — 2 - VP dv
R4 R4
(2.19)
= <7'V — Id, Hess(P,vy) >HS

Now, for all 7,5 = 1,...,d, by (2.8) and (2.9),

0i Proy(x) = e 2 Py(9;5v) () = : (e7'z 4+ V1—e2y)dy(y).

6/ Ou
V1 — e 2t Rdyl aﬂfj

Hence

/ <T,,—Id,Hess(Ptvt)> dv
Rd

—Id)y - Vus(e la + /1 — e 2 }dvxd
,/71_6 Qt/Rd/Rd )y - Vor( y) |dv(z)dy(y)
which is (2.16). To deduce the estimate (2.17), it suffices to apply (twice) the Cauchy-
Schwarz inequality to the right-hand side of (2.16) in such a way that, by integrating
out the y variable,

e,
I,(Ph) < —— T (x
) < g [ J N

o2t ) 1/2 1/2
Sm(éd"TV‘Id"Hsd”> (/det('wt'”d”> |
Since

/ Pt(|Vvt|2)d1/:/ Py(|Voe|*) hdy :/ |Vi|* Pohdry = 1,(P;h)
Rd Rd Rd

1d)y| |V (e 'z + V1 — e 2t y) |dv(z)dy(y)

by symmetry of P;, the proof of (2.17) is complete.
Let us now turn to the proof of (2.18). For any smooth test function ¢ on RY,
by symmetry of (), for any ¢ > 0,

/ r-Vod/' = / x-Vo Phdy = / Pi(z-Vo)hdy = / Pz - V)dv.
Rd, Rd, Rd Rd

By the integral representation of P;,
/ Pi(x-V)dv = e_t/ / z-Vo(eTte + V1 — e 2y)dv(z)dy(y)
R R SR
+V1—e" 2t/ / y-Vole 'z + V1 —e 2t y)dv(z)dy(y).
R4
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Use now the definition of 7, in the x variable and integration by parts in the y
variable to get that

Pt(ZE V)dv = e Qt/ /Rd<ﬂ, (Hess(p)) (e 'z+v/1—e2 y)>HS dv(x)dy(y)
+(1—e %) /Rd » Ap(eTtz+ V1 — e 2y)dv(z)dy(y)
e 2 /Rd (7, Py (Hess()) )yyq dv + (1 — ) /Rd P(Ap)dv
= ¢ % r(hTy,), Hess —e 2 a .
= [ (R Hes@)yg i+ (1= ™) [ Mg Py

As a consequence, a Stein kernel for v/¢ is

Py(hTy, _
o= 2 t(Pt;) 1 (1—e2)Id. (2.20)

Therefore,

P,(h(r, —1d))|}
/ ||7—Vt 7Id||2HS dl/t _ 6—4t/ || t( (T ))HHS d’y
Rd Rd Pth

By the Cauchy-Schwarz inequality along P,

|2 (hr, ~ 1)

s < Py(h|m, —1d|3is) Pih.

Hence,

/Rd 7 — 1d|| g dt < e_4t/Pt(h||Ty—Id|]%IS)d7

= ot [ lr—talghay = e [, 1 i
R4 R

that is the announced result (iv). Proposition 2.4 is established. 0

REMARK 2.5. For every t > 0, it is easily checked that the mapping = +— 7,:(x)
appearing in (2.20) admits the probabilistic representation

T(z) = Ele 7, (F) + (1 —e ?)1d| F, = 2] dv'(z)-ae., (2.21)
where, on some probability space (Q,F,P), F has distribution » and
F, = e 'F 4+ V1 —e 27, with Z a d-dimensional vector with distribution =, in-
dependent of F'.

We are now in a position to prove Theorem 2.2.
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Proof of Theorem 2.2. As announced, on the basis of the interpolation (2.14), we

apply (2.15) and (2.17) respectively to bound the Fisher information I, (P;h) for ¢
around 0 and away from 0. We thus get, for every u > 0,

H(v|y) = /0 L (Ph)dt + / L (Ph)dt
o8] —4t

I(V")/)/(; €2tdt+82(1/”}/)/ ﬁdt

%I(V | 7)(1 —e )+ %S2 (V | 7) ( —e 2 —log(1 — eizu)).

IN

IN

Optimizing in u (set 1 —e™2% =7 € (0,1)) concludes the proof. 0

REMARK 2.6. It is worth mentioning that a slight modification of the proof of (iii)
in Proposition 2.4 leads to the improved form of the exponential decay (2.15) of the
Fisher information

: 2w [ )10 ])
1) = @y @ - D)

As for the classical logarithmic Sobolev inequality, the inequality (2.22) may be inte-
grated along de Bruijin’s formula (2.13) towards the better, although less tractable,

HST inequality
S?1 I I
< - - . _
ST ) (1 Taroglos (SQ))

(understood in the limit as S? = I), where H = H(v |v), S = S(v|v) and I = I(v | ¥).

(2.22)

Together with the de Bruijn identity (2.13), the classical logarithmic Sobolev
inequality (1.1) ensures the exponential decay in ¢ > 0 of the relative entropy

H(v'|v) < 6_2tH(V0 |7) (2.23)

along the Ornstein—Uhlenbeck semigroup (cf. e.g. [BGL14, Theorem 5.2.1]). The new
HSI produces a reinforcement of this exponential convergence to equilibrium under
finiteness of the Stein discrepancy.

COROLLARY 2.7 (Exponential decay of entropy from HSI). Let v with Stein discrep-
ancy S(v|v) =S. For any t > 0,

—4t ef4t

c H(VO | ’y) S m S2 (7/0 |’}/) (224)

e+ T HA )

H(v'|7) <

Proof. Together with (2.18) and since r — rlog (1 + f) is increasing for any fixed s,
the HSI inequality applied to v! implies that

—A4t S2

/1) < ¢ A1)

log <1 + <2
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4t

Set U(t) = & H(v' | 7), t > 0, so that by (2.13), U’ = 4U — % I(v*| 7). The latter
inequality therefore rewrites as

V14U < U (2.25)

Since e"—1—r > % for r > 0, this inequality may be relaxed into —2U + 2U? < —U’.
Setting V() = e~ 2U(t), t > 0, it follows that 2e*V?2(t) < —V'(t) so that, after in-
tegration,

et _1 < 11

V@) V()
By definition of V, this inequality amounts to the conclusion of Corollary 2.7 and
the proof is complete. a

2.4 Stein discrepancy and concentration inequalities. = This paragraph in-
vestigates another feature of Stein’s discrepancy applied to concentration inequal-
ities. It is of course by now classical that logarithmic Sobolev inequalities may be
used as a robust tool towards (Gaussian) concentration inequalities (cf. e.g. [Le0O1,
BLM13]). For example, for the standard Gaussian measure + itself, the Herbst ar-
gument yields that for any 1-Lipschitz function u : R — R with mean zero,

Yu>r) < e_r2/2, r > 0. (2.26)

Equivalently (up to numerical constants) in terms of moment growth,

1/p
</ \u\pdq/) < Cyp, p>1L1 (2.27)
Ra

Here, we describe how to directly implement Stein’s discrepancy into such con-
centration inequalities on the basis of the principle leading to the HSI inequality. If
v is a probability measure on the Borel sets of R? with Stein kernel 7, set for p > 1,

1/p
Sp(v]7v) = </Rd |7 — Id|l5s dl/> .

Hence Sy(v|v) = S(v|7) is the Stein discrepancy as defined earlier. Recall | - [[,,
the operator norm on the d x d matrices.

Theorem 2.8 (Moment bounds and Stein discrepancy). Let v have Stein kernel
Ty. There exists a numerical constant C > 0 such that for every 1-Lipschitz function
uw:R? = R with fRd udv = 0, and every p > 2,

</R !u|pdy> " c[sp(uw) +\/§(/Rd 22 d,,> l/p] (2.28)
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Before turning to the proof of this result, let us comment on its measure concen-
tration content. One first important aspect is that the constant C' is dimension free.
When v = v, (2.28) exactly fits the Gaussian case (2.27). In general, the moment
growth in p describes various concentration regimes of v (cf. [Le0l, Section 1.3],
[BLM13, Chapter 14]) according to the growth of the p-Stein discrepancy S, (v | 7).

In view of the elementary estimate ||7,|,, < 1+ |7, —Id||yg, the conclusion
(2.28) immediately yields the moment growth (1.6) emphasized in the introduction

<AWW0WSC@@ﬂ+ﬁ+ﬁ Sy(v17)).

Note that there is already an interest to write this bound for p = 2,
Var, (u) < C’(l +S(v|v) + SQ(V|’}/) )

Together with E. Milman’s Lipschitz characterization of Poincaré inequalities for log-
concave measures [M09], it shows that the Stein discrepancy S(v |~) with respect to
the standard Gaussian measure is another control of the spectral properties in this
class of measures.

Similar inequalities hold for arbitrary covariances by suitably adapting the Stein
kernel as in Corollary 2.3.

A main example of illustration of Theorem 2.8 concerns sums of independent
random vectors. Consider X a mean zero random variable on a probability space
(Q, F,P) with values in R?, and Xi, ..., X,, independent copies of X. Assume that
the law v of X admits a Stein kernel 7,,. Setting T, = ﬁ Y o1 Xk, it is easily seen
by independence that, as matrices, a Stein kernel 7, of the law v, of T}, satisfies

7, (Th) = {1 Zn:Tu(Xk) ’Tn_ :

n

k=1 .
Hence,
1 n p 11/p
S, (vn |7) < E[H S [ (Xe) — 1 ] |
"= HS

By the triangle inequality, the latter is bounded from above by
1

Efl7(X) ~ 1dlfgs] 7 = Sp(v]7) = S,
which produces a first bound of interest. If it is assumed in addition that the co-
variance matrix of X is the identity, we may use classical inequalities for sums of
independent centered random vectors (in Euclidean space) to the family 7, (X)—1d,
k = 1,...,n. Hence, by for example Rosenthal’s inequality (see e.g. [BLM13,
MJCFT14), for p > 2,

1 n

]E[Hn kz_l [7,(Xy) — Id]

p 71/p
} < K, n~1/2 Sp-

HS
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Together with (1.6), it yields a growth control of the moments of u(T,,) for any
Lipschitz function u, and therefore concentration of the law of T;,. More precisely,
and since it is known that K, = O(p), for any 1-Lipschitz function w : R? — R such
that E(u(T},)) = 0,

E[[u(T)]"" < C vp (1 +nV2 S, + n—1/4\/]TSP)

for some numerical C' > 0. Note that the bound is optimal both for v = v and
as n — oo describing the standard Gaussian concentration (2.27). By Markov’s
inequality, optimizing in p > 2, one deduces that for some numerical C’ > 0,

P(u(Ty) >7) < O™/ (2.29)

for all 0 < r < r, where r, — oo according to the growth of S, as p — oo. For
example, if S, = O(p®) for some o > 0 (see below for such illustrations), then

E[[u(@)["]" < C Vi

(for some possibly different numerical C' > 0) for every p < nEai, By Markov’s
inequality in this range of p,

B(lu(r)] > ) < (T2
and with p ~ %, the claims follows with r,, of the order of niat,

For the applications of the concentration inequality (2.29), it is therefore useful
to provide a handy set of conditions ensuring a suitable control of (the growth in
p of) S, = Sp(v|~), that is of the moments of the Stein kernel 7, (X) of a given
random variable X with law v. The following remark collects families of examples
in dimension one. Together with this remark, (2.29) therefore produces with the
Stein methodology concentration properties for measures not necessarily satisfying
a logarithmic Sobolev inequality. For example, the conclusion may be applied to a
vector X with independent coordinates in R? each of them of the Pearson class as
described in (b) of the following Remark 2.9.

REMARK 2.9. For concreteness, we describe two classes of one-dimensional distrib-
utions such that the associated Stein kernel has finite moments of all orders. Denote
by X a centered real-valued random variable with law v and Stein kernel 7,,. Recall
from (2.2) of Remark 2.1, that if v has density p with respect to the Lebesgue mea-
sure, a version of 7, is given by 7, (x) = p(z) ™' [ yp(y)dy for x inside the support
of p.

(a) Assume that p(x) = q(z T L€ R, where ¢ is smooth and satisfies the

uniform bounds ¢(z) > ¢ > 0 et |¢/(z)] < C < oo for constants ¢,C > 0.
Therefore,

oo —z?/2  px
2 € 2
/ ¢ (y)e v Py = 1- e / ¢ (y)e " *dy.



GAFA STEIN’S METHOD AND LOGARITHMIC SOBOLEV INEQUALITIES 273

Studying separately the two cases z > 0 and x < 0, it easily follows that
|7, (x) — 1| < V210 and consequently E[|7,(X)|"] < oo for every r > 0.

C
(b) Assume that the support of p coincides with an open interval of the type (a, b),
with —oo < a < b < +o00. Say then that the law v of X is a (centered) member
of the Pearson family of continuous distributions if the density p satisfies the

differential equation

plx) ag + a1z
p(x) bo + b1z + bax?’

x € (a,b), (2.30)

for some real numbers ag, a1, by, b1, b2. We refer the reader e.g. to [DZ91, Sec. 5.1]
for an introduction to the Pearson family. It is a well-known fact that there
are basically five families of distributions satisfying (2.30): the centered nor-
mal distributions, centered gamma and beta distributions, and distributions
that are obtained by centering densities of the type p(z) = Cz % #/* or
p(x) = C(1+ z)"*exp(Larctan(z)) (C being a suitable normalizing constant).
According to [Ste86, Theorem 1, p. 65], if 7, satisfies

"y Oy
——dy = +oo and / ——dy = —o0, (2.31)
/0 7 (y) o T(Y)

then 7,(z) = ax® + Bx + v, = € (a,b) (with a, 3, v real constants) if and only
if v is a member of the Pearson family in the sense that p satisfies (2.30) for
every = € (a,b) with agp = 3, a1 =2a+ 1, by =, by =  and by = «. It follows
that if v is centered member of the Pearson family such that (2.31) is satisfied
and X has finite moments of all orders, so has 7,,(X). This includes the case of
Gaussian, gamma and beta distribution for example.

Further illustrations of Theorem 2.8 may be developed in the general context of
eigenfunctions on abstract Markov Triples (F, u, ') as addressed in the forthcoming
Section 5. Indeed, let F' : E — R be an eigenfunction of the underlying diffusion
operator L with eigenvalues A > 0 with distribution v and normalized such that
fE F2du = 1. Then, according to Proposition 5.1 below, a version of the Stein
kernel is given by

T, = % E.[T(F)| F]

so that

p

@—1 du.

A

Sh(v17) < [

In concrete instances, such as Wiener chaos for example, the latter expression may
be easily controled so to yield concentration properties of the underlying distribu-
tion of F. For example, in the setting of the recent [ACP13], it may be shown by
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hypercontractive means that for the Hermite, Laguerre or Jacobi (or mixed ones)
chaos structures, for any p > 2,

p/2
Sg(ulfy) < Cpa (/EF4d,u—3> )

According to the respective growth in p of C), ), concentration properties on F' may
be achieved.
We turn to the proof of Theorem 2.8.

Proof of Theorem 2.8. We only prove the result for p an even integer, the general
case following similarly with some further technicalities. We may also replace the
assumption f]Rd udv = 0 by fRd udy = 0 by a simple use of the triangle inequality.

Indeed, by Jensen’s inequality,
P
/ udy—/ udry §/ u—/ wdry
R¢ Rd R¢ R4
so that if the conclusion (2.28) holds for u satisfying [, udy = 0, it holds similarly
for u satisfying fRd udr = 0 with maybe 2C instead of C.

We run as in the preceding section the Ornstein-Uhlenbeck semigroup (F),~
with infinitesimal generator £ = A — z - V. Let u : R — R be 1-Lipschitz, as-
sumed furthermore to be smooth and bounded after a cut-off argument (cf. [Le01,
Section 1.3] for standard technology in this regard). Let thus ¢ > 1 be an integer,
and set

p

dv

P(t) = /Rd(Ptu)2qdy, t>0.

Under the centering hypothesis [, udy = 0, ¢(c0) = 0. Differentiating along (P;),~
together with the definition of Stein kernel 7, yields

o (t) = 2q/ (Pu)?! LPudy
Ra

= 2q/ (Pu)*~ 1 AP dv —/ x - V(Pu)*ldy
R4 Rd

= 2¢ /Rd (Pau)? ' APudy — /Rd <T,,,Hess((Ptu)2q)>HS dv
= 2q /Rd (Ptu)zq_1<ld — 7y, Hess(Pyu))us dv
—2q(2g—1) /Rd(Ptu)Qq_2<TV’ VPu® VPu)ys dv.
As in the proof of Proposition 2.4,

/ (Peu)?H(r, — 1d, Hess(Pyu) ) g dv
R4

m/Rd /Rd (Pu)®"Hz) (1,(z)—1d)y - Vu(e 'z+v1—e 2t y)dv(z)dy(y).
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Using that |[Vu| <1 (since w is 1-Lipschitz) and furthermore
[VPu| < e 'P(|Vul) < e,

it easily follows as in the previous section that for every ¢,

_H(t) < /‘2ﬂfm4% Yiry — Tdlygs do

\ / o2
(2.32)
+e*{/fm@q—1xﬂuffﬂm4@du
Rd
By the Young-Hélder inequality,
2g—1 _ l . a l (2¢—1)18
20l PPt~ — Wl < [l — s + 7 [2alPruf )
where ao = 2¢ and (2¢g — 1) = 2q, and
B 1 o 1 g
20(20 ~ P21l < 2 (20— Dlitllg]” + 5 [20(Pag®e-2)’
where o/ = g and (2q — 2)3’ = 2q. Therefore (2.32) implies that, for every ¢,
—¢/(t) < C(t) ¢ (t) + D(t)
where
C(t) = < 20 + e (20"
V1—e 2
and
e * 2 q
D(t) = —— 7, —Id dv + e~ / 2q — 1)||7 ||| dv.
0 = = [ I~ 1l [ [20= DIl
Integrating this differential inequality yields that
~ o0 ~
o(t) < €@ / e CID(s)ds
t
where C(t) = [75 C(s)ds, t > 0.1t follows that ¢(0 fo s)ds and therefore

[ ar = o(0) < (/unAM%W+/[W—nmm£w)

Since C (0) is bounded above by Cq for some numerical C' > 0, the announced claim
follows. The proof of Theorem 2.8 is therefore complete. O
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2.5 On the rate of convergence in the entropic central limit theorem.
In this last paragraph, we provide a brief and simple application of the HSI inequality
to (yet non optimal) rates in the entropic central limit theorem. Let X be a real-
valued random variable on a probability space (€2, F,P) with mean zero and variance
one. Let also X7,..., X, be independent copies of X and set

T = Zn: apXp
k=1

where >"p_; a2 = 1.

Assume that the law v of X has a density h with respect to the standard Gaussian
measure v on R with (finite) Fisher information I(v|v) and a Stein kernel 7, with
discrepancy S(v | 7). Let vr be the law of T'. The classical Blachman-Stam inequality
(cf. [Sta59,Bl165,V09]) indicates that

(or %) < 1(v17).

On the other hand, as in the previous paragraph,

70 (T) = E [ zn: a21,(Xp) ) T}

k=1
so that

S*(vr|7) < a(a)S*(v]7)
where a(a) = Y"1 al.
As a consequence therefore of the HSI inequality of Theorem 2.2,

H(vr|v) < %a(a) s? (v]7)log <1 + a(al)(;z‘gj)‘w) (2.33)
This result has to be compared with the works [ABBNO04] and [BJ04] (cf. [J04])
which produce the bound
a(a)
c/2+ (1 —¢/2)a(a)
under the hypothesis that v satisfies a Poincaré inequality with constant ¢ > 0.
For the classical average T), = % > i1 Xk, (2.34) yields a rate O(1) in the en-

H(vr|v) <

H(v|7) (2.34)

tropic central limit theorem while (2.33) only produces O(lof1 ), however at a cheap

expense and under potentially different conditions as described in Remark 2.9. For
this classical average, the recent works [BCG13,BCG1l4a] actually provide a com-
plete picture with rate O(%) under a fourth-moment condition on X based on local
central limit theorems and Edgeworth expansions. General sums 7' = > /| apXj
are studied in [BCG14b] as a particular case of sums of independent non-identically
distributed random variables. Vector-valued random variables may be considered
similarly.
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3 Transport Distances and Stein Discrepancy

In this section, we develop further inequalities involving the Stein discrepancy, this
time in relation with Wasserstein distances. A new improved form of the Talagrand
quadratic transportation cost inequality, called WSH, is emphasized, and comparison
between the HSI inequality and the Talagrand and Otto-Villani HWI inequalities is
provided. Let again v = ¢ denote the standard Gaussian measure on R%,

Fix p > 1. Given two probability measures v and ; on the Borel sets of R? whose
marginals have finite absolute moments of order p, define the Wasserstein distance
(of order p) between v and u as the quantity

1/p
W) = int ([ o ypanan)
™ Rd xR

where the infimum runs over all probability measures 7 on R? x R¢ with marginals
v and p. Relevant information about Wasserstein (or Kantorovich) distances can be
found, e.g. in [V09, Section 1.6].

We shall subdivide the analysis into two parts. In Section 3.1, we deal with the
special case of the quadratic Wasserstein distance W, for which we use the definition
(2.1) of a Stein kernel. In Section 3.2, we deal with general Wasserstein distances W,
possibly of order p # 2, for which it seems necessary to use the stronger definition
(2.3) adopted in [NPS13,NPS14].

3.1 The case of the Wasserstein distance Wy.  We provide here a dimension-
free estimate on the Wasserstein Wy distance expressed in terms of the Stein dis-
crepancy. In the forthcoming statement, denote by v a centered probability measure
on R? admitting a Stein kernel 7, (that is, 7, verifies (2.1) for every smooth test
function ¢). It is not assumed that v admits a density with respect to the Lebesgue
measure on R? (in particular, v can have atoms). As already observed, the existence
of a Stein kernel for v implies that v has finite moments of order 2.

PROPOSITION 3.1 (Wasserstein distance and Stein discrepancy). For every centered
probability measure v on R?,

Wa(,7) < S(v]7). (3.1)

Proof. Assume first that dv = hd~y where h is a smooth density with respect to
the standard Gaussian measure v on R%. As in Section 2, write v; = log P,h and
dvt = P;hdy. We shall rely on the estimate, borrowed from [OV00, Lemma 2] (cf. also
[V09, Theorem 24.2(iv)]),

1/2
— Wy(y,1h) < (/ Vvt|2dvt) . (3.2)
dt R
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Note that (3.2) is actually the central argument in the Otto-Villani theorem [OV00]
asserting that a logarithmic Sobolev inequality implies a Talagrand transport in-
equality. Here, by making use of (3.2) and then (2.17) we get that

00 1/2 —2t
Wa(v,7) < Vo |2d dt < S( /
i < [T [ 1wupar) ) [ g i

which is the result in this case.

The general case is obtained by a simple regularization procedure which is best
presented in probabilistic terms. Fix ¢ > 0 and introduce the auxiliary random
variable F, = ¢ °F + /1 — e 2Z where F and Z are independent with respective
laws v and ~. It is immediately checked that: (a) the distribution of F., denoted by
v¢, admits a smooth density h. with respect to v (of course, this density coincides
with P.h whenever the distribution of ' admits a density h with respect to v as in
the first part of the proof); (b) a Stein kernel for ¢ is given by

Tye(z) = E[e ™ n(F)+ (1 — e *)Id| F. = 2] dv°(z)—ae.

[consistent with (2.21)]; (c) S(v°|v) < e 2¢S(v|7); (d) as e — 0, F. converges to F
in L2, so that, in particular, Wo(v%,7) — Wa(v, 7). One therefore infers that

Wa,7) = g Wa(u5,7) < limsup S(%|) < S(v]v),
E—

and the proof is concluded. O

The inequality (3.1) may of course be compared to the Talagrand quadratic
transportation cost inequality [T96,V09, BGL14]

W3(v,v) < 2H(v 7). (3.3)

As announced in the introduction, one can actually further refine (3.1) in order to
deduce an improvement of (3.3) in the form of a WSH inequality. The refinement
relies on the HSI inequality itself.

Theorem 3.2 (Gaussian WSH inequality). Let dv = hdy be a centered probabil-
ity measure on R? with smooth density h with respect to ~. Assume further that
S(v|~) and H(v |~) are both positive and finite. Then

Wa(r,7) < S(v[) arccos(e Sfé((”‘g)))

Proof. For any t > 0, recall dv' = Pihdy (in particular, v° = v and v! — v as
t — o0). The HSI inequality (2.6) applied to v! yields that

. I(v
H(v'|v) < 382(1/ |7) log <1+S2(ij>.



GAFA STEIN’S METHOD AND LOGARITHMIC SOBOLEV INEQUALITIES 279

Now, S%(v* |y) < S*(v|v) by (2.18) and r — rlog (1 + £) is increasing for any fixed
s from which it follows that

H(I/t|’)/) < %S2(y|7) log <1+ I(WW)).

S*(v]7)

By exponentiating both sides, this inequality is equivalent to
Wy

S(v | Ve H —1

Combining with (3.2) and recalling (2.13) leads to

FH' )

2H(vt|y)

S( )V e H0 —1

- —% <S (v|v) arccos (e* =R > ) .

I(vt|y) <

CWa(v) <\ ]7) < -

In other words,

d _H@ty

dt<W2(V, v +8S(v]7) arccos(e 32<M>)> < 0.

The desired conclusion is achieved by integrating between ¢ = 0 and ¢ = oo. The
proof of Theorem 3.2 is complete. O

Proposition 3.1 and Theorem 3.2 raise a number of observations.

REMARK 3.3. (a) Since arccos(e™") < v/2r for every r > 0, the WSH inequality
thus represents an improvement upon the Talagrand inequality (3.3). Moreover,
as for the HSI inequality, the WSH inequality produces the case of equality in
(3.3) since arccos(e™") < v/2r is an equality only at r = 0.

(b) The Talagrand inequality may combined with the HSI inequality of Theo-
rem 2.2 to yield the bound

Wi(v,7) < S*(v]7) log (1 + m> (3.4)

(c) (HWI inequality). As described in the introduction, a fundamental estimate
connecting entropy H, Wassertein distance Wy and Fisher information I is

the so-called HWI inequality of Otto and Villani [OV00] stating that, for all
dv = hd~ with density h with respect to -,

H(v|7) < Wa(r7) /10 |7) — 5 Wh() (35)

(see, e.g. [V09, pp. 529-542] or [BGL14, Section 9.3.1] for a general discus-
sion). Recall that the HWI inequality (3.5) improves upon both the logarith-
mic Sobolev inequality (1.1) and the Talagrand inequality (3.3). It is natural
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to look for a more general inequality, involving all four quantities H, Wy, I and
the Stein discrepancy S, and improving both the HSI and HWI inequalities.
One strategy towards this task would be to follow again the heat flow approach
of the proof of Theorem 2.2 and write, for 0 < u < ¢,

t
Ent,(h) = /0 L, (Psh)ds 4 Ent., (P;h)

u os 5 t 6—43 €—2t 5
Iy(h)/o e *ds+S°(v]7) /u o2 ds + 50— ) W5 (v, 7).

IN

Here, we used (2.15) and (2.17), as well as the known reverse Talagrand
inequality along the semigroup given by

6_2t

Ent»y(Pth) S m

W3(v,7)

(cf. e.g. [BGL14, p. 446]). Setting o = 1 — e72% < 1 — e~ 2! = 3, the preceding
estimate yields

H(v|v) < inf ®(a,3)

0<a<pLl

where

@(a,ﬁ):al(ulfy)—l—(a—loga) SQ(V | 7)+1ﬁﬂ W%(V, v) + (log —1) SQ(V | 7).
However, elementary computations show that, unless the rather unnatural in-
equality 2Wa(v,y) < S(v|7) is verified, the minimum in the above expression
is attained at a point («, 3) such that either & = # (and in this case one re-
covers HWI) or 8 =1 (yielding HSI). Hence, at this stage, it seems difficult to
outperform both HWI and HSI estimates with a single ‘HWSI’ inequality. In
the subsequent point (d), we provide an elementary explicit example in which
the HSI estimate performs better than the HWI inequality.

(d) In this item, we thus compare the HWI and HSI inequalities on a specific
example in dimension d = 1. For every n > 1, consider the probability measure
dvp(x) = pp(z)dz with density

R R
pn(z) = \/%[(1 n) ?

—n2x2/2]

+ nane , xR,

where (ap),>; is such that a, € [0,1] for every n > 1, a, = o(=-) and

logn
2/3

n*?a, — oo. A direct computation easily shows that H(v, |v) — 0. Also, since

oh(z) = — [(1- an)e "% 4 n?’ane_xz”z/Q],

ok
3
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one may show after simple (but a bit lengthy) computations that

/ 2
I(z/n\’y) = Pu(2) dr —1 ~ n’a, as n — oo.
R pn(l‘)

We next examine the Stein discrepancy S(v, |vy) and Wassertein distance Wy
(Vn, 7). Since a Stein kernel 7, of v, is given by

1
V2T pp,

Ta(z) = (1 ap)es/2 4 B gmrtais2),

n

it is easily seen that
SQ(Vn|’}/) = / (Tn(z) — 1)2pn(37)d:1; < ap, — 0.
R

Concerning the Wasserstein distance, from the inequality (3.1), we deduce that
Wa(vn,v) < \/an. On the other hand, by the Lipschitz characterization of Wy
(specializing to the Lipschitz function x — |cos(z)|), cf. e.g. [V09, Remark

Wa(vp,v) > Wi(vp,y) > '/R‘COS(SU)‘an(!L‘) —/R’cos(a:)’dy(m)

Now, the right-hand side of this inequality multiplied by ai is equal to

n/R | cos(x)|6_”2$2/2 \;i;w - /R ’ cos(x)’dv(x)
/ U cos(%)‘ — ’cos(x)’]dy(m)
R

which, by dominated convergence, converges to a non-zero limit. As a conse-
quence, there exists ¢ > 0 such that, for n large enough, Wy (v, ) > cay,.
Summarizing the conclusions, the quantity

1
WZ(”VI,’}/) I(Vn"Y) _§W§(VTL77)

is bigger than a sequence of the order of nay/? = (n*/3a,,)3/?, which (by
construction) diverges to infinity as n — oo. This fact implies that, in this
specific case, the bound in the HWI inequality diverges to infinity, whereas
H(vp |v) — 0. On the other hand, the HSI bound converges to zero, since

I(vn [7)

2 —_
5 (v 1) log <1 T 2l

) < aplog(l+n?) ~ 2a,logn — 0.
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3.2 General Wasserstein distances under a stronger notion of Stein ker-
nel. In this part, we obtain bounds in terms of Stein discrepancies on the Wasser-
stein distance W), of any order p between a centered probability measure v on R4
and the standard Gaussian distribution . As in Proposition 3.1, we shall consider
probabilities v not necessarily admitting a density with respect to . However, it will
be assumed that v has a Stein kernel 7, verifying the stronger ‘vector’ relation (2.3).
The reason for this is that, in order to deal with Wasserstein distances of the type
Wy, p # 2, one needs to have access to the explicit expression of the score function
V(log P;h) along the Ornstein—Uhlenbeck semigroup, as proved in [NPS13, Lemma
2.9] in the framework of Stein kernels verifying (2.3). Recall that the existence of 7,
implies that v has finite moments of order 2.

PROPOSITION 3.4 (W), distance and Stein discrepancy). Let v be a centered prob-
ability measure on R? with Stein kernel 7, in the sense of (2.3). For every p > 1,
set

d Ny 1/p
I =t = (30 [ J - o)
ij=1"R?
(where 0;; = 1 if i = j and 0 if not), possibly infinite if 7 ¢ LP(v). In particular,
I7 —1dlly,, = S(¥|).

(i) Let p € [1,2). Then,
W, (v,7) < Cpd 7|7, —1d|,, (3.6)

where Cf = [ |z[Pdy* ().
(ii) Let p € [2,00). If v has finite moments of order p, then (with the same C), as in

(i)
Wy(r7) < Cpd 2 |, ~ ], (37)
In particular, for p = 2 we recover (3.1).

Proof. Owing to an approximation argument analogous to the one rehearsed at end
of the proof of Proposition 3.1, it is sufficient to consider the case dv = h dvy where
h is a smooth density. Write as before v; = log P;h and dv' = P,hdy. By virtue of
[NPS13, Lemma 2.9], under thus the strengthened assumption (2.3), a version of
Vug, t > 0, is given by

6—2t

- _ - _ _ d

x — Vu(z) = mE[(Ty(F) Id)Z|F, =], z€R,
where, as in Remark 2.5, F' and Z are independent with respective law v and v, and
Fy = e 'F ++/1 — e 2tZ. Moreover, one can straightforwardly modify the proof of
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[OV00, Lemma 2] (cf. also [V09, Theorem 24.2(iv)]) in order to obtain the general
estimate

EWP(V, v < </]Rd A dut> . (3.8)

It follows that

00 1/p
W, (v,v) < / </ ]Vvt\pdyt> dt
0 R4
00 6721‘/
- f el

Now, if 1 <p <2,

—2t

W < [T (3e]

d - 1/p
< C, dll/p< Z EHTZJ(F) — by p]>

3,j=1

yielding (i). On the other hand, if p > 2, then

d

Wy(,7) < /000\/16;;% E[(iEKZ(Tij(F) _5”)2].)2
d - ” PN 1/p
g2/ ( ; E[ } >

p/271/p
SN

IN

d
Z (17 (F) — bi5) Z;

IN
Q
SH
i
o
<
S
VRS
T]=
&=
<L
<
B
N—
|
IS¢
<
i
~__
—

which immediately yields (ii). The proof of Proposition 3.4 is complete. O

REMARK 3.5. Specializing (3.6) to the case p = 1 yields the estimate

2
Wl(V7 ’7) < \/;HTV - Id”l,zx (39)

which improves previous dimensional bounds obtained by an application of the mul-
tidimensional Stein method (cf. the proof of [NP12, Theorem 6.1.1]). It is important
to note that, apart from the results obtained in the present paper, there is no other
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version of Stein’s method allowing one to deal with Wasserstein distances of order
p > 1. Observe that coupling results from [Ch12] (that are based on completely dif-
ferent methods) may be used to deduce analogous estimates in the case when d = 1
and the Stein kernel 7, is bounded.

4 HSI Inequalities for Further Distributions

On the basis of the Gaussian example of Section 2, we next address the issue of
HSI inequalities for distributions on R%, d > 1, that are not necessarily Gaussian.
In order to reach the basic semigroup ingredients towards such HSI inequalities put
forward in Proposition 2.4, a convenient family of measures to deal with is the family
of invariant measures of second order differential operators. These include gamma
and beta distributions, as well as families of log-concave measures as illustrations.
As such, the investigation is part of the generator approach to Stein’s method as
developed in [Ba90,G91,R05]. We present it here in the framework of Markov Triples
as developed in [BGL14] and, for simplicity, only consider operators and measures
on R,

4.1 A general statement. Let E be a domain of R? and consider a family of
real-valued C*°-functions a"(x) and b*(x), ¢,j = 1,...,d, defined on E. We assume
that the matrix a(z) = (a"(2));<; j<4 18 symmetric and positive definite for any

x € E. For every x € E, we let aé(a:) be the unique symmetric non-singular matrix
such that (a2 (z))? = a(z). Let A denote the algebra of C*-functions on F and £
be the second order differential operator given on functions f € A by

d d

Lf = {(a,Hess(f))yq+b-Vf = > a’ o't +) 0 of (4.1)

6952-8:0]- i—1 8561 '

ij=1

The operator L satisfies the chain rule formula and defines a diffusion operator. We
assume that £ is the generator of a symmetric Markov semigroup (F;),~, where the
symmetry is with respect to an invariant probability measure p. -

A central object of interest in this context is the carré du champ operator I'
defined from the generator £ by

d

I(f,9) = %[ﬁ(fg) ~fLg—gLf]l=) a

ij=1

ij 0f 99
8321‘ (93?]'

for all (f,g) € A x A. Note that I' is bilinear and symmetric and T'(f, f) > 0.
Moreover, the integration by parts property for £ with respect to the invariant
measure p is expressed by the fact that, for functions f, g € A,

/Efﬁgdu = /Ef(f,g)du~
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The structure (E,pu,I") then defines a Markov Triple in the sense of [BGL14] to
which we refer for the necessary background.

The requested semigroup analysis toward HSI inequalities will actually involve in
addition the iterated gradient operators I',,, n > 1, defined inductively for
(f,g9) € A x A via the relations I'y(f, g) = fg and

Fn(fvg) = %[ﬁrn—l(fag) - Pn—l(fa ﬁg) - Fn—l(gvﬁf)]v n > 1.

In particular I'y = I' and the operators I';,, n > 1, are similarly symmetric and
bilinear. In what follows, we shall often adopt the shorthand notation I',,(f) instead
of I'y(f, f). The I'y operator is part of the famous Bakry-Emery criterion for loga-
rithmic Sobolev inequalities [BE85], [BGL14, Section 5.7]. As a new feature of the
analysis here, the iterated gradient I'g will turn essential towards a suitable analogue
of (iii) in Proposition 2.4.

A prototypical example of this setting is of course the Ornstein—Uhlenbeck op-
erator £ =A —z -V on R considered earlier, with the standard Gaussian measure
~ as symmetric and invariant measure. In this case, the carré du champ operator
is simply given by I'(f) = |V f|? on smooth functions f. It is easily seen that, for
example (cf. [L95]),

d (92 2
i = 3 (o9 ) +T0)
ij= t
and
d 63f 2
L3(f) = ”zk;1<3$za$]5$k> +3T2(f) —20(f).

Given thus the preceding Markov Triple (E, i, I') associated to the second order
differential operator £ of (4.1), let dv = hdp where h is a smooth probability density
with respect to . As in the Gaussian case, the relative entropy of v with respect to
1 is the quantity

H(v|p) = Ent,(h) :/Ehloghd,u.

Similarly, the Fisher information of v (or h) with respect to u is defined as

I(v|p) =1,(h) = /Er(hh)d,u = /EF(logh)hd,u = —/Eﬁ(logh)dy. (4.2)

The (integrated) de Bruijn’s identity (cf. Proposition 5.2.2 in [BGL14]) reads as in
(i) of Proposition 2.4,

H(v|p) = /000 L,(Pih)dp.
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Let Mg«q denote the class of d x d matrices with real entries. Analogously to the
definition of Stein kernel of Section 2.1, we shall say that a matrix-valued mapping
7, RY — Mgy g satisfying 77 € L'(v) for every i,j =1,...,d, and

—/Eb-Vde = /E<TV,Hess(f)>Hde, feA, (4.3)

is a Stein kernel for the probability v on E with respect to the generator of £ of (4.1),
where b = (b;(x)); ;< 4 is part of the definition of L. For the Ornstein-Uhlenbeck
operator L = A — z -V, the definition corresponds to (2.1). Since fE Lfdu = 0,
observe that a is a Stein kernel for pu. The main result in this section is an HSI
inequality that relates H(v | ), I(v | 1) and the Stein discrepancy of v with respect
to

1/2
S(v|p) = </EHCL_;’T,/CL—; —IdHIQ{SdV> (4.4)

that we regard, as in the Gaussian case of Section 2, as a measure of the distance
between v and p (since 7, = a). Note that choosing a = C' in (4.4), with C non-
singular, yields the quantity arising in Corollary 2.3. It should also be mentioned that
the Stein discrepancy (4.4) is somewhat in contrast with the bounds one customarily
obtains when applying Stein’s method (see e.g. [NP09] for the specific example of
the one-dimensional Gamma distribution, or [R05] for a general reference), which
typically involve quantities of the type [ |7, — all}g dv. The appearance of the

inverse matrices a~2 seems to be inextricably connected with the fact that we deal
with information-theoretical functionals.

The following general statement collects the necessary assumptions on the iter-
ated gradients I', I's and I's to achieve the expected HSI inequality by the semigroup
interpolation scheme. The next paragraphs will provide illustrations in various con-
crete instances of interest. In Theorem 4.1 below, (i) amounts to the Bakry-Emery
I'y criterion to ensure the logarithmic Sobolev inequality (cf. [BGL14, Section 5.7])
while condition (ii) linking the I'y and I's operators will provide [together with (iii)]
the suitable semigroup bound for the time control of I(Pih) away from 0. Recall
U(r)=1+logrifr>1and U(r)=rif0<r<1.

Theorem 4.1 (General HSI inequality). In the preceding context, let dv = hdu
where h is a smooth density with Stein kernel 1, with respect to u. Assume that
there exists p, k, 0 > 0 such that, for any f € A,

(i) T2(f) = pI(f);
(it) T3(f) = £ T2(f); 1
(iii) Ta(f) > o ||a> Hess(f) az|/}g (with a as in (4.1)).

Then,

H(v|p) < 21032(1/|M)\P<0max(ﬂyﬁ)l(ﬂﬂ)>

prS*(v | 1)
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Note that in the Ornstein—Uhlenbeck example, p = k = ¢ = 1 from which we
recover the HSI inequality (2.6), however in a slightly weaker formulation.

Proof. 1t is therefore a classical fact (see e.g. [BGL14, (5.7.4)]) that (i) ensures the
exponential decay of the Fisher information along the semigroup

L(Ph) < e ' 1,(h) = e *'I(u|v) (4.5)

for every ¢t > 0 (and then yields a logarithmic Sobolev inequality for u.) Now, fix
t >0 and let f € A. The I'-calculus as developed in [BGL14], but at the level of the
I'y and I's operators, yields on [0,¢] (by the very definition of I's from I'y),

d

(P(Ta(Ps)e ) = 2672 (P(Ta(Piesf) = #P. (T2(P—s )
= 2¢ Py ((I's — k12)(Pr—sf))-

By (ii), the latter is non-negative so that the map s + Ps(T2(P_sf))e 2" is in-
creasing on [0, ¢], and thus

R((H) ~T(R) = 2 [ P(Ta(Prea)ds

2T5(P;f) /Ot e ds = l(em — 1)To(Pf).

Together with (iii), it then follows that
P(T(f)) > B(T(f)) —T(P(f)) > %(em ) ||a® Hess(P.f)as ||5g.  (4.6)

We shall apply (4.6) to v; = log P;h (with h regular enough). First, by symmetry
of pu with respect to (Pt)tzo,

Y]
BN

IM(Pth) = —/ Evt Pthd/,L = —/ EPtUt hdu = —/ ;CP{Ut dv. (47)
E E E

Hence, by (4.1) and (4.3),

L,(Ph) = —/E<a Hess(Pvy) >HS dv — /Eb~VPtvt dv

= /E <7‘l, — a, Hess(Pyvy) >HS

Now, by the Cauchy-Schwarz inequality,

L,(Ph) = / <a_%7',,a_% —1d,a> Hess(Ptvt)a%>HS dv
E

1/2 1/2
</ Ha_%ﬂ,a_% —Id||2HS du> </ Haé Hess(Ptvt)a;HiISdZ/>
E E

S(v|p) <G(e2j_1)/EPt(r(ut)))du>l/2

IN

IN
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where the last step follows from (4.6). Since

[EPt(F(vt))dV = /EPt(F(vt))hdu = / L(v) Pihdp = 1,(Ph),

E

it follows that
K

L(Ph) < — "
l( t ) = 0'(62’%—1)

S*(v|p). (4.8)

Finally, using (4.5) for small ¢t and (4.8) for large ¢, one deduces that, for every
u > 0,

—

H(V | /.L) § (V | M) /0 6_2ptdt + 82 (7/ | ,U) /u m dt

_ I(V|lu’) —2pu SQ(V‘:U) —2Ku
=2, (1 —e 2P 5o log(l —e ).

Setting r = e™2%,

v 2(v
H(v|p) < inf {I(‘M)(l—r”)—sg’u)log(l—r”)}.

0<r<1 2p o

Now, using that 1 — 7 < max(1, 2)(1 —7*) for r € (0,1), a simple (non-optimal)
optimization yields the desired conclusion. The proof of Theorem 4.1 is complete. O

REMARK 4.2. It should be pointed out that, on the basis of (4.8), transport in-
equalities as studied in Section 3 may be investigated similarly in the preceding
general context, and with similar illustrations as developed below. For example, as
an analogue of (3.1),

Wa(v,n) < S(v|p).

2
VKo
In order not to expand too much the exposition, we leave the details to the reader.

The next paragraphs present various illustrations of Theorem 4.1.

4.2 Multivariate gamma distribution. As a first example of illustration of
the preceding general result, we consider the case of the multidimensional Laguerre
operator, which is the product on R‘j_ of one-dimensional Laguerre operators of
parameters p; > 0,7 =1,...,d, that is,

d d
0* 0
Lf = 890]; + > (pi — i) 89{-'
i=1 i !

i=1

In particular, a(z) = (#i0ij);; j<4 in (4.1). It is a standard fact that the invariant
measure j associated with £ has a density with respect to the Lebesgue measure

given by the tensor product of d gamma densities of the type F(pi)_le i_le_ml,
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zi € Ry, i =1,...,d. For reasons that will become clear later on, we assume that
Di = %,izl,...,d.

After some easy but cumbersome calculations, it may be checked that, along
suitable smooth functions f,

0% f 8f 32f 1 of
d
&3 f o*f
Ls(f) = Z T <af1328$3355k> o Z e 8%8&5] 07 0x;
i,j,k=1
d 2

3 0 f 3 0 f

+2”z:1(pi+xz) <3xlaﬂﬁj> + §Zx (85512)

d d 2
3 of o*f 1 of
+12: ox; 895 +4Zz: 3pi + i) (85%)

Note that (recall x;,x;,x, > 0)

83f 2 d an 83f
jzkjlxl%xk <a"313$] 8$k> i SMZ:: o Ox;0x; dxldx;
d
o1 >f  Of
> 2. (25
> z ;T <8x28xj> +3 Z TS s 970,
1,7=1 7 ij=1 3
d 2
9 82f
> 2 .
a 4 Z i <8x26x]>
2,7=1
Therefore
d ) )
3 82](‘ 3 82f
rin) 2§ 3 (n-g o) (g ) +a e (5)

Since p; > %, it follows at once that I's(f) > %Fg( f). Analogous computations lead
to

d6f82 1 2\ 1L 0 )\?
Yoo > 2 (52) —aX (o)
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implying that

Finally, one has

1 Ly 21
5 | VaHess(f) Valgg = 5 2 il (axigw)

2f \? 1& 2f  of
L) ey (made 2y

IN

N —
[]=
a
/\\
Q

&
Q|—

8
<.

< Ia(f).

As a consequence, Theorem 4.1 applies with p =k =0 = % to yield the follow-
ing result (the numerical constants there are not sharp). The restrictions p; > %,
i=1,...,d, are probably not optimal. For example, it is not difficult to see from
the preceding computations that in the one-dimensional case d = 1, it is actually
enough to assume that p > %

PROPOSITION 4.3 (HSI inequality for gamma distribution). Let u be the product

measure of gamma distributions F(pi)_la:f’fle_“"dxi on RY with p; > 3,

i =1,...,d. Then, for any dv = hdu where h is a smooth probability density,
I(v | p)
H(v|p §S2I/;L\If< .
( | ) ( | ) S2(v| p)

4.3 One-dimensional uniform distribution on [—1,+41]. In this section,
we examine the case of the one-dimensional Jacobi operator of parameters a=06=1,
that is,

Lf=@Q—a®)f" —2af,

whose associated invariant measure p is uniform distribution on [—1,41]. The gen-
eral family of parameters with the beta distributions as invariant measures
(cf. [BGL14, Section 2.7.4]) may be considered similarly, at the expense however
of tedious computations, as well as multivariate (product) versions. For simplicity,
we only detail this case to better illustrate the conclusion.

Easy calculations lead to, for a smooth function f on [—1,+1],

L(f) = (1—a%)f"

To(f) = (L+ 23 + (1 — 2?2 "% — 22(1 — 2?) f' "

D3(f) = (1— 2?7 = 6a(1 — )2 f" f" — 2(1 — 2?)* f/ f"
+3(1 — 22)(1+ 322) % + 62(1 — 22) /" + (3 — 22) /2.
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Observe that
To(f) = f2+ (af = (1= 2?)f")" > T(f).

Furthermore,
Dy(f) = Talf) = (1= a?) [(1 = 220" = 6a(1 — a?) 1" "
21— @) f " 201 + 5a2) f 4 S f 1+ 2f’2]
= (1=a?) (1 =a®)f" =3af' = )’ + (F' +f") +2f%] = 0
so that T3(f) > Ta(f). Also,

Da(f) > (14 a?)f2 4 (1= 22 = 222 = (1= o)

_ (1 . xz)f/Z + %(1 . x2)2f”2

> 7(1 _ .'132)2_]0//2,

Hence, Theorem 4.1 applies with p =k = 1 and ¢ = § (note that a(z) = 1 — 2?) to

yield the following conclusion. Again, the numerical constants are not sharp.

PROPOSITION 4.4 (HSI inequality for the uniform distribution). Let p be uniform
probability measure on [—1,+1]. Then, for any dv = hdu where h is a smooth
probability density,

H(v|pn) < SQ(ym)q,( I(v | ) )

2820w | )

4.4 Families of log-concave distributions. = We consider here a diffusion op-
erator on the line of the type

Lf = f//—u/f/

associated with a symmetric invariant probability measure du = e~"dz, where u is a
smooth potential on R. The Gaussian model corresponds to the quadratic potential

We have, for smooth functions f,
r(f) ="

Ta(f) = 7 +u'f"

1
Ts(f) = f///2 F 3+ 3u//f//2 + 5 (u(4) — W+ 2u”2)f’2.

Assume that there exists ¢ > 0 such that, uniformly, v’ > ¢,

2

u — " + 20" — 6eu > 0 (4.9)
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and

"2

3u""? < 2(u" —¢) (u(4) — " 424" — 6cu"). (4.10)

Then Dy(f) > eD(f), To(f) > £ and T3(f) > 3¢Ty(f) for every f. Hence, Theo-
rem 4.1 applies with p = ¢, Kk = 3c and 0 = 1.

PROPOSITION 4.5 (HSI inequality for log-concave distribution). Let du = e~ "dx on
R where u is a smooth potential on R such that for some ¢ > 0, u” > ¢ and (4.9)
and (4.10) hold. Then, for any dv = hdu where h is a smooth probability density,

! I(v|p)
1) = 35010 % (G55

Recall that in this context, the only condition u” > ¢ > 0 ensures the loga-
rithmic Sobolev inequality for u [BGL14, Corollary 5.7.2]. It is not difficult to find
(simple) examples outside the Gaussian model (corresponding to ¢ = %) such that
conditions (4.9) and (4.10) are fulfilled. For example, if u(z) = & + ea?, it is easily

2
seen that these hold for ¢ = % and € = % (for instance). In the Gaussian case,
the estimate obtained in this proposition is somewhat worse than the HSI inequal-
ity of Theorem 2.2. At the expenses of more involved conditions (4.9) and (4.10),

multidimensional versions may be considered similarly.

5 Entropy Bounds on Laws of Functionals

As emphasized in the introduction, the new HSI inequalities described in the pre-
ceding sections provide entropic bounds on probability measures v which may be
used towards convergence in entropy via the Stein discrepancy S(v | u). Now, these
bounds assume that the Fisher information I,,(h) of the density h of v with respect
to p is finite (in order to control I,(P;h) in small time), which may or may not
hold in specific illustrations. The goal pursued in the second part of this work is
actually to overcome this difficulty and to describe conditions (integrability and tail
behavior) on the initial data itself of a multidimensional functional F' = (Fy,..., Fy)
with distribution v = vp (on R?) in order to control the Fisher information I,(P;h)
in small time. This investigation was initiated in [NPS13] in Wiener space towards
the first normal approximation results in entropy for Wiener chaos distributions.
Here, we consider distributions of functionals on a Markov Triple structure (E, u,T")
already put forward in the preceding section, and describe how the associated
I-calculus may be developed towards normal (as well as gamma) approximations
in the entropic sense.

Referring as before to [BGL14] for a complete account, we thus deal with a
Markov Triple (E,u,T') on a probability space (F,&,u), with Markov semigroup
(P;);>o with symmetric and invariant probability measure p, infinitesimal genera-
tor L, associated carré du champ operator I' and underlying algebra of (smooth)
functions A. Integration by parts expresses that
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/ngdu = —/ L(f,g)du (5.1)
E FE

for every f,g € A.

The second order differential operators of Section 4 provide instances of this gen-
eral framework. Gaussian and Wiener spaces with associated Ornstein—Uhlenbeck
semigroup and generator are a prototypical example for the illustrations. Note in
particular that Wiener chaoses as investigated in [NPS13] are eigenfunctions of
the Ornstein—Uhlenbeck generator. Eigenfunctions of the underlying operator L
are actually of special interest in the context of the Stein method as illustrated in
Section 5.1.

For d > 1, let F' = (Fy,...,Fy) be a vector defined on (E, &, i), where each F;
is centered and square-integrable, and denote by vr the law of F. Common to the
three Sections 5.1-5.3 below, assume that the distribution vr of F' admits a density
h with respect to the standard Gaussian distribution v on R? (in particular, vp is
absolutely continuous with respect to the Lebesgue measure). In the first part, we
describe the Stein kernel and discrepancy for vectors of eigenfunctions of L. Next,
we address some direct bounds on the Fisher information I,(h) in terms of the
data of the functional F' and its gradients. Then, we develop the results on entropic
normal approximations, extending the conclusions in [NPS13], by an analysis of the
small time behavior of I,(P;h). Finally, we address similar issues in the context of
one-dimensional gamma approximation.

5.1 Stein kernel and discrepancy for eigenfunctions. The first statement
shows that, whenever the vector F' is composed of eigenfunctions of L, a Stein kernel
Ty, of vp with respect to v as defined in (2.1) can be expressed in terms of the carré
du champ operator I'.

PROPOSITION 5.1 (Stein kernel for eigenfunctions). Let F' = (Fy, ..., Fy) on (E, &, 1)

such that, for every ¢ = 1,...,d, the random variable F; is an eigenfunction of
—L, with eigenvalue \; > 0. Assume moreover that T'(F;, F;) € Ll(pn) for every
i, =1,...,d. Then, the matrix-valued map 7,, defined as

1

T (21, ) = E#[F(FZ-,FJ»)‘F:(xl,...,xd), ii=1,....d, (5.2)

i
is a Stein kernel for vp, that is, it satisfies (2.1). (The right-hand side of (5.2)

indicates a version of the conditional expectation of I'(Fj, F;) with respect to F
under the probability measure f.)

Proof. Use integration by parts with respect to L to get that, for every smooth test
function ¢ on R? and every i = 1,...,d,

d
- _ A _ oy 99
5 [ Foyin = = [ LE p(Pyin = > [ r) S (P

The proof is concluded by taking conditional expectations.
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As a consequence, together with (2.5) and Jensen’s inequality,

d
1
S*(vr | 7) Z 32 Var (D(F, F)) + |C—1d|}g = V2 (5.3)

— Z

where C' denotes the covariance matrix of vp, providing therefore a tractable way
to control the Stein discrepancy in this case. In addition, combining with the HSI
inequality of Theorem 2.2 immediately yields the following statement.

COROLLARY 5.2. Under the assumptions and notation of Proposition 5.1,

H(vp|v) < V?log <1 + W) (5.4)
EXAMPLE 5.3. A typical example of a Markov Triple for which the quantity V2
appearing in the above bound can be estimated explicitly corresponds to the case
where (F,&,p) is a probability space supporting an isonormal Gaussian process

= {X(h) : h € $} over some real separable Hilbert space $), and L is the
generator of the associated Ornstein—Uhlenbeck semigroup. In this case, I'(F,G) =
(DF, DG) g for smooth functionals F' and G, where D stands for the Malliavin
derivative operator, and the eigenspaces of —L are the so-called Wiener chaoses
{Cr : k > 0} of X. For k = 0,1,2,..., the eigenvalue of C} is given by k. A
detailed discussion about how to bound a quantity such as V? in the case of random
vectors with components inside a Wiener chaos can be found in [NP12, Chapter 6].
In particular, if d = 1 and F belongs to C},, then V? can be controlled by the second
and fourth moments of F' as

1
V2 = (E[F? —1)° + 13 Var (|| DF|[3)

k—1
< (E[F?-1)+ i (EFY - 3E[F2°).
In particular, such an estimate provides a proof of the famous ‘fourth moment the-

orem’ for chaotic random variables, cf. [NP12, Theorem 5.2.7].

REMARK 5.4. While eigenfunctions appear as functionals of particular interest for
the control of the Stein discrepancy itself, the I'-calculus actually provides a formal
description of Stein kernels of a given functional F' on (E, u,I") (in dimension one for
simplicity) as the conditional expectation with respect to F of I'(F,L~'F) (where
L'F = fooo P,Fdt). This observation further expands on the preceding example,
allowing for a rather general analysis.

5.2 Bounds on the Fisher information. When dealing with the upper-
bound (5.4), the Fisher information I(vg|vy) = L,(h) of the density h of the law
vr of F cannot always be explicitly deduced from the data concerning the random
vector F'. The task of this paragraph is therefore to deduce some useful bounds on
I(vp|7) in terms of F' and its gradients.
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Let F' = (Fy,...,Fy) be general vector of centered and square-integrable ran-
dom variables (that need not necessarily be eigenfunctions of —L). Recall that the
distribution vg of F' is assumed to admit a (smooth) density h with respect to the
standard Gaussian distribution v on R?. It is furthermore implicitly assumed that
all the F;’s are in A (or some extended algebra in the sense of [BGL14]) allowing for
the formal computations developed next. These assumptions should then be verified
on the concrete examples of interest (such as Wiener chaoses).

Let ¢ : R? — R be smooth enough. By integration by parts (5.1) with respect to
L, for every w € A, and every i,j = 1,...,d,

0? 5] 0
Z/wf Fiy ) =22 (F)dp = /ELFiw&fb(F)du/Erm,m&iw)du.

0,0, xj

Let ' be the symmetric matrix with entries I'(F;, F}), i,j = 1,...,d. Applying
the latter to w = w;;, symmetric in 4, j, yields

/E Tr(WT Hess(¢)(F))du
(5.5)
= - LF; w;; (F;, wi) (F)d
3 e o 3 e e

where W' = (wij),<; ;<4- Provided it exists, set W = I'!, so that the left-hand

side in the previous identity is just [, A¢(F)dpu. Recalling from (2.7) the Ornstein—
Uhlenbeck generator £ = A — x - V associated with the standard Gaussian distrib-
ution v on RY, it follows that

/L¢ )dp = Z/LF 1”;?( )y

4,J=1

+Z/ F ( aib d+Z/]8%

1,j=1

In more compact notation, if

d
— (ZF(Fi’(f_l)iJD and U =T"'"LF+V+F,
i— 1<j<d

- [ cotpyin = [ v-voFIan

Applied to ¢ = v =logh, by the Cauchy-Schwarz inequality and (4.2),

w < [ Ukdn
E

then
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The consequences of the previous computations are gathered together in the next
statement, where we point out a set of sufficient conditions on F' and its gradients
I'(F;, F;) ensuring that the random variable U is indeed square-integrable.

PROPOSITION 5.5 (Bound on the Fisher information). Let F' = (Fy,...,Fy) be
a vector of elements of A on (E,p,I'). Assume that all the F;, LF;, I'(F;, F}),

i,j = 1,...,d, and detl(f) are in LP(p) for every p > 1. Then, [, |U|*dp < oo

and

(v |7) < /E U Pdp. (5.6)

1
det(I)
tions in Malliavin calculus (cf. [N06,NP12]).

The condition on

in Proposition 5.5 has some similarity with basic assump-

EXAMPLE 5.6. One may of course wonder whether the bound (5.6) is of any interest.
Here is a simple example showing that there are instances where I (k) might be quite
intricate to handle directly on the density h of the distribution of F' while U has
a clear description. On F = R?" with the standard Gaussian measure y = v and
['(f) = |[Vf|? the standard carré du champ operator, let

F(x) = x1x9 + 2324 + -+ - + Top_1T2n, = = (T1,...,T2p) € R?",

It is classical that the distribution of the product of two independent standard
normal has a density (with respect to the Lebesgue measure on R) given by a Bessel
function. The density h of the distribution of F' is thus rather involved. On the other
hand, it is easily seen that

LF = —2F and TI(F) = af+---+a3, = R

so that

2 4
U:F<—R2—R4+1>.

By using polar coordinates, it is immediately seen that fRQ,L U?du < oo as soon as
n > 5.

5.3 Fisher information growth and normal approximation. One evident
drawback of Proposition 5.5 of the previous paragraph is that, since the quantity
|U| is singular as the determinant of T' is close to 0, one is forced to assume that
detl(f) is in all LP(u) spaces (or at least for some p large enough depending on d).
This assumption is in general too strong, and very difficult to check in concrete situ-
ations. The idea developed in this section (which generalizes the approach initiated
in [NPS13]) is that, under weaker moment assumptions, while the Fisher information
L,(h) might be infinite, it is nevertheless possible to control the growth as ¢t — 0 of
L,(P;h). Together with the control in terms of the Stein discrepancy for large time
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achieved in Section 2, one may then reach entropic bounds which can be handled
in concrete examples (such as those of random vectors whose components belong to
some Wiener chaos).

As before, let F = (Fy,...,F;) be a general vector of centered and square-
integrable random variables (in the algebra A or some natural extension), with
distribution dvyp = hd~y. As a crucial assumption, vr has a Stein kernel 7, with
respect to 7y as defined in (2.1) (see also Proposition 5.1 and Remark (5.4)). Recall
the matrix I with entries I'(F;, F}), 4,5 = 1,...,d. Also, in what follows we use the
convention that, if I' is singular, then the matrix det(i) I'! must be understood
as the transpose of usual adjugate matrix operator of I' (both quantities being of
course equal for non-singular matrices).

With the notation of the preceding section, given £ > 0, write first, again for a
smooth function ¢ on R? and £ the Ornstein-Uhlenbeck operator in R¢,

/E Lo(F)dp = /E AG(F)dp — /E F - Vo(F)dp

— L(FN) e - ‘
- /E det(f)+gA¢(F i+ /E ) —_Ae(F)dy /E F-V§(F)dp.

Choose W = @I 5 (5.5), so that

det(I')+e
det(T) o det()T'LF +V; Vo .

/JEdet(f)+€A¢(F)dM - /E< det(T) + (det(f)+a)2> VoE)a
where

d

Vi = (ZP(Eadet(f)(fl)ij)>

=1 1<5<d

and

d
Vo = <Z det(T)(T 1), T (Fi,det(f))>
=1

1<j<d

Apply now the preceding to ¢ = Py, vy = log Pth, t > 0. Since VP (F) =
e t'Py(Vu) and

L, (Ph) = /EPt(|Vvt|2)(F)d,u,
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by the Cauchy—Schwarz inequality, assuming for simplicity that 0 < e <1,

‘ / det(T ~ AP(F)dpi — / F-VPtvt(F)du‘
E det(T E

¢ 2 1/2
< ;(/ Hdet 1LF|+|V1|+|V2|+|F|} d#> L, (P:h)Y/?

On the other hand, using the same semigroup computations as in Section 2,

APy (F) = y- Vo (e 'F+ V1 —e 2 y)dy(y)

A /1 _ e—2t /]Rd

so that

£ Vdee 2 </ 1 )1/2 1
———— AP (F)dp| < ——— ——d L, (Ph)'/2.
/E‘det(F)+E v F) M’ T V1—e2\JE (det(T) + ¢)2 : 7(Feh)

Assume now that

/ Udet T'LF| + [Vi| + [Va| + u«ﬂ dp = Ap < 0 (5.7)

and that

1
/EW@ < 5(e). (5.8)

Collecting the preceding bounds and recalling from (4.7) that

/ EPtvt(F)du == / ,CPtUt hd,u == —I’Y(Pth)
E E

yields that, for t >0 and 0 <e <1,

et 1—e2 (5.9)

2
L,(Ph) < 26—2t<AF + dgé(s)).
In the following statement, we determine a handy set of sufficient conditions on
F and its gradients ensuring that, for some choice of ¢ = £(t) > 0, the function on
the right-hand side of (5.9) is integrable for the small values of ¢ > 0. Combined
with (2.19) for the large values of ¢ > 0, a control of the entropy of vp in terms of
the Stein discrepancy S(vp | ) may then be produced. Recall the function ¥ on R

given by U(r) =1+logrifr >1and U(r)=rif0<r<1.

Theorem 5.7 (Normal entropic approximation via Stein discrepancy). Let
F = (F1,...,Fy) be a vector of centered elements of A on (E,u,T"). Assume that
all the F;, LF;, I'(F;, Fy), T(I'(F3, F), Fy), 4,5,k = 1,...,d, are in LP(p) for every
p > 1, and that

1
- — du < 5.10
" /Edet(r)a : (5.10)
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for some « > 0. Then, Ap < oo (as defined in (5.7)) and

q’( S(vr ) )

H(vp|v) < 21— dn) (5.11)

— 2+« 1
where r = 550 (<7)

Proof. First of all, we have that the parameter Ap is finite, since the expressions
det(D)['"ILF, V; and V4 only involve products of F;, LF; and I'(F}, Fy), T'(I'(F;, F}),
Fy),i,5,k=1,...,d.
Now, for every € > 0 and r > 0,
1 Bpr® 1

1 1 ~
p < —p(det@® <) = < P L (512
/E(det(F)—I—a)2 < gl +n < 5ty G

The choice of r = =+ yields (5.8) with d(e) = (Bp + 1)5_2%”. Let then ¢ = ¢(t) =

(1—e 2% ¢ >0, for k = z(ii?fa) (< 1). Then

Ap | de*d(e) . Ar+d(Br +1)
64 1 —e2t — (1 _ e—2t)4f<

from which, as a consequence of (5.9), for every ¢t > 0,

6_2t

=t (5.13)

L,(Ph) < 2[Ap 4+ d(Bp +1)]
To conclude, recall, as in the proof of Theorem 2.2, the decomposition for every
u > 0,

o) 67415

H(vp |v) g/ IV(Pth)dtJrSz(uFM)/ o=
; -

u

Therefore, by (5.13),

Ap +d(Br +1 i
H(vp|v) < Fl_(42 )(1—e2)14

+ %SQ (vrly)(— e —log(l —e "))

< AF +d(BF + 1) (1 o e—2u>1—4n
1 -4k

1
5 s? (VF | 7) log(1 — e ),

and the bound (5.11) in the statement follows by optimizing in w > 0 (set
(1 — e 2v)1=4% = € (0,1).) Theorem 5.7 is established. 0

Since ¥(r) < r for every r € R, observe from (5.11) that

Ap +d(Br +1)
(1—4k)

H(vr|7) <
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so that, under the assumptions of Theorem 5.7, one also has that H(vp |v) < oo, a
conclusion of independent interest.

The quantity Ap of (5.7) involves integrability conditions on F' and its gradients
(they may actually be weakened according to the precise expression of Ar). On the
other hand, Br of (5.10) is rather concerned with a small ball behavior. For a vector
F = (Fy,...,Fy) of eigenvectors of the underlying Markov generator L, Theorem
5.7 may be combined with (5.3) to fully control the relative entropy in terms of F'
and its gradients as now illustrated in some instances.

Typically, consider F;, = (Fin,...,Fi,), n € N, asequence of vectors of centered
elements of A on (E, i, I") such that

(Cl) Fi,m LFi,nv F(Fi,m Fj,n)7 P(F(Fi,m Fj,n)a Fk,n)a i?j? k = 17 ceey d7 n c N7 are
uniformly bounded in LP(u) for every p > 1;
(C2) sup,ey [pdet(I'y)~* dp < oo for some a > 0.

Since (Ch) implies that sup,,cy A, < oo and (Cq) that sup,cy Bp, < 00, it follows
from Theorem 5.7 that H(vpg,|y) — 0 provided that S(vg, |y) — 0.

EXAMPLE 5.8. We describe, in part following [NPS13], how this setting may be
applied to concrete examples of interest.

(a) In the Wiener space framework of Example 5.3, fix some integers ky, ..., kg > 1
and, for any i = 1,...,d, assume that the sequence ([ ),y belongs to the
Wiener chaos Cj,. In particular, Ty = (U(Fjn, Fjn))i<ijcd = ((DFjn,
DF} ) )1<ij<d- Assume furthermore that the distribution of F,, converges to
v as n — oo. From [NR14, Lemma 2.1], it follows that sup,, ¢y E[an] < o0

for every i. Since inside a Wiener chaos all the LP-norms are equivalent (see

e.g. [NP12, Corollary 2.8.14]), the condition (C1) is satisfied. Turning to (C2),

as a consequence of the main result in [NOO8], T, — Id in L? as n — oo.

Again using that inside a Wiener chaos all the LP-norms are equivalent, it fol-

lows that E[det(I'y)] — 1 as n — oo. In particular, for n large enough (n > ng

say), E[det(T,,)] > % Now, as a consequence of the Carbery-Wright inequality

[CWO01] (see [NPS13]), for some universal constant ¢ > 0 and every r > 0 and

n 2 no,

—1/N

P(det(fn) <r) < chl/NE[det(fn)] < eN(2r)'V, (5.14)

where N > 1 is an integer related to the degrees of the F;’s (cf. [NPS13,
Lemma 4.3] for further details). With the preceding, condition (C2) then clearly
holds for any a < %

(b) It may be observed that the same bounds (5.14) hold true when the F;’s are
polynomials under a log-concave measure dy = e~ “dx on R", at least when
u is a polynomial or such that [Vu| € LP(u) for every p > 1. Indeed, the
determinant det(I") is then also of this form, and the seminal result from [CWO01]
applies similarly. This observation allows for an extension of the conclusions of
Theorem 5.7 far away the Gaussian framework.
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5.4 Fisher information growth and gamma approximation. This final
section develops the analogous investigation towards gamma approximation, for sim-
plicity one-dimensional. Denote by +, the gamma distribution (on the positive real
line) with parameter p > 0, invariant measure of the Laguerre operator

Lof =xf"+(p—a)f. (5.15)

Consider a random variable F' > 0 with law dvg = hdry, absolutely continuous with
respect to 7,. Assume that vr admits a Stein kernel 7, with respect to -, that is,
according to (4.3) (taking into account the diffusion coefficient a(x) = z in (5.15)),
is a mapping on R, verifying

/ (x —p)pdvp = / Top @ dvp
R, R,

for every smooth test function ¢. In particular, | g F'dp = p. Note that, in this case,

S*(vr ) = /E<T”}m—1>2du.

From the study of Gaussian chaoses for example, and as already mentioned ear-
lier, it appears that the latter S(vp |~,) might not always be the relevant quantity
of interest (cf. [NP09,R05]). Indeed, for an eigenfunction F' with eigenvalue —A\,
A > 0, the Stein kernel 7, (F') may be identified with the conditional expectation of
AT (F) knowing F. Now, for such a functional, moment conditions on F' may be
used to rather control the variance of A\™'I'(F) — F, and similarly higher moments
(cf. [ACP13,AMMP13,Lel2]). Of course, by Holder’s inequality,

2s 1/s
du)

(L))" < () (]

for r > 1, % + % = 1. Provided it may be ensured that fE F~2"dy < oo for some
r > 1, the results here are nevertheless still of interest.

We assume below that p > 1 so that the estimates (4.6) and (4.8) are verified,
with the choice of parameters d =1and p=rx =0 = % (see the comment preceding
Proposition 4.3). The proof of the following statement will follow the one developed

for Theorem 5.7.

Tvp

I(F)
DU

Theorem 5.9 (Gamma entropic approximation via Stein discrepancy). On
(E,u,T), let F >0 in A. Assume that F, LF, T'(F') and I'(F,T'(F)) are in LY(u) for
every q > 1 and that

1
Br = du < oo
d /EF(FW :

for some o« > 0. Then

2
Ap = / %[F|LF|+F(F)+F|F(F,F(F))\+p+F} dp < 00
E
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and

S2vr ) g (2(AF + Br+1)
H(VF |’7P) < 2(1 _ 4/%) ( S2(VF ”)/p) )

— 2+« 1
where k= 550 (<7)

Proof. Denoting by (P;),~ the semigroup with infinitesimal generator £,, we have
as in (4.7), N

I'yp(Pth) = — . £thUt hd’)’p = —/Eﬁthvt(F)d,u
+

where v; = log P;h. Now, for every € > 0,
[ oPt®yin = [ Py B [ 0 By )
E
// F(F) "
/FPt’Ut (F)—|— d +/F(Pt’(}t) (F)I‘i
+ [ o= )P (P
E
By integration by parts,
" F(F) _ / F(_LF) . F
/EF(PtUt) (F)Wd/i = /E(Ptvt) (F) [F(F)+e F(F, F(F)+5>]d’u'

Using that

F  T(F)  FI(FI(F))
F(F’a—i-F(F)) T

it follows that

[ £oPit®yin = [ VEE) EWEY+ [ PR ()
with
wary = YECLD M) s IENE) | » 5

[(F)+e VE(I(F)+e) TF) 12  VF

Now, for every 0 < e <1,

W.(F)| < [F|LF\+F( )+ F|D(F,T(F))] +p+F]

F

As a consequence, with the notation introduced in the statement,

A
/Wf(F)d,u < =
E g
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By the Cauchy-Schwarz inequality,

< /E Wf(F)du)l/z( /E F(Puw;)” dﬂ> v
— < /E W€2(F)du>1/2< /R +r (Pyvy hd'yp>1/2.

Since I'(Pvy) < e 'Py(T'(vt)) (Theorem 3.2.4 in [B-G-L]),

e—t/2< /E Wf(F)dp,> 1/2< /R +B(F(Ut))hd’yp> v

—t/2

IN

/E VE(B) (F)W.(F)dv,

IN

\ [ VEEy oW,

APL, (P2,

On the other hand, the estimate (4.6) yields the bound

/ FY(Pw)"(F)?dp = / 22(Prvy)"* hdry,
E Ry

1
et —1

1 1
= et 1 /R+ F(Ut)Pthd’}/p = mI’Yp(Pth)'

Py (F(Ut)) hdryy
Ry

This in turn implies that

Gathering together all the previous estimates, we deduce that, for every 0 < e <1

and ¢t > 0,
2t Ap 2 € 2
L, (Ph) < — | du.
7 (Peh) < g4 +et—1 /E<F(F)+5> H

On the basis of this estimate, we then conclude exactly as in the proof of
Theorem 5.7. O
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