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Abstract: We study the distribution of the occurrence of rare patterns in sufficiently
mixing Gibbs random fields on the lattice Z¢, d > 2. A typical example is the high
temperature Ising model. This distribution is shown to converge to an exponential law
as the size of the pattern diverges. Our analysis not only provides this convergence but
also establishes a precise estimate of the distance between the exponential law and the
distribution of the occurrence of finite patterns. A similar result holds for the repetition
of a rare pattern. We apply these results to the fluctuation properties of occurrence and
repetition of patterns: We prove a central limit theorem and a large deviation principle.

1. Introduction

In the last decade there has been an intensive study of exponential laws for rare events
in the context of dynamical systems and stochastic processes, see e.g. the review paper
[2]. In general, these laws are derived under the assumption of sufficiently strong mixing
conditions, which basically ensures the possibility of writing the rare event as an inter-
section of almost independent events. The basic example of a rare event is the occurrence
or return of a large cylindrical event. Other relevant examples are approximate cylin-
drical events (approximate matching in the sense of Hamming distance, see e.g. [8]), or
large deviation events in certain interacting particle systems, see e.g. [3, 4].

The mixing conditions appearing in the context of dynamical systems or stochastic
processes are typical for Z-actions, e.g., the ¥-mixing condition is very naturally satis-
fied in the context of Bowen-Gibbs measures [5]. In turning to the context of random
fields or Z9-actions, the y-mixing property is very restrictive and in many natural exam-
ples such as Gibbsian random fields, this property does not hold except (trivially) in the
i.i.d. case and in non-interacting copies of one-dimensional Gibbs measures.

Gibbsian random fields have an obvious relevance to various applications, e.g., sta-
tistical physics, image processing, etc. Many interesting fluctuation properties such as
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large deviations principle and central limit theorems have been derived for them, and by
now Gibbs measures constitute a well-established field of research, see e.g. [14, 16, 17].

The study of exponential laws for the occurrence or repetition of rare events in random
fields has been initiated by A.J. Wyner [29] for the 1/-mixing case, using the Chen-Stein
method. Because of the mixing condition, the results of that paper are not applicable
to Gibbsian random fields like the Ising model in the high mixing regime (such as
Dobrushin uniqueness, or analyticity regime).

As an example, consider the d-dimensional Ising model in the high-temperature
regime and fix a pattern in a cubic box of size n: what is the size of the “observation
window” in which we see this pattern for the first time? This is clearly a rare event when
the size of the pattern increases, and hence one expects in the “high mixing regime”
that the size of this observation window is approximately exponentially distributed with
parameter proportional to the probability of the pattern.

The main difficulty in making this intuition into a mathematical statement is caused
by the typical non-uniform mixing of Gibbsian random fields: the influence of an event
A on an event B is not only dependent on their distance but also on their size. More
precisely, the difference between the conditional probabilities P(A|B) and P(A) can
be estimated in the optimal situation of the Dobrushin uniqueness regime as something
of the form |A|exp(—adist(A, B)). On a technical level, this “non-uniform mixing”
implies that the rare event under consideration should be written as an intersection of
events which at the same time are separated by a large distance and do not have an
“excessive” size.

In this paper we concentrate on Gibbsian random fields in the Dobrushin uniqueness
regime (e.g. high temperature case). This has to be considered as the first non-trivial test
case for random fields, with a broad variety of examples. The regime of phase coexis-
tence (such as in the low-temperature Ising model) poses an even larger non-uniformity
in the mixing conditions, i.e., the difference between P(A|B) and P(A) will in that case
also depend on which events B we are conditioning on. Recent techniques such as dis-
agreement percolation constitute a powerful tool to tackle this situation. This is however
not the subject of the present paper, where we want to deal with the basic non-uniformity
in the mixing appearing in all non-trivial Gibbsian random fields.

Besides the mere derivation of exponential laws for the occurrence and repetition of
rare events, we obtain a precise and uniform estimate of the error (i.e., the difference
between the law and its exponential approximation). We show that obtaining this precise
control of the error has many useful non-trivial applications in studying fluctuations of
both “waiting times” and repetitions of rare patterns. The derivation of the exponential
law is not via the Chen-Stein method. Via a direct use of the (non-uniform) mixing we
obtain more detailed information on the error term. The reason for that is that in the
Chen-Stein method one gives an estimate of the variational distance between the “real
counting process” and the Poisson process, whereas we only need one particular event.
The precise estimation of the error turns out to be crucial in the study of large deviations.

The problem of “waiting times” is to ask for the P-typical size of the “observation
window” in which a Q-typical pattern occurs, where [P is Gibbsian, and Q is any ergo-
dic field. The logarithm of the size of this observation window properly normalized
converges to the sum of the entropy of Q and the relative entropy density s(Q|P). To
this “law of large numbers” we add precise large deviation estimates and a central limit
theorem as a corollary of the exponential law with its precise error. The main point is
that the exponential law provides an approximation of the logarithm of the waiting time
by minus the logarithm of the probability of the corresponding pattern. For the cumu-
lant generating function of the waiting times, we give an explicit expression in terms
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of the pressure. It coincides with the cuamulant generating function of the probability of
patterns in the interval (—1, co) and is constant on (—oo, —1]. A similar phenomenon
was observed numerically for the cumulant generating function of the return times (that
is in dimension one), see [18].

For repetition of patterns, we prove a similar exponential law with precise error
bound. However, in that case we have to exclude “badly self-repeating” patterns, which
have exponentially small probability for any Gibbs measure. As a corollary, we obtain
a law of large numbers and a central limit theorem for repetitions. The large devia-
tions are more subtle due to the presence of the bad patterns. We prove a full large
deviation principle for the measure conditioned on good patterns, and a restricted large
deviation principle for the full measure.

Our paper is organized as follows. In Sect. 2 we give basic notations and definitions
and state our main result and its corollaries. In Sect. 3 we review basic properties of
high-temperature Gibbs measures. Section 4 contains the proof of the exponential law
for the occurrence of patterns, and Sect. 5 is devoted to the derivation of its corollaries.

2. Definitions and Results

We consider a random field {o(x) : x € Z?} on the lattice Z¢, d > 2, where o (x)
takes values in a finite set A. The joint distribution of {0 (x) : x € Z%} is denoted by

P. The configuration space 2 = AZ" is endowed with the product topology (making
it into a compact metric space). The set of finite subsets of Z? is denoted by S. For
A,B € Sweputd(A, B) = min{|x —y| : x € A,y € B}, where |x| = Zflzl |xi |
(x = (x1, x2, ..., Xxg)). For A € S, F4 is the sigma-field generated by {o (x) : x € A}. For
VeSweputQy =AY . Foro € Q,and V € S, oy € Qy denotes the restriction of &
to V.Forx € Z¢ and o € €, 140 denotes the translation of o by x: xo(y) = o (x+Yy).
For an event E C 2 the dependence set of E is the minimal A € S such that E is F4
measurable. For any n € N let C,, = [0, nl4 N Z%. An element A, € Qc, is called a
n-pattern or a pattern of size n.

Definition 2.1 (First occurrence of a pattern). For every configuration ¢ € Q we
define ty, (o) to be the first occurrence of an n-pattern A,, in that configuration, that is

the minimal k € N such that there exists a non-negative vector X = (x1, ... ,Xxq) € Zi
withx; <k, i =1,..,d, |x| > 0, satisfying
(TXO')C” = A, (1)

If such a vector x does not exist then we put ty, (o) = o0.

We now come to the mixing hypothesis we make on our random fields. For m > 0
define

1
§0(m)ZSUPm|P(EA1|EA2)—P(EA1)|, 2

where the supremum is taken over all finite subsets A1, Ay of 74, with d(A1, Ay) > m
and E,; € Fy,;, with P(E4,) > 0. Note that this ¢ (m) differs from the usual ¢-mixing
function since we divide by the size of the dependence set of the event E4,.

Definition 2.2. A random field is non-uniformly exponentially ¢-mixing if there exist
constants Cy, Cp > 0 such that

@(m) < Cre= " forall m > 0. 3)
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The examples that motivate this definition are Gibbsian random fields in the Dobru-
shin uniqueness regime (see Definition 3.2 below and examples thereafter). We leave
their definition and properties till the next section. For a pattern A, € ¢, we define
the corresponding cylinder C(A;) as

CAp) ={o €eQ:o0c, =An}.
Our main result reads:

Theorem 2.1. For a translation-invariant Gibbs random field satisfying (3), there exist
strictly positive constants C,c, p, A1, Ao, A1 < A», such that for any n and any
n-pattern A, there exists L, € [A1, A2], such that

’IP’ {tA,, > (m)w} et

foranyt > 0.

< CP(CA) e “)

Notice that P(C(A,)) in the “error term” in (4) is bounded above by exp(—c’ n),
with ¢’ > 0, by the Gibbs property, see (31).
The proof of this theorem is given in Sect. 4.

Remark 2.1. The only results we are aware of in the context of random fields appeared
in [29]. The results of that paper are valid under the assumption of a much stronger
mixing condition than ours, namely ¥ -mixing. Most Gibbs random fields (including
the Ising model at high temperature) cannot satisfy such a property. As an examples
of ¥-mixing Gibbsian random fields (in the sense of Wyner) on Z2, one can consider
independent copies of a one-dimensional Markov chain. This gives a two-dimensional
Gibbsian random field, but without interaction in the y-direction.

From the technical point of view, Wyner uses the Chen-Stein method. This leads to
an estimate which for fixed pattern size does not converge to zero as ¢t — oo. Here we
use a different approach allowing us to get a control in ¢ in (4). This feature will turn
out to be fundamental when we prove large deviations for waiting times, see below.

From the proof of Theorem 2.1 it will be clear that we can generalize it to (A,),’s
that are finite patterns supported on a van Hove sequence of subsets of Z¢.

We will show elsewhere how to prove an analog of Theorem 2.1 in order to obtain
the same kind of result for the low temperature “plus phase” of the Ising model, where
the mixing condition of Definition 2.2 is no longer satisfied.

We now state a number of corollaries of the previous theorem. We first consider the
repetition of patterns.

Definition 2.3 (First repetition of the initial pattern). For every configuration o € Q
and for all n € N, we define the first repetition, denoted by r,(c), as the minimal k € N
such that there exist a vector X = (x1,...,Xq) € Z‘_{_, with 0 < x; < k and |x| > 0,
satisfying

(TXU)C,, =0c, - )

To obtain a similar result for the repetition times we have to exclude certain patterns
with “too quick repetitions”. We will make this notion precise later. The following result
is established in Subsect. 5.1.
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Theorem 2.2. For a translation-invariant Gibbs random field satisfying (3), there exist

(i) a set G, which is a union of cylinders;
(ii) strictly positive constants B, b, C, c, p,

such that for anyn > 1,
P(GS) < Be ™, ©)

and for each A, with C(A,) C Gy,

e~ (o) “lecao] <

p ,—ct
%, P(C(An)) = CPC(A)" e (7)

forallt > 0 and where X4, is given in Theorem 2.1.

Notice that the constants appearing in the previous theorems may be different. Nev-
ertheless we used the same notations for the sake of simplicity.

We denote by s (IP) the entropy of P (see the next section for the definition). The next
result (proved in Subsect. 5.2) shows how the repetition of typical patterns allows to
compute the entropy using a single “typical” configuration.

Theorem 2.3. For a translation-invariant Gibbs random field satisfying (3), there exists
€o > 0 such that for all € > €,

—elogn < log [(r,, (o))d P(C(Gcn)):l <loglogn® eventually P—almost surely.
)

In particular,
. d
lim — logr,(o) =s(P) P—as. 9
n—-oon

Note that (9) is a particular case of the result by Ornstein and Weiss in [23] where P
is only assumed to be ergodic. Under our assumptions, we get the more precise result
(8).

We now consider the occurrence of an n-pattern drawn from some ergodic random
field in the configuration drawn from a possibly different Gibbsian random field. This
is the natural d-dimensional analog of the waiting-time [26, 29].

Definition 2.4 (‘“Waiting time”). For all configurations &, 0 € Q and foralln € N, we
define the “waiting time”, denoted by w, (€, o), as the minimal k € N such that there
exist a non-negative vector X = (X1,... ,Xq) € Zﬂ’r, with 0 < x; < k and |x| > 0,
satisfying

(o)c, = éc, - (10)

Notice that w, (§,0) = tg (o). We are going to consider the situation when & is
“randomly chosen” according to an ergodic random field Q and o is “randomly chosen”
according to a non-uniformly exponentially ¢-mixing Gibbs random field P, i.e. (£, o)
is drawn with respect to the product measure Q x P. We denote by s(Q|P) the relative
entropy of Q@ with respect to IP; see Sect. 3 for the definition and a more explicit form.
We have the following result (proved in Subsect. 5.3):
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Theorem 2.4. For a translation-invariant Gibbs random field P satisfying (3), and an
ergodic random field Q, there exists €y > 0 such that for all € > €,

—elogn < log [(Wa(&, o)) P(C(éc,) | = loglogn* an

for Q x P-eventually almost every (&, o). In particular

nlingor;idlogwn(é,o) =s(@ +s@QIP) QxP—as. (12)

Statement (12) is the d-dimensional generalization of a result obtained in [7] in the
case of Bowen-Gibbs measures. Using Theorem 2.3 we can rewrite (12), for a “typical”
pair (£, o), as follows:

W, (€, 0) 2 1, (€) exp((n? /d)s (QIP)) .

(The measure Q is supposed to be Gibbsian or only ergodic if we invoke the Ornstein-
Weiss theorem alluded to above.) This gives an interpretation of relative entropy in terms
of repetition and waiting times.

We now turn to the analysis of fluctuations of occurrence and repetitions of patterns.
In the sequel, U is the interaction defining the Gibbs measure PP (see Sect. 3 below). The
following two theorems are proved in Subsect. 5.4.

Theorem 2.5. Let U be a finite range, translation-invariant interaction, and for 8 small
enough let Pg be the unique Gibbs measure with interaction BU. There exists o > 0
such that for all B < By there exists 0 = 0g such that

1 — E
08 Wn d( 0g W) — N(0,0% , asn — oo, in Pg x Pg distribution, (13)

nz2
where N (0, 92) denotes the normal law with mean zero and variance 6%, which is equal
to

d2
@(P((1 —q)BU)) |q:0~ (14)

Theorem 2.6. Let U be a finite range, translation-invariant interaction, and for 8 small
enough let Pg be the unique Gibbs measure with interaction BU. There exists o > 0
such that for all B < By there exists 0 = 0g (the same as in the previous theorem) such
that

logr, —Elogr,

d
nz

— N(0,6%), as.n — oo, inPg distribution . (15)

Remark 2.2. From the proof of the previous theorem it follows that one can replace the
measure Pg x Pg by the measure Q x Pg, where Q is any ergodic random field, and

s(Pp) by s(Q) + s(Q[Pp).

Remark 2.3. The By of Theorems 2.6 and 2.5 determines the analyticity regime of the
pressure. This is related to the regime where the high-temperature expansion is conver-
gent. The restriction to finite range interactions is here for convenience only, and can be
replaced by the requirement that the norm

Ul = Z IU(A, )l exp (a(diam(A)))

As30

is finite for some o > 0, see [27].
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We end our corollaries with large deviation estimates. In the context of Gibbs mea-
sures, it is well-known that the sequence {—nld logIP(C(o¢,)) : n € N} satisfies a large
deviation principle see e.g., [10, 22]. Here we shall apply the more specific large devia-
tion result of [24] that was already used in [9] to establish large deviations for logr, (in
dimension one).

The following theorem is proved in Subsect. 5.5.

Theorem 2.7. Let P be a translation-invariant Gibbs random field satisfying (3). Then
forall g € R the limit

1
W(g) = lim —d1og/wzd dPxP (16)
n—-oon
exists. Moreover,

Wi(q) =

{P (A= )U) + (g — DPU), forq > —1, an

PQU) —2P(U), forq < —1,

where P is the pressure defined in (30) below.

The following theorem gives the precise consequence of Theorem 2.7 for the large
deviations of log w,, provided P((1 — ¢)U) is C! for all ¢ > —1. For this we can apply
the result of [24]. The pressure function is C! for example in the Ising model. In the
case P((1 — g)U) is not differentiable everywhere on [—1, 00), the result of [24] will
give us Large Deviations for u in some bounded interval.

Theorem 2.8. Suppose U is a finite range translation-invariant interaction. Then there
exists 1 > 0 such that for B < P there exists a unique Gibbs measure Pg with
interaction BU, and for all u > 0 we have

.1 log w! .
lim — log (Pg x Pg) vy >s(Pg)+u) = 1nf1 {—(S(Pﬁ) +u)g + W(q)} ,
g>—

n—o00 n

(18)
and for all u € (0, ug), ug = |limgyy_1 W'(q) — s(Pp)|,
im L 1og (B x B) (5% < o) = inf {~(s(Pp) —wq +W(@)}
ni?gond 08 (B X Ep nd =S8 “ _q1>n—l SEp “q 1
(19)

Remark 2.4. A more general version of Theorem 2.7 can be easily deduced by following
the same lines as its proof: The measure P x P can be replaced by the measure Q x P,
where @ is any Gibbsian random field (without any mixing assumption). Of course for-
mula 17 has to be modified: Now W(g) = P(V —qU) — P(V)+qP (V) forqg > —1,
where V is the interaction of the Gibbs measure Q. Accordingly, a version of Theorem
2.8 can be obtained under a differentiability condition on V.

Remark 2.5. Under the assumption of Theorem 2.7, the sequence {r% log wn} satisfies
a Large Deviation Principle in the sense of [12] (Theorem 4.5.20 p. 157).

The following theorem derives from Theorem 2.2. Since its derivation follows ver-
batim along the lines of [9], we omit the proof.
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Theorem 2.9. Suppose U is a finite range, translation-invariant interaction. There exists
B1 > 0 be such that for B < Py there exists a unique Gibbs measure Pg with interaction
BU and there exists u > 0 such that for all u € [0, ) we have

) 1 log rﬂ
nll)néo—n—dlogIP’,g pr >s(Pp) +u ) =Z(sPp) +u), (20)
and
. 1 log r;{
,,llfr;o_,ﬁl()gpﬂ —a <s(Pp) —u ) =Z(s(Pp) —u), (21
where

Z(u) = sup (ug — P((1 —q)U) — (g — HPU)).
geR

Remark 2.6. 1t follows from the proof of Theorem 2.8 that we have the analogue theorem
for repetition times, if we condition the measure Pg on good patterns, that is, patterns
which are not “badly self-repeating”, see Lemma 5.3 below.

Remark 2.7. 1 in Theorems 2.8 and 2.9 does not necessarily coincide with the critical
inverse temperature . (below which there is a unique Gibbs measure), and is in general
strictly larger than By of Theorem 2.6 and 2.5, see [15].

3. Gibbsian Random Fields and Dobrushin Uniqueness

For the sake of convenience the present and next subsections are devoted to the notion
of Gibbsian random fields and their mixing properties. More details on this subject can
be found in [16, 17].

Definition 3.1. A translation-invariant interaction is a function
U:SxQ—R, (22)

such that the following conditions are satisfied:
1. U(A, o) depends on o (X), with X € A only.
2. Translation invariance:
UA+x,7x0)=U(A,0) VAeS,xeZ o eqQ. (23)

3. Uniform summability:

> sup [U(A,0)] < o0 (24)
A0 €8
Aninteraction U is called finite-range if there existsan R > Osuchthat U(A, o) =0
for all A € S with diam(A) > R.
The set of all such interactions is denoted by /. Mostly we will give examples of
Gibbs measures satisfying our mixing conditions with interactions U € Y. This can be
generalized easily to interactions such that

1Ulle =Y IU(A, )| exp ((diam(A)))

A30

is finite for some o > 0.
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ForU e U, ¢ € 2, A € S, we define the finite-volume Hamiltonian with boundary
condition ¢ as

Hi(0)= Y U(A,0ninc). (25)
ANA£D

Corresponding to the Hamiltonian in (25) we have the finite-volume Gibbs measures
]P’[[{’{, A € S, defined on Q2 by

f FE AP @) = Y flontae) e M@ Z5 (26)

TAEQA

where f is any continuous function and Zf\ denotes the partition function normalizing
]P’X‘{ to a probability measure. Because of the uniform summability condition, (24) the
objects Hf\ and Pf\]’g are continuous as functions of the boundary condition ¢.

For a probability measure P on €2, we denote by ]P’i the conditional probability dis-
tribution of o (x),x € A, given opc = ¢pc. Of course, this object is only defined on
a set of P-measure one. For A € §,I" € S and A C TI', we denote by Pr(ca|¢) the
conditional probability to find o inside A, given that ¢ occurs in I" \ A.

For U € U, we call P a Gibbs measure with interaction U if its conditional proba-
bilities coincide with the ones prescribed by (26), i.e., if

P, =P P—uas. AeSceq. 27)

We denote by G(U) the set of all translation invariant Gibbs measures with interaction
U.Forany U € U, G(U) is a non-empty compact convex set. In this paper we will in
fact restrict ourselves to interactions with a unique Gibbs measure.

A basic example is the ferromagnetic Ising model, where U ({x, y}, 0) = —fJo (X)
o(y)if x—y| =1, U({x},0) = —hBo(x). Here B € (0, oo) represents the inverse
temperature, J > 0 the coupling strength, and / the external magnetic field.

We turn to the mixing properties of Gibbs random fields. For an interaction U € U,
the Dobrushin matrix is given by

1 U U
Yy (U) = 5 sup [| P (@) =~ PUf (@) 1 8.6 € Q. Ly = Ezangy) - @ € A} .

The matrix y measures the dependence of changing the spin at site y on the conditional
probability at site X.

Definition 3.2. The interaction U is said to satisfy the Dobrushin uniqueness condition

if

sup Z Yay(U) < 1. (28)
XEZd yeZd

The following result is proved in [16], see also [17], Theorem 2.1.3, p. 52.

Theorem 3.1. Let U € U be a finite range interaction. Under the condition (28), there is
a unique Gibbs measure P € G(U), and this P is non-uniformly exponentially ¢-mixing,
i.e., it satisfies the mixing property (3).
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Examples for which (28) is satisfied are:

1. The so-called high-temperature region where U € U is such that

sup Y (IA|— 1) sup |U(A,0)—U(A,0")| <2. (29)

xeZ4 A>x 0,0'€Q

Inequality (29) implies the Dobrushin uniqueness condition (28) (see [16], p. 143,
Proposition 8.8). In particular, it implies that |G(U)| = 1 (i.e., no phase transition).
Note that it is independent of the “single-site part” of the interaction, i.e., of the
interactions U ({x}, o). For any finite range potential U there exists B, such that BU
satisfies (29) for all 8 < B.. For the Ising model in 72, much more is known: the
mixing property (3) holds for any g < B, (see e.g. [13]).

2. Low temperature regime for an interaction with unique ground state, e.g., the Ising
model in a homogeneous magnetic field and sufficiently large 5. See [17] Example
(2.1.5)

3. Interactions in a large external field. See [17], Example (2.1.4). For the Ising model
in two dimensions this means that the field /2 should satisfy

|h] > 4B + log(8p) .

Remark 3.1. The Dobrushin uniqueness condition is not a necessary condition for the
mixing property, Definition 2.2. More general versions, known as “Dobrushin-Shlos-
man” conditions exist, see e.g., [21] for more details on general finite size conditions
ensuring NUEM.

We now recall some basic facts on entropy and relative entropy (or Kullback-Leibler
information). We use the following shorthand to ease notation :

L= X

Cy C(Ap):Ap €Qc,
The entropy s (IP) of IP is defined as
s(B) = lim —— Z P(Cp) log P(Cp) .
Cu

The relative entropy s(Q|P) of a stationary random field QQ with respect to a Gibbsian
random field IP is
Q(Cy)

P(Ca)

s@QIP) = lim — Z@(cn)l
In terms of the interaction U of P the relative entropy is
S@P) = PO) + [ fu dQ - 5@

where

U(A,
foo) =Y LAD

e
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and P (U) is the pressure of U, which is defined as follows
1
P(U) = lim —logZc, , (30)
n—o00 n

where

Ze,= Y, exp(— Y U(A,0)

0c, €%, ACC,
is the partition function with the free boundary conditions.
Proposition 3.1. Let P be a Gibbs random field and Q be an ergodic random field. Then

1 Q)
nli)néo v log m = s(Q|P)

for Q-almost every o.

Proof. The proof is simple, but since we did not find it in the literature, we give it here
for the sake of completeness. Write

gn(0) ~ hy(0)
if
o1
lim — sup|gn(o) —hn(o)| =0.
n—-oon o
Let U be the potential of the Gibbsian field P. Then we have

log P(Cloc,) ~ — Y 7 fu(o) —log Zc, .

ieC,

Therefore, by ergodicity of Q,
1
— log P(C(oc,))
n
converges Q-a.s. to
- [ sae - rw).
By the Shannon-Mc Millan-Breiman theorem [20, 28]
1
— logQ(C(oc,))
n
converges Q-a.s. to —s(Q). Hence the difference
1
n—d(log Q(C(oc,)) —logP(C(oc,)))
converges Q-a.s. to
PU) - (s(Q — / fu dQ)

which is equal to s (Q|P) by the Gibbs variational principle, see [16]. O
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A standard property of Gibbs measures which we will use often is the following:
there exist positive constants C, ¢, C’, ¢’ such that

C e <P, <Ce (31)

for every cylinder C,, supported on C,,.

4. Proof of Theorem 2.1

To ease notation, we will write P(A) instead of P(C(A)), where A = A, is an n-pattern.

4.1. Preliminary results. In this section we prove Theorem 2.1. We follow the approach
of [1].

ForV € §,0 € Q and A = A, an n-pattern we say that “A is present in V”, and
write A < V, for the configuration o if there exists x = (x1, x2, ..., Xg) € 74 such that
W :=x+4C, C V and (1x0)w = A. By abusing notation, we will write P(A < V) for
the probability of that event.

Lemma 4.1. Let V be a finite subset of Z¢, and let A = A,, be a n-pattern. Then

P(A < V) <|V|P(A).
Proof. P(A < V) < ZP({O’ L Olxic, = A}) = ZP(A) =|V|P(A). O
xeV xeV
For every k € N define
Nio)= Y (o), = A}.
xeZ4
0<x;<k
Then the following events coincide:

{ta <k} = (N >1}. (32)

Moreover,
EN{ = (k + 1)?P(A).

Lemma 4.2 (Second moment estimate). Consider a non-uniformly exponentially ¢-
mixing Gibbsian random field. Then there exists § > O such that for everyn, k € N, and
every A > 2n one has

E(NM)? < (k + 1D?IP(A) (1 + e A + (k + DIP(A) + (k + D9np(A — 2n)> .
Proof. Define C(x, n) = x + C,,. We have to estimate the following expression:

ENG?= Y Y Pocwm = 0ca = A). (33)

xeZd  yezd
0=xi<k 0<y; <k
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We split the above double sum into the three following sums

Ilzz, L = Z I = Z

x=y X#y XAy
x—yl=A Ix—y[>A

Let us proceed with each of the sums separately. For I; one obviously has

Ii= ) PB(A)=Gk+DPQ).

xeZ4
0<x; <k

To estimate I, we use that for any Gibbsian random field there exists a constant § > 0
such that for any finite volume V, and any configuration o and 7, the conditional proba-
bility of observing o on V, given n outside of V, can be estimated as follows [16]:

P(ov [nve) = exp(=8|V]).

Therefore

L= Z Plocxn) = ocyn = A) = Z P(oconm = A|ocyn = A) P(A)

XFY XF£Y
[x—yl<A [x—yl<A

< ) P@Wexp(=8ICx.m\Cy,m)) .

X#y
[x—yl=A

To complete the estimate, it is sufficient to observe that since x # Yy, the volume of the
set C(x,n) \ C(y, n) is at least n. Hence

b < (k + D?A% exp(—8n) P(A).
Finally, using the mixing condition (3), for /3 we obtain

L= Y POcwm=ocom=A= Y (PA)+nlea-2m)P@)

X#y X#y
[x—yl>A x—y|>A

< (k+ D P(A)(P(A) + np(A — 2n)).
Combining all the estimates together we obtain the statement of the lemma. 0O

Lemma 4.3 (The parameter). There exist strictly positive constants A1, Ay such that
for any integer t with tIP(A) < 1/2, one has

logP(ty > t1/4
Alf)»Ari=——Og (ts > )§A2.
' tP(A)
Proof. Taking into account (32) and the Cauchy-Schwartz inequality we obtain

(ENP)?
E(NM?

Pta <k) = (34)
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We apply the basic inequalities
K —K

<l-—-e" <«

— ’

(35)

where the left inequality is valid for all ¥ € [0, 1], and the right inequality is true for
k > 0.Letnow k = —logP(t4 > t1/4) Then, using Lemma 4.2 and (34), we conclude

—logP(ty > t'/%) U Pita < 1/

tP(A) ~  tP(A)
1
= 14+ e 9mAd 4+ (t + DP(A) + (t + Dndp(A —2n)
1
=: Ay,

>
I1+c1+3/24¢

where we have chosen A = n9+1,

c] = Ze‘a”nd(dH) < 00, and ¢p = sup { (¢ + DnépA — 2n)} .
neN neN

We have to show that ¢; is finite. Indeed, since for a Gibbs random field P there exist
¢, C' > 0 such that

P(A) > C'exp(—c'n?)

for every n-pattern A; ¢ has been chosen such that tP(A) < 1/2, we have

1
c2 < sup {[ exp(c/nd) + 1i| ndcl exp(—Cg(n‘H'1 — 2n))} < 00,
neN 20

where we have used the mixing condition (3).
For the upper bound, we use (35) again, but first we have to check that

Kk = —logP(ty > 1'% €0, 1].

Indeed, since r < 2P(A))~!, by Lemma 4.1 we have

P(ty > tl/d) >P(tyg > ;
h @P(A))/4

B 1 P(4) 1
=1-F (”‘ = (2P(A>)1/d> =T B@) 2

Hence, « < log(2) < 1, therefore x < 2(1 — e™*), which means
—logP(ty > t'/9) < 2P(t4 <9 <2t P(A) < 1,

where we have used Lemma 4.1 for the second inequality. Hence, we can choose Ay = 2.
This finishes the proof. O
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For positive numbers x4, , y4, depending on the n-pattern A, we write x4, ~ ya, if

n’

XA

lim — =1.
n—o0o yAn

For a positive integer 4 we set C(t4) = [0, 419N 74 Forasubset V C Z9 let A AV
be the event that the n-pattern A cannot be found in V. (See above for the definition of
A<V)

The following lemma is crucial and gives the factorization property of the exponential
distribution, i.e., the fact that asymptotically

P(ta, > (t +5)/P(An) ~ P(ta, > t/P(An)P(ta, > s/P(An)),

where the accuracy of the approximation marked ~ is spelled out in detail. The idea
is that the event of non-occurrence of the pattern in a cube of size O(1/P(A,)) can be
viewed as the non-occurrence of the pattern in many sub-cubes of volume k;,, where
n? << k, << 1/P(A,). These sub-cubes will be separated by corridors of width A,
where A is such that the pattern occurs with very small probability in the corridor, and
on the other hand the mixing can be used to decouple the events of non-occurrence in
different sub-cubes.

Our choice for the volume of the sub-cubes will be k,, = O (P(A,)~?), with6 € (0, 1)
and the corridors will have width A, = O (n") with r big enough for the mixing to work
well.

This explains the choices in the statement of the following lemma.

Lemma 4.4 (Iteration Lemma). Let A = A,, be a n-pattern and t4 be such that tj =
[P(A)~"], where [-] denotes the integer part, and v € (0, 1). Fori =1, ...k, let Ci(ta)
denote any collection of k disjoints cubes of the form x; + C(ta). Then, for n large
enough, there exists § € (0, 1), which depends only on the measure P, such that the
following inequality holds for all k:

k

k
‘P (A *Uc (m) —P (A A Cta)!| = k(@A) (P (A £ C(ta)) + P(4)")

i=1
(36)
where n = (1 — v (d — 1)/d) (1 = §).

Proof. We will prove that

k
P (A 4 Ua-m) <P (A ACaN +PA) k (P(A £ Cta) +P(A)) .
i=1

(37)

The inequality

k
P (A < (m)) > P (A A Cta)k —P(A) k (P(A £ C(ta)) + P(A)")"

i=1

is derived analogously.
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For any positive integer z, we write z = (z, ..., z) € Z. We denote by C(ta) the
cube x; +z + C(t4 — 2z) and by C*(t4) the cube C(#4 — 2z). For any positive integer
A < 2t4, we consider the difference

k k
P (A A Ucm)) -P (A £cranul c,-(m)‘

i=1 i=2

k
=P ((A ACP(ta)U U Ci(ta)) N (A < Cl(tA)\ClA(fA))>

=2
k
<P ((A £l an) n(a<a (m)\CﬁuA))) :
i=1

Iterating the mixing property (2) and using Lemma 4.1, we bound the last term by

2d A4 P(A) (}P’ (A y CZA(zA)) T+ o(A) [C(t)] )k .

On the other hand

P4 #CPanu LkJ Ciltn) =P (A £ CP () P(4 £ LkJ Citen)|
i=2

i=2
k
< @A) |CP ()| P (A #Ja (m))
i=2
d A k—1
< e(A)ty (P(A A CR(10) +9(A) [Cta)l ) .

Put J
€1 =€1(A, 14, A) = p(A) ty,

& = (A, 14, A) = 2d A3 'P(A),
€ =C(e1 +€2),

where C is a positive constant to be defined later on. Put also

k
ap—j =P AA U Ci(ta) |,

i=j+1

k
a_; =PlAA U ciaa
i=j+1
We obtain the recursion
o < (1 + )@t + ) +afoyy .
which upon iteration leads to
)k—l lA)k

a < (61 +e) k@ +e) ! + (a
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We choose C such that, a%A + €1 < aj + €, so we have

ar < €k (] +OF 1 + (a1 + K.
Now we use the following simple inequality: for 0 < x < y < 1 and N any positive
integer

N

W=V = =)@V N2y V) < =NV

to obtain

ap —ak <2ek @ +e) N <dek (@ +et. (38)
Choose A = n9tl. Since tfi ~ P(A)~? for some ¢ € (0, 1), and since we have
exponential ¢-mixing (3) we obtain for the “error terms” €1, €3:

€1 ~ e—clnd“eczﬁnd

€ ~ 2dn® ' P(A) T P(A).

’

This yields

‘< ]P(A)(l—ﬁ%)(l—é)’

which together with (38) implies (37). O

4.2. Proof of Theorem 2.1. Lett > 0, and put t = kf4 + r, where f4 = [1/(P(A))"]
(y € (0,1), [] denotes integer part), k is an integer and r < f4. Put t;‘ = k[ fal,
ty = (k+ 1)[ fa]. Without loss of generality we assume that the size n of a n-pattern A
is sufficiently large, so falP(A) ~ P(A)!=7 < 1/2. We recall that for n-patterns, Gibbs
fields admit uniform estimates P(A) < exp(—cnd) for some ¢ > 0. Now, recall from
Lemma 4.3 that

_logP(ta > (f)')

A € [A1, A2] (39)
falP(A)
for some positive constants A1, A;. We also define
5 _log(Plta > (f)') + P(4)
A=— .

faP(A)

It is not difficult to see that A A € [A1/2, Aj], for n large enough.
Since t, <t < t;, one obviously has

Pty > 11/9) — exp(—AaP(A) 1) = P(ta > (1)) — exp(—=raP(A) 1)),
and

Pty > t1/9) — exp(—2aP(A)1) < P(ta > (1)) — exp(—1aP(A) 1).
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Now,

IP(ta > (t))") — exp(—2aP(A))] < [P(ta > (t))"9) —P(ta > (f0)/9)K|
+IP(ts > (fa)79)* —exp(—raP(A) 1)
+lexp(—=raP(A) ) — exp(—raP(A) £})].

By Lemma 4.4,

[P(ta > (1)) = P(ta > (f0)'/"]
< Bk (Bita > (0" + B )
=P(A)" 174  P(A) exp(—AaP(A) 1))
<P(A)Y 1=/ P(A) exp(—C1P(A) 1).

By the choice of A4 (39), and since t;‘ =kfa,

P(ta > (fa)'/)" = exp(—2akfaP(A)) = exp(—ratj P(A)).
Finally,
|exp(=AalP(A) 1)) — exp(=AaP(A) 1))| < Aa P(A)(r) — 1) exp(—raP(A) 1)
< A2 P(A) faexp(=A1P(A) 1))
< C P(A)' 77 exp(—C3P(A) 1).
The lower estimate is obtained in a similar way. This finishes the proof.

Remark 4.1. Notice that in the iteration lemma it is not used that A, is a pattern. There-
fore, this lemma can be generalized to arbitrary measurable events E, € fckn, where
k, << 1/P(E,). The second moment estimate however uses that A, is a pattern. There-
fore Theorem 2.1 can be generalized as follows. Let E, € F¢, , where |Cy, | = O (n%),

and P(E,) = O (e_C”d). Suppose furthermore that

. P(E, N6, Ey)
1 _ , 40
msup D, < 0

0<|x|<n%

then (4) holds for the occurrence time tg,. Condition (40) takes care of the second
moment estimate.

5. Proof of the Other Theorems

5.1. Proof of Theorem 2.2. We start with a lemma on “badly self-repeating” patterns.

Definition 5.1. A pattern A, is called badly self-repeating if there exists x, 0 < [x]| <
n/2, such that

C(A,) NC(A,) # 2.

Correspondingly, a cylinder is called bad if it is of the form C(A,) with A, badly
self-repeating. The union of bad n-cylinders is denoted by B,.
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Lemma 5.1 (Conditioning on the initial pattern). Ler A = A, be a “good” pattern,
that is, not a badly self-repeating pattern. Let t4 be such that tg ~ P(A)~?, where
v € (0, 1). Then there exist positive constants by, by such that for all integers n > 1,
one has

[P (A ACUa\Cy | A< Cp) =P (A ACta))| <bre ™"

Proof. We first observe that for any pattern A and any positive integer A such that
n+ A < ty, we have

P(A £ C(ta)\Cria)) —P (A £ C(ta))
=P (A < Cpra) < (n+ A P(A),

where we used Lemma 4.1 to get the inequality. For the sake of convenience, “A is good”
stands for Vx € Z4 such that 0 < |x| < n/2, wehave (1x0)c, # A forevery o € C(A).
Now we use that A is good to obtain

P (A £ C(ta)\Cnsa, Ais good | A < Cy)
—P(A A C(ta)\Cy, Ais good | A < cn>

=P(3Ix,n/2 <|x| <n+A : oc,ixc, = Py | A< Cy), 41)

where PY is a fixed pattern depending only on A = A, and x. Using the Gibbs property
we obtain

@) <+ 87" sup supP(oc,+x\c, = PY | nc, = A)}
X|>n/2 1

<+ M) sup exp(—c |Cp+x\Cy|)
[X|>n/2

< (n+ A exp(—c'n?),

where ¢, ¢’ are positive constants. We now use the mixing property (2) to get, for any
good pattern A :

P (A A CUa\Cuta | A< Cn) =P (A £ CUa)\Crya)| < ICUta)] 9(A).
Putting together the above estimates, with the choice A = n¢*! and using (3), yields
[P(A A CU\Ca | A < Cu) =P (A A C(ta)]
< (n+ndthHyd e n +C o p=Cant! + (n+n?tH P(A).
This gives the desired result. O

We also need the following lemma.

Lemma 5.2 (Iteration Lemma for pattern repetitions). Let 14 be such that tff ~
P(A)~?, where ® € (0, 1). Fori = 2, ...k, let C;(t4) denote any collection of k dis-
Jjoint cubes of the form X; + C(t4). Assume also that C1(t4) = X1+ C(t4)\{0} is disjoint
from Ci(ty), i =2, ...,k Then we have the following inequality for all k:

k
i (A #UJcien 14 < cn> ~P(A £ Ca)*

i=1
< Crexp{—Can?} (P(A £ C(ta)) + Cyexp{—Can}h)¥.
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Proof. Proceeding as in the proof of Lemma 4.4 we have:

k
P ((A <conA£Jc (tA)))

i=1

—P((A < C)NA A CUANC) P (A £ Clta)* " |

1-9 1-9 k
=P (P(A 4 Cta) +P()' 7).
On the other hand, Lemma 5.1 tells us that

P(A 74 C(tA)\CnlA < Cn) — ]P)(A % C(fA))‘ < bl e—bznd )

The proof of (7) in Theorem 2.2 is now the same as that of Theorem 2.1. It remains
to prove (6):

Lemma 5.3 (Probability of badly self-repeating patterns). There exist ¢, C > 0 such
that

P(B,) < Be"" . (42)

Proof. Put C;," =C,N(C, +x)and C,;" = C, N (C, — x) . By definition of B,,, we
have the inequality:

P(B,) <P (3x LX< /20 00k = acn_(x)) . (43)

Define the event Ex = {o : Ocrx) = Ocr (X)}. If o € Ex, then there exist disjoint

sets S;7(x) and S, (x) such that o5t

) = 055 and [SF )], [, ()] > sn? for some
positive 8. Therefore, we have

(x

P(Ex) =P (C’Sﬂx) = "S;(x))

= sup [IP ("Sﬂx) =105t e = 5) € Qg § € Q(s,nx))‘]
< exp(—c'n?), (44)

where in the last inequality we used the Gibbs property (31). Finally,

P(B) < Y. P(Ey) <Be™™. (45)

x:|x|<n/2
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5.2. Proof of Theorem 2.3. We start by showing the following summable upper-bound
to

Plo : log(r,(0) P(C(oc,))) > logt}

< Y PG Plo :log(r,(0)P(C) = logt | Cal + Y P(Cy).
C'leBlCi CHEBn

From Theorem 2.2 and Lemma 5.3 we get for all ¢ > 0,
P{o : log(rn(a)d]P(C(gCn))) > logt} < (C/efc’nd LMty 4 Ce—""

Take t = t,, = log(n€), € > A_l, to get

Plo : log(r(0)P(C(oc,))) = loglog(n®)} < C'e™"" + HLA + e
An application of the Borel-Cantelli lemma leads to
log [(r,, (a))dIP’(C(acn))] <loglog(n®) eventually a.s.
For the lower bound first observe that Theorem 2.2 gives, for all ¢ > 0,
Plo :log(ra(0)P(Cloc,)) < logt} < C'e™™ + (1 — exp(—Aat) + Ce™ " .
Choose t =1, = n~¢, € > 1, to get, proceeding as before,

log [(rn (a))dIP’(C(acn))] > —elogn eventually a.s.

Finally, let g = max(Al_l, 1).

5.3. Proof of Theorem 2.4. We first show that the strong approximation formula (8)
holds with w,, in place of r,, with respect to the measure Q x P. We have the following

identity:
; 1/d
/d@(é) Poite, (0) > (Wgc)))

; 1/d
= (@QxP) {(s,a) Wa(§,0) > (Wgc») }

This shows immediately that Theorem 2.1 is valid with w,, (§, o) in place of tg, (o) and
Q x P in place of P, hence so is Theorem 2.3. Therefore for ¢ large enough, we obtain

—clogn < log| (W, (£, 0))'P(C(éc,)) | < loglogn* (46)

for Q x P-eventually almost every (&, o). Write
Q(C(c,))
P(Cc,))

and use (46). After division by n“, we obtain (12) since lim,_, o ,,Ld logQ(C(oc,)) =

—5(Q), Q-as. by the Shannon-Mc Millan-Breiman theorem and lim,_ o ,,Ld

C .
log ‘%(‘C(‘gg:;)) = 5(Q[P), Q-a.s. (Prop. 3.1 in Sect. 3).

log [ (wa(¢, 0)'P(C(oc,)) | = dlog w (&, @) + log QCléc,)) — log
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5.4. Proof of Theorem 2.6 and Theorem 2.5. We use the strong approximation formula
(8) from Theorem 2.3 to get

dlogr, (o) +logPg(C(oc,))
d
nz2

— 0 whenn — oo, for Pg —almostallo . (47)

Therefore, it suffices to see that in the high-temperature regime we have a central limit
theorem for {—nid log Pg(C(oc,))}. By a standard argument presented below (51), one
has

n—oo

1
lim n—dlog/]P’ﬁ(C(écn))_q dP(E) = P((1 —q)BU) + (¢ — DP(BU),  (48)

for all g € [0, 00). There exists 81 > 0 such that for |z| < B; the maps z — P (zU) and
1
Yz lim —dlogf]P’lg((?(’g‘cn))_Z dP(&)
n—oon

are analytic see e.g. [27], and [13]. Therefore, if |(g — 1)|8 < Bi, the map q¢ +—
P((1—¢q)BU) + (g — 1) P(BU) is analytic, and equality holds for all ¢ € C.
By Bryc’s theorem [6], this implies the CLT for {—nid log Pg(C(oc,))} with variance

62 given by

d2
0% = a2 P —pU) ly=o- (49)

The proof of Theorem 2.5 is the same once we observe that

dlogwy (o) +1logPg(C(éc,))
d
n2

for Pg x Pg — almost all (§, o) (50)

— 0 whenn — o0,

by using (46).

5.5. Proof of Theorem 2.7. Recall that for any Gibbs measure

—logP(oc,) ~ Y _ 7 fu(o) +log Zc,.

ieCy
and hence we have the identity
.1 _
lim —log Y P(C)' ™7 = P((1 = )U) — (1 = ) PU). (s1)
n—-oo n

Cn

In the sequel, we are going to show that

fwzddP x P~y PC)', (52)
c’l
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forg > —1, and
/ded]P’ x P~y PCr)?, (53)
Cn

for ¢ < —1. Here a, =~ b, means that max{a, /by, b, /a,} is bounded from above.
Clearly (52) and (53) imply (17).
Let g > 0. Then

/ wildP x P = Y P(Cy) / ti (0)dP(o) (54)
Cn

o t
=q)» PC )l—q/ tq_l]P’{td > }dt. (55)
; " P(C,) Cn = P(Cp)
By Theorem 2.1, there exist positive constants A, B such that for any ¢ > 0 one has

} < Ae B,

t
P{t4
{ G = By

Theorem 2.1 also easily gives the lower bound :

o t
=P {td > }dt > K’ — Cexp(—cn) K",
/p@,,) R (A

where 0 < K" := [“197 1 e™M" dt < coand 0 < K" := [; 1971 e7M1" dt < oo.

For n large enough, K’ — C exp(—cn) K" is strictly positive. Therefore we obtain

Ki Y PG 0 = [ witap <P < Ky YRG!,
Cy Cn

where
o0
Ki:=q (K' — Cexp(—cng) K"y, Kj:= qA/ 9 e B gy,
0

This establishes (51) for ¢ > 0. The case g = 0 is trivial.
Letnow g € (—1,0).

f w, M dP x P =3 P(Cy) / t;"(0) dP(0) (56)
Cl'l
1
- ZIP’(C,,)/ P{tg"”d > t}dt (57)
Cr 0 '

[e.¢]

—lal Y BC) ! [
Ca F

The last integral is bounded from above by the integral where P(C,) is replaced by
1 in the integration domain. From Theorem 2.1, we get the following lower bound, for
every t > 0:

t
=l p {tg < }d;. (58)

) T P(Cy)

t "
Pl < >1—e M _C'PC,)P e .
{C"—P(cn)}‘ ¢ (Cn)e
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The number
o0 "
K| :=1q| / flal=1 (1 — e M _ C'P(C)PeC ’) dt
1
is finite and strictly positive for n large enough.

Now, putting O instead of P(C,,) gives an upper bound to the integral upon condider-
ation. We use Lemma 4.3 to get immediately

t
pltd < }sl—e_Azt,
{ Cn = P(Cp)

provided that ¢t < % We have

* g1 p [ t
~lgl-1 p
/0 ! {tcn = IP(c,»}dt

1

</2t‘|‘”‘IIP>{td ! }dt+foot"‘”‘ldt
= Jo G = P(Cy) 1

2
A, 21-lal - o—lal
<
1 —1ql g1

A

= K; <0o0.
Hence, we conclude that for n large enough,

K|S Rl < /w;\q\ddp <P < Ig| K5 T BC)H
c, 3

Therefore we obtain (52) for g € (—1, 0).
Finally, let us consider the remaining case ¢ < —1. Then for sufficiently large n
(such that P(C,,) < 1/2) one has

/w;'q'”’dP x P =lq] ) PCy)" ! /
c. P(Cn)

% 00 t
- PC,) 1! / +f t_q_IIP’{td }dt
|q|; [ PCy /i ] = P(Ca)

=1g1 Y _PC)'"T [ 1(n.Co) + (1. C) 1.
C}l

o0

—lgql-1 d !
t Pits < dt
{ € = P(cn)}

IA

Clearly the second integral I>(n, C,) is uniformly bounded in #. Indeed,

e |
L(n,Cy) < /1 T dt < +o0.
2

However, the first integral I;(n, C,) is diverging in the limit n — oo. Therefore the
limiting behavior as n — oo is determined by

1

2 t
g1 Y PCH (1, Cp) = 1g1 Y P(Cy) T / r—l—'q'P{td < }dt
12 1 12 R ¢ =BG
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We again use Lemma 4.3 to get

1—e‘A1’§P{t§n§P(2)}§1—e"‘ﬂ,
n

provided that r < % Hence, using the Gibbs property (31), we have

1
2

Ar(1 —2lal=1¢7 —c'n4
Ii(n,Cy) < Az/ 174 dr < 2( e’ ) P(C,) 11,

P(Cy) lgl —1

where we used the fact that for all «k € R, 1 — ™ < k. Notice that for n large enough,
the term between parentheses is strictly positive. Now, using the factthat 1 —e™ > « /2
for any k € [0, 1], and remembering that A1/2 < 1 (]), and using again the Gibbs
property (31), we obtain

Aq(1 = 2al=1ce—enty
2(lgl — 1)

where the term between parentheses is strictly positive provided that » is sufficiently
large. Therefore, for n large enough, we end up with

Ii(n,Cy) > P(C,) 411,

lg| A1 (1—2d1=1Cemeny

Y Py < /w;lqlddIP’ x P
Cs

2(Iq1 = 1)
 ad
2lq|Ax(1 214171 Ce=™)
< P Y PEC
q c,
(Notice that L’Hopital’s rule shows that there is no problem at g = —1.) Thus, we obtain

(53), which finishes the proof.
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