Paulo Eduardo Oliveira

Asymptotics for ”
~ Associated Random
- Variables

@ Springer



Asymptotics for Associated Random Variables



Paulo Eduardo Oliveira

Asymptotics for
Associated Random
Variables

@ Springer



Paulo Eduardo Oliveira

Department of Mathematics, CMUC
University of Coimbra

Coimbra, Portugal

ISBN 978-3-642-25531-1 e-ISBN 978-3-642-25532-8
DOI 10.1007/978-3-642-25532-8
Springer Heidelberg Dordrecht London New York

Library of Congress Control Number: 2011945842

© Springer-Verlag Berlin Heidelberg 2012

This work is subject to copyright. All rights are reserved, whether the whole or part of the material is
concerned, specifically the rights of translation, reprinting, reuse of illustrations, recitation, broadcasting,
reproduction on microfilm or in any other way, and storage in data banks. Duplication of this publication
or parts thereof is permitted only under the provisions of the German Copyright Law of September 9,
1965, in its current version, and permission for use must always be obtained from Springer. Violations
are liable to prosecution under the German Copyright Law.

The use of general descriptive names, registered names, trademarks, etc. in this publication does not
imply, even in the absence of a specific statement, that such names are exempt from the relevant protective
laws and regulations and therefore free for general use.

Printed on acid-free paper

Springer is part of Springer Science+Business Media (www.springer.com)


http://www.springer.com
http://www.springer.com/mycopy

To Jilia, Sofia and Raiil for their patience. . .

To Fernanda and Graciano who started off ev-
erything. ..



Preface

The control of dependence between random variables has always been an object of
interest and concern to probabilists and statisticians. Several ways to control this
dependence have been introduced, and this book concerns the notion of association
of random variables. Association and some other positive dependence notions were
introduced in the mid 1960s. The interest on these dependence notions came from
models where monotone transformations were concerned. Association and gener-
ally positive dependence received little attention of the probabilistic and statistics
community, but the interest increased in more recent years. Therefore, a rather com-
plete body of theory was constructed covering the traditional probabilistic topics
and, eventually, studying statistics based on dependent samples. Although this in-
creased interest, characterizations and results remained essentially scattered in the
literature published in different journals. So, it was time to bring together the bulk
of these results, presenting the theory in a unified way, explaining relations and im-
plications of the results. Such a challenge may be taken in, at least, two directions:
either going to the more subtle and at the peak of the wave results or introducing
the notions from a more elementary approach. In this book this later choice is taken.
In this way, the attention of the reader will not be diverted from the essential point,
which is the peculiarities of positive dependence and the way to get around the dif-
ficulties due this dependence structure. This does not mean that advanced or recent
results are not included. On the contrary, the text is organized in a manner such that,
starting from this elementary approach, and progression is made towards recent re-
sults on the asymptotics of sequences of associated random variables. This book
is addressed to researchers in probability and statistics, with a special concern on
people interested in kernel estimation methods. It will also be of interest to graduate
students in those areas. The book could also be used as a reference on association
on a course covering dependent variables and their asymptotics.

After presenting the notion of association of random variables, together with a
few variations on this definition, an account of inequalities hold for this dependence
structure is given. Many of these inequalities are extended versions of counterparts
that are well known for independent random variables, while others are really spe-
cific to this dependence. Most of these inequalities were developed as a means to
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viii Preface

prove or characterize extension of the classical results to associated variables. These
inequalities are presented as a chapter in order to have most of the basic tools avail-
able once and for all. The role that the covariance structure plays while control-
ling asymptotic results for associated random variables will become more explicit.
Again, throwing these into a separate chapter would contribute to leave the con-
centration of the reader directed in the appropriate direction when dealing with the
proofs of the later results. With these tools in hand, the text concentrates on the
convergence, almost sure or in distribution, and for this later with a special interest
on functional results, of sequences of associated random variables. At each of these
chapters we include a reference to the asymptotics of kernel estimators based on
associated samples.

Writing this book comes a result of work developed through many years during
which I had the opportunity to discuss and collaborate with a few colleagues. From
these, I would like to leave a special acknowledgement to Pierre Jacob and Charles
Suquet for the collaboration, many discussions and friendship throughout the years.
Finally, I wish to express my gratitude to my colleague Carlos Tenreiro who helped
improving an earlier version of this text.

Coimbra, Portugal Paulo Eduardo Oliveira
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Chapter 1
Positive Dependence

Abstract This is an introductory chapter where the notions of positive dependence,
with a particular interest in association, will be introduced. A few useful alternative
characterizations of association will be studied. Basic properties are proved showing
that, although some vagueness in its definition, association is reach enough to be an
interesting structure. We include examples and applications that are illustrative of
the scope and usefulness of this dependence notion. Association is natively a depen-
dence structure on random variables, so we will discuss its extension to some more
abstract spaces, highlighting the connections with the order structure of the under-
lying space. The chapter is concluded with a reference to other types of positive
dependence and their relations. A brief discussion on negative dependence notions
concludes the chapter.

1.1 Introduction

Some ideas of what is now known as positive dependence were explored in the liter-
ature for particular and relevant examples, without explicit referral to any particular
dependence structure. As an example, statistical procedures were used involving
pairs of dependent random variables trying to detect if large values of one variable
tend to be associated with large values of the other variable, as is the case for the
classical tests based on correlation ranks, or Kendall’s ¢-statistic, as discussed for
example in Hoeffding [46], Lehmann [57] or Blum, Kiefer and Rosenblatt [18].
Most of such procedures explore implicitly some notion of positive dependence,
meaning with this that some kind of measuring if large values of one variable tend
to be associated to large values of another variable, or, to put it in a different way,
if random variables tend to increase or decrease simultaneously. This was explicitly
noticed by Lehmann [58], who was the first reference to attempt a formalization
of these kind of dependence notions and to explore a few of its properties, trying
to extend the scope of applicability of the behaviour of the above-mentioned tests
beyond the particular distributions considered. Lehmann [58] was essentially inter-
ested in the distribution of pairs of random variables and introduced a dependence
notion well adapted for this framework, noticing immediately some consequences
about the covariance between the random variables. So, it was only natural that
positive dependence notions appeared in a bivariate context. Later, this idea was
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extended to multivariate distributions by Esary, Proschan and Walkup [36] to the
notion of association. This new dependence structure showed to have more inter-
esting properties and application scope still broad enough to attract the interest of
probabilists and, somewhat later, of statisticians. The main ideas behind these posi-
tive dependence notions is the global tendency for increasingness or decreasingness
of the family of random variables and the fact that approximation to independence
is completely characterized by the covariance structure. As it will be proved later,
association appears naturally in models that rely on monotone transformations, such
us reliability and survival analysis, thus contributing for the interest in applications
of these models and results derived. Most of the early results and applications where
in this direction, as is described in Barlow and Proschan [5], one of the few refer-
ences to explore in a more systematic way the positive dependence notions in the
decade that followed the contributions by Lehmann [58] and Esary, Proschan and
Walkup [36]. In the meanwhile, this dependence concept received some attention in
statistical mechanics and percolation theory, being known as the FKG inequalities
following the contribution by Fortuin, Kasteleyn and Ginibre [40]. Here the motiva-
tion for the interest in this kind of dependence appeared from properties satisfied by
the Hamiltonian describing the interaction between two bodies in Ising ferromagnet
spin models. The flow of literature eventually increased constructing a full body of
results, either with a probabilistic flavour or with a more statistical application in
mind.

Some other positive dependence notions were considered trying to respond to
specific difficulties, or to extend the scope of applicability of some of the results or
even trying to characterize independence from the covariances of the random vari-
ables. A few notions remained concentrated on bivariate distributions, while many
others tried to deal with multivariate distributions, extending the more relevant prop-
erties. Contributions made by Block, Savits and Shaked [17], Joag-Dev [53] and
Joag-Dev and Proschan [54] are examples of developments in this direction. Even-
tually some approaches using a more general framework appeared, trying to under-
stand more deeply what these dependence structures really mean. Shaked [92, 93]
tried to build a general approach to positive dependence notions, while Lindqvist
[60] extended the approach to abstract space-valued random variables, highlight-
ing the role of the order structure of the base space. Another direction of develop-
ment reversed the direction of the inequalities, thus defining negative dependence
notions. At first sight this seems to define an easier framework, as almost all the
bounds known for independent variables still hold for negative dependence. Never-
theless, many of the asymptotic results do not follow directly from the independent
case, so there was room for developing some theory. We will introduce and study a
few results on this direction, but for the development of the asymptotic theory, we
will remain concentrated in positive dependence notions. Many of the approaches
and methodologies to be used throughout this text can be easily adapted to obtain
characterizations about negatively dependent variables. Of course, in this later case
one should expect to find better inequalities that, in a sense, would make proofs
somewhat easier to carry. Another recent direction of extension emerged in more
recent years, starting from Doukhan and Louhichi [34]. This was a consequence
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of some inequalities proved in the meanwhile for associated random variables that
showed the importance of covariances in the characterization of independence. We
chose not to include these later developments in this text, although these weak forms
of dependence show a sufficiently rich structure allowing one to prove quite a few
asymptotic results.

1.2 Basic Definitions and Examples

This section introduces the basic notions of positive dependence to be explored
throughout this text and establishes a few of the fundamental properties. Before
embarking in the main subject, we introduce some really basic notation that will be
used throughout this text. We begin with the simplest kind of positive dependence,
introduced by Lehmann [58].

Definition 1.1 Two random variables X and Y are said to be positively quadrant
dependent (PQD) if, for all x, y € R,

Hx,y)=PX>x,Y>y)—P(X>x)P(Y >y)>0.

In order to rewrite H (x, y) in a convenient way, we denote, as usual, by 14 the
indicator function of a set A, that is, the function such that [4(x) =1 if x € A
and [4(x) =0 if x ¢ A. This will help us on rewriting H (x, y) using distribution
functions:

Hx,y)=PX>x,Y>y)—P(X >x)P(Y > y)
= COV(H(x,+oo) (X), H(y,+cx>)(Y))
= Cov(l —Tix, 400y (X), 1 — ]I(y)Jroo)(Y))
= CoV(I(—00,x1(X), L(=00,y1(Y))
=PX=x,Y<y)-PX=x)PY <y). (1.1)

Example 1.2 Let X and Y be jointly distributed as P(X =0,Y =0) = p;, P(X =0,
Y=1D=p, PX=1,Y=0)=p3and P(X =1,Y = 1) = p4, where p; + p2 +
p3 + ps = 1. Using the representation of H with distribution functions, it is easily
seen that X and Y are PQD if and only if P(X <0,Y <0) - P(X <O)P(Y <0) =
p1—(p1+ p2)(p1+ p3) = p1ps — pap3 = 0.

To describe the next example, let us introduce some notation:
1. Given xq,...,x,; € R, denote x| V --- V x,, = max(xy, ..., Xp).
2. Given x1,...,x, € R, denote x; A --- A x, = min(xy, ..., X,).
Example 1.3 Let T1, T, T3 be independent random variables with common distri-
bution function F and define X =T} v T>, Y = T, Vv T3. Then,
PX<x,Y<y))=FxX)FW)F(x AY), PX<x)=PY <x)= F2(x),
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and, for every x, y € R,
H(x,y) = F)F(F(x Ay) = FA () F(y)
= F)FF(x Ay)(1 = F(x v y)) 20,
Thus, the random variables X and Y are PQD.
The following result expresses the covariance between two random variables us-

ing H(x, y) and provides one of the key links towards the extension of this depen-
dence notion.

Theorem 1.4 (Hoeffding formula) Let X and Y be square-integrable random vari-
ables. Then

Cov(X,Y) = / H(x,y)dxdy. (1.2)
RZ

Proof Let (X1, Y1) and (X3, Y>) be independent random vectors with the same dis-
tribution as (X, Y). Then, by simple computation,

E(X1Y1) —E(XDET)

1
= EE((XI — X2)(Y1 — 12))
1
=3 (fz(ﬂ(oo,xl](X) —T—o0.5,1(0)) (T—00,111(Y) = I(—00,1,1(1)) dx dY>~
R
As the random variables are assumed to be square integrable, we can use Fubini’s
theorem to interchange the expectation with the integration above, to find

E(X1Y1) —E(X1)E(Y))

1
= 2 /RZ E(]I(*OO»Xl](x)ﬂ(foo,yl]()’)) - E(]I(foo,xl](X)]I(foo,yz](y))
— E(I (=00, X21 () (=00, 111(1) + E(L(=00,%,1 () (—00,1,1 () dx dy

:/ PX>x,Y>y)—P(X>x)P(Y >y)dxdy. Il
R2

The following result on covariances is now obvious.
Corollary 1.5 Let X and Y be PQD random variables. Then Cov(X,Y) > 0.

It is also evident that, for PQD variables, their covariance completely character-
izes independence.

Corollary 1.6 Let X and Y be PQD random variables. X and Y are independent if
and only if Cov(X,Y) =0.

The following important example, as it gives a complete characterization for
Gaussian random vectors, is now a simple consequence of the above results.
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Example 1.7 Let (X, Y) be a random vector with bivariate normal distribution with
correlation p. If X and Y are PQD, then Cov(X,Y) = p(Var(X) Var(¥))'/2 > 0,
that is, p > 0. The converse is also true but requires a more elaborate argument and
is deferred to Theorem 1.35, where a stronger result is proved.

The following results show how we can proceed to construct pairs of variables
that are PQD. The complete argument uses Corollary 1.5 in two steps.

Proposition 1.8 Let (X1, Y1), ..., (X, Yyn) be independent pairs of random vari-
ables such that, for each i = 1,...,n, X; and Y; are PQD. Let f,g:R" — R
be such that, for each i = 1,...,n, when considered as functions of the ith co-
ordinate alone, they are both nondecreasing or both nonincreasing, and let X =
fX1,...,X)andY =g(Y1,...,Yy). Then Cov(X,Y) > 0.

Proof We proceed by induction on n. The case n = 1 is immediate: assuming f and
g to be nondecreasing, we have

Hx,y))=P(X<x,Y<y)-PX =<x)P(Y <y)
=PXi=f ), Y1=2¢()-P(X1 = f@)P(Y1 =g~ (),

where f< and g are the generalized inverses of f and g, respectively (see Ap-
pendix C, page 181). Thus, H(x, y) > 0, so the variables X and Y are PQD, and
from Corollary 1.5 it follows that Cov(X, Y) > 0. Assume now that the proposition
is true for n — 1 variables and define

f*(x27'-'7-xn):Ef(Xlsx29"'9xﬂ) and g*(x21-"sxn):Eg(Ylv-XZs-'-sxn)'

These functions of n — 1 variables share the monotonicity properties in each of the

variables x7, ..., x, as the functions f and g. Thus, by the induction hypothesis, the
covariance with respect to the distributions of (X3, ¥>), ..., (X, ¥;;) is nonnegative,
that is,

COV(xy.Y2)ros (X Yo) (F (X2, oo, Xi), 85 (Y2, ..., Yi)) = 0,

to emphasize the distributions with respect to which we are integrating. Now, taking
into account the independence of (X1, Yy) from (X», Y2), ..., (X,, Y,), we may
write, using the same indexing for expectation as done for the covariances,
Covixy, v, (X, 1) (X, Y)
=Ex; 7). 6,00 (XY) = Exy v, 6,70 (OEX 7). 6,700 (V)
=Ex, rpEx,.v)....(x,.v,) (XY)
— B0 (Bxa 1), (X Y) OB (0.1 o (X Y (V)
+Exv) (B, 1) (0. Y) (DB, 1), (X, 1) (V)
— Ex,.1) (Bxa. 1) (X ) OB, 1) (B2, 1) o (. Ya) (V)
=Ex,.1) (CoVixy 1), (X, 1) (X, 1))
+ Covix,.v) (Bxa.¥2), e (X Ya) (XD B2, 1), (X ¥) (V)
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Now, from the induction hypothesis, the first term on the right is nonnegative. For
the second, both E(x, v,),....(x,,v,)(X) and E(x,.v),....(x,.v,)(Y) are nondecreasing
functions of (X1, Y1), and so, as for the case n = 1, they are PQD, and their covari-
ance is also nonnegative. U

We can now complete the second step proving that the construction on the previ-
ous proposition produces PQD variables.

Theorem 1.9 Let (X1,Y1),...,(X,,Y,) be independent pairs of random variables
such that, for each i = 1,...,n, X; and Y; are POD. Let f, g:R" — R be such
that, for eachi =1, ..., n, when considered as functions of the ith coordinate alone,
they are both nondecreasing or both nonincreasing, and let X = f (X1, ..., X,) and
Y=g¢g1,...,Y,). Then X and Y are PQD.

Proof For all x,y € R, let X* =1(_oo (X) and Y* = [(_,,)(¥). The transfor-
mations used to construct X* and Y* have the same monotonicity properties as f
and g, and so, by the previous proposition,

Cov(X*,Y*)=P(X <x,Y <y) —P(X <x)P(Y <y) >0,
that is, X and Y are PQD. O

A useful and obvious extension of this result is the following.

Corollary 1.10 Let (X1, Y1),...,(Xy, Yn) be independent pairs of random vari-
ables such that, for eachi =1, ...,n, X; and Y; are POD. Let U and V be indepen-
dent and independent of (X1, Y1), ..., (X,, Yy). Let f, g: R"H — R be such that,
foreachi=2,...,n+ 1, when considered as functions of the ith coordinate alone,
they are both nondecreasing or both nonincreasing, and let X = f (U, X1, ..., X;)
andY =gV, Y1,...,Y,). Then X and Y are PQOD.

Proof Just repeat the arguments of the proof of Theorem 1.9 taking into account the
independence of U and V and of these with the remaining variables. U

This characterizations provide an easy way to construct examples of PQD ran-
dom variables: all one has to do is apply monotone transformations with the same
monotonicity direction. As an application of the previous results, we may prove the
nonnegativity of Kendall’s 7.

Corollary 1.11 Let (X1, Y1) and (X2, Y2) be independent with the distribution of
(X,Y).If X and Y are PQD, then the Kendall’s T is nonnegative.

Proof Kendall’s t is defined as Cov(U, V), where U = sgn(X, — X1) and V =
sgn(Y, — Y1), where sgn(x) represents the sign of x. Then, it is enough to verify
that U and V are PQD. But this is a direct consequence of Theorem 1.9. U
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Table 1.1 PQD but not associated random variables

X1 X2 P(X;=x1, X2 =x2) X1 x2 P(X) =x1, X2 =x2)
0 0 = 1 0 Z

0 1 & 1 1 Z

0 2 & 1 3 =

0 3 Z

The drawback with positive quadrant dependence is due to its bivariate nature.
In fact, it is quite clear from the definition that this dependence regards two given
random variables and does not allow any manipulation concerning sequences of
random variables, unless done pairwise. But then, this would quickly drive us into
difficulties whenever more than two variables were involved, rendering proofs on
results about partial sums, for example, rather difficult to handle and requiring extra
assumptions to take care of higher-order joint distributions. There are several ways
to extend positive quadrant dependence, a few of which have received some interest
in the literature, and some of these will be referred in Sect. 1.5. The extension that
proved to be most successful, because it allows for a sufficiently rich theoretical
body and has a wide scope of applicability, has been what is known as (positive)
association, introduced by Esary, Proschan and Walkup [36].

Definition 1.12 The random variables X1, ..., X,, are associated if, given two co-
ordinatewise nondecreasing functions f, g:R" — R,
COV(f(le--an)ag(Xl,~~,Xn))ZO (1'3)

whenever the covariance exists.
A sequence of random variables X,,, n € N, is associated if, for every n € N, the
family of variables X1, ..., X,, is associated.

Naturally, we may replace nondecreasing functions by nonincreasing functions
in the definition above.

Remark 1.13 Tt is obvious that if X and Y are associated, they are also PQD. The
converse is generally not true as illustrated by the following example from Joag-Dev
[53].

Example 1.14 Consider discrete variables X| and X, with joint distribution charac-
terized by Table 1.1. It is a simple matter of routine to verify that these random vari-
ables are indeed PQD. In fact, taking into account (1.1), for this joint distribution it is
enough to verify the nonnegativity of H(x1,x2) =P(X| <x1, X2 <x3) —P(X; <
x1)P(X> < xp) for (x1, x2) = (0, 0), (0, 1), (0, 2), (0, 3), (1,0), (1, 1), (1, 3). These
values are given in Table 1.2.

Define now f(x1,x2) = L(0,400)(x1) and g(x1, x2) = I(1,4oc)(x2). These func-
tions are obviously coordinatewise nondecreasing, and



8 1 Positive Dependence

Table 1.2 Verification that the distribution in Table 1.1 is PQD

x1 x2 H(x1, x2) x1 x2 H(x1, x2)
0 0 = 1 0 0

0 1 0 1

0 2 = 1 3

0 3 0

Cov(f (X1, X2), g(X1, X2))
=P(X1>0,X2> 1) —P(X1 > OP(X2 > 1) = — .

so X1 and X are not associated.

The following property is an immediate consequence of the definition of associ-
ation.

Theorem 1.15 Let X, ..., X, be associated random variables and consider coor-
dinatewise nondecreasing functions fi,..., fiy :R" — R. Then the random vari-
ables Y1 = fi(X1,...,Xy),.... Y = fi(Xq, ..., X,) are associated.

Remark 1.16 In the statement above we can require all the functions to be nonin-
creasing for the result to still hold.

The properties proved above for PQD variables that depend only on the nonneg-
ativeness of the covariances are immediately valid for associated variables. We state
them here without proof, as this would be just repeating the already used arguments.

Theorem 1.17 Let X1, ..., X, be associated variables. These random variables
are independent if and only if Cov(X;, X;) =0,i,j=1,...,n,i #j.

For an extension of this independence characterization, see Corollary 2.2. The
following result extends Theorem 1.9 and is proved in exactly the same way.

Theorem 1.18 Let X1, ..., X, be independent of the variables Y1, ..., Y, . Assume
that X1, ..., X, are associated variables and also that Yy, ..., Y, are associated.
Then the variables X1, ..., X,, Y1, ..., Y, are associated.

It is now simple to generate new families of associated variables starting from
a given set of associated random variables by applying monotone transformations
with the same monotonicity direction. So, to illustrate such a procedure, repeating
the constructions described in Example 1.3, we obtain associated variables if the
initial ones are already associated. It would be interesting to be able to start the
construction from independent variables, but this requires some more results.
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Example 1.19 If X,, n € N, are associated random variables, then the sequence
of partial sums S, = X1 + --- 4+ X, n € N, is associated. This is an immediate
consequence of Theorem 1.15.

Example 1.20 Given the random variables X1, ..., X,, define the ordered statistics
Xi:n = the kth smallest among X1, ..., X,. These order statistics are nondecreasing
transformations of the X1, ..., X,, so if these are associated, the same holds for
Xl:}’lv ey Xn:n~

Example 1.21 One model that will be used to illustrate the usefulness of some as-
sumptions later starts with a sequence of random variables Y,, n € N, and m e N
fixed and defines X, = max(Y,, Y +1, ..., Yp+m). If the Y,;’s are associated, so are
the X,,’s. We will show later that we can relax the assumption on the Y;,’s.

1.3 Characterizations and Constructive Properties

In this section we will study a few alternative characterizations of association relax-
ing the family of functions for which we should verify the sign of the covariances.

Theorem 1.22 The random variables X1, ..., X, are associated if and only if, for
every coordinatewise nondecreasing functions y1, y» : R" — {0, 1},

Cov(y1(X1,.... Xn), y2(X1,.... X)) = 0.

Proof If the variables are associated, the conclusion is immediate from the defini-
tion of association. To prove the other implication, let f, g:R” — R be coordi-
natewise nondecreasing functions. From Hoeffding’s formula (1.2) it follows that

Cov(f(X1..... Xn). 8(X1..... Xn))
=[;{C0V(H{f(x1 ..... Xn)>s)s Lg (X1, Xo)>r)) ds di. (1.4)

Now, as f is coordinatewise nondecreasing, the same is true for the function
Vs(X1, ..oy Xn) = f(xy,....x,)>s) and likewise about y;(x1, ..., x,) = [{g(x,
Thus, the integrand in (1.4) is nonnegative for every s, ¢ € R, so it follows that

Cov(f(Xi,.... Xn), 8(X1,..., Xn)) >0,

as required. O

Remark 1.23 Notice that a nondecreasing {0, 1}-valued function y defined on R
is of the form Ij4 400y (x) oOr Ly, 400)(x), for some a € R. If y is defined on R"
for some n > 2 and is of the form Ip, «...xB, (x1, ..., X,) where each B; is either
[ai, +00) or (a;, +00), a; € R, then y is coordinatewise nondecreasing. However,
for the case n > 2, there are coordinatewise nondecreasing {0, 1}-valued functions
that are not of this form. For an example, take B = {(x1,...,x,) 1 x1 +---+x, > 0}
and y(x1,...,x,) =Ip(x1,...,Xx,).
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‘We may now prove that random variables are associated with themselves.
Theorem 1.24 Every random variable X is associated with itself.

Proof Taking into account the previous characterization of association, it suffices to
verify that Cov(y(X), y2(X)) > 0 for all {0, 1}-valued nondecreasing functions y;
and y». But, taking into account Remark 1.23, such functions are necessarily of
the form y1(x) = Ijg,,400)(x) OF ¥1(x) = [(4, +00)(x), and the same representa-
tion holds for y». Thus, we will have either y;(x) < y»(x) for every x € R or
y1(x) > y2(x) for every x € R. Assume, with loss of generality, that y;(x) < y»2(x).
Then, y1(x)y2(x) = y{ (x) = y1(x) and

Cov(y1(X), 2(X))
=E(y1(X)»2(X)) — Ey1 (X)Ep(X)
=Ey1(X) — Ey1(X)Ey2(X) =Ey1 (X)(1 — Eya(X)) > 0. O

This result, together with Theorem 1.18, implies that independent variables are
associated.

Corollary 1.25 If X,,, n € N, are independent random variables, then they are as-
sociated.

Proof According to Theorem 1.24, X is associated with itself, the same holds
for X;, and these variables are independent. Thus, from Theorem 1.18 it follows
that X and X, are associated. Now X3 is associated with itself and independent
from (X1, X2), so Theorem 1.18 again implies that X1, X»> and X3 are associated.
Applying successively this argument, it follows that, for every n € N, the variables
X1, ..., X, are associated, so the corollary is proved. O

We can now extend the construction in Examples 1.19, 1.20 and 1.21 starting
from independent random variables.

Example 1.26 1If X,, n € N, are independent random variables, the sequence of
partial sums S, = X1 + -+ + X, n € N, is associated.

Example 1.27 Given the independent random variables X1, ..., X;,, define the or-
der statistics X., = the kth smallest among X1, ..., X,. These order statistics are
associated random variables.

Example 1.28 Let Y,, n € N, be independent random variables, m € N be fixed, and
define X,, = max(Yy, Yu+1, ..., Yutm). Then the variables X,,, n € N, are associ-

ated.

Some more simple examples can be added to our list.
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Example 1.29 Consider a moving average model X, = aps,, + - - - + ag&n— 4, Where
&, are independent random variables, and ay, ..., a; have the same sign. Then the
variables X,,, n € N, are associated.

Example 1.30 Consider now an auto-regressive model X, = c1X,—1 + -+ +
¢qXn—q, n > 1, where cq,...,¢4 >0, and X1, ..., Xo are initial independent
random variables. Then the variables X,,, n € N, are associated.

The family of functions for which we have to check (1.3) to prove the association
of a given collection of variables may be reduced in different directions than those
considered in Theorem 1.22. In this theorem we reduced the family of functions by
imposing some restriction on the possible values for these functions. No regularity
or smoothness was assumed on these functions. It is convenient to restrict the need
of verifying (1.3) to suitable families of test functions that share some smoothness
property. A first result on this direction is proved next, requiring the test functions
to be bounded and continuous. We need a preparatory result to prove the announced
characterization.

Lemma 1.31 Ler X1, ..., X, be random variables and assume that, given any co-
ordinatewise nondecreasing, continuous and bounded functions f, g:R" — R,
we have Cov(f(X1,...,X,),g(X1,..., Xn)) = 0. Then, for every coordinatewise
nondecreasing and right continuous functions y1, y2:R" — {0, 1} it holds that
Cov(y1 (X1, ..., Xn), v2(X1,..., X)) = 0.

Proof Let y; :R" — {0, 1} coordinatewise nondecreasing and right continuous.
We will first show that y; is the limit of a sequence f; of coordinatewise non-
decreasing, continuous and bounded functions. For this, define A = yl_l ({1}). We
start by proving that A is closed. Given a sequence x,, € A, m € N, that is conver-

gent to some z, construct a new sequence y,, as follows: for each i = 1,...,n,
choose the ith coordinate y;, satisfying z; = %(xiym + Yim) if x;m < z; and
Yi.m = Xi,m otherwise. Then, forevery m e N, x; , < Yim, 2i <Yyim, i =1,...,n,

and ||ym — zll2 = llxm — zll2. As y1 is nondecreasing, it follows that, for each
meN, 1 =y1(xy) <y1(ym), and thus y,, € A. Moreover, the sequence y,, is lex-
icographically nonincreasing (that is, every coordinate of y,, is less or equal to
the corresponding one of y,,), thus the right continuity of y; implies that y;(z) =
limy,— 400 Y1 (ym) = 1, that is, z € A, which proves that A is closed.

Define now fi(x) = max(l — kd(x, A),0), where d(x, A) represents the Eu-
clidean distance of x to the set A. Each function fj is continuous and obviously
verifies that fi(x) € [0, 1] for every x € R. As we have proved that A is closed, it is
clear that fi \(I4.

Next, we prove that each f; is coordinatewise nondecreasing or, equivalently,
that d(x, A) is a nonincreasing function of x € R". Choose ¢ > 0 and z. € A such
that [|x — z¢|l> < d(x, A) + ¢. Given y lexicographically larger or equal than x,
definet; =z + (y —x). Then z, <ft¢,t; € A,and ||x — zcllo = [|x — zell2. Ase >0
is arbitrarily chosen, it follows that d(y, A) < d(x, A), thus f; is nondecreasing.
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Finally, defining gx analogously with respect to y», it follows now by dominated
convergence that

Cov(yi(X1,.... Xn), 2 (X1, ..., X»))
= lim Cov(fi(X1,.... Xn), g(X1,.... Xn)),
k—~400

thuSCOV()/](Xl,...,Xn), VZ(Xl,-aXn))EO D

Theorem 1.32 The random variables X1, ..., X, are associated if and only if
Cov(f(X1,...,Xn),8(X1,...,Xn)) = 0 for all coordinatewise nondecreasing,
continuous and bounded functions f, g :R" — R.

Proof Let y1, y2:R" — {0, 1} be coordinatewise nondecreasing, A; = yl_l({l})
and Ap = y{l ({1}). Given ¢ > 0, let C C A1 be a compact such that

P((X1,....X») € A1) <P((X1,.... X)) €C) +¢ (1.5)
and
Ci=C+[0,+00)"={c+t,ceCt=(t1,....tn),5; =0,i=1,...,n} C Ay,

as y is coordinatewise nondecreasing. Let x; = cx + #, k € N, be a sequence in C1,
convergent to some z. As C is compact, there exists a subsequence cx,, £ € N, con-
vergent to some s € C. Then, the corresponding subsequence #;, is convergent to
z — s, so all the coordinates of z — s are nonnegative, and z = s + (z — s) € Cj,
that is, Cy is closed. It is obvious, from the construction of the set Cy, that I¢, is
coordinatewise nondecreasing, right continuous and I¢, < y;. We can repeat the
construction to obtain a closed set C» C A such that I¢, is coordinatewise nonde-
creasing, right continuous and I¢c, < y». Now, taking into account Lemma 1.31, we
have that Cov(I¢, (X1, ..., X,),Ic, (X1, ..., X)) > 0. On the other hand, given the
construction made,

E(ri(X1,.... X0 n2(X1,.... X») = E(Ie, (X1, ..., X))o, (X1, ..., Xn)).
From (1.5) it follows that Ey; (X1, ..., X,) < El¢, (X1, ..., X,) + ¢ and analo-
gously Ey> (X1, ..., X,) <Elc, (X1, ..., X,) + &. So, finally we have

Cov(y1(X1,.... Xn), 12(X1,.... Xn))
>E(le, (X1, .., X)le, (X1, -, Xn)
— (B¢, (X1,..., Xn) 4+ €) (B, (X1, ..., X,) +€)
> Cov(Ie, (X1, -y Xn), Iy (X1, .., X)) — 28 — &2

As ¢ > 0 was arbitrarily chosen, if follows that Cov(y (X1, ..., Xy), »2(X1, ...,
X)) = 0, so, taking into account Theorem 1.22, we have that the variables
X1, ..., X, are associated. g

The characterization of association depending only on continuous functions al-
lows us to obtain the preservation of association through convergence in distribu-

. . . . d .
tion. Let us introduce some more notation: we will denote by — convergence in
distribution.
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Theorem 1.33 For each k € N, let X1k, ..., Xn r be associated random variables
d

and assume that, as k — +00, (X1 k, ..., Xn k) — (X1,..., Xy). Then the ran-

dom variables X1, ..., X, are associated.

Proof Let f,g:R" — R be coordinatewise nondecreasing, continuous and
bounded functions. Then, for each k € N, Cov(f (X1 x,..., Xn k), 8 X1 ks,
Xn.k)) > 0. Asthe f, g and fg are all bounded and continuous functions, it follows
that

Cov(f(X1,.... Xn), (X1, ..., Xp))
= lim E(f(Xl,k"~'7Xl’l,k)g(X1,ka"'9Xn,k))
k—+o00

—Ef (X1, ..., Xu)EBeX1 ks -, Xnk)
= lim Cov(f(X1t ..., Xnt), §X1 ks .- Xn i) = 0.
k—+o00

Thus, taking into account Theorem 1.32, the variables X1, ..., X, are associated. [

We can still reduce somewhat the family of test functions for the definition of
association.

Theorem 1.34 The random variables X1, ..., X, are associated if and only if
Cov(f(X1,...,Xn),8(X1,...,Xn)) = 0, for all coordinatewise nondecreasing,
bounded functions f, g :R" —> R with bounded first partial derivatives.

Proof Taking into account Theorem 1.32, it is enough to prove that, under the as-
sumptions given, the inequality Cov(h(X1,..., X,), h2(X1, ..., X)) = 0 holds
for all coordinatewise nondecreasing, continuous and bounded functions /1 and 4;.
This will follow if we prove that each such function h; is the limit of a se-
quence of coordinatewise nondecreasing, bounded with first partial derivatives func-
tions, by dominated convergence. Denote, for all k € N and x € R", yx(x) =
(%)"/2 exp(— @) and define

hi,k(x)sz hi(x — ) xe(¥)dy1--- dyn.

Then, each h; = limy_, 1 h; i, so the result follows. O

It is now possible to give a complete characterization of association for Gaussian
families of random variables. This is a nice result due to Pitt [82] giving a full
description using only the covariances of the random variables.

Theorem 1.35 Let X = (X1, ..., X,) be a Gaussian random vector. Then, the vari-
ables X1, ..., X, are associated if and only if Cov(X;, X;) >0,i,j=1,...,n,
i #J.
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Proof If the variables are associated, the covariances are obviously nonnegative,
as follows immediately from the definition, so we need only to prove the other
implication. Of course, without loss of generality, we may assume that X is cen-
tred. Assume for the moment that the covariance matrix X = [o;;] of (X1, ..., X,)
is invertible, so that there exists a density px. Consider Z a random vector with
the same distribution as X but independent from X. For each « € [0, 1], de-
fine Y(a) = aX + (1 — «®)/?Z, so Y() is Gaussian centred with covariance
matrix X', and Cov(X;,Y;(«@)) = aoyj, i, j = 1,...,n. Further, define, for each
ae€[0,1], F(e) =E(f(X)g(Y())), where f and g are coordinatewise nonde-
creasing, bounded with bounded first partial derivatives. Thus, F is continuous, and
F(1) — F(0) = E(f(X)g(X)) — E(f(X)g(Z)) = Cov(f(X), g(X)), due to the in-
dependence of Z and X. Taking into account Theorem 1.34, it is enough to prove
that F is differentiable and has nonnegative derivative in (0, 1).

In order to find a more suitable representation for F, consider the conditional
density

p(a, x,y) = py@x(y|x)
Y x(y,x) 9"
px(x) dy1 -+ Oyn

= (1 — az)in/sz((l — az)fl/z(ax — y)).

P(Yl(a) <¥yi,..., Yn(a) §yn|X=x)

Then

F(a)=/ S)EgY) Py x(y, x)dydx
R xR?
=/ f(X)px(X)/ gMpla,x,y)dydx
R~ R~

- fR X f@h(@, 1) dx,

where h(ax, x) = fR" g(y)p(a, x, y)dy. This function may be rewritten as a convo-
Iution. Indeed, denoting py (x) = (1 — )2 px((1 — a?)~1/2x), we have

h(cmc)=/]R g(y)m(owc—y)dy=/IR glax — y)pa(y)dy.

As g is coordinatewise nondecreasing and « € (0, 1), it follows that # has bounded,
continuous and nonnegative partial derivatives g;’ ,i=1,...,n. Moreover, as the
conditional density p decreases exponentially at infinity, we can differentiate 47 with

respect to « inside the integral, that is,

oh

op
a—(a,x)=/ gy)—(a,x,y)dy.
o R? o

The representation (C.5) for the derivative of p of course implies a similar expres-
sion for the corresponding derivative of k. Thus, differentiating again under the
integral sign, we find that
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oh
F’(a)=/ px(X)f(x)a—(a,x)dx
R~ o

1 - 3%h
=—5le1f(x)m(x)(z1 Crerie Zx, (a x))

i,j=

Integrating by parts on the first sum, we find, taking into account that f is bounded
and & has bounded derivatives,

- B
aF' (@) =—A¥n Z oija(f(x)px(x))dx
i,j=1 !
+/ f(x)Px(x)iX'%(a x)dx
R? iz jaxj' ’
“ 9 b oh
- f b m;(%(@f(x) + —f<x>px<x>)—<a,x)dx
n =l X 3)6,' 8x‘,~

n Bh
+ /R ) f(")”"(x);x-’a_m(“’x)dx' (1.6)

If 1=y i1, we can write, taking into account the symmetry of X' (thus -1
also symmetric),

n

Yoo l,a ()—(  X)

i,j=1

=5 Z UszX(x)—( > Skéxkxl>—(05 x)

1]1 k=1

= Z o,,px(x><2sk,xk) — (o, %)

l]]
n

= oh (oe x) xk szaaz, = on — (o, x)x;.
ax /

j=1

Thus, in the final expression on the right of (1.6), the integration on the first sum-
mation cancels with the second integral, leaving us with

, 1 aof oh
Fll) =~ f pX(x)l,Zl i 3y P @D
As f is assumed nondecreasing and we have proved that 4 has nonnegative partial
derivatives, it follows from the assumption o;; > 0 that F'(«x) > 0. Consequently,
F(1) — F(0) = Cov(f(X), g(X)) = 0.
It remains to prove the result when X' is not invertible. In this case, take Z to be
a random Gaussian random vector centred with covariance matrix I,, the identity
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matrix, and independent of X. Then the random vector X; = X + %Z has covariance
matrix with all entries nonnegative, that is, the coordinates of X are associated.

d . .
Now, as k —> 400, X — X thus, taking into account Theorem 1.33, we get that
the coordinate variables X1, ..., X,, of X are associated. O

1.4 Abstract Spaces

The notion of association only depends on using nondecreasing functions; thus, it is
natural trying to extend this dependence structure to random variables taking values
in more general spaces, as long as these have an order relation defined. The main
contribution to this extension comes from Lindqvist [60].

Let us start by setting some notation and basic definitions. We will restrain our-
selves to the more important facts concerning order relations without going into
details and proofs on this direction, unless this is really relevant for the scope of this
text. For a general treatment of topological issues with order relations, we refer the
reader to Nachbin [67]. For the sequel of this section, recall that a polish space is a
separable, complete and metrizable topological space.

Definition 1.36 We call S a partially ordered polish space, or POP space, a com-
plete and separable metric where there is defined a partial order relation < such that
the set G ={(x,y) € S x §:x <y} is closed in the product space S x S.

There is an obvious way to build product structures based on POP spaces: given
POP spaces S1, S2, ..., the product S x $7 x - - - is a POP space with respect to the
partial ordering

(x1,x2,..) <1, y2,--) & xi<y, i=12,....
Notice that, to simplify the notation, we have used the same symbol < for the order
relation in each POP space. When S = R, this is what is done to define the usual

partial order relation in the Euclidean space R". We will refer to this as the usual
order in R".

Definition 1.37 Let S be a POP space, and A C S. The set A is said to be fotally
ordered if for all x, y € A, we have either x <y ory <x.

Now we must define what is understood by nondecreasing sets and functions.

Definition 1.38 Let S be a POP space. A set A C S is nondecreasing if whenever
x € A and x <y, it holds that y € A. A set A C § is nonincreasing if whenever
x € Aand y <ux, it holds that y € A.

Of course, not all sets are nondecreasing. Simple examples of sets in § = R? that
are not nondecreasing with respect to the usual order are {(0, 1), (1, 0)} or {0} x R.
We will need to identify conveniently induced nondecreasing sets.
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Definition 1.39 Let A C S, a POP space. Define Inc(A) as the smallest nondecreas-
ing set that includes A and Dec(A) as the largest nonincreasing set included in A.

An explicit description is Inc(A) = {y € S :there exists x € A such that x < y}.
For example, in R? and with respect to the usual order, Inc({(0, 1), (1,0)}) =
[0, +00) x [1, 400) U[1, +00) x [0, +00).

We can now extend association to S-valued random elements.

Definition 1.40 Let S be a POP space, and X an S-valued random variable. We say
that X is associated if, for all nondecreasing sets A; and A,

P(XecA1NA)>P(X € A)P(X € Ay).

Remark 1.41 Notice that we are adopting a different language with this definition.
In fact, looking to Definition 1.12 of association of a family of random variables
X1, ..., Xn, we are now adopting the expression X = (X1, ..., X;) is associated.
Thus, the definition above, when S = R”, means that the n coordinate variables of
the random vector are associated.

Remark 1.42 A set A is nondecreasing if and only if its complement A€ is non-
increasing. Thus, reasoning as is (1.1), one can, in the definition above, replace
nondecreasing sets by nonincreasing sets.

Remark 1.43 For the case S = R, Definition 1.40 is equivalent to X being PQD
with itself, which always holds as follows from Theorem 1.24 and Remark 1.13.

Example 1.44 There do exist random vectors that are not associated in the sense just
introduced. Take, for instance, § = R? with its usual order relation, and consider X
with distribution P(X = (0, 1)) =P(X = (1,0)) = % If we take A; = Inc{(0, 1)} =
{(x1,x2):x1 = 0,x2 > 1} and A> = Inc{(1,0)} = {(x1,x2) :x1 = 1, x2 > 0}, then
P(X € A)) x P(X € A2) = §. On the other hand, A; N A, = [1, +00)?, and thus
P(X € A1 N Ay) = 0. That is, this random vector is not associated. Notice that the
relevant feature explored in this case is the fact that the distribution of X is concen-
trated in two points that are not comparable using the order relation defined in R?.

We will verify soon that the definition just introduced really coincides with Def-
inition 1.12 when treating real random variables. For this, we need to prove alterna-
tive characterizations of association in POP spaces.

Definition 1.45 Let S be a POP space. A nondecreasing set A C S is compact
generated if A =Inc(K) for some compact set K. A nonincreasing set A C S is
compact generated if A =Dec(K) for some compact set K .

It is proved in Nachbin [67] (see page 44) that nondecreasing or nonincreasing
compact generated sets are closed.

We still need to clarify what is a monotone function between two POP spaces,
although this notion should be by now clear.
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Definition 1.46 Let S| and S be two POP spaces. A function f:S; —> S is
nondecreasing if x <y (in Sp) implies f(x) < f(y) (in $>2). A function f:S§; —
S, is nonincreasing if x <y (in S1) implies f(x) > f(y) (in S>).

We can now prove some equivalent characterizations of association.
Theorem 1.47 Let S be a POP space, and X an S-valued random variable. The

following statements are equivalent:

(a) X is associated,
(b) for all nondecreasing functions f,g:S — R, E(f(X)g(X)) = Ef(X)Eg(X);
(¢) for all nondecreasing closed sets Ay and Aj,

P(XeAINA)>P(X e ADP(X € Ay);
(d) for all nondecreasing compact generated sets Ay and A,

P(X € A;NAy) > P(X € A)P(X € A).
Proof (a) = (b): Use Hoeffding’s formula (1.2) to write
E(f(X)g(X)) — Ef(X)Eg(X)
= /Rz P(f(X)>u,g(X)>v) —P(f(X)>u)P(g(X) > v)dudv.

Now, as f and g are nondecreasing, the sets Aj(u) = {x € S: f(x) > u} and
Ay(v) = {x € S:g(x) > v} are, for every u, v € R, nondecreasing, so it follows
that

E(f(X)g(X)) —Ef(X)Eg(X)

= /z P(X € Aj(u) N A2(v)) —P(X € Aj(w))P(X € A2(v)) dudv > 0.
R

(b) = (a): Given nondecreasing sets Ay and A, take f =14, and g =1,4,. These
functions are obviously nondecreasing, so the implication follows.

(a) = (c¢) and (c) = (d): These are obvious.

(d) = (a): Let A; and A, be nondecreasing sets and fix & > 0. It is possible to
choose compact sets K1 C A; and K> C A, such that P(A; \ K1) < & and P(A, \
K») < €. Consider now H; = Inc(K1) and H = Inc(K3). Then, obviously K| C
Hy C A,P(A1\ H)) <¢, Ky C Hy C Ay and P(A; \ Hp) < ¢. Finally,

P XeA NA) —P(XeADP(X € Ay)
>P(X e HHNH)— (P(X € H)+¢)(P(X € H)+5¢)
>P(X € H N Hy) —P(X € H)P(X € Hy) — 2¢ — £°.
As ¢ > 0 is arbitrarily chosen, it follows that

PXeA NA)—PXeA)DP(X € Ay)
>PXeH NH) —P(Xe H)P(X € H,) > 0.
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The equivalence between (a) and (b) above shows that association in abstract or-
dered spaces, given by Definition 1.40, coincides with the Definition 1.12 by choos-
ing S = R" with its usual partial order.

For real random variables, we have proved in Theorem 1.32 that nondecreas-
ing, bounded and continuous functions are enough to characterize the association
of a family of random variables. It is possible to extend this characterization, but it
depends on some extra ordering structure of the POP space.

Definition 1.48 A POP space S is normally ordered if given disjoint sets A1, closed
and nonincreasing, and A, closed and nondecreasing, there exists a nondecreasing
and continuous function f: S — [0, 1] such that f(x) =0ifx € Aj and f(x) =1
ifx e A2.

The above is not the definition of a normally ordered space adopted in Nachbin
[67], but it is proved there that this is an equivalent characterization. The above
definition is more convenient for our purposes. Notice that it is easily verified that,
for every n € N, R” is normally ordered (with respect to the usual partial ordering).

Theorem 1.49 Let S be a normally ordered POP space. Then an S-valued random
variable is associated if and only if for all nondecreasing, bounded and continuous
Sunctions f, g:§ — R, E(f(X)g(X)) = Ef (X)Eg(X).

Proof 1t is clear from Theorem 1.47(b) that if X is associated, the inequality stated
holds for every nondecreasing, bounded and continuous functions f, g: S — R. To
prove this result, it is now enough to check that if E(f(X)g(X)) > Ef(X)Eg(X)
is verified for all nondecreasing, bounded and continuous functions f, g: S — R,
then we have Theorem 1.47(d). Let A; and A; be nondecreasing compact generated
sets and choose ¢ > 0. As § is complete and separable, there exist compact sets
Ky C A{ and K> C Af such that P(A] \ K1) < & and P(A \ K») <e. Put G| =
Dec(K1) and G2 = Dec(K3). Then, it is obvious that G; C A{, P(A{\ G1) <&,
G2 C Af and P(A5 \ G2) < &. Now, since S is normally ordered, there exist non-
decreasing and continuous functions fi, fo:S — [0, 1] such that fi(x) =0 if
x e Gy, fix)y=1ifx € Ay, fo(x) =01if x € Gy, fo(x) = 1if x € A>. Moreover,
it is clear that

PXean = [ fioPx(dn =P(GF) <P(A) +e.
S

POXe Ay = [ HWPY@) <P(GS) <P +e,
S

POXe A1 A = [ i) AP (dx) < P(GF N1G5) < P(AI N A2) + 22
S

So, finally, we obtain
PXeA NA) —P(XeA)P(X € Ay)
> E(f1(X) f2(X)) —2¢ —Efi(X)Ef2(X) > —2e¢,
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S0, as ¢ > 0 is arbitrary, the result follows. O

The basic properties that we have proved before for associated families of random
variables may be extended to this enlarged framework. We start with the extended
version of Theorem 1.15.

Theorem 1.50 Let S| and S» be POP spaces, [ :S1 —> S> a nondecreasing mea-
surable function, and X an S1-valued associated random variable. Then Y = f(X)
is an Sy-valued associated random variable.

Proof Let A1 and A, be nondecreasing subsets of S>. Then, obviously f ’l(A 1)
and f -1 (A») are nondecreasing subsets of S. Thus,
P(Y e A NA))
=P(X e (AN N f(A)
>P(X e [T (AD)P(X € f71(A2)) =P(Y € ADP(Y € Ay). -

The following is a generalized version of Theorem 1.18.

Theorem 1.51 Let S| and S» be POP spaces. Let X1 be an S1-valued associated
random variable, and X» be an S>-valued associated random variable. If X1 and X,
are independent, then (X1, X3) is an S1 x S>-valued associated random variable.

Proof Let f, g:S1 x S2 —> R be nondecreasing functions. It is obvious that, for
each x; € S1, f(x1,-), g(x1, -) : S» —> R are nondecreasing functions. Thus,

E(f(x1. X2)g(x1, X2)) = B(f (x1, X2)) = B(g(x1, X2)).

Then, taking into account the independence between X| and X;, we have

E(f (X1, X2)g(X1, X2))
=E(E(f (X1, X2)g(X1, X2))|X1)
> E(E(f (X1, X2))E(g(X1, X2))|X1) = E(f (X1, X2))E(g(X1, X2)),
so the association of (X1, X7) follows from Theorem 1.47(b). O

There is an interesting and relevant relation between association and the prop-
erties of the order structure of the POP space. It allows us to find, as a corollary,
a generalized version of Theorem 1.24.

Theorem 1.52 Let S be a POP space, and X be an S-valued random variable. If
there exists a totally ordered set A C S such that P(X € A) = 1, then X is associ-
ated.

Proof Let A} and A; be nondecreasing sets in S. Assume that it is possible to
choose x € AN A1 N Af and y € AN A{ N Az. Then, as A is totally ordered, we
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have either x <y or y < x. Assume, without loss of generality, that x < y. We have
then that x € A1, which is a nondecreasing set, so it follows that y € A1, but this is
incompatible with y € A N A{ N Ay, so this choice of x and y is not possible. Thus,
we proved that either AN A NAS =T or ANA]N Ay =2.

Now assume that AN A1 NAS=2. ThenP(X e AiNA) =P(X e ANAIN
A;) =0,s0P(XeA)=P(X €A NAj),and hence P(X € A1NAy) >P(X €
AP(X € Ay), that is, X is associated. The other case is proved symmetrically. [J

Corollary 1.53 Let S be a POP space. Then every S-valued random variable X is
associated if and only if S is totally ordered.

Proof 1f S is totally ordered, it follows immediately from Theorem 1.52 that every
S-valued variable is associated. Assume now that S is not totally ordered. Thus
there exist x, y € S such that they are not comparable, that is, neither x <y or
vy < x holds. Define the S-valued random variable X with distribution P(X = x) =
P(X=y)= 1 Then P(X € Inc({x}) N Inc({y})) =0 and P(X € Inc({x}))P(X €

Inc({y})) = %. Thus, X is not associated. O

Remark 1.54 Notice that the final part of the proof above reproduces the construc-
tion made in Remark 1.44 to give an example of a nonassociated R2-valued variable.

These results show that the order structure of the underlying space is crucial to
characterize association. One consequence is that if we change the representation of
a family of random variables, using a different base space, this could mean that we
might loose the association property.

Example 1.55 Consider a real random variable X and define the random point
mass x. This is a random variable with values in A/, the space of measures on R
such that, for every Borel set A C R, u(A) € {0,1,2,...}. Each u € N is repre-
sentable in the form u =Y, 8y, , where x, € R, not necessarily distinct. Denote the
support of u by supp(u) = {x1, x2, ...}. Then we may define | < w» if and only
if supp(e1) C supp(u2). This clearly defines a partial order relation in AV It is also
clear that this order is not total: it is not possible to order elements of A whose
supports do not satisfy an inclusion relation. Thus dx is not associated with itself,
although, as a real random variable, X is associated with itself.

To conclude this section, we prove the extended version of Theorem 1.33.

Theorem 1.56 Ler S be a normally ordered POP space, and X,,, n € N, associated
S-valued random variables. If there exists an S-valued random variable X such that

d . .
X, —> X, then X is associated.

Proof Taking into account Theorem 1.49, it is enough to consider nondecreasing,
bounded and continuous functions f, g: S —> R and verify that E(f(X)g(X)) >
Ef(X)Eg(X). As each X, is associated and the functions are nondecreasing,
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we have that E(f(X,)g(Xn)) = Ef(X,)Eg(X,). The convergence in distribu-
tion implies that E(f(X,)g(X,)) — E(f(X)g(X)), Ef(X,) — Ef(X) and
Eg(X,) — Eg(X), because every function is bounded and continuous, so the con-
clusion follows immediately. O

1.5 Some Other Weak Dependence Notions

In this section we return to the more elementary framework of treating families of
real random variables. There are several variants of notions of positive dependence
trying to weaken association while extending the positive quadrant dependence to
larger families of variables, that is, liberating this dependence from treating just
two random variables. We will introduce some of these notions and briefly establish
some basic relations between them.

1.5.1 Some Other Positive Dependence Notions

The most natural extensions of positive quadrant dependence, described on what
follows, were introduced by Joag-Dev [53]. Let us introduce some notation be-
fore defining the new concepts of dependence. Given random variables X1, X», ...,
aset ACNand xy,..., x4 €R, where |A| represents the cardinality of A, denote
TaCxrs ..o xja) = Tica Lo, +o0)(Xi) and Ja (x1, ..., xj4) = [[1e4 L—o0,1(Xi) =
[Tica( =L +00)(Xi)). We will write just I4 or J4 when confusion does not arise.

Definition 1.57 A family of random variables X1, ..., X,, is strongly positive or-
thant dependent (SPOD) if, given any disjoint A, B C {1, ...,n} and real x;’s and
VK'S,
Cov(Ia(x1,....x14). I (1, .., yB)) = 0,
Cov(Ja(xt,....x1a). I8 (1, -, yB)) = 0,

COV(HA()C],...,X|A|),JB()’1,...,y|B|)) <0.

A sequence of random variables X,,, n € N, is strongly positive orthant dependent
(SPOD) if for any n € N, the random variables X1, ..., X,, are strongly positive
orthant dependent.

Definition 1.58 A family of random variables X1, ..., X}, is linearly positive quad-
rant dependent (LPQD) if, given any disjoint A, B C {1, ..., n} and positive 1;’s,
the random variables ) ;4 A; X; and ) jep M jXj are pairwise quadrant dependent.
The following are obvious consequences of the definitions above.

Proposition 1.59 Ler X1, ..., X, be associated random variables. Then X1, ...,
X, are SPOD.
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Table 1.3 SPOD but not LPQD random variables

x1 X2 x3 p(x1, x2, x3) x1 X2 x3 p(x1, %2, X3)
0 0 0 = 1 0 0 Z
0 1 0 & 1 0 1 5
0 2 0 & 1 1 0 5
0 2 1 Z 1 2 1 =

Table 1.4 Pairwise verifications concerning SPOD (¢ € (0, 1))

(. k) =(1,2)
X y Ciao(x—¢g,y—e¢) X y Cipo(x —e,y—¢)
0 0 0 1 0 0
0 1 0
0 2 1 2 0 0
(J, k) =(1,3)
x y Ciz(x—¢ey—¢) x y Cizx—e,y—¢)
0 0 0 1 0 0
0 1 0 1 1 =
(J,k)=(2,3)
x y Cr3(x —g,y—¢) x y Cra(x—e,y—¢)
0 0 0 1 =
0 1 0 2 0 0
0 0 2 1 L
Proposition 1.60 Ler X1, ..., X, be associated random variables. Then X1, ...,
X, are LPOD.

The examples below show that neither SPOD nor LPQD implies the other. We
start by an example of SPOD random variables that are not LPQD.

Example 1.61 Consider discrete variables X, X» and X3 with joint distribution
characterized by p(x1, x2, x3) =P(X1 = x1, X2 = x2, X3 = x3), given in Table 1.3.
To verify that these variables are indeed SPOD, we need to compute all the co-
variances mentioned in Definition 1.57. Obviously, it is enough to consider the
case where A, B # . If A ={j} and B = {k}, then Cov(J4,Jp) = Cov(l4, Ip)
and Cov(ll4,Jp) = —Cov(la,Ip), so it is enough to compute C;i(x,y) =
Cov(lla, ) = Cov(ll(x,+00)(X ), I(y,+00)(Xk)) for every possible values of j, k =
1,2,3, j # k, x and y and check that these covariance are nonnegative. As the
variables are discrete, we compute, in Table 1.4, these covariances for every point
located just a little to the left and below the position of each of the possible values of
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Table 1.5 Triple verifications concerning SPOD (e € (0, 1))
(U, k0 =(1,2,3),2,1,3)

x y z Ciinelx—ey—ez—¢) x y z Cipelx—ey—ez—¢)
0 0 0 0 1 0 0 0
3
0 0 1 0 o1 2
0 1 0 0 1 1 0 0
11 9
o 1 1 4 TS TS R A
0 2 0 0 1 2 0 0
17 6
o 2 1 ¥ 2 18
(., k., £)=(1,3,2),3,1,2)
x y z Ciihelx—ey—ez—¢) x y z Cipnex—ey—ez—¢)
0 0 0 0 1 0 0 0
0 0 1 0 1 0 1 0
3
0 0 2 0 o 2 2
0 1 1 0 1 1 1 0
11 5
o 1 o0 & T S R £
17 15
o 1 2 ¥ o1 o2 B
(J,k, 0)=(@3,2,1),3,2,1)
X y z Cipelx—¢ey—ez—¢) X y z Cipex—ey—¢ez—¢)
0 0 0 0 1 1 0 0
1
0 0 1 0 1 1 1 3
0 1 0 0 2 0 0 0
3
0 1 1 33 2 0 1 0
1 0 0 0 2 1 0 0
1
1o 1 0 2 1 1 Xk

the pair (X, Xi). We also have to consider the case where A = {j, k} and B = {¢},
with £ # j, k. In this case,

C;‘ik,z(x, v,2) =Cov(Ja, )
= CoV(I(x,+00) (X ), Lz +00) (X0))
+ Cov(L(y,+oo) (Xk) Lz, +00) (X¢))
+ Cov (I, +00) (X Ly, +00) (Xk): Lz, +00) (X))
So, we need to compute the final covariance term
Cijio,e(x, ¥, 2) = Cov(Ix, +00) (X )iy, +00) (Xi), Lz 400) (Xp)).

which are given in Table 1.5. As all these covariances are nonnegative, it follows
that all the C;,k,l (x,y,z) =Cov(J4,Jp) are nonnegative.
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Table 1.6 LPQD but not SPOD random variables

X1 X2 x3 p(x1, x2, x3) X1 X2 x3 p(x1, %2, X3)
1 1 1 & 2 3 1 =

1 1 2 = 3 1 2 =

1 2 2 = 3 2 1 =

1 3 2 = 3 3 1 =

2 1 2 5 3 3 2 &

2 2 1 =

Finally, we still have to verify what happens with

Djie(x,y,z)=Cov(la,Jp)
= — Cov(Tx,+00) (X)), [z, 400) (X0))
— Cov(I(y, +00) (X1): [z, 400) (Xp))
+ Cov(Ix,+00) (X )iy, +00) (X1, Iz 400y (X0)).-

As all values on the right have been computed, it is easy to verify that the only
nonzero values are

13

D 1,1,1)=D LLL)=——,
1,2,3( ) 2,1,3( ) o8
Di25(1,2,1) = Ds 132, 1,1) = 31

1,2,3 ’ ’ - 2,1,3 ’ ’ - 1967
3

D 1,1,1) =D LL)=——,
1,32(1, 1, 1) 3,1,2( ) 9
1

D 1,1,2)=D 1,1,2)=——,
1,3,2( ) 3,1,2( ) 9
1
D2,3,1(1,1,1)=D3,2,1(1,1,1)=—ﬁ,
1

Dy31(2,1,1)=D35,1(1,2, 1)=—ﬁ,

all conveniently nonpositive, so the random variables X1, X, and X3 are SPOD.
On the other hand,

1
PX1>0,Xo+X3>1)—-PX|>0P(X2+ X3 > 1)=—%,

so X1, X7 and X3 are not LPQD.
Now we show an example of random variables that are LPQD but not SPOD.
Example 1.62 Consider again three random variables X, X»> and X3 with joint

distribution p(x1, x2,x3) = P(X1 = x1, X2 = x2, X3 = x3) described in Table 1.6.
It is easily verified that these random variables are not SPOD. In fact,
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4
PXi>1,X>1,X3>1)= 7 ~0.2353

8x9
<PX;>1,X2> DP(X3> 1) = % ~ 0.2491.

The verification that the random variables are not LPQD is somewhat lengthy, so
we will just describe how it goes in a few cases, leaving the rest for the reader. First
notice that verification that the variables are LPQD is equivalent to verifying that

P Xj+ A Xk > c1|Xe > c2) Z2P(A1 Xj + A X > c1) (.7

forall A1, A2 > 0, ¢1, c2 € R and any permutation (j, k, €) of (1, 2, 3), when P(X, >
c2) > 0. The case where this later probability is null makes the right-hand side in
the inequality characterizing LPQD also null, so the inequality is trivially verified.
Let us consider (j, k, £) = (1, 2, 3), the other cases being treated analogously. As
X3 only takes the values 1 and 2, it is enough to verify the case where ¢; € [1, 2).
In such a case, P(X3 > ¢p) = %. Now rewriting

PA1 X+ Xg >c1, Xe>c2)
P(X; > )

the events that contribute to the numerator will all be among the events contributing
to the right-hand side of (1.7). But, for this right-hand side, there will be some more
events, corresponding to the cases where X3 = 1. The description of the distribution
of (X, Xy) is now as indicated in the picture below, where the symbol e identi-
fies the possible positions of (x1, x2), and the numbers next to each e are equal to
17P(X; = x1, Xx = x2). The numbers in bold identify how many cases contribute
to the probability corresponding to X3 = 1, so those that should be removed from
the computation when calculating the probability conditional on X3 > ¢, (recall that
o €[1,2)):

)

PA1X;+2Xg >c1|Xe>cp) =

)
S SaaR i
@ ©® . ©
S
®  ® @ @ |
R
® ® @
N 2u 3h

Assume now that the right-hand side of (1.7) is of the form 1”—7 Then, the value of

the left-hand side is of the form 431, 952, 423 or %, depending on the value of

9> 99
c1, corresponding to the positions identified by the circled numbers. When c¢; de-
fines a region corresponding to those marked by @, the conditional probability is
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%, as there is only one point satisfying X3 > ¢, € [1, 2) above this region. Thus,

we should verify that “9;1 > {5 or, equivalently, a > % The possible values for a

for this choice are a = 5, 6, 7, all larger that %. For the region marked by @, we

should verify that “9;2 > {5, as this region include two points satisfying X3 < 1.5.

This is equivalent to a > % =4.25, and the possible values for a are 6 or 7. Re-

peating the arguments, on region @ we should verify that % > {7 or, equivalently,
that a > % = 6.375, and the possible values for a are 8 or 10. Finally on region @
we should verify % > 1“—7, which is equivalent to a > % = 14.857, and, in this
region, a = 17. Thus, all the conditions for the LPQD-ness of the random variables
have been verified for this permutation of indexes and conditioning. To complete
the verification, we must do likewise for the remaining permutations and condition-

ing possibilities, but this is only a matter of routine repetition of the approach just
described.

The following characterizations of independence, analogous to Corollary 1.6
and Theorem 1.17, are straightforward, reproducing the arguments for the proof
of Corollary 1.6.

Theorem 1.63 Let X1, ..., X,, be SPOD or LPQD random variables. These ran-
dom variables are independent if and only if Cov(X;, X ;) =0 forall i # j.

1.5.2 Positive Dependencies and Stochastic Ordering

The notions of positive dependence discussed below, and a few others, have been
used to study stochastic order relations between random variables. We give here a
brief account of some results in this direction. The main purpose is to introduce
some notions that imply the association but are easier to verify. A more complete
picture of basic results can be found in Barlow and Proschan [5].

Definition 1.64 Let random variables X and Y have a joint density function or joint
probability function, in case of a discrete distribution, f. The function f is totally
positive of order 2 (TP2) if, for all x; < x, and y; < yy,

S,y f(x,y2)
fx2,y1) fx2,y2)

We say that X and Y are TP2 if their joint density function or probability function
is totally positive of order 2.

>0

Theorem 1.65 Let X and Y be TP2 random variables. Then P(Y > y|X = x) is,
for every y € R, a nondecreasing function of x.
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Proof Assume that the joint distribution is absolutely continuous. It follows from
Definition 1.64 that, for all x; < x»,

y +00
f Sfxy,0)de / fxy, Hdt
oo y

y +00 > 0.
/ f(x2, 0)dt f(x2, 1) dt
o0 y
Replacing the first column by the sum of the two columns, we find that
“+o00 “+o00 “+0o0 +0oo
fx1,t)dt x f(xa,t)dt > f(xa,t)dt x f(xy,t)dt
—00 y —00 y

or, equivalently
P(Y > y|X =x2) ZP(Y > y|X =x).

The discrete case is proved with an obvious modification of the argument above. [

It is now easily seen that the conclusion of this result implies the association of
two random variables.

Theorem 1.66 Let X and Y be such that P(Y > y|X = x) is, for every y € R,
a nondecreasing function of x. Then X and Y are associated.

Proof Define, for each x e R, Fx(y) =P(Y <y|X =x) and g(u,x) =inf{y:u <
F(y)}, the generalized inverse of Fx (-), for each fixed x. It follows from the nonde-
creaseness of P(Y > y|X = x) that g is nondecreasing in both arguments. Moreover,
if U is uniform on [0, 1], then g(U, x) has distribution function F,. Thus, if the ran-
dom variable U is chosen independent from X, the distribution of (X, Y) coincides
with the distribution of (X, g(U, X)). Taking into account Theorem 1.15, it follows
that the random variables X and g(U, X) are associated, and thus, as association
only depends on the joint distributions, X and Y are associated. O

It is possible to prove a more general version of the preceding results, dealing
with an arbitrary number of variables. But first, it is helpful to have a formalization
of the nondecreasingness property that has been referred.

Definition 1.67 The random variables X1, ..., X, are stochastically nondecreasing
if, foreach j =2,...,n, P(X; > x;| X1 =x1,..., Xj_1 = xj_1) is nondecreasing
in X1y ooy Xj—1-

The final goal is to prove the association of a family of random variables, using
the TP2 condition. As when considering only two random variables, the notion of
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stochastic increasingness is an intermediate step. For this more general framework,
we still need to check that the TP2 property is inherited by subfamilies.

Lemma 1.68 Let X1,..., X, have a joint density function or probability func-
tion (if the distribution is discrete) f that is TP2 in each pair of arguments. Then
X1, ..., Xn—1 have a joint density function or probability function g that is TP2 in
each pair of arguments.

Proof Let j,ke{l,....n—1}, j#k,x; eR,i=1,...,n,buti # j, k, be fixed

and denote, for simplicity, f*(x,y,2) = f(X1, .o, Xjo 1, X, Xjy ooy Xkl Yy Xy oo e
Xn—1,2) and g*(x,y) = g(X1, ..., Xj1, X, Xj, ..., Xk—1, ¥, Xk, ..., Xp—1). Obvi-
ously,

g(xl,...,xn_1)=/f(x1,...,xn)dxn
and
g*(x,)’)=/f*(x,y,z)dz.

We want then to prove that g* is TP2. For this, let x| < xp and y; < y;.
Then, we need to prove that g* verifies the condition of Definition 1.64, that is,

g*(x1, y1)g*(x2, y2) — g% (x1, y2)8™ (x2, y1) > 0:

g (x1, y1g*(x2, y2) — g% (x1, y2)8" (x2, y1)

*(x2, ¥2,22)

= ; FrGen vy 20 ff (2, 1, 22) dz1 dza
r2 f*(x2, y1,22)

fr(x1,y2,22)
— | = sy 2) (L v, 22)dzndz. (1.8)
r2 f*(x1, y1,22)
Each of these integrals is separated into two by integrating on the sets {z; < z3}
and {z1 > z2}. In the integrals over {z; > z2}, we make the change of variables
(z1,22) = (u2, uy). Then, for the first integral on the right in (1.8), we find

{z1>22} f*(x2, y1,22)
-f I 02, y2,40)
{

uyp<up} f*(x2, y1,u1)

Fre v z) 5 (x2, y1,22)dzidzs
Frer, vy u2) f*(x2, y1, ur) dz dza,

and analogously for the second integral in (1.8). We find then an expression with
four terms. Putting together the first and fourth on one side and the second and third
on the other side, we find
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g (x1, yg*(x2, y2) — " (x1, y2)8* (x2, y1)

:/ (f*(xzﬁyz,zz) B f*(xl,yz,m))
<oy \SfF(x2, y1,22) (X, 1, 21)
X f*(x1, 1, 20) [ (x2, y1, 22) dz1dz2
+/ (f*(xzyyz,zz) B f*(xl,yz,zz)>
<) \SF(2, y1,22)  f*(x1, y1,22)
X f(x1, y1,22) f1(x2, 1, 21) dz1d22
:/ (f*(xz,y2,22) B f*(xl,yz,Z1)>
<z WS (X2, y1,22) (e, v, 21)
X (e yrnz0) f5 (2, y1022) = f5 (2, y1.20) (1, 31, 22)) dz1 dzo
+/ (f*(xz,yz,zz) Sy, 22)
<oy \S*(x2,51,22)  f*(x1, 015 22)
[rGo,y2,2) f*(xl,yz,ZI))
frle2, y.z1) R0, 1, 21)

X f*(x1, y1,22) f*(x2, y1, 21) dz1dzo.

Now, in the second integral the two differences inside the large parentheses are
nonnegative because f* is TP2 in each pair of arguments (z, is fixed on the first
difference, while z; is fixed on the second). On what concerns the first integral, we
have, again because f* is TP2 in each pair of arguments,

(2, 2, 22) - f*(x2,y2,21) - S, y2,21)
f*(x2,y1,22) — fExay1.21) T (a2’

so the difference is also nonnegative. As f* is obviously nonnegative, we finally
have that g* (x1, y1)g* (x2, y2) — " (x1, y2)8*(x2, y1) = 0, as required. O

We can now extend Theorem 1.65.

Theorem 1.69 Let X1,..., X, have a joint density function or probability func-
tion f that is TP2 in each pair of arguments. Then X1, ..., X, are stochastically
nondecreasing.

Proof Denote by f; the distribution of the vector (X1,...,X;), j=1,...,n. It
follows from the previous lemma that each f; is TP2. In particular, f is totally
positive of order 2, that is, X and X, are TP2, so, it follows from Theorem 1.65
that P(X2 > x2|X| = x1) is nondecreasing in x;. For the case j = 3, the func-
tion f3(x1,x2,x3) is, for each fixed x1, TP2 in x; and x3, so, again according to
Theorem 1.65, P(X3 > x3|X| = x1, X2 = x») is nondecreasing in x;. Analogously,
for each fixed x;, we conclude that P(X3 > x3|X| = x1, X2 = x2) is nondecreas-
ing in x1. So, it follows that P(X3 > x3|X1 = x1, X2 = x2) is nondecreasing in x
and x,. We can now recurse this argument to conclude that, for each j =2,...,n,
P(X; > x;|X1 =x1,...,X; | =x_1) is nondecreasing in x1, ..., x;_1. O
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Finally, we prove the association of stochastic nondecreasing variables.

Theorem 1.70 Let Xi,..., X, be stochastic nondecreasing random variables.
Then X1, ..., X, are associated.

Proof All the arguments used in the proof of Theorem 1.66 are applicable in this
multivariate framework, so this result follows. O

1.5.3 Some Negative Dependence Notions

Negative dependence is naturally introduced by reversing the inequalities in the def-
initions of positive dependencies above. There are, however, a few cares to be taken
when dealing with association to remove some choices where obviously the covari-
ances could not become negative. The negative counterpart of PQD was studied in
Lehmann [58] proving the analogous of the PQD results referred before. The ap-
pearance of a negative association happened in Joag-Dev and Proschan [54] and
Joag-Dev [53]. Some other negative dependence notions appeared when trying to
adapt some of the positive dependencies mentioned above to their negative counter-
parts as in Shaked [92] or Block, Savits and Shaked [17]. We will not include this
material here, as much of it is derived with arguments very similar to those used in
the previous subsection. These negative counterparts have attracted some attention,
especially on what concerns inequalities about partial sums. In some sense, the neg-
ative association will make moment inequalities easier to be obtained, as it implies
that covariances are negative, so the covariances between partial sums are smaller
than in the independent case. This general impression about negative dependencies
was, probably, at the origin of less attention in earlier years, when compared to the
interest in positive association, but there are, of course, quite a few specific features
that finally caught the attention. We will give a brief account of negative dependence
and a few basic properties in this subsection. These notions will not be developed in
further chapters of this text.

Definition 1.71 Two random variables X and Y are said to be negatively quadrant
dependent (NQOD) if, for all x, y € R,

Hx,y)=PX>x,Y>y)—P(X>x)P(Y >y) <O0.

The following is obvious but useful for adapting the proofs and results from the
PQD results.

Proposition 1.72 X and Y are NOD if and only if X and —Y are PQD.

The notion relies on Hoeffding’s formula (1.2) for its basic properties. Thus,
Corollaries 1.5 and 1.6 have immediate counterparts.



32 1 Positive Dependence

Proposition 1.73 Let X and Y be NOD random variables. Then

(a) Cov(X,Y) <0;
(b) X and Y are independent if and only if Cov(X,Y) =0.

The adaptation of Proposition 1.8, Theorem 1.9 and Corollary 1.10 requires a
little more care because of the direction of the monotonicity of the transformations
involved, as is obvious from Proposition 1.72. We will include here the statements
without proof, as these are obvious taking into account the previous comment.

Proposition 1.74 Let (X1, Y1), ..., (X,, Y,) be independent pairs of random vari-
ables such that, for eachi = 1,...,n, X; and Y; are NOD. Let f,g:R" — R
be such that, for each i = 1,...,n, when considered as functions of the ith co-
ordinate alone, one is nondecreasing, and the other is nonincreasing, and let
X=f(X1,....,Xp)and Y =g(Y1,...,Y,). Then Cov(X,Y) <O.

Theorem 1.75 Let (X1, Y1),...,(X,,Y,) be independent pairs of random vari-
ables such that, for each i = 1,...,n, X; and Y; are PQD. Let f,g:R" — R
be such that, for each i = 1,...,n, when considered as functions of the ith co-
ordinate alone, one is nondecreasing, and the other is nonincreasing, and let
X=f(X1,....Xpn)and Y =g(Y1,...,Y,). Then X and Y are NOD.

Corollary 1.76 Let (X1, Y1),..., (X, Yy) be independent pairs of random vari-
ables such that, for each i = 1,...,n, X; and Y; are PQD. Let U and V be
independent and independent from (X1,Y1), ..., (X, Yy). Let f,g:R"T1 — R
be such that, for each i =2,...,n + 1, when considered as functions of ith co-
ordinate alone, one is nondecreasing, and the other is nonincreasing, and let
X=fWU,X1,...,Xp)andY =g(V,Y1,...,Y,). Then X and Y are NOD.

For the definition of negative association, one should take care on the choice
of the arguments that are passed to the nondecreasing functions in order to avoid
turning the definition useless.

Definition 1.77 The variables X1, ..., X, are negatively associated if, for all dis-
joint A, B C {1, ..., n} and coordinatewise nondecreasing functions f : R4l — R,
g:RIBI R,

Cov(f(Xi,i€A),g(Xj,jeB)) =<0 (1.9)

whenever the covariance exists.
A sequence of random variables X, n € N, is negatively associated if, for every
n € N, the family of variables X1, ..., X, is negatively associated.

The following are immediate conversions to negatively dependent variables of
Theorems 1.15, 1.17 and 1.18, with proofs that just rephrase the arguments used
before.



1.5 Some Other Weak Dependence Notions 33

Theorem 1.78 Let X1, ..., X, be negatively associated random variables and con-
sider coordinatewise nondecreasing functions f1, ..., fr :R" —> R. Then the ran-
dom variables Y1 = f1(X1,..., Xn), ..., Yk = fr(X1, ..., Xn) are negatively asso-
ciated.

Theorem 1.79 Let X1, ..., X,, be negatively associated variables. These random
variables are independent if and only if Cov(X;, X;) =0,i,j=1,...,n,i # j.

Theorem 1.80 Ler X1,...,X,, and Y1, ..., Y, be independent and disjoint fami-

lies of the variables. Assume that X1, ..., X, are negatively associated variables
and also that Y1, ..., Yy, are negatively associated. Then the variables X1, ..., Xy,
Y1, ..., Yy, are negatively associated.

To finalize this subsection, we show an example of families of random variables
that are negatively associated.

Example 1.81 Let x1,...,x, be distinct and fixed real numbers, and X1, ..., X,
be random variables such that X = (X1, ..., X,,) has distribution verifying P(X =
Xo(1)s -+ Xo@m) = % for every permutation o of the set {1,...,n}. If n =2, itis

easily verified that X| and X, are negatively associated. In fact, is this case, given
nondecreasing functions f and g,

1
Cov(f(X1), g(X2)) = Z(f(xl) — f(x2))(g(x2) — g(x1)) <0.

The general case can now be proved by induction, so assume that this is true for a
family of n — 1 variables. We may assume, without loss of generality, that f and g
take the same value when we permute their arguments. Denote x, = x1 A - -+ A Xy,.
Let L the random variable identifying the index of X that takes the value x,, and
A, B C{l,...,n} be disjoint. Now we have

Cov(f(Xi,i€A),g(Xj,j€B))
=E(Cov(f(X;,i € A),g(X;, j € B)|L))
+ Cov(E(f(X;,i € A)IL)E(g(X;, j € B)IL)).

By the induction hypothesis, Cov(f(X;,i € A), g(X;, j € B)|LL) <0, thus the first
term on the right above is less than or equal to zero. As we have assumed that f does
not change by permuting its arguments, E(f (X;, i € A)|L) takes only two different
values, depending on whether I € A or not. In the first case, where L € A, as f
is nondecreasing, the value of the conditional expectation will be smaller than the
value corresponding to the second case. Of course, the same behaviour is observed
for the conditional expectation E(g(X;, j € B)|LL). That is, the final term on the
right is the covariance between a nondecreasing function of L and a nonincreasing
function of L, so it is less than or equal to zero.



Chapter 2
Inequalities

Abstract This chapter sets the basic tools to prove the asymptotic results that are
to come in the following chapters. The first three sections are concerned with dif-
ferent types of inequalities on joint distributions of associated random variables and
moments of sums. It is interesting that, although association is defined with a some-
what vague requirement, it is possible to recover versions for moment inequalities
which are quite close to the independent case, thus paving the way to find asymp-
totic results that are also similar to the ones found in the independence framework.
One of the key issues with association is the ability to control joint distributions
from the marginal distributions using the covariance structure of the random vari-
ables. This is explored mainly in Sects. 2.5 and 2.6. The inequalities proved in these
sections will provide the means to use the coupling technique, common to prove
convergence results. Sect. 2.5 shows that at least the convergence in distribution is
concerned with the covariance structure that completely describes the behaviour of
associated variables. This chapter is a fundamental one for the remaining text.

2.1 Introduction

As usual, inequalities play an important role in the development of a theory, as much
of the proving efforts are spent obtaining good estimates of suitable quantities. The
first result on inequalities for associated random variables appeared in Lebowitz
[55], controlling covariances of blocks of variables motivated by the need to con-
trol some Hamiltonians appearing in the Ising spin models with ferromagnetic in-
teractions. These are essentially covariance inequalities on transformations defined
with indicator functions. The natural development considering more general trans-
formations appeared with the contributions by Newman [69, 70], where the main
goal was, however, the extension of inequalities on characteristic functions to trans-
formed associated random variables. These inequalities on characteristic functions
were motivated by the study of central limit problems using the classical approach:
decomposing sums into sums of blocks and trying to treat these as if they were in-
dependent. This led the work in Newman [69, 70] to one of the main tools in the
association literature about convergence in distribution, Theorem 2.37 and its exten-
sion to transformed variables, Theorem 2.40. Moreover, inequality (2.26) showed
the importance of covariances on the characterization of the dependence structure
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of associated random variables, leading naturally to conditions on the decay rate of
the covariances when dealing with central limit problems, invariance principles or
statistical estimation issues. The meaningfulness of the coefficient u(n), introduced
by Cox and Grimmett [25] (see Definition 2.13), is well justified by this charac-
teristic functions inequality. As a sort of a side effect of the previous, it is worth
mentioning the control of covariances of indicator functions by the covariances of
the original associated variables, with a first version appearing in Yu [109] and later
extended in Cai and Roussas [24]. This inequality, as expressed in Corollary 2.36,
has shown to be of significant importance in the analysis of invariance principles and
also when studying the behaviour of statistical estimators. The interest on extending
covariance inequalities was also developed into another direction, controlling the
covariance of not necessarily monotone transformations of the variables, with upper
bounds depending on the derivatives of these transformations. A general method-
ology for approaching the control of such covariances really follows from a few
concepts introduced in Newman [69, 70], although explicit results only appeared
somewhat later, Bulinski [22]. The control of moments for partial sums was first
treated in Birkel [13], where the usual n’/2 bounds were proved under suitable de-
cay rates on the pairwise covariances, expressed through a convenient coefficient,
to be introduced below in Definition 2.13, and were later extended by Shao and Yu
[94]. These tools were used by Masry [65] to prove almost optimal convergence
rates for density estimators based on associated samples.

Finally, exponential inequalities have been an important tool for studying con-
vergence rates, especially for laws of large numbers or large deviations. The first
such inequality was proved by Prakasa Rao [83], who obtained an upper bound
that is too weak to characterize convergence results. A more useful exponential in-
equality for bounded associated variables appeared in Ioannides and Roussas [48]
and was used by the authors to prove the first convergence rates for Strong Laws
of Large Numbers. This inequality was also used in statistical estimation to char-
acterize convergence rates when approximating distribution functions in Azevedo
and Oliveira [3] or Henriques and Oliveira [41] or for density estimators [42]. The
approach was based on a block decomposition of partial sums, as for the proofs
of Central Limit Theorems. This was later extended, dropping the boundedness of
the variables by using truncation, by Oliveira [75]. Curiously, what seems to be the
weak point of this approach was the treatment of the coupling independent variables
used in the proof. This aspect was further improved by Sung [98] and Xing, Yang
and Liu [106], always with the motivation of improving the convergence rates for
the laws of large numbers in mind, who were able to obtain exponential inequalities
that lead to convergence rates in the law of large numbers arbitrarily close to the rate
for independent variables.

2.2 Block and Tail Inequalities

In this section we prove two simple inequalities whose proofs use essentially the
same arguments. The first one concerns joint distributions and pairwise joint distri-
butions, separating the variables, and was proved by Lebowitz [55]. This inequality
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can be thought of as a first version of the control of the distance between joint dis-
tributions and the product of marginal distributions that would be found in the case
of independent random variables. This idea will be extended into a finer and more
clear statement in Sect. 2.5, where this distance is truly controlled in terms of the
covariances of the associated variables. The second inequality concerns distribution
functions and tail probabilities, proving what one could expect to find, given the
definition of association of random variables, that is, that joint probabilities tend to
increase with respect to the product of the corresponding marginal ones. This is a
direct consequence of the fact that covariances are nonnegative, which is one of the
sources of difficulties when treating associated variables: covariances of moments of
sums tend to increase with respect to what could be found for independent variables,
so the inequalities seem to somehow go into a wrong direction.
Given A, BC{l,...,n}and x1, ..., x, € R, define
Hpap(xt,....,xp) =P(X; >x;,i € AUB)
—P(X;>x;,j € AP(Xy > x, k€ B),
Hjp(x1,...,xp) = Hyjy iy (x1, - -, X))
We will write, for simplicity, just H4 g or Hjy, unless confusion arises. Notice
that H; y = COV(H(XJ.’JFOQ)(X]'), L, +00) (X)) = 0, as the functions Iy, 10)(#) are,
for each fixed x, nondecreasing in u. Moreover, as already remarked before (see
page 3),
Hy2(x1,x2) =P(X1 > x1, X2 > x2) — P(X| > x)P(X2 > x2)
=P(X; < x1, X2 < x2) —P(X1 <x1)P(X2 < x2)
= CoV(I(—o0,x,1(X 1), I(—00,1,1(X2)).

Theorem 2.1 (Lebowitz inequality) Let X1,..., X, be associated random vari-
ables,and A, B C{1,...,n}.Then0 < Hy p < ZjeA,keB Hjy.

Proof Recall the definition of [4 = ]_[ieA I(x; +o0)(X;) (see page 22) and put S4 =
ZieA I(x; +00)(X;i), and analogously for Iz and Sp. Then, obviously,

Hu p = Cov(ly,Ip), Z Hj; =Cov(S4, Sp)
jeAkeB
and
Cov(Sa, Sp) =Cov(Sa — 14, Sp) + Cov(lla, Sp —Ip) + Cov(ls, Ip).
Allthe 4, I, S4 and Sp are nondecreasing transformations of the X1, ..., X,,, thus

are associated, according to Theorem 1.15. It follows that H4 p = Cov(I4, ) > 0.
Let us now fix j € A. Then

SA—]IAZZ]Ig—i-]Ij(l—H]Ig).

leA LeA
] t£j

The first term on the right does not depend on X ;, while the second is the product
of a nondecreasing function of X ;, I;, by a nonnegative factor that does not depend
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on X ;. Thus, it follows that S4 — 4 is a nondecreasing function of X ;. Repeating
this argument for each choice of j € A and each k € B, it follows that S4 — 4 and
Sp — I p are nondecreasing in each variable they depend on. Thus, due to the associ-
ation, Cov(S4 — 4, Sg) > 0 and Cov(Il4, Sp — 1) > 0, so the theorem follows. [

This result implies immediately a very simple characterization of independence
between associated variables completely described in terms of the covariances, gen-
eralizing Theorem 1.17.

Corollary 2.2 Let Xi,...,X, be associated random variables, and A, B C
{1,...,n}. Then the random variables X;, i € A, are jointly independent of X ;,
J € B, ifand only if Cov(X;, X ;) =0 for everyi € Aand j € B.

Theorem 2.1 above gives an upper bound for a term that may be thought of as
a joint covariance using pairwise covariances. Next we prove a similar result but
concerning directly the joint distributions. In this case, association implies a lower
bound for the joint distributions.

Theorem 2.3 Let X1, ..., X, be associated random variables, and x1, ..., x, € R.
Forevery AC{1,...,n},

(@) P(X; >x;,i € A) > [[;c4 P(Xi > x)).
(b) P(X; <x;,i € A) = [[;ea P(Xi <xp).

Proof (a) may be rewritten as E(] [;c4 L, +00) (X)) = [ ;4 EQlx; 400) (Xi)). By
permutating the random variables, which does not affect association, we may as-
sume, without loss of generality, that A = {1, ..., k} for some k <n. Then,

k—1
Cov (mxk,m X0, [ [T 00 (X»)

i=1

k—1 k—1
= E<H<xk,+oo> X [ .40 (X») — Bl +00) (Xk))E<1"[ Hu,.,m)(x,-))
i=1 i=1

> 0.

Iterating now this argument, (a) follows. As for (b), apply the same argument to the
decreasing transformations I(_ oo »;1(X;) = 1 — L, 100) (Xi). U

A useful bound for Hjx, in terms of the covariances of the original random
variables will be proved later in Corollary 2.36.

The inequality in Theorem 2.1 concerns a special kind of nondecreasing transfor-
mations. In fact, the same is still true for the inequalities in Theorem 2.3. However,
it is possible to go beyond nondecreasing and even nonmonotone transformations
of associated variables if these functions are dominated by nondecreasing ones, in a
convenient sense as introduced by Newman [69].
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Definition 2.4 Let f, g:R" —> C, where n € N. We write f < g if g — Re(e/® f)
is coordinatewise nondecreasing for every o € R.

Remark 2.5 Notice that as g = %[(g —Re(f)) + (g —Re(—f))],if f <g,then g
is real-valued and coordinatewise nondecreasing.

Remark 2.6 If f is a real-valued function, then it is obvious, by choosing & = & or
a =0, that f < g if and only if both g + f and g — f are nondecreasing.

We first state a result allowing to deal with characteristic functions through the
relation “<”".

Proposition 2.7 Let [ and g be functions defined on R". Assume f is real-valued
and f < g. Let p be a complex-valued function defined on R such that, for every
u,vER, [p(w) —p)| = |u—v|.Thenpo f <g.

Proof We need to prove that g — Re(e’®p o f) is nondecreasing. Let ¢, s € R” be
such that > s (in the coordinatewise sense, that is, t; > s;, j = 1,...,n). Then,
taking into account the assumption on p, we have

[Re(e™p(f (1)) —Re(e®p(f(5)))]
<|ep(f (1)) = p(f®))| = |o(f ) = p(fF&©))| < | f©) = F )]

Now, as f < g, both g+ f and g — f are nondecreasing. So, if f(¢) — f(s) > 0, use
the firstto find | f(r) — f(s)| = f(t)— f(s) < g(t)—g(s),andincase f(t)— f(s) <
0, use the later to find | f () — f(s)| = f(s) — f(f) < g(t) — g(s). That is, we have
in either case | f () — f(s)| < g(t) — g(s). Finally, as g is nondecreasing,
[(g®) +Re(ep(f(®)))) = (8() +Re(ep(f())))]
> g(t) — g(s) — [Re(e* p(f (1)) — Re(ep(f(5)))| = 0. -

Notice that in the previous result we can choose p (1) = et

Lemma 2.8 Let X,,, n € N, be associated random variables. Let f1, f2, g1, & be
Sfunctions defined on R" for some n € N, such that f| < g1 and f, <X g>. Then

|Cov(fi(X1,.... Xn), o(X1,..., Xn)|
<2|Cov(gi(X1,.... Xn), g2(X1,.... X))/ 2.1

Proof Assume that f1, fa, g1, g» are real-valued functions. Then, it is enough to
prove
|C0V(81(X1» "'7Xn)7 gZ(Xl, ’Xn))} _COV(fl(Xl, ] Xn),h(le 7Xn))
>0

both for h = f, and h = — f,. Now, according to Remark 2.6, g1 + f1, g1 — f1,
g + f>» and g» — f> are all nondecreasing functions. Thus, for both considered
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choices of &, go + h and g» — h are nondecreasing. Notice further that, according to
Remark 2.5, g and g; are nondecreasing functions. Thus, taking into account the
association of the random variables, we have

|Cov(g1(X1,.... Xn), 82(X1,.... Xpn))|
—Cov(fi(X1,.... Xn) h(X1, ..., Xp))
=C0V(g1(X1,...,X,,),gg(Xl,...,X,,))
—Cov(fi(X1,...,Xn), h(X1,..., X»))

1
= S[Cov(g1 (X1, ..., Xu) + filX1, ..., Xo),
(X1, ..., Xp) —h(X1, ..., Xp))
+C0V(g](X], "‘5Xn) _fl(le"'7Xn)9
g(X1..... X)) +h(X1..... Xp))]
Z O’
again due to the association of the random variables for the final step. If f; and f>

are complex-valued functions, separate them into the real and imaginary parts and
apply twice the previous upper bound. O

Remark 2.9 Notice that, if one of the functions f] or f5 is real-valued, we may drop
the coefficient 2 in (2.1). This inequality, for real functions, has appeared in Birkel
[14], while the extension to complex-valued functions was considered in Newman
[69].

These inequalities give us a means to prove an extension of Theorem 2.1 consid-
ering smooth but not necessarily monotone transformations of the random variables.

Theorem 2.10 (Bulinsky inequality) Let X,, n € N, be associated random vari-
ables. Assume that A, B C N are two finite sets and that f| and f> are real-
valued functions defined on R4 and R8B!, respectively, partially differentiable with
bounded first-order partial derivatives. Then

fr

. : af2
Cov(fixiic ), X jem)= Y | H ) Covxs. x)).
icA,jeB" J
(2.2)
Proof Define the following functions:
af g
81(S1,~~.,S|A|)=Z vl IR and g2(Sl,~--,S\B|)=Z rrel A
ieall 7t lloo jep! 77 oo

Then g1 — f1, g1 + f1, & — f2 and g» + f> are nondecreasing functions, that is,
f1 <g1 and f, < g». Then, applying Lemma 2.8 and taking into account Re-
mark 2.9, the theorem follows immediately. O
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A useful consequence of Theorem 2.10 gives an upper bound when considering
transformed associated random variables.

Corollary 2.11 Let X,,, n € N, be associated random variables. Assume that
A, B C N are two finite sets and that h is a bounded real-valued function defined on
R with bounded first-order derivative. Then

Cov(Hh(Xi), ]‘[h(xj))

i€eA JjE€B

<MaIsP= w2, > Covixi. X)).
i€A,jeB

Proof Apply Theorem 2.10 to f] (S],...,S|A|) = /’l(S])-nh(S‘A‘) and f2(51, ey
s1B]) = h(s1)---h(sB)). O

Remark 2.12 Notice that the inequalities proved in Theorem 2.10 and Corol-
lary 2.11 makes the control of dependence through the pairwise covariances.

Following the above remark, we close the section introducing an essential coef-
ficient, firstly used by Cox and Grimmett [25], for the control of the dependence for
associated variables.

Definition 2.13 Let X,,, n € N, be a sequence of random variables. Denote

u(n) = sup Z Cov(X;, Xy).

keN i1 j—ki=n

Remark 2.14 Notice that if we assume the random variables to be stationary, then

oo
u(n) =EX; +2 »  Cov(X1.X)).
j=n+1
One can recognize this expression as the asymptotic variance in central limit theo-
rems for dependent variables if we choose n = 0.

2.3 Moment Inequalities

Moment inequalities play a central role in proving asymptotic results for sums of
random variables. As is well known, for independent random variables, the growth
of ES! is controlled by n'/2. We find in this section sufficient conditions for this
growth rate to hold for associated variables. The first such result was proved by
Birkel [13] and later extended by Shao and Yu [94], obtaining the control for sums
of transformations of associated variables, as described in Theorem 2.18 below. The
route for the proof of both these versions is much alike, although the technicali-
ties are somewhat different: find an appropriate control of covariances of powers of
sums and use an induction argument to proceed. So, let us go into the first step for
proving the main moment inequality, the control of covariances between sums of
transformed variables.
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Lemma 2.15 Let 2 < p <r < +00, and [ be an absolutely continuous function

such that sup, g | f'(x)| < Co. Assume that the random variables X,, n € N, are

associated with || f (X,)lly < oo, n € N. Let A and B be two finite subsets of N.
D FXDL D] (X))

Then
p—1
Cov ( )
icA JjEB

pN\ =D (p=2)/rp r(p=2)/rp
< p(E Y Fx)) ) <Z||f(Xf>||,>

jeB icA

(r=p)/rp
x(cg > cOv(X,-,X,-)> , (2.3)

icA,jeB

b

wherer, =r(p —1) — p.

Proof Let C1 > 0 be fixed and denote as usual by |A| the cardinality of a set A.
Define g(t1, ..., ta) = | Zlill f ()| and
|B|

> )

j=1

p—1

_ p—1
h(ty,....18) = Ly, rapi=en + €1 Igy; rapi=any-

It is easily verified that
dg

at;
(in fact, h is not differentiable at every point, but, as f has a bounded derivative,
one may arbitrarily approximate % by a differentiable function and then take limits),
and thus, from Theorem 2.10 it follows that

|Cov(g(Xi.i € A).h(X;.j€B)|<(p—DCI2C] Y Cov(Xi. X))
i€A,jeB

oh
<(C; and H—
8@

<(p-1C'?cy
(o]

e¢]

To complete the proof, we now find an upper bound for

Do rXp

jeB

p—1

Cov(g(Xi,i €A,

—h(Xj,jeB)>‘

= pNLC.0)

p—1
p—1
-G >H{|Z,-€Bf(xj>|>cl}>’-
JjE€B

By rewriting this expression in terms of mathematical expectations, this covariance
is obviously less than or equal to

max[ZE<|f(X,')|

Cov(g(X,-,i €A, (

p—1
Iy f(X,-)|>C|}>v

pNLC.0)

icA JjEB
p—1
ZE|f(Xi)|E< Y o) Ly s f(xj>|>cl}>]-
icA jeB
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Applying the Holder inequality to both terms, the above is still less than or equal to

(p=Dr/(r=1) (r=1/r
Z||f(Xf>||r<E( D fX)) H{IZ_/EBJ"<X_,->|>CI}>> :

icA jeB
Finally, using again the Holder inequality followed by the Markov inequality, we
find

p—1

> FX))

JjEB

Cov(g(Xi,i €A,

—h(Xj,jeB)>‘

P) (r=1/r
The lemma now follows by choosing

1 CéZieA,jeBCov(Xi,Xj) .

D rX)

JjEB

< Cl—(r—P)/r ZHf(Xl)Hr<E

ieA

O

Remark 2.16 Notice that, in the proof of this inequality, the association of the ran-
dom variables is only used through Bulinsky’s inequality.

The previous lemma is essential for the proof of the main inequality in this sec-
tion, as done in Shao and Yu [94]. We still need a technical lemma to achieve this
extension.

Lemma 2.17 Let o, B € (0,1) and x,a,b,c>0.Ifx <a+ bx'=% 4+ cx17P then
x <2a+ (4b)V* + (4c)V/B.

Proof As

0

P10 <s 41, 5,620,0€[0,1], 24)

it follows that bx!' =% = ((4b)1=®/@p)a(3)1- < 4U-a/epl/e 4 X Analogously,
cx!=B <4(=P/Bpl/b 4 7 Using these bounds on the assumption, the lemma fol-
lows readily. g

We may now, following Shao and Yu [94], prove a moment bound for partial
sums requiring a suitable decay rate on the covariance structure, expressed using
the coefficient u (n) introduced in Definition 2.13.

Theorem 2.18 Let2 < p <r <400, and f be an absolutely continuous function
such that sup . cg | f'(x)| < Co. Assume that the random variables X,,, n € N, are as-
sociated, Ef (X,) =0, || f(X) |, <00, n €N, and u(n) < Cin~? for some C; >0
and 0 > 0. Then, for each ¢ > 0, there exists K, depending on ¢, r, p and 6, such
that
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DX
i=1

p
E

n p/2
< K[n”g max (| f (X0)[") + (nr;ng;Z|Cov(f<Xf), f(xj>)!)
- - =l

DDV | [0
1=
x (c3cy) "/ (’2)]. 2.5)

Proof We shall prove the theorem by induction on the number of terms in the sum-
mation on the left side of (2.5). Notice that (2.5) is obvious for n = 1. So, assume
that the theorem is true for each k < n. Denote, foreachn e N, T,, = Z?:l f(Xi)
and r, =r(p — 1) — p, as in Lemma 2.15. Let a € (0, %) be fixed, m = [na] + 1,
and denote &k, = [%] + 1. Now, decompose T, into the sum of several blocks of
length m:

nA20—1)m nA2em
= ) f&X) ad me= Y fXp, t=1,... k.
j=2(—Dm+1 j=2t—m)+1

Further, define the sums of alternating blocks:

It is obvious, using the binomial inequality, that E|T,|? < 27 —1(E| T nl? +
E|T>,,17). We will concentrate on finding an upper bound for E|T1 ,|?, as the other
mathematical expectation is analogous. Using again the binomial inequality, we find

k}‘l
E|T1,|7 =E<Z|§zllée + T —su”—l)

=1
kn
<272 E(l&l (18l + 1 Tin — &177"))
=1
kn k"
<2P2YBIENP +2772 ) E(ENT — &P, (26)

(=1 =1

Denote the first summation above by A; and the second by A;. The association of
the random variables enables the control of A; as, taking into account Lemma 2.15,
it follows that
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k

Ay < ) EIEIEIT, — &l
=1
& (r=1)(p-2)/r rp=2/rp
+ Y p(EITi, —&I") (m rjng;HﬂXj)Hr)
=1 -
x (C3mu(m)) """, @7

Using the binomial and Holder inequalities, we get that the first term above is less
than or equal to

k

2072 CEI&E(1&)P T + | TialP )
=1
k" kl‘l
< zﬂ—z[z Elge|” + Y (EIT1,q17) 7" pElEe|:|-
=1 =1

Put C; =max <, ||f(Xj)||:(p72)/r”(Cgu(m))(”p)/’l’. Then, using again the bino-
mial inequality on E|T7 , — &¢|?, we obtain

k)l
_ _ —1
Ay <2P72A1 + 272 (BIT107) TP Y Elgl

=1
& 2 2
4 2P~ Com (Z(Eléelp)l‘(" 0 4k (BITy 1P) ™0 V”’). 2.8)
=1
Using (2.4), we easily see that
kn kn
1—(r—2 _
Cam Y _(El&|7) =2 < D Elgel” + kn(Com)'»/ 07,
=1 =1

so, replacing in (2.8), we have

k}l
Ay <2P2(1+2p)Ar + 2P (BT 1P) PP Bl
=1

+ p2P N (Camky) /D 4 p2P T Comky (BITy ,|7) PP
Insert now this into (2.6) and use Lemma 2.17, to find that
E|T1, P <2P72(1+2772(1 +2p)) Ay
+ 22073 (Cimby) /07

kn
+ 22(?—2) (E|Tl,n |P)(P—1)/P ZE|§Z|
(=1

+ p22P 73 Comky (EIT1 ) 02
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<2771 (1427214 2p)) Ay

kn 14
4 220(p=1) (Z E|&|) +3p22PD (Comiy ) r/ D),
=1

To simplify the writing of the expressions, denote
ap=2""1(1+272(1+2p))
and

by = 3p22(p—1) I,n<a,i,(” (X)) ”:(p—2)/rp (Cgcl)(r—p)/(r—%_

Then, recalling the assumption on u(n), we have

kn

p
E|Tial? <apA; +227#=D (Z(ng)W) by (k) 7D P2,
=1

Denote v, = max;<, Z?:l [Cov(f(Xi), f(X;))], so that Eéez < mvy, < mu,.
Hence,

E|T10l? <apAy + 22777 Dkl (mv,)?/?
+ by (mky) P/ =D =072, 2.9)

Of course, T» , verifies an analogous inequality. Therefore,

k)‘l k?l
E|T,|” <2/ 'a, <ZE|&|P + ZEWV’)

=1 =1
1 2@PDODHP (0 VP2 L 9P (k)2 D 0D

We may now use the induction hypothesis to bound the summations Zlé”: | El&el?
and Z]z”:l E|n¢|?, so it follows that

E|T,|” < 2pa,,an(m1+8 r})fr),(E|f(Xj)|p + (mu,)P?
+ 2bpm(r,,+e(p—r>>/<r—2)v(1+a))

4 2@PEDP=DHP iy P2 4 9P () D PP =D,

Choosing a = (2”_1ap)_1/£ and

(2(21?+1)(11—1)+1ap(5—1)/2 2pbpa(1+8)rp/(r—2) )
K = max )

1 —a@/2-DFe) 1= 2b,q(+0)(pr—D/G—2-2)

we get inequality (2.5), so the proof of the theorem is concluded. O

The inequality just proved in Theorem 2.18 above plays an important role in the
study of convergence in distribution of empirical processes, allowing the control of
the moments of increments needed to prove the tightness of the empirical process
(refer to Sect. 5.4). An extension to the multivariate case, with an application to
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density estimation may be found in Masry [65]. A version of this inequality for
LPQD random variables has been proved in Louhichi [61].

If we assume that u(n) decreases fast enough, we may be more explicit about the
growth rate of the third term in (2.5).

r(p=2)

Corollary 2.19 Under the assumptions of Theorem 2.18, if 0 > =)

each ¢ > 0, there exists K, depending on ¢, r, p and 6, such that

>
i=1

then, for

p
E

n p/2
< K|:nl+‘E I_naxE(|f(X,-)|p) + (n maxZ|Cov(f(Xi), f(Xj))|>
i<n i<n =

The following result is an immediate consequence of Corollary 2.19, choosing
f as the identity function and ¢ = pTJ, to obtain the n’/? growth rate for the rth
moment of partial sums as for independent random variables.

Corollary 2.20 Let 2 < p <r <00, and X,, n € N, be centred and associated
random variables satisfying u(n) < Cin? for some Cy > 0, with 6 > ;Ef:;g, and
| Xnllr < oo for n > 1. Then, there exists a constant K = K (p, r) such that, for all

n>1,

P n p/2
E < KnP/? |:maxE|Xl~|p + (maxZCov(X,-, Xj)>
i<n 1<n —1
j_

n
2 Xi
i=1

+ max ”Xl ||:([7_2)/(r_2)CEV_P)/(V_Z)] ) (211)
i<n

This corollary is essentially a version of the result proved by Birkel [13] that we
state next for convenience later when studying invariance principles (see Sect. 5.4).

Corollary 2.21 Let 2 < p <r < o0, and X,, n € N, be centred and associ-
ated random variables such that u(n) < C n? for some C1 > 0 and 6 > 0, and
sup,cy Bl X "™ < oo for some n > 0. Then, writing Sy = X1 + --- + X,,, there
exists a constant K > 0 such that

sup E(ISy+n — SmlP) < KnP/2. (2.12)

meN

Proof Just remark that, in Corollary 2.20, the constant K in (2.11) does not de-
pend on n and the expression inside the large square brackets is bounded above by

sup, E|X,|P + (0)?/2 + sup, || X; || * =2/ =2 cr=p)/=D)  which is also inde-
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pendent from n. Of course, in (2.11) one does not have to start the summations at
i=1. O

2.4 Maximal Inequalities

An usual, the way to prove functional central limit theorems is based on suitable
maximal inequalities. In fact, such inequalities are at the base of most of the argu-
ments needed to prove the tightness of the sequences of random functions in the
most popular spaces of continuous or cadlag functions as described, for example, in
Billingsley [10]. There is a huge literature on such problems that is directly inspired
on this approach. Thus, we are interested on extending such inequalities to associ-
ated random variables. An application of the following results to proving functional
central limit theorems will be treated later on Sect. 5.3.

The first maximal inequality appeared in Newman and Wright [71], controlling
the second-order moments of maxima. We will then discuss some extensions to
higher-order moments and conclude this section considering the case where we only
have moments of order strictly smaller than 2.

Throughout this section we will be referring to the maxima of partial sums, so
we introduce the following notation: for each n € N, denote M,, = max(Sy, ..., S;)
and M) = max(|S1[, ..., |S.])-

Theorem 2.22 Let X,,,n € N, be centred, square-integrable and associated random
variables. Then EM? < Var(S,) = ES? for every n € N.

Proof The inequality is trivial for n = 1. The proof will now be completed by an
induction argument. Thus, let us assume that the result holds for the maxima of
partial sums involving n — 1 variables and define, for each n € N,

Ky =min(Xo + -+ Xy, Xz + -+ Xy, ..., X, 0),
L, =max(Xp, Xo+ X3,..., X0+ -+ X,),
J, = max(0, L,).
Notice that all these variables depend only on X», ..., X,. It is clear that K,, =
Xo+--+ X, —Jy,50,a8 My, = X1 + Jy,
EM} = Var(X1) +2Cov(X1, J,) + EJ?
= Var(X;) +2Cov(X|, Xs 4 --- + X,,) —2Cov(X1, K,,) + EJ2.

The random variables K, are increasing transformations of the original variables,
so according to Theorem 1.15, they are associated and associated with X, and thus
Cov(X1, K;) > 0. Moreover, J? < L,21, so it follows that

EM; < Var(X1) +2Cov(X1, X2+ -+ X,) + ELZ.

Finally, by the induction hypothesis, EL,% < Var(Xj + --- + X,), so the theorem
follows. O
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Given j,n € N, define

jthlargest among (Sq,...,S,) if j <n,
P27 min(Sy, ..., Sy) if j > n.
Obviously, T, , = min(Sy,...,S,) and T1, = max(Si,...,S,). The following

gives a general inequality.

Lemma 2.23 Let X,,, n € N, be associated random variables, and m a nondecreas-
ing function such that m(0) = 0. Then, for all j,n e N,

Tjn
E/ um(du) < E(Snm(Tj,n)). (2.13)
0
Thus, for every ¢ > 0,
AMP(Tjn=>c) =< / S, dP. (2.14)
{Tjn=c}
Proof Write
n—1 n—1
m(Ti)Sn =Y Sert (m(Tiaat) —m(T30) + Y (Seat — SOm(Tjg).  (2.15)
k=0 k=1

By the definition of T ., if kK < j, we have either T x = T x41 or Sgy1 =Y} k41
Analogously, if k > j, we have either T = T} x41 or Sg+1 = Y x4+1. Thus, for
every k> 1,

Tj k+1
St 1 (m(Tjpr1) = m(Tj 1)) = T g1 (m(Tjpg1) — m(Tj ) Z/ um(du).
Tk
Now, take expectations, sum these terms, and recall that T; , = S, and that, due to
the association of the random variables and that S,, are nondecreasing transforma-
tions, all the terms in the second summation of (2.15) are nonnegative, so (2.13)
follows. Finally, to prove (2.14), choose m (#) = I|¢, yo0)(#) and apply (2.13). Il

Remark 2.24 The previous lemma was proved by Newman and Wright [72] for
a somewhat more general framework. In fact, all that is used in the proof is just
that Cov(X,4+1,m(S1, ..., Sp)) = 0. A sequence of random variables verifying this
condition was called in Newman and Wright [72] a demimartingale.

We may now prove an extended version of the inequality in Theorem 2.22.

Theorem 2.25 Let X, n € N, be centred and associated random variables. Then
ET}, <ES;.
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Proof Define the random variables Z; =0 and Z; = Z?:n—k+2 X, k=2,3,...,

n+1, and, for j <n, Z;, the jth largest among (Zy, ..., Z,). Then, from Theo-
rem 2.23 with m(u) = u we have

1

SEBZe i SEZaTaejiin) SEZaa Tojrin),

so E(Zp11 —Th—j41, 22 < EZ2 ntls which is equivalent to the statement of this the-
orem. O

We may improve the upper bound for EM,% if we assume a more precise conver-
gence decrease rate on the covariance of the random variables. The following result
appeared much later in the literature (Yang, Su and Yu [108]) and was motivated by
the search for convenient characterizations of the convergence rate in Strong Laws
of Large Numbers.

Theorem 2.26 Let X,,n € N, be centred, square-integrable and associated random
variables such that

> u'?(2) < co. (2.16)

Then, there exists a positive constant C such that

EM2 < Cn (rl?axEX,f + 1). 2.17)
<n

Proof For each n € N, define the sequence of random variables Y; , = X;Ij1 (i),
i =1,2,....These random variables are obtained as nondecreasing transformations
of the original ones and thus are associated. Consider, on the sequel, n fixed. Given
J.keN,define Sj(k) =Y 1, +---+ Yk n and, to deal with the nonstationarity,
Sk = sup ey 1S (k) |2, where ||S; (k)||2 = (E(S;(k)))'/? is the L? norm of S (k).
Then, obviously,

1Si @0, < 180+ S aspam ® |, + [ Siw (KD, + [ S5 ([(K7])
< 180 + S ppppim ) |, + 263 sup ;.11
=[S0 + S a0 okl max | X; .

Now we use the association of the random Vanables, implying that the covariances
are nonnegative, so that

18700 + S iy @ |3 = E(S; K + 81 ()
Jtk
= 2sk +2 Z Z COV(Yi,m Yl,n)
i=j+1 b=j+k+k"31+1
Jtk
<257 +2 Y u([k'3]) =257 + 2ku([k'?]).
i=j+1
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Thus, inserting this in the previous majorization, it follows

2k = \/Esk + 2ku([k]/3]) + 2k1/3s1.

We now use recursively the previous bound to find

r—1 r—1
sor <272, + 28, Z pr=1=D)/2+i/3 4 or/2 Z u([27))
i=0 i—0

00 3i+42
<2r/2S1+2(r+1)/2S122 1/6 2[‘/222 / 2]/3
i=0 j=3i

oo
<14 x 272 +3x 2723 Ju([27])
i=0

<C2%(s1 + 1),

where C = max (14,3 Y72, v/u([2])). Assume now that 2" <k < 2"*!. Then, due
to the association,

ES? <EB(S3(21)) =5k < 2002 (3 +1) <202%7 (s + 1),

so, from Theorem 2.22 the result follows. O

Assumption (2.16) that has been used for the first time in Yang [107] is a rather
mild one. In fact, (2.16) is verified if u(n) is of order (logn)~2(loglogn)~3, much
weaker than the typical hypothesis used in Sect. 2.3, where a polynomial decrease
rate was often assumed.

The result above assumes the existence of second-order moments, but, being a
statement that does not require stationarity, these moments may be unbounded. Of
course, the case where the second-order moments are bounded is included in the
framework of Theorem 2.26. As could be expected, it is possible to prove a version
of the upper bound better adapted to this situation, which will be explored later when
dealing with truncated variables, allowing to explore the behaviour of the truncating
sequence.

Theorem 2.27 Let X,,, n € N, be centred and associated random variables such
that sup,, . EX2 < 0o and

o0
K=sup > Cov'/*(X;, X;) < oc. (2.18)
JeN ks

Then, for everyn € N,

2 2 2 172
EM; <2nsupEX; + 4nK<sup EXn> .
neN neN
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Proof First remark that, obviously, for every j <n,

5 2 2 2 2
Sj < Inax((min Sk) , (max Sk) ) < (min Sk) + (max Sk) ,

k<n k<n k<n k<n

so it follows that M,% < (ming <, Sk)2 + (maxy <y Sk)2 < 2(maxy<p Sk)z. Thus, ap-
plying Theorem 2.25, we have that E(max;<, Sp)? < ESZ, SO

(max Sk> <2ES§? =2 Z Cov(X,, Xp).
Jj.k=1

Define K| = sup, .y EX2. Then, it is obvious that

Cov(X;, Xi) < (EX2EX})'? < K,

and
1/2
Cov(Xj, Xp) < (K1 Cov(X;, Xx))
Thus,
n—1 n

Z Cov(X, X;) = ZEX2+2Z > Cov(Xj, Xpo) < Kin+2K*nK

Jj.k=1 j=1 j=lk=j+1
so the result follows. O

We now prove an extension to associated random variables of a well-known max-
imal inequality under independence.

Theorem 2.28 Let X,,,n € N, be centred, square-integrable and associated random
variables. Then, for all . > 0 andn € N,

P(M;; > hsy) <2P(ISul = (b — V2)s). (2.19)
Proof Define M,T =max(0, Sy, ..., S,). Given real numbers x < y, we have
P(M; > y)
<P, 2x)+P(M' >y, M —8,>y—x)
<P(S, =) +P(S}_, = y)P(M,_, — S, >y —x)
E(M; 1_Sn)2
<P(S, > P(MT > y)—n=1 "7
=P 20+ P2 5) =

using Theorem 2.3, as M;; , and S, — M;; | are associated. The mathematical ex-
pectation above may be rewritten as

E(M} | —5,)” =E[max(X,, X, + Xo_1, ..., Xo + -+ X1)2] <ESZ,

taking into account Theorem 2.22. Now, if (y — x)2 > s =ES;, 2 it follows then that

2
e s (_yx)z D p(s, > 0. (2.20)
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Repeating these arguments with M, = max(0, —S§, ..., —S,) and adding to (2.20),
we find, whenever y — x > «/Esn,

P(M} > y) <2P(S,| = x). 2.21)
Finally, choosing y = s, and x = (. — ~/2)s,, it follows that
P(M;; = hsy) <2P(ISu] = (O = V2)s3). O

Notice that (2.19) has exactly the same form as in the independent case (see
Sect. 10 in Billingsley [10], for example).

The previous theorem implies, in a very simple way, a maximal inequality for
higher-order moments, thus extending Theorem 2.22.

Corollary 2.29 Let X,, n € N, be centred and associated random variables with
finite moments of order p > 2. Then EM}P < «/§(E|Sn|")1/1’ +2ESP.

Proof Recall that M,'l" =max(0, S§1,...,S,). As M,',“ is a nonnegative variable, by
(2.19) and Holder’s inequality, it follows that, with s2 = ES2,

E(M;)"
+00 +00
=/ P((M;)" >y)dysﬁsn+2/ P(ISul? > y = V25,) dy
0 «/ZY”
<25, +2ESY < V/2(ES,7)"/? +2ESF.
Obviously, the same applies to M, = max(0, —Si, ..., —S,), so the result fol-
lows. O

If we only have moments of order smaller than 2, it is still possible to prove
bounds for the corresponding moments of maxima. These will be useful later on,
when analysing extensions of Strong Laws of Large Numbers. In this case we need
a preparatory lemma providing control on the tail of M,,. In order to state the result,
we need to introduce some extra notation. Recall the definition of H; i (see page 3):
Hj(x,y)=P(X; >x, X} >y) —P(X; > x)P(X) > y). Next, given v > 0, define
gy (1) = max(min(u, v), —v) and

Gk (v) = Cov(gy(X}), gu(Xx)) =//[ . Hj(x,y)dxdy.

It is obvious that G j x (+00) = Cov(X;, X;). Moreover, as each g, is an increas-
ing function bounded by v?, it follows, assuming that the random variables X,, are
associated, that 0 < G, (x, y) < V2.
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Lemma 2.30 Let X,,, n € N, be associated random variables. Assume that there
exists a nonnegative random variable Y such that, for every x > 0, sup, .y P(| X, | >
x) <P(Y > x). Then, for every x,m > 0,

4n 4n
P(M, > x) < X—QE(YQH{YSm}) + ;E(YH{Y>m})

4nm?
+

8 n
P(Y — i .
(Y =m)+— Y Gjxm)
J.k=1
Jj#k

x2

Proof Let m > 0 be fixed and define, for each j € N,

n
Xij=gn(X;)),  Sin=) (X1;—EXy)
j=1
M , =max Sy &, Xoi=X;—X1,j.
k<n

As, obviously,

n
My <M+ ) (IX2.j1 +E|X2, ),
j=1

it follows from Markov’s inequality that

x 4 & 4 5 4
P(M, > x) §P(M1,,, > 5) + ;;Em,ﬂ < SEMP, + ;;mxz,ﬂ.

The random variables X , are associated, so we may apply Theorem 2.22 to bound
the first term on the right above, to find

4 4
P(M, > x) < x—ZEsfqn +- ZE|X2,]~|
j=1

4 ¢ 2 8 « 4
= x_zzExl,jﬂL 2 > COV(Xl,j,XLk)‘F;ZE|X2J|.
j=1 Jik=1 j=1
j#k

Finally, notice that EX? ;= [P(X? j>x0dx < E(YIjy<m) + m*P(Y > m) and,
analogously, E| X2 j| < E((1X;| —m)Ijjx;j>m)) < EXLiysm)). O

Now we may prove the announced maximal inequality.

Theorem 2.31 Let X, n € N, be associated random variables. Assume that there
exists a nonnegative random variable Y such that, for some p € (1,2), EY? < o0
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and, for every x > 0, sup, .y P(1 X, | > x) <P(Y > x). Then, there exists a constant
¢p > 0, depending only on p, such that

n 00
-3
E(?ﬁf"gk'p) <cp (nEYP + Z /0 xP G,-,k(x)dx>_ (2.22)
J.k=1
J#k

Proof Applying Lemma 2.30 with m = x and taking into account that p < 2, we
have

o
EM} =p/ xP7'P(M, > x)dx
0

o0 4n 4n
< p/O xP1 (x—zE(Y%I{fo}) + 71~:(Y11{Y>x}) +4nP(Y > x)) dx

00 | 8 n
+p/0 xP = Z Gjx(x)dx
Jj.k=1
J#k
o
< Sn/ XPE(Y Ly <n)) + P 2E(Y Liy=a)) + xP7'P(Y > x) dx
0

o0 n
+8/ xP3 Z Gx(x)dx
0

jk=1
J#k

<ttt — 2 EY"+8fOo "‘32”:0()61
= T 1T 0o " I

j.k=1

J#k
and choose ¢, = 8max(ﬁ + ﬁ + %, 1). Finally, notice that one may replace
the variables X, by —X,,, keeping the association, so the previous inequality also
applies, thus proving the theorem. g

2.5 Characteristic Functions

This section presents a few inequalities, first proved by Newman [68] (see also New-
man [70] for a more complete presentation), controlling the distance between joint
distributions and the product of marginal distributions, based on characteristic func-
tions. As it will be shown, this distance is completely characterized by the covari-
ances of the variables, and thus, when seeking for asymptotic results, it becomes
natural to look for assumptions on the covariance structure. These inequalities will
play a major role in proving central limit theorems for associated variables. An anal-
ogous inequality concerning moment generating functions is also proved. This later
inequality, first used by Dewan and Prakasa Rao [30] in a different context, will be
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a useful tool for proving exponential inequalities of the next section and to derive
convergence rates.
We start by setting some notation.

Definition 2.32 Given the random variable X, we denote its characteristic function
by

ox W) =Ee"X, ueR.

Given random variables X1, ..., X,;, we denote their joint characteristic function
by
O Xy (UL, -y ) = Be (X1t Xo) =y 0y, e R
Givenaset A C {1,...,n}, we denote
QAuL, ... 1) =Ee ZjeatiXi,

If A ={j}, we denote, for simplicity, g4 by ¢;.

We first prove the inequality that describes the control of the distance between
joint distributions and the product of marginal distributions for two random vari-
ables. The proof of the main result in this section, Theorem 2.37, is built on this
version proceeding by induction.

Lemma 2.33 Let X and Y be associated random variables. Then, for every
u,veR,

|Ee/“XHvY _ Eel"XEeY | < uv| Cov(X, Y). (2.23)

Proof The expression inside the absolute value may be rewritten as Cov(e!“X , ¢/V7).

Now, representing by Py, Py and P(x y) the distributions of X, ¥ and (X, Y), re-
spectively, and recalling that H(s, ) =P(X >s,Y > 1) — P(X > s)P(Y > ¢) and
integrating by parts (see Theorem C.4), we find

COV(EiuX, eiUY) =ff€ius+ivt(P(X)y) _PX ®Py)(ds dt)

0% iusi
://‘melus-“th(s,t)dsdt
N

://iuei"sivei”’H(s,t)dsdt.

Noticing that due to the association of the variables, H is a nonnegative function,
the lemma follows immediately from

|Cov(e™X, Y| < |uv|//H(s,t)dsdt=|uv|Cov(X, Y),

using Hoeffding’s formula (1.2). O
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Remark 2.34 Notice that the proof depends only on the fact that H has constant
sign. Thus, the previous result holds for positively dependent variables or for nega-
tively dependent variables taking, in this later case, the absolute value of the covari-
ance on the left-hand side of (2.23). Of course, for general random variables, the

upper bound would be
|uu|//yH(s,z)\dsdt.

Before stating an extension of this lemma, it is useful to relate the covariances
H with the covariances between the original random variables. This is a direct con-
sequence of the two-dimensional version of the classical Berry—Esséen inequalities,
given in Theorem A.2.

Lemma 2.35 Let X and Y be associated random variables with absolutely continu-
ous distributions. Assume that the marginal densities fx and fy are bounded by M.
Then, for every T > 0,

1
H(x,y) = COV(I[(,OO,XJ(X), H(,oo,yJ(Y)) <M* <T2 Cov(X,Y) + ?), (2.24)
where M™* = max(%, 45M).
Proof Using Corollary A.3 together with (2.23), the lemma follows immediately. [J

Optimizing the choice of T on the previous result, we find the following impor-
tant inequality.

Corollary 2.36 Under the same assumptions as in Lemma 2.35, if Cov(X, Y) > 0,
we have that

1
Cov(I(—o0,](X), I—o0,y](Y)) < o Cov'3(X, 7). (2.25)

Proof In (2.24), choose T = (2Cov(X, Y))~'/3, and the inequality follows. O

This inequality plays an important role while studying invariance principles and
the asymptotics for the density and regression estimators that depend on transforma-
tions using indicator functions on the sequence of random variables. In fact, (2.25)
enables the control of covariances between indicator functions using covariances
between the original random variables. Thus, it gives a way to obtain sufficient con-
ditions expressed in terms of the initial variables.

Now we extend Lemma 2.33 to any number of associated variables.
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Theorem 2.37 (Newman inequality) Let X,,, n € N, be associated variables. Then,
foralln e Nand uy,...,u, eR,

n n
1
Qxi... xw<u1,”.,un)—-[19y(uj> <3 ;{j|ujuk|Cov<Xj,X¢> (2.26)
j=1 J.k=1
Jj#k
Proof When n = 2, inequality (2.26) reduces to (2.23), so we may proceed by in-
duction on n to prove this theorem. Assume then that (2.26) holds whenever there

are only n — 1 variables involved. To prove the inequality for n variables, split the
set {1, ..., n} in the following way:

(a) if all the uy, ..., u, have the same sign, take A ={1,...,n — 1} and B = {n};
(b) if not all the uy, ..., u, have the same sign, take A ={j € {1,...,n}:u; > 0}
and B={1,...,n}\ A.

Define now the variables U = ZjeA luj|X; and V = ZjeB luj|X ;. Notice that
these variables are increasing transformations of the X,,’s, so they are still associ-
ated. Moreover, we can write

P X)W1 - 1) =B U™V = gy _y (1),
oa(uj, jeA)y=py(l) and @pu;,je€B)=qpy(-1).
Then,

j=1

ov(=D) =[] ej@)

JjEB

<|ev—v (D) — pu Dy (=D| + |pu (D]

[Teiw

jeB

n , (2.27)

ou() =[] eiwn

jeA

Of course, characteristics functions have absolute values bounded by 1, so the sec-
ond and third terms may be bounded using the induction hypothesis. It remains to
bound the first term on (2.27): as U and V are associated, we refer to Lemma 2.33
and, with respect to the notation used in this lemma, choose, for the case (a),

u=v =1if the u; are positive or u = v = —1 if the u; are negative, and for the
case (b), u =1 and v = —1. Applying now Lemma 2.33 and the induction hypothe-
sis, we immediately get (2.27). O

Remark 2.38 A close look at the proof shows that the association assumption can be
weakened. In fact, what is used throughout the proof is the fact that linear combina-
tions with nonnegative coefficients (notice that we multiply by —1 the coefficients
that are negative) of the random variables have nonnegative covariance. Thus, the
previous result holds if the random variables are LPQD (see Definition 1.58).
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Remark 2.39 Notice that, as far as what convergence in distribution is concerned,
inequality (2.26) means that the covariance structure of the random variables com-
pletely determines the properties of the approximation of joint distributions to inde-
pendence. This remark is at the heart of most of the results included in Chap. 4. It
also justifies that, for random variables, it is natural to seek for assumptions on the
behaviour of these covariances.

Next, we prove an extension of Theorem 2.37, allowing for applications going
beyond associated random variables themselves, by considering suitable transfor-
mations of the variables. Of course, Theorem 2.37 still applies if we consider trans-
formations of the initial variables that are either all increasing or all decreasing as,
according to Theorem 1.15, such transformations keep the association. However, it
is possible to prove a version of (2.26) for nonmonotone transformations of associ-
ated variables, using Lemma 2.8, if these functions are dominated by nondecreasing
ones, as described by the relation “<” introduced in Definition 2.4.

Theorem 2.40 Let Y, n € N, be associated random variables. Assume that,
for each n € N, f,, g, are real-valued functions such that f, < g,, and de-
note X, = f,(Y1,Y2,...) and X = g,(Y1,Y2,...). Then, for every n € N, given
A,Bc{l,...,n}anduy,...,u, €R,

’(pAUB(ul""’un)_(pA(ulv"'vun)(pB(ula"'1un)|
<2 > jujuel|Cov(X7, X)| (2.28)
jeAkeB

and

n n
Px1 X W, un) = [ [oj@p| <2 Y ujue] Cov(XT, XF).  (229)
Jj=1 Jk=1
J#k

Proof To prove (2.28), define fi(uy,...,u,) =exp(i ZjGA ujX;)and fr(ui,...,
un) =expli Y pepurXp). As ZjeA ujfi < ZjeA |lujlg, Proposition 2.7 applies,
so (2.28) is an immediate consequence of Lemma 2.8.

To prove (2.29), argue by induction as in the proof of Theorem 2.37, de-
composing the set {1,...,n} in exactly the same way and using decomposition
(2.27). As previously, the second and third terms of this decomposition are con-
trolled directly from the induction hypothesis. To control the first term, define
U= filur,...,uy) and V = fs(u1, ..., uy,), which, according to Proposition 2.7,
verify U <3 ;4 lujlgj and V < 3", g lulgk. and apply again Lemma 2.8. [

A straightforward modification of the proof of Lemma 2.33 gives an upper bound
in terms of moment generating functions. In fact, we may write

Cov(e*, ) = / f TPy yy — Px @ Py)(dsdt)

=//A2e)‘(s+t)H(s,t)dsdt.
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The following statement is now obvious.

Lemma 2.41 Let X and Y be associated random variables such that |X|,|Y| < C
for some constant C > 0. Then, for every . € R,

E* ) _ BN EeM | < 3%¢*C Cov(X, V). (2.30)

Taking into account that, forany A C {1, ..., n}, Ee" LjeaXi < oHAIC where |A|
is the number of elements in A, the extension for n random variables is immediate,
following the arguments of the proof of Theorem 2.37.

Theorem 2.42 Let X, n € N, be associated variables such that | X,,| < C for some
constant C > 0, not depending n. Then, for alln e N and A € R,

n 2 n
n . ) A
Eet Xi=1Xi _ HEeAX/ < Tz'”c § Cov(X;, X ). (2.31)
j=1 i,j=1
i#j

2.6 Exponential Inequalities

One of the main tools used for characterizing convergence rates in strong laws has
been convenient versions of the so-called Bernstein-type exponential inequalities.
There exist several versions of such inequalities available in the literature for inde-
pendent sequences of variables with assumptions of uniform boundedness or some,
quite relaxed, control on their (centred or noncentred) moments. For associated ran-
dom variables, a first exponential inequality was proved by Prakasa Rao [83], but it
was too weak to be really useful. In fact, this inequality does not even recover the
known results if one assumes the variables to be independent. A stronger inequality,
effectively extending results from the independent case, was proved by loannides
and Roussas [48]. The technique was based on decomposing S, into the sum of
convenient blocks in both cases. But, while Prakasa Rao [83] tried to control ev-
erything just using properties of the exponential function, Ioannides and Roussas
[48] controlled the mathematical expectations by coupling the blocks by indepen-
dent ones. The route of the proof consists then in controlling the distance between
the original blocks and the coupling independent variables, achieved using an induc-
tion argument, and finding convenient bounds for the independent coupling terms.
Their inequality was later extended in Oliveira [75], where the approximation to in-
dependence was controlled in a different way, based on Theorem 2.42, avoiding the
induction argument and dropping some technical assumptions appearing in course
of the proof proposed by Ioannides and Roussas [48]. One way to have some in-
sight on how optimized the exponential inequality is was to use it to characterize
convergence rates for Strong Laws of Large Numbers to see how close the optimal
rates for independent variables remain. This will be explored later in Sect. 3.2. We
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should note at this point that the main term in such convergence rate characteriza-
tions is the one that controls the independent coupling terms. This led to some effort
in improving the control of these independent like terms by Sun [98], Xing, Yang
and Liu [106], Henriques and Oliveira [43] and Xing and Yang [105], but we defer
this to Sect. 3.2. Nevertheless, in all these references, the way association was used
to find the exponential inequality was essentially the same, and that is what we will
be concentrating on this section.

Let us now introduce the notation to be used throughout this section. Let ¢,
n € N, be a sequence of nonnegative real numbers such that ¢, —> +o00 and, given
the random variables X,,, n € N, define, for all i,n > 1,

X1,in = —Cnl(—oo,—¢,) (Xi) + Xil[—c,,c,1(Xi) + cull(c,, +00) (Xi),

X2,in = (Xi — en)lc,,+00) (Xi), X3,in = (Xi + cn)l(—o0,—c,) (Xi).

For each fixed n > 1, the variables X 1, ..., X1, are uniformly bounded, and
thus they may be treated using Theorem 2.42. Note that, for each fixed n > 1, all
these variables are monotone transformations of the initial variables X,,. This im-
plies that an association assumption is preserved by this construction.

The proof of an exponential inequality will use, besides the truncation introduced
before, a convenient decomposition of the sums into blocks. This block decompo-
sition is a means to an approximation to independence technique on the truncated
variables. The tails will be treated directly using Laplace transforms.

Consider a sequence of natural numbers p,, such that, foreachn > 1, p, < ’% and
define r,, as the greatest integer less than or equal to 2”@ Define then, forqg =1,2,3
and j =1,...,2r,

(2.32)

JPn
Yojn= Y.  (Xgen—EXgen) (2.33)
=(j—Dpntl
Finally, for all g =1, 2,3 and n > 1, define
n 'n
Zq,n,od = Z Yq,2j71,na Zq,n,ev = Z Yq,2j,n,
=1 =1
= / (2.34)
Rq,n = Z (Xq,l,n - EXq,Z,n)‘

L=2rp pp+1

The proof of the main result is now divided into the control of the bounded terms,
corresponding to the index ¢ = 1, and the control of the nonbounded terms that
correspond to the indices ¢ = 2, 3. The next result takes care of the approximation
between the joint distribution of the blocks and what one would find if these blocks
were independent.

Lemma 2.43 Let X,,, n € N, be strictly stationary and associated random vari-
ables. Then, for every A > 0,
"'n )\,2”1 @rn—1)pn
)Lzl,n,ad _ )‘YI.Z i—1.n I Ancy .
Ee HEe ol < S | > Cov(Xy. X)) (2.35)
]:] ]=pn+2
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and analogously for the term corresponding to Z1 p ey .

Proof Taking into account (2.34) and the fact that the variables defined in (2.32) are
associated, we have, applying directly Theorem 2.42,

n
Ee*Ztnod _ l_[ Ee*Y1.2i-1n
j=1
< APrapae P N Cov(Yigjoie Yigjoia).  (2.36)
]§j<j/§rn

As 2r, pp < n, we are left with the sum of the covariances to deal with. Using the
stationarity of the variables, it follows that

rm—1
Z Cov(Y12j—1.n: Y1257 —1,0) = Z (rn = ) Cov(Y1,1.n, Y1,2j—1,n)-
1§j<j/5rn j=1

A further invocation of the stationarity implies that

Cov(Y1,1,n, Y12j-1.n)

Pn—1

= > (Pn— O CoV(X110 X1 2jp,+e41.0)
=0

Pn—1

+ Y (pn = O CoV(X1e410 X1.2jp,+1.0)
=1

@2j+Dpn
<pn Y, Cov(Xiim Xien)- (2.37)
{=@2j—-Dpp+2

We now analyse the covariances using the Hoeffding formula (1.2):

Cov(X1,in, X1,j,n) = /2 P(X1,in>u,X1,jn>v)
R
—P(X1,in>uw)P(X1,jn>v)dudv. (2.38)

If we take into account the truncation made in (2.32), it follows that the integrand
function vanishes outside the square [—cj,, ¢, 2. Moreover, for u, v € [—cy, ¢, ], we
may replace, in the integrand, the variables X1 ; , and X1 ;, by X; and X, respec-
tively, so that

Cov(X1,ins X1,j,n)

:/ 2P(X,~>u,Xj>v)—P(X,‘>u)P(Xj>v)dudv
[—cn.cnl

</ P(X;>u,X;>v)—PX; >uwP(X; >v)dudv=Cov(X;, X;),
R2
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due to the nonnegativity of the latter integrand function, as follows from the as-
sociation of the original variables. Inserting this into (2.36) and (2.37), the lemma
follows. 0

The next step is to find some convenient control on the variables that couple the
blocks Y1 2;_1,,. We first prove a small extension of the moment inequalities studied
in Sect. 2.3, that is better suited for our present purposes.

Lemma 2.44 Let ¢ > 0 and S, = Z?:] (X1,in — EX1,i.0). Assume that the ran-
dom variables X,, n € N, are strictly stationary, associated and u(0) < co. Then
ESlz’n <2nc}, where ¢} > c,% + u(0).

Proof Using the stationarity, we easily get that

n—1
ES}, =nVar(Xy 1) + 22(" = ) Cov(X1,1,n, X1, j+1,n)
j=1

<2nc + 2nu(0) < 2nc’,

since Cov(X1,1,4, X1,j+1,n) < Cov(X1, Xj41) due to the association of the random
variables, as mentioned in the proof of the previous lemma. g

Remark 2.45 Notice that we can assume that ¢ = 2c5, at least as ¢, —> 400, as
is the case for our framework.

The previous inequality will help improving the control of the independent-like
terms used in Ioannides and Roussas [48] and Oliveira [75]. An improvement based
on the Holder inequality appears in Sung [98], but the approach by Xing, Yan and
Liu [106] that goes along the arguments to be used below produces a better upper
bound.

Lemma 2.46 Let X, n € N, be strictly stationary and associated random variables
such that u(0) <oco. If0 <A < m, then

n
[ [Ee* 121 <exp(32nc}).
j=1

and the same bound holds for [T}, EetY1:2jn,

Proof From the definition (2.33) it is obvious that |Y12;_1 .| < 2¢,p,. Using a

Taylor expansion and Lemma 2.44, we get that, foreach j =1, ..., r,,
o k=2
2c, A
Ee'M2i-tn <14 2%EY]y; 1, ) Cenrpn)” ]Z") <exp(2A2pycy),
k=2 :

using the inequality 1+ x < ¢* for > 0 and taking into account the assumption on A.
Finally, recall that 2r, p, <n. U
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We may now prove an exponential inequality for the sum of odd indexed or even
indexed terms.

Lemma 2.47 Let X,, n € N, be strictly stationary and associated random vari-
ables. Assume that p, > ¢, > u(0) and

z exp<i)u(p,,) < Cy < 0. (2.39)
Cp 4cy,

Then, for every ¢ € (0, 167_:,)’

1 ne?
Pl —1Z1n.0al >¢) < (1 4+32Cp)exp| —= |, (2.40)
no 8c2

n

and analogously for Z1 ; .

Proof Applying Markov’s inequality and using Lemma 2.43, we find that, for every
A > 0 small enough,

1 )\.zl/l 2rp—=1)pn
P<—|Zlyn,0d| > s) < = —exp(nc, —Ane) Y Cov(Xi. X))
n 2 .
/:p71+2
+exp(A*nc; — Ane). (2.41)

To optimize the exponent in the last term of the upper bound in (2.41), we choose

2 . ~ .
A= 2%, so that k2ncj; — Ane = —%. Notice that as ¢ < ;—” it follows that the

requirement on A of Lemma 2.46 is fulfilled. Replacing now A in the first term of
the upper bound and taking into account (2.39), we get that

1
P<_|Zl,n,od| > 8)
n

2 2\ @ra—=Dpn 2
< iexp Nen _NE Z Cov(X1, X)) + exp _ne
~ 8(ck)? 2ck 2 Pl ’ 4ei

ne? ne?
<32Cpexp| — o +exp| — 1or
n n

< (1+32C0) ( ”82>
= 0 eXp _—
4c

2
—q +32c0)exp(—%). 0
8¢z

Remark 2.48 Note that assumption (2.39), which involves the covariance structure
on the previous lemma, is much stronger than (2.16), used to control second-order
moments of maxima.

To complete the treatment of the bounded terms, it remains to control the sum
corresponding to the indices after 2r, p,, that is, Ry ;.
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Lemma 2.49 Let X, n € N, be strictly stationary associated random variables and
assume that

—> 400. (2.42)
CnDPn

Then, for n large enough and every ¢ > 0, we have P(|R1 | > ne) =0.

Proof Recall the definition of Ry , = Z'é:zﬁpﬁ] (X1,e,n — EX1,¢,0). Taking into
account the construction of r, and p,, we getthat |Ry ,| < 2(n —2r, pp)cy, < 4cppn.
Now P(|Ry ,| > ne) < P(% > cnnpn) and, by (2.42), this is equal zero for n large

enough. g

The variables X» ; , and X3 ; , are associated but not bounded, even for fixed n.
This means that Theorem 2.42 may not be applied to the sum of such terms. But,
we may note that these variables depend only on the tails of the distributions of the
original variables. So, by controlling the decrease rate of these tails we may prove an
exponential inequality for sums of X5 ;, or X3 ; ,. A first upper bound using such
an approach was obtained in Oliveira [75], where the association was not explored,
and later improved by Xing, Yang and Liu [106], using explicitly the association of
the random variables via the maximal inequality proved in Theorem 2.27.

Lemma 2.50 Letr X,,, n € N, be associated random variables such that (2.18) holds
and there exist M > 0 and § > 0 such that

sup Ee'X! < M < +o0. (2.43)
lr]<é
Then, fort € (0,8] and g =2, 3,
k
2MCe™'n (2M)'/2Ce™n/?
P(l?l?;(n ;(Xq’i’n ~EXqin)| > ng) = Thie nte? '
(2.44)
where C is the constant introduced in Theorem 2.27.
Proof According to Theorem 2.27, using Markov’s inequality, we have
k
P(g@n E(Xq,i,n —EX,in)| > ne)
=
k 2
1
= ﬁE<lmk 2 Kain = BXqi) )
C ) 2 1/2
< p(SlilpEXq,i’n + (SI;pEXq’l-’n> ): (2.45)

so we need to find upper bounds for EX; ine Write Fi(x) =P(X; > x). Using
again Markov’s inequality, we get that, for t € (0, 8), F;(x) < e *Ee!Xi < Me™!*.
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Writing the mathematical expectation as a Stieltjes integral and integrating by parts,
we find

e—ten

+00
EX3,, = —/ (x — cn)*Fi(dx) =/ 2(x —cp) Fi(x)dx < wmé
v (cn,+00) Cn
Inserting this into (2.45), we get the result. 0

Remark 2.51 Notice that in (2.44), if ¢, —> +00, the second term in (2.44) is the
dominating one.

We can now collect all the previous upper bounds into the following result, stat-
ing an exponential inequality regardless of the boundedness of the variables.

Theorem 2.52 Let X,, n € N, be strictly stationary and associated random vari-
ables such that (2.18), (2.39), (2.42) and (2.43) hold. Then, for n large enough,
e € (0, %) and t € (0, 48],

<2(1+32Cp) exp(—

> na)

P<|Zlnod| > ?) +P<|Zlnev| > 9 ) +P<|Rln| > 9>
ZX3IH EX?tn

ne
| P —
' ( >3>+ (11 >3)

and use (2.40) and (2.44) to conclude. O

i —EX;

i=1

2 tep 1/2 ten /2
36MC 182M)1/2C
e > e | IBEM) TCe™T 5 46)

6482 nt2g? nte?

Proof Just write

Zx —EX;

i=1

ZX2H1 EXZln
i=1

These inequalities are not yet in an adequate form for characterizing convergence
rates. This will be done in Sect. 3.2, essentially allowing ¢ to depend on n and
identifying a convenient decrease rate such that the derived upper bound still defines
a convergent series.



Chapter 3
Almost Sure Convergence

Abstract This chapter studies essentially Strong Laws of Large Numbers (SLLN)
for associated variables and their applications to the characterization of asymptotics
of statistical estimators under associated sampling. It is possible to prove SLLN
under fairly general assumptions, but, in order to prove characterizations of con-
vergence rates, a closer care on the control of the covariances, based on the in-
equalities studied in the previous chapter, is required. Sect. 3.2 handles this kind
of results, proving almost optimal convergence rates, that is, convergence rates ar-
bitrarily close to those for independent variables. There exist characterizations of
convergence rates based on extensions of the Law of Iterated Logarithm to associ-
ated variables. Such results are deferred to Chap. 4, as their proofs require a few
inequalities to be proved there. We include a section on large deviations, a not yet
very explored theme under association. Here the assumptions on the decay rate of
the covariances are much stronger, a behaviour as found for some other dependence
structures. The approach and techniques used in this chapter are adapted in the fi-
nal section to prove almost sure consistency results for nonparametric density and
regression estimators based on associated samples.

3.1 Introduction

The first Strong Law of Large Numbers (SLLN) for associated random variables
appears in Newman [70] under strict stationarity and a Cesaro convergence assump-
tion on the covariance structure of the variables. The stationarity assumption was
dropped in Birkel [15], who proved a version of the SLLN that can be interpreted as
a generalized Kolmogorov’s SLLN. This subject remained more or less quite until
the contribution by Ioannides and Roussas [48] provided a means to prove conver-
gence rates for the asymptotic behaviour of nonparametric estimators for the density
or for the regression. In fact, these authors proved an exponential-type inequality, a
particular case of Theorem 2.52, that enabled them to find rates assuming a conve-
nient geometric decay rate for the covariances. The rates proved by Ioannides and
Roussas [48] were rather slow, indicating that the exponential inequality used there
was far from an optimal form, so the interest on optimizing these inequalities and,
consequently, the rates derived from them was natural. The approach introduced
by loannides and Roussas [48] was improved by Oliveira [75], Sung [98], Xing,
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Yang and Liu [106] and Xing and Yang [105] so that the rates derived became ar-
bitrarily close to the rates for independent variables. Another direction was pursued
by Louhichi [62] and Louhichi and Soulier [64], who proved the Marcinkiewicz—
Zygmund SLLN with less requirements on the existence of moments. The covari-
ance structure plays a rather indirect role on these later type of results. More recent
contributions were made by Yang, Su and Yu [108] using an approach based on
maximal inequalities and a suitable moment control. Their results require a mild as-
sumption on the existence of moments and a very weak condition on the decay rate
for the covariance structure, which now plays again an important role. A suitable
use of maximal inequalities enables still a small improvement.

As already remarked, these results on almost sure convergence naturally had an
interest for the statistical literature based on associated samples. The main interest
has been on density estimation. Roussas [85, 86] appears to be the first to prove
some asymptotics for kernel density estimators both almost surely and in distribu-
tion, these to be treated here in a later chapter. These results were followed by the
contributions by Cai and Roussas [23, 24], who also considered the estimation of
distribution functions. The results obtained included some convergence rates charac-
terization but assumed the sample to have pairwise joint distributions with densities
that should be close to product densities, that is, assumptions similar to those appear-
ing when considering strong mixing samples. A few interesting examples are left out
by this absolute continuity assumption, as for instance, the model described in Ex-
ample 1.28. Masry [65] proved various consistency results, including optimal almost
sure convergence rates, for the kernel density estimator, using an approach based on
moment inequalities and being less restrictive on the decay rate of the covariances,
as it includes polynomially decreasing covariances. The pairwise joint distributions
were still assumed to be absolutely continuous. The approach based on exponential
inequalities requires geometrically decreasing covariances but, although first results
were somewhat less encouraging, provides better convergence rates for the estima-
tor. This approach was used in Oliveira [74] and Henriques and Oliveira [42] for
the density estimator. The same method was also used in Azevedo and Oliveira [3]
and Henriques and Oliveira [41] to deal with the estimation of distribution func-
tions. A more general approach to estimation problems, trying to treat density and
regression estimation, deals with the estimation of Radon—Nikodym derivatives in
point process models. A few efforts dealing with associated samples were made
by Ferrieux [38, 39] and Jacob and Oliveira [52]. As follows from Sect. 1.4 (see,
for instance, Example 1.4), this is a different framework from considering associ-
ated samples of random variables, as the base space is changed in a way that the
order structure is affected. Nevertheless, this abstract approach has consequences
on results about estimation, enabling the treatment of pairwise distributions that are
no longer absolutely continuous, as showed in Oliveira [74], where pairwise joint
distributions are allowed to have some mass concentrated on the diagonal of the
product space.
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3.2 Strong Laws of Large Numbers

The first extensions of the SLLN to associated random variables follow the same
approach as the classical one for independent variables. Thus we start by a result
requiring the existence of second-order moments, leaving the identification of con-
vergence rates for a later approach.

Theorem 3.1 Let X,,, n € N, be centred, square-integrable and associated random
variables. Assume that

21

> = Cov(X,. Sy) < oo (3.1)
n

n=l1

Then rllSn —> 0 almost surely.

Proof We will prove this result by arguments similar to the classic ones: prove the
convergence along a suitably chosen subsequence and afterwards control the re-
maining terms.

Step 1. From Chebyshev’s inequality we have that P(| Sy | > 2"¢) < 4% Var(So»).
An elementary calculation gives that, as the covariances are nonnegative,

2" 2"

Var(Sy) = Y Cov(X;, Xj) <2 Cov(X;, Sp).
i,j=1 i=1

Thus, reversing the order of summation, again taking into account the nonnegativity
of the covariances, we have

o
ZP(|52H| > £2")

3

1
<D g Var(Sz)
n=1
221 & 2 & 1
=32 w2V = 5 (D g ) CoviXinS)
n=1 i=1 i=1 n:2">

2 1 ] o; 1
58_22 Z 4n Cov(Xi, Si) = _22_2C0V(Xivsi)<00. (3.2)

i=1 “n>log,i
Applying now the Borel-Cantelli lemma, it follows that i 5on —> 0 almost surely.

Step 2. To control the remaining terms, first notice that if 2" <k <21 then
Sk Sor | _ 1Sk — Sl n |2 |
k n | 2n 2n

so the theorem follows from the convergence proved in Step 1 if we also prove that
27" maxon g <on+1 |Sg — Son| —> 0 almost surely. For this, we use again the Borel-

)
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Cantelli lemma: from Chebyshev’s inequality and using Theorem 2.22, we have

o
ZP( max |Sp = S»| > 82")
n=1

21 <f<2nt

1 2
B, max 1Sc— Sxl)

on <k§2”+1

M

1

n

M

2 2
m Var(S2n+| — SZ") =< Z m Va-r(52ﬂ+] )’

n=1 n=1

due to the association of the random variables. Finally, repeating the arguments in
(3.2), the series above is convergent, so the theorem is proved. O

If we assume the variables to be stationary, we may replace (3.1) by an easier
verifiable assumption.

Corollary 3.2 Let X,,, n € N, be centred, square-integrable, stationary and associ-
ated variables. Assume that, for some o > 0,

1 n
an = — .X;COV(XI, Xj)=0(log“n). 3-3)
]:

Then %Sn —> 0 almost surely.

Proof It is easily seen that ) - | nLZ Cov(Xy, Sp) =Y 02 % 50 (3.1) immediately

n=1n >

follows from (3.3). O

Remark 3.3 A result similar to Corollary 3.2 is contained in Theorem 7 in New-
man [70]. In this case only a, —> 0 is assumed, but it is required that the vari-
ables are strictly stationary, while in the previous result the covariance stationarity
is enough.

We will next try to relax the existence of second-order moments and, simulta-
neously, identify convergence rates for the convergence. The approach follows a
somewhat different path, looking at maxima of the partial sums instead of the par-
tial sums themselves, avoiding the use of covariances. This method was first used
by Louhichi [62] and Louhichi and Soulier [64], who proved the Marcinkiewicz—
Zygmund Strong Law of Large Numbers, that is, the almost sure convergence
to zero of ﬁsn for p € [1,2), thus giving some information about the rate of
convergence in the strong law. This was proved under an assumption similar to
(3.1), where the decrease rate of the covariances, or more precisely, of u(n) =
SUPeN 2 Jilj—k|=n Cov(X, Xi) is only characterized indirectly. Assuming a more
precise behaviour, but still a rather mild restriction, on u(n), the convergence rate
for the Strong Law of Large Numbers has been improved by Yang, Su and Yu [108]
to an almost optimal one, in the sense that it is arbitrarily close to the known rate for
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independent random variables, as characterized by the Law of Iterated Logarithm.
Let us start by a general result concerning the almost sure convergence. Recall that
we denote M, = max(Si, ..., S,) and M} = max(|Si],..., |Su]).

Theorem 3.4 Let X, n € N, be centred random variables, and b,, n € N, a non-

decreasing sequence of real numbers such that 1 < l% < c € R. Assume that, for
n

every € > 0,

o0
1 *

Z —P(M} > eb,) < . (3.4)

n=1

S

Then IZI —> 0 almost surely.

Proof We verify that we can apply the Borel-Cantelli lemma, first along a suit-
able subsequence and then control the remaining terms, thus following an approach
similar to the argument used to prove Theorem 3.1. We start by considering the sub-
sequence along the indices defined by powers of 2. For this step, we find an upper
bound for

00 00 271+l 1 1
> P(M3, > eby) Z 57 P(M3, > eban)
n=1 n=1 k=2"
oo 2'—1 1
< Z __ %P(M;k > Ebk)
oo 2"—1 2
+ Z 2% + IP(MZk—I-l > Ebk"‘l)
n=1 p=on-1

taking into account, for the last inequality, that b, is nondecreasing. As Z% <c,we
still have that

00
> P(M3, > ebyn)
n=1
oo 2"—1 SbZk oo 2"—1 e 8b2k+1
=2 Z P\ M3~ +Z 2 2k+1 Mo = =
n—= lk 2/11 =1 f=on-1




72 3 Almost Sure Convergence

Thus, it follows that ﬁM;‘n — 0 almost surely. As regards the remaining terms

in the sequence, recalling again that b, is nondecreasing and bbﬂ <ec,
n

MF M M
max k E omn S on O,
on—lcg<on by~ bon—1 T chbon

as proved in the first part of this proof. g

In order to prove the more general Marcinkiewicz—Zygmund Strong Law of
Large Numbers, we need some preparatory results. For this, recall that H; i (x, y) =
P(X;>x, X;>y) —P(X; > x)P(Xy > y), go(u) = max(min(u, v), —v) and

Gj,k(v)=COV(gv(Xj),gu(Xk))=//[ ]2Hj,k(x,y)dxdy,

as introduced before. We need a few technical results before proving the actual
version of the strong law, dealing with some integrals needed in course of proof. Let
pell,2), j,keN, and s > 1. Then, as

1
_2 _
max(|x], |y], s'/7) =/0 L1172 -12) O =172 -172) () 001 (5 2/”)du,

we can use Fubini’s theorem to obtain

/:/Uﬁm(uh|yLSUprkaCK)0dXdy

1 o0
_ _ 1
=/lmmﬂs”56mw‘”ﬁw=2/ —Gjxdv,  (35)
0 sl/p U

assuming, of course, that the integrals are finite. The next lemma shows that the
boundedness of the pth moments is enough for the finiteness of the integrals.

Lemma 3.5 Let X,,, n € N, be associated random variables such that, for some
p €[1,2), sup,NE|X,|? < o0o. Then, for all j, k €N,

© 2
=3/~ P
/ v Gjr(v)dv < 5 supE|X,|”.
1 P~ neN

Proof Denote by sgn(x) the sign of x. Then, taking into account (3.5) and, due to
the association of the random variables, the nonnegativity of H; x, we have

o0
2/ u*3G,~,k(v)dvgf/min(pcrz,|y|*2, 1)Hjx(x,y)dxdy
1

S//M”M”%M&WW@~

Using Theorem C.4, we have that

o0 4
2 v*3Gj,k(v) dv<— Cov(sgn(Xj)lXjL sgn(Xk)le|)
1 P’

< isupE|X 7. ]
—= 2 n
P~ neN
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Remark 3.6 The result above is better than what could be derived using the bound
from Corollary 2.36. In fact, from (2.25) we find the uniform bound Hj x(x, y) <
# Cov!/3(X, Y), which is not enough to derive the finiteness of the integral above.

Having obtained a convenient control on the G| functions, we can prove the
Marcinkiewicz—Zygmund Strong Law of Large Numbers. The assumptions require
a uniform domination of the sequence of random variables in terms of their distri-
butions, but, differently from what happened in previous results, the covariances of
the random variables do not appear explicitly. They are only indirectly considered
through the functions G x.

Theorem 3.7 Let X,, n € N, be centred and associated random variables such
that there exists a random variable Y verifying sup, .y P(|X,| > x) < P(Y > x) for
every x > 0 and EY? < oo for some p € [1,2).If

Z /kl/ Gx(v)dv < o0, (3.6)
Jj.k=1
J#k

then M —> 0 almost surely.

Proof Taking into account Theorem 3.4, it is enough to prove that, for every ¢ > 0,

1

Z— >8n1/p) < 00.

The case p € (1,2). As the random variables are associated, we may apply
Lemma 2.30 with x = en!/? and m = n'/? to find that

S

lP(M,f > en'/P)
n

4 1
E(Y]I{yp>n}) + (Y H{yp<n}) =+ P(Y > I’ll/p)

gn-1-2p
"T 3 Giu(n'?). 3.7
jh=1
j#k

+

To bound the first three terms above, notice that

o]

1 > 1
D i B Tyram) =E( ¥ z} 7 =)
n=

n=1
1 p
SE Y mH{YP>X}dX SKEY N
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using Fubini’s theorem, for some K > 0. Notice that K above depends only on p.
Proceeding in the same way, we find the bound

e¢]

S ) i
n=1

where again K1 > 0 only depends on p. Finally,

o0

1 n
an+2/p Z Gju(n''?)
n=1 k=1
J#k

n o 1
=y //ZW—z/pﬂ{maxuxw,|y|ﬂ,j>5n}Hj,k(x’y)dxdy
n=1

jk=1
J#k

n
1
<K* HooGe vy ded
- j;y//max(|x|ﬁ,|y|p,j)2 jk(x, y)dxdy
JFk

n o0 1
—2k* ) /jw =G a(v)dv <o,
ik=1

J#k

using (3.5) and taking into account (3.6). Thus, inserting all these inequalities into
(3.7) yields the theorem for p € (1, 2).
The case p = 1. Let ¢ > 0 be fixed and define, for each i,n € N,

Y1in = gn(X;) = max(min(X;, n), —n), Ya2,in=Xi —Y1in
and
k
T, = sup Z(Yl in —EY1in)
k=ni—y

Consider the set I" = Ul'.’zl{X,- # Y1.in}. Then, obviously,

P(I) <Y P(IXi|>n) <Y PY >n).
n=1

i=1
On the other hand, if @ ¢ I', taking into account that EX; = 0, we may write S; =
{zl(Xi — EX;), and it follows that M(w) < T, (w) + > i E|X; — Y1,i,n|. But
ElY1inl < E((|Xl| - n)ﬂ{lX,-\>n}) = E((Y - n)H{Y>n})-

As Y is integrable for n large enough, we have that E|X; — Y ;| < % Hence,
repeating the arguments used for the previous case, we have
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Z%P(M;f>n5 ZP(Y>n)~|—Z (T >—)
n=1

<EY + K*EY + Z/ G () dv,
J.k=1
JFk

where K* does not depend on 7, thus concluding the proof. g
The next result gives a convergence rate of a general form.

Theorem 3.8 Let X, n € N, be centred and associated random variables satisfying
o0
Z ul/? (2’) < 00
i=1

Let ¢ be a nonnegative real function such that limy_, ~ ¢(x) = 400, 20 g

X
monotonous, and ‘pfzc) is decreasing. Let b,, n € N, be an increasing sequence of

positive real numbers. Assume that the following conditions are satisfied.:

(e}

A
"l
N

L <c<oo, (3.8)

|
N

< 00, (3.9)

M2 |

3
I

Eo(1Xx|)
@(bn)

2

< o0, (3.10)

3
I

max xbiP(|Xy| > br) < (3.11)

2

3
I

BZE(@(1 Xk DI 1x, 1 <bi))
max J {l kl_ k} < oo, (312)
k< ©(br)

¢

1

3
I

Then, bl,lS" —> 0 almost surely.

Proof Define the truncated variables Y, = X, 1 x,,1<b,} — bnl X, <—b,) +Dnlix,>b,}>
n € N. The variables Y,, n € N, being monotonous transformations of the ini-
tial variables, are still associated. Now, if @ is nonincreasing, it follows that if

|X,| < by, then IX”' < 2UXa) s0, using Markov’s inequality, we have

= o)’
[ X oI X))
[EY,| < E|Y,| < bnE<b—"H{|x,,gbn} + by P(1Xn| > by) < 2b,E (b") :
n
On the other hand, if ‘p(x) is nondecreasing, it follows that if | X,,| > b,,, then |X”‘ <

2( XD

o) > SO taking into account that EX,, = 0 and repeating the arguments of the
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previous case, we have
EY,| = [E(XaL(1x,125,)| +baP(1Xn] > bn)

1 X
<b,E b—H{\X,,|>b,,} + by P(1X0| > by)
n

< bnE(p(IX"D +bnE§0(|Xn|)
0 (bn) @(by)
_ o p 0%
@(by)

That is, in either case we find that

|EY | ¢(|Xn|)
Z @(by) .

Thus, from (3.10) and using the Kronecker’s lemma (see Lemma C.7), it follows
that i Z?:] |[EY;| — 0 almost surely. Moreover, as

2 P Y) =) P(IXul>bs) sZE(%"J) =%
n=1 n

n=1 n=1

n

the theorem follows if we prove that bi,, Z'}zl (Y; —EY;) —> 0 almost surely. Tak-
ing into account (3.8) and Theorem 3.4, it is enough to verify that, for each fixed
e >0,

Zi <max > (v; —EY)

>¢eb ) 3.13)

_ _ . L X3 _ e(X;D
Notice that if | X ;| < b;, as %)26) is decreasing, it follows that b—é < (p(bj’) . Thus,
EY; =E(X7Ijx,i<b;) + b7P(1X,] > bj)
X2
2 J 2
= bjE<ﬁH{X,|§bj}) +biP(1X;| > bj)
J
» B X iDIjix;1<p;))

+b3P(1X;| > b)).

- (b))
Then, as the random variables Y,, are associated, we use (2.17), to conclude that
4 k
n; ;P(r]&a’? ;(Yj —EY))| > ebn>

%Z—z (max Z(Y —EY;)

)
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0
1
=C 3 g (paers +1)
o
1 E@(XkD1x, b))
<CY  —(maxb? MEOK2 4 2P (|1 Xk | > by) + 1
: ;bﬁ(rf’in o (bp) (P(Xkl > bi) +1 ) <00

so it follows that »- maxk<n Sy —> 0 almost surely, and hence the theorem is
proved. g

Conditions (3.11) and (3.12) are difficult to verify, but we may replace them by
convenient moment assumptions.

Corollary 3.9 Let X,, n € N, be centred and associated random variables satisfy-
ing

oo
Zul/2(21
i=1

. . . _ o(x)
Let ¢ be a nonnegative real function such that limy_, ;oo @(x) = 400, = is
monotonous, and &){) is decreasing. Let b,, n € N, be an increasing sequence of
positive real numbers. Assume that the following conditions are satisfied: (3.8), (3.9)

and

0, 3.14
2; ol (3.14)
supEg(|X,) < oo. (3.15)

neN

Then, binS,, —> 0 almost surely.

Proof 1Tt is enough to check that (3.10)—(3.12) are verified. Now, as

Ep(X,) _ 1
Eo(| X,
o) = pon R Ee(1Xal).

(3.10) imzmediately follows from (3.14). To verify (3.11), notice that b?P(|X il >

b2 b2 . .
bj) < WE@UX”) < @(—l;j) sup,eny E@(] X, 1), so, taking into account that % is
decreasing, we have that

1
— max b2P | X | > by supEg (| X,|
b2 k<n ( )= @(bn) peN (1%
thus (3.11) follows from (3.14). Finally, (3.12) is verified in the same way. Il

Choosing now a convenient function ¢ and a sequence b,,, we find a more explicit
characterization of the convergence rate for the Strong Law of Large Numbers.
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Corollary 3.10 Ler X,,, n € N, be centred and associated random variables such
that sup, .y E| X, |P < oo for some p > 1 and

o0
Zul/z(Zi) < 00.
i=1

Then, for every § > 1,
nl=1/p 1
(logn)!/P (loglogn)d/r n

S, —> 0 almost surely.

Proof Choose, in Corollary 3.9, ¢(x) = |x|? and b, = (nlogn(loglogn)®)!/P. O

Remark 3.11 The most interesting use of the previous corollary corresponds, of
course, to the case p € [1, 2]. Notice further that, by choosing p = 2, the previous
result identifies a convergence rate of order n~'/2(logn)!/?(loglogn)?/?, thus close
to the optimal one for independent variables, which is of order n~!/2(loglogn)!/2.

It is possible to improve still the above-mentioned convergence rate at the cost
of requiring the boundedness of higher-order moments. This can be achieved by a
proper use of the maximal inequalities proved before (see Corollary 2.29) together
with a suitable moment bound. We start by an extension of Theorem 3.8.

Theorem 3.12 Let X, n € N, be centred and associated random variables, and ¢

be a nonnegative real function such that lim,_, {5 @ (x) = 400, @ is monotonous,
and % is decreasing. Let b,, n € N, be an increasing sequence of positive real
numbers. Let r > p > 2 and assume that sup, oy | X, |, < 00 and u(n) < Cn™%,

where C > 0 is some constant, for some o > ;Ef :;; , (3.8), (3.10) are satisfied, and
np/2—-1

by

<00 (3.16)

Then, iSn —> 0 almost surely.

Proof Follow the arguments in the proof of Theorem 3.8 until (3.13). An obvious
upper bound is then obtained by using Markov’s inequality, so that, taking into ac-
count Corollary 2.29, we have
= 1
Z > E| max
nePby, k<n

n=1

k p 00 1 n 14
> (¥; —EY)) )SczanE(Z(Yj—EYj)> :
Jj=1 n=1""" j=l1

where ¢ does not depend on n. Thus, it is enough to prove the convergence of the
series on the right. To control the pth-order moment, we apply Corollary 2.20, so
we need to bound uy(n) defined as in (2.13) but with respect to the Y, variables.
Now write, using Hoeffding’s formula (1.2),

Cov(Y;, Yi) = //P(Yj >8, Y >1)—P; >s)P(Y, >t)dsdt.
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The integrand is easily checked to be null outside the rectangle [—b;,b;] X
[—bk, bx] and equal to P(X; > 5, Xi > 1) — P(X; > s)P(X} > 1) inside this rectan-
gle. So, due to the association of the random variables, it follows that Cov(Y;, Y;) <
Cov(X;, Xi). Thus, uy(n) <u(n) < Cn~%, and Corollary 2.20 is applicable to the
Y, variables to find that

n p n p
E(Z(Yj _EYj)) <E|> (Y;—EY))| <Kn?>
j=1 j=1
Finally, from (3.16) the theorem follows. O

An improved convergence rate follows immediately by choosing, in the previous
result, ¢(x) = x? and b, = n'/>(logn(loglogn)®)!/?.

Corollary 3.13 Let X, n € N, be centred and associated variables such that

sup,en 1 Xn |l < 00 for some r > p > 2. Assume that u(n) < Cn™%, where C > 0 is

some constant, for some o > ;Ef __,2); . Then, for every § > 1,

nl/2

~Sp —> 0 almost surely.
(logn(IOglogn)S)l/pn n almost surely

3.3 Large Deviations

After characterizing convergence rates for the Strong Law of Large Numbers, we
will now study the convergence of tail probabilities P(%Sn > a), extending large
distribution characterizations to associated variables. As usual, the typical result de-
scribes the asymptotic behaviour of % log P(%Sn > a) using the moment generating
function of the X,, variables. The approach followed below is taken from Henriques
and Oliveira [44] and is largely inspired in the extension to various mixing structures
proved by Bryc [20] and Bryc and Dembo [21] (see also Dembo and Zeitouni [29]
for an account of the existing results on this direction), assuming a convenient de-
crease rate on the significant coefficients. The large deviation principle for associ-
ated variables requires a rather stringent decrease rate on the covariance structure,
which corresponds to the translation of the assumptions used to prove similar results
for mixing sequences.

Definition 3.14 A sequence of random variables X, n € N, is said to satisfy the
large deviation principle with rate function r if:

(1) for every closed F C R,
1 1
limsup—logP(—Sn IS F> < —inf r(x);
n X

n—>+oo N er

(2) for every open G C R,

1 1
1iminf—10gP<—S,, € G> > — inf r(x).
n xeG

n——+oon



80 3 Almost Sure Convergence

The basic tool for proving large deviation principles is the well-known Gértner—
Ellis theorem (see Theorem B.1 and, for some more general results on large de-
viations, Appendix B). Taking into account Theorem B.1, the upper bound on the
large deviation principle will follow if we prove, for each u € R, the existence and
finiteness of

1
Aw) = ETOO " log E(e"5). (3.17)

To prove the lower bound, one is compelled to some extra effort, as the direct veri-
fication of the differentiability, required by part (b) in Theorem B.1, is harder. The
work around this difficulty uses Theorem B.6, to get the large deviation principle
followed, by Theorem B.4, to identify the rate function.

One key assumption throughout this section concerns the behaviour of the den-
sity function of %Sn:

There exist constants ¢ > 0 and B > 0 such that, for each n € N, the

density function of %S,, is bounded by cB”". (3.18)

This condition seems somewhat restrictive, but it is easily seen that, if the random
variables X, have distribution with common bounded support, then (3.18) is ful-
filled.

In order to describe the asymptotic results below, we need another definition.

Definition 3.15 Given a function A:R — R, the Fenchel-Legendre transform, or
convex conjugate, of A is the real-valued function A* defined by

A*(x) = sup(ux — A(u)). (3.19)
ueR

We first establish the upper bound of the large deviation principle by a direct
application of Theorem B.1.

Theorem 3.16 Let X,,, n € N, be strictly stationary and associated random vari-
ables such that there exists M > 0 for which P(|1X1| < M) = 1. Then, A as defined
by (3.17) exists and is finite for every u € R. Moreover, for every closed F C R,

1 1
limsup—logP<—Sn € F> =— inlf?A*(u),
n ue

n—+oo N

where A* is the Fenchel-Legendre transform of A.

Proof As the variables are associated, given u € R and n, m € N, we have
Cov(eusn eu(srl+)71_srl)) > 0

thus, from the stationarity it still follows that E(e*Sn+m) > E(e*5")E(e“5") or, equiv-
alently,

logE(euSn+m) > 1OgE(€uS") + logE(e”S'"),
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Denote h(n) = — logE(e”S"). Then, h(n +m) < h(n) + h(m), that is, h is subaddi-
tive, so the sequence h(n), n € N, verifies the conditions of Lemma C.5 with ¢, = 0.
Hence, according to this Lemma C.5, the following limit exists:

1 h
Au) = HLHEOO - logE(e”S”) =— lim ﬂ

n——+o00 n

It remains to prove that the limit is finite. As the random variables are bounded
by M, it follows that, for u > 0 and n € N, e™“*M < E(e"Sr) < "M | or, equiv-
alently, —uM < %logE(e“S") < uM, so, taking the limit as n — 400, we have
—uM < A(u) < uM. Repeating the argument for u < 0, we get in this case that
uM < A(u) < —uM, so A(u) is finite for every u € R. Finally, the second part of
this theorem follows directly from the Girtner—Ellis theorem. 0

The next step is the proof of the lower bound in Definition 3.14. As mentioned
before, this will be accomplished using Theorems B.4 and B.6. The main steps to
obtain this lower bound are the proof of the existence of a generalized limit analo-
gous to (3.17), which will identify a candidate for the rate function, but is dependent
on a suitable class of functions, followed by the proof of the convexity of this can-
didate to be a rate function. This later part needs some technical intermediate steps
in the proof. We start by a lemma on sequences of real numbers taking care of some
convergence aspects.

Lemma 3.17 Let t(n), n € N, be a sequence of nonnegative real numbers such that
there exist a,b > 0 verifying t(n) < aexp(—nlog'*? n). Then, for all k < b and
ceR,

: n cno__
nllr-il-]oont<7logl+k - )e =0.

Proof For each n € N, define v(n) = fnoo exp(—xlog' ™’ x)dx. As 0 < 1(n) <
av(n), it is enough to prove that

lim nv( —— e =0
n——+00 10g1+k n )
Defining h1(x) = x log_(H'k) x and ha(x) = x~le™*, the previous limit follows

v ) — 0, and this is easily proved using Cauchy’s rule. U

from limy 4 T200)

Theorem 3.18 Let X,,, n € N, be strictly stationary and associated random vari-
ables such that there exists M > 0 for which P(|X1| < M) = 1. Assume that there
exist constants a, b > 0 such that

u(n) <aexp(—n log'*tt n). (3.20)

Then, for every continuous and concave function g such that sup, g g(x) < 00, the
following limit exists:

1 _
Ag= lim —logE(e"g(" IS”)).

n—+oo n
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Proof Let g be continuous, concave and such that sup, g g(x) < 0o. Without loss
of generality, we assume that —oo < —B < g(x) <0 for all x € [-M, M]. Being
concave and continuous, g is also Lipschitz continuous on [—M, M], that is, there
exists L > O such that, forall x, y € [-M, M], |g(x) —g(3)| < L|x — y|.

For all m, n, £ € N, as the random variables are bounded we have that, with prob-
ability 1,

1
n+m |Sn+m - (Sn + (Snmte — Sn+Z))}

1 n+¢ n+m+¢ UM
< X; Xil)| < ——.
_n+m('2 1Xil+ > Xl =—

i=n+1 i=n+m+1

Thus, as g is Lipschitzian,

1 1
g(ﬂ T m Sn+m> - g<n+—m (Sn + (Sntm+e — Sn+())) >-L

and from the concavity of the function it follows that

1
S
g(n +m n+m>

- n IS n m 1(S s S )) 20LM
_n+mg I’l n n+mg m n n+m-+{ n+t ntm’

2eM

,
n+m

For the sequel of this proof, let us denote i(n) = —logE(e"® (”715”)). Then the in-
equality above is equivalent to

h(n+m) <20LM — logE(eng(nilsn)emg(mil(Sn+m+€_sn+m))). (3.21)

Define now, for all n € Nand x € [-M, M], f,(x) = €"8) We have then that, for
all x,ye[—-M, M],

| /() = fu()| < [ng(x) —ng(y)| < Ln|x — y|.

That is, each f; is Lipschitz continuous and thus absolutely continuous and almost
everywhere differentiable. Moreover, when the derivative exists, | f, (x)| < Ln. Us-
ing integration by parts, we have that, due to the association of the random variables,

Cov(engw‘sn)’ emg(m*1<sn+m+«fsn+m>>)

/ Fa () f, )
[-M,M]?

1 1
x Cov <]I(—oo,x] (;Sn)a ]I(—oo,y] (Z(Sn-ﬁ-m-i-f - Sn+m))) dx dy‘

< L*nm

1 1
X f Cov <I[(—oo,x] (—Sn), ]I(—oo,y] (—(Sn+m+g — Sn+m))) dx dy.
[—M,M]2 n m

Taking into account the stationarity of the random variables, we still have that
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Cov(e”g("_l Sn) pmg(m™! (Swtmte=Sntm))
b

1 1 n n+m+L
2 2
<L°nm Cov(;Sm E(Sn+m+€ - Sn+m)> =L E ' E Cov(X;, X ;)
i=1 j=n+L+1

oo
<L’n Z Cov(X1, X;) = L*nu(t + 1) < L*(n + m)u(¥).
i=0+2
Now, recalling that g(x) > —B for every x € [-M, M], the previous inequality
implies that

-1 -1
E (8 Su) omg(m ™" (Sytm+e—Snm)) - Lz(n O™, (3.22)

E(e8 'S )E (em8m ™! (Sptm+e—Sntm)))
Define, forall £,n € N, © (¢, n) = 1 — LZnu(€)e"E. From (3.22) it follows that
logE(engm*lsn) emg(m*‘<Sn+m+efsn+m>>)
> —h(n) —h(m) + log(max(@(ﬁ, n+m), O)),
so, inserting this into (3.21), we find
h(n+m) <20LM + h(n) + h(m) — log(max(@)(ﬂ, n—+m), 0)) (3.23)

Choose now § € (0, b), where b is defined by (3.20). It follows from Lemma 3.17
that, as n —> 400,

n 2 n nB
O —5—n)=1-L%u P 1,
<log1+‘3n ) <10g1+5n>

If we choose £ = [(n +m) log’(”‘g) (n +m)], we have that, for n + m large enough,
—log(max(® (¢, n + m), 0)) < £; thus, from (3.23) it follows that

h(n+m) <h(n) +h(m) + QLM + 1)¢

=h h 2LM +1)———————.
(1) () + LM + D=

Finally, recalling Lemma C.5, we have that the limit below exists:

n+m

h(n) —E(ens ™' Sn)
lim = lim —,
n—-+4+o00 n n——+0o n
which concludes the proof of the theorem. g

We still need one auxiliary result to prove the convexity of the rate function on
the large deviation principle.

Lemma 3.19 Let X,,, n € N, be strictly stationary and associated random variables
such that there exists M > 0 for which P(|1X| < M) = 1. Assume that (3.18) and
(3.20) are satisfied. If x1, x» € R are such that, for each § > 0,

1 1
liminf—logP<‘—Sn — X;

n—+0o n n

<6>>—oo, i=1,2,



84 3 Almost Sure Convergence

then

| P(|(2n) "85, — (x1 +x2)/2| < §)
inf liminf — log >
§>0n—>+00 n P(n=1S, —x1| < §/2)P(In~1S, — x2| < §/2)

Proof Let § > 0 be fixed. From the assumptions it follows that there exists c¢; > 0
such that, for every sufficiently large n,

1 ) 1
< —>P<‘—Sn — X2
2 n

p< !
n
Now, for every n, £ € N,
)
_(S2n+€ - Sn+€) — X<z
n 2
) 1 )

1
Pl -8, — xi
n
1 6 1 )
Pl =S, <x1+ 5, = (S2n4e — Snpe) <x2+ 2
n 2'n 2

Sy — x1

< g) > exp(—ncy). (3.24)

<z
2

1
—P('—Sn — X1
n

IA

1 ) 1 é
=Pl =8, <x1+ 2 )Pl =(S2n4e — Snte) <x2+ =
n 2 n 2

1 5 1 I}
+ Pl =Sy <x1+ 5, = (Sonte — Spte) Sx2+ =
n 2'n 2

1 1 )
_P<_Sn <x1+ ) <_(S2n+i _Sn+€)§x2+_>
n n 2
1 1 )
+ Pl =5, < (S2n+é Snye) <x2+ =
n 2
1 8 1 1)
—P{ =S, = —(Szn+£ —Sp+e) <x2+ =
n 2 2
1 1) 1)
+ P =S <x1+ = (SZIH—Z Sn+€) <x2+ =
n 2’ 2

1 ) 1 )
—P{ =Sy <x1+ 2 |P| =(S2n4e — Snve) <22+ = )|,
n 2 n 2

so, taking into account Corollary 2.36, we have
P( 1 A RS S5 sy §>
n 2 |n 2
o]l
n 2 n 2

—Sn — X1 <
13( 1 1
<4B, Cov ;Sn, ;(S2n+€ = Sn+0) )
where B, =2max(27~2,45¢B"), as the variables 1S, and 1 (S5,1¢ — Sy4¢) have
a density function bounded above by ¢B”", according to (3.18). Thus, recalling that
the variables are stationary, we get
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1 1)
P(‘_Sn — X1 (S2n+(i Snve) —x2| < _)
n 2

offasl o]

—Sn—xl
1/3
1 n o0
§4Bn(n—22 3 COV(X,',X/)) = 4B,nPul3 ).

8
2

1
—Sn — X2
n

n
i=1 j=n++1
Taking again into account the stationarity and (3.24), we find that, for all £ € N and
sufficiently large n,
P(In~"S, — x1] < 8/2, In~ " (San+e = Sue) — 32| < 8/2)
P(n=1S, — x1| < §/2)P(|n~1S, — x2| < §/2)

>1—4B,n"BulB @) exp(cin). (3.25)
As the variables are bounded by M, it easily derived that
1 X1+ x2
— S, —
w2
1 1 1 n+t 2n+L
52|( sn—xl)+(;<s2,,+z—sn+e>—n)\ Y xt Y X
i=n+1 i=2n+1
1 1 ‘M
<= S —xt )+ | (2046 — Sne) —x2 )|+ —,
2 n n
so that the following holds:
1 X1 +x2
P{|—Su — 1)
(‘2;1 nTT T )
/1 1 ‘M
=P S| =Sn—x1 )+ =(S2nte — Snye) —x2 ) [ <8 — —
2|\ n n n
1 M
>P( [~y —x1] <8 —, | =(Sase — Sure) —x2| <8 — — ).
n n n n

Choose now ¢ = 2 47 and insert the resulting inequality into (3.25) to obtain

P(|(2n) 7180, — (x1 + x2)/2| < §)
P(In='S, — x1| < 8/2)P(In~'S, — x2| < 8/2)

1)
>1-— 4Bnn_1/3u1/3<ﬁ> exp(cin).

Thus, finally,

N P(|(2n) "' Son — (x1 +x2)/2] < 8)
liminf — log
n—-+oo n P(n=1S, —x1| < 8/2)P(In~1S, — x2| < §/2)

1 dn
> liminf — 10g(max<l —4B,n"3u 1/3< ) exp(cin), 0>>
n—-+o0o n 2M
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The limit on the right is, according to Lemma 3.17, equal to 0, and so, as § > 0 is
arbitrary, the theorem is proved. U

We are finally in position to state and prove the large deviation principle that we
have been announcing throughout this section.

Theorem 3.20 Let X,,, n € N, be strictly stationary and associated random vari-
ables such that there exists M > 0 for which P(1X1| < M) = 1. Assume that (3.18)
and (3.20) are satisfied. Then, the random variables X,, n € N, satisfy the large
deviation principle with rate function A*(x), the Fenchel-Legendre transform of

. 1 uS,
A(u) = nllr—ir-loo . log E(e )

Proof As the variables are strictly stationary and uniformly bounded, the distribu-
tions of S,, n € N, are exponentially tight (see page 178). Also, according to the
comment at the end of Appendix B, the family of continuous, concave and bounded
above functions is well separated (see page 179). Moreover, according to Theo-
rem 3.18, the limit Ag = lim,— +o0 }llogE(e"é’("_IS")) exists for every g continu-
ous, concave and bounded above. That is, the conditions of Theorem B.8 are ful-
filled, so it follows that X,,, n € N, verifies the large deviation principle with a good
rate function r(-) (see page 178). The proof of this theorem will be concluded, that
is, the rate function will be identified as the Fenchel-Legendre transform of A if
we prove that this rate function is convex. In fact, as we have proved the finite-
ness of A, defined by (3.17), we may apply Theorem B.4 to conclude. According to
Theorem B.2, for every x € R,
< 8) }

<s)}.

As, given that y € (x — 8, x + §8), there exists some 8 such that (x — 8, x +8') C
(y — 8,y +8), we may write
< 8)}

<s)}.

Consider now x1, x2 € R such that r(x1), r(x2) < oco. Thus, x; and x; both satisfy
the assumptions of Lemma 3.19, so it follows that

] P(|(2n) 718, — (x1 +x2)/2] <)
inf liminf — log >
s>0n—>+oon - P(In~1S, —x1| <8/2)P(|n"1S, — xz| <8/2)

‘We have then that

1 1
r(u) =— inf {liminf—logP(‘—Sn—y
n

§>0,y:|ly—x|<d |n—>+00 n

1 1
=— inf {limsup—logPQ—Sn—y
8>0,y:ly—x|<é | n>+00 N n

§>0|n—>+oon

1 1
r(u) =— inf{liminf— logP(‘_Sn —x
n

1 1
=— inf{limsup - logP(‘—Sn —-X
n

>0 nsto00 N
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(27)
(e
2

1 1
= inf(limsup - log<P(‘—Sn M —;—xz
n

>0\ n—>+o0 1

=)))

( P(12n) 7180, — (x1 +x2)/2] < 8) ))
P(n=1S, — x1| < 8/2)P(In~1S, — x2| < 8/2)

-3)))
-3)))

That is, we have concluded that, for every x1, x; € R, r(%) < %r(xl) + %r(xz).
Iterating now this inequality, it is easily proved that, for every n € N and k =

0,...,2",
k k k k
r 2—nX1+ 1—2—n X2 Sz—nr(xl)‘f‘ 1—2—n r(x2),

and the convexity follows from the continuity of ». Thus, according to Theorem B.4,
the rate function is the Fenchel-Legendre transform of A, that is, r(u) = A*(u). O

1
> inf <lim inf — log

§>0\n—>+o0 2n
1
+ inf (lim inf — log (P(
§>0\n—+00 2n

1 1
+ inf (lim inf — log <P(‘ -8, —x2
2 n

-8, — xq
n

§>0\n—>+o00 2n

> _lr(xl) - lr(xz)
- 2 2 ’

3.4 Kernel Density Estimation

The technical treatment of the kernel density or regression estimators is similar. As
could be expected, the regression problem is somewhat more intricate as we need
to handle the dependence between the X and Y variables that are natural in this
problem. We will start by proving the asymptotic results for the density estimator,
introducing the techniques in a simpler framework, and then extend them to the
treatment of the regression.

In this section we start looking at the classical statistical problems of, based on a
sample, estimating the density function, assuming, naturally, that it exists. We will,
of course, be interested in characterizing the asymptotics of the estimates assuming
that the samples verify an association condition. As expected, the main difficulty
will be to handle the variance of the estimators. This will be achieved assuming
a mild condition on joint distributions, not even requiring the existence of joint
densities, as is frequently done throughout the literature. The first results proving the
consistency of nonparametric estimators were obtained by Roussas [88] assuming,
among other technical conditions, that joint densities should be close enough to
the product densities, thus, controlling the deviance from independence in a way
rather similar to what is done while handling strong mixing samples. Even simple
models generating associated variables construct sequences of random variables for
which their joint distributions do not have a joint density, just having some mass
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concentrated on the diagonal (see Example 1.28). We will prove the consistency of
kernel estimates allowing for this mass concentration on the diagonal. It is curious
to notice right away that it is exactly this diagonal mass that will appear in the
characterization of the asymptotic results concerning the variances.

3.4.1 Definitions and Preliminary Results

We now describe the framework for our statistical problem, introducing the estima-
tor that will be studied in the sequel. Let X1, X5, ... be an associated sequence of
random variables with the same distribution as X for which there exists a density
function f. Let K be a fixed probability density, and &, a sequence of real numbers
converging to zero.

Definition 3.21 The kernel estimator of the density function f is, of course, defined
as

~ L K (XX
fn(x)—nhn;K< " ) (3.26)

This estimator is well known to be asymptotically unbiased if there exists a
suitable version of the density, as a consequence of the Bochner’s lemma (see
Bochner [19]).

Lemma 3.22 If f is bounded and continuous, then EfAn (x) —> f(x) uniformly on
any compact set.

This means also that, in order to establish the convergence of fAn(x), it is enough
to prove that f,(x) — E f,,(x) — 0 in the appropriate mode of convergence.

We now introduce the assumptions that describe the appropriate control on the
diagonal decomposition of the joint distributions. Let A% be, as usual, the Lebesgue
measure on R%. Let A be the diagonal of R x R, and represent by A* the measure
on A defined by A*{(u,u),u € A} = L(A), where A is Borel subset of R, and A is
the Lebesgue measure on R. The first set of conditions may now be described:

(D.1) For each j, k € N, the distribution of (X;, X;) is the sum of a
measure m1jr on R x R\ A with a measure m; ;; on A such
that my j x < A% and my j x < A*.

(D.2) Foreach j, k €N, there exists a bounded version g j x of dr;;’{ &

(D.3) Forall j,k € N, there exists a bounded and continuous version
dmy i
82,j.k of ==,

(D)

Notice that the pairs are allowed to have some mass concentrated on the diagonal,
and thus they need not to be absolutely continuous with respect to A%. A simple
example where this property is required arises from a method used to construct
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sequences of associated variables from an independent sequence of variables, as
described in Example 1.28: assuming that m € N is some fixed integer, define, for
eachn e N, X,, =min(Yy,, ..., Y,+mn). The variables X,,, n € N, are associated, have
a common absolutely continuous distribution, but the random pairs (X, Xj,+ ),
j =1,...,m, are not absolutely continuous. Nevertheless, their joint distribution
satisfies (D).

In order to prove the convergence results, we will need some control on Radon—
Nikodym derivatives introduced in (D), thus we introduce a second set of conditions:

(A.1) (D) is satisfied.
(A.2) % Z;",kzl lg1,jk(x,y) — f(x)f(y)| converges uniformly to a
A) bounded function g.
(A3) % Z;’ k=1 82, j,k(x, x) converges uniformly to a bounded and con-
tinuous function g;.

It is now convenient to introduce the following notation.

Definition 3.23 Given functions /1 :R” — R and &, :R”" — R, we denote by
h1 ® hy the function defined on R" ™ by

hl ®h2(x17"'7xn’y15""ym)=h1(x17"-7xn)h2(y17”'7ym)‘

With respect to (A), remark that, if the variables X1, X», . .. are strictly stationary,
it is easy to check that

1 n n—1
- gk —fOFIZD g1 —f®fl,
jk=1 j=1
and analogously for the summation in (A.3). In such a case, it is enough to assume

the convergence of these upper bounds.
The main tool for proving the convergence is stated in the following lemma.

Lemma 3.24 Let X,,, n € N, be random variables such that (A) is satisfied. If the
kernel K is square integrable, then

(K(x;Xj),K(x;Xk)) —>g2(x,x)/K2(u)du

uniformly on any compact set.

nh
n j.k=1

Proof Write
LC‘”( (5) = (5))
h hy h
1 _
" K<x M) ( v)(ghj,k(”’l))—f(u)f(v))dudv
n JR? n hy

h
1 K2 X —
+ gzﬁj,k(u, u)du. (3.27)
n A hn
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The first integral in (3.27) is bounded above by

/RzK(x};”>1<<x};”>|gl,j,k(u,v) — F) )| dudv,

so that, for n € N large enough,

1 < - -
— > /2K<xh ”)K(xh ”)|g1,,~,k(u,v)—f(u>f<v>|dudv

1 xX—u X—0v
§2hn@ R2K I K i g1(u,v)dudv

<2h, sup|gi(u, v)| — 0,
u,v

as h, — 0. For the second integral in (3.27), we have that

1 x—u\l &
—/ KZ(—)— > gz,j,k(u,u>du—>gz(x,x>f1<2<u>du
hn A hn njk:]

using Bochner’s lemma after renormalizing K2 to find a density. 0

Remark 3.25 The previous result states a general convergence for the covariances
not requiring the association of the random variables.

Remark 3.26 Notice that the limit obtained in Lemma 3.24 is the diagonal density
multiplied by a constant depending only on the kernel. So, if we had assumed the
absolute continuity of the random pairs (X ;, Xy), this limit would have been zero.
As this term appears when dealing with the convergence of the estimator, in case it
converges to zero most of the convergences would follow with relaxed assumptions
on the bandwidth sequence 4,,.

The convergence in probability of ﬁ (x) is a simple and immediate consequence
of Lemma 3.24, as stated in the next result.

Theorem 3.27 Let X,,, n € N, be random variables such that (A) is satisfied. If the
kernel K is square integrable and

nh, — +o0, (3.28)
then fAn (x) converges in probability to f(x) for every x € R.
Proof As
P(|fa(x) —Efi(0)| > ¢)

1 1 <& x—X; x — Xx
< — Cov| K L), K )
— &2nh, nh, j;l OV< ( hy, > < hn ))

the theorem follows immediately taking into account Lemmas 3.22 and 3.24. O
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3.4.2 Almost Sure Consistency

The almost sure convergence requires some further assumptions on the kernel K

and on the bandwidth sequence. This i
are, in general, not associated. In order to keep the association, we should apply
only monotone transformations to the original variables, which is not the case with
a general kernel. This may be resolved by assuming the kernel K to be of bounded
variation, which includes most of the popular choices for the kernel function. There
are some additional technical assumptions required by the method of proof, which
follows closely the proof of Theorem 2.7.1 in Ferrieux [39]. For a more general
setting, it is interesting to have a look at Ferrieux [38], although, as in [39], the
author is interested in estimation problems for point processes, a framework that
is not the one we are studying here, as it follows from Sect. 1.4. The result below
appears in this form in Oliveira [74].

Theorem 3.28 Let X, n € N, be associated random variables. Assume that (A) is
satisfied, K is of bounded variation such that, for fixed x € R, K («x) is a decreasing
function of « > 0, and

ad 1 h(n+])2
h, N0, Z < 00, e |
n

— n2h,» h,2

Then ﬁ(x) converges almost surely to f(x) for every x € R.

Proof We first check that the subsequence corresponding to terms of order n?
converges almost surely. This is an immediate consequence of the Borel-Cantelli
lemma, Lemma 3.24 and the assumptions made, as

P(|f2(x) —Efp(x)| > ¢)

2
1 1 < - X; -X
L LS ok (X k(E2X),
€2n2h,» n?h,» Pyt h,2 B2

For the remaining terms, we write, for an integer k € (n%, (n+ 1?2,

|(fe@) —Efi@) = (Fo(0) = Ef2 ()]

k

1 x—X; x—X;
—> |k —EK
hk. ]’lk hk

j=1

2
1 x—Xj X—Xj

- — K —EK

hnzj:1 h2 h,2

2

1
< - max
n?2<k<(n+1)2
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thus leaving the first term to be treated. Now,

1 k x—X/ X—XJ'
— K ~ )| —EK
hy “ hi hy
Jj=1
2

|
1
>
e
=
=
S
e
N——
|
m

7))
© 2 () e (5]

Let us denote by a,,, b, and ¢, the maxima over k € (n2, (n+ 1)2] of each of the
three terms on the right of the preceding expression, respectively. The consistency
of the estimator (3.26) follows if we prove that Z—g, Z—g and ;—’; all converge almost
surely to 0.

Convergence of Z—'; As h,, is decreasing and using the decreasing assumption on
the kernel, it follows that

<1 1) (x—u) < 1 1) <x—u)
0<|——-—|)K < - — 1)K .
l’lk hnZ hk h(}’l+])2 I’ln2 hnZ

Now, for every k € (n?, (n + 1)1,

k
1 1 X—Xj X—Xj
(- [f(52) e (5]
1 1L x—X; X —X;
< (h(n+1)2 h)[K< e )+EK( e )] 629

j=1

1

We first look at the terms with the mathematical expectation. On one hand, we have

(n+1)? v ) B
e ZEK(’“ Xf):(”“) it LEK<’“ X>—>f(x),

nzh(n+1)z =1 hnZ n2 h(n_,_l)z hnZ hnZ
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using Lemma 3.22. Analogously, it follows that

o x— X,
> EK( >—> ).

2
n“h,» o h,2

Thus, in (3.29) the terms corresponding to the mathematical expectations converge
to zero. This allows replacing the sign “4” inside the square brackets on the right-
hand side of (3.29) by the sign “—" as, given § > 0, for n large enough, the right-
hand side in (3.29) becomes smaller than

(n41)?
1 Z 1 1 —X; - X;
n =1 h(n+l)2 hnZ hnZ hnZ

So, it is enough to verify that the summation above converges almost surely to zero.
In the present form, Chebyshev’s inequality gives an upper bound with a variance
term: for any ¢ > 0,

> s)

(n+1)?
1 1 1 —X; —X;
n j=1 h(n_,’_])z hn2 hnZ hnZ

(n+1)?

1 1 1\? -X; - X

= ( ‘—) 2 C<K< )K( ’ ))
En h(n+l)2 h112 = hnZ hnZ

Jij'=1

(n+1)?
1 h 2 Z -X; '
E°n h”2 h(n+l)2 n hl’l2 j j’: hnZ hnZ

1

which, taking account of Lemma 3.24 and the assumptions made on the bandwidth
sequence, defines a convergent series.
Convergence of Z—; Using the decreasing assumption on the kernel, it follows

that, for every k € (n?, (n + 1)?],
(n+1)2
bl _ 1 X=X X=X
mnl - K EK
n2 = n2h,; Z 2 + h,2
j=1

x—Xj x—Xj
—| K +EK .
Rty Rty
As for the convergence of the terms Z—’z’ it is easy to check that the terms with the

mathematical expectations cancel each other in the limit. So, we are left with check-
ing the almost sure convergence to zero of

(n+1)?
e 2 < (5) <G
nzhnz = hnz h(n+1)2

Given ¢ > 0,
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e X x—X;
n hnz =1 /’lnz h(n+1)2
(n+1)?
< =7 Cov( K =~ —K =],
e2n 4h2 Z h,2 h(n+1)2

JJ'=1
f(52)-(22)
hnz h(n+1)2

<n+1>2

Taking into account Lemma 3.24 and —> 1, we get that the sum of these

n

covariances, divided by n2h”z, is convergent to 4g>(x, x) f K2%(u)du. As there re-
mains the term ﬁ, we have in fact a convergent series defined by the probabili-
n2
ties.
Convergence of C” . Write K = K| — K3, with K1, K, increasing functions.
The random varlables K 1(x;—}2(j), j=1,2,..., being monotone transformations

of associated variables, are associated. Then, we may apply the generalization of
Kolmogorov’s inequality for associated variables proved in Theorem 2.22 to obtain
that, given € > 0,

k
—X.: — X
max Z K al J —EK; al J > €
n2h,p n2<k=(ni?| 45 By hy2
j=n*+1
(n+1)2
2 X X—Xj/
< 2 o (5) 0 (5)

2+1

Because of the association, this sum is bounded above by the sum with j, j’ ranging
from 1 to (n 4 1)2, and then the proof is completed repeating the arguments used for
the two previous cases. The terms corresponding to K, are treated analogously. [

Remark 3.29 Notice that the association of the random variables is only used in the
final step of the proof.

Remark 3.30 The assumptions made on the kernel function, namely, that K is of
bounded variation and such that K (ax), for fixed x € R, is a decreasing function of
o > 0, are met by most of the usual kernels considered in the statistical literature.

3.4.3 Almost Sure Convergence Rates

Characterization of strong convergence rates relies on appropriate inequalities for
sums of variables. The main tools have been exponential inequalities such as the
one proved in Theorem 2.52 or Rosenthal inequalities like (2.3). Results based on
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the later inequalities require milder assumptions on the covariance decay rate of
the variables. In fact, as already mentioned before, exponential inequalities are not
available unless the covariances decrease geometrically. There is, though, an interest
on the exponential inequality approach: the rates derived are better, closer to the
optimal (loglog")l/ 2 rate known for independent random variables. We will next
prove a convergence rate based on an adaptation of (2.3) that is just slightly slower

than the optimal rate.

Theorem 3.31 Let p>2,r > p+ % and X,, n € N, be associated random vari-
ables with density function f such that sup,.g | f(x)| < B < oo and u(n) < cn?
with 6 > ggf D Assume that the kernel function K is differentiable with bounded
derivative and that K" is integrable. Then, for every y € (0,1), fn (x) converges

almost surely to f(x) with rate (loglog" y/2,

Proof The main argument for this proof is to find a suitable version of the moment
inequality (2.5) in Theorem 2.18. For this purpose, define, for all i,n € N,

1 x—X;j x—Xj
Yi,=—|K —EK .
hy, hy, hy

With respect to the proof of Theorem 2.18, we refer here only what should be
changed, as the arguments are completely parallel. Denote r, =7(p — 1) — 1 and
define, similarly to proof of Theorem 2.18, T, = Z?:l Y; . Given a € (0, %), put
m=[nal+1and k, = [%] + 1. Decompose T,, into the blocks:

nAQREL—1)m nA2lm
&= Z Yj,n and Nne = Z Yj,l’ls £=1,... kg,
j=2(—1m+1 j=Q2L—m)+1

and define the sums of alternating blocks: T, = ZIZ”Z (Eeand T, = le”: | e- The
initial arguments are the same as in the proof of Theorem 2.18. Notice now that,
taking into account the boundedness of the density f, we have

G0l
K
hn

I,
so the bound corresponding to (2.7) becomes

f(u)du<—f K@) dz.

ky
Az <) EI&EIT), — &P
=1

kn
+ 3 p(EITin — &P) 2
=1

2Bm r(p— 2)/"p m”K/“ (r=p)/rp
X< = 1/r/|K(Z)| dZ) (h—400u(m)> .
n
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Thus, we may continue with the argument as in the proof of Theorem 2.18, redefin-
ing
QB [ K@) dz) =2/ k|13

1+Q@r—4p+2)/rp
hy,

Repeating the arguments, we need to redefine the constant b, in the bound corre-
sponding to (2.9) as

2P 4 42 @P=3/=D)r, r(p=2)/rp
b, = (p d )(<2Bf|1((z)|’dz)

h(1+(3r—4p+2)/rp)rp/(r—2)
n

(u(m))(”—P)/(r—z)

2 5 2 rp/(r_2)
8 ||K’||Of3”P)/(r’ ()P )) '

Remark that the denominator of this last expression may be written as

p2TP 3P/ oy, taking into account that u(n) < Cn~? and that § > ;Ef ;;

repeating the arguments of Corollary 2.20, we find that there exist two constants K
and K, depending only on r, p and u(0), such that

K
P < ,P/2 2
EIT, |7 =n <K1 + h2+p—3(p—2)/<r—2)>’

which is the sought convenient moment inequality. Now, the convergence rate for
fn (x) follows using standard arguments based on the Borel-Cantelli lemma. In fact,
we want to choose a sequence en such that Z 1 P( | T, | > en) < 00. As P( | T, | >

it is enough to verify the convergence

of both serles
o0

1
an/Zg’li and Z p/2h2+[? 3([1 2)/(r=2) p

n=1

It is, of course, enough to find the convergence of the second series as 4, —> 0. To
find a convergent series, we set

nP/2p2tP3P=D/C=D P 1068y for some 8 > 1.

log logn )y/Z

If we choose ¢, = (=== this means that, since p > 2,

24(1-y/2)p=3(p—2)/(r=2) log’ n
2 vDp=3p=2/¢r=2 _ 1-(A-y)/p___ T * 0,
(loglogn)dr/2

so the exponent of #, should be positive but this is true as long as y < 37”::’2’
Finally it is easy to check that 31’ = 2 > 1 is equivalent to r > p + 2 5 §3pl—_2, NY)
we may really choose y arbltrarlly close to 1. g

Remark 3.32 The argument used in the final part of the proof above fails if we
choose ¢, = (10g 1Og")l/ 2 In fact, repeating the arguments, we would arrive at

p2HP2=3=2/0=D) nlog’ n

- . .. H +w9
~ (loglogn)r/2
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so the exponent of #,, should now be negative. It is easily verified that, asr > p > 2,
this cannot be true.

3.5 Kernel Regression Estimation

We now concentrate on the estimation of the regression function and the asymptotic
results corresponding to those studied in the preceding subsections. We start by
extending the framework appropriately. We begin by stating clearly our framework.
Let (X1, Y1), (X2, Y2),... be an associated sequence of random vectors with the
same distribution as (X, Y), for which there exists a density function f*. We will
denote by f the marginal density corresponding to X and by 4 the marginal density
corresponding to Y. Let K be a fixed probability density, and &, a sequence of real
numbers converging to zero.

Definition 3.33 The kernel estimator of the regression function r (x) = E(Y | X = x)
is defined as

> i1 YiK((x = X;)/ hn)

> =1 K((x = X))/ hn)

_ 1/ (nhy)) Y1 YiK((x = X )/ hn)
- Fa ()

where fAn (x) is the density estimator (3.26). If we denote

n(x) =

, (3.30)

n

- 1 x—X;
o) = 3ok ().

n ]=1 n
. o~ _ n’in(x)
then, obviously, 7, (x) = ATk

The technical treatment of the density or regression estimators is similar to that
of the expression for the corresponding estimators. As could be expected, the re-
gression problem is somewhat more intricate as we need to handle the dependence
between the X and Y variables that are natural in this problem. We will extend the
techniques used in the previous section to prove the almost sure asymptotics for the
regression estimator (3.30).

The proofs will be based in the inclusion proved in Theorem C.3, which enables
the separation of the variables X and Y in the definition of (3.30). This separation re-
sult depends on a nonnegativity assumption on the variables. For the present setting,
it is enough to assume the nonnegativity of the variable Y, as explained next. We

now use the representation of (3.30) as 7, (x) = 1’;% For each x € R, the random

variables fAn (x) and 1, (x) are obviously nonnegative if we assume that Y is nonneg-
ative valued. We need to control |7, (x) — r(x)], but this will be achieved indirectly
through Ef,(x) and Em, (x). We have already remarked that Ef,(x) — f(x)
(see Lemma 3.22). So, in order to apply Theorem C.3, it is enough to assume that
f(x) > 0. We still need to describe the asymptotic behaviour of Emj, (x).
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Lemma 3.34 Let Y be a random variable such that the regression function r(x) =

E(Y|X = x) is continuous and assume that the density f of X is continuous. If the
kernel K has compact support, we have Eni, (x) —> r(x) f (x).

Proof Write

- 1 x—X 1 X —Uu
Emn(x)zh—E<YK< p )):h—/r(u)l(< A >f(u)du

and apply Lemma 3.22 to conclude the proof. O

So, if we assume Y to be nonnegative, the regression function r is also nonnega-
tive, and the conditions of Theorem C.3 are verified, at least for n large enough, and
thus the following inclusion holds.

Lemma 3.35 Assume that Y is a nonnegative random variable and the regression
function r(x) = E(Y|X = x) is continuous. If the kernel K has compact support, we
have, for ¢ > 0 small enough and n large enough, that

{A Efﬁn(x) }
Tn(X) — —== > €
Efn(x)
c {|ﬁin(x) — By ()| > ZEﬁ(x)}
> ~ £ (Efu(x))?

This lemma allows us to reduce the proof of the consistency of 7,(x) to the
convergence to zero of i, (x) — Eni, (x) and fAn(x) — Eﬁ (x). Naturally, the later
convergence has been established in the previous section, so we need to prove the
other convergence.

To proceed, we need an extension of assumptions (D) and (A), describing an ade-
quate control on an extension of the diagonal decomposition to a higher dimension.
Recall that we have denoted by A2 be the Lebesgue measure on R. Now let A% be
the Lebesgue measure on R2 x RZ, that is, the four-dimensional Lebesgue measure.
Represent by A* = {(u, v, u, v), (u,v) € ]Rz} the diagonal of R? x R? and introduce
the measure A} defined by A3{(u, v, u,v), (u,v) € A} = 22(A), where A is a Borel
subset of R2. We consider the following extension of (D):

(D'.1) Forall j, k €N, the distribution of ((X;,Y;), (X, Yx)) is the
sum of a measure m_j on R? x R?\ A and a measure ma, ik
on A such that m j ; < )»% and my j x K A3.

(D,) . . dm_;k
(D’.2) Forall j, k € N, there exists a bounded version by j.k of d)?j’ .
2
(D’.3) Forall j, k €N, there exists a bounded and continuous version
b dma jik
2,j,k of

dry
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What concerns (A), we have the following extension:

(A’.1) (D) is satisfied.
(A’.2) ,1—1 Z;’ k=1 1P1,j.k — f* ® f*| converges uniformly to a function
(A’) by such that bik(vl, ) fRz uuorby(vy, uy, vy, ur)duyduy is a
bounded function of (vy, vy).
(A’.3) ,ll Z;’ x=1Db2,j.x converges uniformly to by such that b3 (v) =

fR uzbg(v, u) du is bounded and continuous.

Reproducing the arguments of the proof of Lemma 3.24, it is now a simple matter
to prove the following result.

Lemma 3.36 Ler (X,,, Y,), n €N, be random vectors such that (A') is satisfied. If
the kernel K is square integrable, then

R —X; -X
- Z COV(YjK(x p "),Y;J((x - ")) —>b;(x,x)/1(2(u)du
n j,k:l n

n

uniformly on any compact set.

With this tool in hand, the convergence of m, (x) — Em, (x) is immediate, again
by reproducing the corresponding arguments for the proof of the convergence of
Jn(x) — Efy(x), as in Theorem 3.28.

Theorem 3.37 Let (X,,Y,), n € N, be associated random vectors. Assume that
(A?) is satisfied, K is of bounded variation such that K (ax), for fixed x € R, is a
decreasing function of « > 0, and

B N\ O i;<oo e
T L, S h,» '

Then m,, (x) converges almost surely to r(x) f (x) for every x € R.

Finally, we may state the complete result with the almost sure convergence of the
regression estimator (3.30), taking into account Lemma 3.35.

Theorem 3.38 Let (X,,Y,), n € N, be associated random vectors. Assume that

r(x) = E(Y|X = x) is continuous, (A) and (A’) are satisfied, K is of bounded vari-
ation such that K (ax), for fixed x € R, is a decreasing function of « > 0, and

o 1 h 2
h, (O, Z < 00, A Gh N 1.
n=1

n2h,» h2
Then 1, (x) converges almost surely to r(x) for every x € R.

It is worth noticing that this theorem is an explicit version of the results included
in Ferrieux [38, 39] and in Jacob and Oliveira [50-52], although our statement seems
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somewhat more intricate than the corresponding ones in the above-mentioned refer-
ences. This is due the fact that [38, 39, 50-52] explore a more complex and enlarged
framework, using point processes, which requires a quite condensed form of writ-
ing in order to produce readable results. We notice also that [38, 39, 52], which deal
with statistical problems based on associated samples of point processes, do not
overlap with the results in these two last sections. In fact, as follows from Sect. 1.4,
association of point processes is not equivalent to association of random variables
or vectors, due to a different order structure on the base space (see Example 1.4).



Chapter 4
Convergence in Distribution

Abstract This chapter addresses central limit theorems, invariance principles and
then proceeds to the convergence of empirical processes. The pathway will be to
start with versions based on stationary variables and drop this assumption introduc-
ing the necessary control on the covariance structure. The techniques will be based
on approximations of independent variables relying on a few inequalities established
in Chap. 2. Once we have proved the first results, we will find characterizations of
convergence rates with respect to the usual supnorm metric between distribution
functions. A few applications to statistical estimation problems will be addressed in
the final section of this chapter, as done in the previous one.

4.1 Introduction

Central Limit Theorems are at the heart of every probability model, so it is not
surprising that this problem was one of the first to be addressed in the literature
for associated random variables. In fact, after the early developments, mainly con-
cerned with the dependency structure itself, the first asymptotic result was a Central
Limit Theorem and an invariance principle proved in Newman and Wright [72, 71]
for strictly associated sequences of random variables. The stationarity assumption
was dropped by Cox and Grimmett [25], who introduced the coefficients u(n) (see
Definition 2.13) that control the covariance structure of the variables. Naturally, ex-
tensions of the classical Berry—Esséen inequalities characterizing convergence rates
were addressed in Wood [104], assuming the stationarity of the sequence, and Birkel
[14] for general sequences of associated variables. The approach used either for the
Central Limit Theorems or for the convergence rate characterization is based on
block decompositions of the sums and approximations by independent variables.
This step is essentially controlled using Newman’s inequality (2.26), thus being a
key ingredient for this kind of results. Functional results characterizing the conver-
gence in distribution of the partial sums process or the empirical process have also
been proved, but these are deferred to Chap. 5.

In statistical estimation based on associated samples, the first problems involv-
ing convergence in distribution that were treated concerned the approximation of
distribution functions in Roussas [85] and survival functions in Bagai and Prakasa
Rao [4]. The results obtained proved the almost sure consistency and asymptotic

P.E. Oliveira, Asymptotics for Associated Random Variables, 101
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normality for stationary sequences under a polynomial decrease rate of the coeffi-
cient v(n) = Z?inH Cov!/3 (X1, X;). This is not the usual u(n) coefficient, but its
appearance is easily explained noticing that distributions functions involve transfor-
mations depending on indicator functions, and recalling inequality (2.25). Roussas
[85] even proved a polynomial convergence rate for the estimator assuming, be-
sides a suitable decay rate of v(n), the existence of joint densities and a control
of the distance of this with respect to the product density, thus controlling the dis-
tance of joint distributions to independence. Extensions of the above asymptotic
characterizations addressing associated random fields appeared in Roussas [86, 87],
to quantile functions in Cai and Roussas [24] and to multidimensional distribution
functions in Azevedo and Oliveira [3] and Henriques and Oliveira [41]. The estima-
tion of density functions was treated in Roussas [88], who proved the consistency
and asymptotic normality under the above-mentioned control between the distance
of joint densities and product densities. The control of this distance was dropped
in Roussas [89, 90], but still assuming the existence of pairwise joint densities.
An extension of these results appeared in Oliveira [74], allowing for nonabsolutely
continuous joint distributions. Again, one of the key tools to prove the asymptotic
normality results for the estimators is Newman’s inequality (2.26).

There is a much more general approach to estimation problems followed by Ja-
cob and Oliveira [50-52], Ferrieux [38, 39], Bensaid and Fabre [6] and Bensaid
and Oliveira [7], where one deals with models characterized by point processes, and
the interest is in the estimation of Radon—Nikodym derivatives. These models are
shown to be an extension of several classical estimation problems, as explained, for
example, in Jacob and Oliveira [50, 51]. Nevertheless, as follows from Sect. 1.4,
association of point processes is not the same as association of the random variables
that define the point processes. However, some of the techniques used in this point
process framework are adaptable to the treatment of associated random variables
allowing, for example, for the extension to nonabsolutely continuous joint distribu-
tions proved in Oliveira [74].

4.2 Central Limit Theorems

The first Central Limit Theorem for associated variables will be proved assuming
the stationarity of the sequence. The requirement on the covariance structure is just
that defines a summable series. The technique of proof that will be used again later
in a broader context consists of decomposing sums of variables into sums of blocks
of variables and treating these as if they were independent. Naturally, we will need
some control on the approximation between the sums of the dependent blocks and
their independent counterparts. This control is achieved using characteristic func-
tions and is based on inequality (2.26), following the approach used in Newman
[68].



4.2  Central Limit Theorems 103

Theorem 4.1 Let X,,, n € N, be centred, strictly stationary, square-integrable and
associated random variables such that

oo
o =Var(X;)+2) Cov(X). X;) < 0. .1
j=2
Then,
—S A, Z~N(@,1
o ©, D).
Proof Denote the characteristic function of ﬁSn by ¢, (t). We will decompose S,

into the sum of blocks of size £ € N. The number of such blocks is m = [%], the
largest integer less than or equal to n/£. Define now the blocks

n
Yie= > Xio j=1l...m and Yupe= Y X
i=(j—1)e+1 i=ml+1

The proof will be divided into four steps, proceeding with fixed £ in the first three
steps and allowing £ — 400 in the last one.

Step 1. We start by checking that it is enough to consider n a multiple of £. Using
i _ e”| < |t —s]| for ¢, s € R and the Cauchy inequality, it follows that

S Sme )2
0 (t) — Ome(t <tE1/2( mz)
|0n (1) = @me (] < 11 N

it (S
Il E1/2< > X)

j=ml+1

le

Expanding the squares in the mathematical expectations it easily follows that, given
the definition of o2,

24 n 2
(Zx) <o?m¢ and E( > X,~> <o¥t

j=ml+1

As £ is fixed, both n —> 400 and m —> +00, so

12 1
iﬁﬂn(t) _(pmé(t)| = |t|0< - % + ﬁ) — 0. 4.2)

Step 2. We now control the difference between the joint distribution of the
blocks and what we would find if they were independent. We obviously have

Tt om Sme = NI Y; ¢, and, given that the variables are stationary, the distribution of

Y; ¢ coincides with the distribution of S¢, thus the characteristic function of —= f Y



104 4 Convergence in Distribution

is @g(t). Moreover, the blocks Y , are increasing functions of the original variables,
so are still associated, and we can apply inequality (2.26) to their characteristic
functions to find:

Z Cov(Y.¢, Yi.o)-

J.k=1

t
Ome(t) — @p' <ﬁ)
J#k

Due to the stationarity, we obviously have that

= 2m

Z Cov(Y¢, Yie) = (Var(Smg) — m Var(Sp)).

Jk=1

J#k
Using again the stationarity, Var(S,)) = nVar(X) + 227:2(11 —1—j)Cov(Xy,
Xj),s0 Var(S ) —> o2, and finally, as n — +o00,

Ome () — " (ﬁ) ’ o 43)

Step 3. In this step we assume that the blocks are independent. If we define

0(2 = L[ Var(Sy), then the classical Central Limit Theorem for independent vari-

ables implies that, as n —> 400 (which also implies that m — +00),

Y t*o}

Step 4. Using again the inequality
< 5lo—oel

l2(72 t2 (Z
() —eel—5 )|=3

and collecting inequalities (4.2), (4.3) and (4.4), we get that, for each fixed £ > 0,

t2g?
on(t) — eXP<—T>

As the left side of this inequality does not depend on £, we may allow £ — 400 to

conclude that
t202
@n(t) —exp - )= 0,

so the theorem is proved. g

t2

lim sup §t2|0 —oyl.

n——+00

lim sup
n——+o00

Remark 4.2 Notice that association is crucial in the way we control the approxi-
mation Steps 1 and 2 in the previous proof. In fact, it is association, as it implies
that covariances are always nonnegative, that allows for the conclusion (4.2). For
the deviance from independence, again it is association that allows the conclusion,
as the argument used relies on Newman'’s inequality (2.26) (in fact, for this part of
the proof, it would be enough to assume the variables to be LPQD).
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Remark 4.3 The main argument in the proof above is the approximation of the dis-
tribution of S, by the product distribution of the blocks defined in the proof. This
sort of argument has been used before, sometimes just by including this approxi-
mation in the assumptions, as done, for example, in Lemma 3 in Birkel [12]. Of
course, such a result did not include the association in its assumptions, otherwise
the statement would have been quite similar to Theorem 4.1.

Taking into account the previous remark, it is an easy matter to prove a general
Central Limit Theorem, repeating the arguments above, with the obvious adapta-
tions to control the approximation to the independent coupling variables.

Theorem 4.4 Let X,,, n € N, be centred, square-integrable and associated random
variables. For each n € N, let £,, € N and m,, = [%]. Define, for j =1,...,my,

_ it . —_y .
Yig, = Zi:n(j—l)l,l+1 Xiand Yy, 41,0, = Zm,ﬂf,ﬁl X;. Assume that m,, — +00,

2 ZVar(Y, 0) — 1, 4.5)
noj=1
Eexp( ) HEexp( Y; @n> —> 0, wuekR, 4.6)
1 my
Ve >0, ZZ/ Y7, dP—> 0. 4.7)
Sn IYj Zy,|>scn o

Then

|
5, -% 72~ N, 1).
Sn

As mentioned above, the proof of the previous Central Limit Theorem is based
on (2.26), with (4.5) playing the role of (4.1), (4.6) allowing for the argument cor-
responding to Step 1 in the proof of Theorem 4.1 and (4.7), a Lindeberg condition,
implying the Central Limit Theorem corresponding to Step 3 of the proof of Theo-
rem 4.1.

We have proved an extension to possibly nonmonotone transformations of the
random variables in Theorem 2.40. So, it possible to have an extended version of
Theorem 4.1, by adapting the proof of Theorem 2.40 in an obvious way.

Theorem 4.5 Let Y,,n € N, be strictly stationary and associated random variables.

Define, for each n € N, X, = f(Yy, Ypi1,...) and X = g(Yp, Ypt1,...) where
f <X g (see Definition 2.4). Assume that

> " Cov(X7. X}) < oc. (4.8)
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Then,

1 d
where o2 is defined by (4.1).

It is possible to be somewhat more precise about the convergence assumptions
and the characterization of the asymptotic variance 0% in the previous statements.
For this purpose, let us define ij ¢» the functions corresponding to the usual Hj i
but with respect to the Y, variables:

Hj*’k(x, =P >x,Y>y)—P¥;>x)P(Y>y)
= COV(H(x,+oo)(Yj)7 ]I(y,+oo)(Yk))
= Cov(L(—o00,x1(¥}), L(=00,y1 (¥i))- 4.9)

Assume the Y, are strictly stationary and define

Fxey)=Hia@,y) + Y (Hixx, y) + Hi(y, x). (4.10)
k=2

If we assume the variables Y,, to be associated, as is the case where the initial X,
are associated, it follows that 0 < H; < I"' < 400. Define further,

1 n
Hn (6, 7) =~ 3 Cov(Iix 4000 (), Tty 4000 (V)
j.k=1

Then, given a real-valued function g,

/ /g(X)H(n) (x,y)g(y)dxdy

n k(XS - 2 ] =o0.

Jik=1

Taking into account the strict stationarity of the random variables, it still follows
that

Hny(x, y) = Cov(I(x,400) (Y1), Ly, 400) (Y1)
n—1

1 .
+~ X;(n — N(CoV(Iix 4o0) (Y1), Iy 00y (Y)))
]:

+ Cov(I(y, +00) (Y1), Lx, 100y (¥)))-
Thus, taking into account the nonnegativity of each term, we have
o
lim_ He(x,y) = Hi1(x, ) + Y (Hij(x,y) + Hy (v x)).

n——+00
j=2
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so, if the integrals are finite, we have that, for any real-valued function g,

//g(x)l“(x,y)g(y)dxdyzngrfw//g(X)H(n)(x,y)g(y)dxdy > 0.

Notice further that, if we take g = 1, we may rewrite the asymptotic variance in
Theorem 4.1 as 02 = [ [ g(x)I"(x, y)g(y) dx dy.

The inequality above expresses one fundamental property that should be re-
quired if I" is to be a covariance operator, namely the semidefinite positiveness. Of
course, the above integral only makes sense for g such that g(x)H,)(x, y)g(y) and
g(x)I"(x, y)g(y) are integrable. To simplify referring to this integrability property,
given a real-valued symmetric function ¥ on R?, we denote

Dy ={g:g(x)¥(x, y)g(y) is integrable}.

Theorem 4.6 Let Y, n € N, be strictly stationary and associated random variables,
and X, = F(Y,), where F is an absolutely continuous function. Put X} = F*(Y;)

where F*(t) = fioo |F'(u)|du. Assume that, for I defined by (4.10), F' € Dr.
Then, X7 is square integrable, and

1 < d
m/Z_:l(x,- —EX;) -5 Z~N(QO, ).

Proof Using integration by parts, it follows easily that, for absolutely continuous
functions g and g»,

COV(gl(Yl),gz(Yj))=//gi(X)Hl,j(x,y)gé(y)dxdy (4.11)

whenever this covariance exists. Rewriting (4.11) for j =1 and g1 = g> = F*, we
get that X7 is square-integrable. As, due to the association of the variables, for every
jeN,0< Hy j < I', it is obvious that F' e DHl,j' The proof is now completed
referring to Theorem 4.5: by choosing g; = go = F* and summing for j = 2,3, ...,
(4.8) follows from (4.11), while the characterization of the asymptotic variance o2
follows using again (4.11) with g1 =g = F. 0

Remark 4.7 Assume, in the previous result, that > j Cov(Yy,Y;) < +oo. Then, if
F’ is bounded, it follows that F’ € D

//F’(x)F(x,y)F’(y)dxdyg ||F/||OO//F(x,y)dxdy

o0
= ”F/HOOZCOV(YL Yj) < +oo0.
j=2

To deal with nonstationary variables, let us recall the definition of

u(n) = sup Z Cov(X;, Xy).

keN ju1j—ki=n
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Theorem 4.8 Ler X,,, n € N, be centred, square-integrable and associated random
variables. Assume that

u(n) — 0, u(l) < oo, 4.12)
1
inf —s2 >0, (4.13)
neNn
1 & 5
Ve >0, - Xj dP — 0. (4.14)
Sn j=1 |Xj|>esn}

Then

1
=5, -4 Z~N@©.1).
Sn

Proof For the proof, we will check that the assumptions of Theorem 4.4 are ver-
ified. For this purpose, reproduce the decomposition of S, into blocks: for each
neN, let £y €N, my = [£] and define ¥; 0, = 315 X, j=1,....my,
and Y, 41,0, = Zzn 041 X;. We first choose a sequence ¢, such that, for every
>0,

b 2

- X5dP — 0. (4.15)

noi— {1X|>esn/ln}

Such a sequence does exist, as follows from (4.14). In fact, put n; = 1 and define,
for k > 2, ny € N such that 2ny <nj41 and

1 ”/ 5 1
s,%; Wjlessizy TR

Take now ¢, =k if ny <n < ny41. So, we have that £, — +o0 and also m,, —>

+00. As the random variables are associated, we may repeat the arguments of the
proof of Theorem 4.1 to find that

Eexp< ) HEexp( jgn>‘ <

So, to complete the proof, it is enough to verify that (4.5) and (4.7) hold. Taking into
account that S, = Y1 ¢, + -+ 4 Yy, ¢,, Wwe have

mp

N-= ZVar(Y, o)l

m,,—l my

1——ZVar(Y]g")——2 Z Z COV(Y](n,Ykén)>O

"jlk]+1

As, due to the association of variables, all the covariances are nonnegative, it follows
that

L 2m Ml
1= =) Var(Y)g,) < =" e Zu<j>—>o
n =
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as £, — +o0o, by Cesaro convergence (see Lemma C.6). We have thus verified
that (4.5) is satisfied. We; now verify that (4.7) also holds. We have, for each j =

2 Jen 2
1,...,mpy, Ye, </¥, Zi:(pl)iﬁl X7, so,
/ Y?, dP
(Y} e, |>&5n}
Jtn
<t ) / x?dp
i=( oD tn 1Y (L X253 /)
Jn Jl

<t / X?dP
" Z X >e2s2/02}

i=(j—=Dlp+1k=(— I)Kn“‘l
jl

<ly(ly —1) / - X?dP.
i=(j— I)Z,ﬁ-l X>ss/£

It follows then that

X Ji e
— dP < sl X5dP— 0
S ; {\Y,-,«n|>ssn} s S Z} (X 1>e50/€n}

taking into account (4.15), so (4.7) also holds. O

Remark 4.9 Assumptions (4.13) and (4.14) are the minimum one could expect,
even for independent random variables without the stationarity. Thus, in order
to prove the Central Limit Theorem, all that is required is that the covariances
decrease fast enough. Notice further, that for strictly stationary random vari-
ables, u(n) = 22?’;,1 Cov(X1, X,), thus (4.12) is equivalent to the convergence
of > Cov(Xy, X,), which is implicitly required in (4.1).

4.3 Convergence Rates

In this section we prove some extensions to associated random variables of the clas-
sical Berry—Esséen bounds for the distance between the asymptotic Gaussian distri-
bution function and the distribution function of ﬁ (X1+---+ X,). We will start by

proving a bound with respect to the usual supnorm, assuming only the existence of
third-order moments. A first result in this direction, assuming the strict stationarity
of the variables, was proved by Wood [104]. Is well known that, for the supnorm
distance, the Berry—Esséen inequality provides a convergence rate of order n~!/2,
assuming the existence of moments of order 2. If we assume higher-order moments,
this convergence rate can be improved, as expected from an approach based on Tay-
lor expansions. The bounds that are proved for associated random variables can only
provide much slower convergence rates. This seems to depend on the approach, still
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based on Taylor expansions now complemented with the block decomposition of
X1+ ---+ X, as used in the previous section.

The proof of the Berry—Esséen bound for associated variables follows the same
path of arguments as used for proving Central Limit Theorems: we decompose the
partial sums into blocks and couple these with independent variables keeping the
distributions of these blocks. The essential of the proof is then controlling the ap-
proximation to independence. So, in order to prepare for the proof under association,
we prove a convenient version of the Berry—Esséen bound for independent variables.
Denote in the sequel by @, the distribution function of the Gaussian distribution
with mean 0 and variance a > 0.

Theorem 4.10 Let X1, ..., X, be independent centred random variables with finite
third-order absolute moments B; = E| X ; 1. Assume that
52
inf 2 > ¢p. (4.16)
neN n
Then

2438 96 . B
Sup|P(S, < v/ix) — @,-1,2(x)] < 2B > Bi

. 4.17)
xeR 775,21”1/2 CoTT A/ 27 Sy

Proof The proof consists of deriving convenient bounds for the difference be-
tween the characteristic functions of the distributions involved, that is, bound-
2.2
ing |gs, (tn_l/z) — exp(—tzi”)|, and then applying (A.1). Denote in the sequel
v?:EXz, so that 52 = v + - 4+ 2.
Assume first that

1/2 3/2

n con
e = .
2032 Bj) 4% Bj
For each j € N, consider random variables Y; independent of X ; and with the same
distribution as X ;. So, E(X; — ¥;) =0, Var(X; — Y;) = 2EX7 =2v7 and E|X; —
Y;? <E(X;|+1Y;])® <2E|X;]> + 6E|X; |E1/j2 < 8. The characteristic function
of X; —Y;is |goxj |2. Now, a Taylor expansion gives, for some 6 € (—1, 1),

(4.18)

t\|? vt PEX; - Y))?
i\ T T e
2.2 2.2
U 94|t|3,3j “exp Lt 4B
- n 3n3/2 — 3n32 )

Taking account of the upper bound for ¢ and (4.16), it follows that
2 n

t t 2<e tzz 2Jr4|t|3 o,
— | — xpl —— Y v7 ;
@S, NG & YX; Jn = exp 1 / i T332 - J

2.2 2.2 2.2

t t 2t
<exp| — ST =exp| — o).

n 3n 3n
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2t2s5 1252 1252
<exp o + exp o, <2exp| — )

S~ 5175 and write

Finally, given (4.18), we have

NEAE

Assume now that |¢| <

2(2 /3)

2,2 3
t Bj
wa(ﬁ)_l__Zwénw

for some 6 € (—1, 1). It follows, using Holder’s inequality and the fact that the B;
are nonnegative, that

2

ox o 1 <L+|f|3,3j< v Bj <l
\/n T 2n o 6nd2 T8 B3 482 Bj ~ 48
Hence, in the interval |¢]| < Z(an%’ the characteristic function @y, (tn~172) is
j M
bounded away from zero. On thejother hand,
2 4.4 652
t it ©°B;
—=1-1 <2— 2—=
ox; (ﬁ ) =207 T 36
4
v Bi
<1tPBi( s 5T 75
4n/,3j(zjﬂj)/ 144n3/ Zjﬂj
37

33,
< P8t
from which follows that
3 3 2,2 3
N G WO L . 1 S N U
AW/ 2n 6n3/2 144n3/2 2n 2n3/2°

where y € (—1,1) and n = 3 + 37y € (—1, 1). Thus, we find the expansion
lo Zlo ——£Zv2+ ﬁZﬂ
g(PS g§0x - 2}’[ / j 7)2”3/2 j ]
from which it follows, recalhng that sn =2 v?, that
t t%s?
s Jn P 2n
2.2 3
tesy t]
<o~ (g )
1?

22\ |t
=P\ " ) 2w Zﬂf P\ 2,572 Zﬁf
el/l6 t2 2 |t|3
= 2 exp( > 3/2 ZIBJ
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So, putting together the two upper bounds derived in each interval for 7, we have

that
2.2 3 2.2
t t°s | | tesy
“’S"<ﬁ>_exp<_ 2n>‘ */Zzﬂ’e’“’( )

for every |t| < 0’ Ty finish the proof, just use (A.1) with T = C%:" 7 to find

Z
sup|P(Sn <Vnx) = @,-10(x)|
xeR "
<16Zjﬁj r, 1252 J 96/n ) Bj
e 17 exp 3 t+—32
n T n com 2w o,n3/

24Z.ﬁj+ 963, B;
T owsin'? con2msan

Notice that, for the case of independent and identically distributed variables,
(4.17) gives the usual n~1/2 rate.

O

Corollary 4.11 Let X1, ..., X, be independent and identically distributed centred

random variables with finite third-order absolute moments g = E|X1|>. Then, with
2 2

s7=EXj7,

248 968
sup[P(S, < /nx) — dislz(x)| = nsinl/? * m/2msint/2

(4.19)
xeR

Based on the previous bounds and inequality (2.26), we may get a convergence
rate for the Central Limit Theorem for associated variables.

Theorem 4.12 Let X,, n € N, be centred and associated random variables. For

each 12 e N, let m be the largest integer less than or equal ton/t, and define Y ¢ =
Z[ Gyet1 Xi,j=1,...,m, O'Je =EY E and T ¢ _E|ng| . Assume that

nlzIéfN - Zal ¢ =>co>0. (4.20)

Then, forn =m x £,

sup|P(Sy < v/nx) = @,-10(x)|

xeR
2.3
_mT _,% _ l ZUZ
(Z it n m —
24 Ty 96) T
+ 250 + 25 . 4.21)

mm'2y, aﬁz com N 2mm (Y ; GJ.ZJZ)I/2
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Proof Using (A.1), we have
IP(S, < Vix) = @,10(x)]

<lfT 1 <ps< ! >_e—r2s,%/<2n> dig 2
T Jor |\ w2ms, T

Notice that ﬁ S = ﬁ Z;’;l Y ¢, so the integral may be decomposed into the sum

1 - t
L+ DL+ 13 =/ Eexp( Y; e) — Eexp(i—Y-,g>
7l Jm Z - ]1:[1 N
<[ e (-‘y> (<3 S0k |
— expl{i—=Y, ¢ ) —exp| —=— ) o7
| N 2m & It
T 2
1 ! 2 122/ (2n)
+[Tmexp<—%;am>—g n
The third integral is bounded by using the inequality |e™" — e ™| < |t — s]:

T 2
n
/_T|t|dt ——n——Eaﬂ

As the random variables are associated, the integral I; is bounded using (2.26):

ezt

dt

dt.

2
it

Ky
L<—-|Z
3_2n

hss- Z COV(YJE,YH)/ el =

Jsﬁk

where, according to the proof of Theorem 4.10, we may choose T = 4%'” 3r/-zz' Fi-
J
nally, to bound I, use (4.17) to find

242]-‘[]',[ + 962]“’:]',@
am'2y 02, com2nm(y ;o7 )2

Inequality (4.21) now follows immediately by summing up these upper bounds. [

L <

It is straightforward to write a version of (4.21) assuming the strict stationarity of
the random variables. The inequality that follows is essentially the same as derived
in Theorem 1 in Wood [104], although our constants are not the same. But this is
due to a different method used by Wood [104] to control the upper bound for the
result corresponding to (4.17) for independent random variables. In fact, in Wood
[104] the stationarity was assumed from the beginning, allowing for some further
simplification.

Corollary 4.13 Let X,,, n € N, be centred, strictly stationary and associated ran-
dom variables. For each k € N, let crkz = %ES,% and T, = #E|Sk|3. Then, for
n=m X k, we have that
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Sllp|P(Sn =< \/ﬁx) - gp)‘z’ls,%(x)‘

xeR
otm (52 241, 9671,
% (—”—013) k k. (4.22)
- 1:k2 n T[chk2 n\/2nm1/2013

This upper bound allows for a simple identification of the convergent rate that
follows from this Berry—Esséen bound for associated variables. The rate, as could
be expected, is slower that the n~ 12 rate for independent variables.

Corollary 4.14 Let X,,, n € N, be centred, strictly stationary and associated ran-
dom variables such that E| X1|" < oo for some r > 2. For each k € N, let akz = %ES,?
and T, = #E|Sk|3. Assume that u(0) < 0o and u(n) < Cn=? for some 6 > 2.
Then, there exists a positive constant K > 0, independent from n, such that

sup|P(Sy < vnx) — @, 10(x)| < Kn~'/5. (4.23)
xeR "

Proof Ttis obvious that, due to the association of the random variables, okz <u(0) <
00. Puto? = EX% +23 72, Cov(Xy, X;). Then, we have that

2 00 n
2
6% =2 =23 Cov(Xy, Xi) — = 3 Cov(n — i + 1) Cov(X1, X;)
n n
i=2 i=2

o0 n
2
=2 § COV(X],X,‘)-F; E Cov(i — 1)Cov(X1, X;)
i=n+1 i=2
2 & Ci
<2 — ) < —
< u(n)+ni§=1u(l)_ p,

for some Cp > 0, independent of n. Recall that we have ‘71(2 = %s,%, so, the same

bound holds for 02 — akz. Thus (4.22) rewrites as

sup|P(Sy < /nx) — @,-10(x)|

xeR
- a,fm <a 52 C1> n 241, 961
rk2 n 7rmak2 n«/2nm1/2a,f

It follows from Corollary 2.21 that both Gk2 and 7; are bounded, so choosing
k = [n3/°] and m = [n%/3] concludes the proof. O

4.4 A Law of Iterated Logarithm

The upper bounds established in the previous section allow us to prove results that
actually characterize convergence rates for the Strong Law of Large Numbers in a
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more precise way than the results obtained in the final part of Sect. 3.2, recovering
now the same convergence rate as for independent random variables. In fact, using
the approximations to the distribution function of a Gaussian variable described in
Corollary 4.14, it is possible to prove a Law of Iterated Logarithm (LIL). The first
results in this direction were obtained by Dabrowski [27], Dabrowski and Dehling
[28], even proving functional versions of the LIL, and Yu [110]. Their method relied
on a version of Corollary 4.13 proved by Wood [104] and some control on the upper
bound of Newman’s inequality (2.26), together with a characterization of the set of
limit points due to Berkes [8]. We will follow here a later approach to this problem
of Li and Wang [59] that uses more direct arguments.

We need a technical lemma that gives us the work around to using an exponential
inequality that we do not have in a sufficiently strong form for associated variables.

Lemma 4.15 Let X,,, n € N, be centred, square-integrable, strictly stationary and
associated random variables such that

E|X{|? <00 forsome p > 2, (4.24)

u(n) <Cn=? for some C >0 and 6 > 2, 4.25)
o0

o? =EX]+2)  Cov(Xy, X) < 0. (4.26)
k=2

Let ¢,, n € N, be a nondecreasing sequence of positive numbers, and ny, k € N,
. .. . —1/5
a nondecreasing sequence of positive integers such that y pen X 3 < 00. The fol-

lowing are equivalent:

(@) Yoo P(Sy, > cnp/nk0) < 00.
(1) Y32 P(ISn,| > cny/nk0) < 00.
© Yoy i exp(—%cﬁk) < 0.

Proof Notice that, taking into account Theorem 4.1, we get that ﬁSn converges

weakly to a standard Gaussian variable, so, denoting by @ the distribution function
of a standard Gaussian distribution, it follows from Corollary 4.14 that

|P(Snk < CngA/NkO) — ‘D(an)| = Knk_l/s'

Thus, given the assumption on the sequence ny,

D P(Sy, > ey /mio) <00 & Y (1—d(cy,)) < oo

k=1 k=1

Now, taking into account Lemma A.4, we get that this last series converges or di-
verges as does the series
[} 0 2
1 1 1 ¢,
— @ (cunp) = — —exp(——").
Z c /27.[ kZ: Cny 2 O

k=1 "k
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Theorem 4.16 Let X,,, n € N, be centred, square-integrable, strictly stationary and
associated random variables such that (4.24), (4.25) and (4.26) are verified. Then,
with probability 1,

. Sn
lim sup

n—+oo v/202nloglogn B

Proof Assume, for simplicity, that 02 = 1. To prove the theorem, it is enough to
show that with probability one, for ¢ > 0 small enough, we have:

1. 4.27)

. | Shl

limsup ————= < 1 + 4¢, 4.28

,:HJ:;E /2nloglogn — ( )
Sn

li ———>1—4e. 4.29

,}TJS:;S /2nloglogn — ¢ 29

Proof of (4.28). Choose « > 0 such that «(1 + 4¢)? > 1 and define, for each
k> 1, ng =[eX]. Then,

i exp(_(l +48)2 loglognk) - o 1/2 o0 1
= — <
— (14 4¢)4/21oglogny 2 pa e (1+4e)?

hence, taking into account Lemma 4.15, we have that

o0
> P(1Su, | > (1+4e),/2n; loglogny) < oo,
k=1

3

so (4.28) follows along the subsequence n, that is,

S
lim sup [n,|

k—+oo ~/2nk loglogny

We still need to control the remaining terms of the sequence. For this step, define,
foreachk > 1,

<1+44e.

Mk _ sup |Sn - Snkl
nE<n<ng4i «/271]( 10g IOg ng ’

Then, obviously, for each n € [ny, ng+1), we have that
IS ISyl
2niloglogn — /2niloglogng
The first term on the right has just been handled, so we need to prove the almost
sure convergence to O of the sequence M. Assume that p(1 — ) > 2. As p > 2,
this assumption on « is compatible with the previous one, o (1 + 45)2 > 1, whenever

e < %. Then, taking into account Corollary 2.21, there exists a constant K > 0,
depending only on p, such that

s o (1 =P 1
ZEMP <K) ————F——=K Z < 00,
= P 2ni loglogny = kp(—)/2(log ny)P/2
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s0, again the Borel-Cantelli lemma implies that, with probability one, M — 0, as
k — 4o0.

Proof of (4.29). Let N > 2 be fixed and define, for each k > 1, tp = Syx —
Snk-14[nk/2) and

Cr = {o:t(w) > (1 - 28)1/f(Nk — N1 - [Nk/z])}’

where ¥ (n) = /2nloglogn. We start by showing that > oo P(Cx) = +o0. For
this, notice that, for Ny large enough and some suitable constant C; > 0,

o0

3 exp(—(1 — 2¢)2loglog(N* — N*=1 — [Nk/2]))
k=1 1 - 28)\/210g10g(Nk — Nk=1_ [Nk/z])

o)
>Ci+ Z exp(—(l — 5)2 loglog(Nk — Nk [Nk/z]))
k=No

(o)
>Cy + Z exp(—(1 — &)* loglog N¥)
k=N
1 1
=C1+ Z = +00.
1—¢)2 1—¢)2
(log N)U=e)" = (=)

It follows now from Lemma 4.15 and the stationarity of the random variables that
oo o0

D PC) =) P(Syk_yic1_yrny > (1= 28)9 (N = N1 — [N*/2])) = +o0.

k=1 k=1

Choose a real-valued function g such that sup, g |g'(x)| <y < oo and

Le1—26yy (V- N1 (VK2 o) (0) = 8(X) = L1 36y (VK- NE=1 - [NR/2)) 400) ()
Then, we obviously have that

Y Eg(ti) = Y _P(Cp) = +oo. (4.30)

k=1 k=1
On the other hand, we have

0 1 n
P < — E
(;g(rk) =3 ]; g(Tk))

o3

Y g(m) =Y Eg(m)
k=1 k=1

Var(} iy g(m)
T (k=1 Eg(w))?

1 n
25 ;Egm))

4 1 o0 o0
8 c .
EDY TR v Eg(zk))2z Y [Cov(g(w), g(x)|

k=1 j=k+1
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Taking into account Bulinsky’s inequality (2.2), (4.25) and the stationarity of the
variables, we still have that

Z Z |C0v(g(rk),g(rj))|§yzz Z |Cov(rk,tj)|

k=1 j=k+1 k=1 j=k+1

<Cy? i(Nk — Nk=1 [Nk/2])u([N(k+1)/2])

Cy > 1
= N7 D NraAT <
k=1

as 6 > 2. Recalling now (4.30) and letting n —> +-00, it follows that

P(Zg(fk) < oo) =0,
k=1

and hence
P(limsup{ze > (1 = 3e)y (N — NI — [NF2])}) =1. (4.31)

k—o00

Finally, consider, for each k > 1, the sets
Cr = {o:w(@) > (1 = 3e)y (NF — N1 — [NF/2]))
and
By = {w: Syi-1 k(@) > =29 (N1 4+ [NF2])).
So, taking into account (4.28) and (4.31), we have
P(lim sup B N C,’() =1.

k— 00

If we now choose N large enough, it follows that

P(Sys > (1 - 400y (NY)) = P(limsup{Sys = (1 = 3e)y (N — N~ — [NF2))
k— 00

—2p (W + [N

> P(limsup By N C,/C) =1,

k—+00

which concludes the proof. 0

4.5 Density Estimation

We now look at the asymptotic normality of the kernel estimator for the density
(3.26),

n

1 x—X;
K 7.
k()

j=1

falx) =
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We will prove the asymptotic normality under conditions somewhat weaker than
second-order stationarity, assuming that the distribution of pairs of random variables
verify a diagonal decomposition as described by condition (D), introduced for the
treatment of the almost sure consistency of the estimator in Sect. 3.4 (see page 88).
The method of proof is an extension of the approach used to prove Theorem 5.22,
which is based on the blocking decomposition used in the proof of Theorem 4.1.
Just as for proving Theorem 5.22, this implies a quite long and technical proof that
we will present here divided into several steps.

We will need some notation for the proof of the main result in this section, Theo-
rem 4.19 below. Let £ be an integer smaller than n and m = | 7], the greatest integer
less than or equal to n/£. Let us further define the random variables

T, ! (K(X_X’> EK(X_Xi)) =1 eN
_ — , i=1,....,n,neN,
S Iy iy

ik
1 ¢ 1 J
Tn:—ZTn,i and Yn’kz— Z Tn’r’ ]=1”m
Vi i=l Ve r=(k—1e+1

Note that the random variables Y, ; just introduced are the analogs to the blocks
defined in Theorem 5.22, now referring to the corresponding terms for the present
framework. Moreover, notice also that T,y = ﬁ Yo Yook = ﬁ szfl Tne.i-
An obvious adaptation of Lemma 3.24 describes the behaviour of the variances of
the variables just defined.

Lemma 4.17 Assume that (A) is satisfied. Then, for each fixed £ € N,

lim o2, =mETwVM(ng)=g2(x,x)/K2(u)du. (4.32)

m— 400

We now introduce the following notation: given x € R, write
or(x) =x / K2(u)du.

In order to complete our proof of the asymptotic normality, we need some extra
assumptions on the kernel function, due to the peculiarities of association, as already
discussed when proving the almost sure consistency of the kernel estimator (see
page 91). Throughout this section, we will assume that K is of bounded variation.
Thus, there exist increasing functions K| and K> such that K = K| — K. Introduce
the following assumption:

(K) K1, K> are bounded and lim;|— 400 K1 (1) =0, limy|— 400 K2(u) =0.

Remark that, obviously, (4.32) still holds with respect to K1 and K». Corresponding
to these two functions, we define, for each n € N, the analog of the block decompo-
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sition introduced above:

1 x—X; x—X; .
Tn’i’qzﬁ Kq T —EKq hn s q=1,2,l=1,...,n,

4
1 ! _
Yn,k,q=7 Z Tn,r,q’ Q=1,2,J=1,---,m-
¢ r=>(k—1)¢+1

Let us first prove a technical lemma that appeared in Utev [101], handling integrals
of summations of random variables over sets also defined by conditions on summa-
tions of variables, separating each term. This will help us dealing with the Lindeberg
conditions in the proof of the main result.

Lemma 4.18 Let X,,, n € N, be random variables. Then, for all ¢ > 0 and n € N,

2 n
X,~> dP <2n Z / X2 dP. (4.33)
i=1 1

|Xi|=e/2}

n

/{ Y Xilzen) (Z

i=1

Proof Forall ¢ > 0and n € N, define g(x) = max(2x2 —&Zn?, 0). Then, obviously,

if en < |x|, one has g(x) > x2, so,

n

2 n
X;i| dP < /g X; | dP.
Kl iy Xi|=en) (,Z_; ) <,Z_; )

It is also obvious that g is convex, and thus,

n 1 n n
/g<ZX,»)dP§ ;Z/g(nX,-)deZnZ/{ X?dP. O
i=1 i=1 i=1

|Xi|=e/2}

We may now state the main result of this section.

Theorem 4.19 Let X,,, n € N, be associated random variables. Assume (A) and
(K) are satisfied. Assume that

h
hy—>0,  nhy, — 400, Z“ — 1, (4.34)
n
1 m jt
Jim =30 Y sr=e0 (4.35)
k=1r,r'=(k-1)t+1

lim g2 ¢=g> uniformly. (4.36)

£L— 400

Then

1 " X—X,' X—X,'
K —EK
() = (50)

converges in distribution to a centred Gaussian random variable with variance
2
o (g2(x, x)).
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Proof Write

m
EeitTne _ l_[ Eei(u/«/ﬁ)Yme,k
k=1

‘EE[MT" _ e—(u2/2)0’2(g2(x,_x))| S ‘EeiuTn _EeillZHZ‘ +

m
+ l—[ Ee! 0/ NMYmek _ o= W/2)0% (g2, (x.x))
k=1
+| o7 /D0%(g2,0(x.0) _ ,—(u?/2)0%(g2(x.x)) . (437

The proof is now completed in four steps. The first three find convenient upper
bounds for each of the terms in the right of the inequality above. The final step puts
everything together and takes care of the final details.

Step 1. As |[Ee'*Tn — Ee!Tnt| < |u| Var'/2(T,, — T,,¢), it is enough to prove the
convergence to zero of this variance. Write

Var'/2(T,, — Tjne)

ml ml
§Var1/2|: Z(Tnk me,k):| +Var1/2|:(\/—_ - _)ZTmZ k:|
+ Var1/2|: Z T,,,k:|. (4.38)

k ml+1
We now prove that each of these terms converges to zero. As for the first term,

me
—Var[Z(Tnk — Tne k)}

k=1

- & [ () e ()
(G () = (5)
el () e (5)
(

1 - X — Xy
e () on(2)]
hme hm( hm[ hmé

From Lemma 3.24, as ol

last terms of this previous expansion is convergent to 202(g2 (x, x)). The remaining
terms are of the form

1 mf 1 (X—u) (x_v>
Z S— K| —)K ( r— f® f)dudv
" kkzzl m([ Ao )@ —r@f

+/Kx_qu_u (. u)d
hn th 82,k kU, U uj.
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The part corresponding to the first integral converges to zero as it is easily checked
reproducing the arguments in the proof of Lemma 3.24. As for the second integral,
rewrite it as

Z /K(Z)K(

>82kk/(x_hnz X —hyz)dz,
kk/ 1

which, by the Lebesgue dominated convergence theorem and taking into account

1

assumptions (D), that are included in the set of assumptions (A), and h;;—* —> 1,

converges to 02(g2 (x,x)). So, we have proved that

1 ml
- Var[Z(Tn,k - Tme,k)] — 0.

k=1

The second term in (4.38) may be rewritten as
— ar 0k
Jmt f "
Jmi\? 1 W ~-X — Xy
:(1_i) _ Z COV(K(x k),K<x k))
ﬁ mlh,,e M Rime

k,k'=1

— 1, the convergence to zero of this term follows from Lemma 3.24.

Jmt
AS 7
Finally, for the third term in (4.38), we have

—Var|: Z Tn,k:|
k=me+1
cor((57 ) x (5))
nhn kk'=mo+1 hn ’ hn
n
< 3 /K O k(22 ) gt an (o v) — £ Q) f )] dudy
~ nhy — R2 hy hy SLkKL

2 X —U
+ [ K A g2,k k(U u)du |,
A n

which converges to zero due to the nonnegativity of the terms and h;‘l—“ — 1. Thus,
for each fixed £ € N,

1 n

‘EeiuTn _ EeiuTme

— 0. (4.39)

Step 2. We find an upper bound for the second term in (4.37). As the variables
Ymer, k=1,...,m, are not associated but, nevertheless, functions of associated
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variables, we apply the extended version of Newman’s inequality proved in Theo-

rem 2.40, to obtain

m
EeiuTme _ 1_[ Eei (u//m) Yine k

k=1
M2 "
< m Cov(Yme k1 + Yme k.2, Yime k1 + Yo 2)-
k=1
vy

After expanding this covariance, we find four terms that are controlled in the same
way as the following one:

1 m
— > Cov¥mek 1, Ymexr1)
m

k=1
kK’

1 &
=— Z Cov(¥meie,15 Yime 1) — . ZVar(sz,k,l).
kk'=1 k=1

From Lemma 3.24 it follows that

l m
— D Covl¥mekts Ymen.1) — g2(x, %) / K (u)du.
k,k'=1

As for the other term,

1 m
— E Var(Ype k1)
m

k=1

R ke x—X, X=X,
Cov| K , K .
hm@ Z Z ( 1 ( hm@ > 1 ( hmi ))

ml
k=1rr'=(k—1)+1

Now, using (D), we may write these covariances as a sum of an integral over R? with
an integral over the diagonal A of R?, as was done in the proof of Lemma 3.24. The
first integral thus appearing is bounded above by

1 ik X —u X —v
Z / Kq<—>Kq<—>|g1,r,r’(u,v)—f(u)f(v)|dudv—>0,
| /R hme hime

mlhy,,
rr
as in the proof of Lemma 3.24. The second integral appearing in this decomposition

is equal to

1 m 24 Y—u
> X /AK§< e )gz,r,r'(u,u)du

mth
M r = (k—1) 041

—> g2.0(x,X) / Kg(u)du,
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taking into account (4.35). Thus,

m
lim sup Ee!"Tmt — 1_[ Ee! (4/vm)Yme < Buz(gz(x, x) — g2.0(x, x)), (4.40)

m—+00 k=1

where B = [ Klz(u) + Kzz(u) +2K1 () Ko (u) du.

Step 3. Controlling the third term in the upper bound on (4.37) is equivalent to
proving a Central Limit Theorem for the variables Y,,s x, kK = 1, ..., m, treating
them as if they where independent (to be formally completely correct, we should in-
troduce a new collection of independent variables with the same distributions as the
ones we have; we shall not do so to avoid further notation). We shall accomplish this
step by proving that the triangular array of random variables Y,,p 4, k =1, ..., m,
satisfies the Lindeberg condition. Using Lemma 3.24, one easily checks that

1 m
—Var(Z Ym[,k> — gz,,;(x,x)/Kz(u)du.
m

k=1
So, the Lindeberg condition reduces to verifying that
m

> / L 2, dP—> 0.
=1 Y Yome kl>cga e Ce,0)/my M

Taking into account (4.33), we get that an upper bound for the integral above is

k=1r=(k—1)¢+1 {lel’,,r|>(Cg2,l(x’x)/2) m/L}

ZmZ

= / Ty 1 dP.
M 21 MU Tnek|> (g2 e (x,x) /2)/m /)

Write, for notational simplicity, CZ = % g2.¢(x, x). Recalling the definition of T,,,¢ &
and taking into account that the kernel K is bounded, it follows that

2 ml 2 ml 4
— / Ty dP <= / h—IIKllgo dp.
m = T | >cy/m7e) m 21 Y 2IK lloo>cpn/mEhye /£) me
Assumption (4.34) implies that m£h,,; —> 400 as m —> 400 so, recalling that £
is fixed, the integration set becomes, for m large enough, empty, thus the integrals
are 0, and the Lindeberg condition is trivially verified. Hence m~1/2 ZZL:I Yine.k
converges in distribution to a centred Gaussian random variable with variance
o2(g2,6(x, x)).

Step 4. 1t follows from the preceding steps that, for each fixed ¢,

lim sup’Eei”Tn _ o~ W/ (g2(x.x) ’
n——+o0o

< Bu?(g2(x, x) — g0 (x, %)) + |e—(lt2/2)02(82,e(x»x)) _ e—(u2/2>a2<gz<x,x)>|,

where B is defined in (4.40). Letting now £ —> +o00 and taking into account (4.36),
we have that this upper bound converges to zero. U
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4.6 Regression Estimation

We may now adapt the previous approaches to prove the convergence in distribution
of the regression estimator 7, (x), as defined in (3.30):

Y1 YiK((x = X ;) /hn)
Yo K= Xj)/ha)
The approach follows the same lines as in Sect. 3.5. We do not have an asymptotic

normality result, as usual in such problems, but only a finite-dimensional normality
of the regression estimator, that is, we will prove that the random vector

n(x) =

(7 (D) = EFy (x1), . T (0g) — EFy(xg)) (4.41)
is asymptotically normal for every choice of xy, ..., x, € R. This will be obtained

in an indirect way, applying a suitable transformation ©, defined later, to

Wt xg) = (Fu@1) —Efa(x1), ..., fulxg) — Efalxg),
iy (x1) — Bty (x1), ..., M (xg) — By (xg)),  (4.42)

where f; and 1, have been defined in Sects. 3.4 and 3.5, respectively (see page 97
for the later definition). As for the density estimator studied in the previous section,
we need to prove a Central Limit Theorem for an arbitrary linear combination of
the coordinates of this random vector. Analogously to what was done for the almost
sure convergence in Sect. 3.5, this will be accomplished by adapting the proof of
the density estimator to appropriately handle all the terms appearing now. The proof
of Theorem 4.19 is based on the manipulation of covariances using Lemma 3.24.
This correctly takes care of the terms depending only on expressions of the form
f,:(xs) — Efn (x5). As we have already proved a two-dimensional extension of this
result in Lemma 3.36, we can reproduce the same arguments to handle the sums
depending only on terms of the form m,, (x;) — Em,, (x;). We are thus left with the
cross terms depending both on f’,:(xs) - Ef’;l (x5) and m,, (x5) — B, (xs). As could
be expected, the extension of assumptions (D) and (A) introduced in Sect. 3.5 offers
a solution for this problem, providing an extension of Lemmas 3.24 and 3.36. We
just need to complete (A”) to handle the cross terms, adding a fourth assumption:

A) A4 b(v)= fR ub> (v, u) du is bounded and continuous.

Lemma 4.20 Assume that (D’) and (A’.1)—(A’.4) are satisfied and that the kernel
K is bounded. Then

1 " x—X; x — Xk 2
pr ZCOV(K( - J),Y,J{( p >>—>b§*(x,x)/1<(u)du
nj,k:l n n

uniformly on any compact set.

The proof of the result is, as before, a simple repetition of the arguments of the
proof of Lemma 3.24.
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We may now state the result concerning the convergence in distribution of (4.41).
The proof follows by repeating the steps of the proof of Theorem 4.19 and taking
the terms corresponding to the same x;, fn (xs) —E fn (x5) and m, (x5) — B, (xy),
in pairs, followed by taking into account a Taylor expansion of a suitable transfor-
mation (this is also known as the §-method).

Theorem 4.21 Let X,,, n € N, be associated random variables. Assume (A), (A")
and (K) are satisfied. If

hn+l
h, — 0, nh, — +o00, h — 1, (4.43)
n
im Z Z 2.0 = 82,0, (4.44)
k=1rr —(k De+1
mll>r-§r-loo ml Z Z bZ,r,r’ = bZ,Z, (4.45)
k=1rr'=(k—1)t+1
lim g2¢=g2 uniformly, (4.46)
{—+00
lim by =0y uniformly. 4.47)
L——+00
Then, for all x1, ..., x4 € R, the random vector
~ Em, (x1) . Em, (x,)
v nhy (rn(xl) — s p(xg) — —rd
Efn( ) Efa (xq)

converges in distribution to a centred Gaussian random vector with covariance ma-
trix

cey

. < r2(x1)ga(x1, x1) — 2r (x)b3* (x1, X1)+b*(X1)
= diag

JS(x1)
2
r=(xg)82(xg, xg) — 2r (xg)b3" (x4, Xq) +b>2k(x‘l)) / K*u)du.
f(xq)
Proof Start by reproducing the arguments in proof of Theorem 4.19 to conclude
that the random vector /nh,¥(x1, ..., x,) converges in distribution to a centred
Gaussian random vector with covariance matrix
[ ga(x1, x1) 0 b3*(x1, x1) 0 ]
= " 0 gZ(quxq) i 0 bg*(xqsxq)
by" (x1,x1) 0 b3 (x1,x1) 0
i 0 b3*(xq, xq) 0 b3(xq,xq) |

X / Kz(u) du.
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Finally, to obtain an asymptotic result for the regression estimator 7,,(x), apply the

transformation © (v1,...,vg, U1, ..., Uy) = (';—:, e, Iz—") to ¥ (xy,...,x,) and use
q

a Taylor expansion to find

—~ En?n(xl) -~ Efn\n(xq))
Jin(Faey = B oy - Bn()
" (’ Ry SR Ly o

:M@(U/(m,--wxq))

2q
- 00 ~ ~
~ \/nh, Z (ua (Fa o) = BFae)) + D 5= () (fin (53) = Bt (x,)),
s=q+1 Vs
where uy =ug4 = % fors =1,..., q. The higher-order terms are negligible,

so computing the partial derivatives and the covariance matrix of this new vector,
we conclude the proof. O



Chapter 5
Convergence in Distribution—Functional
Results

Abstract This chapter addresses functional central limit theorems, that is invari-
ance principles and the convergence of empirical processes. The importance of these
processes come, of course, from the several statistical applications that are based on
transformations of the random-sum process or of the empirical process. Both these
sequences of processes are shown to converge in distribution to suitable Gaussian
processes. Some transforms depend closely on the paths of processes, while others
are only integral transformations, thus being less sensitive to the regularity of the ob-
served path. These arguments justify that, depending on the functionals that we are
interested in, we may require the convergence with respect to the usual Skorokhod
space or with respect to some suitable L? space. These, being weaker topological
spaces, will be less demanding in order to have the convergence in distribution. The
techniques are similar to those used in Chap. 4 but adapted to handle the technicali-
ties that arise from the underlying functional space.

5.1 Introduction

Having studied the Central Limit Theorem, it is now time to interest ourselves with
the functional versions of these results. Naturally, as for the Central Limit The-
orem, the first functional results appeared assuming stationarity in Newman and
Wright [72], and later without stationarity in Birkel [12], considering the conver-
gence with respect to the supnorm in C[0, 1], the space of continuous functions
defined on [0, 1], or the Skorokhod topology in DI[0, 1], the space of cadlag func-
tions (see Billingsley [10] for details). A large part of the effort relied on the ex-
tension to associated random variables of the classical inequalities on moments or
tail probabilities. Of course, proofs became somewhat more intricate, but the essen-
tial of the results known for independent variables is extended. Much of the control
obtained depends on some weak stationarity, as described for example, in Theo-
rem 5.12, proved by Birkel [12], or on the decrease rate of the covariances, as in
Theorem 5.14, proved later by Birkel [16]. As usual for this kind of results, much of
the proving effort is spent with the tightness of the sequences. When dealing with
integral functionals of the sample paths of random sums process or its continuous
counterparts, we do not need a topology as strong as the one considered in the previ-
ous subsection. This means that it is reasonable to expect to prove the convergence

P.E. Oliveira, Asymptotics for Associated Random Variables, 129
DOI 10.1007/978-3-642-25532-8_5, © Springer-Verlag Berlin Heidelberg 2012
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in distribution of these processes under weaker assumptions on the covariance struc-
ture of the underlying random variables. The first result in this direction was proved
by Prokhorov [84], assuming the underlying variables to be independent, but af-
terwards these weaker spaces did not attract much attention. Having this in mind,
Oliveira and Suquet [76, 78] rephrased the problem in some L? space. These spaces
have weaker topologies, so the tightness becomes simpler to characterize, but are
still strong enough to allow for applying interesting functionals to the partial-sum
process. In this weaker topological framework, the functional Central Limit Theo-
rem is proved under some weak form of stationarity assumption and a Lindeberg
condition. Analogous results and approaches for the asymptotics of empirical pro-
cesses were studied by Yu [109], who proved the convergence towards a suitable
Gaussian process assuming that Cov(X1, X,,) decays fast enough, with a rate ob-
tained by using inequality (2.25). This was later improved by Shao and Yu [94] and
Louhichi [63], relaxing this decay rate for the covariances. Recasting the problem
in a convenient L? space, Oliveira and Suquet [77, 79] obtained the convergence of
the empirical process under a still weaker decay rate on the covariances.

The theory of convergence in distribution with respect to the Skorokhod topology
is well known and established. We refer the reader for the monographs by Billings-
ley [10, 11] for an account on this subject. In regards with convergence in distri-
bution in L?-spaces, the results seem to be spread throughout the literature, so we
include some general characterizations of tightness and convergence in distribution
on L”[0, 1] spaces.

5.2 General Results on Weak Convergence in L?[0, 1] Spaces

For underlying associated variables and these weaker spaces, the literature seems
to have essentially concentrated on the study of empirical processes, more widely
applied in statistical problems. Nevertheless, we can still prove convenient versions
of the empirical process on these L? spaces.

A general result implying the convergence in distribution in L?[0, 1] is the fol-
lowing, which is analogous to the well-known conditions in the Skorokhod space.

Theorem 5.1 Let ¢, n €N, and ¢ be random variables with values in L?[0, 1] for
some p > 1. Assume that:

(a) forevery f € L1[0, 1] with % + ql =1,

1 1
fof(t)s“n(t))»(dt)—d>/0 F@)E@)rdr),

where A is the Lebesgue measure on [0, 1];
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(b) the sequence &, n € N, is relatively compact.

Then &y, converges in distribution to ¢ in LP[0, 1].

For the proof of this result and a more complete characterization of conver-
gence in distribution on Banach spaces, we refer the interested reader to Vakhania,
Tarieladze and Chobanyan [102] (see Sect. IV.3) or Ledoux and Talagrand [56] (see
Sect. 2.1). In fact, condition (a) in the previous theorem is just a more convenient
statement, adapted to L”[0, 1] spaces, of the a general condition for separable Ba-
nach spaces, where an analogue of a characteristic function should be considered.
This remark is of particular interest in the case of a Hilbert space, as happens for
L?[0, 1]. When using Theorem 5.1 to prove convergence in distribution, verifica-
tion of condition (a) reduces to a Central Limit Theorem for real random variables,
so we are left with the need to prove the relative compactness of the sequence. Of
course, as LP[0, 1] spaces are separable, this is equivalent to proving the tightness
of the sequence, according to the well-known Prokhorov theorem (see, for exam-
ple, Billingsley [10], Theorems 6.1 and 6.2). These tightness characterizations were
first presented in Oliveira [73] and Oliveira and Suquet [77] for L?[0, 1] and in Su-
quet [100] for L?[0, 1] spaces using a special wavelet multiresolution analysis. Here
we follow Oliveira and Suquet [79] for an approach using more classical L”[0, 1]
arguments.

Theorem 5.2 Let {,, n € N, be a sequence of random elements in L?[0, 1] for some
p > 1 verifying:

(a) For some y > 1, sup,- E||§n||’1/ < 00,
(b) limy—0 sup,,~ 1 Ell& (- +h) — & ()l =0.
Then ¢y, n € N, is tight in LP[0, 1].

Proof To avoid notational complications, we extend the definition of the ¢, outside
the interval [0, 1] by putting ¢, (t) = 0 for any ¢ ¢ [0, 1]. Consider now a probability
density K with support [—1, 1] that we assume to be Lipschitzian, that is,

, |K (1) — K(s)]
1K |Lip :=sup —————— <00
S#£t |t —s|
For any positive integer j, define K;(¢) = jK(jt). The sequence K;, j € N, is an
approximate identity (see, for example, Stroock [97]), and we will use it to repro-
duce the convolution approach that is typical of the wavelet multiresolution analy-
sis.
Writing
Kt =6 = [ (a0 - 6w)K0udn
(—1/j.1/j]

and using Jensen’s inequality with respect to the probability measure whose density
function is K (¢), we easily obtain
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E(/}Kj*;,xx)—;n(x)!”x(dx))
R

51«:(/ K,-(r)/!;n<x—r>—cn<x>\”x<dx>dr)
[=1/j,1/j] R

< sup E[&6O) =&+l
te[=1/j.1/j]

Hence by (b),
lim supE||Kj*§,,—§n||ﬁ=0. .1

J—00 >1
Now, it is easily checked that
E|K; * Zulloo < 11K lloo SupE|I&i 111
i>1

and, forany 0 <s <7 <1,

B(1Kjx6a) — Ky 2 6a)]") < 1K1 sop Bl e =1
i>

So, according to Billingsley [10], Theorem 12.3, it follows that, for each fixed j € N,
the sequence K * ¢,, n € N, is tight in C[0, 1] and hence, also in L?[0, 1].

Now we use the approximation to identity defined by the sequence K, j € N,
to prove the tightness of the sequence ¢,, n € N, itself. For any fixed 1 > 0, define,
for each k > 1, n; = 27¥1 and choose a sequence of positive ; decreasing to 0. By
(5.1) and the Markov inequality, there exists a subsequence ji, k > 1, such that

PGy — Kj * Callp > &) <, n=1,k=1. (5.2)

By the L?[0, 1]-tightness of the sequence K j, * ¢,, n > 1, there is a compact Cy in
L?[0, 1] such that

P(Kj *Cn ¢ Ck) <nmk, n>1k>1 (5.3)

Defining A = {f € L?[0,1]: K, * f € Cyand |Kj, * f — fll, < ek, k> 1}, it
follows from (5.2) and (5.3) that

P(neA)>1-2n n>1.
Clearly, the set A is totally bounded, so, as L?[0, 1] is complete, it follows that A is
compact in L?[0, 1], so the sequence ¢,, n € N, is tight in L?[0, 1]. O

The following corollary gives alternative conditions for the tightness in L?[0, 1]
that are easier to verify.

Corollary 5.3 Let {,, n € N, be a sequence of random elements in LP[0, 1] such
that, for some g < p <r:

(a) for some constant ¢ > 0, E|&,(t)|" <cforallt €[0,1] andn € N,
(b) El&,(t+h) =&, ()9 <eh) for0<h<1,0<t<1—handn €N, for some
function €(-) such that e(h) — 0 as h — O.
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Proof As (a) obviously implies Theorem 5.2(a), we only need to prove that Theo-
rem 5.2(b) holds. If ¢ = p, this is evident, so we are left with the case ¢ < p. Denote
by % and % the barycentric coordinates of p in the segment (g, r), that is,

1 1 11
p=—q+-r, -+-=1, u,v>0.
u v u v

The Holder inequality applied to |&, (¢t + k) — &,(¢)| gives
El&,(t + 1) — & )" <EV|E,(t + 1) — & )| "BV |6, + h) — £,

So, integrating with respect to ¢, we find

E&(+m &0 s/E”“|sn(r+h>—sn<t)|"E1/”|sn(r+h>—sn(w\’x(dr)
< (erlc)1/118(1/1)]/1,47

using (a) and (b). Hence E||§,(- + h) — g,,(.)||§ converges to zero, uniformly in #,
as h goes to zero, that is, Theorem 5.2(b) is satisfied. O

The following result gives a characterization of relative compactness in separable
Hilbert spaces, in terms of the coefficients representing the process with respect
to some orthonormal basis. We state the result for LZ[O, 1], due to our particular
interests. This is a restatement of Theorem 2.2 in Parthasarathy [80], taking into
account a correction introduced by Suquet [99]. An immediate adaptation will give
the corresponding result for a general separable Hilbert space.

Corollary 5.4 Let e,, n € N, is an orthonormal basis Osz[O, 1],and ¢, n € N, be
a sequence of random elements in L?[0, 1] verifying:
(@) sup,>; Ell¢s ||% < 400,
. +oo /1l 2
(b) limy— 00 sup, 1 BIY /5N (fy € (D)6 (DA(d1)*]1 =0,

Then ¢, n €N, is tight in L?[0, 1].

Proof For simplicity, define, for each f € L?[0, 1],

+00 2

1
r%Vm:Z( fo ei(t)f(t)/\(dt)) :

i=N
Then, assumptions (a) and (b) rewrite as

supE(r{(¢n)) <400 and Ngriloo supE(ry (&) =0,

neN n>1

respectively. Define, for each N € N,
W (N) = supE(ry (&)).

n>1

Now, given ¢ > 0, choose, taking into account (b), a sequence of nonnegative
real numbers A; /' +00 and a sequence of positive integers ng, k > 1, such that
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S0, AW (ng) < e. Define the sets Ex = {f € L2[0, 1] :r12vk(f) < ;') and put
K = (\;2; Ek. It follows from (a) that this set K is bounded. Thus, the projection
over the first ny coordinates is relatively compact, so it is possible to cover this pro-
jection using a finite number of balls with radii A,:l. The set K is included in each
E, which means that it is possible to cover K using the balls with the same centres
as above but with radii 2X,:1. Thus, the set K is totally bounded, so it is compact, as
L2[0, 1] is complete. O

5.3 Invariance Principles

Having studied the Central Limit Theorem, it is now time to interest ourselves with
the functional versions of these results. For this purpose, recalling that S, = X; +
.-+ X, and s> = ES2, we define two versions of the partial-sum process with
underlying variables X1, ..., X,:

(1) = 0175[,”] and £ = iS[’”]’ reo, 11, (5.4)
where [x] represents the largest integer less than or equal to x, and o needs to be de-
fined later. The interest in characterizing the convergence in distribution of these se-
quences of random functions on appropriate function spaces is that this convergence
gives a description of the global behaviour of the partial sums. Moreover, consider-
ing convenient continuous transformations, we will still have the convergence in dis-
tribution of the transformed random elements. This remark is quite useful as many
statistical applications may be defined as transformations of the above-mentioned
processes or of the empirical processes, to be studied in the next section. A simple
example of such a transformation is max; <, |S;|, which is just the supnorm of the
o /n&y(t). All we need is to place ourselves in a space where this norm is a con-
tinuous transformation. Another statistically interesting family of transformations
has the form f f@)&,(t)dt or f G (&,(2)) dt, which require weaker topologies on
the function space to be continuous. The natural choices of spaces just mentioned
would be the Skorokhod space DIO0, 1], extensively studied in Billingsley [10], for
example, for the supnorm transformation, while the weaker L”[0, 1] space for suit-
able p > 1 would be enough for the integral transformation of sample paths of the
partial-sum process. The two cases mentioned are important choices for the func-
tion space and are essentially different in what concerns the topological character-
izations, thus meaning that different treatments should be used in either case. We
will study the convergence in distribution in the Skorokhod space in Sect. 5.3.1 and
the L? case in Sect. 5.3.2.

The first suggestion to address functional versions of the Central Limit Theorem
seems to be attributable to Erdos and Kic [35], which was promptly answered by
Donsker [31] for the Skorokhod space and by Prokhorov [84] for the L2[O, 1] space,
in both cases considering independent underlying variables and obtaining as limits a
version of suitably renormalized Brownian motion. As expected, this was followed



5.3 Invariance Principles 135

by extensions to various dependence structures, in this latter case the limit becoming
a Gaussian process with convenient covariance operator.

Definition 5.5 The random variables X,,, n € N, are said to fulfill the invariance
principle if &, or £ converge in distribution to a random function W such that its
distribution is the Wiener measure.

Remark 5.6 Notice that we consider the sequence &, or £ . In general, the conver-
gence of each sequence is not equivalent to the convergence of the other. However,
in the case of associated variables and the assumptions we will be considering, these
will become, in fact, equivalent.

Remark 5.7 We also did not include any reference to the space were the conver-
gence takes place. We will be interested in the convergence with respect to different
topologies and spaces, so a full statement about an invariance principle must include
the space to which this convergence refers.

The Skorokhod space attracted essentially all the attention in regards with in-
variance principles. Most of the approaches to results on dependent variables would
consider some kind of approximation to independence, either by trying to prove
that the underlying variables X; and X; become almost independent whenever
li — j| —> +o0, or by coupling the variables, or blocks of variables, by indepen-
dent ones, in ways similar to what has been done in Sect. 2.6. The asymptotic in-
dependence was first controlled in terms of mixing conditions, as in Ibragimov [47]
or Theorem 20.1 in Billingsley [10]. The first invariance principle for associated
random variables was proved by Newman and Wright [71] and later improved by
Birkel [12] dropping the stationarity assumption.

The weaker LZ[0, 1] space received more attention in regards with the transfor-
mations of empirical processes that will be considered in more detail in Sect. 5.4.

5.3.1 Invariance Principle in D[0, 1]

The random functions &, or £ are both discontinuous, so the space D0, 1] is a more
appropriate and natural choice to address the convergence if we are interested in
continuity with respect to a strong topology. In some cases we may be interested in a
continuous version of &, or &, constructed by considering polygonal lines between
the end points of each step, but, as it will be commented at the end of this subsection
(see Remark 5.15), this is essentially the same problem. The noncontinuous random
functions, considered in the Skorokhod space, even allow for a simpler proof.

We begin by considering the case were the variables are strictly stationary. In
such a case, the invariance principle follows under the sole assumption that a limit
covariance exists.
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Theorem 5.8 Let X,,, n € N, be centred, square-integrable and strictly stationary
associated random such that

o
o = Var(X;)+2) _Cov(X, X;) < 0. (5.5)
j=2

Then the random variables X,,, n € N, fulfill the invariance principle in D0, 1].

Proof We follow the usual steps based on Theorem 15.1 in Billingsley [10] to prove
this theorem, that is, we need to prove the tightness of the sequence and the con-
vergence in distribution of the finite-dimensional distributions. Tightness will be
proved using a maximal inequality and standard arguments as for independent vari-
ables, once we have proved a Central Limit Theorem for the X, random variables.
Also, using the same Central Limit Theorem, the finite-dimensional distributions of
&, will be showed to converge to the corresponding ones of a Brownian process.

As our assumptions coincide with those of Theorem 4.1, we immediately have
that

1

o4/n

S, - Z ~ N0, 1).

Let now me Nand 0 <7 <t <--- <t, <1 be fixed. From the previous
convergence we will characterize the asymptotic distribution of the increments
En(tjr1) —&n(25), j =0,...,m — 1. In fact, using the stationarity,

1
En(tjr1) —&an(tj) = O_—(S[nth] = Stnt;1)

N
1 1
= ms[nt_m]—[mj] = ms[rz(t_;+1—t,~)]+z_,-a

where, for each j =0,...,m — 1, z; may be equal to —1, 0 or 1. Multiplying by
\/[n(tj_H —tj)] + z; and taking into account that, for each fixed j =0,...,m — 1,

M — tj41 —tj, it follows that

En(tis1) —En(t) =5 Zj ~ N0, tj 41 — 1))

Let us now look at the covariance between different increments. Assume, without
loss of generality, that j < k. Then

Cov(&n(tj41) — En(t)), En(tkg1) — En (1))

1
=2, Cov(Stn(;41—1))1+2) > Stntep1—t)1+21)

1
= =7, CoVXpntjtt & A Xnp 11 Xingd1 4+ Xingg 141

9]

1
== > Cov(X1, Xo),

o
L=[n(tr—tj)]+zk
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using the stationarity of the random variables and the nonnegativity of the covari-
ances. It follows from (5.5) that this upper bound converges to 0 as n —> 00, so
that Cov(&,(¢j+1) — & (t)), &n(trs1) — Ex(tr)) —> 0. It is also clear that the vari-
ables &,(t1) — &,(t0), ..., &n(tm) — &1 (t—1), being nondecreasing transformations
of the original variables, are associated. Thus, taking into account Theorem 1.33,

if (§,(t1) —&,(t0), ..., En(tm) — En(t—1)) —d> (W1, ..., Wy,), the coordinate vari-
ables of the limit are associated with null covariances, thus independent. That is, the
finite-dimensional distributions converge weakly to those of a Brownian process.

Finally, let us prove the tightness of the sequence &,, n € N. Recalling Theo-
rem 2.28, we have

P(max(IS1],..., ISa1) = Asy) <2P(IS,] = O — V2)s),

so we may conclude the proof using standard techniques. In fact, if A > 2/2, we
have

P(max(|Sil,....[Su]) = Asy) < 2P(|Sn| > %)

The stationarity of the variables obviously implies that

n
s2=nVar(X1) +2 Y (0 —i+1)Cov(X1, X)),
j=2

2
thus from (5.5) it follows ns(’;z —> 1. As already mentioned, the random variables

X, n € N, satisfy the Central Limit Theorem, so Sl—lSn i) Z~N(0,1), and

p(Lis,>2) —p(1z1>2
—IS > = | — > = ).
s, T2 2

Thus, for n € N large enough,

1 A 16
P —|S. > = | < =E|Z]%,
S 2 A3
E|Z3|

s0, choosing & = =5~ and A sufficiently large, the tightness follows from Theo-
rem 8.3 in Billingsley [10] (see the proof of Theorem 16.1 in [10] for the reformu-
lation on DJ[0, 1]). Il

In order to relax the stationarity requirement, we will need a closer control on the
covariance structure of the random variables. The control of the variance of S, will
be crucial. In particular, the assumption

1,

-8
2 nk
sn

— k, keN, (5.6)
plays an important role.

Lemma 5.9 Let X,,, n € N, be centred, square-integrable and associated random

variables. Then (5.0) is satisfied if and only if S%S[Zn,] —> t for every t € [0, 400).
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Proof Let us assume that Slzsgk —> k for every k € N. As the variables are associ-

ated, the sequence s,% is nondecreasing, so, taking into account (5.6), we have that,

forall peNand0<£¢<p—1,

2

1
limsup — <11m Sup ——s,, =

1
m— 400 Smp+€ m—~+00 Sy p P

(5.7)

Choose now an integer k > 2. Given m € N, define r = [kal], so we obviously have

that r(k — 1) = [21(k — 1) <m.If m > (k — 1)2, then

rk — m>m+1—k+|:km :|—m20,

thus £ < p — 1 < (rk — m)p, thatis, mp + £ <rkp. Hence,

1 1\1
liminf s > 11m1nf2—sr(k = (1 - —>—. (5.8)
m—00 Sp-+t m—00 g rkp k)p

As k may be chosen arbitrarily large, it follows that

1
s[zm] —t fort= > with p e N.

:M[\)| —

For ¢t = %, the conclusion now follows by writing

! — 52 = lvz —1 s2 — g
52 @/ 27nal 2 - PInta/p)] P
n [nq]

Finally, for nonrational ¢ € [0, c0), we can approximate from below and from above
by sequences of rationals u, and vg, respectively, and use the association, which
implies that s,%l is nondecreasing, to find

1 52 | 2 1 52 1 52
ug =lim — 2 Snuy <liminf —s,, <limsup — 7 Sy <lim — 2 Spv, = Ve,
sn n
from which the result follows. The other implication is obvious. O

We start by relating the fulfillment of the invariance principle and the Central
Limit Theorem. To control the variances, we will need a somewhat strengthened
version of (5.6).

Theorem 5.10 Let X,,, n € N, be centred, square-integrable and associated random
variables. The following statements are equivalent:

(a) The random variables X,, n € N, satisfy a Central Limit Theorem, and

1
S E(SuSpe) —> min(k, &), k. ¢ eN. (5.9)

n

(b) The random variables X,,, n € N, satisfy the invariance principle in D[0, 1].
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Proof We first prove that (a) implies (b). Taking into account Lemma 5.9, we get

d .
that, for each r € [0, 1], éS[m] — tZ, where Z ~ N(0, 1). Consider now fixed
0 <s <t < 1. Then, as the marginal distributions are tight, the sequence of random
vectors (iS[m], iS[,,,]), n € N, is tight, so there exists a probability measure Q on
R2 such that

1 1 d
—Stns)y — Sy ) — Q.
Sn Sn

Denoting by 771 and 75 the coordinate projections from R? onto R, we have that

1 1 d _
(_S[ns]» — (St — S[ns])> = Q1 m —m) .
Sn Sn

The random variables S5 and S[,;] — S[us] are nondecreasing transformations of
the X,,’s and so are associated. Thus, it follows from Theorem 1.33 that the pro-
jection 71 and 7, — ;1 are associated with respect to Q. From the convergence in
distribution of Siz Sns1, using Theorem 5.4 in Billingsley [10], we derive the uniform
integrability of each of the following sets of random variables: {iS[,m], n € N} for
each fixed u € [0, 1] and { 5 (Stau] — Stav))» 1 € N} for each fixed 0 <u <v < 1.
Hence, using (5.9), it follows that, with respect to Q,

Cov(mry, mp — m1)

. 1
= lim COV< ns], (S[nt [ns])>
Sn

n—o00

1
lim —E( (ns1(Sne1 — Sins1)) = 0.

n—>oo §
I’l

That is, 771 and 71, — 7y are, under Q, associated and uncorrelated, thus independent.
Finally, we have that anl =N(0,s) and Q(s — 1)~ = N(0, t — 5), so that

1 d
S_(S[mJ — Sins)) —> (t —9)Z,
n

where Z ~ N(0, 1).

We still have to prove the tightness of the sequence &,. For this, we will prove,
arguing along the lines of the proof of Theorem 2.2 in Herrndorf [45], that, for all
g, n > 0, there exists § > 0 such that

limsupP(w (&), 8) > ¢) <n,
n—o0

where w(§,;,8) = sup;_, 516, (s) — &;(r)|. Using a standard decomposition
(see, for example, the corollary to Theorem 8.3 in Billingsley [10]), we have, for
5€(0,1),

[1/5]
ES
P(w(&), 8) > €) ZP(_ max_ |S,—s[,,,-5]|>7">.

[nid]<r<[n(i+1)d]

Repeating the arguments leading to (2.20), we find that
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ESn
P ) max |Sr — S[ni8]| > —
[nid]<r<[n(i+1)s] 3

36 -1 £sy
<\ 1= 5ZEGmi+s1 — Swmis1) | Pl ISmi+0s1 — Sisi) = — ).
S5€ 6
Using (5.9) and Lemma 5.9, it is easy to check that, for each fixed i,

1
S_ZE(S[n(i+1)5] — Spis))? — 6,

n

so, for n large enough (depending on i and §), SLZE(S["(,-H)(;] — S[ni5])2 < 26. Thus,

s 728
lfT < 1,

WAl 725\ es
P(w(&,.8) >¢) < Z (1 — 8—2> P(|S[n(i+1)5] — Shisy = f)

i=0

2
S . .
Now, as —=—— — 4, for n large enough (depending now on i, § and ¢), we
SE . .
[n(i+1)8]—[ni8]

have

P(w(&),8) > ¢)

< [lzm<1 728>_1P( ! 1S Stnisi| > — )
= 82 S[n(+1)8]—[ni5] [n(i+1)5] [nid] 1251/2

<(1 725)‘1<'1'+1) 1448 1
< _ = - sup
2 2 . 2
€ L3 €% i<[1/81 S[p(i41)8]—[nis)

2
X E[(S["(i+1)5] — Stnis)) Hls[n(i+l)6]*s[ni6]|>5(S[n(i+l)6]—[ni5])/(125|/2)]

. 726\ ! '1'Jrl 1448 1
=|1—-— = —— sup —
82 _6_ 82 m,ngNs%

2
X E[(Smtn = Sm) Lis,, -5, 1>e5,/012512) -

Finally, as the variables appearing in this last mathematical expectation are uni-
formly integrable, taking into account Theorem 5.4 in Billingsley [10], we may
choose § > 0 small enough so that this upper bound is smaller than the given 1 > 0,
which concludes the proof of the tightness.

We now prove that (b) implies (a). It is enough to prove that (5.9) holds. Let us
first prove that s,% =nh(n), where the function 4 is slowly varying. Obviously, for u

2
large enough, h(u) = S[T”] As the Central Limit Theorem is satisfied, we have both

1 1
S} —> Z and  — Sy 5> 1Z,  where Z ~ N(0, 1).
S[nt] Sn
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nt]

Therefore, —> t. As the variables fulfill the invariance principle, the sequence

,neN,is tlght so, for every § > 0,

hmsupP( max | X;| > 80‘n> <limsupP(w(&;.8) > ¢).
<

n—00 1<i<n n— 00

This later upper bound converges to 0 as § —> 0, which implies that < 50

S, + S”:l the limits in dlstrlbutlon of

in probability. Thus, as A‘n+1 Sn+1 =

é+1

iS and %Sn coincide, hence % — 1. Consequently, for each ¢ € (0, 1],
limg_ oo A[[ﬂ = limy_ oo },'1((’;)) 1, that is, & is slowly varying. Thus,

1,

=Sk — k, keN.

sn

Let now 0 <s <t <u <v <1 be fixed. The random variables S%S,%, n eN,

are uniformly integrable, hence, it follows from Lemma 5.9 that the variables
YLZ(S[,,,] — Sins)) (Stnv] — Spauy)» n € N, are also uniformly integrable. As the invari-
ance principle is verified, we have that

1 d
g(S[m] = Stns1) Stnvy — Stnu)) — (W(l) - W(S))(W(v) - W),

where W is a Brownian motion. Then, taking into account Theorem 5.4 in Billings-
ley [10], we have

—E[(Sinr) = Sins) (Stav] — Stau))] —> E[(W (1) = W(s)) (W (v) — W(w))] =
n
using the independence of the increments of W. From this it immediately follows
that
1 .
SE[(Snj = Sui)(Sue = Su)] — 0, i< j<k=t,

2
S

and, finally, (5.9) by choosing i =0 and j = k. 0

Remark 5.11 Notice that the association of the random variables is only used in the
first part of the proof of the previous result.

We now extend the results from Sect. 4.2. We will look for assumptions on the co-
variance structure instead of (5.9), as, in view of Theorem 2.37, this is a much more
natural way of controlling the asymptotics for associated sequences. The control
over the covariance structure is achieved through the usual coefficient u(n) intro-
duced earlier (see page 41),

u(n) = sup Z Cov(X;, Xy).

keN .| j—k|=n
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Theorem 5.12 Let X,,, n € N, be centred, square-integrable and associated random
variables. If (4.12), (4.13), (4.14) and (5.6) are satisfied, then the random variables
X, n € N, verify the invariance principle in DIO0, 1].

Proof Taking into account Theorems 4.8 and 5.10, it is enough to prove that (5.9)
is satisfied. For this, we shall verify that

1 o

—E[(Snj = Sui)(Sne — Su)] — 0, i< j<k<=t,

s}’l
as (5.9) then follows by choosing i =0 and j = k. Now, due to the nonnegativity of
the covariances,

1
S_ZE[(S"/ — Sni) (Sne — Snk)]

n
1 nj nt 1
== > > Cov(Xp. Xg) < su(ntk— j)) — 0,
S p=ni+1g=nk+1 Sn
as follows from (4.12) and (4.13). O

In the proof of Theorem 5.10 we have verified that %s,% is a slowly varying func-
tion. A common assumption in Central Limit Theorems or invariance principles
requires the convergence of this sequence. In such a case, the following result is an
immediate consequence of Theorem 5.12.

Corollary 5.13 Let X,,, n € N, be centred, square-integrable and associated ran-
dom variables. Assume that (4.12), (4.14) and

1, 2

s, — - €(0,00) (5.10)
n
are satisfied. Then the random variables X,,, n € N, verify the invariance principle

in D[O, 1].
Proof 1t suffices to remark that (4.13) and (5.6) are both consequences of (5.10). [

The Lindeberg assumption (4.14) above may be replaced by the existence of
higher-order moments. But this must be accompanied by a convenient behaviour on
the covariance structure. In some sense, this is alike what happens when replacing
the Lindeberg assumption by the Lyapunov condition for the classical Central Limit
Theorem. In our framework, dealing with dependent variables, we need a closer
control on the covariances expressed through the decrease rate of u(n).

Theorem 5.14 Let X, n € N, be centred and associated random variables. Assume
that (4.13), (5.6),

u(n) ~ n?f for some 6 > 0,

supE| X, "™ <00 forsomer >2,n7> 0,
neN
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are satisfied. Then the random variables X,,, n € N, verify the invariance principle

in D[O, 1].

Proof We start by verifying that the finite-dimensional distributions of £ converge
in distribution to those of a stochastic process W that has finite-dimensional projec-
tions behaving like the ones from a Brownian motion. It follows from (5.6) and, as
the random variables are associated, Lemma 5.9 that, for each ¢ € [0, 1],

1
S|~ 12, Z~N(0,1).
S

n

Hence, each of the two families of variables —S[m], neN, and S neN,is

[nt]?
uniformly integrable. Thus, taking into account Theorem 5.4 in Bllllngsley [10], we
have

. 1 5 , 1
E(W(n) = lim E gS[,,,] =0 and E(W())= lim E ES[,,,]z =1t

Consider now fixed k e Nand 0 <f# <t <--- <t < 1. The random variables
EX(tjt1) —&5(tj), j=0,...,k — 1, are nondecreasing functions of the X,,’s and
thus are associated. So, repeating the arguments of the proof of Theorem 5.8, it
follows that

d .

and

(Ex (1) — &7 (t0), ... &5 (k) — &7 (1))
— (W(l‘]) —W(to),..., W(ty) — W(tk,])).

Moreover, from Theorem 1.33 it follows that W (¢1) — W(#), ..., W(tx) — W (tx—1)
are associated random variables. Proceeding as in the proof of Theorem 5.12, we
get from (4.13) that, for j # ¢,

Cov(W (tj41) — W (1)), W(ter1) — W(te))
= lim Cov(&y (tjr1) — &5 (1)), &3 (teq1) — & (10)) =

Hence, it follows that the variables W (¢;11) — W (¢;), j =0, ...,k — 1, are uncorre-
lated and thus independent, taking into account Theorem 1.17. This means that the
limit stochastic process has finite-dimensional distributions as those of a Brownian
motion.

To complete the proof, we need to verify the tightness of the sequence &, n € N.
Recall that, as used before, we have, for each ¢ > 0,

[1/6]
ES
P(w(&,8) > ¢) ZP( max  |S,—S ,1,5]|>T”>.

[nid]<p=<[n(i+1)3]
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From Corollary 2.21 it follows that sup,,cy E|Sy+n — Sm|” < Bn'/?

orem A.5, we have

, 80, using The-

sup E( max | Sp+p — Sm|’) <B'n'?,

meN 1<p=zn

where B’ > 0 is independent of n. Using this upper bound together with Markov’s
inequality, we find

r[1/8]
P(w(er,5) > e) < (— E( Sp = Swisil")
CCIDESE <8s > ; [ni5]<pn;?1)1((i+1)(3]| p = Swis]|

n

1 /3012 r[1/8] .
<B— <"—> > ([nG + 18] — [nis])”>.

ES
n i=0

Finally, taking into account (4.13), we have

ez -a=o((3])(e2) ) e(z) "

As r > 2, this upper bound approaches zero as § \ 0, and thus the tightness of &,
n € N, in D[0, 1] follows recalling Theorem 15.5 in Billingsley [10]. O

Remark 5.15 We have been looking at the noncontinuous random functions &, or
&¥. As mentioned previously, we might be interested in the continuous versions
obtained by considering polygonal lines between the end points of each step,

1 nt — [nt]
‘()= ——=Sp+ ——
£, (1) o] o Xt
for the continuous version of &,, and analogously constructed &
version of £7. It is obvious that, for each ¢ > 0,

P(,S[‘(l}’”’s”(” —£0)] z ) =P(max |X;| z eo/n).

1<i<n

¢ the continuous

Now, if either &, or £¢ fulfills the invariance principle, repeating the arguments used
on the proof of Theorem 5.10 (see the end of page 141), it follows that the upper
bound above converges to 0. So, finally, Theorem 4.1 in Billingsley [10] implies
that & or &,, respectively, also fulfills the invariance principle. Of course, these
arguments may applied with respect to &, and the corresponding continuous version.

5.3.2 Invariance Principle in L*[0,1]

We shall now look at how the general results of the previous subsection translate
into characterizations concerning the invariance principle. First we present a simple
condition for the tightness in L2[0, 1]. This result has appeared in several versions
and with different proofs in Oliveira [73] and Oliveira and Suquet [76, 78].
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Theorem 5.16 Let X,,, n € N, be centred, square-integrable and associated random
variables. Assume that there exists a constant C > 0 such that

l n
- Y E(X;jXp =C. (5.11)
n jk=1

Then the sequence &,, n € N, is weakly relatively compact in L*[0, 1].

Proof Lete,, n € N, be an orthonormal basis of L2[0, 1] and define, for each n € N,
fa(s) = fsl e, (t)A(dt). According to Corollary 5.4, it is enough to prove

o0 1 2
NEToo,fggf;v(fo gn(z)e,-(;)x(dt)> dP=0

2
sup/ (/ &E,(t)e; (t))\(dt)) dP < oo.
neN

It is easily checked that

1 1 n 1
L (e (HA(dE) = — X (OHA(dt),
/Of»;()e()( ) ﬁ; ’/,-/ne()( )

oo 1 2
sup / Z( / %‘n(t)ei(t)k(dt)> dP
neN i—N 0

1=

S (e

and

so that we have

neN; N
n
<sup| sup Zf(x) ZE(X,»XIJ,
neN\xel0,1]; —y jk=1

as E(Xj X) > 0, due to the association. Now, taking into account (5.11) and Dini’s
theorem, we get that this converges to zero. The second condition is trivially verified
by choosing N =1 in the previous calculation. g

Remark 5.17 A common assumption when proving central limit theorems, invari-
ance principles or the convergence of empirical processes is —E(Sz) — 02 < o0,
as in Corollary 5.13. If we assume that the variables X,, n € N, are associated,
this obviously implies (5.11), so the relative compactness of £,, n € N, in L2[O, 1]
follows.

Remark 5.18 The statement of Theorem 5.16 only uses the association in the final
step of the majorization of the series that we need to control. A general condition
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for the relative compactness in L2[0, 1], without any kind of positive dependence,
obviously is

1 n
- Z |E(X;X0)| < C.
n

Jjk=1

It is an easy consequence of the computations above that we always have relative
compactness in LZ[O, 1] if we consider the normalization by s, instead of /7.

Corollary 5.19 Let X,, n € N, be centred, square-integrable and associated ran-
dom variables. Then the sequence £, n € N, is weakly relatively compact in
L?[0, 11.

Proof Using the calculation as in the previous theorem, we would find the upper
bound

sup( sup Zf (x)> Z E(X; Xk)—SUP( sup Zf (x))

neN xe[O]]l —N n k=1 neN \xe[0, l]l —N

Finally, Dini’s theorem gives the convergence to zero we sought. g

We may prove the tightness in L”[0, 1] spaces for p > 2, using Corollary 2.21,
by strengthening somewhat our assumptions requiring, in particular, a faster conver-
gence decay for the covariances.

Theorem 5.20 Let X, n € N, be centred and associated random variables.
(a) Assume that

u(n) ~ n—? for some 6 > 0,
p+n (5.12)
sup E| X, | <00 forsomep>2,n=>0.
neN
Then the sequence &,, n € N, is tight in LP[0, 1].
. .. 1
(b) If, in addition, we assume that EE(S,%) —> o2
n €N, is tight in LP[0, 1].

< 00, then the sequence &,

Proof We will verify that the conditions of Theorem 5.2 are satisfied. In what con-
cerns condition (b) of Theorem 5.2, notice first that, as the random variables are
associated, according to Corollary 2.21,

E[&:(-+ 1) = 6O} = —— 5 EXpurte1 + - + Xpngnm)”

obnpr/?
B[nh]?/?
—~ ogpPppr/2
for some B > 0 (independent of n € N and ¢ € [0, 1]). So,

(5.13)

p/2

Bh
lim supE|&, (- + 1) — & ()|? < lim =0.
h*)()nzl p

h—0 oP
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Condition (a) of Theorem 5.2 follows choosing y = p and the same arguments as
above, thus proving (a).

n/2
As for £, n € N, the upper bound in (5.13) becomes %, where, as usual,
Sp

2
= E(S,%). If S;Tn —> o2, the previous is, for n large enough, bounded above by
2BhP? — 0as h — 0. O

To complete the proof of an invariance principle, according to Theorem 5.1, we
must now have a control on the convergence in distribution of f E () f()A(dt)
for every f chosen in the appropriate space. Let us recall that we may rewrite the
integral above as

1 — i
/O én(r)f(nx(dr):m;xif*(;), (5.14)

where F(s) = fsl f(@®)r(dt), so we need to prove a Central Limit Theorem for these
triangular arrays of random variables. As before, when proving convergence in dis-
tribution, the main problem is to have some control on the covariances placed out-
side of the principal diagonal of the covariance matrix. The essence is to impose
conditions that imply that the sum of those covariances became negligible. We
achieve this in a somewhat different way than that used for the invariance princi-
ples in DIO, 1], saving us from the need to assume some convergence rate to zero
of the u(n), as done, for example in Theorem 5.14. Besides, we will need only the
existence of moments of order 2, thus also relaxing somewhat the assumptions on
the moments.

Before the result on the convergence of these integrals, we need to prove an
additional technical lemma.

Lemma 5.21 Let u,, n € N, be a sequence of real numbers such that

Then, for each absolutely continuous function h defined on [0, 1],
2 —
iy 20

Proof 1t is enough to verify the convergence for i Lipschitzian, as this class of
functions is dense in the space of absolutely continuous functions. Denote v, =
Zk | Uk. We may write — vn =T + ¢, where, &, —> 0. Then, it follows that

up =k(t +ep) — k= D(t +ek—1) =7 +kep — (k — Deg—1,

so to prove the lemma, it suffices to verify

2
nEToonZh ( ) (kex — (k — Deg—1) =0.



148 5 Convergence in Distribution—Functional Results

As h is Lipschitzian, there exists a constant & > 0 such that |h(x) —h(y)| < a|x —y|,
SO

1 & k
- Zh2<;> (kex — (k — Dex_1)
k=1
n—1
1 stk (h2(§> - h2<—k + 1)) + e,h%(1)
n =1 n n

20| ]| s )
<=2 lexl + lealn®(1) — 0,

k=1

by Cesaro convergence (see Lemma C.6). For the general case, remark that ||/, <
Ih]lo < ClIA ||, (where b’ denotes the almost everywhere derivative of the abso-
lutely continuous function /) and use standard density arguments. O

The next result states a Central Limit Theorem for triangular arrays, as needed to
control (5.14). The proof follows a method similar to the proofs of Theorems 4.1,
4.4 or 4.8, which consists in approximating the characteristic function of sums by
the characteristic functions of sums of blocks and treat these as if they were inde-
pendent.

Theorem 5.22 Let X,,, n € N, be cer_zgred and associated random variables. For
each £ € N, put m = [%], Y= Zg:(j—l)ﬂl Xi, j=1,....m,and Yyyq1¢ =
Y ke 11 Xi. Assume that the following conditions are verified:

. 1 2 2
WETOO;E(SH)—U >0, (5.13)
1 m ar
. 2\ _ . _ 2
A LR and i o 10
1 n
V8 > 0, —Z/ X?dP —s 0. (5.17)
n o Jixil>syn)

Then, for all p > 1 and f € L?[0, 1],
1
/0 En (1) f(D)A(dE) N Zp~N(0,[F2),
where F(s) = [ (A dr).

Proof As mentioned above, we are interested in the random variables

1 & i !
S,l(f)zﬁgF(;)Xi, whereF(s):/S FOMdL).
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We may consider only functions F' which are Lipschitzian, as these are a dense sub-
set of the space {h:h(s) = j;l g(®)A(dt), g € LP[0, 1]}. To prove the Central Limit
Theorem for the triangular array, we will approximate the characteristic function
of S, (f), ¢s,(r), by the product of the characteristic functions of the blocks Y; ¢,
j=1,...,m.This will be accomplished in five steps, where we take ¢ fixed, except
in the final one.

Step 1. We first prove that, as the convergence in distribution is regarded, we
may replace the sum with n terms by a sum considering only a multiple of £ terms.
Using |ei g ¥| < |t —s| fort, s € R, and the Cauchy—Schwarz inequality, it follows
that

05,1 (1) = @5, (1) D] < 111 Var' 2 (S, (f) — Sme(f))- (5.18)

Recalling that this upper bound is just the L?[0, 1]-norm of Sn(f) — Sme(f), we
still have that

2
|905,(5) () = @5, ) (D)

B (5 (2) ()
(G (B Ge)e)

j=1
1 n . 2
J
—l—;E('Z F(;)Xj> . (5.19)
Jj=ml+1

Using the fact that F is Lipschitzian and the association of the random variables, the
first term in this upper bound is, up to the multiplication by a constant depending
only on F, less than or equal to

11 1\2& me  N\*1
_<_ _ _> Z JKE(X ;X)) < (7 - 1) ;E(sz) —0
Jj.k=1
as n —> 400, taking into account (5.15), as, £ being fixed, we also have that

m —> +o00. From the association of the X,,, n € N, it follows that the second
term in (5.19) is bounded above by

mé 1
||F||§o(7 - 1) —E(Sne) — 0

as n —> 400, again taking into account (5.15). Finally, the third term in the upper
bound in (5.19) is, due to the association of the underlying variables, less than or
equal to

n

¢
IFI2, Covixto xo = Flap(o @ 55 3 oy
Py oo =152, 23" 3 xa).

Jjok=me+1 j=1k=ml+1
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Obviously, form (5.15) it follows that %E(S,zl) and %E(st) both converge to o?
as n —> +-o00. Using again the association of the random variables X,,, n € N, this
implies that all the covariances are nonnegative, and from (5.15) it also follows
that %E(Z'jnﬁl Y iemes1 XjXx) —> 0 as n —> +o00. Thus, collecting these upper
bounds and inserting into (5.19), it follows that

li 1) — 1| =0.
Jim [es, (0 = 5,000 ©]

Step 2. We now verify that we may approach F by a simple function keeping an
approximation of the corresponding characteristic functions. Using the same argu-
ments as in the first upper bounds in Step 1, we have

. m .
it j
t)—E — E F|—)Y;
#Sm(n ) exp(«/mﬁ = (m) M)

k .
1
Var' 2 Se(f) = —= F(L>Y< .
Slt' ar ( E(f) Wj:l m J.t

Expanding the variance above and using the Lipschitz property of F, thatis, | F (x) —
F(y)| < alx — y| for some o > 0, we easily find that

1 m j Ol2 me
Var(Smg(f) T et /Zl F(;)Yj,e) < Y] j;l E(X; Xk),

hence, from (5.15) we have, for m large enough,

. ' 1 m . \/E ¢
Eexp(itSme(f)) —Eexp(zt Z}F(é)YMN < %" (5.20)

me
]:

which converges to zero as n —> +-00.

Step 3. Now we approximate the characteristic function of (m€)~1/2 x
ZT:] F(j/m)Y;, by what we would find if the blocks were independent. Us-
ing Theorem 2.37, it follows, taking into account (5.15) and (5.16), that for m large

enough,
| k it j
Eexp| it Fl=)Y; — Eexp| —F| — )Y;
(i () - e e (4 )

j=1
1 — 12 Jj m
< —|F( & )F| = )|E(Y; Y
=5 Z -y <m> (m)' (Yj.eYie)
j.k=1
J#k
2 2 m
I Fll5 22 (2 e
== Z E(Yj.eYio) < CIF IS 0% = 5 )- (5.21)
j.k=1
J#k

Step 4. We prove that the product ]_[’;’zlEexp(it(mﬁ)_1/2F(j/m)Yj,g) con-
verges to the characteristic function of a Gaussian distribution where the Y,
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j=1,...,m, may be assumed to be independent. Using Lemma 5.21, from (5.16)
we have that

1 J ag
20N 2 2 2
s, ()= oy E 1F <;)E(Yj,e) — 7||F||2~
j:

So, to prove the Lindeberg condition for the triangular array (m€)~'/2F(j/m)Y s
j=1,...,m,meN,itis enough to prove that, for every ¢ > 0,

Z/ LF2<]>Y,2£dP—>0 (5.22)
m

UFG /I el>es,(F)¥/my ME
For m large enough and applying (4.33), an upper bound for this integral is

||F|| Z

jt
j=1m=(—1)t+1 /{Xk|>(€/2)\/al/l(”F|2/|F|oo)«/m/l}

X2 dp

||F||2 ’"‘ 2
< X;dP—0, (5.23)
{1X1>(e/QOIae[EUIF 12/ I F lloo) VmE}

taking into account (5.17).

Step 5. Now summing up inequalities (5.18), (5.20), (5.21) and (5.23), we get,

for fixed £ e N,
2
Eexp(itS,(f)) —exp(——t ||F||2) < Ct2||F||§O<a2 — a%>’

and now letting £ — +o00, we have the Central Limit Theorem that concludes the
proof. U

lim sup
n—+00

Remark 5.23 The association of the random variables is crucial in the first two steps
of the proof, which take care of the control of the deviance from independence, just
as in the proof of Theorem 4.1.

Example 5.24 Assumption (5.16) is a sort of relaxed weak stationarity, allowing for
some perturbation of a few random variables. Moreover, the assumption puts some
control on the covariance structure which is more flexible than the conditions used
for the treatment of the D[0, 1] case as, for instance, Theorem 5.14. An example
that verifies Theorem 5.22 but not Theorem 5.14 can be constructed as follows:
let X,,, n € N, be stationary and associated random variables such that E(X},) =0,
Var(X,) =1 and Cov(X;, Xy) = y(|j — £|), where Z;’lozl y(n) < oo; for each
n € N, define X, = ¢, X, where

o= {ql/z if n =29 for some g € N,

=
1 otherwise.

The perturbed sequence remains associated. Its coefficient u’(n) is now

u'(n) =supul(n) with uj(n) = Z cjck Cov(Xj, Xy).

k=1 jilj—klzn
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For each n € N, we can find k large enough such that k +n =29 and ¢'/?y (n) > 1,
SO, SUP>| u;c (n) > 1, and v’ (n) does not converge to zero.

Next we check conditions (5.15), (5.16) and (5.17) for X,,, n € N. Write S, =
Y X/ and Y/, for the blocks relative to the X.

To (5 15). By the stationarity of X,,, n € N, we have

~E(8?) — 02 = Var(X1) +2 Z y(n) < .

n=1
As what regards S, we have
E(S?) = + Y (cicj — DE(XiX)).
1<i,j<n
cicj>1

The second term is bounded above by

Z cic;B(X; X ;)= Z cic;B(X;X;)+2 Z Z ¢;E(X; X ;)

1<i,j<n 1<i,j<n I<i<nl<j<n
cicj>1 ci>l,cj>1 ci=1 ¢;>1
=T+ 1z,
where

n 2
T < Z c,-cj=< Z ci> =O(ln3n)
1<i,j<n i= 1
c,->1,c.,~>1

and
T) <40’ Z cj= 0(ln3/2n).
j=l.cj>1

Hence 1(Ty + T5) — 0 and 1E(5?) — o2.

To (5.16). Observing that the number of blocs Y ]’ , having at least one perturbed
term is dominated by log,(m£) and that the variance of such a perturbed block is
bounded by ¢2log, (m£), we have the estimate

k m
0= E(Y?) ZE ) < *(log, n)?,
j=1

50 limyy o0 Y B(Y 6) =ay = E(S?).
To (5.17). Obviously,

n n

Z f XPdP< Y JEX}= Y c=0(n’n),

i=1,¢;>1 cilXi |>8\/_} i=1,c;>1 i=1,¢;>1

which is enough to prove (5.17) for the perturbed sequence of random variables.
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It is easily verified that, assuming the wide sense stationary, condition (5.16) is
superfluous, thus we immediately have the following result.

Corollary 5.25 Let X,,, n € N, be centred, weakly stationary and associated ran-
dom variables. Assume that (5.15) and (5.17) are verified. Then, for every p > 1
and f € LP[0, 1],

1
/0 E(1) f(OA(dD) 5 Zy~N(0,[Fl2),
where F(s) = [ (A1),

The previous results concern only the convergence in distribution of the analo-
gous of the finite-dimensional distributions for L2[0, 1]. The corresponding state-
ment about the invariance principle is now obvious.

Theorem 5.26 Let X,,, n € N, be random variables fulfilling the assumptions of
Theorem 5.22. Then, the sequence &,, n € N, verifies the invariance principle in
L2[0, 11.

Proof 1t is enough to remark that, due to the association of the underlying variables,
(5.15) implies (5.11), so the relative compactness of &,, n € N, follows. Finally,
Theorem 5.22 translates into

1 1
f En(t)f(t)k(dt)i>/ oW f(Ordr), feL?0,1],
0 0
so the invariance principle follows. g

Remark 5.27 Notice that one could think of using Theorem 4.8 to try to prove an
LP[0, 1] invariance principle. This is not possible, as Theorem 4.8 does not state
a Central Limit Theorem for triangular arrays of associated variables, and this is
required to deal with the sums

1 & i
Su(f) = 7 ;F<5>X

5.4 Empirical Processes

Given a sample X1, ..., X, from a random variable X with distribution function F,
there is an obvious interest in describing the probabilistic behaviour of the distance
between F and the empirical distribution function F,(t) = % Yo Lo, (Xi).
This is achieved through the process

Zn(t) =/n(Fy(t) — F(1)), t€R.
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This random function Z, is naturally of importance in statistics, thus it has attracted
a lot of interest in the literature. As is well known, for theoretical purposes and on
what convergence in distribution is regarded, transforming the random variables by
their quantile function Q allows us to be more precise about the common distribu-
tion of the variables: Z,,(Q(t)) has the same distribution as if we do the construction
assuming the random variables X,,, n € N, to be uniformly distributed on [0, 1]. So,
throughout the section we will assume the random variables to be associated and
uniformly distributed on the interval [0, 1]. We adapt accordingly the definition of
the empirical process.

Definition 5.28 Given the random variables X,, n € N, uniformly distributed on
[0, 1], the empirical process is defined as the sequence of random functions

Zu(t) = /n(Fa(t) = 1), 1€[0,1], (5.24)

where F, is the empirical distribution function.

If the underlying variables X,, n € N, are independent, it was mentioned by
Doob [33] and later proved by Donsker [32] that Z,, converges in distribution to a
Brownian bridge in the Skorokhod space D[0, 1]. As what concerns associated ran-
dom variables, Newman [70] proved the weak convergence of the finite-dimensional
distributions of the empirical process assuming strict stationarity of the X,, and that
Cov(lix,>x}, Lix,>y)) =P(X1 > x, X;, > y) — P(X;1 > x)P(X,, > y) defines a uni-
formly convergent series. As Cov(X1, X,) = [ [ Cov(Ijx,>x}, [1x,>y}) dx dy, as
described by Hoeffding’s formula (1.2), it is natural to seek for assumptions on
the covariances inside the integral. Now, taking into account Corollary 2.36, the
uniform convergence of the series defined by Cov(Ilx, >y}, I{x,>y}) follows from
Yo Cov!/3(X1, X,) < oo. Hence, to have an asymptotic result on the empiri-
cal process, we should expect that, at least, Cov(X1, X,,) = O(n=3). The result by
Newman [70] only deals with finite-dimensional distributions, thus leaving tightness
untreated. This is usually, at least on what the Skorokhod topology is concerned, the
hardest step in the proof of asymptotic results. The first complete proof about the
limit behaviour of empirical processes on D[0, 1] assuming that the X, variables
are associated was obtained by Yu [109] requiring that Cov(X 1, X,) = O (n") for
some b > % The approach relied on an extension of the above-mentioned integral
representation of the covariances and a subsequent control over moments of the form
E(Z,(t) — Z, (s))4, so the classical conditions for tightness, as in Theorem 15.5 in
Billingsley [10], could be verified. Improving on moment bounds, relying now on
inequalities of the form stated in Theorem 2.18, Shao and Yu [94] weakened the
assumption on the covariance, requiring that b > @
Louhichi [63], requiring only that b > 4.

Having in mind integral transformations of the empirical process as, for exam-
ple, the Cramér—von Mises ? test statistic, the Watson statistic [103], the Shepp
statistic [95], the Anderson Darling statistics [1], some von Mises functionals and

~ 4.373, later improved by

some functionals of the form fol G(t, Z,(t))u(dt), it is enough to require only
the L2[0, 1] or LP[0, 1] topology on the space of paths (for more extensions and
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examples we refer the reader to Cremers and Kadelka [26]). These spaces have
weaker topologies, so we might expect to find convergence under weaker assump-
tions. In fact, using a special wavelet multiresolution approach Oliveira and Su-
quet [77] proved the L2[0, 1] convergence assuming that Cov(Xy, X)) = O(n’b)
with b > 3, thus achieving the best rate that could be expected. This was later ex-
tended to L”[0, 1] by Oliveira and Suquet [79], assuming that b > 3717 Of course,
the interest of this extension is limited by the available result on convergence in
the Skorokhod space to the case where p < %, thus leaving essentially the L2[0, 1]
space with a weaker assumption.

5.4.1 Convergence in D[0, 1]

The main step for the proof of the convergence in distribution of the empirical pro-
cess in D0, 1] is the control of moments of the form E(Z, () — Z,(s))?. To achieve
this, we will need to be able to control several covariance terms and some approx-
imation properties. We start with a few technical lemmas on the control of covari-
ances of functions of associated and uniformly distributed random variables. Notice
that the definition of Z,, involves transforming the random variables through indica-
tor functions of convenient sets. Results like Theorem 2.10 give control on covari-
ances of transformations of the variables through differentiable functions. The lack
of differentiability at, at most, countably many points, might be overcome by the
usual approximation procedures using smooth functions. But we must have control
over continuous transformations. This is the object of the following lemmas, where
indicator functions of real intervals are approximated using continuous transforma-
tions. We need some notation to proceed. Let a, b, 6 € [0, 1] be given, and define
the real valued function

0 ifx<a-39,
1+% ifa—86<x<a,
Jabs(x)=11 ifa<x<b, (5.25)
1+5% ifb<x<b+3,
0 ifx>b+34,

which is, of course, a continuous approximation of I, 5}(x).

Lemma 5.29 Let X| and X, be associated random variables uniformly distributed
on [0, 1]. Assume that a,b € [0,1], b > a and 0 <5 < b — a. Then, the following
inequalities hold:

(@) If 8 = min(Cov'/*(X1, X»), (b —a)~'3 Cov!3 (X1, X»)),
|CoV( fab,5(X1)s farp.s(X2))| < v/6(b —a)Cov'/* (X1, X2).

(b) Assume that § < min(Cov/*(X1, X2), (b — a)~ '3 Cov'/3 (X1, X2)).
(i) If Cov(X1, X2) < (b —a)*,

CoV( fap,s(X1), fup.s(X2)) <9(b —a)Cov'/* (X1, X2).
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(ii) If (b — a)* < Cov(X1, X2) < (b —a)*,
Cov(fab.s(X1), fubs(X2)) <9Cov!/2(X1, X2).
(iii) If (b —a)* < Cov(X1, X2),
Cov(fabs(X1). fap.5(X2)) <5(b—a).
(iv) For all the previous three cases,
= CoV(fab.5(X1); fabs(X2)) < 18(b —a)** Cov'/* (X1, X2).
(c) Moreover, when b = a,

|Cov(faas(X1): faas(XD))| < 2(Ef2, 5(X1) "> Cov'/4 (X1, X2).

Proof As the random variables are associated, taking into account Theorem 2.10,
the following inequality is obvious:

|Cov(f(X1), f(X2))| <min(2Ef(X)),
Proof of (a). As || f , sllec =87, it follows that:

F'|12, Cov(X1, X2). (5.26)

() If § > Cov/*(X, X») then, from (5.26) it follows that

|Cov( fa,b.8(X 1), fabs(X2))|
<min(2Ef;, 5(X1), Cov'/2(X1, X2))
<V2(Ef2, 5(X0)"2 Cov (X1, Xa).

Now, recalling that the variables are uniformly distributed on [0, 1], it is easily
checked that Ef? ) (X1) <28 +b —a <3(b—a).

(i) If 8 > (b — a)~'3Cov!/3 (X1, X»), then, again from (5.26) it follows directly
that

|Cov(fab.s(X1). fabs(X2))| < (b—a)*? Cov'P (X1, Xo).
As b — a > §, it follows that C0V1/3(X1, X)) <(b-— a)4/3, SO
|Cov(fap.5(X1), fab.s(X2))| < (b—a) Cov'/* (X1, X2)
<(b-a)'*Cov(X1, X2),
asb—a<1.

Thus, (a) is proved.
Proof of (b). Denote, for simplicity, n = COV1/4(X1, X»>), so 6 < n. Hence
Ja.b,5 < fa,b,n, and, taking into account that the variables are associated, we have
Cov( faps(X1), fap.s(X2))
= Cov(fa,b,n(Xl)s fa,b,n(XZ))
+Efab,y(XDE fap.n(X2) = Efap.s(X1E fap.s(X2).
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As the variables are uniformly distributed on [0, 11, E f4 5 ,(X1) <217+ b —a and
Efu4.p.5(X1) > b —a, and likewise for X». So, recalling (5.26), we have

CoV(fap,s(X 1), fap,s(X2))
< %COV(XI,XZ)‘F(ZU‘l‘b_a)Z_ (b —a)*

=5Cov!2(X1, X2) + 4(b — a) Cov'/* (X1, X2). (5.27)

Proof of (b)(i). Assume that Cov(X1, X2) < (b — a)4. Then, the upper bound
in (5.27) is less than or equal to 9(b — a) Cov'/4(X |, X»).

Proof of (b)(ii). If we assume that (b — a)* < Cov(X1, X2) < (b — a)?, then the
upper bound in (5.27) is less than or equal to 9C0V1/2(X1, X2).

Proof of (b)(iii). Remark first that, taking into account that 0 < f, 55 < 1, we
have

Cov( fab.s(X1) fab.5(X2)) <E(fub.6(X1) fub.6(X2)) <Efaps(X1)
<b—a+25§<3(b—a),

as the variables are both uniformly distributed on [0, 1]. So, we still may write
Cov( fab.s(X1), fab.s(X2))
< 5min(Cov'/?(X1, X2) + (b — a) Cov'/*(X1, X2),b — a)
<50 —a).

Proof of (b)(iv). We now verify the bound for — Cov(f;.5.s(X1), fa.b.6(X2)).
The easy case is where (b — a)4 <8Cov(X1, X3):

— CoV(fab,5(X1), fap,5(X2))
< (Bfaps(X1)? <90 —a)* < 18(b — @)** Cov'/* (X1, X2).
If (b —a)* > 8Cov(X1, X»), choose n € (6, b%“). Then, obviously,
Jatnb—nn = fabss E fatn.b—nn(X1) = (b —a) — 21,

and

” ft;+n,b—n,r; Hoo = 77_17

so, due to the association of the variables,

—CoV( fab,s(X1), faps(X2))
< = CoV( futnbmnn(X1): fatnb—n.n(X2))
— B fatnb-n.XDE farn by (X2) + (b —a +28)*

1 5 5
< o3 Cov(X1, X2) — ((b—a) —2n)" + (b —a +25)

1
< o) Cov(X1, X2) +8(b —a)n,
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by the choice of . If we now take n = (b — a)~13Cov!/3(X1, X»), which verifies
the assumption made above, it follows that

—CoV(fub,s(X1); fab5(X2)) < 18(b —a)** Cov' P (X1, X2),

so the proof of (b)(iv) is complete.
Proof of (c). As before, the proof is divided in two cases.

1) If§ > Cov!/ 4(X 1, X7) then, proceeding as in (a) for the corresponding case,
1/2
|COV(fura s (XD faas(X2))| < V2(Ef2,5(X1)"
(i) If 8§ < Cov!/*(X1, X»), then

Cov'/4(X1, X2).

> 26 (25 4
COV(fa,a,S(Xl)a fa,a,S(XZ)) = Efg,a,g(Xl) = ? < ? Cov /"(X1, X2)
— (Bf2,.5(XD) "> Cov' 4 (X1, X2)

and

— CoV(furas (X1): faras(X2)) < (Efuas(X1)* <28(Ef2, 5(X1)"

1/2
<2(Ef2,5(XD) P Cov'/* (X1, Xp). T

We may now obtain an upper bound for covariances of the variables transformed
by the functions f; ; s, assuming a decrease rate of the covariances of the original
variables.

Lemma 5.30 Ler X,,, n € N, be strictly stationary and associated random variables
uniformly distributed on [0, 1], and a, b, § € [0, 1]. Assume that, for some constant
C >0,

Cov(X1, Xn) <Cn~?, b>a. (5.28)
Then, there exists a constant C* > 0, independent of a, b and §, such that

> 1COV(farbs (X1). fups(Xm)| < C*(Efuns(XD)' "2, (5.29)

n=1

where either 0 <§ <b—a,orb=a and 5 > 0.

Proof We will divide the summation in (5.29) according to the cases considered in
Lemma 5.29. Define

1= {i <n:d< min(C0v1/4(X1, X)), —a)fl/3 COV1/3(X1, Xi))}.

Taking into account Lemma 5.29(a), we have

> " Cov(fups(X1). fabs(Xn)) <V6(b—a) Y Cov'/*(Xy, Xy).

i¢l i¢l
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For the control of the summation when i € I, we further divide this set into Iy, I»
and I3 according to which of the conditions mentioned in (b)(i), (b)(ii) or (b)(iii)
from Lemma 5.29 is verified. Then

Z Cov( fup.8(X1), fap.s(Xn))
iel
< 18[(b —a)??> " Cov'A(X1, X))+ ) (b —a)Cov' (X1, X))

iel iel

+) Cov'2(Xp, X))+ Y (b— a)i|

iely iely

<18(b — a)l/z[z Cov!3(Xy, X)) + ZCOV1/4(X1 . X))

iel iel

+ ) Cov'2(xy, X,-)]

ielhUl3
1/2
< C*(Ef2,5(XD) "%,

where C* = 18" | [Cov!/3 (X1, X;) + Cov!/4(X1, X;) + Cov!/2(X1, X;)] < o0,
taking into account that b —a < Efaz,;,,g(xl)- O

We have obtained a way to control covariances between transformations through
functions f; 5. We still have to control how the approximations are affected
through covariances.

Definition 5.31 Given § > 0, define C(§) as the smallest nonnegative integer n
such that there exist fi, ..., f, bounded by 1 with first derivatives bounded by 8!
so that given any ¢ € [0, 1], there exist 7, j € {1, ..., n} verifying f; <(—co] < f;
and E(f;(X1) — fi(X1)) < C§, where C > 0 depends only on the distribution of X.
Denote by Js a set of functions fi, ..., fc(s) that fulfills the previous condition.

Before the main result of this section, we still need a maximal inequality, which
is an extension of the approximation given in Theorem 2.2 in Andrews and Pol-
lard [2]. In order to simplify somewhat the notation, define, for a real function f
and S, (f) = f(X1))+ -+ f(Xn), p(f) = | f(X1)]l2. Notice that, with this no-
tation, we may rewrite Z,(t) = ﬁ(Sn (I—00,1]) — ESp(I(—00,77)). That is, we may
think of the empirical process as a functional defined on the family of indicator
functions. It is then natural to extend the definition of the empirical process to more
general functions than just indicators: given a real function f, define

1
Jn
We first prove two general inequalities. The first one is a reduced version, adapted
to our purposes, of a more general inequality proved by Pisier [81].

Zn(f) = —=(Sa(f) —ESa(f)).
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Lemma 5.32 Let X1, ..., X, be random variables with finite rth moments. Then
H max |X,~|H <n'/" max |X;]|,. (5.30)
1<i<n r 1<i<n

Proof As ¥ (x) = x" is convex and increasing, using Jensen’s inequality, we have
that

r r
(E(max |Xl~|)) SE( max |Xi|)
1<i<n 1<i<n

n
=E( Xr)<E X'r < X'rv
max Xi[") < > Ixil <n max |X;|

i=1

which concludes the proof. g

Lemma 5.33 Let X, n € N, be stationary random variables such that for some
p > 2and ju > 0, there exists a constant C,, ,, such that, for all h, g € Jy—«,

E|Sy(h — g) —ESy(h — )" < Cp2%n" T +nP2pP2(h — g)).  (5.31)
Assume that, for some sequence a, \ 0,
n2—p/2+un an
(s

Then, for all ¢ > 0 and § > 0, there exists m € N, depending only on ¢, p and C,
such that

Sup | Zu (1) — z,,(s)|Hp <e+CP@™) sup [|Zu() - Zs)] . (533)

[t—s|<é |t—s]<28

lim
n—+400 arzz

1
>=0 and /x_3/4C1/p(x)dx<oo. (5.32)
0

Proof We first prove that, for some suitably chosen sequence k, —> 400, there
exist functions fi, € J,-«, such that

lim
n——+00

sup |Z,(t) — Zn(fx,)
t€[0,1]

H — lim
P n——+oo

U |20 (oe.i) = Za(fi,)||
te[0,1] p

=0. (5.34)

Givent € [0, 1] and k € N, choose functions f, gk € Jo— such that fi <I[(_o ;) <
gr and E(fr (X1) — g (X1 N2 < C2~*, where C is the constant from Definition 5.31.
It is easy to verify that

Zn(t) = Zn(f) < | Zu(gk) = Za(fi)| + C27*
and, since f; < L(—co0],
1

ﬁ(sn(fk —T—oo) = ESp(fk — L(—or))) < C27% /.

Zn(fi) — Zn(t) =
Thus, it follows that

sup |Z,(1) — Zy(f)| < max |Z,(gx) — Zu(fi)| + C27*V/n.
tel0,1] €Tk
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Applying now the maximal inequality (5.30), we have
sup |Z,() = Zu(f]| =CP(27) max || Zu(g0 — Zu(f)] , + C27H .
t€[0,1] p k€T,

so (5.31) finally implies that

sup |Z,(0) = Zu(fo)||
tel0,1] p

< Cp W CY/P(27K) (24P (/=12 4 9=kI4) | ok /.

Choose a sequence k,, such that 2kn — a—‘/f As a, \ 0, we have k, —> +o00. It now
follows from (5.32) that

C/P (27K) (2P U+ P=172 4 9=k4) o~ i s 0,

thus proving (5.34).

Let m € N be fixed. Then, for n large enough, we will have k, > m, and we
want to control || sup,¢o.171Zn (fk,) — Zn(fm) |l p- Notice first that the sup is really
attained as we are approximating within a finite range of functions. Consider inter-
mediate functions h; € Jy-i, i =k, —1,...,m + 1, hy, = fin, hx, = fi, such that
E(h; — hj_1)* < C27*! (such functions do exist, following Definition 5.31). Now
obviously

tg[lg){)l]|zn(fkn>—zn<fm>|H Zluglsup[ﬂ ) — Z (i l)|H

Using again (5.30) and (5.31) and taking into account that C (2~%) increases with ¢,
we obtain

sup |Zu(fi) = Zuhwl |

tel0,1]

Cpu Z CI/P 221/pn(1+u)/117 172 4 o= 1/4)
i=m+1
kn
<Cpu Z (Cl/p (z—kn)22i/pn(l+u)/p—1/2 + Cl/P(z—i)z—iM)_
i=m+1
The first term above behaves like C1/? (2~*n)2@kn+1)/pp(+1)/p=1/2 and thus con-
verges to 0, by the first assumption in (5.32), while the second term is, up to multi-

plication by a constant, bounded above by fozfm x~3/4C1/P(x) dx and thus may be
made arbitrarily small by choosing m large enough. That is, given any & > 0, we
may choose m such that for n large enough,

sup | Z,(fi,) = Zu(fu)|| <e.
tel0,1] p

The previous approximations imply that, given ¢ > 0, there exists m such that

lim
n——+o0o

SUP | Zo (1) = Zu(fon))| ”,, <e. (5.35)

tel0,1]
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Define an equivalence relation on [0, 1] as follows: ¢ ~ s if f, = f,,, where fu
and f, are the functions considered in Definition 5.31 corresponding to ¢ and s,
respectively. This partitions [0, 1] into C(27™) equivalence classes E1, ..., E¢-m).
Using (5.35) twice, we have that, for n large enough,

sup [ Z,(1) = Zu(9)|| =2, i=1,.... Exaom.
t,sekE; p

Define d(E;, E;) = inf{|t — s|,t € E;,s € E;} and, given § > 0, choose #;; € E;
and tj; € E; such that |t;; — tj;| <d(E;, Ej) + 6. Then, if t € E;, s € E; are such
that |t — s| < 8, it follows that |£;; — ;| < 25 and

|20 (0) = Zu(s)| < 250p| Z, () = Z, (v)]

+ ISI_’]_HSI%)((Z_’M)“Zn(Iij) — Zn(tji)| :1tij — t5il}.

Taking norms, we get (5.33), thus concluding the proof of the lemma. g

The maximal inequality proved in Lemma 5.33 suggests the need of controlling
1Zn () = Zn ()|l p-

Lemma 5.34 Let X,,, n € N, be strictly stationary and associated random vari-
ables uniformly distributed on [0, 1] such that Cov(X1, X,) = O(n’b ) for some
b > 1. Then, for each p > 2 and small enough n > 0, there exists a constant K > 0,
independent of n, t and s, such that,

E|Z,(t) — Zy(5)|"

n p/2
<K [n_,,<,,_4_2,,>/ 22 (Y Cov{lie (X0 T (X)) }

j=1

Remark 5.35 Before embarking in the proof of Lemma 5.34, we make a com-
ment on the assumption on the covariance decay rate connected to the use of
Theorem 2.18 in the proof. The assumption Cov(X1, X)) = O(n_b ) implies that
un) = O(n_b‘H). In order to simplify the use of Theorem 2.18, we will take, with
the notation corresponding to this theorem, r = +00 and p = b + 1. This choice
makes the exponent in the third term of (2.5) equal to the exponent in the first term.
So, taking into account that the functions f ;5 and fs4p ;—p p are bounded by 1
and their derivatives uniformly bounded by %, the upper bound that follows from
Theorem 2.18 may be rewritten as

n p

> (forn(Xi) = Eforn(X))

i=1

n1+n n P/2
K| =5+ nrpﬁa;Z]|ch(fs,,,h(x1),fs,t,h(xj>)| (5.36)
J=

E
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for some 1 > 0 small enough. Of course, an analogous upper bound holds for
Ss+n.t—h,n. These bounds will be used in the proof of Lemma 5.34.

Proof of Lemma 5.34 Given0 <s <t<land0<h < ’%S, consider the two func-

tions fs ;5 and fs1p —n k, approximating Is ;) from above and below, respectively,
thatis fiipn,—nn(x) <, n(x) < f5,r,n(x). Moreover,
0=< fo,0,n(x) = font—nn(x) < Ls—p s+ (X) — Lg—p,i4n) ().

It is also clear that, forallg > 1 and n € N,
E| fo.n(Xn) —Efon(Xn) — Lsnx,) — ¢ — )| < 2h,

E| fstni—nn(Xn) = Efosni—nn(Xn) — (Lis.nx,) — & —)) |7 < 2h.
It follows then that

n

> (e — (¢ = 5)

i=1

(5.37)

<4nh +

> (foenXi) - Efv,,,h(xl-))’

i=1

+

n
Z(fs-i—h,t—h,h(xi) - Efs—i—h,t—h,h(Xi))’-
i=1

Taking the power p and mathematical expectations on the expression above means
that we need to control E| Z?zl(fs,,,h(X,') — Efs1n(X))|? and likewise with
the function fs4p ;—p ». For this purpose, we use Theorem 2.18 as argued in Re-
mark 5.35, so that (5.36) holds. Hence, we need to control the sums of covariances
appearing on the right side of (5.36). Taking into account the stationarity, we have

max > 1Cov(forn(X0). foon (X))
=n

n
< Var(fs.r.n(X1)) 42 Z]COV(fs,t,h(Xl), foan(Xi)]. (5.38)
i=2
Now, using (5.37), we have
Var(fs..n(X1)) <2 Var(Is,1(X1)) 4 4h,
|Cov(fon(X1), forn(X0))| < 2|Cov(Iis, 1 (X 1), L5 (X)) | + 4.
Inserting this in (5.38) and using Theorem 2.10, we find that

i<n £

r_naxZ|C0V(fs,z,h(X1), fsan(X))]
j=l1

< 4[Var(]1(s,,](xl)) +h

. Cov(X1, X;
+ Zmax(|Cov(H(s,t](X1), L5, (X0))| + A, M)]

h2
i=2
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n f—v—g
i
< 4|:Z|C0V(H(s,l](xl)» L, (X)) |+ Z h+ Z 7]
i=1 i<h—3/(v+e) i>h=3/(v+e)
n
< 4[Z|Cov(ﬂ(s,,] XD L5 (X0)| + 7' W’}.
i=1
This upper bound is now used on (5.36) to find:
n p
E Z(H(s,t](X,-) —(t—15))
i=1
n p
<3r-! |:(4nh)p +E|Y (forn(Xi) —Efirn(X)
i=1
n p
+E Z(fv+h,t—h,h(Xi) —E fosni—nn(Xi)) :|
i=1
14+n
<2 x 4P x 3071 [(nh)p + "—h2 + (nh' =¥ 0rO)P2
n p/2
+ (ﬂ Z|C0V(H(s,t](xl)aH(s,z](Xi))|> i|
i=1
Choosing h = n~P~14M/(P+2) e conclude the proof. O

The main ingredients for the proof of the convergence of the empirical process
are now available. Thus, we may state the main result of this subsection.

Theorem 5.36 Let X,,, n € N, be strictly stationary and associated random vari-
ables uniformly distributed on [0, 1], satisfying (5.28). Then Z,, converges in distri-
bution in the space D[0, 1] to a centred Gaussian process with covariance function

o0
Pty =s At —st4+2 3 Cov(I oo, (X1 oo (X1)). (5.39)
k=2

Proof The weak convergence of the finite-dimensional distributions follows as in
the proof of Theorem 5.8, so we are left with the proof of the tightness of the se-
quence. For this purpose, according to Theorem 15.5 in Billingsley [10], it is enough
to prove that, for some p > 2,

lim sup
n—-+00

sup | Zu(t) — zn(s)|Hp —0. (5.40)

[t—s|<é8

Denote Z = {[(—c0,:7 € [0, 1]}, the set of indicator functions. For each k € N,
define D, = {i,i = 1,...,2"} and, for each d € Dy, the function f;(x) =
I o.d—2-41() =28 (x —=d)Ijy_-k 4y(x). Each fy is differentiable except at d — 27
and d. Let f; be equal to the derivative of f; where this derivative exists and to 0 at
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d—2"andd. Then, ford € D, || falloo < 1, Il f}lloc < 2*. Moreover, the following
approximations hold:

fa(0) < T—oo)(x) < fyyps(x) withd =27F[r2"] e Dy,
E(fy-+(X1) — fa(Xp) <275,

Given the correspondence between the classes of functions considered, the above
approximations imply that C(x) = O(x~!). Inserting this into (5.32), these assump-
tions are verified if p > 5+2u, so we need to prove that (5.31) holds for some p > 5
for our class of functions Z,—«. Assuming that d, d" € Dy are such that d < d’, the
difference fy — fy is a function of the form defined in (5.25). In fact, it is easily
checked that, referring to the notation of (5.25), fo — fa = f4 4—2-+ ,—+. Choosing
v=b—4, p=543u, where u € (0, %), Theorem 2.18 yields

E[S,(fa — fo) —ESa(fa — f)|"
) p/2
<C |:n1+“22k +nP/? <Z|C0V(fd,d’—2—k,2—k(Xl)v Jaar—2-+2-+(X ) |> }
j=1

where the constant C does not depend on the class of functions. From this inequality
it follows, by Lemma 5.30, that

E|Sy(fa — fa) —ESp(fa — fa)|” = C[n" 2% + C*nP2pP 2 (fy — fa0)],

that is, (5.31) really holds. So, from Lemma 5.33 it follows that

swp |2, = Zu()[| <+ (@)

[t—s|<8

sup | Z, (1) — Zn(s)”p.
[t—s|<28

We need now to estimate || Z,, () — Z,(s)|| p, but this was done in Lemma 5.34, from
which follows that

||Zn(t) - Zn(s)”p

n 1/2
<K (n(p42u)/(2(17+2)) + (Z COV(fd,d,t—s (X1), fd,a’,l—s (X]))> ) .

j=1

Then, using Lemma 5.30 again, we have

SUp | Zn () — Zu(s)| Hp <&+ KCYP(27m) (n=(=4=20/C+D) 4 51/2).

[t—s|<é8

Therefore, recalling that p > 5, we have

lim sup
n—-+00

swp 12,0 = Zy(0)|| e+ KCIP(27)'V

|r—s|<8

and now choose & > 0 such that KC¥?(27")8!/2 <e. Ase >0 is arbitrarily cho-
sen, (5.40) follows, so the theorem is proved. Il
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5.4.2 Convergence in L?[0, 1]

As already argued in Sect. 5.3, one might be interested in establishing the conver-
gence in distribution in a weaker space than the one studied in the previous subsec-
tion. The main results concerning the characterization of convergence in distribution
have been addressed in Sect. 5.2, so we proceed directly to the proof of the appro-
priate versions of the convergence of the empirical process. As usual, we will look
for assumptions on the decay rate of the covariances, proving the convergence in
L?[0, 1] with weaker conditions than those obtained for D[0, 1], when p € [2, %).

Theorem 5.37 Let X,,, n € N, be strictly stationary and associated random vari-
ables uniformly distributed on [0, 1]. Assume that

o0
> Cov'A (X1, Xy) < oo (5.41)

n=1

Then, the uniform empirical process Z, converges weakly in L*[0, 1] to a centred
Gaussian process Z with covariance I given by (5.39).

Proof We first check the tightness of Z,, n € N. As the variables are stationary,
defining gi (s, 1) = Cov(I(s,/(X1), I(5,1(Xk)), we have

- k
E|Z, (1) — Zu(s)|* = g1 (s, 1) +22(1 - ;)gk(s,r).
k=2

As the random variables are uniform and associated, we may use now Corollary 2.36
to conclude that there exists a constant M > 0, independent of n, satisfying

|gk(s, )] < MCov'3 (X1, X), s,1€[0,1]. (5.42)
So, it follows that

E|Zy(0) = Zu(®)]” < 15,00 +2 ) |gus.1)]
k=2

o0
< M(Var(X1) + ZCOVW(Xl, Xk)) <o00. (5.43)
k=2

The functions g (s, t) are continuous, so, as the series

o0
gls,)=gi(s,)+2 ) _|g(s,1)|
k=2
is uniformly absolutely convergent, its sum is a continuous function on [0, 1]%.
Moreover, is immediate to check that each g vanishes on the diagonal of [0, 112, so
g vanishes on this diagonal as well. Thus, the following uniform estimate holds:
E|Z,(t +h) — Zn(t)|2 < sup g(s,s+h)=e(h), tel0,1],n>1. (5.44)

0<s<l
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So we have proved that condition (b) of Corollary 5.3 holds, and hence Theo-
rem 5.2(b) is verified. To prove the tightness, it remains to prove that Theorem 5.2(a)
also holds. It is a simple matter to check that it suffices to choose s = 0 in (5.43) to
have Theorem 5.2(a) verified.

Now that the tightness of Z, has been established, to prove the weak L2[0, 1]
convergence to Z, it suffices, taking into account Theorem 5.1, to verify the con-
vergence in distribution of [} £(1)Z,(t)dt to [ f(1)Z(r)d1 foreach f e L*[0, 1].
Observe that we may rewrite

1 1 n 1 1
fo f(t)Zn(t)dtzﬁig;( ; f(t)dt—E/Xi f(t)dt).

Thus, we need to verify that a Central Limit Theorem holds for the random vari-
ables [y f(r)dt. Now, as L2[0,1] C L'[0, 1], the function F(x) = [, f(t)dt is
absolutely continuous, so the required Central Limit Theorem follows immediately
from Theorem 4.6. O

The corresponding result for L?[0, 1] is as follows.

Theorem 5.38 Let X,,, n € N, be strictly stationary and associated random vari-
ables uniformly distributed on [0, 1], and p > 2. Assume that

3p
>
Then, the uniform empirical process Z, converges weakly in LP[0, 1] to a centred
Gaussian process Z with covariance I" given by (5.39).

Cov(X1,X,)=0(n"?), b> (5.45)

Proof Inequality (5.44) still holds for this case, as the arguments leading to this in-
equality still apply. To prove Theorem 5.2(b), we will prove that Corollary 5.3(a)
also holds. First notice that the random variables I[o ;)(X;) are nonincreasing func-
tions of associated variables X;, so they are associated as well. Recall that Z,,(¢) =
n—1/2 Z?:] (Ij0,s1(X;) — t). The random variables in this summation are obviously
uniformly bounded by 2. On the other hand, taking into account Corollary 2.36, we
have that there exists a constant M > 0, independent of n, such that

oo oo
> Cov(ljo.n(X1). Tjo.1(Xe)) <MY Cov'3 (X1, Xz)
k=n k=n

o
<MY kPP =0n'""P).
k=n

Now, if we choose r € (p, %), the assumptions of Corollary 2.21 are satisfied, so
it follows that E| Y"1, (Ij,1(X;) — )| = O(n'/?), and Corollary 5.3(a) holds. Fi-
nally, the finite-dimensional distributions are convergent as in the previous theorem.

In fact, it is sufficient now to check that fol f)Z,(t)dt 4, fol f(@®)Z(t)dt for
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each f € L9(0, 1), the dual space of LP[0,1]. As L9[0, 1] C L0, 1], the argu-
ments used in the final part of the proof of Theorem 5.37 still hold. O

Getting back to the convergence in LZ[O, 1], there is an interesting characteriza-
tion of the convergence of the uniform empirical process not using assumptions on
covariances. This was proved by Morel and Suquet [66] and explores some facts
directly depending on the uniform distribution of the random variables. Assume
that X and Y are uniformly distributed on [0, 1]. Then, the following calculation is
obvious:

1
/0 CoV(L(—00,11(X), [—o0,(Y)) dt
1
=/ P(max(X,Y) <t) —t*dt
0

1 ) 2
=/ 1—P(max(X,Y)>t)—t =§—Emax(X,Y). (5.46)
0

Theorem 5.39 Let X,,, n € N, be stationary and associated random variables uni-
formly distributed on [0, 1]. The series in

o0
Fis.y=sAnt—st+2Y Cov(I—oos1(X1). [—o0.1 (X)) (5.47)
k=2
converges almost everywhere in [0, 112. It represents the covariance operator of

some Gaussian random process in L*[0, 1] if and only if

o0

Z(% — Emax(X|, xk)> < 0. (5.48)

k=2

Moreover, if (5.48) holds, the sequence of covariance operators

Lo(s, 1) =E(Zy(s)Zy (1))

n
k
—EX7 +2 § :<1 — ;> Cov(I(—o0,s1(X1), (=011 (X)) (5.49)
k=2

converges in L2([0,11») 0 T.

Proof If I' is the covariance operator of a Gaussian random process, then, by The-
orem 4.9 in Parthasarathy [80], it has finite trace, that is, it verifies

e ¢]

1
/ Lt 0)dt= Z(% — Emax(Xj, Xj)) <00,
0

j=1
and thus, (5.48) is satisfied.
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Assume now that (5.48) holds. Using the Cauchy—Schwarz inequality, it follows
that I, (s, t)2 < TI,(s,s)I;(t, 1), so, taking into account that, due to the association
of the random variables X,,, I,, < I", we have

1 1 1 2 1 2
/ / (s, 1) dsdt < (f Fn(t,t)dt> < (/ F(t,t)dt) < 00.
o Jo 0 0

It follows now, using monotone convergence, that

1 1 1 2
//Fn(s,t)2dsdt§</ F,,(t,t)dt) < 00.
0 JO 0

Hence, I" is almost everywhere finite on [0, 1] and, again by the monotonicity of
I,(s,t) for all s,t € [0, 1], it follows that I';, / I" almost everywhere on [0, 112.
Finally, as

1 1 1 2
I, 0=, olPdsdr <4 | ra,nde) <oo,
0 0 0

we can apply the Monotone Convergence Theorem to conclude

1 1
f / [ (s, 1) = Lu(s, 1) ds dt —> 0,
0 JO

so we have the Lz([O, 11%) convergence to 0 of I" — [}, and hence, I" €
L2([0, 11%). O

Theorem 5.40 Let X,,, n € N, be stationary and associated random variables uni-
formly distributed on [0, 1]. Then, the uniform empirical process Z, converges
weakly in L*[0, 1] to a centred Gaussian process Z with covariance operator I’
defined by (5.47) if and only if (5.48) holds.

Proof We start by proving the tightness of the sequence Z,, using Corollary 5.4. Let

ey, n € N, be an orthonormal basis of L2[0, 1]. Let I}, be defined by (5.49). Then,
due to the association of the variables, (5.46) and (5.48), we have that

1 1
Euznn%:fo rnu,r)drsfo .1y di < oo

To prove condition (b) of Corollary 5.4, denote, as before,

+oo 1 2
() = Z(/O e,’(t)f(t)dt) .

i=N
It is obvious that
N—1 1 2
Ery(Z,) =EllZ, |5 — E<Z (/0 e,-mzn(r)dt) )
i=1

1 N—1

1 1
=/ Fn(t,t)dt—/ / > ei()ei(t) Ti(s. 1) dsdt.
0 0o Jo
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The Monotone Convergence Theorem implies that

1 1
/ I,(,1)dt —>/ r(t,t)dt,
0 0

while the L2([O, 1]2) convergence of I, to I, proved on Theorem 5.39, implies, as
n — 400,

1N-1 1 N=-1

1 1
/ / Z ei(s)ej(t) (s, t)dsdt — / / Z e (s)e; () (s,t)dsdt.
0 0 i=1 0 0 i=1

Thus, it follows that
lim Er}(Z,) =Eri(Z).

n—-+00

Finally, as E|| Z ||% < 00, again the Monotone Convergence Theorem implies
lim Er(Z)=0,
N—+o00

concluding the proof. g



Appendix A
General Inequalities

A.1 Berry-Esséen Inequalities

The following is the classical Berry—Esséen inequality, proved independently by
Berry [9] and Esséen [37], which is at the basis of the classical bounds for the
convergence rates in Central Limit Theorems.

Theorem A.1 Let F| and F; be distribution functions with characteristic functions
@1 and @3, respectively, and assume that F» has a bounded derivative f». Then, for
every T > 0,

24

1) — (1) d;+ﬂ—Tsuﬂg}f2(x)|- (A1)

t

1 T
SUP|F1(X)—F2(X)|§—/ ‘
xeR T J-r

The following two-dimensional extension of the classical Berry—Esséen inequal-
ity was proved by Sadikova [91].

Theorem A.2 Let F' and G be two-dimensional distribution functions with charac-
teristic functions ¢ and ¢, respectively. Define, for all u, v € R, 9(u, v) = ¢(u, v) —
o, 0)p(0,v) and p(u, v) = ¢ (u, v) — ¢ (u, 0)¢ (0, v). Assume that G has bounded
first-order partial derivatives and put A1 = sup %, Ay = sup %. Then, for every
T >0,

sup |F(u,v) — G(u,v)|

u,veR
1
=022
2 [-T,T)?

+ 2 sup| F (u, +00) — G(u, +00)| + 2 sup| F (+00, v) — G(+00, V)|
ueR veR

G5, 1) — (s, 1)

st

dsdt

AL+ A
+2(3\/§+4«/§)%.
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Proof Define the density function

3 (sin(x/4)\*
K(x)—§<7x/4 )

This density verifies
/xzic(x)dx =12 and /|x|/<(x)dx <3v2

and has the characteristic function
1—62+6lt) if 1] < 3,
@) =120 -3 if 1<t <1,
0 if |¢] > 1.
Define A > 0 such that
/Ak(x)dx = /+Ook(x)dx =1- é
oo A 2

It is easily verified, using Chebyshev’s inequality, that A < 4+/3. Given T > 0,
construct the two-dimensional density function g7 (x, y) = T2k (Tx)k(Ty), whose
characteristic function is g7 (s, 1) =k (5)k (), which is null outside the square
max(|s|, [t|) < T. Moreover,

A A
|x|gT x:l:?,t:t? dxdy

A A V2 A
= + o+ = )dxdy< ==+ =
//Iqur<x T T) xdy=— +T

A A
qr x+—,t+—>dxdy
//(~—oo,0]><(—oo,()] ( T T

A A 3
= grlx — —=,t — = |dxdy=-.
[0, 4-00) x [0, +00) T T 4

Introduce random vectors (X1, X3), (Y1, Y») with distribution functions F and G,
respectively, a vector (Z1, Z), independent of the previous ones, with density func-
tion g7, and the function

and

Ru,v)=P(X1<u,Xo <v)— P <u,Y, <v).
Let y =sup, ,cg |R(u, v)| =sup, g R(u,v), 0 =1 and
Ri(x,y)=PX1+Z1 =x, X2+ Zo<y)-PN1+Z1 <x, Y2+ Zy < y).

Given the independence of (Z;, Z,) with respect to the other vectors, it follows that

R +9)L +6’)L = R( ) +0k +0k dud
X T’y T )~ X—Uu,y—v)gqriu T,v T udv.
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Then, obviously, yisup, ,cg |R(u,v)| < y. Consider now ¢ > 0 and consider
Xe, Ve € R such that R(x,, y;) >y —e. Forall u, v <0, we have
R(xe —u,ye —v) = F(xe —u, ye —v) = G(xg —u, ye — v)
> F(xe, ye) — G(Xe, Ye) — (G(xs —u, ye — V) — G(xg, ys))
> R(xe, ye) — Arfu| — Azv]
>y —&— Arfu| — Azfvl.

Multiplying the inequality above by gr (u + %, v+ %) and integrating over the set
(—00, 0] x (—00, 0], we find

A A
J1=// R(xe—u,ye—v)qT<u+—,v+—)dudv
(—00,0]% (—00,0] T T

3 A +
A AR
and
A A
12:‘// R(xs—u,ya—v)qT<u+—,v+—>dudv 51.
R\ (=00,0]x (—00,0] T T 4
Hence,
A A
1 = Ry x8+Fay€+7
> |Jil =N
3¢ A1+A
R tals Sl CCEAY
2 4
Thus, as ¢ > 0 was chosen arbitrarily, it follows that
2(A1+ A
21 + %”(3\6 +a) =y (A2)
Of course, it may happen that y = sup,, ,cg |R(u, v)| = —sup, ,cg R(u, v). But in

this case we repeat the steps above by choosing & = —1. Hence (A.2) holds in both
cases.

We now consider the approximation of yj. Using the inversion formula, we have
that

//(F(x —u,y—v)—F(x —u,+oo)F(+oo,y—v))qT(u,v)dudv

(s, 1) —o(s,0)0(0,1) pisx—ityp [t
(271)2// st ’ <T> (?)d””
_ (271)2 / / —wf;;)ei“x‘i’y’f(%)k‘<%) dsdt,

and analogously with respect to the distribution function G. Making the difference
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between these two representations, we find that

//R(x —u,y —v)qr(u,v)dudv

://(F(x—u,+oo)F(+oo,y—v)

—G(x —u,4+00)G(+00,y — v))qT(u, v)dudv

_ (271T)2 /‘/ (p(s,t)_—st(ﬁ(S,f) el‘u—ityﬁ(%)ﬁ(%) ds dt. (A.3)

Finally, remarking that

F(x —u,400)F(400,y —v) — G(x —u, +00)G(+00,y — v)
<|F(x—y,+00) — G(x —u, +00)| + | F(+00,y —v) — G(+00,y — v)|

and taking into account (A.2) and (A.3), we conclude the proof. O
The following corollary is an immediate consequence of Theorem A.2.

Corollary A3 Let X and Y be random variables, denote by F(x y), Fx and Fy
their joint and marginal distributions functions, and by ¢(x.y), ¢x and @y their
Jjoint and marginal characteristic functions. Assume that the marginal densities fx
and fy exist and are bounded by M. Then, for every T > 0,

sup |Fx,y)(u, v) — Fx(u)Fy (v)|

u,veR

1

- 2]‘[2 [—T,T]2

1) — t 45M
Ox,v)(s, 1) t‘ﬂX(S)fﬂy() dsdi + Ly
S

Proof A direct application of Theorem A.2, taking into account that the sup terms
in the upper bound become

sup| F(x,y)(u, +00) — Fx (u)| = sup| F(x,y)(+00, v) — Fy (v)| =0,
uelR veR

gives

sup |Fx,y)(u,v) — Fx(u)Fy (v)|

u,veR

1

- 27'[2 [-T.T1?

Ox,v)(s, 1) — ex(s)py (1)
st

M
dsdt +43v2 + 3@)7.

Finally, remark that 4(3+v/2 + 4+/3) ~ 44.6834 < 45. O
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A.2 An Estimate for the Standard Gaussian Distribution

Lemma A4 Let X be a standard Gaussian random variable and denote by ¢ its
density function. Then, for every x > 0,

-1
P(X>x)< %qb(x) and P(X >x)> (x + %) ¢ (x).

Proof Noticing that ¢’ (x) = —x¢(x) and ¢ is an even function, we have that

—X

+o0
¢(x)=¢(—x)=f —y¢>(y)dy=/ yo(y)dy

+00
>x ¢ (y)dy =xP(X > x),

X

so the first inequality follows. What concerns the second inequality, start by noticing
that (1¢(x))’ = —(1+ %)@ (x), so that

1 +oo 1
—¢<x):/ (1 + —2)¢><y>dy
X X y

1 [+ 1
§<1+—2>/ ¢(y)dy=<1+—2)P(X>x),
X X X

which proves the second inequality. d

A.3 A Maximal Inequality

The following inequality is proved, in a more general form, in Stout [96] (see The-
orem 3.7.5 therein).

Theorem A.5 Let X,,, n € N, be random variables with finite pth moments. Assume
that there exists a constant K| > 0, independent of n, such that, for every n € N,
E|S,|P < K nP'%. Then, there exits a constant K> > 0, independent of n, such that,
foreveryn e N,

p
E( max |Sk|) < Kon?/?.

1<k<n



Appendix B
General Results on Large Deviations

We present here, without proofs, an account of general results on large deviation
principles. For the details and more results on large deviations, we refer the inter-
ested reader to Dembo and Zeitouni [29]. In the sequel, X,,, n € N, is some sequence
of real random variables, and, as usual, S, = X1 +- - - 4+ X,,. In order to obtain a gen-
eral description of rate functions, define, for every u € R,

1
A()= lim —logE(e""), (B.1)
n——+oon

and recall the Fenchel-Legendre transform of A (see Definition 3.15),

A*(x) = sup(ux — A(u)). (B.2)
uelR

Theorem B.1 (Gartner—Ellis) Assume that, for every x € R, A(x) defined by (B.1)
exists. Then, its Fenchel-Legendre transform verifies:

(a) for every closed F C R,

1 1
limsup—logP(—Sn € F) < — inf A*(x);
n xeF

n—-+oo N

(b) if A is differentiable, then, for every open G C R,

lirninfl logP<lSn € G) > — inf A*(x).
n—+oo n n xeG

That is, the Girtner—Ellis theorem says that it is enough to have the existence
of the limit in (B.1), together with the differentiability of A, to have a large devi-
ation principle. Moreover, this result also identifies the rate function. Notice that
there are no assumptions on the distributions of the random variables nor on their
independence. It is thus a very general criterium.

The following characterization of the rate function, expressing some regularity,
is useful.
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Theorem B.2 Let X,,, n € N, be random variables that satisfy the large deviation
principle with rate A*. Then, for any topological basis A of R and any x € R,

1 1
A*(x) = sup {—liminf— 10gP<—S,1 € A)}
n

AcAxeal n—ton
i 1 1
= sup {—limsup—logP{—-S,€A];.
AcA:xeA n—+o0 1 n

Definition B.3 A rate function r is called a good rate function if, for all £ € R, the
sets {x :r(x) < ¢} are compact.

The Girtner—Ellis theorem assumes the differentiability of the A before identi-
fying the rate function as its transform. This differentiability is often hard to verify,
so an alternative characterization of the rate function is convenient. The notion just
introduced helps on this difficulty, as it allows identification of good rate functions
as Fenchel-Legendre transforms.

Theorem B.4 Assume that the large deviation principle is satisfied with a good rate
Sfunction r. Moreover, assume that, for every u € R,

— 1
A(u) =limsup — logE(e“S’l) < 00.

n—>+oo0 N

Then

(a) for every u € R, the limit above exists and satisfies A(u) = sup, g (ut —r(t));
(b) ifthe rate function r is convex, it is the Fenchel-Legendre transform of A.

Next we quote a result giving sufficient conditions for the large deviation princi-
ple to be verified. This was an assumption on the previous theorem, so an alternative
condition is convenient. One solution requires some global regularity on the proba-
bility distributions of the random variables.

Definition B.5 The probability distributions P,, on R are said to be exponentially
tight if, for each ¢ > 0, there exists a compact set K such that

lim sup lloan(KC) < —e¢.

n—+oo

This is a strengthened version of the usual tightness condition and plays a role
similar to the one of tightness in functional limit theorems.

Theorem B.6 Assume that P, the distributions of % Sy, are exponentially tight and
that, for every continuous and bounded function f, the following limit exists:

1 _
Af= lim —logE(e”f(” 1S")).

n—+oon
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Then, the random variables X,, n € N, satisfy the large deviation principle with
good rate function r (x) = sup(f (x) — Ay), where the sup is taken over the family
of bounded and continuous functions. Moreover, for every such f,

Ap= sullé(f(x) —r(x)).

The verification of the existence of the limit A ¢ for the given family of functions
may be relaxed, requiring such a verification to be done in a suitable smaller family
of functions.

Definition B.7 A family G of continuous real valued functions is well separated if

(a) the constant functions are in G;

(b) if g1, g2 € G, then g(x) = sup(g1(x), g2(x)) € G;

(c) given x,y € R, x # y and a, b € R, there exists g € G such that g(x) = a and
g(y)=hb.

The following result is helpful for checking that the large deviation principle
holds.

Theorem B.8 If, with the notation of the previous theorem, the limit A, exists for a
well-separated family of functions, then it exists for every continuous and bounded
function, that is, the assumption of the previous theorem is satisfied.

Finally, we refer a convenient well-separated family

G= {g :R — R continuous, concave, and sup g(x) < oot.
xeR



Appendix C
Miscellaneous

C.1 Generalized Inverse Functions

Definition C.1 Let f:R —> R be a monotone function. The generalized inverse
of f, denoted f<,is

(a) if f is nondecreasing, f < (u) = inf{x:u < f(x)};

(b) if f is nonincreasing, f < (u) = inf{x:u > f(x)}.

It is obvious that if f is an invertible function, then f< = f~1.

C.2 Separation of Variables

It is usual to study centred random variables, and in several estimation problems
one is interested in the centred estimator. When considering estimators defined by
some quotient, centring by its mean introduces an extra difficulty for characterizing
the behaviour of this centring term. It is more convenient to replace this term by the
quotient between the means of the numerator and the denominator if we can then
separate the corresponding term. This is achieved through the inclusion stated in
Theorem C.3 below, proved by Jacob and Niéré [49]. An auxiliary inclusion will be
needed in the proof.

Lemma C.2 Let X and Y be nonnegative random variables, and ¢ € (0, 1). Then

{|X—1|>8Y}C{|X—l|>§}u{|Y—l|>%}.

Proof Let 6 > 0. Then, obviously,
{IX=1>eY}={IX-1>eY,|Y =1 <8} U{IX — 1| > eV, |Y — 1| = §}.
If|Y — 1| <é,thenY > 1 —§, so that
{IX—1>eY}c{IX-1>e1=8}U{ly —1|=5}.
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Choose now 4§ satisfying e(1 — §) = §, thatis § = 8+1 > 2, as ¢ € (0, 1). Finally, we
have

{|X—Y|>8Y}C{|X—l|>§}u{|Y—l|>§}. 0

We now prove the inclusion enabling the separation of variables when dealing
with quotients.

Theorem C.3 Let X and Y be nonnegative integrable random variables. Given
ee (0 &), we have

» EY
X EX e ¢ (EY)?
CilX —-EX|>-EYtU{|Y —EY|> . (€Y
Y EY 4 4 EX
Proof Put, for simplicity, o = % Then, we have
X EX X EY
N — === —-1|>¢a
Y EX
X Y Y
=1l - —=|>sa0—
EX EY EY
- X 1|+ 1 Y
_— — — — 1| >ea—
EX EY EY
X eax Y Y eax Y
Cll=—=-1|l>—=——= U |—=—-1|> ——
EX 2 EY EY 2 EY
X o Y o
Cll=—=—-1|>—tU{|=—=—-1|>—14,
EX 4 EY 4
taking into account the previous lemma. g

C.3 Integration by Parts

Theorem C.4 Let f:R* —> C be twice continuously differentiable with bounded
derivatives. If X and Y are square-integrable random variables, then
2

f fx, ) Px,y)—Px @Py)(dxdy) =/
R2 R2 0x 0y

where H(x,y) =P(X >x,Y >y) —P(X > x)P(Y > y).

(x, ) H(x,y)dxdy, (C2)

Proof Notice first that the integral on the right of (C.2) is finite as f has bounded
derivatives and the random variables are square integrable. Let u, v € R. Then, for
allx >u,y>v,

82
f(x,y)=f(u,y)+f<x,v)—f(u,v>+/ I (s, pydsdt.

(w,x)x (v,y) 0X Yy
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Integrating these expressions over (u, +00) x (v, +00) with respect to the measure
n=Px y) —Px ® Py and letting u, v — —00, we need to prove that

lim fu,y)+ fx,v) — f(u,v)u(dxdy)=0 (C.3)

U, v=>=00 J (4,400) x (v,+00)

and

82
/2 f (x, y)H(x,y)dxdy

dx 0
R2 0x dy . Cd)
= lim / (s,t)dsdtu(dxdy).
U, U=>=00 J (4, 400) x (v,400) J (1t,x) x (v,y) dx dy

Separate (C.3) into the sum of three terms in the obvious way. For the first term,

/ fu, y)u(dxdy)
(u,+00) X (v,400)

/ S, )P v)(dxdy)
(u,+00) x (v,+00)

—/ P(X > u) f(u, y)Px,y)(dxdy)
Rx (v,400)

< / | £, ) || L, +00) (X) — P(X > 1) [P(x y) (dx dy).
Rx (v,+00)

Taking into account the differentiability of f, up to the multiplication by a constant,
this is still bounded above by

f (14 1% + ¥?) [T, 400y (X) = P(X > u) [P(x ) (dx dy)
Rx(v,+00)
<2(1+u® +EY?)P(X <u),

remarking that I, yo0)(x) — P(X > u) = [(—o0,u)(x) — P(X < u). Thus, as Y is
square integrable, lim,_, o (1 + EY?3)P(X < u) = 0. On the other hand, for u < 0,
one has that u?P(X < u) < E(XZH(_OO,L,](X)) —> 0 as u —> —o0. The second
term in (C.3) is obviously identical to the one just treated. Finally, the third term is,
up to the multiplication by a constant, bounded above by

P(X <u,Y <y)—PX <u)P(Y <v)+2u’P(X <u) +20*P(Y <v) — 0

as u, v — —o0o. For (C.4), taking into account the boundedness of the derivatives
and the integrability of H (as follows from Theorem 1.4), we may apply the Domi-
nated Convergence Theorem and Fubini’s theorem to find

2 f
(x, )H(x,y)dxdy
R2 0x 0y

. 92 f
= lim
u,0=>=00 J . 400)x (v, 400) 9X Y

(x,y)H(x,y)dxdy
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. 2 f
= lim

x,y)
Uv—=>=00 J (4 4 00) x (v,400) dx dy

X / H(X,+OO)X(}’,+OO)(S5I)/1’(‘1S dt)dxdy
(u,+00) X (v,400)

. 32 f
= lim (s,t)dsdtu(dxdy). O
U, V=>=00 J (4, 400) x (v,400) J (,x) X (v,y) dx dy

C.4 Some Asymptotic Results on Real Sequences

In order to prepare the framework for the proof of the large deviation principle, the
following result about subadditive sequences is useful.

Lemma C.5 Let u, and ,, n € N, be sequences of real numbers such that u 4, <
Uy + Uy + €ntm, where, for some § > 1,

. En 5
limsup — log® n < oo.
n—+oo N

Then, & = 1imy, _ o 52 exists.

The following two lemmas are standard results on convergence of sequences of
real numbers.

Lemma C.6 (Cesaro lemma) Let b,, n € N, be an increasing sequence of positive
real numbers such that b, — +00, and x,, n € N, a sequence of real numbers
such that x, —> xo € R. Then, with bg =0,

1 n
o Z(bk — bk—1) Xk — Xeo.
" k=1

Proof Fix ¢ > 0 and choose ng such that x,, > xo, — € for every n > ng. Then

n

o1
}llglfolga Z(bk — br—1)xx

(1 & by — bn,

> }llglirg(b—n ;(bk —br—1)xr + T(xoo - 8))-
> Xoo — €.

Thus, as ¢ > is chosen arbitrarily, it follows that

n

1
'lllglilgga ];(bk — br—1)Xk > Xoo.
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Now repeat the argument with respect to lim sup to conclude that

lim sup — (b — br—1)xr < Xo0,

n—+o0 n Z oo
so the result follows. g
Lemma C.7 (Kronecker lemma) Let b, n € N, be an increasing sequence of posi-

tive real numbers such that b,, —> 400, x,, n € N, a sequence of real numbers and,
foreachn e N, s, = x|+ -+ + x,,. Assume that Zn ;% converges. Then
n

Sn
— —>0.

by
Proof Define, for each n € N, u,, =) j_, Z—Z. Thus, u, is a convergent sequence,

and u,, — u,_ l_b . Hence,

n n
sn= Y br(ux — ux—1) =bntty — Y _(bx — be—Dug—1,

k=1 k=1

so that, dividing by b,,, we get the result by the Cesaro lemma. g

C.5 A Formula About Multivariate Gaussian Integrals

Lemma C.8 Forall > € (0,1) and x € R, let p(\, x,y) be the Gaussian density
Sfunction with mean Ax and covariance matrix X =[0ijl; j=1,...n. Then

.....

ap 1 n n
@Z_&(_Z /axl Bx Z o > €5

i,j=1

Proof Denote by p the Fourier transform of p with respect to the variable x, that is,
P(2) = / ¢ Li=1%% p(a, x, y)dx, zeR”
RVI

(this is not a characteristic function because, as a function of x alone, p is not a
density). If we rewrite (C.5) in terms of Fourier transforms, we find

<Zaljxjxkp X:<p+xja >) (C.6)
i,j=1

Now, to identify p, notice that
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pla, x,y)
= ! 1 _ fy—l,
T e = a2y T exp<2(l—a2) Ome ""”)
1 o’ 0[2 B ~ -
:a_n(zn,)n(l_az)n/2|2|l/2exp(2(l_az)(_x_a 1y)12 l(x_a ly))’

thus, as a function of x, " p(«, x, ¥) is a Gaussian density with mean ot_ly and

. . _ 2
covariance matrix 1a§‘ X, so

n 2 n

e~ . l -«

"' p(z) =exp|ia E I E 2j2j0jk |-
j=1 Jok=1

The verification of (C.6) is now a simple matter of routine computation. O
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Newman, 58

Invariance principle
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nonstationary variables, 141, 142
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definition, 135
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finite dimensional distributions, 148
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almost sure convergence, 91, 95
Central Limit Theorem, 120
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Large deviation principle, 86
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Girtner—Ellis Theorem, 177
good rate function, 178

Index
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compactly generated, 17
function, 18
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Nonincreasing
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NQD, see negative quadrant dependence

P

Partially ordered space, 16
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Positive quadrant dependence, 3

PQD, see positive quadrant dependence
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Strong Law of Large Numbers, 69
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