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TRANSPORT INEQUALITIES. A SURVEY

NATHAEL GOZLAN, CHRISTIAN LEONARD

ABSTRACT. This is a survey of recent developments in the area of transport inequalities.
We investigate their consequences in terms of concentration and deviation inequalities and
sketch their links with other functional inequalities and also large deviation theory.

INTRODUCTION

In the whole paper, X is a polish (complete metric and separable) space equipped with its
Borel o-field and we denote P(X’) the set of all Borel probability measures on X.

Transport inequalities relate a cost 7 (v, u) of transporting a generic probability measure
v € P(X) onto a reference probability measure p € P(X') with another functional J(v|u). A
typical transport inequality is written:

a(T(v,p) < J(v|p), forallve P(X),

where « : [0,00) — [0, 00) is an increasing function with «(0) = 0. In this case, it is said that
the reference probability measure p satisfies a(7) < J.

Typical transport inequalities are built with 7 = W} where W), is the Wasserstein metric
of order p, and J(-|p) = H(-|p) is the relative entropy with respect to p. The left-hand side
of

a(W)) < H

contains W which is built with some metric d on X, while its right-hand side is the relative
entropy H which, as Sanov’s theorem indicates, is a measurement of the difficulty for a
large sample of independent particles with common law u to deviate from the prediction
of the law of large numbers. On the left-hand side: a cost for displacing mass in terms
of the ambient metric d; on the right-hand side: a cost for displacing mass in terms of
fluctuations. Therefore, it is not a surprise that this interplay between displacement and
fluctuations gives rise to a quantification of how fast ;1(A”) tends to 1 as r > 0 increases, where
A" = {zx € X;d(x,y) < r for some y € A} is the enlargement of size r with respect to the
metric d of the subset A C X. Indeed, we shall see that such transport-entropy inequalities are
intimately related to the concentration of measure phenomenon and to deviation inequalities
for average observables of samples.
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Other transport inequalities are built with the Fisher information I(-|u) instead of the
relative entropy on the right-hand side. It is known since Donsker and Varadhan, see [40, 36],
that I is a measurement of the fluctuations of the occupation measure of a very long trajectory
of a time-continuous Markov process with invariant ergodic law u. Again, the transport-
information inequality a(W}) < I allows to quantify concentration and deviation properties
of .

Finally, there exist also free transport inequalities. They compare a transport cost with
a free relative entropy which is the large deviation rate function of the spectral empirical
measures of large random matrices, as was proved by Ben Arous and Guionnet [13].

This is a survey paper about transport inequalities: a research topic which flied off in
1996 with the publications of several papers on the subject by Dembo, Marton, Talagrand
and Zeitouni [33, 34, 77, 78, 102]. It was known from the end of the sixties that the total
variation norm of the difference of two probability measures is controlled by their relative
entropy. This is expressed by the Csiszar-Kullback-Pinsker inequality [90, 32, 64] which is a
transport inequality from which deviation inequalities have been derived. But the keystone
of the edifice was the discovery in 1986 by Marton [76] of the link between transport inequal-
ities and the concentration of measure. This result was motivated by information theoretic
problems; it remained unknown to the analysts and probabilists during ten years. Mean-
while, during the second part of the nineties, important progresses about the understanding
of optimal transport have been achieved, opening the way to new unified proofs of several
related functional inequalities, including a certain class of transport inequalities.

Concentration of measure inequalities can be obtained by means of other functional in-
equalities such as isoperimetric and logarithmic Sobolev inequalities, see the textbook by
Ledoux [68] for an excellent account on the subject. Consequently, one expects that there
are deep connections between these various inequalities. Indeed, during the recent years,
these links have been explored and some of them have been clarified.

These recent developments will be sketched in the following pages.

No doubt that our treatment of this vast subject fails to be exhaustive. We apologize in
advance for all kind of omissions. All comments, suggestions and reports of omissions are
welcome.
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1. AN OVERVIEW

In order to present as soon as possible a couple of important transport inequalities and
their consequences in terms of concentration of measure and deviation inequalities, let us
recall precise definitions of the optimal transport cost and the relative entropy.

Optimal transport cost. Let ¢ be a [0, 00)-valued lower semicontinuous function on the
polish product space X? and fix pu,v € P(X). The Monge-Kantorovich optimal transport
problem is

(MK)  Minimize © € P(X?) c(x,y)dm(z,y) € [0,00] subject to my = v, T =

X2
where 7y, 1, € P(X) are the first and second marginals of 7 € P(X?). Any 7 € P(X?) such
that mg = v and m; = p is called a coupling of v and u. The value of this convex minimization
problem is

(1) Te(v, ) := inf {/){2 c(z,y) dn(z,y);m € P(X);my =v,m = ,u} € [0, o0.

It is called the optimal cost for transporting v onto p. Under the natural assumption that
c(x,z) =0, for all z € X, we have: 7.(u, ) =0, and Z.(v, 1) can be interpreted as a cost for
coupling v and p.
A popular cost function is ¢ = dP with d a metric on X and p > 1. One can prove that under
some conditions

Wp(yv ) = Tar (v, 'u)l/p
defines a metric on a subset of P(X). This is the Wasserstein metric of order p (see e.g [104,
Chp 6]). A deeper investigation of optimal transport is presented at Section 2. It will be
necessary for a better understanding of transport inequalities.
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Relative entropy. The relative entropy with respect to u € P(&X') is defined by

dv .

H(ulp) = leog(d#) dv ifv < p  veP@).
+00 otherwise

For any probability measures v < p, one can rewrite H(v|p) = [ h(dv/dp)dp with h(t) =

tlogt —t + 1 which is a strictly convex nonnegative function such that h(t) =0 <t = 1.

oo

ol 1 t
Graphic representation of h(t) = tlogt —t + 1.
Hence, v — H(v|u) € [0,00] is a convex function and H (v|u) = 0 if and only if v = p.
Transport inequalities. We can now define a general class of inequalities involving trans-

port costs.

Definition 1.1 (Transport inequalities). Besides the cost function ¢, consider also two func-
tions J(-|u) : P(X) — [0,00] and a : [0,00) — [0,00) an increasing function such that
a(0) = 0. One says that p € P(X) satisfies the transport inequality a(7;) < J if

(a(T2) < ) (To(v, 1)) < J(Wl),  for all v € P(X).
When J(-) = H(-|p), one talks about transport-entropy inequalities.
For the moment, we focus on transport-entropy inequalities, but in Section 10, we shall

encounter the class of transport-information inequalities, where the functional .J is the Fisher
information.

Note that, because of H(u|u) = 0, for the transport-entropy inequality to hold true, it is
necessary that a(7Z.(u,p)) = 0. A sufficient condition for the latter equality is

e ¢(x,x) =0, for all z € X and
e (0) = 0.
This will always be assumed in the remainder of this article.

Among this general family of inequalities, let us isolate the classical T and T4 inequalities.
For p = 1 or p = 2, one says that u € Py, := {v € P(X); [ d(xo, )P dv < oo} satisfies the
inequality T),(C), with C > 0 if

(T(C)) Wy (v, ) < CH(v|p),
for all v € P(X).

Remark 1.2. Note that this inequality implies that p is such that H(v|u) = oo whenever
v P,



TRANSPORT INEQUALITIES 5

With the previous notation, T1(C) stands for the inequality C~177 < H and Ty(C) for
the inequality C 17> < H. Applying Jensen inequality, we get immediately that

(2) T3, 1) < T (v, ).
As a consequence, for a given metric d on X, the inequality T is always weaker than the
inequality Tbs.

We now present two important examples of transport-entropy inequalities: the Csiszér-
Kullback-Pinsker inequality, which is a T; inequality and Talagrand’s T inequality for the
Gaussian measure.

Csiszar-Kullback-Pinsker inequality. The total variation distance between two proba-
bility measures v and 4 on X is defined by

lv = pllrv = sup[v(A4) — n(A)],
where the supremum runs over all measurable A C X. It appears that the total variation
distance is an optimal transport-cost. Namely, consider the so-called Hamming metric

dH(.%',y) = 1x;£y7 T,y €X,

which assigns the value 1 if x is different from y and the value 0 otherwise. Then we have
the following result whose proof can be found in e.g [81, Lemma 2.20].

Proposition 1.3. For all v,p € P(X), Tq,, (v, 1) = |lv — pll7rv.

The following theorem gives the celebrated Csiszar-Kullback-Pinsker inequality (see [90,
32, 64]).

Theorem 1.4. The inequality

1
v = lidy < SHwIn),

holds for all probability measures u,v on X.

In other words, any probability 4 on X enjoy the inequality T;(1/2) with respect to the
Hamming distance dg on X.

Proof. The following proof is taken from [104, Remark 22.12] and is attributed to Talagrand.
Suppose that H(v|u) < +oo (otherwise there is nothing to prove) and let f = g—z and

u = f — 1. By definition and since [udp =0,

H(V|,u):/Xflogfd,u:/x(l—ku)log(l—ku)—udu.

The function ¢(t) = (1+t)log(1+t) — ¢, verifies ¢'(t) = log(1+¢) and ¢"(t) =
So, using a Taylor expansion,

t 15
ty= [ (t—2)¢"(z)d :t2/ ds, t>—1.
o) = [ @de = [ T tas o>

1
m,t>—1

So,
_ wa)(1=s) oo
Hvly) _/Xx[o,l} 1+ su(x) @8 ().
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According to Cauchy-Schwarz inequality,

( /X oy @09 du(z)ds)’

u(x)*(1 - 5) /
< —————du(x)ds - 1—35)(1+ su(x))du(x)ds
Lo T s [ 050 su(e) du)
e
5
Since ||v — pllrv = 3 |1 — f|du, the left-hand side equals || — u||3, and this completes the
proof. O

Talagrand’s transport inequality for the Gaussian measure. In [102], Talagrand
proved the following transport inequality Ty for the standard Gaussian measure 7 on R
equipped with the standard distance d(z,y) = |x — y|.

Theorem 1.5. The standard Gaussian measure v on R verifies
(3) W3 (v,7) < 2H(v]y),
for all v € P(R).

This inequality is sharp. Indeed, taking v to be a translation of -, that is a normal law
with unit variance, we easily check that equality holds true.

The following notation will appear frequently in the sequel: if T : X — X is a measurable
map, and p is a probability measure on X', the image of u under T is the probability measure
denoted by T and defined by

(4) Tyn(A) = p (T~ (A)),
for all Borel set A C X.

Proof. In the following lines, we present the short and elegant proof of (3), as it appeared in
[102]. Let us consider a reference measure

du(z) = e V@ dg.

We shall specify later to the Gaussian case, where the potential V' is given by V(x) =
2?/2 + log(2m)/2, * € R. Let v be another probability measure on R. It is known since
Fréchet that any measurable map y = T'(x) which verifies the equation

(5) v((=o0, T(2)]) = p((—00,2]), =R

is a coupling of v and p, i.e. such that v = Typu, which minimizes the average squared
distance (or equivalently: which maximizes the correlation), see (23) below for a proof of
this statement. Such a transport map is called a monotone rearrangement. Clearly T is
increasing, and assuming from now on that v = fu is absolutely continuous with respect to
i, one sees that T' is Lebesgue almost everywhere differentiable with 77 > 0. Equation (5)

becomes for all real x, f_TO(:) f(z)e_v(z) dz = ffoo e~V(2) dz. Differentiating, one obtains

(6) T'(2) f(T(z))e”VT@) = V@) 2 e R,
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The relative entropy writes: H(v|u) = [log(f)dv = [log(f(T(x))dp since v = Typu. Ex-
tracting f(7T'(z)) from (6) and plugging it into this identity, we obtain

Hlw = [V(T(@) - V(@) - logT'@)] e V) da,

On the other hand, we have [(T(z) —2)V'(z)e™V @ dz = [(T'(z) — 1)e”V®) dx as a result
of an integration by parts. Therefore,

Hlw = [ (V(T@) - V@) - V@[T @) - ) du(o)
™ + [@@) - 1= logT'()) di(a).
> [ (V@) - Vi) - V)T - o]) dua)

where we took advantage of b — 1 —logb > 0 for all b > 0, at the last inequality. Of course,
the last integral is nonnegative if V' is assumed to be convex.
Considering the Gaussian potential V (x) = 22/2 4 log(27)/2, = € R, we have shown that

H(vly) > /R (T(x) - 2)%/2 dy(z) > WE(v,7)/2

for all v € P(R), which is (3). O

Concentration of measure. If d is a metric on X, for any » > 0, one defines the r-
neighborhood of the set A C X by

A" ={z e X;d(z,A) <r}, r>0,
where d(x, A) := inf,c 4 d(x,y) is the distance of x from A.

Let 3 : [0,00) — RT such that 3(r) — 0 when r — oo; it is said that the probability
measure p verifies the concentration inequality with profile g if

M(AT> = 1_5(7')7 r 20,
for all measurable A C X', with p(A) > 1/2.

According to the following classical proposition, the concentration of measure (with respect
to metric enlargement) can be alternatively described in terms of deviations of Lipschitz
functions from their median.

Proposition 1.6. Let (X,d) be a metric space, p € P(X) and § : [0,00) — [0,1]; the
following propositions are equivalent

(1) The probability p verifies the concentration inequality
M(AT) 2 1_/6(T)7 T207

for all A C X, with u(A) > 1/2.
(2) For all 1-Lipschitz function f : X — R,

p(f >my+r) < p(r), r=>0,

where my denotes a median of f.
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Proof. (1) = (2). Let f be a 1-Lipschitz function and define A = {f < my}. Then it is easy to
check that A" C {f < mjg+r}. Since u(A) > 1/2, one has u(f < mp+1r) > p(A”) > 1-p6(r),
for all r > 0.

(2) = (1). For all A C X, the function fa : z — d(x, A) is 1-Lipschitz. If pu(A4) > 1/2,
then 0 is a median of f4. Since A" = {f4 <r}, one has u(A") > 1 —p{fa >r}>1-p3(r),
r > 0. O

Applying the deviation inequality to £ f, we arrive at
u(lf —mygl <r) <26(r), r=0.

In other words, Lipschitz functions are, with a high probability, concentrated around their
median, when the concentration profile § decreases rapidly to zero. In the above proposition,
the median can be replaced by the mean u(f) of f (see e.g. [68]):

(8) p(f > p(f)+r) < B(r), r>0.

The following theorem explains how to derive concentration inequalities (with profiles
decreasing exponentially fast) from transport-entropy inequalities of the form « (73) < H,
where the cost function c is the metric d. The argument used in the proof is due to Marton
[76] and is referred as “Marton’s argument” in the literature.

Theorem 1.7. Let a : Rt — R be a bijection and suppose that u € P(X) verifies the
transport-entropy inequality o (7g) < H. Then, for all measurable A C X with u(A) > 1/2,
the following concentration inequality holds

w(AT) > 1—e2me)  p > = a Hlog?2),
where A" is the enlargement of A for the metric d which is defined above.
Equivalently, for all 1-Lipschitz f : X — R, the following inequality holds
p(f >myp+r4+r,) < e*"‘(”, r>0.

Proof. Take A C X, with p(A) > 1/2 and set B = X \ A". Consider the probability
measures dpg(x) = ﬁlA(x) du(x) and dup(zr) = ﬁlB(z) du(x). Obviously, if x € A
and y € B, then d(z,y) > r. Consequently, if 7 is a coupling between p4 and pp, then
Jd(z,y)dr(z,y) > r and so Tg(pa,pp) > r. Now, using the triangle inequality and the

transport-entropy inequality we get

r < Ty(pa, pp) < Talpa, 1) + Talpp, 1) < o (H(palp) + o (H(pp|w) -

It is easy to check that H(pua|lp) = —logu(A) <log2 and H(up|p) = —log(1l — u(A™)). It
follows immediately that p(A”) > 1 —e~*"=70) for all r > r, := a~ ' (log 2). O

If pu verifies To(C'), by (2) it also verifies T1(C') and one can apply Theorem 1.7. Therefore,
it appears that if p verifies T1(C) or T2(C), then it concentrates like a Gaussian measure:

PAT) > 1 — e TrYC >y = /Clog(2).

At this stage, the difference between T and T is invisible. It will appear clearly in the next
paragraph devoted to tensorization of transport-entropy inequalities.
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Tensorization. A central question in the field of concentration of measure is to obtain
concentration estimates not only for u but for the entire family {x";n > 1} where pu™ denotes
the product probability measure p®---®@ u on X™. To exploit transport-entropy inequalities,
one has to know how they tensorize. This will be investigated in details in Section 4. Let us
give in this introductory section, an insight on this important question.

It is enough to understand what happens with the product X7 x X5 of two spaces. Indeed,
it will be clear in a moment that the extension to the product of n spaces will follow by
induction.

Let p1, po be two probability measures on two polish spaces X7, Ao, respectively. Consider
two cost functions c¢j(x1,y;) and ca(z2,y2) defined on X} x X} and Xa x Xs; they give rise to
the optimal transport cost functions 7., (v1, 1), v1 € P(X1) and 7, (v2, p2), v2 € P(A3).

On the product space X; x X3, we now consider the product measure pu; ® puo and the cost
function

c1 @ ca((z1,91), (22, 42)) = cr(x1,y1) + c2(w2,42), @141 € X1, 22,42 € Xy
which give rise to the tensorized optimal transport cost function
7—016982(1/’ H1® #2)7 Ve P(Xl X XQ)

A fundamental example is ] = Xy = R¥ with ¢;(2,9) = c2(z,y) = |y — x|3 : the Euclidean
metric on R* tensorizes as the squared Euclidean metric on R?¥,

For any probability measure v on the product space X; x X5, let us write the disintegration
of v (conditional expectation) with respect to the first coordinate as follows:

9) dv(xy,x2) = dvi(z1)dvy (x2).

As was suggested by Marton [77] and Talagrand [102], it is possible to prove the intuitively
clear following assertion:

(10) T © o) < Tovan) + [ T08" ) dn(on).
Xy

We give a detailed proof of this claim at the Appendix, Proposition A.1.

On the other hand, it is well-known that the fundamental property of the logarithm together
with the product form of the disintegration formula (9) yield the analogous tensorization
property of the relative entropy:

(11) Hls ) = Hl) + [ H03 ) do (1),

Recall that the inf-convolution of two functions a; and ay on [0,00) is defined by
ar0ag(t) := inf{aq (t1) + ag(te);t1,ta > 0:t1 +to =t}, t>0.
Proposition 1.8. Suppose that the transport-entropy inequalities
o1 (Te, (vi, 1)) < H(a|pa), v € P(A)
a2(Te, (v2, p2)) < H(volpa), 12 € P(Ay)

hold with aq, s : [0,00) — [0,00) convez increasing functions. Then, on the product space
X1 x Xy, we have

o100z (Teyes (v, 1 @ p2)) < H(v|p @ pg),
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for allv € P(X) x Xa).

Proof. For all v € P(X] x X»),

(a)
a8z (Zey@e, (v, 11 ® p2)) < anlag (Tcl(’/l’ul) +/ Tr:z(V§1#2)dV1($1)>
X1

(b)
< (T 0n ) +a ([ T8 ) (o))
X1

(¢)
< (T npn)) + [ an(To (5 m) don 1)
Xy

(d)
< Hinlpn) + [ H03 ) dn (o)
X

= H(v[m @ pa).

Inequality (a) is verified thanks to (10) since 1o is increasing, (b) follows from the very
definition of the inf-convolution, (c) follows from Jensen inequality since ay is convex, (d)
follows from the assumed transport-entropy inequalities and the last equality is (11). ]

Obviously, it follows by an induction argument on the dimension n that, if u verifies
o(T.) < H, then p™ verifies a7 (T,sn) < H where as a definition

(1), o)) = D el )

i=1
Since a7 (t) = na(t/n) for all t > 0, we have proved the next proposition.

Proposition 1.9. Suppose that u € P(X') verifies the transport-entropy inequality o(7.) < H
with a : [0,00) — [0,00) a convex increasing function. Then, p" € P(X™) verifies the

transport-entropy inequality
T on "
n

for allv € P(X™).

We also give at the end of Section 3 an alternative proof of this result which is based
on a duality argument. The general statements of Propositions 1.8 and 1.9 appeared in the
authors’ paper [53].

In particular, when « is linear, one observes that the inequality a(7.) < H tensorizes
independently of the dimension. This is for example the case for the inequality Tsy. So,
using the one dimensional Ty verified by the standard Gaussian measure «v together with
the above tensorization property, we conclude that for all positive integer n, the standard
Gaussian measure 7" on R" verifies the inequality T(2).

Now let us compare the concentration properties of product measures derived from T or
T5. Let d be a metric on X', and let us consider the /1 and ¢5 product metrics associated to
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the metric d:

n n 1/2
di(z,y) = Zd(l“i,yi) and  dy(z,y) = (Z dQ(xiayi)) , T,y €A™
i=1 i=1
The distance d; and dy are related by the following obvious inequality

1
%dl(l‘,y) Sd?(l'ay) Sdl(xay)v :L‘,yGX”.

If p verifies T1 on X, then according to Proposition 1.9, u™ verifies the inequality T (nC)
on the space X" equipped with the metric d;. It follows from Marton’s concentration Theo-
rem 1.7, that

-2
(12) pr(f>mp+r4r,) <enc, r2>r,=+/nClog(2),

for all function f which is 1-Lipschitz with respect to di. So the constants appearing in the
concentration inequality are getting worse and worse when the dimension increases.

On the other hand, if p verifies To(C'), then according to Proposition 1.9, u™ verifies the
inequality T2(C') on the space X™ equipped with dy. Thanks to Jensen inequality p™ also
verifies the inequality T1(C) on (X™,dz), and so

[N

(13) p'(g >mg+r+r,) <e T, r>r,=+/Clog(2),

for all function ¢ which is 1-Lipschitz with respect to do. This time, one observes that
the concentration profile does not depend on the dimension n. This phenomenon is called
(Gaussian) dimension-free concentration of measure. For instance, if u = 7 is the standard
Gaussian measure, we thus obtain

(14) V> mpArdre) >1—e 2 >, = /2log2

for all function f which is 1-Lipschitz for the Euclidean distance on R™. This result is very
near the optimal concentration profile obtained by an isoperimetric method, see [68]. In
fact the Gaussian dimension-free property (13) is intrinsically related to the inequality Ts.
Indeed, a recent result of Gozlan [52] presented in Section 5 shows that Gaussian dimension
concentration holds if and only if the reference measure u verifies To (see Theorem 5.4 and
Corollary 5.5).

Since a 1-Lipschitz function f for dy is \/n-Lipschitz for da, it is clear that (13) gives back
(12), when applied to g = f/y/n. On the other hand, a 1-Lipschitz function g for ds is also
1-Lipschitz for dy, and its is clear that for such a function g the inequality (13) is much
better than (12) applied to f = g. So, we see from this considerations that Ts is a much
stronger property than T;. We refer to [68] or [99, 101], for examples of applications where
the independence on n in concentration inequalities plays a decisive role.

Nevertheless, dependence on n in concentration is not always something to fight against,
as shown in the following example of deviation inequalities. Indeed, suppose that p verifies
the inequality « (73) < H, then for all positive integer n,

un (fZ/fd,Un“‘t) Se—na(t/n)7 t>0,
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for all f 1-Lipschitz for d; (see Corollary 5.3). In particular, choose f(x) = u(x1)+- - -+u(x,),
with u a 1-Lipschitz function for d; then f is 1-Lipschitz for dy, and so if X is an i.i.d sequence
of law u, we easily arrive at the following deviation inequality

n

1
P ( > u(Xi) > Elu(X1)] + t) <em® >0,
n
i=1

This inequality presents the right dependence on n. Namely, according to Cramér theorem
(see [35]) this probability behaves like e () when n is large, where A is the Cramér
transform of u(X;). The reader can look at [53] for more information on this subject. Let
us mention that this family of deviation inequalities characterize the inequality «(73) < H

(see Theorem 5.2 and Corollary 5.3).

2. OPTIMAL TRANSPORT

Optimal transport is an active field of research. The recent textbooks by Villani [103,
104] make a very good account on the subject. Here, we recall basic results which will be
necessary to understand transport inequalities. But the interplay between optimal transport
and functional inequalities in general is wider than what will be exposed below, see [103, 104]
for instance.

Let us make our underlying assumptions precise. The cost function ¢ is assumed to be a
lower semicontinuous [0, 0o)-valued function on the product X? of the polish space X. The
Monge-Kantorovich problem with cost function ¢ and marginals v, u in P(X), as well as its
optimal value 7(v, u) were stated at (MK) and (1) in Section 1.

Proposition 2.1. The Monge-Kantorovich problem (MK) admits a solution if and only if
Te(v, p) < oo

Outline of the proof. The main ingredients of the proof of this proposition are

e the compactness with respect to the narrow topology of {7 € P(X?);79 = v, 11 = u}
which is inherited from the tightness of v and p and

e the lower semicontinuity of m — [ y2 cdm which is inherited from the lower semicon-
tinuity of c.

The polish assumption on X is invoked at the first item. ]

The minimizers of (MK) are called optimal transport plans, they are not unique in general
since (MK) is not a strictly convex problem: it is an infinite dimensional linear programming
problem.

If d is a lower semicontinuous metric on X (possibly different from the metric which turns
X into a polish space), one can consider the cost function ¢ = dP with p > 1. One can
prove that W, (v, 1) := Tae (v, u)"/? defines a metric on the set Pz (X) (or P, for short) of
all probability measures which integrate dP(x,, -): it is the so-called Wasserstein metric of
order p. Since Tgr (v, pt) < oo for all v, i in P, Proposition 2.1 tells us that the corresponding
problem (MK) is attained in P,,.
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Kantorovich dual equality. In the perspective of transport inequalities, the keystone is
the following result. Let Cp(X') be the space of all continuous bounded functions on X and
denote u ® v(z,y) = u(z) + v(y), z,y € X.

Theorem 2.2 (Kantorovich dual equality). For all pn and v in P(X), we have

(15) () = sup { [ wrava)+ [

v(y) dp(y); u,v € Cp(X),u® v < C}
X

(16) = sup {/Xu(:p) dv(z) + /Xv(y) du(y);u € L'(v),v € LMNp),ud v < c} .

Note that for all 7 such that my = v,m = p and (u,v) such that u ® v < ¢, we have
Jyudv + [yvdp = [Lou®vdr < [yp cdr. Optimizing both sides of this inequality leads
us to

sup{/udu+/vdu;ueLl(y),UELl(,u),u@ch}
(17) X X

ginf{/ cdm;m € P(X?);mg = v, my = ,u}
X2

and Theorem 2.2 appears to be a no dual gap result.

The following is a sketch of proof which is borrowed from Léonard’s paper [72].

Outline of the proof of Theorem 2.2. For a detailed proof, see [72, Thm 2.1]. Denote M(X?)
. 0 ifzeA .
2
the space of all signed measures on X and tf;cay { s otherwise - Consider the

(—o0, +oo]-valued function

K(m, (u,v)) :/ udV—l—/ vd,u—/ u@vdﬂ'—{—/ cdm+ifz>0y, TE M(X?),u,v € Cy(X).
X X X2 X2 N

For each fixed (u,v), it is a convex function of 7 and for each fixed 7, it is a concave function
of (u,v). In other words, K is a convex-concave function and one can expect that it admits
a saddle value, i.e.

18 inf sup K(m, (u,v)) = sup inf  K(m, (u,v)).
(18) TEM(X?) 4 veC, (X) (. (w,0) w,vEC, (X) TEM(X2) (. (u,))

The detailed proof amounts to check that standard assumptions for this min-max result hold
true for (u,v) as in (15). We are going to show that (18) is the desired equality (15). Indeed,
for fixed r,

supK(w,(u,v)):/ cd7r+L{7r>0}+sup{/ ud1/+/vd,u—/ u@vdw}
(u,v) X2 - (uw) \JX X X2

:/ cdm + Lir>0y + Sup {/ ud(V—Tro)+/Ud(M—7T1)}
X2 N (u,v) X X

= /XQ cdm + Umo=v,m=p}
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and for fixed (u,v),

ian(w,(u,v)):/udy—{—/vdu+ mf/ (c—u@v)dW:/udu+/vdu—b{u@v<c}.
™ X X 720 J x2 X X -

Once (15) is obtained, (16) follows immediately from (17) and the following obvious inequal-
ity: sup < sup . ]

w,0€CH(X),udv<c u€eL'(v),veL!(pn),uPv<c

Let v and v be measurable functions on X such that u ® v < ¢. The family of inequalities
v(y) < c(x,y)—u(x), for all z,y is equivalent to v(y) < inf{c(x,y)—u(x)} for all y. Therefore,
the function

u(y) = inf {c(a:,y) —u(x)}, yex

satisfies u® > v and u®u® < ¢. As J(u,v) := [, udv+ [, vdu is an increasing function of its
arguments v and v, in view of maximizing J on the set {(u,v) € Li(v) x Li(p) : ud v < ¢},
the couple (u,u¢) is better than (u,v). Performing this trick once again, we see that with
ve(z) == infycx{c(z,y) —v(y)}, € X, the couple (u,u°) is better than (u,u°) and (u,v).
We have obtained the following result.

< c(z,y) for all x,y.

Lemma 2.3. Let u and v be functions on X such that u(x) + )
) (x,y) for all x,y.

Then, u¢ and u® also satisfy u® > u,u > v and u(x) + u(y

(y

v
<
Iterating the trick of Lemma 2.3 doesn’t improve anything.

Remark 2.4. (Measurability of u¢). This issue is often neglected in the literature. The aim
of this remark is to indicate a general result which solves this difficult problem. If ¢ is
continuous, u¢ and u are upper semicontinuous, and therefore they are Borel measurable.
In the general case where c is lower semicontinuous, it can be shown that some measurable
version of u¢ exists. More precisely, Beiglbock and Schachermayer have proved recently in [12,
Lemmas 3.7, 3.8] that, even if ¢ is only supposed to be Borel measurable, for each probability
measure p € P(X), there exists a [—o00, 00)-valued Borel measurable function @¢ such that
u¢ < u® everywhere and u¢ = u®, p-almost everywhere. This is precisely what is needed for
the purpose of defining the integral [ u®dpu.

Recall that whenever A and B are two vector spaces linked by the duality bracket (a, b),
the convex conjugate of the function f : A — (—o0, 0] is defined by

f*<b) = :lelg{<a7 b> - f(a’)} € (_00700]7 beB.

Clearly, the definition of u® is reminiscent of that of f*. Indeed, with the quadratic cost
2 2
function ca(z,y) = |y — z|?/2 = uTl + ‘% — z-y on R¥, one obtains

» P (L)

It is worth recalling basic facts about convex conjugates for we shall use them several times
later. Being the supremum of a family of affine continuous functions, f* is convex and
o(B, A)-lower semicontinuous. Defining f**(a) = sup,cp{(a,b) — f*(b)} € (—o0,0], a € A,
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one knows that f** = f if and only if f is a lower semicontinuous convex function. It is a
trivial remark that

(20) (a,b) < f(a)+ f*(b), (a,b) € AXx B.
The case of equality (Fenchel’s identity) is of special interest, we have

(21) (a,b) = f(a) + f*(b) & be df(a) & ac df*(b)

whenever f is convex and o(A, B)-lower semicontinuous. Here, df(a) := {b € B; f(a+ h) >
f(a) + (h,b),Vh € A} stands for the subdifferential of f at a.

Metric cost. The cost function to be considered is ¢(x,y) = d(x,y): a lower semicontinuous
metric on X which might be different from the original polish metric on X.

Remark 2.5. In the sequel, the Lipschitz functions are to be considered with respect to the
metric cost d and not with respect to the underlying metric on the polish space X which
is here to generate the Borel o-field, specify the continuous, lower semicontinuous or Borel
functions. Indeed, we have in mind to work sometimes with trivial metric costs (weighted
Hamming’s metrics) which are lower semicontinuous with respect to any reasonable non-
trivial metric but generate a too rich Borel o-field. As a consequence a d-Lipschitz function
might not be Borel measurable.

One writes that u is d- Lipschitz( ) to specify that |u(z) — u(y)| < d(x,y) for all z,y € X.

Denote Py := {v € P(X); [, d(xo, ) dv(x)} where x, is any fixed element in X. With the
triangle inequality, one sees that P; doesn’t depend on the choice of x,.
Let us denote the Lipschitz seminorm [|ul|Lip := sup,, %. Its dual norm is for all

p, v in Py, |lv—plf;, = sup { [y u(z) [v — p](dz); uw measurable, ||Ju||Lip < 1} . As it is assumed
that u, v € P, note that any measurable d-Lipschitz function is integrable with respect to u
and v.

Theorem 2.6 (Kantorovich-Rubinstein). For all p,v € P1, Wi(v, ) = [[v — pllf;,-

Proof. For all measurable d- Lipschitz( ) function w and all 7w such that 7y = v and m = p,
Sy u(z) v = [y (u () dr(z,y) < [y d(z,y) dr(z,y). Optimizing in u and 7
one obtains ||l/ ,u||L1p < Wl(u ,u)

Let us look at the reverse inequality.

Claim. For any function u on X, (i) u¢ is d-Lipschitz(1) and (i ) ud.

Let us prove (i). Since y — d(z, y) is d-Lipschitz(1), y — ud(y) = {d(w y) —u(z)} is also
d-Lipschitz(1) as an infinum of d-Lipschitz(1) functions.

Let us prove (ii). Hence for all z,y, u?(y) — u?(x) < d(x,y). But this implies that for all
y, —ud(x) < d(z,y) — ul(y). Optimizing in y leads to —u?(z) < u%(z). On the other hand,
ul(z) = inf,{d(z,y) — ul(y)} < —ud(x) where the last inequality is obtained by taking
Y=z
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With Theorem 2.2, Lemma 2.3 and the above claim, we obtain that

Wi (v, ) = sup {/ udu—i—/ vdu}—sup{/ udddl/—l—/ uddu}
(u,v) X X u Y X

< sup { [ il = s iy < 1} v — i

which completes the proof of the theorem. O

For interesting consequences in probability theory, one can look at Dudley’s textbook [41,
Chp. 11].

Optimal plans. What about the optimal plans? If one applies formally the Karush-Kuhn-
Tucker characterization of the saddle point of the Lagrangian function K in the proof of
Theorem 2.2, one obtains that 7 is an optimal transport plan if and only if 0 € 9, K (7, (i, 0))

~

for some couple of functions (u,¥) such that 0 € 0, K (7, (1, 9)) where 9; K stands for the

subdifferential of the convex function 7 — K(m, (4, 0)) and 5(1“))}( for the superdifferential
of the concave function (u,v) — K(7, (u,v)). This gives us the system of equations

{ Wd0—c € O )(R)
(ﬁ-Ov 7%1) = (V’ M)

where M, is the cone of all positive measures on X2. Such a couple (4,9) is called a dual
optimizer. The second equation expresses the marginal constraints of (MK) while by (21)
one can recast the first one as the Fenchel identity (4 © 0 — ¢, ) = 1, (4@ 0 — ¢) + tpr, (7).
Since for any function h, ¢}, (h) = suprear, (h, ™) = t{n<0}, one sees that (A& 0 —c, &) =0
with 4 & 9 — ¢ < 0 and @ > 0 which is equivalent to 7 > 0, 4 & 0 < ¢ everywhere and
U @ U = ¢, m-almost everywhere. As 7y = v has a unit mass, so has the positive measure 7 :
it is a probability measure. These formal considerations should prepare the reader to trust
the subsequent rigorous statement.

Theorem 2.7. Assume that T.(v,p) < co. Any m € P(X?) with the prescribed marginals
mg = v and m, = W s an optimal plan if and only if there exist two measurable functions
u,v: X — [—00,00) such that

udv < ¢ everywhere
udv = ¢, w-almost everywhere.

This theorem can be found in [104, Thm. 5.10] with a proof which has almost nothing in
common with the saddle-point strategy that has been described above.

An important instance of this result is the special case of the quadratic cost.

Corollary 2.8. Let us consider the quadratic cost ca(x,y) = |y —x|?/2 on X = R* and take
two probability measures v and p in Py(X).

(a) There exists an optimal transport plan.

(b) Any m € P(X?) is optimal if and only if there exists a conver lower semicontinuous
function ¢ : X — (—o0, 00| such that the Fenchel identity ¢(x) + ¢*(y) = z-y holds true
m-almost everywhere.
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Proof. Proof of (a). Since |y — z|?/2 < |z|?> + |y|* and v, € Py, any 7 € P(X?) such
that mo = v and m = p satisfies [yocdr < [, |z[*dv(z) + [, |y|* du(y) < co. Therefore
T (v, 1) = W3 (v, 1) < oo, and one concludes with Proposition 2.1.

Proof of (b). In view of Lemma 2.3, one sees that an optimal dual optimizer is necessarily
of the form (u®,u®). Theorem 2.7 tells us that 7 is optimal if and only there exists some
function u such that u® @ u® = ¢, m-almost everywhere. With (19), by considering the
functions ¢(z) = |z|2/2 — v (x) and ¥(y) = |y|?/2 — u®(y), one also obtains ¢ = ¢* and
1 = ¢*, which means that ¢ and 1 are convex conjugate to each other and in particular that
¢ is convex and lower semicontinuous. (|

By (21), another equivalent statement for the Fenchel identity ¢(z) + ¢*(y) = x-y is

(22) y € 0¢(x).
In the special case of the real line X = R, a popular coupling of v and 1 = Tlyv is given by
the so-called monotone rearrangement. It is defined by

(23) y=T(z):= FgloFy(m‘), z €R,

where F), () = v((—o0,2]), Fu(y) = p((—o0, y]) are the distribution functions of v and p, and
Fu_l(u) = inf{y € R; F,(y) > u}, v € [0,1] is the generalized inverse of F,. When X = R,
the identity (22) simply states that (x,y) belongs to the graph of an increasing function. Of
course, this is the case of (23). Hence Corollary 2.8 tells us that the monotone rearrangement

is an optimal transport map for the quadratic cost.

Let us go back to X = RF. If ¢ is Gateaux differentiable at z, then d¢(x) is restricted
to a single element: the gradient V¢(z), and (22) simply becomes y = V¢(x). Hence, if ¢
were differentiable everywhere, condition (b) of Corollary 2.8 would be y = V¢(z), m-almost
everywhere. But this is too much demanding. Nevertheless, Rademacher’s theorem states
that a convex function on R” is differentiable Lebesgue almost everywhere on its effective
domain. This allows to derive the following improvement.

Theorem 2.9 (Quadratic cost on X = R¥). Let us consider the quadratic cost cy(x,y) =
ly—2|2/2 on X = R and take two probability measures v and p in Po(X) which are absolutely
continuous. Then, there exists a unique optimal plan. Moreover, = € P(X?) is optimal if
and only if 1o = v, m1 = p and there exists a convex function ¢ such that

{y = Vo¢(x)
r = Vo'(y) ’

Proof. 1t follows from Rademacher’s theorem that, if v is an absolutely continuous measure,
¢ is differentiable v-almost everywhere. This and Corollary 2.8 prove the statement about
the characterization of the optimal plans. Note that the quadratic transport is symmetric
with respect to x an y, so that one obtains the same conclusion if u is absolutely continuous;
namely x = V¢*(y), m-almost everywhere, see (21).

w-almost everywhere.

We have just proved that, under our assumptions, an optimal plan is concentrated on a
functional graph. The uniqueness of the optimal plan follows directly from this. Indeed, if
one has two optimal plans 7° and 7', by convexity their half sum 7/2 is still optimal. But
for 71/2 to be concentrated on a functional graph, it is necessary that 7° and 7! share the
same graph. O
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For more details, one can have a look at [103, Thm. 2.12]. The existence result has been
obtained by Knott and Smith [63], while the uniqueness is due to Brenier [23] and McCann
[84]. The application y = V¢(z) is often called the Brenier map pushing forward v to .

3. DUAL EQUALITIES AND INEQUALITIES

In this section, we present Bobkov and Go6tze dual approach to transport-entropy inequal-
ities [17]. More precisely, we are going to take advantage of variational formulas for the
optimal transport cost and for the relative entropy to give another formulation of transport-
entropy inequalities. The relevant variational formula for the transport cost is given by the
Kantorovich dual equality at Theorem 2.2

(24) Te(v,p) = sup{/udu—i—/vdu;u,vECb(X),u@vgc}.

On the other hand, the relative entropy admits the following variational representations.
For all v € P(X),

H(v|p) :sup{/udv—log/e“du;uecb()()}.

:sup{/udy—log/e“du;ueb’b()\,’)}

and for all v € P(X) such that v < p,

(26) H(v|u) = sup {/udu - log/e“ dp;u measurable,/e“ dp < oo,/u dv < oo}

(25)

where u— = (—u) V0 and [udv € (—o0,00] is well-defined for all u such that [u_ dv < occ.

The identities (25) are well-known, but the proof of (26) is more confidential. This is the
reason why we give their detailed proofs at the Appendix, Proposition B.1.

As regards Remark 1.2, a sufficient condition for y to satisfy H(v|u) = oo whenever v ¢ P,
is

(27) /es"dp(x"’m) dp(x) < oo

for some z, € X and s, > 0. Indeed, by (26), for all v € P(X), s, [ dP(x0,z)dv(z) <
H(v|p) + log [ %@ (@) qy(z). On the other hand, Proposition 6.1 below tells us that (27)
is also a necessary condition.

Since u — A(u) := log [e"dp is convex (use Hélder inequality to show it) and lower
semicontinuous on Cp(X) (resp. Bp(X)) (use Fatou’s lemma), one observes that H(-|u)
(more precisely its extension to the vector space of signed bounded measures which achieves
the value +oo outside P(&X')) and A are convex conjugate to each other:

{H<-Iu)—A*,
A=H(-|p)
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It appears that 7.(-,u) and H(-|ux) both can be written as convex conjugates of functions
on a class of functions on X'. This structure will be exploited in a moment to give a dual
formulation of inequalities a(7;) < H, for @ belonging to the following class.

Definition 3.1 (of A). The class A consists of all the functions o on [0,00) which are

convez, increasing with «a(0) = 0.

The convex conjugate of a function o € A is replaced by the monotone conjugate a®
defined by
a®(s) =sup{sr —a(r)}, s>0
r>0
where the supremum is taken on r > 0 instead of r € R.

Theorem 3.2. Let ¢ be a lower semicontinuous cost function, « € A and p € P(X); the
following propositions are equivalent.

(1) The probability measure p verifies the inequality a(7.) < H.
(2) For all u,v € Cp(X), such that u ® v < c,

/esudu<e—sfvdu+oc®(s)’ s> 0.
Moreover, the same result holds with By(X) instead of Cy(X).

A variant of this result can be found in the authors’ paper [53] and in Villani’s textbook
[104, Thm. 5.26]. It extends the dual characterization of transport inequalities Ty and To
obtained by Bobkov and Gotze in [17].

Proof. First we extend « to the whole real line by defining a(r) = 0, for all » < 0. Using
Kantorovich dual equality and the fact that « is continuous and increasing on R, we see that
the inequality «(7;) < H holds if and only if for all u,v € Cy(X), such that u ® v < ¢, one

has a(/udy+/vdu> < H(vlp), veP(X).

Since « is convex and continuous on R, it satisfies a(r) = sup {sr —a*(s)}. So the preceding
condition is equivalent to the following one

s/udV—H(V]u) < —s/vdu—i—a*(s), veP(X),seRudv<ec
Since H(-|u)* = A, optimizing over v € P(X), we arrive at
log/esud,u < —s/vdu—i—a*(s), seRudv<ec.
Since a*(s) = +00 when s < 0 and a*(s) = a®(s) when s > 0, this completes the proof. [

Let us define, for all f,g € By(X),
Pef(y) = sup{f(z) —e(z.9)}, y e,
A4S

and
Qegle) = inf {g(v) + c(z,)}, @ e X.
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For a given function f : X — R, P.f is the best function g : X — R (the smallest) such that
f(z) —g(y) < c(z,y), for all z,y € X. And for a given function g : X — R, Q.g is the best
function f: X — R (the biggest) such that f(z) — g(y) < ¢(z,y), for all z,y € X.

The following immediate corollary gives optimized forms of the dual condition (2) stated
in Theorem 3.2.

Corollary 3.3. Let ¢ be a lower semicontinuous cost function, « € A and pu € P(X). The
following propositions are equivalent.

(1) The probability measure p verifies the inequality o(7.) < H.
(2) For all f € Cp(X),

/esf dp < esfPCfd;H-oz@(s)’ $>0.
(3) For all g € Cp(X),
/echg du < esJ9dnta(s) o5
Moreover, the same result holds true with By(X) instead of Cp(X).

When the cost function is a lower semicontinuous distance, we have the following.

Corollary 3.4. Let d be a lower semicontinuous distance, o € A and p € P(X). The
following propositions are equivalent.

(1) The probability measure p verifies the inequality a(Ty) < H.
(2) For all 1-Lipschitz function f,

/esf du < esffd#Jra@(S)’ s> 0.

Corollary 3.3 enables us to give an alternative proof of the tensorization property given at
Proposition 1.9.

Proof of Proposition 1.9. For the sake of simplicity, let us explain the proof for n = 2. The
general case is done by induction (see for instance [53, Theorem 5]). Let us consider, for all
f e By(X)

Qef(z) = it {f(y) +c(z,)}, 7€ X
and for all f € By(X x &),

QP f(x) = inf {f(y1,y2) +c(x1, 1) + c(z2,12)}, = €X X X.
YEX XX

According to the dual formulation of transport-entropy inequalities (Corollary 3.3 (2)), u
verifies the inequality «(7;) < H if and only if

(28) /eSch dp < eSffdu—f—a*(s)’ s>0
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for all f € By(X). On the other hand, p? verifies the inequality 2« ( C@2> < H if and only if

/eng2)f d,U,Q < esffd,u2+2a*(s)7 s>0,
holds for all f € By(X x X). Let f € Bp(X x X),
QP f(x1,22) = inf 1f(y1,2) + c(@1,51) + c(22,12)}

Y1,Y2€
= inf { inf {f(y1,y2)+C(w2,yz)}+0(fv1,y1)}
Y1EX | y26X

_ yilréfX{Qc(fyl)(:L‘z) c(x1,91)}

where for all y1 € X, fy, (y2) = f(y1,y2), y2 € X.
So, applying (28) gives

/ (2)fdu _/(/esinfyleX{Qc(fyl)(5’32)+C(y1’m)} dM(CUl)) du(w2)
X><X
< %) [ Qe i) ).

But

/Qc(fm)(@)du(xl) = /yilféf;({f(il,yl) +c(m2,y1)} dp(z1) < Qc(f)(z2),

with f Y1) ff x1,y1) dp(xr).
Applying (28) again yields

/eszc(le)(wz)du(xl) dp(zo) < /ech(f)(zz) dpu(m2) < e° OV s [ Flw2) du(wa),
Since [ f(w2)dpu(ze) = [ f du?, this completes the proof. O

To conclude this section, let us put the preceding results in an abstract general setting.
Our motivation to do that is to consider transport inequalities involving other functionals J
than the entropy.

Consider two convex functions on some vector space U of measurable functions on X,
O:U — (—oo,00] and Y : U — (—00,00]. Their convex conjugates are defined for all v in
the space My of all measures on X such that [ |u|dv < oo, for all u € U by

T(v) = supuey {[udv - 6(u)

J(v) = sup,egy{fudv—"T(u)
Without loss of generality, one assumes that Y is a convex and o (U, M,)-lower semicontinuous
function, so that J and T are convex conjugate to each other. It is assumed that U contains
the constant functions, ©(0) = T(0) =0, ©(u+al) = O(u) +a and Y(u+al) = T(u) +a
for all real a and all u € U and that © and T are increasing. This implies that T" and J are
[0, co]-valued with their effective domain in Py := {v € P(X); [ |u|dv < oo,Vu € U}. In this
setting, we have the following theorem whose proof is a straightforward adaptation of the
proof of Theorem 3.2.
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Theorem 3.5. Let « € A and U, T, J as above. For allu € U and s > 0 define Y, (s) :=
Y (su) — sO(u). The following statements are equivalent.

(a) For all v € Py, a(T(v)) < J(v).
(b) For allu € U and s > 0, T,(s) < a®(s).

This general result will be used in Section 10 devoted to transport-information inequalities,
where the functional J is the Fisher information.

4. CONCENTRATION FOR PRODUCT PROBABILITY MEASURES

Transport-entropy inequalities are intrinsically linked to the concentration of measure phe-
nomenon for product probability measures. This relation was first discovered by K. Marton
in [76]. Informally, a concentration of measure inequality quantifies how fast the probability
goes to 1 when a set A is enlarged.

Definition 4.1. Let X be a Hausdorff topological space and let G be its Borel o-field. An
enlargement function is a function enl : G x [0,00) — G such that

For all A€ G, r+— enl(A4, 7") is increasing on [0,00) (for the set inclusion).
For allr >0, A enl(A 7" is increasing (for the set inclusion).

For all A€ G, A Cenl(A,

For all A € G, Urzoenl(A, 7') =

If u is a probability measure on X, one says that it verifies a concentration of measure
inequality if there is a function [ : [0,00) — [0,00) such that B3(r) — 0 when r — 400 and
such that for all A € G with pu(A) > 1/2 the following inequality holds

plenl(A,r)) >1—p8(r), r>0.
There are many ways of enlarging sets. If (X, d) is a metric space, a classical way is to
consider the r-neighborhood of A defined by
A" ={zx e X;d(z,A) <r}, r>0,
where the distance of x from A is defined by d(x, A) = infyca d(z,y).

Let us recall the statement of Marton’s concentration theorem whose proof was given at
Theorem 1.7.

Theorem 4.2 (Marton’s concentration theorem). Suppose that p wverifies the inequality
a(Ty(v,p)) < H(v|p), for all v € P(X). Then for all A C X, with u(A) > 1/2, the
following holds

AT 21— e o0 r > i= o log 2).

We already stated at Proposition 1.9 an important tensorization result. Its statement is
recalled below at Proposition 4.3.

Proposition 4.3. Let ¢ be a lower semicontinuous cost function on X and o € A (see
Definition 3.1). Suppose that a probability measure u verifies the transport-entropy inequality
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a(7.) < H on X, then u", n > 1 verifies the inequality
o <72@" (Va Mn)

SI) < HO. ve P

where ¢ (z,y) = Y iy ez, vi)-
Other forms of non-product tensorizations have been studied (see [77, 78, 79, 80], [94] or
[37, 112]) in the context of Markov chains or Gibbs measures (see Section 11).

Let us recall a first easy consequence of this tensorization property.

Corollary 4.4. Suppose that a probability measure p on X wverifies the inequality To(C),
then u™ wverifies the inequality To(C) on X™, for all positive integer n. In particular, the
following dimension-free Gaussian concentration property holds: for all positive integer n
and for all A C X™ with p"(A) > 1/2,

PAT) 21— exp(— (= 1)), 72 7o = ioB(D),

where A" = {z € X";dy(x, A) <1} and do(x,y) = [0, d(@i, yi)?] 1z
Equivalently, when p verifies To(C),

PS> myp ) <e O >0,

for all positive integer n and all 1-Lipschitz function f : X™ — R with median my.

Proof. According to the tensorization property, u" verifies the inequality To(C) on X"
equipped with the metric do defined above. It follows from Jensen inequality that u™ also
verifies the inequality (7g,)> < CH. Theorem 4.2 and Proposition 1.6 then give the conclu-
sion. ]

Remark 4.5. So, as was already emphasized at Section 1, when pu verifies Ty, it verifies a
dimension-free Gaussian concentration inequality. Dimension-free means that the concentra-
tion inequality does not depend explicitly on n. This independence on n corresponds to an
optimal behavior. Indeed, the constants in concentration inequalities cannot improve when
n grows.

More generally, the following proposition explains what kind of concentration inequalities
can be derived from a transport-entropy inequality.

Proposition 4.6. Let u be a probability measure on X satisfying the inequality a(%(d)) < H,
where the function 0 is convex and such that sup,,6(2t)/0(t) < 4oc.

Then for all X € (0,1), there is some constant ay > 0 such that

in /X N (d“;y)) dr(z,y) < axa~ ' (H(v|)),

™

where the infimum is over the set of couplings of v and p.
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Furthermore, the product probability measure p' on X™, n > 1 satisfies the following
concentration property.
For all A C X" such that u"(A) > 1/2

1 (enly(A, 1) >1—ex( (““”)), r >, A€ (0,1),

niay

(29) enlg(A, ) {a? cx™; 1nf 29 (@i, y:)) < },

P2 = (1 - Naz_xna™ (10%2) |

n

The proof can be easily adapted from [52, Proposition 3.4].
Remark 4.7.

(1) It is not difficult to check that ay — +oo when A — 0.

(2) If « is linear, the right-hand side does not depend explicitly on n. In this case, the
concentration inequality is dimension-free.

(3) For example, if p verifies To(C) (which corresponds to «(t) = t/C and 0(t) = t?),
then one can take a) = 3. Defining as before A" = {x € A™;infyca da(z,y) < r}

where da(z,y) = (311, d(mi,yi)2)1/2 and optimizing over A € (0, 1), yields

pt(A") > 1 - e_%(’"_’”o)Q, r>r,=+/Clog2.

So we recover the dimension-free Gaussian inequality of Corollary 4.4.

X

As we said above there are many ways of enlarging sets, and consequently there many ways
to describe the concentration of measure phenomenon. In a series of papers [99, 100, 101]
Talagrand has deeply investigated the concentration properties of product of probability mea-
sures. In particular, he has proposed different families of enlargements which do not enter
into the framework of (29). In particular he has obtained various concentration inequalities
based on convex hull approximation or g-points control, which have found numerous applica-
tions (see [68] or [99]): deviation bounds for empirical processes, combinatoric, percolation,
probability on graphs, etc.

The general framework is the following: One considers a product space X™. Forall A C X",
a function @4 : X" — [0,00) measures how far is the point z € X" from the set A. The
enlargement of A is then defined by

enl(A,r) = {z € X" pa(x) <r}, r=0.
Convex hull approximation. Define on X" the following weighted Hamming metrics:

n
da(xay) = Zailxﬁéyia T,y c Xnv
=1
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where a € ([0,00))" is such that |a| = \/a? + -+ a2 = 1. The function ¢, is defined as
follows:

pa(z) = sup d(z, A), ze€X™
la]=1

An alternative definition for ¢ 4 is the following. For all x € X™, consider the set

UA(x) = {(19617'5?;17 R 1In7éyn); (7S A}7
and let V4 (z) be the convex hull of Ug(z). Then it can be shown that
pa(r) = d(0, Va(z)),
where d is the Euclidean distance in R™.

A basic result related to convex hull approximation is the following theorem by Talagrand
([99, Theorem 4.1.1]).

Theorem 4.8. For every product probability measure P on X™, and every A C X",

1
ph(@)/4 <
/?A dP@%—PmY
In particular,

1
Penl(A,r)) > 1— e r>0.

This result admits many refinements (see [99]).

In [78], Marton developed transport-entropy inequalities to recover some of Talagrand’s
results on convex hull approximation. To catch the Gaussian type concentration inequality
stated in the above theorem, a natural idea would be to consider a T9 inequality with respect
to the Hamming metric. In fact, it can be shown easily that such an inequality cannot hold.
Let us introduce a weaker form of the transport-entropy inequality To. Let X be some polish
space, and d a metric on X’; define

nQ.n -t [ ([ d(m,mdwy(as))QdR(y), Q.ReP(X)

™

where the infimum runs over all the coupling 7 of ) and R and where X — P(X) : y — 7¥
is a regular disintegration of 7 given y:

[ twaisen = [ ([ i) ar)
for all bounded measurable f : X x X — R.

According to Jensen inequality,

71(Q, R)* < T(Q, R) < T(Q, R).

One will says that p € P(X) verifies the inequality To(C) if
T(Q, R) < CH(Q|P) + CH(R|P),
for all probability measures @), R on X.

The following theorem is due to Marton.
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Theorem 4.9. FEvery probability measure P on X, verifies the inequality ’i‘g(4) with respect
to the Hamming metric. In other words,

T(@.R) = inf [ w(zia £ i) dR(y) < AH(QIP) + AH(RIP)
for all probability measures @, R on X.

A proof of this result can be found in [78] or in [68].

Like T9, the inequality T, admits a dimension-free tensorization property. A variant of
Marton’s argument can be used to derive dimension-free concentration and recover Tala-
grand’s concentration results for the convex hull approximation distance. We refer to [78]
and [68, Chp 6] for more explanations and proofs.

Control by g-points. Here the point of view is quite different: ¢ > 2 is a fixed integer and
a point € X" will be close from A if it has many coordinates in common with g vectors of
A. More generally, consider A1, ..., Ay C X™; the function ¢4, .. 4, is defined as follows:

_ ; o 1 q
OAL,. Ay (T) = yleAll,.r.lfyquq Card {17 i E{yi, ..,y }}}

Talagrand’s has obtained the following result (see [99, Theorem 3.1.1] for a proof and further

refinements).

Theorem 4.10. For every product probability measure P on X", and every family Ay, ..., A4 C
X", q > 2, the following inequality holds

P(Ay) -+ P(Aq)
In particular, defining enl(A,r) = {z € X"; ¢4, a(x) <r}, one gets
1
P(enl(A,r)) >1— ————, r>0.
fenl(4,m) 2 1= e

In [33], Dembo has obtained transport-entropy inequalities giving back Talagrand’s results
for g-points control. See also [34], for related inequalities.

5. TRANSPORT-ENTROPY INEQUALITIES AND LARGE DEVIATIONS

In [53], Gozlan and Léonard have proposed an interpretation of transport-entropy inequal-
ities in terms of large deviations theory. To expose this point of view, let us introduce some
notation. Suppose that (X,)n>1 is a sequence of independent and identically distributed X
valued random variables with common law p. Define their empirical measure

1
L, = nz;(sxia
1=

where 0, stands for the Dirac mass at point a € X. Let Cy(X') be the set of all bounded
continuous functions on X. The set of all Borel probability measures on X', denoted by
P(X), will be endowed with the weak topology, that is the smallest topology with respect
to which all functionals v — [, ¢dv with ¢ € Cy(X) are continuous. If B C X, let us
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denote H(B|u) = inf{H (v|u);v € B}. According to a famous theorem of large deviations
theory (Sanov’s theorem), the relative entropy functional governs the asymptotic behavior
of P(L, € A), A C X when n goes to co.

Theorem 5.1 (Sanov’s theorem). For all A C P(X) measurable with respect to the Borel
o-field,
—H(int(A)|p) < hmmf—logIP’(L € A) <limsup — logIP’(L € A) < —H(cl(A)|p),
n—+oo N

where int(A) denotes the interior of A and cl(A) its closure (for the weak topology).

For a proof of Sanov’s theorem, see [35, Thm 6.2.10].

Roughly speaking, P(L, € A) behaves like e~ ™ (AlW) when n is large. We write the
statement of this theorem: P(L,, € A) = e "™HIW) for short.

n—oo

Let us explain the heuristics upon which rely [53] and also the articles [52, 57]. To interpret
the transport-entropy inequality « (7;) < H, let us define A; = {v € P(X); 7.(v, u) > t}, for
all ¢ > 0. Note that the transport-entropy inequality can be rewritten as «a(t) < H(A¢p),
t > 0. But, according to Sanov’s theorem,

P(To(Ln, p) > t) = P(L, € 4;) = e "MHAdn),

Consequently, the transport-entropy inequality « (7.) < H is intimately linked to the large
deviation estimate

1
lim sup — log]P’(T(Ln, p) >t) < —aft), t>0.

n—-+o0o

Based on this large deviation heuristics, Gozlan and Léonard have obtained in [53] the
following estimates for the deviation of the empirical mean.

Theorem 5.2. Let « be any function in A and assume that c(x,z) = 0, for all x. Define

Z/{evxp( = {u : X — R, measurable,Vs > 0, fes‘“| dp < oo} It is supposed that c is such
that u® and u® are measurable functions for all u € L{evxp( ). This is the case in particular if

either ¢ = d is a lower semicontinuous metric cost or c is continuous. Then, the following
statements are equivalent.
(a) The transport-entropy inequality
a(Te(v, p)) < H(v|p),
holds for all v € P(X).
(b) For all function u € U,

exp

1
lim sup — log P </ u““dLy, —I—/ udp > T> < —a(r),
n—oo T X X

holds for all v > 0.
(¢) For all u € U exp (1), the inequality

1
—logP (/ uCCdLn+/ udp > r) < —a(r),
n X x

holds for all positive integer n and r > 0.

(), the inequality
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Specializing to the situation where ¢ = d, since u4® = —u? € Lip(1), this means:

sd(zo, ")

Corollary 5.3 (Deviation of the empirical mean). Suppose that [, e dp < oo for some

o € X and all s > 0. Then, the following statements are equivalent.

(a) The transport-entropy inequality

a(Wi(v, p)) < H(v|p),

holds for all v € P(X).
(b) For all w € Lip(1), the inequality

1 1 ¢
li —logP | — X;) > d < - ,
im sup — log (nZu( )_/ u ,u—i—r) < —a(r)

n—co T i=1 x
holds for all v > 0.
(¢) For all u € Lip(1), the inequality

n

LlogP (711 Sux= [

udp + r> < —a(r),
i=1 X

holds for all positive integer n and r > 0.
Sanov’s Theorem and concentration inequalities match also well together, since both give
asymptotic results for probabilities of events related to an i.i.d sequence.
In [52], Gozlan has established the following converse to Proposition 4.6:

Theorem 5.4. Let p be a probability measure on X and (r}}), a sequence of nonnegative
numbers such that r7/n — 0 when n — +oo. Suppose that for all integer n the product
measure pu" verifies the following concentration inequality:

(30) p"(enlp(A, 7)) > 1 — exp <—na (T - Tg)) o>

n

for all A C X™ with u™(A) > 1/2, where enly(A,r) is defined in Proposition 4.6. Then
satisfies the transport-entropy inequality a(Zpq)) < H.

Together with Proposition 4.6, this result shows that the transport-entropy inequality
@ (’Zg(d)) < H is an equivalent formulation of the family of concentration inequalities (30).
Let us emphasize a nice particular case.

Corollary 5.5. Let o be a probability measure on X'; i enjoys the Gaussian dimension-free
concentration property if and only if p verifies Talagrand inequality To. More precisely, u
satisfies To(C) if and only if there is some K > 0 such that for all integer n the inequality
ut(A")y >1— Ke™™/C  r>o,
holds for all A C X™ with pu"(A) > 1/2 and where A" = {x € X";infycada(xz,A) < r} and
1/2
da(e,y) = (i i y)?) .
To put these results in perspective, let us recall that in recent years numerous functional

inequalities and tools were introduced to describe the concentration of measure phenome-
non. Besides transport-entropy inequalities, let us mention other recent approaches based on
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Poincaré inequalities [55, 19], logarithmic Sobolev inequalities [67, 17], modified logarithmic
Sobolev inequalities [19, 21, 47, 10], inf-convolution inequalities [82, 66], Beckner-Latata-
Oleszkiewicz inequalities [11, 65, 9, 7]...So the interest of Theorem 5.4 is that it tells that
transport-entropy inequalities are the right point of view, because they are equivalent to
concentration estimates for product measures.

Proof of Corollary 5.5. Let us show that dimension-free Gaussian concentration implies Ta-
lagrand inequality (the other implication is Corollary 4.4). For every integer n, and x € X™,
define L2 = n=1 5"  §,.. The map = — Wo(L%, ) is 1/y/n-Lipschitz with respect to the
metric dp. Indeed, if x = (z1,...,2,) and y = (y1,...,yn) are in X", then the triangle
inequality implies that

‘WQ(L::L»M) - WQ(L%a“” < WZ(L£7L%)

According to the convexity property of 7a(-, -) (see e.g [104, Theorem 4.8]), one has

1
T Lx Ly 27-2 5@751}1 Zd xz;yz - ;dz(ﬂ?,g)%

which proves the claim.

Now, let (X;); be an i.i.d sequence of law p and let L,, be its empirical measure. Let m,,
be the median of Wa(Ly, ) and define A = {x € X; Wa(L%, ) < my}. Then p"(A) > 1/2
and it is easy to show that A” C {x € X; Wa(L%, u) < my, +17/+/n}. Applying the Gaussian
concentration inequality to A gives

P (Wa(Ln, p) > mp +1/vn) < Kexp (—r?/C), r>0.
Equivalently, as soon as u > m,,, one has
P (Wa(Ly, p) > u) < K exp (—n(u —my)?/C) .

Now, it is not difficult to show that m, — 0 when n — oo (see the proof of [52, Theorem
3.4]). Consequently,

lim sup — logP(WQ( ) > u) < —u?/C.

n—-+o0o

for all u > 0.

On the other hand, according to Sanov’s Theorem 5.1,

11m1nf— logP (Wa(Lp,p) > u) > —inf {H(v|p);v € P(X) s.t. Wa(v,n) > u}.

n—-+00 N
This together with the preceding inequality yields
inf {H(v|p);v € P(X) s.t. Wa(v, u) > u} >u?/C
or in other words,
Wa(v, p)* < CH (v|p),
and this completes the proof. O
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6. INTEGRAL CRITERIA

Let us begin with a basic observation concerning the integrability.
Proposition 6.1. Suppose that a probability measure p on X verifies the inequality a(’]@(d)) <
H, and let z, € X ; then [ exp (a0 0(ed(x,x,))) du(x) is finite for all e > 0 small enough.
Proof. If pu verifies the inequality a(7q)) < H, then according to Jensen inequality, it verifies
the inequality a0 6 (7;) < H and according to Theorem 4.2, the inequality
(A™) > 1 —exp(—aob(r—r,)), r>1,=0"'oa (log?2),

holds for all A with pu(A) > 1/2. Let m be a median of the function x — d(z, z,) ; applying
the previous inequality to A = {x € X;d(x,x,) < m} yields

w(d(,25) > m+7) = p(X\ A7) < exp(—a o0 —15)), 7= 70

It follows easily that [ exp (a0 0(ed(x,z,))) du(z) < +oo, if € is sufficiently small. O

The theorem below shows that this integrability condition is also sufficient when the func-
tion « is supposed to be subquadratic near 0.

Theorem 6.2. Let i be a probability measure on X and define a®(s) = sup;so{st — a(t)},
for all s > 0. If the function « is such that limsup,_a(t)/t> < +oo and sup{a®(t);t
a®(t) < o0} = 400, then the following statements are equivalent:

(1) There is some a > 0 such that a (aTyq) (v, ) < H(v|p).
(2) There is some b > 0 such that [, e°0bd(@Y) dy(z)du(y) < +oo.

Djellout, Guillin and Wu [37] were the first ones to notice that the inequality T is equiva-
lent to the integrability condition [, , ebd@9)? dpy(x)dp(y) < +o0o. After them, this charac-
terization was extended to other functions o and 6 by Bolley and Villani [22]. Theorem 6.2

is due to Gozlan [49]. Let us mention that the constants a and b are related to each other in
[49, Theorem 1.15].

Again to avoid technical difficulties, we are going to establish a particular case of Theorem
6.2:

2 d(z,y)?
b 2

Proposition 6.3. If M = fXXX e
the following T4 inequality:

dp(z)du(y) is finite for some b > 0, then p verifies

1
Ta(v, ) < 33/1+2log My/2H (v|),
for allv € P(X).
Proof. First one can suppose that b = 1 (if this is not the case, just replace the distance d by

the distance bd). Let C' = 2(1 + 2log(M)); according to Corollary 3.4, it is enough to prove
that

s2c
/esfdu§e4, >0
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for all 1-Lipschitz function with [ fdu = 0. Let X,Y be two independent variables of law y;
using Jensen inequality, the symmetry of f(X) — f(Y), the inequality (2i)! > 2°-i! and the
fact that f is 1-Lipschitz, one gets

E [esf(X)} <E [ES(f(X)—f(Y))} _ 2 "B [(f ()((2)2)—' F(V)*]
SEBUIP] T (Rury)

=0

So, for s < 1, Jensen inequality gives E [e‘sf (X)} <M  If s > 1, then Young inequality

52 52
implies E [esf] <E [es(f(x)*f(y))] < ez M. So in all cases, E [esf] < eT M** = e5°C/4 which
completes the proof. O

7. TRANSPORT INEQUALITIES WITH UNIFORMLY CONVEX POTENTIALS

This section is devoted to some results which have been proved by Cordero-Erausquin in
[27] and Cordero-Erausquin, Gangbo and Houdré in [28].

Let us begin with a short overview of [27]. The state space is X = RF. Let V : R¥ — R
be a function of class C? which is semiconvex, i.e. Hess, V > kId for all z, for some real x. If
k > 0, the potential V' is said to be uniformly convex. Define

du(z) == e V@ dg
and assume that p is a probability measure. The main result of [27] is the following

Theorem 7.1. Let f,g be nonnegative compactly supported functions with f of class C* and
[ fdu= [gdp=1.If T(x) =z + VO(z) is the Brenier map pushing forward fu to g (see
Theorem 2.9), then

(31) H(gulp) > H(fulp) +/Rk V- V9du+;/Rk VO fdp.

Before presenting a sketch of the proof of this result, let us make a couple of comments.

- This result is an extension of Talagrand inequality (7).

- About the regularity of . As a convex function, 6 is differentiable almost everywhere
and it admits a Hessian in the sense of Alexandrov almost everywhere (this is the
statement of Alexandrov’s theorem). A function 6 admits a Hessian in the sense of
Alexandrov at 2 € R¥ if it is differentiable at x and there exists a symmetric linear
map H such that

O(x+u)=0(x)+ Vl(z)u+ %Huu + o(|ul?).

As a definition, this linear map H is the Hessian in the sense of Alexandrov of § at x
and it is denoted Hess, . Its trace is called the Laplacian in the sense of Alexandrov
and is denoted A 46(z).
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Outline of the proof. The change of variables formula leads us to the Monge-Ampere equation
F(@)e V@ = g(T(2))e”V @) det(Id + Hess, 6)
Taking the logarithm, we obtain
log g(T'(x)) =log f(z) + V(z + VO(x)) — V(x) — logdet(Id + Hess, 0).

Our assumption on V gives us V(z + VO(x)) — V(z) > VV(z) - VO(x) + x|VH|?/2. Since
log(l1 +t) < t, we have also logdet(Id + Hess, ) < A6(x) where A40 stands for the
Alexandrov Laplacian. This implies that fu-almost everywhere

log g(T(x)) > log f(z) + VV(2)-VO(z) — Aab(x) + k|VO|*/2

and integrating
/ log g(T') fdu Z/ flogfdu+/ [VV-VO — Ab] fdp + H/ VO fdp
RE RE Rk 2 Rk

Integrating by parts (at this point, a rigorous proof necessitates to take account of the almost
everywhere in the definition of A 4), we obtain

H(gplp) > H(fulp) +/Rk VH-Vfdqu;/Rk VO fdu

which is the desired result. O

Next results are almost immediate corollaries of this theorem.

Corollary 7.2 (Transport inequality). If V is of class C* with HessV > kId and k > 0,
then the probability measure du(x) = e~V ®) dx satisfies the transport inequality T2(2/k):

K
S W3 (v, p) < H(v|p),

for all v € P(RF).
Outline of the proof. Plug f =1 into (31). O

This transport inequality extends Talagrand’s Ts-inequality [102].

In [42], Feyel and Ustiinel have derived another type of extension of Ty from the finite
dimension setting to an abstract Wiener space. Their proof is based on Girsanov theorem.

Next result is the well-known Bakry-Emery criterion for the logarithmic Sobolev inequality
[4].

Corollary 7.3 (Logarithmic Sobolev inequality). If V is of class C*> with HessV > rld
and k > 0, then the probability measure du(z) = e=V@) dx satisfies the logarithmic Sobolev
inequality LS(2/k) (see Definition 8.9 below):

H(ful) < > /X VTP dp

for all sufficiently reqular f such that fu € P(RF).
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Outline of the proof. Plugging g = 1 into (31) yields

(32) Hiful) <= [ VF-Vodu—7 [ 107 sa

where T'(z) = x 4+ V(z) is the Brenier map pushing forward fu to p. Since VO is unknown
to us, we are forced to optimize as follows

K 2
H(ful < s { = [ 95-0au= 5 [ 1908 fah = 2r(ruln).
Y Rk Rk K
which is the desired inequality. (Il

The next inequality has been discovered by Otto and Villani [89]. It will be used in Section
8 for comparing transport and logarithmic Sobolev inequalities. More precisely, Otto-Villani’s
Theorem 8.12 states that if p satisfies the logarithmic Sobolev inequality, then it satisfies T's.

Let us define the (usual) Fisher information with respect to p by

Ie(fl) = [ [ 10g 17 f
for all positive and sufficiently smooth function f.

Corollary 7.4 (HWI inequality). If V is of class C*> with Hess V > kld for some real k, the
probability measure du(x) = e V@) dy satisfies the HWI inequality

H(fulp) < Wa(fu, )\ Ir(flp) — ngz(fu, n)

for all nonnegative smooth compactly supported function f with ka fdu=1.

Note that the HWI inequality gives back the celebrated Bakry-Emery criterion.
Outline of the proof. Start from (32), use W3 (fu, 1) = [gi |VO|? fdp and

—/VO'Vfd,u:—/VG‘Vlogffd,u
1/2
< ( [ w0 san [ |wogf|2fdu) — Walful) /TR (1),

and here you are. N

Now, let us have a look at the results of [28]. They extend Theorem 7.1 and its corollaries.
Again, the state space is X = R* and the main ingredients are

e An entropy profile: r € [0,00) — s(r) € R;
e A cost function: v € R¥  ¢(v) € [0, o0);
e A potential: z € R*¥ — V(x) € R.

The framework of our previous Theorem 7.1 corresponds to the entropy profile s(r) = rlogr—
r and the quadratic transport cost c(y — z) = |y — z|?/2.
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We are only interested in probability measures dp(z) = p(z)dz which are absolutely
continuous and we identify p and its density. The free energy functional is

F(o) = [ [s(0) + pV1(a) da

and our reference measure p is the steady state: the unique minimizer of F. Since s will be
assumed to be strictly convex, u is the unique solution of

(33) S () = -V,

which, by (21) is
p=-s"(=V).
Ass(p)+s*(—=V) > —Vp, see (20), in order that F' is a well-defined (—o0, oo]-valued function,
it is enough to assume that [p, s*(=V)(x) dz < co. One also requires that [5, s*(=V)(z) dz =
1 so that p is a probability density.
The free energy is the sum of the entropy S(p) and the internal energy U(p) which are defined
by
S()i= [ so)@ s, V)= [ Viepla)do
RE RE
It is assumed that

(As) (a) s €C?(0,00) NC([0,00)) is strictly convex, s(0) = 0, s'(0) = —oo and
(b) 7 € (0,00) — r9s(r~%) is convex increasing;
(Ac) cis convex, of class C', even, ¢(0) = 0 and limy,| o, ¢(v)/|v] = oo;
(Ay) For some real number &, V(y) — V(z) > VV(x)-(y — z) + ke(y — x), for all z,y.

If kK > 0, the potential V is said to be uniformly c-convex.

We see with Assumption (Ay ) that the cost function ¢ is a tool for quantifying the curvature
of the potential V. Also note that if £ > 0 and ¢(y —z) = ||y — z||P for some p in (Ay), letting
y tend to x, one sees that it is necessary that p > 2.

The transport cost associated with ¢ is Z.(po, p1). Theorem 2.9 admits an extension to
the case of strictly convex transport cost c¢(y — x) (instead of the quadratic cost). Under
the assumption (A.) on c, if the transport cost 7.(po, p1) between two absolutely continuous
probability measures pg and p; is finite, there exists a unique (generalized) Brenier map T
which pushes forward py to p; and it is represented by

T(z) =x+ V' (VO(z))

for some function ¢ such that 6(x) = —inf, cgr{c(y —x) +n(y)} for some function 7. This has
been proved by Gangbo and McCann in [44] and T" will be named later the Gangbo-McCann
map.

The fundamental result of [28] is the following extension of Theorem 7.1.

Theorem 7.5. For any po, p1 which are compactly supported and such that T.(po, p1) < o0,
we have

(34)  F(p1) — F(po) = wTc(po, p1) + /Rk (T(x) — ) - VI[s'(po) — 8" ()](@) po(x) da

where T' is the Gangbo-McCann map which pushes forward pg to p1.
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Outline of the proof. Let us first have a look at S. Thanks to the assumption (Ag) one can
prove that S is displacement convex. This formally means that if 7.(pg, p1) < o0,

d
S(p1) — S(po) > aS(Pt)u:o
where (pt)o<t<1 is the displacement interpolation of pg to p; which is defined by
pri=[(1 —t)Id+tT]upo, 0<t<1

where T pushes forward pg to p;. Since %(t, )+ V- [p(t,z)(T(x) — x)] =0, another way of
writing this convex inequality is

(35) S(p1) = S(po) = /Rk (T(z) — ) - V[s'(po)](x) po(x) dz.

Note that when the cost is quadratic, by Theorem 2.9 the Brenier-Gangbo-McCann map
between the uniform measures py and p; on the balls B(0,r9) and B(0,r;) is given by
T = (r1/r0)1d so that the image p; = Ty, po of pg by the displacement T} = (1 —¢)Id + 7" at
time 0 < ¢t < 1 is the uniform measure on the ball B(0, ;) with r = (1—¢)ro+tr1. Therefore,
t € [0,1] — S(ps) = ris(r;?) is convex for all 0 < 7o < 71 if and only if r%s(r~%) is convex:
i.e. assumption (As-b).

It is immediate that under the assumption (Ay ) we have

Ulpr) =Ulpo) = | VV(@)-[T(@) =] po(x)dz + KT po, pr)-

One can also prove that this is a necessary condition for assumption (Ay) to hold true.
Summing (35) with this inequality, and taking (33) into account, leads us to (34). O

Let us define the generalized relative entropy
S(plp) = F(p) — F(pu) = /Rk [8(p) —s(k) —8'()(p — W(z) dz

on the set PA(R¥) of all absolutely continuous probability measures on R¥. It is a [0, col-
valued convex function which admits p as its unique minimum.

Theorem 7.6 (Transport-entropy inequality). Assume that the constant  in assumption
(Av) is positive: k > 0. Then, i satisfies the following transport-entropy inequality

KTe(p, i) < S(plp),
for all p € P*(RF).

Outline of the proof. If p and p are compactly supported, plug po = p and p; = p into

(34) to obtain the desired result. Otherwise, approximate p and p by compactly supported

probability measures. U
Let us define the generalized relative Fisher information for all p € P2¢(RF) by

T(plp) := /R e (= kI () = ()](@)) dp() € [0,00]

with Z(p|n) = oo if Vp is undefined on a set with positive Lebesgue measure.
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Theorem 7.7 (Entropy-information inequality). Assume that k > 0. Then, u satisfies the
following entropy-information inequality

S(pln) < Z(plp),
for all p € P*(RF).

Outline of the proof. Change c¢ into xc so that the constant x becomes k = 1. If p and p are
compactly supported, plug pg = p and p; = p into (34) to obtain

F(p) = F(u) + Tp. 1) < / (Ta) — ) VIS ()~ (p))(x) dp(a)
< /R () ~ 2) dpla) + /R (V) ~ S0 @) dp(a)

where the last inequality is a consequence of Fenchel inequality (20). Since T' is the Gangbo-
McCann map between p and p, we have [p,. ¢(T(x) — x) dp(x) = T.(p, 1). Therefore,

F(p) — Fu) < /

R

(= V() — 8 ()](@)) dip(x)

which is the desired result for compactly supported measures. For the general case, approx-
imate p and p by compactly supported probability measures. ]

A direct application of these theorems allow us to recover inequalities which were first

proved by Bobkov and Ledoux in [20].

Corollary 7.8. Let || - || be a norm on R* and V a convex potential. Suppose that V is
uniformly p-convex with respect to ||-|| for some p > 2; this means that there exists a constant
k > 0 such that for all x,y € RF

r+y

(36) V() + Viy) -2V ( ) > Ly - aip.

Denote du(x) := e~V @) dx (where it is understood that ju is a probability measure) and H(p|u)
the usual relative entropy.
(1) w verifies the transport-entropy inequality
KT, (p, 1) < H(p|p),

for all p € P2(R¥), where c,(y — z) = ||y — z||?/p.
(2) p verifies the entropy-information inequality

) < — [ IV 1og 1 fa

qrat

for all smooth nonnegative function f such that [ fdp =1, where || - ||« is the dual
norm of || - || and 1/p+1/q = 1.
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8. LINKS WITH OTHER FUNCTIONAL INEQUALITIES

In this section, we investigate the position of transport-entropy inequalities among the
relatively large class of functional inequalities (mainly of Sobolev type) appearing in the
literature. We will be concerned with transport-entropy inequalities of the form 7y < H
since inequalities of the form « (%(d)) < H with a nonlinear function o are mainly described
in terms of integrability conditions according to Theorem 6.2.

8.1. Links with the Property (7). In [82], Maurey introduced the Property (7) which we
describe now. Let ¢ be a cost function on X. Recall that for all f € By(X), the function Q. f
is defined by Q.f(z) :=inf,{f(y) + c(x,y)}. If a probability measure p € P(X) satisfies

(Josa) (fera)

for all f € By(X), one says that the couple (u, c) satisfies the Property (7).
The basic properties of this class of functional inequalities are summarized in the following
result.

Proposition 8.1. Suppose that (u,c) verifies the Property (1), then the following holds.

(1) The probability measure p verifies the transport-entropy inequality 7. < H.

(2) For all positive integer n, the couple (u",c®™), with ¢ (z,y) = > i (@i, yi), ©,y €
X™, verifies the Property (T).

(3) For all positive integer n, and all Borel set A C X™ with u™(A) > 0,

p"(enlen (A7) > 1 — e, r>0

where

n
eNles ( 7T) {JJ € a?ng;C(xwyl) = T}

The third point of the proposition above was the main motivation for the introduction
of this class of inequalities. In [82], Maurey established that the symmetric exponential
probability measure dv(z) = %e*m dz on R satisfies the Property (7) with the cost function
c(z,y) = amin(|z|?,|z|) for some constant a > 0. It enables him to recover Talagrand’s
concentration results for the multidimensional exponential distribution with sharp constants.
Moreover, using the Prekopa-Leindler inequality (see Theorem 13.1 below), he showed that
the standard Gaussian measure ~y verifes the Property (7) with the cost function ¢(z,y) =
1|z — y|?. The constant 1/4 is sharp.

Proof. (1) According to the dual formulation of transport-entropy inequalities, see Corollary
3.3, p verifies the inequality 7. < H if and only if fchf du - e~ Jfdn <1 for all f € By(X).
Jensen inequality readily implies that this condition is weaker than the Property (7).

(2) The proof of this tensorization property follows the lines of the proof of Theorem 4.3. We
refer to [82] or [68] for a complete proof.
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(3) Applying the Property (7) satisfied by (u™,c®") to the function u(z) = 0 if z € A and
u(z) =t,if x ¢ A and letting t — oo yields the inequality:

inf O (zy) 7,0
e'tvea du"(x) < ,
/ D= )

which immediately implies the concentration inequality. (|
In fact, the Property (7) can be viewed as a symmetric transport-entropy inequality.

Proposition 8.2. The couple (u,c) verifies the Property (1) if and only if u verifies the
following inequality

Te(vy,v2) < H(vilp) + H(vap),
for all vy, vy € P(X).

Proof. According to the Kantorovich dual equality, see Theorem 2.2, the symmetric transport-
entropy inequality holds if and only if for all couple (u,v) of bounded functions such that
u @ v < ¢, the inequality

/udV1—H(l/l\,u)—i—/vdl/g—H(Vg\,u,) <0

holds for all vy, € P(X). Since sup,{ [ udv — H(v|u)} = log [ €"dp (this is the convex
conjugate of the result of Proposition B.1), the symmetric transport-entropy inequality holds

if and only if
/e“d,u/e”d,u <1,

for all couple (u,v) of bounded functions such that v @ v < ¢. One concludes by observing
that for a given f € By(X), the best function u such that u @ (—f) < cisu = Q.f. O

As we have seen above, the Property (7) is always stronger than the transport inequality
7. < H. Actually, when the cost function is of the form c(x,y) = 6(d(x,y)) with a convex 6,
the transport-entropy inequality and the Property (7) are qualitatively equivalent as shown
in the following.

Proposition 8.3. Let u be a probability measure on X and 6 : [0,00) — [0,00) be a convex
function such that 6(0) = 0. If u verifies the transport-entropy inequality T. < H, then the

couple (p, ¢), with é(z,y) = 20 (@) verifies the Property ().
Proof. According to the dual formulation of the transport inequality 7. < H, one has
/chfdu.e—ffdu <1
Applying this inequality with +Q.f instead of f, one gets
/ch(ch) dp-e=JQeldn <1 and /ch(ch) el Qeldn < 1.

Multiplying these two inequalities yields to

/ch(ch) dp- /ch(—ch) dp < 1.
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Now, for all z,y € X, one has: —f(y) + Q.f(z) < 6(d(z,y)), and consequently, —f <
Qc(—Qcf). On the other hand, the convexity of 6 easily yields

Qe(Qef)(@) < inf {f(y) +26 (d(”;’ y)>} = Q:f.

This completes the proof. O

We refer to the works [95, 96] by Samson and [66] by Latala and Wojtaszczyk for recent
advances in the study of the Property (7).
In [96], Samson established different variants of the Property (7) in order to derive sharp
deviation results d la Talagrand for supremum of empirical processes.
In [66], Latala and Wojtaszczyk have considered a cost function naturally associated to a
probability & on R¥. A symmetric probability measure j is said to satisfy the inequality
IC(pB) for some constant 5 > 0 if it verifies the Property (7) with the cost function ¢(z,y) =

A (%), where A}, is the Cramér transform of y defined by

* _ u- k
A (z) = sup {:U'y—log/e ydu(u)}, x € RY,

yERkK

For many reasons, this corresponds to an optimal choice for c¢. They have shown that isotropic
log-concave distributions on R (mean equals zero and variance equals one) satisfy the in-
equality 1C(48). They conjectured that isotropic log-concave distributions in all dimensions
verify the inequality IC(/3) with a universal constant 5. This conjecture is stronger than
the Kannan-Lovasz-Simonovits conjecture on the Poincaré constant of isotropic log-concave
distributions [62].

8.2. Definitions of the Poincaré and logarithmic Sobolev inequalities. Let u € P(X)
be a given probability measure and (P;);>p be the semigroup on L?(uz) of a p-reversible
Markov process (X;)¢>0. The generator of (P;);>0 is £ and its domain on L*(p) is Da(L).
Define the Dirichlet form

E(9,9) = (=Lg,9)u, 9 € Da(L).

Under the assumptions that

(a) (Xt)t>0 is p-reversible,
(b) (Xt)t>0 is p-ergodic,

& is closable in L?(u1) and its closure (£,D(£)) admits the domain D(E) = Da(v/—L) in L?(p).
Remark 8.4. About these assumptions.

(a) means that the semigroup (F;)¢>0 is p-symmetric.
(b) means that if f € By(X) satisfies P,f = f, p-a.e. for all ¢ > 0, then f is constant
p-a.e.

Definition 8.5 (Fisher information and Donsker-Varadhan information).

(1) The Fisher information of f with respect to p (and the generator L) is defined by

L(f) = EWF.NVT)
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for all f >0 such that /f € D(E).
(2) The Donsker-Varadhan information I(v|u) of the measure v with respect to p is
defined by

(37) 1) = {gw’ VI Y= Ti € P, VT ERE)

400 otherwise

Ezample 8.6 (Standard situation). As a typical example, considering a probability measure
pw=e"V@dy with V of class C* on a complete connected Riemannian manifold X', one takes
(Xt)t>0 to be the diffusion generated by

L=A-VV.-V

where A, V are respectively the Laplacian and the gradient on X'. The Markov process (X¢)i>0
is p-reversible and the corresponding Dirichlet form is given by

E(g.9) = /X Vol2du, g eDE) = H'(X, )

where H'(X, 1) is the closure with respect to the norm \/fX(]gP + |Vyg|?) du of the space of

infinitely differentiable functions on X with bounded derivatives of all orders. It also matches
with the space of these g € L?(X) such that Vg € L?(X — TX; ) in distribution.

Remark 8.7. The Fisher information in this example
(39) L) = [ 19V
differs from the usual Fisher information

Tr(fle) = [ V1o 12 f

by a multiplicative factor. Indeed, we have I, = I /4. The reason for preferring I,, to Iy in
these notes is that I(-|u) is the large deviation rate function of the occupation measure of
the Markov process (X¢)¢>0 as will be seen in Section 10.

Let us introduce the 1-homogenous extension of the relative entropy H:

Ent,(f) ::/flogfdu—/fdu log/fdu,

for all nonnegative function f. The following relation holds:

Entu(f):/fde< Th u>-

[ fdu
As usual, Var,(f) == [ f2dp — ([, fdp)?.

Definition 8.8 (General Poincaré and logarithmic Sobolev inequalities).

(1) A probability p € P(X) is said to satisfy the Poincaré inequality with constant C if

Var,(f) < CL(f?)
for any function f € D(E).
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(2) A probability p on X is said to satisfy the logarithmic Sobolev inequality with a con-
stant C' > 0, if

H(fplp) < CI(fulp)
holds for all f : X — RT. Equivalently,  verifies this inequality if

Ent,,(f?) < CL(f?)
for any function f € D(E).

In the special important case where £L = A — VV - V, the Fisher information is given by
(38) and we say that the corresponding Poincaré and logarithmic Sobolev inequalities are
usual.

Definition 8.9 (Usual Poincaré and logarithmic Sobolev inequalities, P(C') and LS(C)).

(1) A probability i € P(X) is said to satisfy the (usual) Poincaré inequality with constant
C, P(C) for short, if

Var,(f) < € [ V4 du

for any function smooth enough function f.
(2) A probability p on X is said to satisfy the (usual) logarithmic Sobolev inequality with
a constant C > 0, LS(C) for short, if

(39) But, (%) < C [ 197 du
for any function smooth enough function f.

Remark 8.10 (Spectral gap). The Poincaré inequality P(C') can be made precise by means
of the Dirichlet form & :

Var,(f) < CE(f, f), [fe€DAL)
for some finite C' > 0. The best constant C' in the above Poincaré inequality is the inverse of
the spectral gap of L.

8.3. Links with Poincaré inequalities. We noticed in Section 1 that T is stronger than
T;. The subsequent proposition enables us to make precise the gap between these two
inequalities.

Proposition 8.11. Let pu be a probability measure on R¥ and d be the Euclidean distance ;
if i verifies the inequality Tyqy < H with a function 0(t) > t2/C near 0 with C > 0, then
verifies the Poincaré inequality P(C/2).

So in particular, T9 implies Poincaré inequality with the constant C'/2, while T; doesn’t
imply it. The result above was established by Otto and Villani in [89]. Below is a proof using
the Hamilton-Jacobi semigroup.

Proof. According to Corollary 3.3, for all bounded continuous function f : R¥ — R, i eftf au <
el fde where Rf (z) = inf, e {f(y)+0(|x—yl2)}. For allt > 0, define R, f(x) = inf, cpr{ f(y)+
20(ly — z|2)}. Suppose that §(u) > u?/C, for all 0 < u < r, for some r > 0. If M > 0, is
such that |f(z)| < M for all z € R¥, then it is not difficult to see that the infimum in the
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definition of Ry f(z) is attained in the ball of center = and radius r as soon as t < 6(r)/(2M).
So, for all t < 6(r)/(2M),

Rif(e) = inf (1) +50(y=al)} > inf {)+ lo— o3} > Quf @)

ly—z|<r

with Qi f(x) = inf g { f(y) + %|33 — |3}, t > 0. Consequently, the inequality
(40) /etQtf dp < et f fan

holds for all £ > 0 small enough.

If f is smooth enough (say of class C?), then defining Qo f = f, the function (¢,z) — Q;f(z)
is solution of the Hamilton-Jacobi partial differential equation :

0u(t,z) + §|Voul’(t,z) =0, ¢>0,2 €R"
u(0,x) = f. v cR*

(see for example [104, Theorem 22.46]).

(41)

So if f is smooth enough, it is not difficult to see that

/etQtfduzlnLt/fdu—kt;</f2du—§/]Vf|2d,u)—l—o(t2).

So (40) implies that Var,(f) < % [V f|? du, which completes the proof. O

8.4. Around Otto-Villani theorem. We now present the famous Otto-Villani theorem
and its generalizations.

Theorem 8.12 (Otto-Villani). Let u be a probability measure on RE. If p verifies the
logarithmic Sobolev inequality LS(C) with a constant C > 0, then it verifies the inequality
then T2(C).

Let us mention that Otto-Villani theorem is also true on a Riemannian manifold. This
result was conjectured by Bobkov and Gé&tze in [17] and first proved by Otto and Villani
in [89]. The proof by Otto and Villani was a rather sophisticated combination of optimal
transport and partial differential equation results. It was adapted to other situations (in
particular to path spaces) by Wang in [107, 110, 109]. Soon after [89], Bobkov, Gentil and
Ledoux have proposed in [16] a much more elementary proof relying on simple computations
on the Hamilton-Jacobi semigroup. This approach is at the origin of many subsequent
developments (see for instance [48], [47], [25], [73] or [54]). In [52], Gozlan gives yet another
proof which is build on the characterization of dimension-free Gaussian concentration exposed
in Corollary 5.5. It is very robust and works as well if R¥ is replaced by an (almost) arbitrary
polish space (see [52, Theorems 4.9 and 4.10]).

First proof of Theorem 8.12 following [16]. In this proof we explain the Hamilton-Jacobi method
of Bobkov, Gentil and Ledoux. Consider the semigroup @; defined for all bounded function
f by

@) = it {10+ glo—oP). =0, Q=1

yERk
If f is smooth enough, (¢, x) — Q.f(z) solves the Hamilton-Jacobi equation (41).
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According to (39), and (41)
(42)

Bt (c1941 / Vo QU ) ) dpt) = —¢2 [ T3 (1,100 ),

Let Z;, = [ e!Quf( t""“") du(z), t >0 ; then
Zi= [ @uiteo)e @t du(e) +1 [ 220 OO () 1)t Qef ) gy ().

Consequently,
Entu(etQtf) - t/Qtf(t7m)etQtf(tvx) du(zx) — /etQtf(t,:v) du(z) log/etQtf(t:x) du(x)
=tZ, — Zilog Zy — t2 / 8?;‘}0(@ 2)et@ S dyy ().

This together with (42), yields tZ] — Z;log Z; < 0 for all t > 0. In other words, the function

t— logTZt is decreasing on (0, +00). As a result,
1
log Z1 :log/tefd,ugy Og /fd
which is Bobkov-Gotze dual version of Ty (C) stated in Corollary 3.3. O

Second proof of Theorem 8.12 following [52]. Now let us explain how to use concentration
to prove Otto-Villani theorem. First let us recall the famous Herbst argument. Take g a
1-Lipschitz function such that [ g du = 0 and apply (39) to f = e'9/2 with t > 0; then letting
Zy = [ €'9du, one gets

Ct? C
Z; — Zylog Z; < Ve / ]Vg]2et9 dp < ZtQZt, t>0

where the inequality follows from the fact that g is 1-Lipschitz. In other word,

d (log Z; C
— < —, t>0.
dt( ¢ )4’ ~

log Zt _, O when ¢ — 0, integrating the inequality above yields

/etgdu < e%tz, t > 0.

Since this holds for all centered and 1-Lipschitz function g, one concludes from Corollary 3.4
that u verifies the inequality T1(C) on (R¥, |- |2).

Since

The next step is a tensorization argument. Let us recall that the logarithmic Sobolev
inequality enjoys the following well known tensorization property : if p verifies LS(C') on
R*, then for all positive integer n, the product probability measure p" satisfies LS(C) on
(]Rk)n. As a consequence, the argument above shows that for all positive integer n, p™
verifies the inequality T (C) on ((Rk)n .| ]2) . According to Marton’s argument (Theorem
4.2), there is some constant K > 0 such that for all positive integer n and all A C (Rk)n,
with p"(A) > 1/2, it holds

pt(AT) > 1-Ke 9" r>o0.
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The final step is given by Corollary 5.5 : this dimension-free Gaussian concentration inequal-
ity implies T2(C') and this completes the proof. O

Otto-Villani theorem admits the following natural extension which appears in [16] and [47,
Theorem 2.10].
For all p € [1,2], define 0,(x) = 22 if |z| < 1 and %ajp+1—%if\m| > 1.

Theorem 8.13. Suppose that a probability i on R¥ verifies the following modified logarithmic

Sobolev inequality
Ent,,(f <Cl/ze*<afl>

for all f : R¥ — R smooth enough, where 0, is the convex conjugate of 6,,. Then there is a
constant Cy such that p verifies the transport-entropy inequality Tg .|,y < CoH

The theorem above is stated in a very lazy way ; the relation between C; and C is made
clear in [47, Theorem 2.10].

Sketch of proof. We shall only indicate that two proofs can be made. The first one uses the
following Hamilton Jacobi semigroup

Qif (z) = 1nf{ +tZ€ < >}
which solves the following Hamilton-Jacobi equatlon

Ge(t) + 350, (94) (o) =0, t=0,0eRF

( ) ) - f? S RF
The second proof uses concentration : according to a result by Barthe and Roberto [10, The-
orem 27], the modified logarithmic Sobolev inequality implies dimension-free concentration
for the enlargement enlg,(A4,7) = {z € (Rk)n sinfyea >y 0p(Jz — yl2) < r} and accord-

ing to Theorem 5.4, this concentration property implies the transport-entropy inequalit
g property p P Py q Yy
To, (1) < CH, for some C > 0. O

The case p = 1 is particularly interesting ; namely according to a result by Bobkov
and Ledoux, the modified logarithmic Sobolev inequality with the function 0, is equivalent
to Poincaré inequality (see [19, Theorem 3.1] for a precise statement). Consequently, the
following results holds

Corollary 8.14. Let p be a probability measure on R¥; the following propositions are equiv-
alent:

(1) The probability p verifies Poincaré inequality for some constant C' > 0;
(2) The probability p verifies the transport-entropy inequality 7. < H, with a cost function
of the form c(z,y) = 61(alz — yl2), for some a > 0.

Moreover the constants are related as follows: (1) implies (2) with a = %, where T is some

universal constant and (2) implies (1) with C = 2—
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Again a precise result can be found in [16, Corollary 5.1].

Let us recall that p is said to satisfy a super-Poincaré inequality if there is a decreasing
function 3 : [1,+00) — [0, 00) such that

2
/f?du<ﬁ<s>/Vf|2du+s</|f|du) s>l

holds true for all sufficiently smooth f. This class of functional inequalities was introduced
by Wang in [106] with applications in spectral theory. Many functional inequalities (Beckner-
Latata-Oleszkiewicz inequalities for instance [65, 108]) can be represented as a super-Poincaré
inequality for a specific choice of the function 3. Recently efforts have been made to see which
transport-entropy inequalities can be derived from super-Poincaré inequalities. We refer to
Wang [109, Theorem 1.1] (in a Riemannian setting) and Gozlan [51, Theorem 5.4] for these
very general extensions of Otto-Villani theorem.

8.5. T2 and LS under curvature assumptions. In [89], Otto and Villani proved that
the logarithmic Sobolev inequality was sometimes implied by the inequality Ts. The key
argument for this converse is the so called HWI inequality (see [89, Theorem 3] or Corollary
7.4 of the present paper) which is recalled below. If y is an absolutely continuous probability
measure with a density of the form du(z) = e~V ® dz, with V of class C> on R¥ and such
that Hess V' > kId, with x € R, then for all probability measure v on R* having a smooth
density with respect to p,

K
(43) H(v|p) < 2Wa (v, p)VI(wln) = 5 W3 (v, ),
where I(-|u) is the Donsker-Varadhan information.

Proposition 8.15. Let du(z) = eV dx, with V of class C> on R¥ and such that Hess V >
kld, with k < 0; if p verifies the inequality To(C), with C < —2/k, then it verifies the

inequality LS (ﬁ) In particular, when V is convex then p verifies LS(4C).
Proof. Applying (43) together with the assumed Ty (C') inequality, yields
kC
H(vlp) < 2/ CHOI VTR — 55 Hvlp),

for all v. Thus, if 1 + ¢ > 0, one has H(v|u) < I(v|p). Taking dv(z) = f*(z)dx

4C
(1+52)°
with a smooth f yields

4C
Ent,(f*) < ——— / IV dp,
(1+25)
which completes the proof. ]

So in the range C' + 2/k < 0, Ty and LS are equivalent. In fact under the condition
Hess V' > k, a strong enough Gaussian concentration property implies the logarithmic Sobolev
inequality, as shown in the following theorem by Wang [105].

Theorem 8.16. Let du(z) = e~V dx, with V of class C* on R* and such that Hess V > k1d,

with k < 0; if there is some C' < —2/k, such that fe%dQ(x"’x) du(z) is finite, for some (and
thus all) point x,, then p verifies the logarithmic Sobolev inequality for some constant C'.
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Recently Barthe and Kolesnikov have generalized Wang’s theorem to different functional
inequalities and other convexity defects [8]. Their proofs rely on Theorem 7.1. A drawback
of Theorem 8.16 is that the constant C' depends too heavily on the dimension k. In a series
of papers [87, 86, 85|, E. Milman has shown that under curvature conditions concentration
inequalities and isoperimetric inequalities are in fact equivalent with a dimension-free control
of constants. Let us state a simple corollary of Milman’s results.

Corollary 8.17. Let du(z) = eV ®) dx, with V of class C> on R* and such that HessV >
kld, with K < 0; if there is some C' < —2/k and M > 1, such that p verifies the following
Gaussian concentration inequality

(44) WA =1 - Meme™, >0

for all A such that u(A) > 1/2 and with A™ = {x € R¥;3y € A, |z —y|a <1}, then u verifies
the logarithmic Sobolev inequality with a constant C' depending only on C, k and M. In
particular, the constant C' is independent on the dimension k of the space.

The conclusion of the preceding results is that when C' + 2/k < 0, it holds

LS(C) = T2(C) = Gaussian concentration (44) with constant 1/C = LS(C),

and so these three inequalities are qualitatively equivalent in this range of parameters. Nev-
ertheless, the equivalence between LS and T5 is no longer true when Hess V' is unbounded
from below. In [25], Cattiaux and Guillin were able to give an example of a probability p on
R verifying T9, but not LS. Cattiaux and Guillin’s counterexample is discussed in Theorem
9.5 below.

8.6. A refined version of Otto-Villani theorem. We close this section with a recent
result by Gozlan, Roberto and Samson [54] which completes the picture showing that To
(and in fact many other transport-entropy inequalities) is equivalent to a logarithmic Sobolev
inequality restricted to a subclass of functions.

Let us say that a function f : R¥ — R is A-semiconvex, A > 0, if the function z —
flx) + %|a/:|2 is convex. If f is C? this is equivalent to the condition Hess f(z) > —AId.
Moreover, if f is A-semiconvex, it is almost everywhere differentiable, and for all  where
V f(x) is well defined, one has

F(w) > @)+ Vi) - (g — ) — 2y~ 2P
for all y € R”.

Theorem 8.18. Let p be a probability measure on RF. The following propositions are equiv-
alent:

(1) There exists C1 > 0 such that p verify the inequality To(C1).
(2) There ezists Cy > 0 such that for all 0 < XA < C% and all A\-semiconvez f : RF — R,

C
Ent,(ef) < 22/\Vf|26f dp.
1)
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The constants C1 and Co are related in the following way:
(1) = (2) with 02 = (.
(2) = (1) with C7 = 8C%.

More general results can be found in [54, Theorem 1.8]. Let us emphasize the main
difference between this theorem and Proposition 8.15 : in the result above the curvature
assumption is made on the functions f and not on the potential V. A nice corollary of
Theorem 8.18, is the following perturbation result:

Theorem 8.19. Let i be a probability measure on R¥ and consider dji(zx) = e?®) da, where
¢ : R¥ — R is bounded. If i verifies To(C), then fi verifies To (8959, where Osc(yp) =
sup ¢ — inf .

Many functional inequalities of Sobolev type enjoy the same bounded perturbation prop-
erty (without the factor 8). For the Poincaré inequality or the logarithmic Sobolev inequality,
the proof (due to Holley and Stroock) is almost straightforward (see e.g [2, Theorems 3.4.1
and 3.4.3]). For transport-entropy inequalities, the question of the perturbation was raised
in [89] and remained open for a long time. The proof of Theorem 8.19 relies on the rep-
resentation of Ty as a restricted logarithmic Sobolev inequality provided by Theorem 8.18.
Contrary to Sobolev type inequalities, no direct proof of Theorem 8.19 is known.

9. WORKABLE SUFFICIENT CONDITIONS FOR TRANSPORT-ENTROPY INEQUALITIES

In this section, we review some of the known sufficient conditions on V : R¥ — R under
which dyu = e~V dx verifies a transport-entropy inequality of the form Tyq) < H. Unlike
Section 7, the potential V' is not supposed to be (uniformly) convex.

9.1. Cattiaux and Guillin’s restricted logarithmic Sobolev method. Let i be a prob-
ability measure on R¥ such that / eclel? du(z) < 400, for some € > 0. Following Cattiaux
and Guillin in [25], let us say that p verifies the restricted logarithmic Sobolev inequality
rLS(C,n) if

But, (%) < C [ 191 du.
for all smooth f : R¥ — R such that

F) < ( / 12 du) elao—el+] lea—yP du() o ¢ R,

Using Bobkov-Gentil-Ledoux proof of Otto-Villani theorem, Cattiaux and Guillin obtained
the following result (see [25, Theorem 1.17]).

Theorem 9.1. Let u be a probability measure on R¥ such that i eclel? du(x) < 400, for some
e > 0. If the restricted logarithmic Sobolev inequality rLS(C,n) holds for some n < /2, then
w verifies the inequality To(C), for some C > 0.

The interest of this theorem is that the restricted logarithmic Sobolev inequality above is
strictly weaker than the usual one. Moreover, workable sufficient conditions for the rLS can
be given. Let us start with the case of the real axis.
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Theorem 9.2. Let du(x) = e~V dx be a probability measure on R with [ el dp(x) < +o00
for some € > 0. If i is such that

+oo T x 0
AT = sup/ t2e=V®) dt/ Oat and A = sup/ 2=V dt/ eV® qt
T 0 T

x>0 <0 J —oc0
are finite then p verifies rLS(C,n), for some C,n > 0 and so it verifies also Ty (C) for some
C > 0.

The finiteness of AT and A~ can be determined using the following proposition (see [25,
Proposition 5.5]).

Proposition 9.3. Suppose that du(z) = e V@) dx be a probability measure on R with V of

class C% such that %(x) — 0 when x — oo. If V wverifies

(45) lim sup

r—+00

X
| < 4o

Vi(z)
then AT and A~ are finite (and there is € > 0 such that fe‘SmQ dp(z) < +00).

The condition %(w) — 0 when x — o0 is not very restrictive and appears very often in
results of this type (see [2, Corollary 6.4.2 and Theorem 6.4.3] for instance).

Now let us recall the following result by Bobkov and Gétze (see [17, Theorem 5.3] and [2,
Theorems 6.3.4 and 6.4.3]) dealing this time with the logarithmic Sobolev inequality.

Theorem 9.4. Let du(z) = e~ V@) dz: be a probability measure on R, and m a median of L
If V is such that

xT 1 m
- — =V(t) V(t)
D™ = ISEEL /Ooe dtlog (fxoo =0 dt) /m e’ \Wdt

+o0 1 xT
D+ — VO gilog [ / V) g
awp [ e Oanog | o) | ¢

are finite, then p verifies the logarithmic Sobolev inequality, and the optimal constant Copt
verifies

mimax(D™, D7) < Cppe < omax(D~, DY),
where 11 and T2 are known universal constants.

Moreover if V is of class C? and verifies limy_.o %(m) =0, then D~ and D" are finite
if and only if V verifies the following conditions:
lixnlg.}f V'(z)| >0 and ligrgls;}p (V‘{)(;()ﬂ:)

Theorem 9.5 (Cattiaux-Guillin’s counterexample). The probability measure du(z) = %e_v(fc) dz
defined on R with V(x) = |z|> + 322sin?x + |2|°, with Z a normalizing constant and
2 < B < 5/2 satisfies the inequality Ty but not the logarithmic Sobolev inequality.

< +00
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Proof. For all x > 0,
V'(z) = 32 + 6xsin’ z + 622 cos xsinx + Bz’ !
= 322(1 + cos 2z) + 6xsin® z + Bz L.
and

V" (x) = 622 cos 2z + 62(1 + 2sin 2z) + 6sin® z + B(6 — 1)z 2.

First, observe that V/(z) > 0 for all z > 0 and V'(x) — oo when  — +o0. Moreover, for

2
< D35, and 0 < {7 < D=, for some numerical constant D > 0.

large enough, ’V,Q x)

Since, 8 > 2, it follows that V’2( x) — 0, and W — 0 when x — +o00. Consequently,
it follows from Proposition 9.3, that p verifies To(C), for some C > 0. On the other hand,
consider the sequence z, = T4k, then V'"?(z) = (ka+ﬁ$ N2~ B2(nk)?P2 and V (z1) ~
(km)3. So V,Q(Z”g’;]z) ~ ?(rk)>=%% and since 3 < 5/2, one concludes that lim sup,_, | . %(x) =
+00. According to Theorem 9.4, it follows that p does not verify the logarithmic- Sobolev
inequality. U

Recently, Cattiaux, Guillin and Wu have obtained in [26] different sufficient conditions for
the restricted logarithmic Sobolev inequality rLS in dimension k£ > 1.

Theorem 9.6. Let u be a probabilikty measure on R* with a density of the form du(x) =
e V@) dx, with V : RF — R of class C2. If one of the following conditions
Ja < 1,R,c >0, such that ¥|x| > R, (1—a)|VV(z)]? - AV (z) > c|z|?
or
3R, c > 0, such that ¥V|x| > R, z-VV(z) > clxf?
1s satisfied, then rLS holds.

We refer to [26, Corollary 2.1] for a proof relying on the so called Lyapunov functions
method.

9.2. Contraction methods. In [50], Gozlan recovered Cattiaux and Guillin’s sufficient con-
dition (45) for Ty and extended it to other transport-entropy inequalities on the real axis.
The proof relies on a simple contraction argument, we shall now explain it in a general setting.

Contraction of transport-entropy inequalities. In the sequel, X and ) will be polish spaces.
If v is a probability measure on X and T : X — ) is a measurable map, the image of p under
T will be denoted by Tl p; by definition, it is the probability measure on ) defined by

Tup(A) = n (TH(A)),
for all measurable subset 4 of Y.

The result below shows that if p verifies a transport-entropy inequality on X then the
image T verifies verifies a transport-entropy inequality on ) with a new cost function
expressed in terms on 7.
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Theorem 9.7. Let u, be a probability measure on X and T : X — )Y be a measurable
bijection. If u, satisfies the transport-entropy inequality o(7.) < H with a cost function ¢ on
X, then Ty, satisfies the transport-entropy inequality o(7.r) < H with the cost function e
defined on Y by

Ly, y2) = (T 'y, T ly2),  yi1,y2 € V.
Proof. Let us define Q(y1,y2) = (T~ y1, T ya), y1,42 € Y, and iy = Ty pio. Let v € P(Y)

and take 7 € TI(v, u1), the subset of P()?) consisting of the probability 7 with their marginal
measures o = v and m = p1. Then [cT(y1,y2) dr = [ c(z,y) dQ4m, so

Tr(v, = inf /c x,y)dm.
ot (v, i) Qi) (x,y)
But it is easily seen that QuII(v, 1) = (T ' 4v, u,). Consequently

7::T (Vv Hl) = %(Tﬁl#y7 MO)'
Since p, satisfies the transport-entropy inequality «(7.) < H, it holds

«© (TC(T_I#Vv NO)) < H(T_I#V|N0)-

But it is easy to check , with Proposition B.1 and the fact that T is one-one, that

H(Til#V‘NO) = HW|Typo).
Hence

a(Zer (v, ) < H(v|pm),
for all v € P(Y). O
Remark 9.8. This contraction property was first observed by Maurey (see [82, Lemma 2])

in the context of inf-convolution inequalities. Theorem 9.7 is a simple but powerful tool to
derive new transport-entropy inequalities from already known ones.

Sufficient conditions on R. Let us recall that a probability measure p on R is said to satisfy
Cheeger inequality with the constant A > 0 if

(46) [17@) = min)] duto) <3 [ 17/@) dute),

for all f: R — R sufficiently smooth, where m(f) denotes a median of f under pu.

Using the contraction argument presented above, Gozlan obtained the following theorem
([50, Theorem 2]).

Theorem 9.9. Let 6 : [0,00) — [0,00) be such that 6(t) = t for all t € [0,1], t @

is increasing and sup;q 69((5)) < 400 and let p be a probability measure on R which vemﬁes

Cheeger inequality for some A\, > 0. The following propositions are equivalent :

(1) The probability measure u verifies the transport cost inequality Ty9 < CH, for some
C > 0.



TRANSPORT INEQUALITIES 51

(2) The constants K*(g) and K~ (&) defined by

o0 Leb(u—z) 4 (v) fff eg0(z—u) dp(uw)
Kt — fx € H d K~ _ — 00
©) 512171?1 plx, +00) o (€) jgg p(—o0, 7

are finite for some € > 0, where m denotes the median of p.

The condition K+ and K~ finite is always necessary to have the transport-entropy inequal-
ity (see [50, Corollary 15]). This condition is sufficient if Cheeger inequality holds. Cheeger
inequality is slightly stronger than Poincaré inequality. On the other hand transport-entropy
inequalities of the form 7y < H, with a function 6 as above, imply Poincaré inequality
(Theorem 8.11). So Theorem 9.9 offers a characterization of transport-entropy inequalities
except perhaps on the “small” set of probability measures verifying Poincaré but not Cheeger
inequality.

Sketch of proof. We will only prove the sufficiency of the condition K+ and K~ finite.
Moreover, to avoid technical difficulties, we shall only consider the case 6(t) = t2. Let
dpo(x) = %e"z‘ dz be the two-sided exponential measure on R. According to a result by
Talagrand [102] the probability u, verifies the transport-entropy inequality 7., < C,H, with
the cost function c,(z,y) = min(|z — y|?, |z — y|), for some C, > 0.

Consider the cumulative distribution functions of p and p, defined by F(x) = p(—o0, x]
and Fy(z) = po(—o00,z], x € R. The monotone rearrangement map 7' : R — R defined by
T(z) = F~' o F,, see (23), transports the probability p, onto the probability p : Typ, = p.
Consequently, by application of the contraction Theorem 9.7, the probability u verifies the
transport-cost inequality Z.r < CoH, with cl'(z—y) = co(T™1(x) = T~ (y)). So, all we have
to do is to show that there is some constant a > 0 such that c,(T~(z) - T"(y)) > a%|:1c—y|2,
for all x,y € R. This condition is equivalent to the following

T(2) = T(y)| < amin(|z —y|, [z —y'?), ,yeR.
In other words, we have to show that 7" is a-Lipschitz and a-Hélder of order 1/2.

According to a result by Bobkov and Houdré, p verifies Cheeger inequality (46) with the
constant ), if and only if T" is A\,-Lipschitz (see [18, Theorem 1.3]).

To deal with the Hélder condition, observe that if 7" is a-Holder on [0, c0) and on R™, then
it is v/2a-Hélder on R. Let us treat the case of [0,00), the other case being similar. The
condition 7" is a-Holder on [0, 00) is equivalent to

u2

T Yz 4u) —T Yz) > —, T=>m,u>0.

a
But a simple computation gives : T 1(x) = —log(2(1—F(x))), for all z > m. So the condition
above reads

1—F(z+u) _u?
47 — - < e a2 > > 0.
. + [Fee es(u—m)? du(u) . . .. . . .
Since, K () = sup,>,, ** o) is finite, an application of Markov inequality yields
1—F(x+u) 2

< Kt (e)e e > > 0.
= Fla) (e)e , x>m,u>0
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On the other hand the Lipschitz continuity of T' can be written
1—F(zx+u)

< e e > > 0.
I—F(x) S e s r=m,u =

[V

Ao’
completes the proof. O

So, if @ > 0 is chosen so that #; < max (i cu? — log K+(5)) , then (47) holds and this

The following corollary gives a concrete criterion to decide whether a probability measure
on R verifies a given transport-entropy inequality. It can be deduced from Theorem 9.9
thanks to an estimation of the integrals defining K+ and K~. We refer to [50] for this
technical proof.

Corollary 9.10. Let 6 : [0,00) — [0,00) of class C* be as in Theorem 9.9 and let p be a

probability measure on R with a density of the form du(z) = e V@) da, with V of class C2.

X—g(:c) — 0 when x — oco. If there is some a > 0 such that
0'(alz])

lim su

S IV m + )]

with m the median of u, then u verifies the transport-entropy inequality Tg < CH, for some

C > 0.

Suppose that gf/;(a:) — 0 and

< 400,

Note that this corollary generalizes Cattiaux and Guillin’s condition (45).

Poincaré inequalities for non-Euclidean metrics. Our aim is now to partially generalize to
the multidimensional case the approach explained in the preceding section. The two main
ingredients of the proof of Theorem 9.9 were the following :

e The fact that du,(z) = %e*m‘ dx verifies the transport-entropy inequality 7. < CH
with the cost function c(z,y) = min(|]z — y|?, |z — y|). Let us define the cost function
c1(z,y) = min(|z —yl2, |z —y|3) on R¥ equipped with its Euclidean distance. We have
seen in Corollary 8.14 that a probability measure on R¥ verifies the transport-entropy
inequality 7., < C1H for some C; > 0 if and only if it verifies Poincaré inequality
with a constant Cy > 0 related to Cf.

e The fact that the application T" sending p, on p was both Lipschitz and 1/2-Holder.
Consequently, the application w = T~ which maps x on /., behaves like z for small
values of z and like 22 for large values of .

So we can combine the two ingredients above by saying that “the image of y by an application
w which resembles + max(|z|, ||?) verifies Poincaré inequality.” It appears that this gets well
in higher dimension and gives a powerful way to prove transport-entropy inequalities.

Let us introduce some notation. In the sequel, w : R — R will denote an application such
that x — w(x)/x is increasing on (0,400), w(x) > 0 for all x > 0, and w(—z) = —w(x) for
all z € R. It will be convenient to keep the notation w to denote the application R¥ — RF :
(z1,...,21) — (w(21),...,w(zk)). We will consider the metric d,, defined on R¥ by

k
duo(,y) = [w(@) — (@)l = | Y [w(@) —w(@)?, =y cR"
i=1
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Theorem 9.11. Let p be a probability measure on R*. The following statements are equiv-
alent.

(1) The probability fi = wyp verifies Poincaré inequality with the constant C':

Var(f) < C / IV £13 d,

for all f : R¥ — R smooth enough.
(2) The probability u verifies the following weighted Poincaré inequality with the constant
C>0:

By of 2
(48) Va9 £€ [ 3 S () v

for all f:RF — R smooth enough.

(8) The probability u verifies the transport-entropy inequality T. < H, with the cost func-
tion c(z,y) = 01(ady(x,y)) for some a > 0, with 61(t) = min(¢3,t), t > 0. More
precisely,

(49) it [ win (@ele) — w()ele(o) — w()l) dnle.y) < HE),

TMO=V,T1=}4
for all v € P(RF).

The constants C' and a are related in the following way: (1) implies (3) with a = %, where

1
2a2 "

T 1s a uniwersal constant, and (3) implies (1) with C =
Proof. The equivalence between (1) and (2) is straightforward.

Let us show that (1) implies (3). Indeed, according to Corollary 8.14, fi verifies the transport-
entropy inequality 7z < H with ¢(z,y) = 01 (alx—y|2), and a = % Consequently, according

to the contraction Theorem 9.7, p which is the image of ji under the map w™! verifies the
transport-entropy inequality 7. < H where ¢(z,y) = é¢(w(x),w(y)) = 61(ad,(z,y)). The proof

of the converse is similar. O
Definition 9.12. When u verifies (48), one says that the inequality P(w,C) holds.

Remark 9.13. If f : R¥ — R let us denote by |V f|,(x) the “length of the gradient” of f at
point x with respect to the metric d, defined above. By definition,

‘vf’w(w) = hmsupM

, xeRF
y—x dw(:c,y)

It is not difficult to see that u verifies the inequality P(w,C) if and only if it verifies the
following Poincaré inequality

Var,(f) < C / V£ dp,

for all f smooth enough. So, the inequality P(w, -) is a true Poincaré inequality for the
non-Euclidean metric d,,.
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So according to Theorem 9.11, the Poincaré inequality (48) is qualitatively equivalent to
the transport cost inequality (49). Those transport-entropy inequalities are rather unusual,
but can be compared to more classical transport-entropy inequalities using the following
proposition.

Proposition 9.14. The following inequality holds
k
a |z: — yil k
0 dw ) 2 9 9 9 5 R .
(50 ot = () Smew () e

We skip the technical proof of this inequality and refer to [51, Lemma 2.6 and Proof of
Proposition 4.2]. Let us emphasize an important particular case. In the sequel, ws : R — R
will be the function defined by ws(x) = max(x,?), for all z > 0 and such that wy(—z) =
—ws(z), for all z € R.

Corollary 9.15. If a probability measure i on R¥ verifies the inequality P(ws,C) for some
C > 0 then it verifies the inequality To(4dwa(TVEC)), where T is some universal constant.

In other words, a sufficient condition for p to verify Ty is that the image of u under the
map wq verifies Poincaré inequality. We do not know if this condition is also necessary.

Proof. According to Theorem 9.11, if i verifies P (w9, C') then it verifies the transport-entropy
inequality 7. < H with the cost function c(z,y) = 0;(ad,,(x,y)), with a = % According

to (50), one has

0\ i — iy _ % (r 1k:0>
01(adw, (z,y)) = 61 <\/%> 291 0 wa ( 5 ) = 1 |z —yl5,
i=1

since 7 o wo(t) = t2, for all t € R. Observing that W = ws(t), t > 0, one concludes that

p verifies the inequality T (4ws(7vkC')), which completes the proof. O

Poincaré inequality has been deeply studied by many authors and several necessary or
sufficient conditions are now available for this functional inequality. Using the equivalence

(51) p verifies P(w, C) & wyp verifies P(C),

it is an easy job to convert the known criteria for Poincaré inequality into criteria for the
P(w, +) inequality.

In dimension one, one has a necessary and sufficient condition.

Proposition 9.16. An absolutely continuous probability measure i on R with density h > 0
satisfies the inequality P(w,C) for some C > 0 if and only if
(52)

B m wl(u)Z T wl(u)2
D, = — d d Df =
v 52}2“( oo,:v]/x h) <400 an o jggu[fcﬁOO)/m ()

where m denotes the median of . Moreover the optimal constant C denoted by Copy, verifies

max (D}, D) < Copt < 4max(D;, D).

du < 400,
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Proof. This proposition follows at once from the celebrated Muckenhoupt condition for
Poincaré inequality (see [88]). According to Muckenhoupt condition, a probability mea-
sure dv = h dx having a positive density with respect to Lebesgue measure, satisfies Poincaré
inequality if and only if

mo 1
D™ = s;l}; V(—oo,ac]/x hw) du < +oo and DT = jgi vz, +00) /m mdu < +o0,

and the optimal constant Cyy verifies max(D~, D1) < Copy < 4max(D~, D). Now, ac-
cording to (51), p satisfies P(w, C) if and only if i = wyp satisfies Poincaré inequality with

the constant C. The density of i is h = ho“’__ll. Plugging h into Muckenhoupt conditions

w’ow
immediately gives us the announced result. O

Estimating the integrals defining D~ and D™ by routine arguments, one can obtain the
following workable sufficient conditions (see [51, Proposition 3.3] for a proof).

Proposition 9.17. Let p be an absolutely continuous probability measure on R with density
du(x) = e V@) d. Assume that the potential V is of class C* and that w verifies the following
reqularity condition:

If V is such that

. |’ ()|
lim su
azﬂioc{) |V/(CU) |

then the probability measure p verifies the inequality P(w, C) for some C' > 0.

< 400,

Observe that this proposition together with the inequality (50) furnishes another proof of
Corollary 9.10 and enables us to recover (as a particular instance, taking w = ws) Cattiaux
and Guillin’s condition for T's.

In dimension k, it is well known that a probability dv(z) = e dz on R¥ satisfies
Poincaré inequality if W verifies the following condition:

1
‘lilminf ivayg(x) — AW (z) > 0.
x|—-+00

This condition is rather classical in the functional inequality literature. The interested reader
can find a nice elementary proof in [3]. Using (51) again, it is not difficult to derive a similar
multidimensional condition for the inequality P(w, -) (see [51, Proposition 3.5] for a proof).

10. TRANSPORT-INFORMATION INEQUALITIES

Instead of the transport-entropy inequality «(7;) < H, Guillin, Léonard, Wu and Yao have
investigated in [57] the following transport-information inequality

(1) a(Te(v, ) < I(v|p),

for all v € P(X), where the relative entropy H(v|u) is replaced by the Donsker-Varadhan
information I(v|u) of v with respect to u which was defined at (37).

This section reports some results of [57].
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Background material from large deviation theory. We have seen in Section 5 that any
transport-entropy inequality satisfied by a probability measure u is connected to the large
deviations of the empirical measure L, = % Yo dx, of the sequence (X;);>1 of independent
copies of p-distributed random variables. The link between these two notions is Sanov’s
theorem which asserts that L, obey the large deviation principle with the relative entropy
v — H(v|p) as its rate function. In this section, we are going to play the same game replacing
(Xi)i>1 with an X-valued time-continuous Markov process (X¢);>p with a unique invariant
probability measure p. Instead of the large deviations of L,, it is natural to consider the
large deviations of the occupation measure

1 t
Lt = / (SngS
t Jo ’

as the length of observation ¢ tends to infinity. The random probability measure L; describes
the ratio of time the random path (Xs)o<s<: has spent in each subset of X. If (X;);>0 is
p-ergodic, then the ergodic theorem states that, almost surely, L; tends to u as t tends to
infinity. If in addition (X¢);>0 is p-reversible, then L; obeys the large deviation principle
with some rate function I( - |u). Roughly speaking:

P(L A — *tinfyeAI(V‘/'L)‘

(53) (L € A) =2 e

The functional v € P(X') — I(v|u) € [0, 00] measures some kind of difference between v and
1, i.e. some quantity of information that v brings out with respect to the prior knowledge of
. With the same strategy as in Section 5, based on similar heuristics, we are lead to a new
class of transport inequalities which are called transport-information inequalities.

We give now a rigorous statement of (53) which plays the same role as Sanov’s theorem
played in Section 5.

Let the Markov process (Xi):>o satisfy the assumptions which have been described at
Section 8.2. Recall that the Donsker-Varadhan information I(-|u) is defined at (37).

Theorem 10.1 (Large deviations of the occupation measure). Denoting Pg(-) := [, P.(-)dB(x)
for any initial probability measure (3, suppose as in Remark 8.4 that ((X;)i>0,P.) is a sta-
tionary ergodic process.

In addition to these assumptions on the Markov process, suppose that the initial law 3 € P(X)

is absolutely continuous with respect to u and dB/du is in L*(n). Then, L; obeys the large
deviation principle in P(X) with the rate function I(-|u), ast tends to infinity. This means
that, for all Borel measurable A C P(X),

1 1
yinf o) Tlp) < Hminf 3 log Py (Le € 4) < limsup 3log Py (Le € A) < = Inf, T(v]p)

where int(A) denotes the interior of A and cl(A) its closure (for the weak topology).

This was proved by Donsker and Varadhan [40] under some conditions of absolute conti-
nuity and regularity of P;(z,dy) but without any restriction on the initial law. The present
statement has been proved by Wu [111, Corollary B.11].
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The inequalities W11 and WsI. The derivation of the large deviation results for L; as t
tends to infinity is intimately related to the Feynman-Kac semigroup

Plg(z) == E [g(Xt)exp ( /0 tu(XS) dsﬂ .

When u is bounded, (P}) is a strongly continuous semigroup of bounded operators on L (1)
whose generator is given by £L%g = Lg + ug, for all g € Do(LY) = Do(L).

Theorem 10.2 (Deviation of the empirical mean, [57]). Let d be a lower semicontinuous
metric on the polish space X, (X;) be a p-reversible and ergodic Markov process on X and «
a function in the class A, see Definition 3.1.

(1) The following statements are equivalent:
- Vv e P(X), I(v|p) < 0o = [y d(x, - ) dv < o0;
- E, exp <)\o fol d(xo, Xt) dt) < oo for some A\, > 0.

(2) Under this condition, the subsequent statements are equivalent.
(a) The following inequality holds true:

(Whl) a(Wi(v, p)) < I(vw),

for allv € P(X).
(b) For all Lipschitz function w on X with ||u|lrip <1 and all At >0,

1P 12 < exp (t[A [ wan+ a®<A>]> ;

(¢) For all Lipschitz function u on X with |lullrip < 1, [y udu =0 and all X >0,

1 t
limsup;logE# exp ()\/ u(Xs)ds> < a®(\);
0

t—o00

(d) For all Lipschitz function u on X, r,t > 0 and € P(X) such that dB3/du €
L*(n),

t
([ o)< o)

Remark 10.3. The Laplace-Varadhan principle allows us to identify the left-hand side of the
inequality stated at (c), so that (c¢) is equivalent to: For all Lipschitz function v on X with
lullLip <1, [yudp=0,al x>0 and all v e P(X),

uav — 14 OZ® .
A/Xd I(v]w) < a®(\)

2

The proof of statement (1) follows the proof of (27) once one knows that v +— I(v|u) and
u — T(u) = log || P{'||r2¢) = %log PNl r2(y (for all ¢ > 0) are convex conjugate to each
other. The idea of the proof of the second statement is pretty much the same as in Section
5. As was already mentioned, one has to replace Sanov’s theorem with Theorem 10.1. The
equivalence of (a) and (c) can be obtained without appealing to large deviations, but only
invoking the duality of inequalities stated at Theorem 3.5 and the fact that I and T are
convex conjugate to each other, as was mentioned a few lines above.

Let us turn our attention to the analogue of Ts.
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Definition 10.4. The probability measure p € Po(X) satisfies the inequality WoI(C') with
constant C' if

W3(v, p) < C*L(v|u),
for allv € P(X).
Theorem 10.5 (W2l, [57]). The statements below are equivalent.
(a) The probability measure p € P(X) verifies WoI(C).
(b) Foranyv € By(X), ||Pt%”L2(u) < eé“(v), forallt > 0 where Qu(z) = ;gi{v(y) +d*(z,y)}.

u
=~ _t_

(c) Foranyu € By(X), [P |lp2(u) < ecztSW for allt > 0 where Su(y) = sup{u(y) — d*(x,y)}.

reX

Proposition 10.6 (WsI in relation with LS and P, [57]). In the framework of the Rie-
mannian manifold as above, the following results hold.

(a) LS(C) implies WoI(C').

(b) WaI(C) implies P(C/2).

(c) Assume that Ric + HessV > kId with k € R. If Ck < 2, Then,
WLI(C) implies LS(2C — C%k/2).

Note that W2I(C) with Cx < 2 is possible. This follows from Part (a) and the Bakry-
Emery criterion in the case x > 0, see Corollary 7.3.

Proof. e Proof of (a). By Theorem 8.12, we know that LS(C) implies T2(C). Hence,

Wa (v, p) < 2CH (v|p) < 2C\/I(v|p).

e Proof of (b). The proof follows from the usual linearization procedure. Set u. = (1 +eg)p
for some smooth and compactly supported g with [ gdu = 0, we easily get
lime o I(p1e|p) /€% = 1€(g, g) and by Otto-Villani [89, p.394], there exists r such that [ ¢* du <

\/E(Q,g)M + W3 (e, p). Using now WoI(C) we get

r 2
/92 dp < C\/E(g,9)\/ I(/:;'M) + %I(uslu).

Letting € — 0 gives the result.

e Proof of (¢). It is a direct application of the HWT inequality, see Corollary 7.4. O

Tensorization. In Section 1 we have already seen how transport-entropy inequalities ten-
sorize. We revisit tensorization, but this time we replace the relative entropy H (-|x) with the
Donsker-Varadhan I(-|x). This will be quite similar in spirit to what as already been done in
Section 1, but we are going to use alternate technical lemmas which will prepare the road to
Section 11 where a Gibbs measure will replace our product measure. This approach which is
partly based on Gozlan & Léonard [53] is developed in Guillin, Léonard, Wu & Yao’s article
[57].
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On the polish product space X" = [I; & equipped with the product measure f :
®7i_q Wi, consider the cost function

n

®ici(z,y) ==Y _cilwi ), ,y€x™
=1

where for each index i, ¢; is lower semicontinuous on X? and assume that for each 1 < i < n,
w; € P(X;) satisfies the transport-information inequality

(54) ai(Te; (v, i) < le,(v|pi), v e P(X)

where I¢, (v|p;) is the Donsker-Varadhan information related to some Dirichlet form (&;, D(E;)),
and «; stands in the class A, see Definition 3.1. Define the global Dirichlet form ®£&; by

ZE 91 ,gZ ()<+oo}

where gfi T gf’(a:z) := g(z) with Z; := (21, -+ ,Ti—1,Ti+1, -+ ,Ty) considered as fixed
and

(55) (9,9) /X()Zs g du(z), g € D(SE).

D(atE;) = {g € L*(p) : g7 € D(&), for p-a.e. 7; and
x5

Let Ig,e, (v|p) be the Donsker-Varadhan information associated with (®'&;, D(®L'&;)), see
(37). We denote a0 - - Oay, the inf-convolution of a, ..., a, which is defined by

a0 Oay(r) = inf{aqg(r) + -+ an(rn); 1, oyt =011 4+ + 1y =1}, >0,

Theorem 10.7 ([57]). Assume that for each i = 1,--- ,n, u; satisfies the transport-entropy
inequality (54). Then, the product measure u satisfies the following transport-entropy in-
equality

(56) 010+ Oan(Toe, (4, 1)) < Tnge, (Vlpr), v € PX),
This result is similar to Proposition 1.8. But its proof will be different. It is based on the
following sub-additivity result for the transport cost of a product measure.

Let (X;)1<i<n be the canonical process on X™. For each i, X; = (Xj)1<j<nsji is the
configuration without its value at index 1.
Given a probability measure v on X,
Vit = v(X; € | Xi = &)
denotes the regular conditional distribution of X; knowing that )?l = 7; under v and
vi=v(X; €")

denotes the i-th marginal of v.

Proposition 10.8 ([57]). Let u = @I, u; be a product probability measure on X™. For all

v e P(xM),
Toe, (v, 1) / <Z 7. (v; 7/% ) dv(x).
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The proof of this proposition is given in the Appendix at Proposition A.2.

The following additivity property of the Fisher information will be needed. It holds true
even in the dependent case.

Lemma 10.9 ([57]). Let v, be probability measures on X" such that Is.e. (v|p) < +oo.
Then,

T ) = [ 301 (7 ) dvla).
i=1

Sketch of proof. Let f be a regular enough function. This why this is only a sketch of proof,
because an approximation argument which we do not present here, is needed to obtain the
result for any f in the domain D(&;&;).

dvEi Ti (. - B
Then, y% (x;) = %_7@, v-a.s. where f* is the function f of x; with Z; fixed. For v-a.e.
_ dp;”* it ()
L,

— [ [ 1 = =
Ii i =& =, = = —=—=¢& fiza fiz-
sl S\ | g VI

1" (f; i (f;
Thus,
/. Zilf&(v?ru?) avie) = [ 1la) Z W
-/ ;aﬁ VI dute)
= &LEW VT
= Ig,e,(v|p),
which completes the sketch of the proof. 0

This additivity is different from the super-additivity of the Fisher information for a product
measure obtained by Carlen [24].

We are now ready to write the proof of Theorem 10.7.
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Proof of Theorem 10.7. Without loss of generality we may assume that I(v|u) < 4+o00. By
Proposition 10.8, Jensen inequality and the definition of a;[J- - - Oay,,

a0 Oap (Tae, (v, 1) < a0+ Oay, </X<” ZZ% v; 7/%)) dv(z)

< O Oam Tl w) | d
< /X aD-Ca (Z (v m) v(x)

=1

< [ ST ot
</ ;I&wrui)du(m.

The last quantity is equal to Igg, (v|p), by Lemma 10.9. O

As an example of application, let (X})i>0,7 = 1,--- ,n be n Markov processes with the
same transition semigroup (P;) and the same symmetrized Dirichlet form & on L?(p), and
conditionally independent once the initial configuration (X{)i=1... , is fixed. Then X; :=
(X},---, XP) is a Markov process with the symmetrized Dirichlet form given by

@ €(9,9) /25 g7, gt pldwy) - pldy).

Corollary 10.10 ([57]).

(1) Assume that p satisfies the transport-information inequality a(7.) < Ig on X with «
in the class A. Then p™ satisfies

o (Tl

L)) < Lol v e P

(2) Suppose in particular that p verifies a(Ty) < Ig for the metric lower semicontinuous

cost d. Then, for any Borel measurable d-Lipschitz(1) function u, any initial measure
B on X™ with dB/dp"™ € L*(p") and any t,r > 0,

(Z/ (XD ds > plu > H

(3) If p satisfies WoI(C) : Tz < C?Ig, then p" satisfies WoI(C) : Tgy go < C?Ig ¢

—nta(r)_

Proof. As o"(rr) = na(r/n), the first part (1) follows from Theorem 10.7. The second part
(2) follows from Theorem 10.2 and the third part (3) is a direct application of (1). O

Transport-information inequalities in the literature. Several integral criteria are worked
out in [57], mostly in terms of Lyapunov functions. Note also that the assumptions in [57]
are a little less restrictive than those of the present section, in particular the Markov process
might not be reversible, but it is required that its Dirichlet form is closable.
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For further relations between «(7) < I and other functional inequalities, one can read the
paper [56] by Guillin, Léonard, Wang and Wu.

In [45], Gao, Guillin and Wu have refined the above concentration results in such a way
that Bernstein inequalities are accessible. The strategy remains the same since it is based on
the transport-information inequalities of Theorem 10.2, but the challenge is to express the
constants in terms of asymptotic variances. Lyapunov function conditions allow to derive
explicit rates.

An interesting feature with Theorem 10.2 is that it allows to treat time-continuous Markov
processes with jumps. This is widely done in [45]. But processes with jumps might not verify
a Poincaré inequality even in presence of good concentration properties, for instance when
considering processes with strong pulling-back drifts. In such cases, even the a(7) < [
strategy fails. An alternative attack of the problem of finding concentration estimates for the
empirical means (of Lipschitz observables) has been performed by Wu in [113] where usual
transport inequalities a(7) < H at the level of the Markov transition kernel are successfully
exploited.

Gibbs measures are also investigated by Gao and Wu [46] by means of transport-information
inequalities. This is developed in the next Section 11.

11. TRANSPORT INEQUALITIES FOR (GIBBS MEASURES

We have seen transport inequalities with respect to a reference measure p and how to
derive transport inequalities for the product measure p = p™ from transport inequalities
for p. A step away from this product measure structure, one is naturally lead to consider
Markov structures. This is the case with Gibbs measures, a description of equilibrium states
in statistical physics. Three natural problem encountered with Gibbs measures are:

(1) Find criteria for the uniqueness/non-uniqueness of the solutions to the Dobrushin-
Lanford-Ruelle (DLR) problem associated with the local specifications (see next sub-
section below). This uniqueness corresponds to the absence of phase coexistence of
the physical system and the unique solution is our Gibbs measure pu.

(2) Obtain concentration estimates for the Gibbs measures.

(3) In case of uniqueness, estimate the speed of convergence of the Glauber dynamics
(see below) towards the equilibrium .

A powerful tool for investigating this program is the logarithmic Sobolev inequality. This is
known since the remarkable contribution in 1992 of Zegarlinski [114], see also the papers [97,
98] by Stroock & Zegarlinski. Lecture notes on the subject have been written by Martinelli
[75], Royer [93] and Guionnet & Zegarlinski [59]. An alternate approach is to exchange
logarithmic Sobolev inequalities with Poincaré inequality. Indeed, in some situations both
these inequalities are equivalent [97, 98].

Recently, another approach of this problem has been proposed which consists of replacing
logarithmic Sobolev inequalities by transport inequalities. This is what this section is about.
The main recent contributions in this area are due to Marton [80], Wu [112], Gao & Wu [46]
and Ma, Shen, Wang & Wu [74].
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Gibbs measures. The configuration space is X! where X is the spin space and I is a
countable set of sites, for instance a finite set with a graph structure or the lattice I = Z¢. A
configuration is z = (z;);er where x; € X is the spin value at site i € I. The spin space might
be finite, for instance X = {—1,1} as in the Ising model, or infinite, for instance X = S* the
k-dimensional sphere or X = RF. It is assumed that X is a polish space furnished with its
Borel o-field. Consequently, any conditional probability measure admits a regular version.

Let us introduce some notation. For any 7 € I, Z; is the restriction of the configuration x
to {i}¢ := I\ {i}. Given v € P(X'), one can consider the family of conditional probability
laws of X; knowing X; where X = (Xj);e1 is the canonical configuration. We denote these
conditional laws:

l/fi ::M(X¢€"Xi:fi), iEI,xEXI.

As different projections of the same v, these conditional laws satisfy a collection of compati-
bility conditions.

The DLR problem is the following inverse problem. Consider a family of prescribed local
specifications ufi, i €1, z € X' which satisfy the appropriate collection of compatibility
conditions. Does there exist some p € P(X') whose conditional distributions are precisely
these prescribed local specifications? Is there a unique such p?

The solutions of the DLR problem are called Gibbs measures.

Glauber dynamics. It is well-known that du(z) = Z~'e~V(®) dz where Z is a normalizing
constant, is the invariant probability measure of the Markov generator A — VV - V. This fact
is extensively exploited in the semigroup approach of the Poincaré and logarithmic Sobolev
inequalities. Indeed, these inequalities exhibit on their right-hand side the Dirichlet form £
associated with this Markov generator.

This differs from the WH inequalities such as Ty or Ty which do not give any role to any
Dirichlet form: it is the main reason why we didn’t encounter the semigroup approach in
these notes up to now. But replacing the entropy H by the information I(-|u), one obtains
transport-information inequalities W1 and the semigroups might have something to tell us.

Why should one introduce some dynamics related to a Gibbs measure? Partly because in
practice the normalizing constant Z is inaccessible to computation in very high dimension,
so that simulating a Markov process (X;)¢>o admitting our Gibbs measure as its (unique)
invariant measure during a long period of time allows us to compute estimates for average
quantities. Another reason is precisely the semigroup approach which helps us deriving
functional inequalities dealing with Dirichlet forms. This relevant dynamics, which is often
called the Glauber dynamics, is precisely the Markov dynamics associated with the closure
of the Dirichlet form which admits our Gibbs measure as its invariant measure.

Now, let us describe the Glauber dynamics precisely.

Let p be a Gibbs measure (solution of the DLR problem) with the local specifications
{ui* € P(X); i € Iz € X'}. For each i € I,z € X!, consider a Dirichlet form (€%, D(£]7))
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and define the global Dirichlet form £* by

D(EH) = { FeL2(p) foralli €L, 7' € DET), for prace. T

and/ S ER (L fT) dp(a )<+oo}

i€l

where ffz X e ff’ (x;) := f(x) with Z; considered as fixed and

(57) L) = [ SERUT ST duto), f e D(En).

i€l

Assume that £ is closable. Then, the Glauber dynamics is the Markov process associated
with the closure of £X.

Ezxample 11.1. An interesting example is given by the following extension of the standard
Example 8.6. Let X be a complete connected Riemannian manifold. Consider a Gibbs
measure /i solution to the DLR problem as above. For each ¢ € I and x € & I the one-site
Dirichlet form & is defined for any smooth enough function f on X by

R (f, f) = /X V2 dpd

and the global Dirichlet form £* which is defined by (57) is given for any smooth enough
cylindrical function f on X' by

&) = [ P

where Vi is the gradient on the product manifold X'. The corresponding Markov process is
a family indexed by I of interacting diffusion processes, all of them sharing the same fixed
temperature (diffusion coefficient=2). This process on X! admits the Gibbs measure x as an
invariant measure.

Dimension-free tensorization property. It is well known that the Poincaré inequality
P implies an exponentially fast L?-convergence as t tends to infinity of the law of X, to
the invariant measure y. Similarly, a logarithmic Sobolev inequality LS implies a stronger
convergence in entropy. Moreover, both P and LS enjoy a dimension-free tensorization
property which is of fundamental importance when working in an infinite dimensional setting.
This dimension-free tensorization property is also shared by Te = WsyH, see Corollary 4.4,
and by Wsl, see Corollary 10.10-(3).

Now, suppose that each one-site specification ufi, for any i € I and any z € X!, satisfies
a functional inequality with the dimension-free tensorization property. One can reasonably
expect that, provided that the constants C; in these inequalities enjoy some uniformity

property in ¢ and z, any Gibbs measure built with the local specifications 17 also shares some
non-trivial functional inequality (in the same family of inequalities). This is what Zegarlinski
[114] discovered with bounded spin systems and LS. On the other hand, this inequality (say
P or LS) satisfied by the Gibbs measures u entails an exponentially fast convergence as t
tends to infinity of the global Glauber dynamics to p. By standard arguments, one can prove
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that this implies the uniqueness of the invariant measure and therefore, the uniqueness of
the solution of the DLR problem.

In conclusion, some uniformity property in ¢ and = of the inequality constants C’? is
a sufficient condition for the uniqueness of the DLR problem and an exponentially fast
convergence of the Glauber dynamics.

Recently, Marton [80] and Wu [112] considered the “dimension-free” transport-entropy
inequality T and Gao & Wu [46] the “dimension-free” transport-information inequality
Wl in the setting of Gibbs measures.

Dobrushin coefficients. Let d be a lower semicontinuous metric on X and let P,(X) be
the set of all Borel probability measures p on X such that [, d?(&,,€) dp(€) < co with p > 1.

Assume that for each site ¢ € I and each boundary condition z;, the specification p* is in
P,(X). For any i, j € I, the Dobrushin interaction W),-coefficient is defined by

cp(i,j) = sup Z(M’ LY
z,y; =y off j (SU]', yj)
where W), is the Wasserstein metric of order p on P,(&X’) which is built on the metric d. Let

cp = (cp(7,7))ijer denote the corresponding matrix which is seen as an endomorphism of
¢P(I). Its operator norm is denoted by ||c,||p-

Dobrushin [38, 39] obtained a criterion for the uniqueness of the Gibbs measure (cf. Ques-
tion (1) above) in terms of the coefficients ¢ (7, j) with p = 1. It is

suchl(i,j) < 1.

JE€L Y1

This quantity is ||c1 |1, so that Dobrushin’s condition expresses that ¢; is contractive on £*(I)
and the uniqueness follows from a fixed point theorem, see Follmer’s lecture notes [43] for
this well-advised proof.

Wasserstein metrics on P(X1). Let p > 1 be fixed. The metric on &' is
» 1/p I
(58) dpala,y) = (D (@iy)) ' wyex
i€l
and the Wasserstein metric W, 1 on P(X7) is built upon d,, 1. One sees that it corresponds to
the tensor cost dZI = @ieldf with an obvious notation.

Gao and Wu [46] have proved the following tensorization result for the Wasserstein distance
between Gibbs measures.

Proposition 11.2. Assume that ufi € P,(X) for alli €1 and x € X' and also suppose that
llepllp, < 1. Then, p € Pp(XY) and for all v € P,(X1),

W) < (1=l [ SOWRGE ) dv(e).
i€l
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Sketch of proof. As a first step, let us follow exactly the beginning of the proof of Proposition
A.2 in the Appendix. Keeping the notation of Proposition A.2, we have

(59) EY dP (Ui, Vi) = W2 (v, ).
i€l

and we arrive at (67) which, with ¢; = dP, is
Ed?(U;, V) < EdP(U;, V) = EW? (V?i,ﬂfi),

As in Marton’s paper [80], we can use the triangular inequality for W), and the definition
of ¢, to obtain for all 7 € I,

Ui Vi Ui U -
Wp(’/@' ) My ) < Wp(%’ ) My )+ Z cp(i, §)d(Uj, Vj).
JEL j#i
Putting both last inequalities together, we see that
P

(60)  EdP(Ui,Vi) <E Wp<u§f,uiﬁi)+ S li)dU, V)|, foralliel,
J€El, j#i

and summing them over all the sites ¢ gives us

Ezdp(Ui7 Vi) < ]EZ W, (1/1.(71’7 Mzﬁz) € Z cp(t, 7)d(Uj, Vj)
i€l i€l jEl, j#i
Consider the norm |[|A[| := (E} . |A;|P)Y/P of the random vector A = (A;)icr. With A; =
d(U;,V;) and B; = W), (VZU ‘ ugi>, this inequality is simply
[A[l < llepA + B,

since ¢y (i,4) = 0 for all ¢ € I. This implies that

(1 = llepllp) Al < || B
which, with (59), is the announced result.

Similarly to the first step of the proof of Proposition A.2, this proof contains a measurability
bug and one has to correct it exactly as in the complete proof of Proposition A.2. ([

Recall that the global Dirichlet form £ is defined at (57). The corresponding Donsker-
Varadhan information is defined by

Ten(v|n) = { EVEVE) 1y = fu e PXD, f €DIE)

+o00 otherwise.

Similarly, we define for each i € I and = € X1,
7 E¥i(\/3, if p= gu™ € P(X),g € D(E"
Ig?z‘(ﬁ“‘i ):{ +z (\/§ \/§) L p=g; (X),9 ( i )

00 otherwise.

We are now ready to present a result of tensorization of one-site WsI inequalities in the
setting of Gibbs measures.
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Theorem 11.3 ([46]). Assume that for each site i € 1 and any configuration © € X' the
local specifications are in Po(X) and satisfy the following one-site Wl inequality

Wi (p, i) < Czlg@(plu?), p € Pa(X),

the constant C being uniform in i and x.
It is also assumed that the Dobrushin Wa-coefficients satisfy ||call2 < 1.
Then, any Gibbs measure i is in Po(X") and satisfies the following Wl inequality:

2

< ——  Teu(v|p), vePy(XD).
1 ||C2H2 5"( |M) 2( )

W22,I(Va //J)

Proof. By Proposition 11.2, we have for all v € Po(&1)

Witn) < (L= lleala) ™ | S WG ) o)
i€l

Since the local specifications satisfy a uniform inequality W»I, we obtain

C? o
Wii(v, §/ Iz (v i) dv(z
2,1( ) ]-_HCQHQ XI; gi(z ‘ z) ()
02
= —Ieu(v
1 HC2||2 ”( ‘,U,)
where the last equality is Lemma 10.9. g
We decided to restrict our attention to the case p = 2 because of its free-dimension

property, but a similar result still holds with p > 1 under the additional requirement that I
is a finite set.

As a direct consequence, under the assumptions of Theorem 11.3, u satisfies a fortiori the
W1 equality
02
Wi (v, ) € ————Teu(v|p), veP(XY).
’ 1= [lez]l2
Therefore, we can derive from Theorem 10.2 the following deviation estimate for the Glauber
dynamics.

Corollary 11.4 (Deviation of the Glauber dynamics). Suppose that p is the unique Gibbs
measure (for instance if ||c1]|1 < 1) and that the assumptions of Theorem 11.8 are satisfied.
Then, the Glauber dynamics (X¢)i>0 verifies the following deviation inequality.

For all dy 1-Lipschitz function u on X' (see (58) for the definition of dy1), for allr,t > 0 and
all B € P(XY) such that dB/du € L?(p),

Ps (1/tu(Xs)d52/ udu—H“) SHZi
0 X!

1—
exp ( — 7||C2H2 tr2>.

C?|lullg,

2
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12. FREE TRANSPORT INEQUALITIES

The semicircular law is the probability distribution o on R defined by

1
=5V 4 — 2?M_o 9 (2) do

This distribution plays a fundamental role in the asymptotic theory of Wigner random ma-
trices.

Definition 12.1 (Wigner matrices). Let N be a positive integer; a (complex) N x N Wigner
matriz M is an Hermitian random matrixz such that the entries M(i,j) with i < j are
i.i.d C-valued random wvariables with E[M(i,j)] = 0 and E[|M(i,)?] = 1 and such that
the diagonal entries M(i,1) are i.i.d centered real random variables independent of the off-
diagonal entries and having finite variance. When the entries of M are Gaussian random
variables and E[M(1,1)?] =1, M is referred to as the Gaussian Unitary Ensemble (GUE).

Let us recall the famous Wigner theorem (see e.g [1] or [58] for a proof).

Theorem 12.2 (Wigner theorem). Let (My)n>0 be a sequence of complex Wigner matrices
such that maxy>o(E[My(1,1)%]) < +o0o and let Ly be the empirical distribution of Xy =
ﬁMN, that is to say

1 N
Ly = N;(S&N’

where A\ < AV < ... < )\% are the (real) eigenvalues of Xn. Then the sequence of ran-
dom probability measures Ly converges almost surely to the semicircular law (for the weak

topology).

n [15], Biane and Voiculescu have obtained the following transport inequality for the
semicircular distribution o
(61) Ta(v,0) < 25(v|0),

which holds for all v € P(R) with compact support (see [15, Theorem 2.8]). The functional
appearing in the left-hand side of (61) is the relative free entropy defined as follows:

S(vlo) = E(v) - E(o),

E(v) = /du //log |z — y|) dv(z)dv(y).

The relative free entropy 3( - |o) is a natural candidate to replace the relative entropy H( - |o),
because it governs the large deviations of Ly when My is drawn from the GUE, as was shown
by Ben Arous and Guionnet in [13]. More precisely, we have the following: for every open
(resp. closed) subset O (resp. F') of P(R),

where

hmlnfﬁ logP (Ly € 0) > —inf{S(v|0);v € O},

N—oo

limsup — N 5 logP(Ly € F) < —inf{S(v|o);v € F}.

N—oo
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Different approaches were considered to prove (61) and to generalize it to other compactly
supported probability measures. The original proof by Biane and Voiculescu was inspired
by [89]. Then Hiai, Petz and Ueda [60] proposed a simpler proof relying on Ben Arous and
Guionnet large deviation principle. Later Ledoux gave alternative arguments based on a
free analogue of the Brunn-Minkowski inequality. Recently, Ledoux and Popescu [91, 70]
proposed yet another approach using optimal transport tools. Here, we will sketch the proof
of Hiai, Petz and Ueda.

We need to introduce some supplementary material. Define Hy as the set of Hermitian
N x N matrices. We will identify Hy with the space RY : using the map

(62) H e Hy — ((H(i, )i, (Re(H (4, )))i<j, Im(H (i, )))i<j) -

The Lebesgue measure dH on Hy is

dH := HdH“Hd (Re(Hi;)) [ d Om(H; ;)

1<J 1<j

For all continuous function @) : R — R, let us define the probability measure Py g on Hy by

(63) / fdPyo =

for all bounded and measurable f : Hy — R, where Q(H) is defined using the basic functional
calculus, and Tr is the trace operator. In particular, when My is drawn from the GUE, then
it is easy to check that the law of Xy = N™Y2My is Py 22 /2.

—NTr(Q(H)) dH

The following theorem is due to Ben Arous and Guionnet.

Theorem 12.3. Assume that Q : R — R is a continuous function such that

(64) lim inf Q)

> 2,
2] oo log |z|

and for all N > 1 consider a random matriz Xy g distributed according to Pn . Let /\le <

< AN be the ordered eigenvalues of Xy and define Ly = %sz\il oy~ € P(R). The
sequence of random measures (Ly)n>1 obeys a large deviation principle, in P(R) equipped
with the weak topology, with speed N? and the good rate function I defined by

Io(v) = Eg(v) — igf Eq(v), veP(R)
where
/Q ) dv(x // log |z — y|dv(z)dv(y), v e P(R).

In other words, for all open (resp. closed) O (resp. F') of P(R), it holds
l}\rfnmfN— loglP(Ly € O) > —inf{Ig(v);v € O},

hmsupN logP(Ly € F) < —inf{lg(v);v € F}.

N—oo
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Moreover, the functional Ig admits a unique minimizer denoted by pg. The probability
measure fig 1s compactly supported and is characterized by the following two conditions:
there is a constant Cg € R such that

Q(z) > 2/log |z —yldug(y) + Cq, forallz e R

and
Q@) =2 [ ogle ~ sl duo(v) + Co. for all v & Supp(sq).

Finally, the asymptotic behavior of the normalizing constant Zn(Q) in (63) is given by:

. 1 .
lim —7log Zn(Q) = —Eq(uq) = —inf Eq(v).

N—oo

Remark 12.4. Let us make a few comments on this theorem.

(1) When Q(z) = 2?/2, then pg is the semicircular law o.

(2) For a general @, one has the identity Ig(v) = Eg(v)—Eg(ug). So, to be coherent with
the notation given at the beginning of this section, we will denote Ig(v) = i(u]uQ)
in the sequel.

(3) As a by-product of the large deviation principle, we can conclude that the sequence of
random measures Ly converges almost surely to pg (for the weak topology). When

Q(z) = x?/2, this provides a proof of Wigner theorem in the particular case of the
GUE.

Now we can prove the transport inequality (61).

Proof of (61). We will prove the inequality (61) only in the case where v is a probability
measure with support included in [—A; A], A > 0 and such that the function

Su(x) =2 / log |z — y| dv(y)

is finite and continuous over R. The general case is then obtained by approximation (see [60]
for explanations).

First step. To prove that 75(v,0) < 25(v|0), the first idea is to use Theorem 12.3 to provide
a matrix approximation of v and o.

Let @, : R — R be a continuous function such that @, = S, on [-A,A], Q, > S,

and Q,(x) = % when |z| is large. Let Xn,, N > 1 be a sequence of random matrices

distributed according to the probability Py, associated to (), in (63) (we shall write in the
sequel Py, instead of Py, ). The characterization of the equilibrium measure pg, easily
implies that ug, = v. So, the random empirical measures Ly, of Xy, follows the large

deviation principle with the good rate function f]( -|v). In particular, Ly, converges almost
surely to v (for the weak topology). Let us consider the probability measure vy defined for
all bounded measurable function f by

/fduN —E [/deN,V} .
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The almost sure convergence of Ly, to v easily implies that vx converges to v for the weak
topology. We do the same construction with Q,(x) = 22 /2 yielding a sequence oy converging
to o (note that in this case, the sequences Xy, and Py, correspond to the GUE rescaled
by a factor VN ).

Second step. Now we compare the Wasserstein distance between vy and on to the one
between Py, and Py . To define the latter, we equip Hy with the Frobenius norm defined
as follows:

N N
1A= BlIE =YY 1A, ) — B, 4)*.
i=1 j=1
By definition, if P;, P» are probability measures on Hy, then
To(Pr, P2) == infE [|| X = Y|%],

where the infimum is over all the couples of N x N random matrices (X,Y’) such that X
is distributed according to P; and Y according to P. According to the classical Hoffman-
Wielandt inequality (see e.g [61]), if A, B € Hy then,

N
> 1Xi(4) = Xi(B))? < | A - Bl
1=1

where A\1(A) < M(A) < ... < An(4) (resp. M(B) < X2(B) < ... < An(B)) are the
eigenvalues of A (resp. B) in increasing order. So, if (Xn,, Xn,) is an optimal coupling
between Py, and Py ., we have

(PN, Pro) = Bl XNy — Xnol7] = E

N
D N(Xww) - A@-(XN,U)F]
=1

= NE U |x—y|2dRN},

where Ry is the random probability measure on R x R defined by
1
Ry := N Z 6(>\i(XN,u),>\¢(XN,U))'
i=1

It is clear that my := E[Ry] has marginals vy and oy. Hence, applying Fubini theorem in
the above inequality yields

To(PNy, Pngy) > NTo(vn,oN).

Third step. If we identify the space Hy to the space RY ? using the map defined in (62),
then Py, is a product of Gaussian measures:

Pro = N(0,1/N)Y @ N(0,1/(2N) YV D/2 5 Ar(0,1/(20)) N V=172,

Each factor verifies Talagrand inequality Ty (with the constant 2/N or 1/N). Therefore,
using the dimension-free tensorization property of T, it is easy to check that Py, verifies
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the transport inequality 7, < 2N ~'H on Hy, where the cost function c is defined by

N
(A, B) =) |A(i,i) = B(i,q)]* + 2 |A(i,j) — B(i,)* = | A~ B[}
=1

1<j

As a conclusion, for all N > 1, the inequality 75(Pn,, Pno) < 2N -lg (Pny|Pn,s) holds.
Using Step 2, we get

2
To(vn,on) < WH(PN,APN,O), N >1.

Fourth step. The last step is devoted to the computation of the limit of N~2H (Pnu|PnNo)
when N goes to co. We have

H(Py,|Pyo) 1 1 1 1,

2
= 12108 Zx(Q0) — 53 lo8 Zx(@Qu) + / Qulw) ~ % dux(a)
Using Theorem 12.3 and the convergence of vy to v, it is not difficult to see that the right-
hand side tends to 2(v|o) when N goes to oo (observe that the function z — Q,(z) —
z2 /2 is continuous and has a compact support). Since 73 is lower semicontinuous (this
is a direct consequence of the Kantorovich dual equality, see Theorem 2.2), T3(v,0) <
liminf o Z2(vN, 0N ), which completes the proof. O

Remark 12.5. (1) It is possible to adapt the preceding proof to show that probability
measures fi with Q" > p, with p > 0 verify the transport inequality Zo(v, pg) <
253(v|pq), for all v € P(R), see [60].

(2) The random matrix approximation method can be applied to obtain a free analogue
of the logarithmic Sobolev inequality, see [14]. It has been shown by Ledoux in [69]
that a free analogue of Otto-Villani theorem holds. Ledoux and Popescu have also
obtained in [70] a free HWI inequality.

13. OPTIMAL TRANSPORT IS A TOOL FOR PROVING OTHER FUNCTIONAL INEQUALITIES

We already saw in Section 7 that the logarithmic Sobolev inequality can be derived by
means of the quadratic optimal transport. It has been discovered by Barthe, Cordero-
Erausquin, McCann, Nazaret and Villani, among others, that this is also true for other
well-known functional inequalities such as Prékopa-Leindler, Brascamp-Lieb and Sobolev
inequalities, see [5, 6, 29, 30, 31, 83].

In this section, we do an excursion a step away from transport inequalities and visit
Brunn-Minkowski and Prékopa-Leindler inequalities. We are going to sketch their proofs.
Our main tool will be the Brenier map which was described at Theorem 2.9. For a concise
and enlightening discussion on this topic, it is worth reading Villani’s exposition in [103, Ch.
6].
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The Prékopa-Leindler inequality. It is a functional version of Brunn-Minkowski inequal-
ity which has been proved several times and named after the papers by Prékopa [92] and
Leindler [71].

Theorem 13.1 (Prékopa-Leindler inequality). Let f,g,h be three nonnegative integrable
functions on R¥ and 0 < X\ <1 be such that for all x,y € R¥,

h((1 =Nz +Ay) > f(2) gy

/Rk h(z)dz > ( [ J@) da:>“ (/Rk g() da:)A.

The next proof comes from Barthe’s PhD thesis [5].

Then,

Proof. Without loss of generality, assume that f,¢g and h are probability densities. Pick
another probability density p on R, for instance the indicator function of the unit cube
[0,1]¢. By Theorem 2.9, there exist two Brenier maps V®; and V®, which transport p onto
f and p onto g, respectively. Since ®; is a convex function, it admits an Alexandrov Hessian
(defined almost everywhere) V% ¢; which is nonnegative definite. Similarly, for ®3 and V% s.
The change of variable formula leads us to the Monge-Ampere equations

F(Vor(x)) det(Vior(x)) =1,  g(Va()) det(Vige(z)) = 1
for almost all z € [0, 1]%. Defining ¢ = (1 — \)¢1 + A¢2, one obtains

/ h(y) dy

Rk

> / V() det(V2o(x)) da
[0,1]¢

[ {9 3%t0) s Tt

2 ia@) e [dei@io)]  [dervho] d
[0,1)¢

(2) / lde =1
[0,1]4

where inequality (i) follows from the claim below, inequality (ii) uses the assumption on f,g
and h and the equality (iii) is a direct consequence of the above Monge-Ampere equations.

Claim. The function S € S; — logdet(S) € [—o0,0) is a concave function on the convex
cone 84 of nonnegative definite symmetric matrices. O

The decisive trick of this proof is to take advantage of the concavity of logdet, once it is
noticed that the Hessian of the convexr function ¢, which gives rise to the Brenier map V¢,
belongs to S..

As a corollary, one obtains the celebrated Brunn-Minkowski inequality.
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Corollary 13.2 (Brunn-Minkowski inequality). For all A, B compact subsets of R,
vol/4(A + B) > vol/4(A) + vol'/4(B)

where vol/4(A) := (4 d:v)l/d and A+ B :={a+bja € A,be B}.

Proof. For any 0 < A < 1, the functions f = 14, g = 1p and h = 1jq_))a4p satisfy

Theorem 13.1’s assumptions. Therefore, we have [h > ([ f)1=*([ g)* which is vol((1 —
AA + AB) > vol(A)'"Mvol(B). Tt follows that vol(A + B) = vol((1 — \)125x + AZ) >

1-X A
VO](%)I_)‘VOI(g))\ which is equivalent to vol/4(A + B) > (VOli/_d/\(A)) (VOII/;(B)) .

remains to optimize in .

t

l:ll—(

APPENDIX A. TENSORIZATION OF TRANSPORT COSTS

During the proof of the tensorization property of transport-entropy inequalities at Propo-
sition 1.8, we made use of the following tensorization property of transport costs. A detailed
proof of this property in the literature being unknown to the authors, we find it useful to
present it here.

Proposition A.1. We assume that the cost functions c1 and co are lower semicontinous on
the products of polish spaces X1 x Y1 and Xo X Vo, respectively. Then, for all v € P(Yy x V),
w1 € P(X1) and po € P(Xa), we have

(65) 7;16902(% M1 ® M?) < 7;1 (Vla /‘1) + / '702(V§/1,,u,2) dyl(yl)
A%
where v disintegrates as follows: dv(y1,y2) = dvi(y1)dvy' (y2).

Proof. One first faces a nightmare of notation. It might be helpful to introduce random
variables and see m € P(X x )) = P(&] x X2 x )1 X )s) as the law of (X7, X9, Y7, Ys). One
denotes ™ = ,C(Xl,Yl), ng’ylﬁ(Xg,YﬂXl = .’El,}/l = yl), 7T§(12’y1 = ,C(X2|X1 = l‘l,Yl = yl),
ﬂlac/;,gﬂ = E(YQ’Xl =2x1,Y] = yl), Y = /:,(Xl,XQ), Ty = E(Yl,YQ) and so on.

Let us denote II(v, ) the set of all 7 € P(X x )) such that 7x = v and 7y = p, Iy (v1, 1)

the set of all n € P(X1 x Y1) such that nx, = v1 and 7y, = 1 and Ila(va, uo) the set of all
n € P(Xa x V) such that nx, = v2 and ny, = pe.

We only consider couplings 7 such that under the law w
£<X1, XQ) =V,

£<Y17 Y’Q) = M,

Y1 and X3 are independent conditionally on X; and
X1 and Y5 are independent conditionally on Y;.

By the definition of the optimal cost, optimizing over this collection of couplings leads us to

Te(v,p) < info/cl @ ca(w1, Y1, 02, y2) dmi (21, y1)dmy Y (22, y2)

T1,Tg

where the infimum is taken over all 7 € I3 (v, 1) and all Markov kernels 7§ = (m5"¥'; 21 €

X1,y1 € Y1) such that 3" € Ta(vy,, py}) for mi-almost every (z1,y1). As p is a tensor
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product: p = piy ® pg, we have py; = pg, mi-a.e. so that """ € Ia(vy! , pg) for mi-almost

every (951, yl)-
‘We obtain

,Z::(Va M) S il’lfo / C1 ® CQ(xla Y1,x2, y2) dﬂ-l (‘Tla yl)dﬂ-glyyl (372, y?)

T,

= inf [/ c1dm + inf/ / ca(wa, y2)dmy "V (22, y2) dﬂl(xlayl)}
st X XY w5 X1 xY1 J Xax Y2

@ i [/ c1 dmy +/ <iﬂof/ 02($2ay2)dﬂgl’yl($2,w)> d771(9517?/1)]
m X1 X1 X1 %W T2 JXaxY2

b) . x

© inf [/ ¢ dm + / T, (VR p2) dmy (21, yl)]
1 X1 X1 X1xXY1

= inf {/ c1 d7r1} + / Te, (Vs o) dvi(21)
1 X1 xY1 Xy
Ty ) + [ T ) dn(e)
Xy

which is the desired result.

Equality (a) is not that obvious. First of all, one is allowed to commute infe and | Xy XY since
75 lives in a rich enough family for being able to optimize separately for each (x1,y1). But also,
one must check that after commuting, the integrand inf | Xy, C2(72, yo)dmy Y (22, y2) is
measurable as a function of (z1,y1). But for each fixed (z1,y1), this integrand is the optimal
transport cost 7, (v, p2) (this is the content of equality (b)). Now, with the Kantorovich
dual equality (15), one sees that 7. is a lower semicontinuous function as the supremum
of a family of continuous functions. A fortiori, 7., is measurable on P(X2) x P(}%) and
(x1,y1) — 1o, (1/;12,;1,2) is also measurable as a composition of measurable functions (use the
polish assumption for the existence of measurable Markov kernels). This completes the proof
of the proposition. O

Let us have a look at another tensorization result which appears in [57]. On the polish
product space X := [Ti-, &, consider the cost function

n

@ici(xay) = ZC(%’»%% T,y € X(n)
i=1

where for each index i, ¢; is lower semicontinuous on XZ-Q. Let (X;)i<i<n be the canonical
process on xm = H?Zl X;. For each 7, X; = (Xj)lgjgn;j;éi is the configuration without its
value at index i. Given a probability measure v on X,

I/;:Ei = I/(Xi S ’5(:% = fz)
denotes the regular conditional distribution of X; knowing that )ZZ = 7; under v and
vi=v(X; €")

denotes the i-th marginal of v.
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Proposition A.2. Let p = Q). pi be a product probability measure on XM For allv €

P(x M),
Toe, (v, 1) / (Z T, (V] 7/% ) dv(z).

Proof. e A first sketch. Let (W;)i<i<n = (Ui, Vi)i<i<n be a sequence of random variables
taking their values in [[_; X7 which is defined on some probability space (2,P) so that it
realizes Zg, (v, ). This means that the law of U = (U;)1<i<p is v, the law of V = (V})1<i<p
is pand E) ", ¢;(Us, Vi) = Tae, (v, ).

Let ¢ be a fixed index. There exists a couple of random variables /I/IZZ = ((7Z 3 \Z) such that
its conditional law given (U;, Vi) = W; = (W})j2i is a coupling of VZ-UZ' and MZVZ', and P-a.s.,
Ele; (Us, 171)|/VI7,] =17, (VZUZ,,uyl> This implies

(66) Eci(ﬁi, 1//\;) =E7,, (1/?3/1?)

~ o~

(Vi V)] is a coupling of (v, u). The optimality of W gives us

Clearly, {(N Uy); (Vi
V) <E (Zj;éi ¢;(U;, Vi) + ci(U;, XZ)) which boils down to

EZ ¢;(U;
(67) Eci(Us, Vi) < Bei(0, Vi) = BT, (v, )"

where the equality is (66). Summing over all the indices i, we see that
n n ~ ~
Tee o) =EY (U, Vi) <E T, (v, ul").
i=1 i=1

As p is a product measure, we have ,ulVi = u;, P-almost surely and we obtain

Toe, (Vs 1) /(n)ZTcl Vit ) dv ()

which is the announced result.

o Completion of the proof. This first part is an incomplete proof, since one faces a mea-
surability problem when constructing the conditional optimal coupling W, = ([71, XA/Z) This
measurability is needed to take the expectation in (66) More precisely, it is true that for
each value w; of WZ, there exists a couphng W (w;) of v and ,u? But the dependence in w;
must be Borel measurable for W; = W; (W) to be a random variable.

One way to circumvent this problem is to proceed as in Proposition A.1. The important
features of this proof are:

(1) The Markov kernels 1/77' and ;ﬁ' are built with conditional independence properties
as in Proposition A.1’s proof. More precisely
. V and U; are independent conditionally on U and
° U and V; are independent conditionally on V
These kernels admit measurable versions since the state space is polish.
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(2) The measurability is not required at the level of the optimal coupling but only through
the optimal cost.

This leads us to (67). We omit the details of the proof which is a variation on Proposition
A.1’s proof with another “nightmare of notation”. O

Proposition A.2 differs from Marton’s original result [78] which requires an ordering of the
indices.

APPENDIX B. VARIATIONAL REPRESENTATIONS OF THE RELATIVE ENTROPY

At Section 3, we took great advantage of the variational representations of 7. and the
relative entropy. Here, we give a proof of the variational representation formulae (25) and
(26) of the relative entropy.

Proposition B.1. For all v € P(X),

H(v|p) :sup{/udy—log/e“d,u;ueCb(X)}.

:sup{/udl/—log/e“du;uEBb(X)}

and for allv € P(X) such that v < p,

(69) H(v|u) =sup {/udu - log/e“ dp;u measumble,/e“ dp < oo,/u dv < oo}

where u— = (—u) V0 and [udv € (—oo, 0| is well-defined for all w such that [u_ dv < oco.

(68)

Proof. Once we have (69), (68) follows by standard approximation arguments.
The proof of (69) relies on Fenchel inequality for the convex function h(t) = tlogt — ¢ + 1:
st < (tlogt —t+1)+ (e’ —1)

for all s € [—00,00), t € [0,00), with the conventions 0log0 =0, e~ =0 and —oco x 0 =0
which are legitimated by limiting procedures. The equality is attained when ¢ = e®.

Taking s = u(z), t = g—;(:p) and integrating with respect to p leads us to

/udu < H(v|p) + /(e“ —1)dp,

whose terms are meaningful with values in (—oo, 00|, provided that [u_ dv < co. Formally,
the case of equality corresponds to g—; = e". With the monotone convergence theorem, one
sees that it is approached by the sequence u,, = log(g—z Ve ™), as n tends to infinity. This
gives us H(v|u) = sup{ [udv — [(e* — 1) dp;u: [€"dp < oo,infu > —oo} , which in turn
implies that

H(u\,u):sup{/udu—/(e“—l)d,u;u:/e“du<oo,/u_dz/<oo},

since the integral [log(dv/dp)dv = [ h(dv/dp)dp € [0,00] is well-defined.
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Now, we take advantage of the unit mass of v € P(X) :

/(u—l—b)dy—/(e(“er)—1)du:/udV—eb/e“du+b+1, bER,

and we use the easy identity loga = infycr{ae® — b — 1} to obtain

SUP{/(U+b)dV— /(6(“+b) - 1)du} = /udu—log/e“d,u.
beR

Whence,

sup{/udu/(e“1)d,u;u:/e“d,u<oo,/udu<oo}
:sup{/(u+b)d1/—/(e(“+b)—1)d,u;b€]R,u:/e“d,u<oo,/u_dy<oo}
:sup{/udu—log/e“du;u:/e“d,u,<oo,/u_du<oo}.

This completes the proof of (69). O
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