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Abstract

The aim of this paper is to prove an inequality between relative entropy and the sum of average conditional
relative entropies of the following form: for a fixed probability measure g on X", (X’ is a finite set), and any
probability measure p = £(Y) on X,

D(P”‘I) < C- ZEPD(Px( |Y1’ O} Yx‘—l) Yi+1) DRI Yn)”qx( |Yl’ L} Yx‘—l) Yi+1) DRI Yn))) (*)
i=1

where pi(- [¥1 - 5 Yicts Visir - - > ¥a) and q,(- %, .. .5 X, X5 - - - X,,) denote the local specifications for p
resp. g, that is, the conditional distributions of the ith coordinate, given the other coordinates. The constant
C depends on (the local specifications of) g.
The inequality () is meaningful in product spaces, in both the discrete and the continuous case, and can be
used to prove a logarithmic Sobolev inequality for g, provided uniform logarithmic Sobolev inequalities are
available for g;(- |x;, . . ., Xi 1, Xiy15 . - . X,), for all fixed 7 and fixed (x,, . .., X\, Xy, - - . > X,). Inequality ()
directly implies that the Gibbs sampler associated with g is a contraction for relative entropy.
In this paper we derive inequality (), and thereby a logarithmic Sobolev inequality, in discrete product
spaces, by proving inequalities for an appropriate Wasserstein-like distance.

2010 MSC Codes: Primary 60J10; Secondary 52A40, 82C22

1. Introduction and statement of some results

Let X be a finite set, and X" the set of n-length sequences from X. Let P(X™) denote the space of
probability measures on X™”. For a sequence x € X" we let x; denote the ith coordinate of x.

We consider a reference probability measure g € P(X") which will be fixed throughout
Sections 1-3. In Section 4 we still consider a fixed reference measure denoted by g, with suitable
subscripts.

The aim of this paper is to prove logarithmic Sobolev inequalities for measures on discrete
product spaces, by proving inequalities for an appropriate Wasserstein-like distance. A log-
arithmic Sobolev inequality is, roughly speaking, a contractivity property of relative entropy
with respect to some Markov semigroup. It is much easier to prove contractivity for a distance
between measures than for relative entropy, since a distance satisfies the triangle inequality. Our
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method will be used to prove logarithmic Sobolev inequalities for measures satisfying a version of
Dobrushin’s uniqueness condition, as well as Gibbs measures satisfying a strong mixing condition.
To explain the results, we need some definitions and notation.

Notation 1.1. If r and s are two probability measures (on any measurable space) then we let | — |
denote their variational distance:

|r —s| =sup |r(A) — s(A)].
A

Definition 1.2 (W, distance; see Theorem 8.2 of [1]). For probability measures r, s € P(X™"), let
Z and U represent r resp. s, that is, Z and U are random sequences with distributions £(Z) =r
and L(U) =, respectively. We define

n
Wa(r,s) = min > PL{Zi# UR,
i=1

where the minimum is taken over all joint distributions 7 = £(Z, U) with marginals r and s.

Note that W is a distance on P(X™), but it cannot be defined by taking the minimum
expectation of some distance on X".

Definition 1.3 (relative entropy, conditional relative entropy). For probability measures r and s
defined on a finite set Z, we let D(r||s) denote the relative entropy of r with respect to s:

D(r||s) = Z r(u) log @

ueZ S(u) ‘

(We use the natural logarithm, with the convention 0log0=0 and alog 0= oo for a > 0.) If Z
and U are random variables with values in Z and distributed according to r = L(Z) resp. s =
L(U), then we also use the notation D(Z||U) for the relative entropy D(r||s). If, moreover, we
are given a probability measure 7 = £(S) on another finite set S, and conditional distributions
n(-1s) = L(Z|S=5), v(- |s) = L(U|S =s), then we define the conditional relative entropy:

Ex D(u(- [)[[(- 18) £ Y w($)D(a(- [s)l[v (- |s)).

seS
For E; D(u(- |S)[|v(- |S)) we shall use any of the notations

ED(u(- 19)1v(-15)),  ED(u(- [SIUIS),
ED(ZIS)v(- 1)), ED(ZIS)|UIS)),

where expectation is taken with respect to 7 = L(S).
Notation 1.4. For y = (y1,y2,...,ys) € X" and I C [1, n], we write
yi=Wrkel) and yr=@rké¢l).
Moreover, if p = L(Y) € P(X") then
pr=L(YD, pr- )2 LY Y=y, prE LY, Pl lyD) = LYY= y).

If I = {i}, then we write i instead of {i}.

Definition 1.5. The conditional distributions g;(- |x;) are called the local specifications of the
distribution q.
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Theorem 1.6. Set
o £ min g;(x;|x;), (L)

where the minimum is taken over all x € X" satisfying q(x) > 0 and all i € [1, n]. Assume that, for

any p € P(X") satisfying
q(x) =0 = p(x) =0, (1.2)
all the inequalities
W3 (pr- 170, au(- 1)) < C- E{ZIP: 1¥i) = ai(- 193)? ‘YI:%} (13)
iel

are satisfied, where I C [1,n], y; € X"\ s g fixed sequence, and E{-|-} denotes conditional expec-
tation with respect to the conditional distribution L(Y1|Y1). Then, for all p € P(X") satisfying
(1.2),

D(pllg) < ZELD 7)) —ai(- %) < ZED(wYuq,( 7).

i=1

Note that in (1.3)-(1.4) expectation is taken with respect to p = L(Y).

Condition (1.2) is necessary, since otherwise D(p||g) could be oo, while the middle term is
always finite. On the other hand, for the inequality between the first and last terms (1.2) is not
necessary, since if D(p||q) = oo then the last term is 0o as well.

Remark. In [15] a bound analogous to the bound relating the first and last terms of (1.4) was
proved for measures on Euclidean spaces (under reasonable conditions). That bound was used to
derive alogarithmic Sobolev inequality, improving on an earlier result in [18]. In the present paper
we shall deduce a logarithmic Sobolev inequality from the first inequality in (1.4) (Corollary 1.11
to Theorem 1.6).

Definition 1.7 (Gibbs sampler). For i € [1, n], let [';:P(X™) > P(X") be the Markov kernel
Li(zly) =8(i» zi) - qi(zilyi),  y,z€ X",

where § denotes the Kronecker § (i.e. I'; leaves all but the ith coordinates unchanged, and updates
the ith coordinate according to g;(- |y;)). Finally, set

1 n
=;~§Fi.

That is, I" selects an i € [1, n] at random, and applies I';. It is easy to see that I" preserves, and is
reversible with respect to g. I is called the Gibbs sampler (or Glauber dynamics) governed by the
local specifications of g.

Theorem 1.6 implies that the Gibbs sampler defined by the local specifications of ¢ is a strict
contraction for the relative entropy D(p||q), for any measure p satisfying (1.2).

Corollary 1.8. If g € P(X™") satisfies the conditions of Theorem 1.6, then, for all p € P(X™)
satisfying (1.2),

D(Tlg)( = D(pT19)) < (1 - :—C) Dipllg). (1.5)
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Inequality (1.5) follows from Theorem 1.6 by the inequality

D(pTllq) < Z D(pTillg)
(a consequence of the convexity of relative entropy), together with the identity

Dipllg) = D(pT'llg) = ED(pi(- 17:) las(- 7).

Theorem 1.6 also implies Gross’s logarithmic Sobolev inequality, defined as follows.

Definition 1.9 (Dirichlet form). Let (Z, ) be a finite probability space, and let G:Z +— Z be a
Markov kernel with invariant measure 7. The Dirichlet form associated with G is

Ec(f, /) = (= G)ff)x>
where f:Z +— R.

Definition 1.10 (logarithmic Sobolev inequality for Markov kernels). We say that G satis-
fies a logarithmic Sobolev inequality with logarithmic Sobolev constant c if, for every probability

measure p on Z, we have
D(plim) < ¢+ Ea(VF. VF),
where f(z) = p(z) /7 ().

The property expressed by the logarithmic Sobolev inequality was defined by Leonard Gross
[11] in 1975. For an introduction to logarithmic Sobolev inequalities and their manifold interpre-
tations and uses, see [12] and [19].

A simple calculation shows that for any p € P(X™)

5D Bl (2 o o))

yieX

(Using the fact that, for fixed y;, the measure pI'; does not depend on y;, we just calculate the
Dirichlet form for a matrix with identical rows.) For the Gibbs sampler

1 n
=;.§ri

and . f? = 1, the Dirichlet form can also be written in terms of the squared norm of the discrete
gradient of f:

1 n
ErlfN)="—Bq ) I0:f 1%

k=1
where 9 f = (I — T'y)f. Applying this to

p(x)
q(x)

)-4n
el B [B)=-E
F(\/;q nqu

(It is easy to verify that the above two expressions for Er(\/p/q, /p/q) are equal.)
Theorem 1.6 implies Gross’s logarithmic Sobolev inequality for the Gibbs sampler I".

flx) =

we obtain

Ok
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Corollary 1.11. If g on X satisfies the conditions of Theorem 1.6 then, for any p € P(X"),

1 2C p |/p
~Dlpllg) < —~ - &r (/g /g)

i Ba( (R o o))
2C q_Z yl

This can be considered a dzmenszon-free logarithmic Sobolev inequality, since I' only updates one
coordinate.

Ok (1.6)

Remark. In [21] the ‘Standard Logarithmic Sobolev Inequality, for the Gibbs sampler, is defined
using the Dirichlet form defined in terms of the squared norm of discrete gradient (formula SLS).

Corollary 1.11 follows from the first inequality in (1.4) (Theorem 1.6) by the following lemma.

Lemma 1.12 (Proposition 1 of [19]). Let r and s be two probability measures on X. Then

2
r—sl><1- (Z \/r(y)S(y)) :

yeX

Remark. The inequality between the first and last term in (1.4) also implies an inequality of the
form (1.6), but with a slightly worse constant. This follows from Theorem A.1 of [8].

Theorem 1.6 can be applied to distributions g satistying the following version of Dobrushin’s
uniqueness condition.

Definition 1.13 (Dobrushin’s uniqueness condition). We define the coupling matrix of q €
P(X") as

A=) —p  ki= max 9i(- 1zi) — qi(- )], (1.7)
where the max is taken on sequences z, s € X", differing only in the kth coordinate. (Clearly ay ; =
0 for all k.) We say that g satisfies (an L,-version of) Dobrushin’s uniqueness condition if

All2 < 1.

Here ||A||2 denotes the matrix norm corresponding to the Euclidean norm.

This differs from Dobrushin’s original uniqueness condition where the maximum column sum
of A is assumed to be < 1.

If sequences z,s € X" differ in several coordinates then, by a telescoping argument and the
triangle inequality, (1.7) implies

19i(- 120) — qi(- 50| < 8(zk si)agi (1.7)
ki
where § denotes the Kronecker §.

Theorem 1.14. Assume that the measure q € P(X") satisfies Dobrushin’s uniqueness condi-
tion with coupling matrix A, ||A|ly < 1. Then the conditions of Theorem 1.6 are satisfied with
C=1/(1 — ||Al)%. Thus, for any p € P(X™) satisfying (1.2),
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2 1 " _ _
D < — Y Epi(- 1Y) — qi(- 1Y)
(Pl < & e - 2 B 199 = (1)

1 1 - ; 7
< TR ;ED(YilYillqi(- IYi)),

and

D(pTllq) < <1 - % : % (1= IIAI|)2> -D(pliq)- (1.8)

Remark. In [24] a logarithmic Sobolev inequality is proved for discrete spin systems, where the
title suggests that it uses Dobrushin’s uniqueness condition. However, the condition used there is
not identical to Dobrushin’s uniqueness condition, just reminiscent of it. Moreover, an inequality
of the form relating the first and last terms of (1.4) was proved in [2], assuming a condition only
slightly reminiscent of Dobrushin’s uniqueness condition.

Theorem 1.6 is proved in Section 2, and Theorem 1.14 in Section 3. In Section 4 we are going
to deduce a logarithmic Sobolev inequality from a strong mixing condition, for measures g on
XZ (under the additional condition that the local specifications g (xk|x;, i # k), if not equal to
0, are bounded from below). The strong mixing condition we use is the same as Dobrushin and
Shlosman’s strong mixing conditions, but we do not assume that q is a Markov field. Our strong
mixing condition can also be considered as a generalization of ®-mixing for (stationary) probabil-
ity measures on X’ Z_ For non-Markov stationary probability measures on X'“, it is more restrictive
than usual strong mixing.

The first proof for the implication that Dobrushin and Shlosman’s strong mixing conditions
imply a logarithmic Sobolev inequality for Markov fields was given by Stroock and Zegarlinski
[22, 23] in 1992. The arguments in [23] are quite hard to follow. In 2001, Cesi [3] proved that
Dobrushin and Shlosman’s strong mixing conditions imply a logarithmic Sobolev inequality; his
approach is quite different from the previous ones, and much simpler.

We feel that there is still room for alternative and perhaps simpler proofs in this important
topic. Moreover, our proof is valid without the Markovity assumption. (It may be, however, that
the proofs in [23] and [3] can also be generalized for the non-Markovian case, but it has not been
tried.)

We believe that the separate parts of our proof (Theorem 1.6 and its applicability) are
comprehensible in themselves, thus making the whole proof easier to follow.

There is another approach to strong mixing, for measures g on X% with finite range of inter-
action, developed by Olivieri, Picco and Martinelli: see [13]. Their aim was to replace condition
(4.2) of strong mixing (see below) with a milder one, requiring (4.2) only for ‘non-pathological’
sets A, i.e. for sets with boundary much smaller than volume. Martinelli and Olivieri [14] proved
a logarithmic Sobolev inequality under this modified condition, for measures q with finite range
of interaction. In Appendix B we briefly sketch the Olivieri-Picco-Martinelli approach, and show
how to modify Theorem 1.6 and Lemma 4.4 (below), to get logarithmic Sobolev inequalities under
this weaker assumption.

2. Proof of Theorem 1.6
We need the following lemma.

Lemma 2.1 (see [21]). Let r and s be two probability measures on X. Set

o; = min s(x).
s(x)#0
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If D(r||s) < oo, then

D(rlls) < — - |r —s|*. (2.1
Ol

N

Remark. Inequality (2.1) can be considered as a converse to the Pinsker-Csiszar-Kullback
inequality, which says that

1
Ir — s> < Dls).

However, there is no uniform converse: the reverse inequality must depend on the measure s. Note
also that in [21] the following stronger inequality is proved:

D(r||s) < 10g<1 + 2. |r—s|2>. 2.1)

s

However, this logarithmic improvement does not yield any improvement in Theorem 1.6.

We proceed to the proof of Theorem 1.6. Let 7 = L(Y, X) be a coupling of p=L(Y) and
q = L(X) that achieves W3 (p, q).

We apply induction on n. Assume that the theorem holds for n — 1.

By the expansion formula for relative entropy, we have

D(pllg) = ZD Y1) +— ZED (YilYillgil 7). (2.2)

i=1 i=1

For each fixed y;, the measure g;(- |y;) satisfies the conditions of the theorem. By the induction

hypothesis,

: ZED Tivila V) < -2 S5 I 1) — g1 1)

i=1 iy
(1 20 S e
_<1 n) p” ;'PJ( 1Y) — qi(- 17)1. (2.3)

To estimate the first term on the right-hand side of (2.2), observe that by the definition of «,
P{X; =x} > « for any i€ [1,n] and x € X. Thus, by Lemma 2.1,

2
DY |IX) < = - 1£(Y) - LX) (2.4)

Further, condition (1.3) implies

S ILY) = LD <Y PrYi £ Xi} = WE(p, q)

i=1
<C- EZIP: Yi) — ai(- 1Y3) 1%, (2.5)

Putting together (2.4) and (2.5), it follows that the first term on the right-hand side of (2.2) can be
bounded as follows:

1 < 1 2C ¢ _ .
Y DOllX) < — - == ) (EIpi(- 1¥) — ai(- 17) . (2.6)
i=1 i=1
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Substituting (2.3) and (2.6) into (2.2), we get the first inequality in (1.4). The second inequality
follows from the Pinsker-Csiszar-Kullback inequality. O

3. Proof of Theorem 1.14

Let both p, g € P(X™") be fixed. We want to show that (1.3) holds with C=1/(1 — |All2)?, where
A is the coupling matrix for q. It is enough to prove this for I = [1, ], since for any I C [1, n] and
y1 the conditional distribution gj(- |yr) satisfies Dobrushin’s uniqueness condition with a minor
of A as its coupling matrix. (The idea of the proof for I = [1, n] goes back to Dobrushin’s papers
[4, 5], although he worked with another matrix norm.)

We will prove that Dobrushin’s uniqueness condition implies that the Gibbs sampler I is a
contraction with respect to the W;-distance with rate 1 — 1/n- (1 — ||A[]2).

To achieve this, let r and s be two probability measures on X", and let (U, Z) be a random pair
of sequences, with marginals r and s, and achieving W5 (r, s).

Select an index v € [1, n] at random, independently of (U, Z), and define

U/=U,, 2Z/=2; fork#v.

Then define £(U/, Z{'|v =i, U; = &j, Z; = Z;} as that coupling of g;(- |#;) and ¢q;(- |z;) that achieves
|qi(- |ti) — qi(- |z;)]|- Tt is clear that L(U") = rT", and £(Z') = sT". Moreover,

P{UY #Z |v=i} =P{Uy # Zx} fork#i,
and, by the definition of the coupling matrix, more precisely by (1.7'):

PIU/ #£ 2 |v=i}y=Y P{Ui=uZi=2}- |qi- i) — qi(- |Z)]
UisZi

<Y PUi=i Zi=2)- Y ag; 8w z) =Y ag; P{Ux # Zi).
sz

ki ki
Thus
P{U/ #Z} <L —1/n) - P{U £ Z} + 1/n- Y ag; - P{U # Zi).
ki
It follows that
n n

Y PU/ £ 2V <IIBll2- | Y P{U # Zi)?,

i=1 i=1
where

B=(1-1/n)-I,+1/n-A
(I, is the identity matrix). Thus

> PUI #Zi)2.

i=1

Y PUY £2/1 < (1 - % (1= ||A||2)) :
i=1

This proves the contractivity of I" with rate 1 — 1/n - (1 — [|A||2).
By the triangle inequality,

Wa(p, ) < Wa(p, pT') + W2 (pT', q).

By contractivity of I', and since q is invariant with respect to T, it follows that

Wa(p,q) < Walp, pT) + (1 = 1/n- (1 — [|[All2)) - W2(p, 9),
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that is,

n

Wa(p, q) < ————— - Wa(p, pI).
APPSR
But it is easy to see that
1 n
Walp,pD) ==~ |E ) Ipi17:) = ail 173) .

i=1

By the last two inequalities, (1.3) (for I = [1, n]), and hence Theorem 1.14, is proved. O

4. Gibbs measures with the strong mixing property
4.1 Definitions, notation and statement of Theorem 4.2

In this section we work with measures on X*, where A is a subset of the d-dimensional cubic
lattice Z. Most of the time A will be finite. The notation A CC Z expresses that A C Z is finite.
The lattice points in Z will be called sites. We use the following distance on Z:

o(k, i) =max |k, —iy|, wherek=(ki,ks,...,kg), i="(i1,12...,14).
v

The elements of X’ are called spins, and the elements of the set XY (A C Z, possibly infinite)
are called spin configurations, or just configurations, over A.

We consider an ensemble of conditional distributions qu (- |Xa) where A CC Z, and A is the
complement of A. (We prefer to write X in place of x5, and, accordingly, use the notation
ga (- 1xa).) The measure g (- |Xa) is considered as the conditional distribution of a random spin
configuration over A, given the outside configuration x, (i.e. the configuration outside A). For a
site i € Z we use the notation g;(- |X;).

The conditional distribution ga (- |xA) (A CC Z) naturally defines the conditional distribu-
tions qu(- |xp) for any M C A. We assume that the ensemble of the conditional distributions
qa (- |xp) satisfies the natural compatibility conditions. The conditional distribution g (- |xa ) also
defines the conditional distributions gas(- |x4) for all subsets M C A.

Under the compatibility conditions there exists at least one probability measure g = £(X) on
the space of configuration s X%, compatible with the local specifications g4 (- |¥5):

LXAI1XA =%7) =ga(- [Xp).

Here X, denotes the marginal of the random configuration X for the sites in A, and x, is
called an outside configuration for A. The conditional distributions ga (- |xa) are called the
local specifications of g, and q is called a Gibbs measure compatible with the local specifications
ga(-1xa).

We say that the ensemble of local specifications g (- |X5) has finite range of interaction R (or
is Markov of order R) if g (- |xs) only depends on those coordinates xi, k € A, that are in the
R-neighbourhood of A.

In general, the local specifications do not uniquely determine the Gibbs measure. The question
of uniqueness has been extensively studied in the case of local specifications with finite range of
interaction, and a sufficient condition for uniqueness was given by Dobrushin and Shlosman [6].
But the general question of uniqueness is open, even for measures with finite range of interaction.

A property stronger than uniqueness is strong mixing.

In their celebrated paper [7] in 1987, Dobrushin and Shlosman gave a characterization of
complete analyticity of Markov Gibbs measures over Z. Their characterization was formulated
in twelve conditions which were proved to be equivalent, and are referred to as Dobrushin and
Shlosman’s strong mixing conditions. The following definition is the same as one of these twelve
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(III C), except that we do not assume Markovity, and replace the function K - exp ( — yr) with a
more general function ¢(r). In the Markov case ¢(r) necessarily has the form K - exp ( — yr).
In order to define strong mixing, let ¢:Z — R be a function satisfying

Z @(p(0,1)) < oo. (4.1)
i€Z

Definition 4.1 (strong mixing). The Gibbs measure q is called strongly mixing with coupling func-
tion ¢ if for any sets M C A CC Z and any two outside configurations y and z, differing only at
one single site k ¢ A:

lam(- 1ya) — qum(- 12a)] < @(p(k, M)). (4.2)

If two outside configurations y, and z, differ at several sites then a telescoping argument,
together with the triangle inequality, shows that

|an (- [7a) — au( 121 < Y 80 z6) - @(p(k, M)). (4.2)
k¢ A

For stationary probability measures on X%, this definition is more restrictive than usual strong
mixing, and is equivalent to ®-mixing. On Z the term strong mixing has only been used for
Markov fields; for simplicity we extend its use without adding any qualification.

Our aim in this section is to prove the following theorem.

Theorem 4.2. Assume that the ensemble {qa (- |xp):A CC Z} satisfies the strong mixing condition
with coupling function ¢. Moreover, assume that

as inf gi(xi|x;) > 0,

where the infimum is taken for all x € X% and i€ 7 such that qi(xi|x;) > 0. Fix a ACCZ
together with an outside configuration yx. Then the measure qa (- [ya) satisfies condition (1.3) of
Theorem 1.6, with a constant C, independent of A and y,. Moreover, it is enough to assume (4.2)
for sets A of diameter at most mg, where mq depends on the dimension d and the function ¢. The
constant C depends on the dimension d, the function ¢ and on «.

Remark. If g has finite range of interaction then Theorem 4.2 implies that condition (4.2) is
constructive, in the sense of Dobrushin and Shlosman.

Proof of Theorem 4.2. Consider the infinite symmetric matrix
®= (‘P(P(k) i)))k,iEZ .

Since the entries are non-negative, and the row-sums equal, || ®||, equals the row-sum:

|Pll2 = Z ©(p(0, 1)) < oo.

icZ
Fix a measure py € P(X2) satisfying
gr(xAlyA) =0 = pa(xa)=0 forxp € x4,
It is enough to prove that
Wf(PA, qa (- |)_’A)> <C-E Z W22<Pi(' 1Y:), qi(- Iﬁ‘)) (4.3)
€A
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(with C independent of A and y,), since for any M C A and any fixed ys\a, the conditional

distribution gar(- [yp) (where yar = (ya\m» ya)) satisfies the strong mixing condition with the

same function ¢. O
We start with a weaker version of (4.3), namely Lemma 4.4 below.

Notation 4.3. Let Z,, = Z,,(A) denote the set of m-sided cubes in Z that intersect A. Set

d-R ad
@mémin[ncbnz c——+2d- )y (2r l)d_lgo(r):|. (4.4)
R m =

Note that we can achieve
O, <1 (4.5)

by selecting R large enough to make the second term in (4.4) small, and then selecting m.

Lemma 4.4. If m is so large that ®,, < 1, then

_ 1 1 _ _
W%(pA, qa (- |)’A)> < md (1—0p,)? Z EW2(p1ina (- 1Y1na), q1na (- 1 Y10A))
m IeZ,,
1 _ _
< 10,7 Z Elpina (- 1Y1na) — gina (- [Yina)1%. (4.6)
m IeZ,,

If the ensemble {qa (- |xA)} has finite range of interaction R then Lemma 4.4 holds with || ®||, -
(d-R)/m in place of ©,.

The second inequality in (4.6) follows from the first one by the trivial inequality
sz(r, s) < m? . |r — s|2 for measures r, s on XmA, Iel,.

The proof of Lemma 4.4 follows that of Theorem 1.14, but we use a more general Gibbs sampler,
updating (the intersection of A with) an m-sided cube at a time, not just one site. (Here we follow
[7], where Gibbs samplers updating large sets of sites at a time were used.) Let us extend the
definition of p so that on A it is concentrated on the fixed YA-

Definition 4.5. For I € 7, let [:P(X™) — P(X) be the Markov kernel:
Lr(zalya) =8y, zay - GnaZInAlYINA)

(for k € A, yy is defined by the fixed y5 ). Then set

I'z,

1
T
|Zm| Iz,

Then I'z,, preserves, and is reversible with respect to ga (- [y ). We call 'z, the Gibbs sampler for
measure ga (- [ya), defined by the local specifications gina (- [yina), I € Zin.

Proof of Lemma 4.4. To estimate W2(pa, qa (- [ya)), we are going to prove that if ®,, < 1 then
the Gibbs sampler I'z, is a contraction with respect to the W-distance, with rate 1 — m? )| Tyl -
(1 —6Op).

To achieve this, let r and s be two probability measures on X', and let £(Y, Z) be a joint distri-
bution with marginals r and s, and achieving W (r, s). We extend the definition of L(Y, Z), letting
YAa=2Z)= A, where y, is the fixed outside configuration. Let Y" and Z’ be random variables
representing rI'z, and sI'z, .
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When carrying out one step of the Gibbs sampler I'7, , we select a random element v from Z,,,,
independently of (Y, Z). Then we can assume that

P{Y/ #2Z/ |v=1)=P{Y; #Z;)} forallie A\L

Moreover, we can define £(Yina', Zina' | v =1) as that coupling of gina (- [71na) and gina

(- |z1na) that achieves W3(qina (- [y1na)» qina (- 1210a))-
At this point we need the following lemma.

Lemma 4.6. (For a proof, see Appendix A.) Let us fix the set M CC Z, together with two outside
configurations yyr and zy, differing only at site k ¢ M. Let Y and Z be random variables realizing
qm(- [ym) and qu(- |Zu). Define

Ji=Tiami = {j € M:p(k, j) > p(k, i)}. (4.7)
Then there exists a coupling L(Y, Z|ym, zm) of L(Y) and L(Z), satisfying
PLY: £ 2} < gy, ) — @1, Ean)l, i€ M.
If q satisfies the strong mixing condition with function ¢ then, for this coupling,
P{Y; # Zi} < @(p(k,i)) forallie M.

By Lemma 4.6 and inequality (4.2'), for fixed I, y1n and Zjna, we can define a coupling

L(Yina'» Zina" | v=1 Yina =yina Zina =Zina )

satisfying
P{Y/ #Z/ |v=1Yina =yina> Zina =Zina} < Y 80 z) - 9(p(k, i), forallie INA.
keA\I
Thus
P{Y/ #Z/ |v=1}< Y P{Yy#Z} ¢(pk i) forallieINA. (4.8)

keA\I

We calculate P{Y;’ # Z/'} by averaging for I € Z,,. Set N = |Z,,|. Since each i € A is covered by
exactly m9 cubes from Z,,,, (4.8) implies

d
P{Y/ #2{) < (1 - ’”—) BAZI+ 2 Y B A2 plolk ). (49)

N -
Izi ke A\I
Consider the vectors
u= PV Z),e, and v=(PLY £2/)), 4,

and let D denote the matrix with entries

dii=opk)- Y 1, kieA.
I>i,A\I>k

With this notation, (4.9) means that

((i-m I+1.p
V\ —_— — . _— -u
N N

ma 1
Ivll2 < I_F +NIID||2 ull2. (4.10)
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We claim that, for fixed k and i,

Z 1<m? - min{d - p(k, i), m). (4.11)

Lk¢LI3i
It is clear that Y., 1 < m“. To prove the rest of (4.11), assume for simplicity that k and i differ
in all coordinates. Then we can assume that k = (0,0, . . ., 0), and i; > 0 for all j. Let H; denote the
half-space {zd € Zd:zj > 0}. Assume that foran I, i € I € Z,,, I intersects I:Ij, that is, thereisaz\) e I
whose jth coordinate is non-positive. Then the projection of I on the coordinate axis {z; = 0} will
contain k. It follows that if I N H; # ¢ for every j then k € I. Consequently, ifie I € Z,,, and k ¢ I

then there is at least one j such that I C H;. There are md—1. |kj — ij| < ma=1. p(k, i) possible
positions for an m-sided cube containing i and contained in Hj. This proves that 3 .y, 1 < d-

ma=1. p(k, i), and thereby (4.11). If some coordinates of k and i are equal, then the same argument
works in a subspace.
Since the right-hand side of (4.11) is symmetric in k and i, we have

d . [ d-p(k, i)
D] <m 'Zijw(p(k,z))'mm{—m ,1}. (4.12)

Now fix an R, and divide the sum in (4.12) into two parts, for i satistying p(k, i) < Rand p(k, i) > R,
respectively. We see that

1Dl < m - (W + Y ek i))).
i:p(k,i)>R
Taking the minimum in R, we get
D, < m? - O, (4.13)
By (4.10) and the definition of the vectors u and v, (4.13) implies that

d
> Py #2P < (1 - ’% (- ®m)) - Y P £ L
ieA keA

d
Wa(Tz, sz, ) < <1 - % (11— @m)> SWa(r, ). (4.14)

that is,

The stated contractivity is proved.
By the triangle inequality it follows that

Wa(pa>qa(-1ya)) < Wa(pa, pal'z,) + Wa(pal'z,» qa(- [ya))
d
< Wa(pa,palz,) + (1 - % (11— @m)> - Wz(PA,QA(' |}_/A)),

whence

N 1

md (1= Op)
To complete the proof of Lemma 4.4, we have to estimate W1(pa,pal'z,) in terms of the

quantities

Wa(pasaal-174)) < - Wa(paspal'z,). (4.15)

EWj (PmA (- 1Y1na)> qina (- |17mA)>-
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To do this, fix an I € Z,,, together with a configuration ys\; € X M “and define a coupling m7nA
(- lya\n) of pina(: [yina) and gina (- [yina) that achieves W;-distance. We extend mna (- [ya\r)
to a measure on X4 x X concentrated on the diagonal (ya\1, ya\1), for coordinates outside I.
Finally, we define the coupling 7 of pa and pAI'z,, by averaging the distributions wyna (- [ya\r)
with respect to I and ya\;.

Using this construction, an easy computation (using the Cauchy-Schwarz inequality)
shows that

d
m - _
W3 (pa,pal'z,) < N Z EW; (PIHA(‘ 1Y1n4)» gina (- IYmA)>- (4.16)
IeZy,
Substituting (4.16) into (4.15), we get the first inequality in (4.6). Understanding the proof,
one easily sees that the statement for Gibbs measures with finite range of interaction holds true.
Lemma 4.4 is proved. O

To complete the proof of Theorem 4.2 we have to deduce (4.3) from Lemma 4.4. To do this we
need the following lemma.

Lemma 4.7. (The proof is in Appendix A.) Let p = L(Y) and q be two measures on X". Let a be
defined by (1.1). Then

" 2 n+log, n n _ .
p—4l <(W> D Elpi(- 1Y5) — il 173)1%
i=1

Using Lemma 4.7, we estimate the terms in the last sum in (4.6). We get
d
)

. md 2 md—i-log2 (m )
W22<PA,QA(‘ |yA)) < 1_0,)7 ( ) EZ pi(- 1Yav) — i+ [Yavi 7a) 1%

(1x] ‘0‘)2 icA
Thus (4.3) is fulfilled with

md 2 milog, (m?)
C= . R
(1—0,)? <(|X|'05)2>

as soon as m is large enough for ®,, < 1.

We used the strong mixing condition (4.2) in proving Lemma 4.6, and Lemma 4.6 was used for
subsets of m-sided cubes. It was enough to consider m-sided cubes with m so large that ®,, <1
holds, a condition depending on d and ¢. This proves the last two statements of Theorem 4.2. [

Remark. An argument similar to Lemma 4.7 was also present in [23].
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Appendix A
Proof of Lemma 4.6. Order the elements of A so that

that is, the sequence of sets J; = Jx ar; (see (4.7)) is decreasing in i. Let Y}, and Zj; denote the
marginals of Y and Z, respectively, for the sites in J;. Then (Y}, ..., Y}, ) and (Zj,, ..., Zj,,) are
Markov chains (in fact Yj,,, is a function of Y},). Therefore, by a theorem of Goldstein [10], there
exists a coupling 7 = L(Y, Z|ym, zm) of L(Y) and L(Z), satisfying
Pr{Yy, # 25} = |L(Y) — L(Z1)] = 1g5,(- [ym) — g45,(- [Zm)]-
Since i € J;, and p(k, i) = p(k, J;), the statement of Lemma 4.6 follows. O
Proof of Lemma 4.7. Note first that if r and s are probability measures on X, and r(x), s(x) > «,
then
[r—s|<1—|X]| .

Let Y and Z be finite sets, and consider two probability measures r = £(Y}, Z;) andson Y x Z.
Denote s1(- | - ) the conditional distribution of the first coordinate given the second one, defined by
s,and define s (- | - ) similarly. Assume that s;(y;|22) > o and sa(z2]y1) > g forally;,zo € Y x Z.
Then

I2C Iy1) =20 1) <1 —1[Z] a2 and  [s1(- |22) —s1(- [22)]| < 1= [ Y] -y
forall y;, 1" € Yand 2,20’ € Z.
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Thus in this case Dobrushin’s uniqueness condition is satisfied with a 2 x 2 coupling matrix,
with entries 1 — || - «; and 1 — | Z| - o outside the diagonal. (It does not matter that ) and Z
may be different.) The coupling matrix has norm

<max{l — Y| a1, 1 = 2] az}.

By the argument proving Theorem 1.14, it follows that
1 1
(IVI-a)?” (12] - a2)

Wa(r,s) < max{ ; } CE(r1(-[Y2) = 51 [Y2) 2+ - [Y1) = 52 V1)),

and, consequently,
2 2
(Y- a1)?’ (12] - a2)

Ir—sl? < max{ 3 } CE(In (- [Y2) = s1( [Y2)PP + [r2(- Y1) = s2(- [Y1)?).

(A1)
Lemma 4.7 follows from (A.1) by a recursive argument, dividing the index set into two possibly
equal parts of size [#/2] and |#n/2], and applying (A.1) to each part. Then

maX{ 2 2 }
(V1P (2] ar?

will be replaced by
5\
((IX |-a)? ) '
Repeating this step about log, #n times we get the statement of the lemma. O
Appendix B

In this section we still work in the lattice Z, but think of sites as placed in the centre of the lattice
cubes.

Let Z /1 (I > 1 integer) denote the sublattice in Z, consisting of points whose coordinates are all
multiples of /, and let C; denote the set of finite unions of I-sided cubes with vertices in Z/I. The
said I-sided cubes contain I sites each, and the set of sites in distinct cubes are disjoint. We shall
identify the sets in C; with the set of sites contained in them.

The approach by Olivieri and Picco is based on the following definition of strong mixing.

Definition B.1 (Olivieri and Picco). The Gibbs measure g on X 2 \yith finite range of interaction
is called strongly mixing over C; in the sense of Olivieri-Picco-Martinelli, if there exist numbers
y > 0, K > 0 such that, for any sets A € C;, M C A and any two outside configurations y, and z,
differing only at a single site k ¢ A, we have

lgm(- [ya) — qum(- 1Z2a)| S K- exp (= y - p(k, M)). (B.1)

Given the following theorem, if [ is sufficiently large then it is enough to require (B.1) just for
cubes in Cj, to get (B.1) for all A € Cj, albeit with different y and K.

Olivieri and Picco’s Effectivity Theorem [17, 13]. Assume that the Gibbs measure q on X 2" has

finite range of interaction. For any y, K > 0 there exists an [y such that if, for some [ > Iy, (B.1)
holds for all I-sided cubes A € Cj,all M C A and all k ¢ A, then (B.1) also holds for all A € C, and
M and k as above, with different y and K.

We use a slightly more general definition, although we cannot justify it with an analogue of the
above Effectivity Theorem.
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Definition B.2 (strong mixing over (). Let ¢:Z4 — R be a function satisfying (4.1). Fix an

integer [ > 1. The ensemble of conditional distributions g (- |x)) on X 2% is called strongly mixing
over Cj, with coupling function g if, for any sets A € C;, M C A, and any two outside configura-
tions yA and z, differing only at the single site k, (4.2) holds. (We do not assume finite range of
interaction.)

For measures strongly mixing over C; one can prove a logarithmic Sobolev inequality by means
of the following modifications of Theorem 1.6 and Lemma 4.4.

Theorem 1.6'. Consider a measure g™ on X = ]_Ulzl XN, where
A= U}'zlAj, AiNAr=0 forj#k |Aj|=m.
Set
o =min{qg;(x;|X;): gqalxa)>0,ie A}.
Fixapp = L(Yp) on X2 satisfying
qa(xa) =0 = pa(xp) =0.

Assume that q, satisfies all the inequalities

W3 (- 10, qi(- [71)) < C- E{ > WA YAy qa; (- 1Y4) ‘ Y =)7I},

Ajcl

where I C A is the union of some of the sets Aj, and yj € XM\ s a fixed sequence. Then

4Cm & . 5
D(pallga) < a—:q : Z EWZ(PAJ-(' 1Ya;) an; (- |YAJ'))-

j=1

This can be proved by the same argument as Theorem 1.6, using Lemma 1.12, the inequalities
|ij ( |?Aj) - qu ( |?Aj) |2 < m- Wz(ij ( |YAJ')’ qu(' |?Aj)))

and, in each induction step, fixing a whole new block Y.

Lemma 4.4" (for measures strongly mixing over ;). Fix an integer |, and assume that the ensem-

ble of conditional distributions qa (- |xa) on X7 satisfies the strong mixing condition over Cj, with
coupling function @. Let A € Cj, and fix an outside configuration y . For fixed m let Z,,; denote the
set of m - I-sided cubes from Cj intersecting A. Then, for large enough m and any measure pp on X2,

WZZ(PA,qA(' |}7A)> <C- Z EW%(PIOA (- 1Y1n4)> qina (- |17mA)>
I€Z,,;

<C-m?. Z Elpina (- 1Y1n4) — qina (- 1 Y104 ) 1%
IEImZ

where C and m depend on the dimension d and the function .

The proof uses a Gibbs sampler, updating (intersections with A of) randomly chosen cubes of
side m - I from C; (for an appropriate m).
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