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Foreword

This IMA Volume in Mathematics and its Applications

SYMMETRIC FUNCTIONALS ON RANDOM MATRICES
AND RANDOM MATCHINGS PROBLEMS

During the academic year 2003-2004, the Institute for Mathematics and
its Applications (IMA) held a thematic program on Probability and Statis-
tics in Complex Systems. The program focused on large complex systems in
which stochasticity plays a significant role. Such systems are very diverse,
and the IMA program emphasized systems as varied as the human genome,
the internet, and world financial markets. Although quite different, these sys-
tems have features in common, such as multitudes of interconnecting parts
and the availability of large amounts of high-dimensional noisy data. The
program emphasized the development and application of common mathemat-
ical and computational techniques to model and analyze such systems. About
1,000 mathematicians, statisticians, scientists, and engineers participated in
the IMA thematic program, including about 50 who were in residence at the
IMA during much or all of the year.

The present volume was born during the 2003-2004 thematic program at
the IMA. The two authors were visitors to the IMA during the program year,
with the first author resident for the entire ten months. This volume is a result
of the authors’ interactions at the IMA, and, especially their discussions with
the many other program participants in the program and their involvement
in the numerous tutorials, workshops, and seminars held during the year. The
book treats recent progress in random matrix permanents, random matchings
and their asymptotic behavior, an area of stochastic modeling and analysis
which has applications to a variety of complex systems and problems of high
dimensional data analysis.

Like many outcomes of IMA thematic programs, the seed for this volume
was planted at the IMA, but it took time to grow and flourish. The final fruit
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is realized well after the program ends. While all credit and responsibility for
the contents of the book reside with the authors, the IMA is delighted to have
supplied the fertile ground for this work to take place.

We take this opportunity to thank the National Science Foundation for its
support of the IMA.

Series Editors
Douglas N. Arnold, Director of the IMA
Arnd Scheel, Deputy Director of the IMA



Preface

The idea of writing this monograph came about through discussions which
we held as participants in the activities of an annual program “Probability
and Statistics in Complex Systems” of the Institute for Mathematics and Its
Applications at the University of Minnesota (IMA) which was hosted there
during the 2003/04 academic year. In the course of interactions with the Insti-
tute’s visitors and guests, we came to a realization that many of the ideas
and techniques developed recently for analyzing asymptotic behavior of ran-
dom matchings are relatively unknown and could be of interest to a broader
community of researchers interested in the theory of random matrices and
statistical methods for high dimensional inference. In our IMA discussions it
also transpired that many of the tools developed for the analysis of asymp-
totic behavior of random permanents and the likes may be also useful in more
general context of problems emerging in the area of complex stochastic sys-
tems. In such systems, often in the context of modeling, statistical hypothesis
testing or estimation of the relevant quantities, the distributional properties
of the functionals on the entries of random matrices are of concern. From
this viewpoint, the interest in the laws of various random matrix functionals
useful in statistical analysis contrasts with the interest of a classical theory of
random matrices which is primarily concerned with asymptotic distributional
laws of eigenvalues and eigenvectors.

The text’s content is drawn from the recent literature on questions related
to asymptotics for random permanents and random matchings. That material
has been augmented with a sizable amount of preliminary material in order
to make the text somewhat self-contained. With this supplementary material,
the text should be accessible to any mathematics, statistics or engineering
graduate student who has taken basic introductory courses in probability
theory and mathematical statistics.

The presentation is organized in seven chapters. Chapter 1 gives a gen-
eral introduction to the topics covered in the text while also providing the
reader with some examples of their applications to problems in stochastic
complex systems formulated in terms of random matchings. This preliminary
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chapter makes a connection between random matchings, random permanents
and U-statistics. Also a concept of a P- statistic, which connects the three
concepts is introduced there. Chapter 2 builds upon these connections and
contains a number of results for a general class of random matchings which,
like for instance the variance formula for a P-statistic, are fundamental to the
developments further in the text. Taken together the material of Chapters 1
and 2 should give the reader the necessary background to approach the topics
covered later in the text.

Chapters 3 and 4 deal with random permanents and a problem of describ-
ing asymptotic distributions for a “classical” count of perfect matchings in
random bipartite graphs. Chapter 3 details a relatively straightforward but
computationally tedious approach leading to central limit theorems and laws
of large numbers for random permanents. Chapter 4 presents a more gen-
eral treatment of the subject by means of functional limit theorems and weak
convergence of iterative stochastic integrals. The basic facts of the theory
of stochastic integration are outlined in the first sections of Chapter 4 as
necessary.

In Chapter 5 the results on asymptotics of random permanents are
extended to P-statistics, at the same time covering a large class of matchings.
The limiting laws are expressed with the help of multiple Wiener-Ito inte-
grals. The basic properties of a multiple Wiener-It6 integral are summarized
in the first part of the chapter. Several applications of the asymptotic results
to particular counting problems introduced in earlier chapters are presented
in detail.

Chapter 6 makes a connection between P-statistics and matchings on one
side and the “incomplete” U-statistics on the other. The incomplete perma-
nent design is analyzed first. An overview of the analysis of both asymptotic
and finite sample properties of P-statistics in terms of their variance effi-
ciency as compared with the corresponding “complete” statistics is presented.
In the second part minimum rectangular designs (much lighter that permanent
designs) are introduced and their efficiency is analyzed. Also their relations to
the concept of mutual orthogonal Latin squares of classical statistical design
theory is discussed there.

Chapter 7 covers some of the recent results on the asymptotic lognor-
mality of sequences of products of increasing sums of independent identi-
cally distributed random variables and their U-statistics counterparts. The
developments of the chapter lead eventually to a limit theorem for random
determinants for Wishart matrices. Here again, similarly as in some of the
earlier-discussed limit theorems for random permanents, the lognormal law
appears in the limit.

We would like to express our thanks to several individuals and institu-
tions who helped us in completing this project. We would like to acknowledge
the IMA director, Doug Arnold who constantly encouraged our efforts, as
well as our many other colleagues, especially André Kézdy, Ofer Zeitouni and
Shmuel Friedland, who looked at and commented on the various finished and
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not-so-finished portions of the text. We would also like to thank Ewa Kubicka
and Grzegorz Kubicki for their help with drawing some of the graphs presented
in the book. Whereas the idea of writing the current monograph was born at
the IMA, the opportunity to do so was also partially provided by other institu-
tions. In particular, the Statistical and Applied Mathematical Sciences Insti-
tute in Durham, NC held during 2005/6 academic year a program on “Random
Matrices and High Dimensional Inference” and kindly invited the first of the
authors to participate in its activities as a long term visitor. The project was
also supported by local grants from the Faculty of Mathematics and Informa-
tion Science of the Warsaw University of Technology, Warszawa, Poland and
from the Department of Mathematics at the University of Louisville.

Louisville, KY and Warszawa (Poland) Grzegorz A. Rempala
July 2007 Jacek Wesotowski
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1

Basic Concepts

1.1 Bipartite Graphs in Complex Stochastic Systems

Ever since its introduction in the seminal article of Erdés and Rényi (1959)
a random graph has become a very popular tool in modeling complicated
stochastic structures. In particular, a bipartite random graph has become an
important special case arising naturally in many different application areas
amenable to the analysis by means of random-graph models. The use of these
models have been steadily growing over the last decade as the rapid advances
in scientific computing made them more practical in helping analyze a wide
variety of complex stochastic phenomena, in such diverse areas as the internet
traffic analysis, the biochemical (cellular) reactions systems, the models of
social interactions in human relationships, and many others. In modern terms
these complex stochastic phenomena are often referred to as the stochastic
compler systems and are typically characterized by the very large number
of nonlinearly interacting parts that prevent one from simply extrapolating
overall system behavior from its isolated components.

For instance, in studying internet traffic models concerned with sub-
networks of computers communicating only via the designated “gateway” sets,
such sets of gateways are often assumed to exchange data packets directly
only between (not within) their corresponding sub-networks. These assump-
tions give rise to graphical representations via bipartite (random) graphs, both
directed and undirected, which are used to develop computational methods
to determine the properties of such internet communication networks.

Similarly, in an analysis of a system of biochemical interactions aiming at
modeling of the complicated dynamics of living cells, a bipartite graph arises
naturally as a model of biochemical reactions where the two sets of nodes rep-
resent, respectively, the chemical molecular species involved and the chemical
interaction types among them (i.e., chemical reaction channels). A directed
edge from a species node to a reaction node indicated that species is a reac-
tant for that node, and an edge from a reactions node to a species one, indi-
cates that the species is a product of the reaction. The so called reaction
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stoichiometric constants may be used as weights associated with each edge,
so the chemical reaction graph is typically a directed, weighted graph. The
graph is also random if we assume, as is often done in Bayesian models analy-
sis, some level of uncertainty about the values of the stoichiometric constants.
Such graphs are closely related to the Petri net models studied in computer
science in connection with a range of modeling problems (see, e.g., Peterson,
1981).

In the area of sociology known as social networks analysis, the so called
affiliation network is a simplest example of a bipartite graph where one set
of nodes represents all of the individuals in the network and another one all
available affiliations. The set of undirected edges between the individual nodes
and the affiliation nodes represents then membership structure where two
individuals are associated with each other if they have a common affiliation
node. Examples that have been studied in this context include for instance
networks of individuals joined together by common participation in social
events and CEOs of companies joined by common membership of social clubs.
The collaboration networks of scientists and movie actors and e.g., the network
of boards of directors are also examples of affiliation networks.

An important way of analyzing the structure of connectivity of the bipar-
tite graphs for all of the examples discussed above is consideration of the
various functions on the set of connections or matchings in a bipartite graph.

1.2 Perfect Matchings

We formally define an (undirected) bipartite graph as follows.

Definition 1.2.1 (Bipartite graph). The bipartite graph is defined as a
triple G = (V1, Va; E) where Vi, |Vi| = m, and Va, |Va| = n, are two disjoint
sets of vertices withm < mn and E = {(ig, jx) : i € V1, jr € Vask=1...d} is
a set of edges. If additionally we associate with E a matriz of weights x = [z; ;]
then we refer to (G,x) as a weighted bipartite graph.

In particular, when EF = V; x V5, we have a complete bipartite graph
typically denoted by K(m,n). An example of such graph with m =6,n =7
is presented in Figure 1.1 below.

In order to analyze the structure of the bipartite graphs one often considers
various subsets of its set of edges, often referred to as the matchings problem.
For instance, in an edge-weighted bipartite graph a maximum weighted match-
ing is defined as a bijective subset of E' where the sum of the values of the edges
has a maximum value. If a graph is not complete (with weights assumed to be
positive) the missing edges are added with zero weight and thus the problem
for an incomplete graph reduces to the corresponding problem for a complete
graph. Finding a maximum weighted matching in a complete graph is known
as the assignment problem and may be solved efficiently within time bounded
by a polynomial expression in the number of graph nodes, for instance by
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v7 U8 V9 V10 V11 V12 V13

Fig. 1.1. The complete graph K(6, 7).

means of the celebrated Hungarian algorithm (Kuhn, 1955; Munkres, 1957).
Whereas finding a matching in the optimal assignment problem turns out
to be relatively straightforward, some of the more general problems involv-
ing finding certain “good” assignments are quite challenging since for very
large graphs many of the functions of matchings are very difficult to com-
pute. Indeed, it turns out that often the corresponding counting problems
are #P-complete, i.e., without known polynomial-time algorithms for their
solutions. For instance, a famous result of Valiant (1979) - see also the next
section - indicates that counting a number of perfect matchings in a bipartite
graph is #P-complete. As this notion of a perfect matching shall be crucial
to our subsequent discussions, let us define it formally.

Definition 1.2.2 (Perfect matching). Let G = (V1,Va; E) be a bipartite
graph. Any subgraph (Vi VQ,E) of G which represents a bijection between Vi
and Vo C Vs is called a perfect matching. Alternatively, a perfect matching can
be identified with an m-tuple (j1,...,jm) of elements of Vo in the following
sense: (§1,...,Jm) 1S a perfect matching if and only if (i,7;) € E for i =
1,...,m.

Since the number of perfect matchings is not easy to compute for large
graphs, deriving its good approximation is important in many practical special
situations. Whenever the graphs (and thus the matchings) of interest are ran-
dom, one possibility for approximation of such (random) count is by deriving
its appropriate limiting distribution and this is indeed one of the main moti-
vations for many of the developments presented in the following chapters of
this monograph. In particular, we explore there limiting properties of a wide
class of functions of the matchings, namely the class of so called generalized
permanent functions. Before formally defining this class we shall first provide
some additional background and give examples.

Let x denote the matrix [z; ;] as in Definition 1.2.1. Let h : R™ — R
be a symmetric function (i.e. a function which is invariant under permuta-
tions of arguments). Now with any perfect matching considered as an m-tuple
(J1s---,Jm) of elements of Vo we associate the variables z; j,, I = 1,...,m,
and consequently the value h(z1,,...,Tmj,.)-
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Ezample 1.2.1 (Binary bipartite graph). For a bipartite graph G = (V4, Va; E)
let x be a matrix of binary variables such that z; ; = 1 if (4, j) € E, otherwise
x;; = 0 and consider a weighted (undirected) bipartite graph (G,x). The
matrix x is often referred to as the (reduced) adjacency matrix of G. Then
taking h(z1,...,Zm) = 21 ... 2Ty gives

1 when 5 =... =2y, =1

(215 s Tmg,) = {

0 otherwise.

Thus the function A is simply an indicator of whether a given m-tuple
(J1,---,Jm) is a perfect matching in G.

1.3 Permanent Function

In his famous memoir Cauchy (1812) developed a theory of determinants as
special members of a class of alternating-symmetric functions which he distin-
guished from the ordinary symmetric functions by calling the latter ‘perma-
nently symmetric’ (fonctions symétriques permanentes). He also introduced
a certain subclass of the symmetric functions which are nowadays known as
‘permanents’.

Definition 1.3.1 (Permanent function of a matrix). Let A = [a; ;] be a
real m x n matriz with m < n. The permanent function of the matriz A is
defined by the following formula

Per A = Z ﬁas,isa

(5150 v st )i {01,500 im JC{1,..,m} s=1

where the summation is taken over all possible ordered selections of m different
indices out of the set {1... ,n}.

The permanent function has a long history, having been first introduced by
Cauchy in 1812 and, almost simultaneously, by Binet (1812). More recently
several problems in statistical mechanics, quantum field theory, chemistry as
well as enumerative combinatorics and linear algebra have been reduced to
the computation of a permanent. Unfortunately, the fastest known algorithm
for computing a permanent of an n X n matrix requires, as shown by Ryser
(1963), the exponential in n amount of computational time in the worst-case
scenario. Moreover, strong evidence for the apparent complexity of the prob-
lem was provided by Valiant (1979) who showed that evaluating a permanent
is # P-complete, even when restricted to 0 — 1 matrices of Example 1.2.1.

In this work we are mostly concerned with a random permanent function,
meaning that the matrix A in the above definition is random. Such objects
often appear naturally in statistical physics or statistical mechanics problems,
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when the investigated physical phenomenon is driven by some random pro-
cess, and thus is stochastic in nature. First we consider the following example
relating permanents to matchings in binary bipartite graphs.

Ezample 1.3.1 (Counting perfect matchings in a bipartite random graph). Let
V1 and V4 be two sets (of vertices), |Vi| = m < |Va]| = n. Let X be a matrix
of independent Bernoulli random variables. Define B = {(i,7) € V1 x V5 :
X (i,7) = 1}. Then G = (V4, Va; E) is a bipartite random graph and (G,X) is
the corresponding weighted random graph. Denote the (random) number of
perfect matchings in (G, X)) by H(G, X ). Observe that (cf. also Example 1.2.1)

H(G,X) = PerX.

Our second example is an interesting special case of the first one.

Ezample 1.3.2 (Network load containment). Consider a communication net-
work modeled by a graph G(Vi, Va; E) where the each partite set represents
one of two types of servers. The network is operating if there exists a perfect
matching between the two sets of servers. Consider a random graph (G,X)
with the matrix of weights X having all independent and identically dis-
tributed entries with the distribution F' which corresponds to the assumption
that the connections in the network occur independently with distribution
F. Hence we interpret the value X;; as a random load on the connection
between server ¢ in set V; and server j in set V5. For a given real value a and
a given matching consider a containment function defined as one, if the maxi-
mal value of a load in a given matching is less or equals a, and zero otherwise.
Let M, (G,X) be a total count of such ‘contained’ matchings in the network.
If we define Y; ; = I(X;; < a), where I(-) stands for an indicator function,
then
M, (G,X) = PerY.

Some basic properties of a permanent function are similar to those of a
determinant. For instance, a permanent enjoys a version of the Laplace expan-
sion formula. In order to state the result we need some additional notation.

For any positive integers k < Il define S;, = {i= {i1,...,ix} : 1 <ip < ...
< <1} as a collection of all subsets consisting of k elements of a set of
[ elements. Denote by

A(ilj) 1€ SmprJ € Sns

the (r x s) matrix obtained from A by taking the elements of A at the intersec-
tions of i = {i1,...,%.} rowsand j = {J1, ..., s} columns. Similarly, denote by

Allj] i€ Smnrj€Sns

the (m —r) x (n — s) matrix A with removed rows and columns indexed by
i and j, respectively. The Laplace expansion formula follows now directly from
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the definition of a permanent (cf., e.g., Minc 1978, chapter 2) and has the
following form
PerA= Y PerA(ilj) Per Alilj]
JESn s

for any i € S, where r < m < n. In the “boundary” case r = m we have

PerA= Y PerA(l,...,mlj). (1.1)
JESh,m

The above formula connects a permanent function with a class of symmetric
functions known as U-statistics.

1.4 U-statistics

In his seminal paper Hoeffding (1948) extended the notion of an average of
[ independent and identically distributed (iid) random variables by averaging
a symmetric measurable function (kernel) of k > 1 arguments over (i) possible
subsets of k variables chosen out of a set of [ > k variables. Since then these
generalized averages or “U-statistics” have become one of the most intensely
studied objects in non-parametric statistics due to its role in the statistical
estimation theory.

Let Z be a metric space and denote by B(Z) the corresponding Borel o-field
(i.e., o-field generated by open sets in 7). Let h : Z¥ — R be a measurable
and symmetric (i.e., invariant under any permutation of its arguments) kernel
function. Denote the space of all k£ dimensional kernels h by Lgk). For1 <k <l
define symmetrization operator ch : Lgk) — Lgl) by

,/ch [h] (ylv"'vyl): Z h(ysn"'aysk) (12)

1<s1<...<sp <l

for any (y1,...,y) € '

Definition 1.4.1 (U-statistic). For any symmetric kernel function h :
IF =R a corresponding U -statistic Ul(k)(h) is given by

v () = (,i)wk .

In the sequel, whenever it is not ambiguous, we shall write Ul(k) for Ul(k) (h).

In mathematical statistics the arguments of the kernel A (and consequently
of Ul(k)) are random variables Y7,...,Y;. Usually it is assumed that they are
exchangeable (for instance, equidistributed and independent, see the next sec-
tion) random elements taking values in a metric space Z.
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The importance of U-statistics in estimation theory stems from the follow-
ing fact pointed out by Halmos in his fundamental paper on non-parametric
estimation (Halmos, 1946): If # is a statistical functional defined on a set of
probability measures P on (Z, B(Z)) then it admits and unbiased estimator if

and only if there exists a kernel h € L% such that

o(P) :/~-/h<y1,...,yk>dp<y1>~-dP<yk> _Eh(Yi,... YO, (L3)

where Yi,...,Y; are Z-valued, independent identically distributed random
variables with the common distribution P € P. The statistical functionals
satisfying (1.3) are often called estimable. For a given estimable functional 6,
the smallest & for which there exists h such that (1.3) holds, is known as its
degree of estimability.

Suppose now that the family of real-valued distributions P is large enough
to ensure that order statistics Yi.x < ... < Y. are complete, that is, if f
is a symmetric Borel function such that Ef(Y1,...,Y;) = 0 for all P € P
then f = 0 (P®*-a.s. for all P € P). Then it is easily seen that for a given
sample size | > k the statistic Ul(k)(h) is a unique (P®!-a.s. for all P € P)
unbiased estimator of the statistical functional 6 given by (1.3) and thus
also the uniformly minimum variance unbiased (UMVU) estimator of 6. The
condition that ensures that P is large enough is for instance a requirement that
it contains all absolutely continuous distribution functions — an assumption
often reasonable in non-parametric statistics. Some examples of U-statistics
are given below.

Ezample 1.4.1 (Examples of U-statistics).

1. Moments. If P is the set of all distributions on the real line with finite
mean, then the mean, y = pu(P) = [xdP(z) is an estimable parameter
because f(Y1) = Y7 is an unbiased estimate of u. The corresponding
U-statistic is the sample mean, Ul(l) =Y = (1)) Zé:l Y;. Similarly, if
P is the set of all distributions on the real line with finite k-th moment,
then the k-th moment, px = [2*dP(z) is an estimable parameter with
U-statistic, U = (1/1)Y\_, YF.

2. Powers of the mean. For the family P as above note that for any positive
integer k the functional ¥ = p*(P) is also estimable since f(Y7,...,Ys) =
Y] .- Y, is its unbiased estimator. Thus the corresponding U-statistic is

defined by
N

where

SiB) - y) =7 om) = > YeUs (14)

1<s1<...<s5,<l

is known as an elementary symmetric polynomial of degree k.
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3. Variance. Let P be the set of all distributions on the real line with finite
second moment. The variance Var (P) = [22dP(z) — ([ :EdP(x))2 is
estimable since its unbiased estimator is for mbtance f(Y1,Ys) = Y2 —
Y1Y5. This estimator is not symmetric however, so we symmetrize it by
taking g(Y1,Y2) = (f(Y1,Y2) + f(Y2, Y1))/2 which is clearly also unbiased.
As a result we obtain the U-statistic based on a two-dimensional kernel

AN 1 1 < _
t=(y) X F0n-var— Y-
=1

1<s1<s2<l

which is the sample variance.

1.5 The H-decomposition

One of the most important tools in investigating U-statistics is the so called
H-decomposition named after its discoverer W. Hoeffding (Hoeffding 1961).
We give a quick overview of H-decomposition below.

For any measure (or signed measure) ) on a measurable space (Z,B(7))
and a Borel measurable h : E — R we denote

szémw@m. (1.5)

If Q;, 1 <i <k, are probability measures (signed measures) on (Z, B(Z)).
Then by ®f=1 Q; we denote a probability measure (signed measure) on
(Z%, B(Z*)) which is a product of measures Q;, 1 <i < k.

In what follows we take Z = R.. Let 6, be a Dirac probability measure at
r € R. Let Y;, i = 1,...,k, be independent and identically distributed real
random variables with the law P. Technically the H-decomposition is based
on the binomial-like expansion of the right-hand side of the identity

k k
o) = @8, lh) = @ (6 — P+ P) 1)

i=1

More precisely, we will use the following formula valid for any real vectors
(a1,...,am) and (by,...,by)

[T@+v)=T]e:i+>. > e IT v (1.6)
i=1 i=1 r=11<j1<...<jr<m i=1 i=r+1

where {jlv' s 7j7‘aj7"+1a s ajm} = {1a N 7m}'
Denote

hie(yas - u) = by, - ) = Q) 6y, (1] (1.7)
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and forc=1,...,k—1

he(Y1, .- Ye) = ((@5%) ® P®k- > [h). (1.8)

i=1

Note that h. is the conditional expectation of A with respect to Y7,...,Y,,
ie.
he(Y1,...,Ye) = E(h|Y3,...,Y,)
and thus Fh, = Eh for any c=1,... k.
Setting in (1.6) a; = 6,, — P and b; = P and using the fact that kernel h
is symmetric we obtain from the representation (1.7) and (1.8) with the help
of (1.6) that forc=1,...,k

he(i,-yye) —Eh =Y Y (@(% - P)) [hi]. (1.9)

i=1 1<j1<..<ji<e \t=1

For i = 1,...,k, define the canonical functions associated with the k-dimen-
sional kernel h by

gi(y1,- . i) = ® [hi

Il
N
[a
"':1
U
—~
(=%}
&
—
g:N
~—
I
—~
g:N
~—
~—

Using again the identity (1.6), this time with a; = J,,, b; = —P and the
representation (1.8) we obtain that

9i(yrs - sy:) = Y (=D mllhe](yr, .- vi) + (—1)'Eh (1.10)
c=1
or equivalently,
9i(yrs - y) = Y (1) °milhe — Eh](y1, .., i) (1.11)

c=1

Observe that the functions g; have the property of complete degeneracy, that
is, forany 1 <i<kand j=1,...,7

Egi(yr, - Y, u) = Egi(y1, -« -, yi-1,Y3)

= /gi(ylv .oy Yim1,2)P(dz) = 0. (1.12)



10 1 Basic Concepts

Note that (1.12) implies that under square integrability assumption g;’s are
orthogonal in the following sense:

Egiz,if{sl,.‘.,si}:{t1,.‘.,tj},

07 if{Sl,...,Si}#{tl,...,t]‘},

Egl(}/sl,vytﬁ)gj(y;flva}/t) =

J

where E g? = E ¢?(Y1,...,Y)).
Rewriting the relationship (1.9) in terms of g;’s we obtain

C
he — Ehe =Y _ 7f[g:] (1.13)
i=1

which is often referred to as the canonical decomposition of a symmetric kernel
he. Taking in the above formula ¢ = k we arrive at the identity for a kernel
function on a sequence of equidistributed random variables

k
h(Y1,... . Ye) = Eh(Ye, ..., Yi) = > wf [g:] (Y1, V). (1.14)

The direct application of the identity (1.14) to the kernel h of a corre-
sponding U-statistic as given by Definition 1.4.1 along with the change of the
order of summation gives the H-decomposition formula for U-statistics

k
k
Ul(k) _ EUl(k) — Z (C> Uel (1.15)

c=1
where

l
c

_ (l) S g Y,

1<ii<...<i.<l

-1
Uc,z<Y1,-~-,Yz>=<) g (Vi -, ¥0)

Hence it turns out that a U-statistic with given kernel h may be written as
a linear combination of U-statistics with corresponding canonical kernels. If
for given [,k we have go = g1 = ... = gr—1 = 0 but g, #Z 0, (to make this
also work for r = 1 we define go = 0) then the integer » — 1 > 0 is called
the level (degree) of degeneration of Ul(k). Sometimes it is more convenient to
work directly with r which is then referred to as a level of non-degeneracy.
Thus when r = 1 then Ul(k) is called non-degenerate. The integer k —r + 1 is

called the order of Ul(k). We say that the sequence of U-statistics (Ul(k)) is of
infinite order, if k —r +1 — oo as | — oo.

The most important features of the H-decomposition are the properties of
its components U, ;. More precisely, under our assumptions on the Y”s, for a
fixed ¢ > 1, the following holds true.
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(i) Ug, is itself a U-statistic with the kernel function ge.
(ii) Define a sequence of o-fields F.; = o{Uc;,Uci41,...}, l = c,e+1,.. ..
Then
EUci|Feis1) = Uciy1, Vi=c,c+1,...

which implies that the sequence (Uei, Fe)i=c,c+1,... is a backward mar-
tingale (see the next chapter).
(iii) Additionally, we also have under further integrability assumptions that

Cov(U¢y 1,Ucy1) =0 for ¢1 # co and [ > max{cy, ca}.

The property (i) follows immediately from the definition of g.. The property
(ii) will be discussed in more detail in the next chapter where we show it
to be the consequence of a general result for a larger class of functions (cf.
Theorem 2.2.2 (i)). The property (iii) follows from the orthogonality of g.’s.
Its more general version will be given in Theorem 2.2.2 (ii).

It is perhaps useful to notice that the property (iii) above implies that a
non degenerate U-statistic U l(k) may be always represented as a sum of identi-
cally distributed variables plus an orthogonal reminder. Indeed, assuming the
square integrability condition for the kernel & let h=h—FEhand hy = hy—Eh;

and set h(yy, ... yk) = h(y1, .. yr) — ZZ L h1(yi). Denote also

k
. - k
R =il = 3 ()

c=2

But Uy (Y3,....Y]) = 22:1 91(Y;) and thus for a non-degenerate U-statistic
Ul(k)(h), on noting that hy = g1 we have

l
U () - BUP (1 %Z FRPML Y (L6

where Rl(k) is a U-statistic with kernel a degree of degeneration equal at least
one which is orthogonal to Uy ;, that is,

CO’U(Rl(k), Ul,l) =

Assuming as above that h(Y7,...,Y)) is square integrable we may relate
the variances of the conditional expectations h.’s, and the canonical kernels
gi’s. In particular from (1.13) and (1.12) it follows that for c=1,... k

c

Varh. = Z (f) Var g;. (1.17)

i=1
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From the above it follows in particular that if » is the level of non-
degeneracy, then we have forc=1,...,k—1

Varhe - Varheiq
(S G
In order to invert the relationship (1.17) we fix j such that 1 <j <k and
first multiplying both sides of (1.17) by (—1) ‘(i) sum forc=1,...,7.

(1)“(‘2) Var he

()= Sren o))

i=1

1 Var g (Z) zj:(—l)j_c <i B z>

Cc=1

(1.18)

M-

since

N J . o
J i_efJ—1 1 i=y,
Y (1) —
<Z) c:i( ) (C - Z) {0 otherwise.

Thus the dual formula to (1.17) is

Varg; = zj:(—l)j_c<‘i)Varhc (1.19)

c=1

forj=1,...,k.

1.6 P-statistics

There exists an obvious, even seemingly trivial, connection between a perma-
nent of a random matrix and a U-statistic with a product kernel as described
in Example 1.4.1 part 2. Assume that Y7,...,Y,, are independent identically
distributed real random variables with a finite first moment. Let Y denote a so
called one dimensional projection random matrix. Such a matrix is defined as
a m X n matrix obtained from m row-replicas of the row-vector (Y1,...,Y},).
Then by the definition of permanent, as given in the Section 1.3,

Y, Ys...Y,
Y, Ys...Y,

PerY = Per (1.20)
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Thus, it can be represented through a U-statistic with the product kernel
h(yis - Ym) = Y1 Ym as

PerY = <Z>m!U§lm)[h]. (1.21)

Definition 1.6.1 (Generalized permanent and P-statistic). For a
given kernel function h the generalized permanent function Pery A is defined as

Per, A = ) h(a1,ji,a2,555 - - Qm gy, )-
(il7"'7im):{i17~~~7iM}C{17~~~7n}

(In particular, if h(z1,...,2m) = [[i2, z; then Perp A = PerA). A corre-
sponding P-statistic is then defined as (7’;‘1)_1Pe7‘h A/m)

Note that for a one dimensional projection matrix the above definition
reduces to that of a U-statistic from Definition 1.4.1, in view of the relation
similar to (1.21) extended now to an arbitrary symmetric kernel function h.
Hence, in our present notation, if X is a one dimensional projection matrix of
m rows and n columns and h is some kernel function of degree m then

U™ (h) = <Z>_1Perh X/m!. (1.22)

The formula (1.22) indicates that the theory of U-statistics (perhaps of
infinite order) may prove insightful for investigating the behavior of random
permanents. However, in order to tackle some of the counting problems for
random matrices identified in the introduction we need to extend the relation
(1.21) by removing the restrictions on the structure of the matrix as well as on
the form of a kernel function. Before proceeding, let us introduce an additional
concept which shall be useful in the sequel.

Definition 1.6.2 (Exchangeable random variables). A random vector
(Y1,....Y,) is said to be exchangeable if its joint distribution is invariant
under any permutation of the indices 1,...,n. A family of random variables
(Yy)ier is said to be exchangeable if its every finite subset is exchangeable.

Note that the definition implies that if (Y7, ...,Y},) is an exchangeable random
vector then all Y;’s are identically distributed. It is obvious that a sequence of
independent, identically distributed random variables is exchangeable. Below
we give a simple example of a dependent exchangeable sequence.

Example 1.6.1 (Dependent exchangeable sequence). Let (Y)r>1 be a sequence
of independent identically distributed real random variables and let Y be such
a random variable that Y and the sequence (Yj)r>1 are independent. Define
Xr = Yi + Y. Then it is easy to see that that the sequence (Xy)g>1 is
exchangeable but its elements are not independent.
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Exchangeable random variables shall be discussed in greater detail in
Chapter 3. In particular, for further discussion of the above example, see
Example 3.2.1 therein.

We are returning now to the problem of extending the relationship (1.21).
Albeit in what follows this restriction is not necessary, for the sake of simplicity
we consider as before the case 7 = R.

Let X () = [X; ;] be a real random infinite matrix satisfying the following
two structural conditions:

(A1) Any column of X (*) is an exchangeable sequence of random variables.
(A2) The columns of X () are independent identically distributed random
sequences.

Note that the assumptions (A1-A2) imply in particular that all entries of
X () are identically distributed. These assumptions are also chosen so as to
cover the cases of both a one dimensional projection matrix described above
and a matrix of independent and identically distributed entries.

By X (™) we denote the submatrix created from the first m rows and n
columns of X (),

1.7 Examples

With the class of generalized permanents defined in the previous section we
may now look at some more sophisticated examples of counting problems for
matchings in bipartite graphs G = (V1,Va; E), #(V1) = m < #(V2) = n.
Let x be a matrix of weights and (G, x) the weighted version of G. Consider
any symmetric function h of m variables. Then Pery(x) sums over all per-
fect matchings in the complete graph K (m,n) the values of the function h
calculated for every matching.

To use the concept of the generalized permanent for calculating sums of h
values for perfect matchings in any graph (G, x) we define the edge indicators
as y;; = Ig((i,7)), i.e. y;,; = 1 if there is an edge between i € V4 and j € V5
and y; ; = 0 otherwise. One may think about [y; ;] as an additional set of
weights associated with the weighted graph (G, x). Consider a version of the
kernel h restricted to perfect matchings in G as

h((x1,91)s oy (Tms YUm)) = Y1+ - - Ymh(T1, - oy Tm).

Then fz((wl’jl Y11 )s - (T s Ymojn ) calculates the h-value for (ji,. .., jm)
only if it is a perfect matching in G and otherwise it returns the value zero.
(Note that the z-values for the pairs (i,7) € E are non-relevant for the value
of iL) In that sense Per;, is the sum of h-values for all the perfect matchings
in (G, x). Obviously, for the complete graph K (m,n) we have h = h.

If in the above setting h = 1 then Per; returns the number of perfect
matchings in G. Alternatively, this can be achieved by taking h of the product
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form, i.e. h(z1,...,2m) = 1 ...2,, with edge indicators as entries of the x
matrix: ; ; = y; ;. Then the number of perfect matchings in (G, x) is just the
permanent, Perp(x) = Per(x) as discussed in Example 1.3.1.

Now we present some more examples of counting problems for perfect
matchings, which are related to generalized permanents. The first one extends
Example 1.2.1.

Ezample 1.7.1 (Multicolored graph). For a complete graph G = K (m,n), con-
sider a weighted graph (G,x) with colored edges, i.e. z; ; = k if the edge (¢, j)
is painted with the color which is coded by the number k, k = 1,2,..., N < co.
Then the number of perfect matchings which are monochromatic equals
Perp(x) where

N m
h(z1,. .., xm) = ZH I(x; = k).
k=1i=1
Note that for N = 2 this reduces to the count of all perfect matchings as in
Examples 1.3.1 and 1.3.2.

The same problem for a graph which is not complete can be treated sim-
ilarly by regarding some of the edges of the complete graph as being trans-
parent.

Ezample 1.7.2 (Multicolored graph (cont)). In the setting of the previous ex-
ample we can add the value 0 for the color codes, meaning that there is no
edge (the edge is transparent). Thus x; ; = 0 if there is no edge between ¢ and
j and it is easy to see that the number of perfect matchings in (G, x) which
are monochromatic is just Pery(x).

Another parameter of interest may be the number of perfect matchings
with edges of a given combination of colors.

Ezample 1.7.3 (Bicolored graph). Consider a complete bipartite graph K (m,n)
with edges being painted either red or black. To compute number of matchings
with exactly L red edges, first, we associate with each edge a weight x; ;
which equals 1 if the edge (i,7) is red and equals 0 if the edge is black.
Then by taking

h(z,...,xm)=I(x1+...+ 2, = L)

it follows that the number of perfect matchings with L red edges equals
Perp(x).

Our final example in this chapter is concerned with counting heavy and light
perfect matchings.

Ezample 1.7.4 (Heavy and light matchings). Suppose we are interested in
matchings which are heavy in the sense that the sum of the weights exceeds
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a given level «. Likewise, we might be interested in counting light matchings,
that is such that the sum of their weights is below a level 5. Then for

hi(zy, .. om) =@y 4+ .o+ T > @)

the generalized permanent Pery,, yields the total number of heavy matchings.
Similarly, Pery, yields the total number of light matchings for

hg($1,...,xm):I(m1+..‘+xm<5).

Alternatively, for a fixed s (usually small) one can be interested in match-
ings with at most s weights below a given level o or at most s weights above
a given level 3. In the first case we take

h1(3317~-~733m)21(33s+1:mZa), 820,1,...,777/—1,

where xp., denotes the k-th smallest value among {z1,...,2,}. If by =1
then we say that this represents a matching with few (at most s) light (with
weights less than «) edges. Per;, returns the total number of such perfect
matchings.

In the second case we take

ho(xr, ..oy @m) = I(@m_sm < B), s=0,1,...,m—1.

If ho = 1 then we can say that the above represents a perfect matching with
a few (at most s) heavy (the weight greater that 3). As before, Per;, returns
the total count of such perfect matchings.

1.8 Bibliographic Details

Some general references to applications of bipartite graphs in complex systems
related to communication and social networks are e.g., in the review articles
by Guillaume and Latapy (2004) and Newman et al. (2002). The former article
also gives further reference to biological networks applications. In the context
of the systems of chemical reactions equations the material in chapter 2 of
the recent monograph by Wilkinson (2006) is a good general introduction to
biochemical reactions random graphs models (albeit typically in the context
of chemical kinetics) and stochastic Petri nets. A good general tutorial on
Petri nets is provided by Murata (1989) an the more extensive treatment of
the subject is provided in the monograph of Peterson (1981).

The permanent function appeared for the first time in Cauchy’s memoirs
on determinants (Cauchy, 1812) and, almost simultaneously, in the work by
Binet (1812). Until recently for many non-experts the permanent function
was associated mainly with an intriguing Van-Der Varden conjecture which
was only recently shown to be true. A review article by Bapat (1990) is a
good source of information on that topic. The best modern source of results
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on permanents is the book by Minc (1978). The notion of a random per-
manent in connection with U-statistic theory is discussed in Korolyuk and
Borovskikh (1991), Borovskikh and Korolyuk (1994) and in Rempala and
Wesotowski (1999). Ryser’s seminal paper on the permanent function com-
putational complexity is also of interest (Ryser, 1963). The proof that for
0 — 1 matrices evaluating a permanent belongs to #P- class of the compu-
tational complexity is given in Valiant (1979). Some more recent results on
approximate algorithms for computing permanent are given e.g., in Jerrum
et al. (2004). The connections of a permanent function with some statistical
problems were reviewed in Bapat (1990).

The classical U-statistics of finite order were introduced in the papers of
Halmos (1946) and Hoeffding (1948). The latter paper gave a fundamental
result on the asymptotic normality for non-degenerate U-statistics. There are
several good general references on U-statistics, e.g., Lee (1990), Koroljuk and
Borovskich (1994) or Serfling (1980, chapter 5).
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Properties of P-statistics

2.1 Preliminaries: Martingales

In order to discuss properties of P-statistics we first need to review briefly
the basic results on martingales. The theory of martingales is rich and pro-
found and reaches far beyond the basic results stated here. Interested reader
is referred to one of many excellent texts available, like for instance Billingsley
(1999), Chow and Teicher (1978) or Ethier and Kurtz (1986).

For T' C R consider an integrable stochastic process (X;);er defined on a
probability space ({2, F, P).

Definition 2.1.1 (Martingale). A family of o-fields (Fi)ier is called a fil-
tration if Fy C F for anyt € T and Fs C Fy for any s < t, s,t € T. The
process (X, Fi)ier is called a martingale if

(a) Xy is Fy-measurable for any t € T
(b) E(X¢|Fs) = X for any s <t, s,t€T.

It turns out that in the theory of P-statistics a related concept of a backward
(or reversed) martingale is also useful.

Definition 2.1.2 (Backward martingale). Consider a family of o-fields
(Gi)ter such that G, C F for anyt € T and G C G, for any s < t, s,t € T.
The process (X, Gi)rer s called a backward martingale if

(a) X: is Gy-measurable for any t € T
(b) E(X4|G:) = X¢ for any s <t, s,t €T.

Let us prove the following result known as the Doob or maximal inequality
(see, Chow and Teicher 1978, chapter 7 or Ethier and Kurtz 1986, chapter 2).

Theorem 2.1.1 (Maximal inequality for martingales). Let n be an
arbitrary positive integer and (X, Fi)ter be a martingale with a countable
index set T satisfying {0,n} C T C [0,00). Then for any e > 0
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P sup | Xy| >¢e| <e2EX2
t€TN[0,n]

Proof. Assume first that TN [0,n] = {0 = to,t1,...,tpm = n} is finite, ; <
tiv1,7=0,1,..., M — 1. For an arbitrary € > 0 define

Ap =X, < ebn{|X | >}, k=0,.... M.

Note that Ay, k =0,..., M, are disjoint, Aj € Fj for each k and

M
sup | Xy >ep = { max | X;| > e} = U Ap.
teT[0,n] teTN[0,n] =0
Moreover, due to the martingale property,
E[(Xn = X4, ) X, I(Ar)] = E[Xy, I(AR) E[Xn — Xy, [ F,]] = 0

In view of the above, we may write

M
EX? =Y EX2I(A)

o
(=)

M= I

E[(Xn = X0, )*I(A)] + BIX}, 1(Ap)]

v

B[XE I(Ay)]

x>
I
o

qu:

M
€2P Ak —€2P<U Ak>

k=0
£).

o

(O
N

P( sup |X¢ >
teTN[0,n]

In order to prove the result for countable T' consider a sequence Ty C T7 C
T, C ... of finite subsets of T" such that {0,n} € Ty and |J, T = T Then by
continuity from below of the probability it follows that for any ¢ > 0

P sup |X¢>e| =P U{ max |Xt>€}
teT'N[0,n] . teTN[0,n]

= lim P( max | X;| > e) <e?EXZ
k—o0 teTN[0,n]
The result above may be easily extended to the case of an uncountable index

set, say, T' = [0, 1], if we assume some regularity conditions on the trajectories
of (Xt)ter-
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Proposition 2.1.1. Assume that T = [0,1] and the martingale (Xi)ier has
trajectories which are a.s. cadlag, i.e., are right continuous and have left-hand

limits a.s. Then
P(sup |X¢|>e¢)<e?EX].
te[0,1]

O

In a similar way one may prove an analogous result for backward martingales.
Let us state it for the record as

Theorem 2.1.2 (Maximal inequality for backward martingales). Let
n be an arbitrary positive integer and (X, Gi)rer be a backward martingale
with {n} C T C [n,00) and T being a countable set. Then for any e >0

P( sup |X; >e)<e ?EX2

teTN[n,o0)

Proof. The proof is similar to that of Theorem 2.1.1 and thus omitted. O

2.2 H-decomposition of a P-statistic

We first give the result extending the H-decomposition (1.15) to an arbitrary
P-statistic.

Consider an infinite random matrix X () satisfying the assumptions (Al-
A2) as it was introduced in the previous chapter. We denote by X (i1,. ..,
Ji,---,Jq) & sub-matrix constructed out of X (mn) by taking only the entries
at the intersections of the selected p rows {i1,...,ip} C {1,...,m} and ¢
columns {j1,...,j4} €{1,...,n}.

Note that Pery, X (i1,...,%p|J1,.-.,Jq) may be regarded as either row- or
column- symmetric function. Thus we may apply to it, in both settings, the
general symmetrization operation defined by (1.2) with Z =R% k=p,l=m
when regarded as a row function and with Z = RP, k = ¢,l = n when
regarded as a column function. Note that under the assumptions (A1-A2) the
exchangeability requirement for the random row or column vectors is satisfied.

Denote the row symmetrization of a generalized permanent by

Pery, X (plj1, -1 jq) = > Pery X (i1, ..., iplj1,-- -, Jq)

1< <..<ip<m
= W;nPGThX(‘Ul, ces ,jq)

for any {j1,...,44} € {1,...,n} and the similar column symmetrization by

Perp X (i1, ..., iplq) = > Perp X (i1, -y iplji, - -5 Jq)
1<1<..<jg<n

:T;lPEThX(ih.‘.,Z‘p‘-)
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for any {i1,...,i,} C{1,...,m}.
Similarly,

Per, X (plq) = Z Pery, X(plj1, -, dq)

1<51<...<jq<n

= Z Perp, X (i1, ... ,1p|q)

1<iy <...<ip<m

_ Z Z Perp X (i1, ..., iplg1, - -+, Jq)-

1<51 <. <jg<n 1<i1 <...<ip<m

Using this notation, we may now easily extend the Laplace expansion formula
for permanents given by (1.1). Let us state it in the form of the following
lemma.

Lemma 2.2.1. Let X ™) be an m x n-matriz with 1 < m < n. Then
Per, X (™" = Per, X (1,2,...,m|m). (2.1)
O

The above formula suggests that in order to decompose Pery, X, it suffices
to decompose a generalized permanent of a square submatrix with columns
J1eeeyim

Pery, X(1,2,...,m|j1,J2, -+, Jm)-

Assume for convenience that Eh = 0 (otherwise taking h = h — Eh in what
follows).

Denote by S, a set of permutations of {1,...,q}. In view of the above
(cf. (1.14)) the decomposition of Per,X(1,2,...,m|j1,j2,...,Jm) can be
obtained as follows

Per, X(1,2,...,m|j1. .., jm)
= Z h(Xla.ja(l) ’ X2’j0(2)7 s 7Xm7jo'(m,))

gESm

m
Z Z(W?QC)(XLJ}:Q) ) X2a.ja(2) yee. 7Xm7jo'(m,))

o€Sm c=1

m
Z Z Z gC(XiIJ(r(il)?""XicJﬂ(ic))'

c=11<i1<..<i.<moESy,

But by the definition of a generalized permanent and in view of (2.1)
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Z gC(Xila.ja(il) yeee ’Xica.ja(ic))

o€Sm

= E E gC(XiT(l)a.jll 7. 7Xir(c)a.jlc)

1<l <...<l.<m TES,

= Z Pe’rch(il,’"7iC‘jl1”"ajlc)

1<l <...<le<m

= PGTQCX(’il,...,Z‘C‘jh.‘.,jm).

Hence

Perp, X(1,2,...,m[j1..., Jm)

m
=Y Y Perg X(ine.sicljts- - jm)

c=1 1<i1 <. <i.<m

= Z Pery X (clji, ..., Jm)-
c=1

Thus, using again (2.1), we may write
Per, XM = Per, X(1,2,..., m|m)
= > PeryX(1,2,...,mlj1, ... jm)

1<j1 <. <jm<n

m
_ Z ZPergCX(C\jl,n-ajm)

1< <. <gm<n c=1

(n—C)(m_C)! ST Perg X(clji, ... de)

m —c¢
1<j1<...<je<n

(” - C) (m — c)! Pery, X (clc).

m —c

>

c=1

Rewriting the above as

m —1
Pery, X (mm) — m! Y (" Per, X (c|c)/c!
m) \e ge

c=1

and denoting

glmm = <’Z> - <Z) - Pery, X (clc)/c! (2.2)

we may summarize the above considerations as follows.

Theorem 2.2.1. Under assumptions (A1-A2) on the entries of a matric
X (mm) - suppose also that the kernel h satisfies E|h| < co. Then
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—1 m
n (m,n) _ (m,n) _ m (m,n)
<m> (Pernx EPer, X)) fml =3 (" )ufr,

c=1
where the components U(:n’") are defined by (2.2). O

If X (™) = X that is, X ™™ is a one dimensional projection matrix then by
(1.22) a P-statistic is a U-statistic and the Theorem 2.2.1 reduces to the H-
decomposition (1.15). Let us also note that for any fixed ¢ > 1 the component
Ug(ln’n) is simply a P-statistic obtained by symmetrization (with respect to
rows and columns of X ("™)) of a generalized permanent with a kernel function
ge based on a square ¢ x ¢ submatrix of X ("7

For the purpose of illustration let us provide a simple example of an appli-
cation of Theorem 2.2.1.

Example 2.2.1 (Random permanent decomposition). Let EX,; ; = 1 # 0 and
consider the kernel h(y1,...,ym) = [/~ (yi/p). Then

c

gc(yh ceey yC) = H(yz - H) M_C

i=1

and by Theorem 2.2.1 we have

S

where

Uimm = <")_1 <’Z>_l(uccl)lpers§(cc) (2.3)

C

()) w5

1<ii<...<i.<m

> PerX(in,...dcljr, - de)s (2.4)

1<j1 < <je<n
for X; ,=Xi;—p, (i=1,...,m,j=1,...,n).

The fact that the generalized H-decomposition given in Theorem 2.2.1
retains the uncorrelated martingale structure of the components Ug(ln’n)’s is
verified in the following result.

Theorem 2.2.2. Assume m = m,, is a non-decreasing sequence in n. Under
assumptions (A1-A2) on the entries of matriz X (), for a fived ¢ > 1

(i) if FE = {U(m"’") yimentl) ...}, then for ng(c) = min{n : m, > c}
E(U{S:"mn)|]—'cn+1)) — Ug(j%ﬂ,nm . Vn=mng(c),nolc) +1,...

that is, (Ug(m”’n F" ) is a backward martingale,
n=ng(c),no(c)+1,...
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(i) the elements (U(m "))C of the H-decomposition of a P-statistic are orthog-
onal, i.e.
C’ov( (m n ylms ")) 0 if ¢1 # co.

Geo

Proof. (i) Let us denote by Ué:n”’n)(ll, o slmyii—m, k) an element of the
Hoeffding decomposition (as given in Theorem 2.2.1) of an m,, X n matrix,
which is obtained by deleting the rows numbered Iy,...,ln, ., —m, and the
k-th column from the m,4+1 X (n + 1) matrix, i.e.,

U™ ™1y, —ma i k) = ( ) ( )
x > >
1<iy < ... <ide <My 1< <...7¢

n
(it i} N by omn} =0 R € {1, e}

PergCX(il,...,ic|j1,...,]c).

<n+1
s e

Observe that

n+1

> > U™ (1 D= s )

k=1 1<hi<..<lm, 1—m,<Mni1

- <mnﬂ _C) o Pery, XM el el

mn—c ) (") ()
where X (Mn+1:741) ig the m,, .1 x (n+ 1) dimensional matrix created from the
left upper corner of the infinite matrix X (> Since

-1 -1
Mp41 —C M _ Mnp41 Mnp41
Myl — My c My, ¢ ’
the above entails

n+1

> > U (11, b s ¥

k=1 1<l <..<lm,, 4 —mp <Mt

=(n+1) <m”“) Uma+1ntl) (2.5)

Mn, 9e

Let us note that in view of the assumptions (A1-A2) it follows that the con-
ditional distribution of Uézn"’n)(ll, c lm”Jrl mni k) given FY s the same
for any particular choice of k € {1,...,n + 1} and {l1,...,ln,.;—m,} C
{1,...,mp41}. Consequently,

E[US™ ™ (11, . by s B[ FETY)]

= E[U™™(n+1,n+2,..., mpsr;n+ 1)|FT] = BlUimm | Finth]
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yielding
n+1
E Z Z Ug(:n‘n,’ﬂ) (lla ey lmn+1—mn; k-) fc(n«l,»l)
k=1 1<l <. <l g1
(2.6)
=n+1) (mT:L+1>E'(U!§Znn,n)]:C(n+1)). (2.7)

On the other hand, in view of the identity (2.5), we have that (2.6) is equal
to

(n+1) (mn—i-l)E(Ug(:nn,+1,n+1)|f£n+1)) _ (n+1) (mn—&-l)Ué:nn.;.hn-&-l). (28)

m’ﬂ n

Comparing the expression (2.7) with that at the right-hand side of (2.8), we
arrive at (I).
In order to prove (ii) it is enough to show that for ¢; # c2 we have

Cov (Perqu (c1ler), Pery, X (c2|02)) =0.

To this end we will show that for any pairs of fixed sets of rows {i1,...,i., },
{k1,... ke, } and columns {j1,...,Jc; }, {01,y les}

Cov [PergCIX (i1, yiey |1y Jen)s Perg, X (b, oo kel o 162)] =0.
(2.9)
Consider an arbitrary pair of fixed sets of rows {i1,...,%¢, },{k1,..., ke, } and
columns {j1,...,Je; }»{l1,---,lc, }- Let us note that by linearity of the covari-
ance operator

Cov [PergCIX(il,...,icl|j1,...7jcl),Perg%X(k1,...,k62|ll,.‘.7l62)]

= E E (961 (Xil,ja(l) 7. 7Xi(;1 7j0'(r:1)) Geo (Xklalr(l) IR Xkcwla—(cz) )) :

0€Sey, TESey

Since ¢; # ¢ we may assume without loosing generality that ¢; > co. It
follows that there exist at least one column js € {j1,..., e } such that js ¢
{l,...,l.,}. But by the assumption of the independence of columns and the
property of canonical functions (1.12) the standard conditioning argument
implies now that all the summands above are zero and thus (2.9) follows. The
proof of the result is complete. O

2.3 Variance Formula for a P-statistic

Using the representation of Theorem 2.2.1 it is possible to derive a general
formula for the variance of a P-statistic which proves very useful later on.



2.3 Variance Formula for a P-statistic 27

Theorem 2.3.1 (The variance formula for a P-statistic). Under the
assumptions (A1-A2) on X () let us suppose Eh? < co. Then forc=1,...,m

vaue (1) (1) 35 (0P

d=0

- g ().

S

where

ford=0,1,...,¢c and

Pc,s = E [gc(Xll, oo XSSaXiS+1,S+1 o 7Xic,c)><
Ge( X1,y Xos, Xjo oy o4t - - 7ch,c)]

where iy, # ji fork=s+1,...,cand s=0,...,c.

Proof. First, let us note that by Theorem 2.2.2 it follows that

Var ](Deth i::( > VarUi™™ +) (ZL) <:)

1<ci#c2<m
m m 2
Cov (Ui, uimm] =37 <c) Varu(™m . (2.10)
c=1

Now, forc=1,...m

2 2
<n) <m) 0!2 Var U{S:’L”) = Var .P@'I"gC X (C|C)

c c
= Z Var (Perg, X (c|ji,- .-, Jc))

1<j1<...<je<n

since, by independence of columns of X (*) | we have (cf. also the proof of part
(ii) of the Theorem 2.2.2)

Cov [Pery, X (c|j1,-.-,Jc), Perg, X(c|li,...,1lc)] =0

if only {j1,...,jc} # {l1, -, L}
Since the columns of X () are identically distributed, we obtain

2

C C

Let us note that the number of pairs of ¢ x ¢ submatrices of X (*) having
exactly k& rows in common equals () (7)(775), for max(0,2c —m) < k <,

and each such pair has equal covariance (since the row vectors of X () are
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identically distributed). Hence, for given ¢, the above right-hand side can be

M) > (O

k=max(0,2c—m)
x Cov [Perg, X(1,...,k,iks1,.-.,%]1,...,¢),
Perg, X(1,... K lur, - Lel1, ., 0)]

where {igt1,.. .0} N {lgg1,..., L} =0.
Observe that each term of the above sum is itself a sum of the partial
covariance elements of the form

E [gc(Xil,lv cee 7Xil,l7 Xil+1,l+1 ey Xic,c)
gC(Xihlv .. 7Xiz,lv ij+17l+1 .. 7ijc)]

where 4;41,...,%. and ji41,...,J. are fixed non-overlapping subsets of {l +
1,...,m} for some 0 <[ < k. By the assumptions about the entries of the
matrix X () it follows that the partial covariances having exactly I (0 < I < k)
elements in common are the same and equal to

Peq =E[ge(X11, s Xit, X g1 -0 Xie)
9e( X1y Xits X1 - Xjoe)]

Now, to compute the covariance of such k x ¢ permanents it suffices to find
the number of pairs of c-tuples of arguments of the function g. with exactly [
elements in common, (0 <1 < k < ¢). Observe that it equals to the number
of pairs of c-tuples having exactly [ common elements in a permanent of the
matrix k x ¢, multiplied by (c— k)!? — the number of all possible permutations
of ik+1, . ,ic and lk+1, . ,lc.

To compute the number of pairs of c-tuples with exactly [ elements in com-
mon let us start with finding the number of c-tuples present in the defining for-
mula for Pery, Y[k, c], where Y[k, c] is a k x ¢ matrix, having exactly [ elements
in common with the diagonal entries yi1,...,yr k. First, we fix [ factors in
(lf) ways. If we assume that y; 1,...,y;,; are fixed, then the remaining factors,
in the c-tuples we are looking for, have to be of the form vy 1,5, 5.+, Yk jy.»
where jq # d, d = 1+ 1,...,k. Finding the number of such c-tuples (say,
Ri(k,c)) is equivalent to computing the number of summands in a permanent
of the matrix of dimensions (k —1) x (¢ —1) which do not contain any diagonal
entry. To this end, we subtract the number of all summands having at least
one factor being the diagonal entry, from the total number of all summands
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in that permanent. Using the exclusion-inclusion formula we get that

S > B G [y

where the absolute value of the j-th member of the above sum denotes the
number of ¢-tuples having exactly j factors being the diagonal entries (equal to
the number of choices of j positions on the diagonal) multiplied by the number
of e-tuples of k—{— j factors from the outside of the diagonal (equal to number
of c-tuples in the permanent of the matrix of dimensions (k—1—j) x (c—1—7)).
Thus, in a slightly more compact form,

Rk, c) :sz(_l)j(kfl> <Z:§:;>(k—l—j)!‘ (2.11)

i=0 J

Consequently, the number of pairs of c-tuples in Per Y[k, ¢] with exactly
factors in common equals to

(Z) k! (?) Rk, c).

Hence, combining the above formula with an earlier one for the number of
pairs of c-tuples with [ identical factors we arrive at

Cov[Pery, X(1,... k,igq1,...,%|1,...,¢),

Perg, X(1,. ..k, ligas o L|1, .., 0)]
k

=(c—b2Y <2) k! <I;> peiRi(k,c) .

=0

(m n)

Now, returning to the formula for the variance of U, we obtain by

(2.11)

()
C C i

— C% Z (2)2 (’?__;)m(c — k)12 zk: (?) pe Ri(k, c)

k=max(0,2c—m) =0

= i ) (T:__kc) dZi% (Z:Z) % D(c,d), (2.12)

k=max(0,2c—m

since

lfi ( >Pc Ru(k, ) = Ek: (?)Pc,z dﬁ:l(—l)d‘l (Z _ ;) (Z:Z)(k — d)!

_ d; (Z _ Z) (k — d)! (Z) lz; (Cll) 1),
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k
c—d\ k!
-y (k _d>aD(c,d).
d=0

Observe that we can further simplify the expression (2.12), since

z (T,{)dzk;(; o |
=32y (O - () s

d=0 k=max(d,2c—m) d=0

where the last equality follows by applying the hypergeometric summation
rule for the inner sum. Thus, we can rewrite (2.12) as

-1 -1 ¢
(mm) _ (7 m m —d\ D(c,d)
vu = () () 20507

d=0

which along with (2.10) completes the proof. O

Ezample 2.3.1 (Variance of a random permanent). Consider again the kernel
function as in Example 2.2.1. Let as before p # 0 be the common mean of
X; ; and additionally let 0 < 0 < oo be the common variance. By v = o/
we denote the coefficient of variation and by p > 0 the correlation between
any two components from the same column. Then,

2c c—s

Pes =7 P

and thus
D(C, d) — ,)/2cpc7d(1 o p)d.

As shown before in Example 2.2.1 the canonical function U, (:n’") of the H-
decomposition is given by (2.3). From Theorem 2.3.1 we have now that

-1 -1 c c—d d
ma) _ (M) (M) e (M d) 00— p)°
VarUe <c) (c) 7 dZ:;J(c—d d! ’
and hence by the orthogonality of U(Z"’") for c=1,2,...,m, it follows that

Per X (m.n) (MK 1 fm—d _
S -

c=1 c d=0

An important special case of Theorem 2.3.1 occurs when the rows of X (°°)
are also independent. Then the matrix X (>) has all independent and identi-
cally distributed entries and

D(c,d)=0 for d<ec.
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Since p(c,¢) = Var g., we see that for each canonical component U(m ") B

must have
m\ "\ Var Je
v (U(mﬂl)) _ ,
ar Mg c c c!

which entails (by orthogonality) that the formula for the variance of a P-
statistic degenerate of degree r — 1 in case when X (°) has all independent
and identically distributed entries is

(m,n) mo(m
Var (%) — Z ((') Va/rgc. (213)

() m! =@

Another important special case is that of a U-statistic which corresponds to
X (=) = X i.e., the one dimensional projection matrix. Then in Theorem 2.3.1
we have

D(c,s) =0 for s>0

and obtain the following variance formula for a U-statistic of degree of degen-
eration 7 — 1 as defined in Definition 1.4.1 with l = n and k =m

r (ZZ;%%) =Var (U(m) ) i 2 (2.14)

We conclude this chapter with the following example illustrating one pos-
sible use of Theorem 2.3.1. The example could be considered as a warm-up
before the material of the next chapter. Recall that for a sequence of random
variables X,, and a sequence of real numbers a,, the notation X,, = o,(as,)
stands for VesoP(|Xy| > ane) — 0 as n — oco. In this notation we may state
the following simple approximation theorem for non-degenerate P-statistics.

Ezample 2.3.2 (Approximation theorem for P-statistics). Assume (A1-A2) for
matrix X (). Suppose m/\/n — 0 as n — oo, Eh? < co and Var (g1) # 0
where g1 does not depend on m,n, as well as for some non-random positive
constants M7 and My which do not depend upon m,n, we have for ¢ =
1,2,3,...

Va<e D(c,d) < M{MY < oc.

Then (mum)
Perp Xmm 1 m
7—Eh:—g Xii — . 2.15
(Z)m! n 4 91(Xi) + 0p (ﬁ) ( )

The formula (2.15) is a simple consequence of the properties of P-statistics
summarized by Theorems 2.2.1, 2.2.2, and 2.3.1 in this chapter. Note that for
non-degenerate P-statistics (r = 1)

1 1
m.n m n
Ui = (1) (1> Perg X (111) = 291 (wi5)
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and thus by Theorem 2.2.1
Pery X mm)

() m!

where the two summands are orthogonal by Theorem 2.2.2. To complete the
proof it is enough then to show R,, ., = o,(m/+/n) which will follow if we can
argue that

1
— E]’I, = E Zgl(.lfw) + Rm,n
)

n
—2VG,T Rm,n — 0
m

as n — oo and m?/n — 0. Under the assumptions of the example we have

-1 -1 c -1
o n m m —d\ D(c,d n .
Varu{™m = <c) <C) > j(c_d> (d! ) < <c> exp(My) M

d=0

since (T__j) < (72) for 1 < d < ¢ < m. Therefore by Theorem 2.3.1

n n N m) 2 n " m\ 2 n\ !
0 _ v (m,n) "% c
- Var Ry, n = - ;:2 <c) VarU,' sz exp(Mo) c§=2 <c> <c) M;

n - m2\“ 1
< WGXP(Mz) Z <M17) a

c=2

where the last inequality follows by

Consequently,

n m? e / Mim2\“ 1
—VarR <M2exp(M2)—Z( ) — =0

2 m,n = 1 9
m n n

since the sum above is bounded by a constant and m?/n — 0.

In particular, continuing the case of random permanent (see Examples
2.2.1 and 2.3.1), we take h(y1,...,ym) = [[;~, (yi/p) such that Eh=p#0.
Then [g1(X; ;)] = p~'[X;,; — p]. Thus the above formula provides the approx-
imation for the classical permanent function since then we may take (see the
formula for D(c,d) in Example 2.3.1) M; = py? and My = (1 — p)/p.

2.4 Bibliographic Details

The standard general references on the martingale theory are Chow and
Teicher (1978); Billingsley (1999) and for continuous time processes e.g.,
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Ethier and Kurtz (1986). The general martingale decomposition for a U-
statistic, which became latter known as the H-decomposition, was presented
for the first time in Hoeffding (1961). The notion of a P-statistic and its gen-
eral decomposition comes from the papers of Rempata and Wesotowski (2003)
and Rempala (2001). The idea is related to a general canonical decomposition
of a symmetric functional as described in Dynkin and Mandelbaum (1983)
or in Lee (1990, chapter 4). Most of the material of this chapter discussed
in Sections 2 and 3 comes from the work of Rempala (2001), which, though
appeared earlier, extended to P-statistics the ideas developed for random per-
manents in Rempata and Wesotowski (2002b) and Rempata and Wesotowski
(2002c).
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Asymptotics for Random Permanents

3.1 Introduction

As already pointed out, the major difficulty of working with permanents and,
in general, with P-statistics, lies in the fact that they are very difficult to
compute when the dimensions of the matrix are large. In such case a nat-
ural question arises whether one could approximate the complicated exact
distribution of a P-statistic by means of a simpler one. The issue leads to
the problem of limiting behavior of P-statistics and particularly to the prob-
lem of weak convergence. In order to prepare the discussion of the problem
for general P-statistics later on (Chapter 5), we shall first investigate in the
next two chapters a somewhat simpler (but very insightful) case of a random
permanent function.

In case of a random permanent the first results on weak convergence were
obtained for one dimensional projection matrices in Székely (1982), van Es
and Helmers (1988), Borovskikh and Korolyuk (1994). For the record we state

them below as Theorem 3.1.1. In the sequel we use the symbol 2 to denote
the convergence in distribution of random variables in R* (or weak conver-
gence of their distributions). A more general discussion of the notion of weak
convergence in metric spaces is given in the next chapter. Before stating the
first result let us recall that for a random variable X with mean p # 0 and
variance 02 < oo its coefficient of variation is defined as v = o/|pu].

Theorem 3.1.1. Let (X;) be a sequence of iid positive random variables with
a coefficient of variation v < co. Let X be the corresponding k x 1 projection
matriz (k <1) and let N' denote a standard normal random variable.

(i) Ifk*/1 — 0 then
Vi Per X

d
& <Eper;(_1> -
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(ii) If k*/1 — X > 0 then

Per X 4 )\'72
E Per X P (W\/XN 2

(iii) If k?/l — oo then no limit in distribution evists. That is, there exist no
sequences of real numbers (a;) and (b)) such that a;(Per X—b;) converges
in law to a non-degenerate random variable.

Proof. We only argue part (iii) as parts (i)-(ii) are special cases of Theo-
rem 3.4.3 which shall be discussed later on. Let us first state the following
auxiliary result regarding asymptotics of symmetric elementary polynomials
(cf. Example 1.4.1 part 2).

Lemma 3.1.1. Under the assumptions of Theorem 3.1.1 with o®> = 1 let
k/l — 0 asl, k — oo, then

. 1/k
Vi ((é) Sl(k:)> —s| LN

where s; is a sequence of positive numbers such that s; — .

The above lemma is stated without proof which may be found in the original
paper of Székely (1982). For the proof of the main result define now

1 1/k
vi=vi ((,i) swc)) s

and note that in view of Lemma 3.1.1 the random variable V] is asymptotically
standard normal. Since s; + V;/v/1 > 0, Taylor’s expansion (cf. also the proof
of Theorem 7.2.1 in Chapter 7), yields

(li)lsl(k) — exp {k;log (sl n %) } _ Fexp (Lj?) 3.1)

where W is asymptotically normal with zero mean and variance 2. Now,

consider
Z) = exp <—k l)
: \/Z

and suppose that there exist sequences (a;) and (b;) with a; > 0 such that
a;(Z; — by) converges in distribution to some non-degenerate random variable
with a distribution function F. Then choose three continuity points w1, us, ug
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of F' such that 0 < F(uy) < F(uz2) < F(ug) < 1. By the definition of Z; we
have for i =1,2,3

; b
lim P({an(Z = by) < ui}) = lim P (Wl < Vik 'log (M)) = F(u).
aj
Due to the uniform convergence of distribution functions in the central limit
theorem this implies in turn that

lim VI k1 (log (M) —log (M))
l a; ay

_ % (07 (F(us))) — & (F(u1))} > 0

and thus

b
lim vI k™! log (M) > 0.
l w1 + aby

Since VIk~' — 0 hence a;b; — —uy. But the same argument applied now to
ug and ug gives also a;b; — —us and thus leads to a contradiction. O

The above result indicates that the limiting behavior of the random per-
manent function depends heavily on the relationships between the dimensions
of the matrix. We shall examine this issue in detail further on. Before pro-
ceeding, we shall formulate and prove several background results.

3.2 Preliminaries

3.2.1 Limit Theorems for Exchangeable Random Variables

We start the discussion with a quick review of some results on the sequences
of exchangeable random variables. Recall that according to Definition 1.6.2
a sequence of random variables is exchangeable if the joint distribution of
its every finite subsequence is invariant under permutations. It follows that a
sequence of exchangeable random variables is always stationary.

Ezample 3.2.1 (Correlation). Consider the setting of Example 1.6.1 assuming
additionally that X; € L?(£2,F,P). Note that since the sequence (X,,) is
exchangeable it must have a common correlation coefficient p. Moreover,

E(X, X,) — EX; EX

p=Cov(X1,Xs2) =

(Var X1 Var X5)1/2
 EMY2+YY, +YYo +Y?) — (EY; + EY) (EY; + EY)
B Var X,
EY? — (EY)? VarY

- VarY, +VarY - VarYi +VarY '
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The above example motivates the consideration of bounds on the common
correlation coefficient. Assume Y] ..., Y, are exchangeable with some common
variance 02 > 0 and common correlation coefficient p. Then

n n
0<Var(D Vi) => Var(Y;)+ > Cov(¥;,Y;)
i=1 i=1 i#j
=o’n(l1+ (n—1)p)

which yields the bounds on p

<p<l1 (3.2)

Thus it follows that for an infinite sequence of exchangeable random variables
p has to be non-negative.

The basic result for exchangeable sequences is the celebrated de Finetti
theorem. We state it without proof which may be found for instance in Chow
and Teicher (1978, p. 226) or Taylor et al. (1985, chapter 2 p. 17)

Theorem 3.2.1 (de Finetti Theorem). For an infinite sequence of exchan-
geable random variables (Y,,)n>1 there exists a o-algebra G such that

PG e Y <) = [ [ P0G < wilg)
i=1

for all y1,...,ym € R and m > 1. In the above we may take for G a tail
o-algebra of the sequence (Y,,). O

To illustrate the result let us consider a simple example.

Ezample 3.2.2 (Binary exchangeable sequence). Let (Y3, )n>1 be an exchange-
able sequence of variables taking values in {0,1}. By the de Finetti theorem
above there exists a distribution function F' concentrated on [0,1] such that

1
PYVi=1,....Y3, =1,Y441 =0,...,Y, =0) = / 0k (1 — 0)"kdF(9).
0

Looking at the above relationship from the Bayesian statistics point of view,
the distribution F' may be regarded as a Bayesian prior on the random param-
eter ©. In fact given © = 6 the variables Y7, Y5, ..., are independent Bernoulli
variates with parameter # and thus the above relationship clearly holds.

One of the immediate consequences of the de Finetti theorem is a version
of the central limit theorem for sums of exchangeable random variables. In
order to state the result we need to introduce an additional definition.
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Definition 3.2.1 (Mixture of normals). Let ® be a cumulative distribution
function of a standard normal random variable. A random wvariable Z with
distribution function F is a mizture of (centered) normals if F satisfies

F(z) = /000 P(x/0)dG(o), = €R,

where G is a distribution function concentrated on [0,00). When o = 0 we put
b(x/o) =I(x >0).

To clarify the above definition note that if Z is a random variable with dis-
tribution F' as above, then Z is equal in distribution to a product of two
independent random variables n and N where N is a standard normal variate
and 7 has the distribution function G. Indeed, let i = /—1 and ¢ be the
standard normal density function and consider the characteristic function of
Z forte R

Eexp(itZ) = /exp(itm)dF(x) = /exp(z’tm)d (/ @(m/o)dG(U))
— [ explite) [ o~ ow/a)dG o)
/ / explitoa)d(x)dz dG(o) = Eexp(itn\).

Below we state the versions of a central limit theorem and of a law of large
numbers for the weighted sums of exchangeable random variables. For the
proof of the central limit theorem result, see Taylor et al. (1985, chapter 2).

Theorem 3.2.2 (CLT for exchangeable sequences). Let (Y,),>1 be
an infinite sequence of exchangeable random wvariables such that EY; = 0,
0< EX? =02 <00 and Cov (Y1,Ys) = 0. Let [ank, : 1 < k < kp,n > 1] be a
triangular array of real constants. Assume that the following two conditions
hold:

(i) maxi<p<k,

- kn
(i) Sy a2, — 1, as n — oo.
Then
kn
d
E ankYy = Z,
k=1
as n — oo where the random variable Z is a mizture of normals. d

Theorem 3.2.3 (SLLN for exchangeable sequences). Let (Y},),,>1 be an
infinite sequence of exchangeable random variables such that E|Y1| < co. Let
G be the tail o-field of the sequence (Y, )n>1. Then

1 n
~ > Vi —» EMiG) a.s.

k=1

For the proof see, e.g., Chow and Teicher (1978, chapter 7).
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3.2.2 Law of Large Numbers for Triangular Arrays

In addition to basic limiting results for sequences of exchangeable random vari-
ables in the sequel we shall also make use of some law of large numbers type
results for triangular arrays. Let us denote by {Yj} for i > 1, k=1,...,],an
arbitrary triangular array of real random variables and consider the following
conditions

(B1) sup; 55y B [Vik| = < o
(B2) %ZL=1E|YHC|I{|Y”€\ > ¢} — 0 as | — oo, where the sequence (¢)
satisfies ¢; — oo and ¢/l — 0.

Theorem 3.2.4 (WLLN for triangular arrays). Let {Yj;} for | > 1,
k=1,...,1, be a triangular array of row-wise independent, integrable ran-
dom variables. If the conditions (B1)-(B2) are satisfied then as | — oo

(i) le 1 ( lk—EYZk)—>0
(i) kazl [Yik ]~ —>0f0r any o > 1.

Proof. For the proof of (i), let us consider the expression

l l
1 1
7> (Vi — EYiy) = 72 VieI{|Yir| < e} — EYiI{|Yix| < a}) +
k=1 k=1
1 l
7 2Vl Y| > a} = EYul{|Yi| > a}) = (1) + (1) (33)
k=1

But in view of (B1) and (B2) the expressions (I) and (/1) both converge
to zero in probability. Indeed, apropos (I), for any € > 0

(7

1 5 Cl
—lz:: Vi I{|Yik| < e} < mﬁ—)()v

l

Z YieI{|Yir| < a} — EYI{|Yie] < a})| >
-

1
l

and ¢/l — 0.

as | — oo in view of (B1)
(IT), for any e > 0 we have

Similarly, apropos

2
< — E|Ylk|l{|Ylk‘>Cl}—>07
k=1

l
1
72 YiI{[Yie| > e} = EYuI{|Yie| > ci})| >
k=1

o~

as | — o0, in view of the assumption (B2).
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For the proof of (i), let us consider a decomposition similar to (3.3)

l

=Sl

k=1

! l
1 1
= 7o 2 Yl (Yl < e+ 55 Y Vil I{Yie| > er} = (LI1) + (IV).
k=1 k=1

Let € > 0 be arbitrary. The expression (II1) converges to zero in probability
in view of the inequality
a—1
»e) < ()7L
l €

1
1
P ( L
k=1
and the expression (IV') converges to zero in probability in view of

ZQZIYMO‘I{\YM <al
L Vi
P ( Z_QZ\YZHQIHY”C‘ >} > 5> <P (Z llk H{|Yig] > ¢} > &t )
k=1 k=1
1

!
= /o] ZE‘YEICHHYHC\ > ¢}
k=1

and the condition (B2). O

3.2.3 More on Elementary Symmetric Polynomials

In Chapter 1 we have defined an elementary symmetric polynomial S;(c)
(cf. Example 1.4.1). Note that it can be written as S;(c) = nf[h]|, where h
is defined by h(y1,...,¥c) = y1...... ye. For the sake of notational conve-
nience we also define S;(0) = 1 and take the sum in the definition of Sj(c)
to be zero whenever ¢ > [. Elementary symmetric polynomials have several
interesting properties. For instance, for any [ the polynomials S;(c) satisfy the
following recursive relationship.

Lemma 3.2.1. For any 1 <c¢ </

c—1

cSl(c):Z( D4S)(c—d—1) (Zyd+l> (3.4)

d=0

Proof. Let us introduce an auxiliary polynomial Q(c,d) defined as
Q(c,d)

= Z ygl"'ykc-l- Z yklng"'ykc +...+ Z yklyg

1<ki<...<ke<l 1<k; <...<ke<l 1<k; <...<ke<I
l

:Zyg Z Ykr * " Ykeor |

=1 ki £k
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where in the last expression the inner summation is taken over all possi-
ble choices of ¢ — 1 distinct indices ki,...,k.—1 out of the set of indices
{1,2,...,1}\{k}. From the definition of Q(c,d) it follows that for any pos-
itive integers 1 < c¢ <!l and d

1
Q(e,1) =¢Si(¢) and Q(1,d) = Zy i (3.5)
k=1
as well as that

Qle,d) + Qe —1,d+1) = Sj(c — 1) (Zyk> (3.6)
Now, solving the recursion (3.6) for Q(c, 1) with the help of the identities (3.5)
we arrive at (3.4). 0

The following concept of (monic) Hermité polynomials often arises naturally
in connection with the elementary symmetric polynomials.

Definition 3.2.2 (Hermité polynomials). The (monic) Hermité polyno-
mials (H,,) are defined by the formula

it € st 2
— —x - — .
=n P 2

From the definition it follows that

which gives

Hy(s) = s;

Hy(s) = s® — 1;
Hs(s) = s> — 3s;
Hy(s) 65% + 3;

and so on. In fact, it can be also shown that
Hy1(s) =sHp(s) —n Hp—1(s). (3.7)

Other relations between Hermité polynomial include for instance

Hy(s) = (—1)" exp (82> jnn p<_3,2_2>
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and
d

ds
However, the most important property of Hermité polynomial is that they
are orthogonal in the space L?(R, B, Py) of all square integrable functions of
standard normal variable \. More precisely,

H,(s)=nH,_1(s).

0 if m#n,

n! otherwise.

EH,,(N)H,(N)] = \/% /Hm(s) Hi(s) e/ ds = {

3.3 Limit Theorem for Elementary Symmetric
Polynomials

Of course the definition of elementary symmetric polynomials works for argu-
ments coming from an array of random variables as well. We state it for the
reference below. For an arbitrary triangular array {Yi;} (1 < k <), of real
random variables a corresponding elementary symmetric polynomial statistic
of order ¢ > 1 is defined as

Sile) = > Vi Y. (3.8)

1<i1 <...<ip <l

We shall start with a result on the weak convergence of elementary sym-
metric polynomials based on triangular arrays of real random variables.

Theorem 3.3.1. Let {Yi} be a triangular array of square integrable, row-
wise independent, real random variables such that E'Yy, = 0 and

1
1
lim -— Var (Z Ylk> =02 > 0,
=1

I—oo [
k

satisfying additionally the Lindeberg condition
(LC)Veso + S  EYZ I{|Yi| > 0 Vie} » 0 as [ — oo.

Then, for any integer ¢ > 1,

1! ’ 2! o c!

Su(h) Si2) Sl'(c)rg |:0'H1(./\/) JQHQ'(N)P a“HC(N)}T (3.9)

where H. is the Hermité polynomial of order ¢ and N is a standard normal
random variable.
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Proof. Let us assume (without loosing generality) that o> = 1. We shall prove
the above result by induction with respect to c¢. For ¢ = 1 the result is just
the classical CLT (see Corollary 4.3.1) since we have assumed the required
condition (LC) and since Hy(N) = N. Hence

“?1(/12) L Hy(N) (3.10)

Let us assume thus that (3.9) holds true for all integers ¢ = 1,...,¢— 1 and
define a (¢ — 1)-dimensional vector

T
vo_ [SYE Ve Ty
c 1272 032 0 ez |

First, let us note that by taking X;; = Y}i we obtain the row-wise independent
random array satisfying the conditions (B1)-(B2) of the Theorem 3.2.4 with
=1 and ¢ = 1. Thus,

YO L 1,0,...,07 as 1— oo (3.11)

But (3.10) along with (3.11) imply that (cf. e.g., Billingsley 1999, Chap. 1)
T

the vector [Sl(l) JV1, Ygl)} converges weakly to the corresponding limit. On

the other hand, by (3.4) we have that fori=1,...,c¢—1

i . Si(1
1—i/2 Si(i) = Gy ( lll(/2)’Ygl))

where the continuous function G; (known as the Waring function) depends
only upon ¢ but not upon /. This and the induction hypothesis imply

[ Sy ]
) | o) ()1
: . J
S = | Gooy (S YD) | 7 [HeaW) /(e = 1)1 (3.12)
Si(c)
/2 G, (5;’1(/12),%”) B.

for some random variable B.. Hence, in order to arrive at (3.9), we need only
to identify B.. To this end, using formula (3.4) we write

Si(e) 1 l&(c— D Si(1) Sile—2) Yo Y3

/2 =172 1172 j(c—2)/2 I + A

By (3.11) and (3.12), the first part of the above right hand side converges to
He AN = (e=1)He s(N) _ He(N)

c! c!

)



3.4 Limit Theorems for Random Permanents 45

in view of the recurrence relation for Hermité polynomials given by (3.7). For
the reminder term A., we have

18 e Sic—1—d) (V22N L 0
. Z [(c—1—d)/2 Z a2z |
—2

since the expressions in paranthesis converges in probability to zero (by The-
orem 3.2.4) and the random coefficients standing in front of each of these
expressions converge in distribution due to the induction assumption. The
above implies that B, = H.(N)/c!, which entails (3.9). O

The result above implies in particular that

S(0) 4 He(N)

le/2 cl 7

which is a result derived in Teicher (1988) and a special case of the quite
general limit theorem for U-statistics based on arrays of random variables of
Rubin and Vitale (1980). We shall consider a more general version of that
result later on.

3.4 Limit Theorems for Random Permanents

Having established the results on elementary symmetric polynomials in the
previous sections, let us turn to the problem of weak convergence of random
permanents. For convenience we briefly recap the basic notions and notation
introduced in Chapter 2. As before we (for now) assume that X (™) = [X;]
is an m x n (m < n) real random matrix of square integrable components
coming from X () which satisfies the exchangeability conditions (A1-A2).
Clearly, under these assumptions all entries of the matrix X are identically
distributed although not necessarily independent. For i,k = 1,...,m and
j=1,...,nwedenote p = E X;j, 02 = Var X;; and p = Corr(Xy;, X;;) > 0
(see (3.2)). In what follows, we shall always assume that p # 0 and we shall
also denote by v = o/|u| the coefficient of variation.

The major tool of the investigation shall be the orthogonal decomposition
described in Example 2.2.1. Recall that

(mm)
iff;x 1+ Z ( )Ugm’m, (3.13)

-1 -1
ulmm = <n) (m) A7t PerX (cle),
& C

where
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for X7 = [Xij/p — 1]. Moreover, from Theorem 2.3.1 and Example 2.3.1 we
know that under the assumptions on the entries of X (°°) the random variables

Uc(m’n) above for ¢ =1,2...,m, are orthogonal, i.e.
Cov (Ug;nv"),Uggnv")) —0  fore #o (3.14)

with the variance

-1 -1 ¢ c—r r
n m m—r\p° (1 =p)
v (m.n) — 2e _ 1
ar U (c) (c) 7 Z c—r 7! (3.15)
r=0

Let us note that when p = 1 then X () = X and % reduces to a
P-statistic with the kernel as in Example 2.2.1, that is, a normalized elemen-
tary symmetric polynomial in variables X/ pu.

For any c¢ and suitably large m and n denote

W,(n) = (”) <m> AU™M = Per X (clc)

c C

> > Per X(ir,...icljis- -, de)-

1<i3 <..<ie<m 1< <...<je<n

The following results describes the asymptotic behavior of W, (n) which is the
key to investigating the asymptotic behavior of the decomposition (3.13).

Theorem 3.4.1. Let ¢ be an arbitrary positive integer. Assume that m =
My — 00 aS N — 0Q.

If p =0 then
T T
Wi (n) We(n) d c
[, S [F ), T H)]

If p > 0 then

T T
\i% W, d 1/2 ¢, c/2
[Tim B 174 [ ), )]

Proof. Consider first the case p = 0. Define for an arbitrary fixed positive
integer c
Vi(n) =n=/? > Yoir - Yo,

1< <. <je<n

where
1 - -
Yn,':— Xi',
J ﬁ; J

j=1,2,...,n. Here the first subscript indicates the dependence on n through
m = m(n). Observe that V.(n) is just an elementary symmetric polynomial



3.4 Limit Theorems for Random Permanents 47

in independent identically distributed random variables which are column

sums of the matrix X" normalized by v/m. Thus, E(Y,?,) = 7* and we
may use the result on the convergence of elementary symmetric polynomials
for the row-wise independent identically distributed double arrays of square
integrable random variables given in Theorem 3.3.1 to conclude that

d |7 7° ’
Vi(n),...,Ve(n)* 5 ﬂHl(/\/),...,FHC(J\/)
as long as the following version of the Lindeberg condition holds:
E Y I(|Yau| > Vine)) — 0,

for any € > 0 as n — oo. To prove that the condition is satisfied observe first
that
E (Y2 I([Ynn] > vne)) <sup B (Y2 1(YE, > ne?)).
k>1
Consequently, it suffices to show that the sequence of random variables
(Ykz,1)k21 is uniformly integrable, that is

lim sup E (Y2, 1(Y?, > «)) = 0.

Q=00 >

To this end, let us observe the following.

(i) By the de Finetti theorem (Theorem 3.2.1) and the central limit theo-
rem for exchangeable sequences (Theorem 3.2.2) along with the fact that
continuous mappings preserve weak convergence, it follows that Yk2,1 con-

verges in distribution to E ()~(121 |G)N?, where G is the tail o-field for the

exchangeable sequence (X 1)i>1, and N is a standard normal random
variable independent of G, and

(i) E(E (X12J|Q)N2) = E(X'lzl) = ~2 which, on the other hand equals
E (Yk%l) for any k£ > 1.

Finally, using the result of Lemma 3.4.1 below we conclude that the sequence
{Yk2,1}k21 is uniformly integrable since it converges in distribution and the
corresponding sequence of expectations (all being equal) also converges to the
suitable limit.
Observe that for any k=1,...,¢
Wi (n)

VRN L1 C)
)k~ )

where Rj(n) is a sum of different products X;, j, ... X, j, such that 1 <
J1 < .ok <y (i1, ... yik) € {1,...,m}* and at least one of iy, ...,ix in the
sequence (i1,...,1) repeats.

Using the fact that Ry (n) is a sum of orthogonal products (observe that the
covariance of any two of such different products equals zero since the columns
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are independent and elements in each column have zero correlation) and that
the variance of any of such single product equals v2¥ while the number of
products in Ry(n) equals (})(m* — (7)k!) we obtain

n Y (mE — (™)E! 2 mk — (ML)
Var <—(§%§k) _ 2 nkmlgk)k') < % mik)kl om0,

as n — oo (since the numerator is of order m
the order m*).
Consequently, for p > 0 the assertion of the proposition follows.

k=1 wwhile the denominator is of

Now, let us consider the case p > 0. Similarly as above, let us define

‘/C(’I’L) = n—c/2 Z ijl . ijc,

1<j1<...<je<n

where .
1 -
Yn j — — Xi‘v
A ;:1 J

ji=12,...,n.

Similarly as in the first case, we will show that the sequence (Y;?))x>1 is
uniformly integrable. To this end we observe first that by a version of law of
large numbers for exchangeable sequences (Theorem 3.6.3) it follows that as
k — o0 B

Y2 5 B (X1419),

where G is the tail o-field. Further, by the de Finetti theorem (Theorem 3.2.1)
we have

E(E*(X1,11G)) = E(E(X11]G)E(X2,11G)) = E(E(X12X21|F))
= BE(X11X12) = p72
Also,
1
BE(Y¢1) = —5[my* +m(m = 1)py*] = pr*, k= 00

since m = m(k) — oo. Thus, the sequence (Y,f’l) is uniformly integrable and
the Lindeberg condition of Theorem 3.3.1 is satisfied.
This allows us to conclude that

T
a [(/P)! (vVP1)°
Vi(n),..., Vo))" 5 \/;! Hy{(N),..., \/; H.(N)
Similarly to the first case, for any k = 1,..., ¢, we have

Wk (n)
m*(y/n)*

=Vi(n) + W
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However, this time some of the elements of Ry (n) are correlated - this is true
for pairs of products originating from exactly the same columns; if at least
one column in the pair of products is different then their correlation is zero.
Consequently,

Rk(n) 1
Var e - Var (R177k(n))
(mkﬁk> mEnk 1<j1;jk<n e

= (Z) Var(Ra,. k(n)),

m2knk

where Rj, . j,(n) denotes the sum of respective products arising from the
columns ji, ..., ji. Since

‘COU(Xil,jl s Xika.jk’thjl s Xllmjk)‘ < 72k

for any choices of rows (i1, ...,1) and (l1,...,l;), we conclude that

2
Var (le.,k(n)) < (mk _ (7:)]{;') ’y2k.
Hence, it follows that

R.(n Y (mk — (") k1)2~2k 2 (mkE — (M) N2
o () < Bl (e

as n — 0o. Consequently,

— 0

Ri(n) p
—
ne/2me

and the assertion of the proposition for p > 0 follows. The proof of the result
is thus complete as soon as we argue the assertion of Lemma 3.4.1. O

Lemma 3.4.1. Suppose that the sequence (Y,,) of positive integrable random

variables satisfies Y, LA Y asn — oo as well as EY,, — EY asn — oo
for some integrable random wvariable Y. Then the sequence Y, is uniformly
integrable.

Proof. Consider
EY, = / Pt<Y, <a)dt +/ Y,dP
0 Yo >a

«
EY:/ Pt<Y <a)dt+ YdP.
0 Y>>«
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By the hypothesis of the lemma for a such that P(Y = «) = 0 we have

/ Y, dP — YdP asn — .
Y.>«o Y>>«

Thus for any € > 0 with sufficiently large a and ng for all n > ny we must

have
/ Y, dP < e.
Yn>a

Now, we may still increase o to ensure that maxi<p<n, fY <o YndP < & which
implies that for sufficiently large « B

n

sup/ Y,dP < ¢
Y.>«

and the result follows. a

The application of the martingale decomposition (3.13) along with Theo-
rem 3.4.1 from the previous sections allow us to finally formulate main results
for the asymptotic behavior of random permanents. We state them in Theo-
rems 3.4.2 and 3.4.3 below, covering the cases p = 0 and p > 0, respectively.
The first result incorporates the case of all-independent and identically dis-
tributed entries of X (°°). The second one treats, among others, the case of a
one dimensional projection matrix (p = 1).

Theorem 3.4.2. Assume that p = 0.
If m/n— X >0 asn — oo then

(m,n) 2
M LA exp \/Xfyj\[ — )\l .
() mtum 2

If m/n — 0 and m = m, — oo as n — oo then
Per (X (m:n)
n (P& ) ) 4y (3.16)
mo\ () ml

Proof. Consider first the case A > 0. For any n and any N such that N < m,,
denote

N N N
_ M prman) We(n) _ (vVnm)® We(n)
o H;(c)“ N v P P AEN T

Observe that by the first assertion of Proposition 3.4.1 we have that

N

SN LGy = Z

c=0

(My?)</?
c!

He(N),
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as n — 00, since for any ¢ =1,2, ...

Let us define also .
n m
T — (man) .
o Z < c > UC
c=N+1

and observe that since Uc(m’n) are orthogonal then

Var (M) = S° L) 2o o 3~ 7
SR SIS DR R

! c!
c=N+1 (c)c‘ c=N+1
Per (X (™)
and ay — 0 as N — oo. Consequently, for Z, = e we have for any
m o

e>0

P(Syn<z+e, [Tnnl <e)+ P(|Tnnl >e)
P(Snn <z +e)+ P(|Tnn| > ¢).

IAIA

On the other hand,
P(Z,<z)>P(Svn<z—¢, |[Tnn| <e)>P(Snn<z—¢e)—P(Tnn|>e¢).
Thus, for any € R and any € > 0 we obtain the double inequality

P(Snn <x—¢)—=P(|Tnnl >¢) < P(Z, <x) < P(Snvn<7+e)
+P(|TN7H| >€).

Hence, by the Tchebyshev inequality it follows that
P(SN’n S 1._5) _a’]\f/82 S P(Z’ﬂ S 1') S P(SN,n Sx—l—s) +GN/€2.
Taking the limit as n — co we obtain

PGy <z —¢)—an/e* < lim P(Z, <2) < P(Gy <z +¢)+an/e?

n—00

But ay — 0 and Gy converges almost surely to G, = exp(vV YN —Ay2/2) as
N — oo since by the definition of Hermité polynomials (see, Definition 3.2.2)

2 00 2y¢/2
exp <\/X’y./\/— )\%) = Z MHC(./\/')

c!
c=0
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Hence, for any ¢ > 0

PG <x—¢)< lim P(Z, <12) < P(Geo <z +¢).

n—00

Consequently, Z,, converges in distribution to G, which completes the case
A > 0.
For the proof in the case A = 0, let us write

[n [ Per(X) [ (M (m.n) Wi(n)
— | 1] = — ’ m,n — m,ns
m ((;)m!,um > m(l)Ul R, Vnm R,
where .
_ | MY rrGm,n)
Runn ,/m;<c>Uc .

Observe that R, , converges in probability to zero, since by (3.15) it follows
that

™)y2e
(2)e!

m
S_
n

m
n
Var Ry, n = p- Z; exp(7?) — 0.

Hence, the result follows by Theorem 3.4.1 for m = m,, — oo.
As an example of an application of this result consider

Ezample 3.4.1 (Asymptotics for the number of perfect matchings). Let X be
a matrix of independent Bernoulli variables with probability of success p.
Consider a number of perfect matchings H(G, X)) in an undirected bipartite
random graph G = (V4,Va2; E) as described in Example 1.3.1. Observe that
in the notation of this chapter, for the Bernoulli random variables X;; we

have = p € (0,1), v = /(1 — p)/p, and H(G, X ™)) = Per X (™) From
Theorem 3.4.3 it follows that if n,m — oo and m/n — A > 0 then

X (m.n) A2
M iexp <\/Xfyj\[_ l) .
() mtp™ 2

On the other hand, if n —m — oo and m/n — 0 then,

mp H(G, X (mm)) ) 2
n(l—m( BErE 1) A

In the case m = n the first of the above relations has been first noted, in a
slightly different form, by Janson (1994).

Our second result on the convergence of random permanents treats the
case p > 0 and, in particular, for p = 1 specializes to the parts (i)—(ii) of the
Theorem 3.1.1.
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Theorem 3.4.3. Assume that p > 0.
If m?/n— X >0 asn — oo then

er (X (mn)

If m?*/n — XA =0 and m = m, — o0 as n — oo then

Vi (LT (xmm) 1) 4 JpN. (3.18)

mo\ () mbam

Proof. As before, let us first consider the case A > 0. Then for any N and any
n such that N < m,, denote

N
o H;(c)U ”Z c' SR

Observe that by the second assertion of Theorem 3.4.1 we have that

N 2\¢/2
Snm % Gy = > MH«:(N)»

c!
c=0

as n — 00, since for any ¢ = 1,2, ...

Let us define also

c=N+1

Since U(m’n are orthogonal, then by (3.15)

Mn m\.,2c € m—r C=T(1 — p)"
Var (TN,n) - Z (C(ZL’;I Z <C _ 7,) 2 (T' p)

c=N+2 c r=0

The inner sum above is majorized by
c) = 7! pre- = c
since 0 < p < 1. Thus

2
My m c 1 oo 2\ ¢ 52¢
Vo= 3 ey itce 3 () I

c=N+1
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The last inequality holds true in view of

which follows from the inequality

(m —r)? <m2
- n

n—r

valid for 0 < 7 < m < n. Thus for n sufficiently large

> (202)¢
Var (Tnn) <e Z @:m\/
c=N+1 ¢

and ay — 0 as N — oo.
The final part of the proof follows now exactly along the lines of the proof
of Theorem 3.4.2 with 42 replaced by py2. This completes the case A > 0.
For the case A = 0, let us write

@ PL(X) —1)] = @ m Ul(mv") +Rmn — Wl(n) +Rm.n,
m\ (")ymlpm ’ Vnm '

m \ 1

where

We will prove that R,, , converges in probability to zero. To this end note
that starting from (3.15), similarly as above, we get

m (m\ _2¢ ¢
n 0 1/m-—r _
VarRm’":W (C(l) ZF(C—T)(l_p)TpC '
c=2 c r=0 "

2 M _2c 2

m Y 14421

<€_ <e v

~ n Z c - n

Hence Var Ry, , — 0, as m? /n — 0 by the assumption, and the result follows
via the Tchebychev inequality.

Thus, the final result follows by the second part of Theorem 3.4.1 since we
assume m = m,, — oQ. O

In the hypothesis of second parts of Theorem 3.4.2 and 3.4.3 we have
required the permanents to be of infinite order, that is, that m, — oo as
n — oo. However, note that this restriction in not necessary and the (slightly
modified) conclusion of Theorem 3.4.2 and 3.4.3 remains valid for m being
a fixed constant. Indeed, note that the conclusions of Theorem 3.4.1 remain
true also for a constant m. This follows in view of the two facts related to the
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proof of Theorem 3.4.1. Namely, if m is constant then the Lindeberg condition
(LQ) is trivially satisfied and the remainder term R,, vanishes, i.e. the properly
normalized Wi (n) simply equals Vi(n). Consequently, the reasoning similar
to the one given in the proof of Theorem 3.4.3 yields

(m,n)
Q (& ) 1) 4w

m\ () mhm

where 72 = (p + (1 — p)/m)»?. Similar argument also applies to the The-
orem 3.4.2. In this case p = 0 and the assertion of the theorem remains
unchanged for m being a fixed constant. Note that for m = 1 the result is
simply a classical central limit theorem (see, Corollary 4.3.1).

3.5 Additional Central Limit Theorems

In the previous section we have proved limit theorems for permanents under
the column-exchangeability and column-independence assumptions (A1-A2)
imposed on X (). The first of these assumptions allowed us to utilize some
powerful results from the theory of exchangeable random variables like CLT
and SLLN for exchangeable sequences. However, under many circumstances
it is not necessary to require column-exchangeability in order to prove asymp-
totic results for permanents. In this section for the purpose of illustration
we present two CLT for permanents without requiring the column random
sequences XM X(™) of X () to be exchangeable. Instead we assume a
weaker condition that the columns have a homogeneous correlation structure,
that is for any 41 # i the correlation corr(X;, j, Xi, ;) = p is constant. The
condition (A2) remains valid, i.e. we still assume identical distributions and
independence for the column random sequences XM, ... X (M) of X (o),

Under these modified assumptions on X () we present two versions of a
permanent CLT dealing with the case when p > 0 and p = 0, respectively.
As a trade-off, however, we shall need some additional hypothesis on the
moments of the underlying probability law. It is important to emphasize that
the formulas for the variances of Per (X (™)) derived for X (°°) satisfying
both (A1) and (A2) still remain valid.

In Theorem 3.5.1 below, we consider the case p > 0. Indeed, a brief inspec-
tion of the proof reveals that in the case p = 1 or m being a fixed constant
independent of n the result holds true as long as 0 < 02 < oo. Let us also
note that the theorem remains valid if we assume only that E | X117 < oo
for some 0 < 6 < 1 but strengthen the assumptions on the rates of m and n
to m?/ n® — 0. It seems, however, that in general the assumption of the exis-
tence of a higher moment cannot be removed without the row-exchangeability
requirement.
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Theorem 3.5.1. Assume that E | X11|> < oo, p#0 and p € (0,1]. If m*/n—0

then
(m,n)
N (& . 1) a

mo\ () mtpm
where 72 = py? if m — oo and 7% = (p+ (1 — p)/m)~y? for constant m.

Proof. Without any loss of generality we assume that © = 1. By (3.13) we

may write
v [PerXtmm :@i M ((mn).
m (™) m! m c) ¢
m c=1
First, note that by the argument identical to that used in the proof of

Theorem 3.4.3 .
Ry = v 3 (m) ymm P, g,
m ‘= \c

Consequently, we need only to show that

\/ﬁ m (m,n) 1 LR 1 < (m) d
w0 AL L e s E T SN,

i=1 j=1

where Yj(m) =" X’ij/m, j = 1,...,n. Let us consider an arbitrary
sequence (m;,) such that m2 /n — 0, as n — oo, and denote Y,,; = Yj(m")/\/ﬁ,
j =1,...,n. Due to the structure of the matrix X (> the triangular array
(Y,,;) is row-wise independent and identically distributed. Furthermore, the
entries of the array have zero means. Hence, by CLT for the row-wise inde-
pendent triangular arrays, it suffices to show that

(7) Z;;l VarY,; — C >0,
(i) Y EY2 I(|Yay] >€) =0 Ve>0.

Note that 3°7_, VarY,; = (p + (1 - p)/mn)o? — 72 and hence (i) fol-
lows immediately. In order to check the Lindeberg condition (ii) we use
Lemma 3.5.1 (see below) obtaining for any £ > 0

n
S EYE (Y] > €)
j=1

= m;QE (Xu +...+Xm,,L1)2I(|X11 +...+Xm1‘ > mn\/ﬁe)
1+4(my, —1)2 _ - -
Latm =17 p 22 1130, > vine)
n
144 —-1)2 -
< MED(HP—’O-
Mp/NE
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Our next result establishes CLT for random permanents in the case when
the column entries are uncorrelated. Similarly as in Theorem 3.5.1 here also
one can somewhat relax the moment assumptions and require only that
E|X11[*"° < oo for some § > 0, as long as it is true that m?*°/n® — 0.
It is perhaps somewhat surprising that apparently without assuming further
structure of the joint distribution of the row vectors of X (°) one cannot elim-
inate these additional assumptions.

Theorem 3.5.2. Assume that EX{; < oo, u # 0,0 < v < oo and p = 0.

If m3/n — 0 then
(m.n)
S (B ) e
m o\ () m! e

Proof. As in the proof of Theorem 3.5.1 we assume, without loss of generality
that = 1. Now again by (3.13) we have

no(PerX ) /(Mg g
m (Z)m! m\ 1 1 e
_ /ﬁz’" M ¢ (mm)

R m 2 <c>UC .

We show first that R, , tends to zero in probability. To this end observe
that by (3.14), (3.15) and the fact that (") /(%) < (m/n)¢, (1 < c<m <n),
it follows that (taking n large enough to have m/n <1)

(m

e
(4)e!

where

exp(7%) = 0,

m
S_
n

n m
Var Ry, n = — E
m
c=2

and hence R,, , — 0 in probability, in view of the Tchebychev inequality.
Secondly, we will show that

m n n
; <m> (m,n) 1 5 1 (m) d
— U1 = — Xij = — Y. - ’YN.
Vi \1 T 2 2 NG jzzl I

i=1 j=1

where Yj(m) =>", X’ij/\/m, j=1,...,n. As in the proof of Theorem 3.5.1
let us again consider an arbitrary sequence (m,) such that m?/n — 0, as
n — oo, and denote Y,; = Yj(m")/\/ﬁ, j = 1,...,n. Again, due to the
structure of the matrix X the triangular array (Y5,;) is row-wise independent
and identically distributed. Furthermore, the entries of the array have zero
means. Hence to complete the proof we may again use the CLT for rowwise
independent triangular arrays. Since now Z?:1 VarY,; = v? we need only
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to verify the Lindeberg condition. By Lemma 3.5.1 below it follows that for
any € >0

ZE I(|Ynj| > ¢)

= mn E(X11 4+ ...+ anl)zl(\f(n + ...+ anl‘ > ./mnne)
< (1 +4(m, — 1)) EX2I(|X11| > /n/mye)
(1 +4(m,, — 1)*)m,,

n

< E‘X11‘4—>O

since m3/n — 0. The proof is thus completed as soon as the result of
Lemma 3.5.1 is justified. a0

Lemma 3.5.1. Let (X1,...,X,,) be a random vector with square integrable,
identically distributed components. Then for any a > 0

E(Xi+.. 4+ X)) (| X1 4. . 4+ X,| > a) <n(1+4(n—1)%)E X{I(|X1| > a/n).
Proof. Observe that
E(Xi+ ...+ X)2I(|X1+...+ X,| > a)

< zn:E(Xl o+ X2 I X > a/n)

i=1

Z(EXZ (1X;] > a/n) +ZEX2 (1X;] > a/n)

i=1 i

+ZEXin I(Xi|>a/m)+ > EX;X.I(X] >a/n)).
J#i 1< <n
j k
(3.19)

But for any X, Y, Z identically distributed, square integrable random variables
and any positive b we have

EX?I(|Z| > b)

= EX?I(|X|>b)I(|Z] >b) + EX?I(|X| <b)I(|Z] > b)

< EX?I(|X|>b)+ EZ*I(|Z] > b)

=2EX?I(|X| > b),

Similarly, but additionally using the Cauchy-Schwartz, inequality we get

E|XZ|I(|Z] > b)
=EB|IXZ|I(|X|>bI(|Z]>b)+ E|XZ|I(|X| < b)I(|Z] > b)
<VEX2I(|X| >b)E Z2I(|Z| > b) + E Z*I(|Z| > b)
=2EX%I(|X| > b).
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Now, by the above inequality, it follows also that

E|XY|I(|Z] > b)

=E|XY|I(|X]|>b)I(|Z] >b)+ E|XY|I(|X| <b)I(|Z] > b)
<E|XY|I(|X|>b)+ E|ZY|I(|Z] > b)

<4EX?I(|X| > b).

Finally, applying the above three inequalities to the right hand side of (3.19)
we get

E(Xi4 ...+ X)) I(| X1 +...+ X,| > a)

<n[EX?I(|X1] > a/n) +2(n—1)EXZI(|X1]| > a/n)
+2(n—1)EX?I(|X1] > a/n) +4(n—1)(n — 2)E X7 I(|X1| > a/n)]

=n(l+4(n—-1EXZI(|X1| > a/n)

which gives the required inequality. d

3.6 Strong Laws of Large Numbers

By virtue of the decomposition (3.13) derived in Chapter 2 we may represent
a random permanent as a sums of uncorrelated backward martingales . This
is helpful for analyzing asymptotic behavior, as it turns out that the reverse
martingales have particularly nice convergence properties. For instance, for
the discrete martingales (T' =0, 1,...) we have the following.

Theorem 3.6.1. Let (Y;)1=o0,1,... be a backward martingale adopted to a decreas-
ing sequence (Fy)i=o,1,... of o-fields (sub-o-fields of F) and let Foo = (Noeq Fi-
Then Yy converges almost surely and in Ly to E(Y1|Foo). O

The proof of this theorem may be found in any standard general textbook
on martingale theory (see, e.g. Chow and Teicher, 1978, chapter 7). As an
example of its applicability let us consider the following.

Lemma 3.6.1 (SLLN for classical U-statistics). Let k be a given positive
integer. Consider a sequence of U -statistics Ul(k)(h), l=Fkk+1,..., with the
fized kernel h. If E|h| < oo then

Ul(k)(h) — Eh a.s. as | — oo.

Proof. We shall use the H-decomposition (1.15). Since k is fixed the result
will follow if we argue that U.,; — 0 as [ — oo for each ¢ = 1,..., k. To this
end note that it follows from Theorem 2.2.2 (for X =X, m,, = k and n =1)
that for each ¢ = 1,...,k the variables U, ;,l = ¢,c+1,... form backward
martingale sequence with respect to the o-field Fo; = o{Uci, Ucis1,-. .}
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Thus there exists a random variable X, which is measurable with respect to
the o-field Foo = (N, Fe,s such that as [ — oo

Ui — Xe a.s. and FEU.; — EX, c=1...,k.

However, by the Hewitt-Savage zero-one law (cf. e.g., Chow and Teicher
1978) the tail o-field F is trivial and thus X, has to be a constant a.s. This,
however, in view of the above convergence of the expectations implies that
for ¢ = 1,...,k we have necessarily X, = EX, = 0 since EU,;; = 0 for all
I >k>c m|

As a simple example of the above consider the law of large numbers for a sum
of independent and identically distributed random variables.

Ezample 3.6.1 (Classical SLLN). Let (X;) be a sequence of independent and
identically distributed, integrable random variables and let S; = Zi:l X;.
Then

S/l - EX; as. as | — oc.

In general for PerX (™™ when both m,n — oo the results of the type
presented above are insufficient since the number of elements in the H-
decomposition increases with n and thus some refinements of the result of
Lemma 3.6.1 are needed. The first results treating almost sure convergence of
permanents for one dimensional projection matrices, that is the issue of strong
convergence for random permanents were obtained in Haldsz and Székely
(1976). The authors considered symmetric polynomials of increasing order
for positive iid random variables which, for the matrix of positive entries, is
equivalent to taking p = 1 in the scheme (A1-A2) we consider here. Then it
was shown that under the condition m/n — A >0

PerX 1/m
s — S(A a.s.,
( @ ) W

where S(A) is a non-random quantity uniquely determined by the value of A
and such that S(0) = u. Note that the above result is implied by the relation
of the type

Per X (m:m)

()t

as n — oo and/or m — oo, but only when A = 0. Further non-linear laws
of large numbers for permanents are also known. In particular, it is known
that for X = X the relation (3.20) cannot hold if m/y/n — X > 0 and only
a logarithmic version of SLLN for elementary symmetric polynomials under
restrictive technical assumptions were obtained.

Here we discuss the conditions under which the SLLN of the form (3.20)
holds under the exchangeability assumptions (A1-A2) on X () as given in
Chapter 1. It turns out that in this setting a somewhat more stringent condi-
tion on the rate of relative asymptotic behavior of m and n is helpful.

—1 as. (3.20)
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Theorem 3.6.2. Let m = m,, be a non-decreasing sequence. If p € (0,1] and
mP/n — 0 for some p > 2 then

Per X (mm)
—— —1 a.s
() it
Proof. As before we use the H-decomposition (3.13). Hence, it suffices to
prove that
" (m
Z ( )Uc(m’") —0 a.s.
c=1 ¢
as n — oo.

Observe that for sufficiently large n, say n > ng, we have m = m,, < n'/?.
First, we prove that for any arbitrary but fixed ¢ > 1

<m> Um0 a.s.
c

To this end note that for any € > 0

P ( sup <m"> julmn)| > 6)
n>2m0 &

Mn (m,n)
< E ’ .
=2t (2'“522}2(“1 < c )Uc > g)

k’Zno

Since

it follows that

P( sup <m")|Uém’")| > 8)
n>2m0 c

9c(k+1)/p
- (m,n)
< X P (T > ¢,

kZTLo

Now, by the maximal inequality for backward martingales (see Theorem 2.1.2)
we get

m Var (U427 92040/
P< sup < cn)|U£m’") > €> < Z
k>ng

n>2m0 (c!)2e?

'Y p 622c(k:+1)/p
- Z (2k> ’

k>ng
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since it follows (see Example 2.3.1) for p > 0 that

2 \c
Var Uc(m,n) S (’Y 5) €
(%)

Let us note that for sufficiently large n we have (C) > 5 n 3¢ Which entails

P ( sup (mn> |u{mm)| > 8)
n>2m0 \ €

(2’72p)66 92¢c(k+1)/p (21+1/Pfy P

y Ee C 3 s
cle? ke cle?
k>ngo k>ngo

and the last series converges since p > 2, i.e. 2/p—1 < 0. Thus, it follows that

lim P( sup (mn> julmn)| > 8) =0,
ny— o0 n22n0 C

and, consequently, (") Uc(m’”)\ — 0 a.s.
In the second step we consider

Rinn(k) = i <’Z> )

c=k

for some 2 < k < m. We will prove that there exists k satisfying 2 < k < m
such that R, »(k) converges to zero completely, i.e., Ve > 0

ZP\Rmn )| >e) <

This will obviously follow if we can show that

Z Var(Ry, (k) < co.
n=1

By the orthogonality of the H-decomposition (3.14) it follows that

m

Var(Rpa (k) = (T)zmr((]gmv")).

c=k

Consequently, using (3.15) and proceeding similarly as in previous proofs
we get

(’:)) e zc: <7Z—_:) pc‘r(il— p)’
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Now, for large enough n we have m?/n < m?/n < 1, and hence

Var(Rpn(k)) < (m—2)kel+72.

n

m? _ mP 2/p 1 - 1
n  \n nl=2/p = pl-2/p

for sufficiently large n, it follows that for k such that k(1 — 2/p) > 1 the
sequence (R, »(k)) converges completely to zero as n — oo.
Combining the two steps we arrive at the conclusion of the theorem. O

Since

Let us now turn attention to the case p = 0. In case of the permanent SLLN
for uncorrelated (and thus possibly independent) within-column components,
an additional technical condition on the behavior of the sequence m = m,, is
required.

Theorem 3.6.3. Let p = 0 and let m = m,, be a non-decreasing sequence.
Assume that 3p > 1 and 3 L > 0 such that

mP/n — 0
and
m2, < Lm,n'/P. (3.21)
Then
Per X (mn) 1
7(:1) g —1, a.s.

Proof. Observe that in the case p = 0 it follows from (3.15) that

72c
VaT(Uém’n)) = W

Consequently, using the same argument as in the previous proof we arrive at

2c
m Z moy 2k
P( S (C)'UC(mm| ~ 8) = 0122?21 Var ( ém?k ))
k’Zno

n>2m0
- (2’}’)26 Z m§k+1 c
- C!€2 Mok 2k ’

kZ’I’Lo

where we used the inequalities s(s —1)...(s—c+1) > (s/2)° for s sufficiently
large, taking s = mor and s = 2%,
Now by (3.21) it follows that

L(2 2c ]
P (g, (7wt e) < FELE 52 2

TLZ2"0
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and the series converges, since p > 1. Hence for any fixed c it follows that
(”Z)|Uc(m’n)| — 0 a.s.

Similarly as in the proof of Theorem 3.6.2 we again consider R, (k) =
S (T)Uém’n) for some 2 < k < m. We shall prove that there exists k
(2 <k < m) such that R, ,,(k) converges to zero completely.

To this end it suffices to note that
m (m) 2¢
Var(Ry, (k) = Z <

prt (Z) c! prt necl
m _ 2
:<ﬁgk§:<m)ck@v>c§(ﬁgkgf.
n/ o —=\n c! n

But now it follows immediately that the series of variances converges if
only the parameter k is chosen in such a way that k(1 — 1/p) > 1, since

m mP p 1 1
Z:<F> P RSV

for n sufficiently large to have m?/n < 1. ad

To illustrate the application of this result let us revisit the by now familiar
example of number of perfect matchings in random graphs.

Ezample 3.6.2 (SLLN for perfect matchings). Consider as before the bipartite
graph G = (1, Va; E) with the matrix X ("™ of independent and identically
distributed Bernoulli weights (i.e., the edges occur independently with a fixed
probability 0 < p < 1). We are again interested in the asymptotic behav-
ior, this time in the almost sure sense, of the number of perfect matchings
H(G, X (™)), Under the assumptions of Theorem 3.6.3 we have

H(G X )
() mlp™

The condition (3.21) is somewhat mysterious, but in essence seems to be a
requirement for the behavior of the sequence (my). Observe for instance that
if mg,,/my, is bounded then the condition (3.21) holds.

Note also that instead of (3.21) one could require that the sequence my,

satisfies
> 1

2—2/p
el mnpn

To see this, note

2/p 2c k
s (m,n) 2 (27) 2
P( sup < c )|U(z | > €> = T2 k; Mgk 2K2=2/p)”

n>2m0
2 >no

A
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which follows from the inequality m, < n'/? holding true for sufficiently
large n. The fact that the last series converges follows in view of the Cauchy
condensation criterion and (3.6).

The above implies in particular that if p > 2 the assumption (3.21) may
be dropped, since the condition (3.6) is then always satisfied.
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A very good introduction to the limiting theory for exchangeable random
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4

Weak Convergence of Permanent Processes

4.1 Introduction

In the previous chapter we have discussed two results on the weak convergence
of random permanents in Theorems 3.4.2 and 3.4.3. The results were proved,
in essence, by reducing the analysis of asymptotic behavior of a random per-
manent to that of an elementary symmetric polynomial and taking advantage
of the general limit theorem for elementary symmetric polynomials of increas-
ing order (cf. Theorem 3.3.1). Whereas the advantage of the approach is its
conceptual simplicity, we saw that it required overcoming several technical
difficulties.

One way of avoiding some of these difficulties is by utilizing the results bor-
rowed from a quite general theory on the weak convergence of the stochastic
integrals developed by Jakubowski et al. (1989) and Kurtz and Protter (1991).
By adopting this approach, one may obtain a functional analogue of Theo-
rem 3.3.1, for instance, as a consequence of the result on weak convergence
of sequences of stochastic integrals given in Kurtz and Protter (1991). Then,
similarly as in Chapter 3, one may relate that result to a functional version
of the limit theorem for random permanents. The advantage of applying this
method is in considerable simplification of the arguments leading to analogues
of Theorems 3.4.2 and 3.4.3 which in current setting are obtained as simple
corollaries of the appropriate functional limit theorems. The disadvantage is,
of course, that one needs to introduce some new tools from the modern theory
of stochastic integration. It is perhaps useful to note that, unlike in Chapter 5
where the stochastic integrals shall be used to write out the appropriate weak
limits in more concise form, in the present chapter we utilize the stochastic
integration theory mostly for the sake of the suitable convergence properties of
the processes of interest which turn out to be stochastic integrals with respect
to certain continuous martingales.

The developments presented in the current chapter, though leading to
results for permanent processes, may be also viewed as an alternative way of
arriving at the limit theorems for random permanents given in Chapter 3.
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The current chapter is intended to be somewhat self-contained in that
it does not utilize any of the results on permanents derived in the previous
chapter. In the next two sections we recall some basic properties of the space
Dgrr which is the Skorohod space of cadlag functions on [0, 1] with values
in R*. In the subsequent Section 4.4 we define a stochastic process which
is related to a permanent, the co-called permanent stochastic process or PSP.
Again, similarly as in Chapter 3, the orthogonal decomposition of a permanent
is our major tool also in this chapter. In Section 4.5 we recall some basic facts
from the stochastic integration theory and then derive an invariance principle
for what we refer to as an elementary symmetric polynomial process (ESPP)
via the stochastic integrals convergence theorem. The result is presented as
Theorem 4.5.1. Subsequently, the result on the ESPP is related to the asymp-
totic behavior of the component processes of PSP (Theorem 4.6.1). Once this
result is established the asymptotics for PSP follow via the truncation-type
argument along with the basic properties of the Prohorov distance and the
martingale properties of the component processes. These are the main results
of this chapter and are presented in the last two theorems of Section 4.7. In
particular, from these theorems the assertions of Theorems 3.4.2 and 3.4.3
follow immediately.

4.2 Weak Convergence in Metric Spaces

First, we give some general background on the Skorohod spaces and the weak
convergence of stochastic processes.

Let (Z,d) be an arbitrary metric space with a metric d and let B(Z) be the
corresponding Borel o-field. Let P(Z) be a class of Borel probability measures
on Z. So far we have been mostly concerned with the case of Z = R*. Since we
shall now venture into more abstract metric spaces at this point it is perhaps
useful to note that the notion of the weak convergence used so far for R* also
works in a more general metric space setting. Recall the following.

Definition 4.2.1 (Weak convergence in metric spaces). Consider a seq-
uence of probability measures (P,) and a probability measure P on (Z,B(T)).
We say that the sequence (P,) converges weakly to P if and only if the con-
vergence (recall the notational convention (1.5))

Po[fl = Plf] n—o0

holds for every bounded continuous real valued function f on I.

In the sequel, if Y,, and Y are random elements in Z, we continue to

write Y, LY for the weak convergence of the corresponding probability
distributions. The following result ensures that the above notion of the weak
convergence is consistent with the other ones used so far. Recall that a set
A € B(T) whose boundary 0A satisfies P(0A) = 0 is called a P-continuity set
(note that the set JA is closed and hence is an element of B(Z)).
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Theorem 4.2.1 (Portmanteau’s theorem). Let P, and P be probability
measures on (Z,d). Then the following conditions are equivalent

(i) P, converges weakly to P as n — co.
(ii) Pnf — Pf asn — oo for all bounded, uniformly continuous f.
(ii) limsup,, P, (F) < P(F) for all closed F' C T.
(iv) liminf, P,(G) < P(G) for all open G C T.
(v)  Pn,(A) — P(A) as n — oo for all P-continuity sets A € B(T).
O

The proof of this result may be found, for instance, in Billingsley (1999, p. 16).

It is often convenient to topologize the space of all probability measures
P(Z) in a way which agrees with a notion of weak convergence. This may be
done for instance by introducing the Prohorov metric.

Definition 4.2.2 (Prohorov metric). Let P, Q) be two probability measures
belonging to P(Z). The Prohorov metric (or distance) is defined as

o(P,Q)=inf{e >0: P(F) < Q(F°)+e VY FeC(}

where C s the collection of closed subsets of T and

Fe = Z:infd .
{xe [nf. (z,v) <€}

In order to argue that p is indeed a metric we need the following.
Lemma 4.2.1. Let P,Q € P(Z) and o, 3 > 0. If
P(F) <QF*)+p (4.1)

for all F € C, then
QF) < P(F*)+p (4.2)

for all F € C.

Proof. Given Fy € C let F» =7 — F* and note that 5 € C and F} C S — F3'.
Consequently, by (4.1) with F' = F,

P(F{") =1— P(Fy) > 1-Q(Fy") — 8> Q(F1) — 5,
which implies (4.2) with F' = F}. O
From the above lemma it follows that o(P,Q) = o(Q, P) for all P,Q €

P(Z). Also, if o(P,Q) = 0, then P(F') = Q(F) for all F' € P(Z) and hence
for all F € B(Z). Thus o(P,Q) =0 if and only if P = Q. For P,Q,R € P(Z),
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take any € > 0 and 0 > 0 such that o(P, Q) < ¢ and o(Q, R) < J. For any set
A denote by A its closure. Then on noting that (ﬁ) C Fote we get

P(F)<Q(F)+6<Q(F) +5 < R((FF) ) +e+0 < R(F™) +6+¢

for all F' € P(Z). Hence o(P,R) < 6 + ¢ and due to the fact that ¢ and §
are arbitrary numbers satisfying o(P, Q) < ¢ and o(Q,R) < § we get that
o(P,R) < o(P,Q)+0(Q, R) which ends the proof of the fact that ¢ is a metric.

Let X,Y be two random elements in Z with their corresponding proba-
bility laws P and . The Prohorov distance between X, Y is then defined as
o(X,Y) = o(P,Q).

It turns out that if (Z,d) is a separable metric space then the convergence
in Prohorov metric is equivalent to the weak convergence as defined above.
Let us state this as follows.

Theorem 4.2.2. Let (Z,d) be a separable metric space and let Y,,,Y be I-
valued random elements. Then, as n — oo,

Y, %Y ifandonlyif o(Y,,Y)— 0.

Proof. Let P,, P € P(Z) denote the laws of Y,,, Y respectively. Suppose that
0(Y,,Y) — 0, then there exists a sequence ¢, such that o(Y,,Y) < &, — 0.
Note that for any F' € C limsup,, P,(F') < limsup,, P,(F°") + ¢, = P(F)
and hence Y, 4y by Theorem 4.2.1.

Conversely, suppose now that Y, L Y. Let £ > 0 be taken arbitrarily.
Consider a countable family of open disjoint subsets {A;};>1 of the space T
such that sup, ,c 4, d(7,y) < € for all i’s and P(Ag) < ¢/2 for Ag = T\ J; Ai.
Such a partition of Z exists due to the assumption of separability. Let us
choose k large enough so that P (Uz>k Ai) < ¢/2 and let Gg be a finite class
of open sets of the form A;, U---UA;, for 1 < iy <,...,< 4 < k. If P,
converges weakly to P then by Theorem 4.2.1 there exist ng = ng(e) such
that for all n > ng, P,(G) > P(G) — ¢ for each G € Gy. For a given set B let
By be the union of those sets among {A4;} that intersect with B. Note that
B§ € Go, and for n > ng we have

P(B) < P(By) + P(| ] Ai) + P(Ag) < P(B§) + € < Pu(B§) + 2¢
i>k
< Po(B*) + 2,
and hence o(Y,,,Y) <e. O
The following upper bound on the Prohorov distance shall be useful.

Theorem 4.2.3. Let P,Q € P(Z) and let v be a measure belonging to P(Z?)
such that v(A x Z) = P(A) and v(Z x A) = Q(A) for all A € B(Z) (i.e., v
has marginals P, Q). Then

o(P,Q) <inf{e > 0: v{(z,y) : d(x,y) > e} < e}.



4.3 The Skorohod Space 71

Proof. Suppose that
V(@) d(z,y) > 2} <,
then for any F € C

P(F) = v(F x T)
V((FxI)N{(z,y) :d(z,y) <e})+e

<
SV(IXF)+e=Q(F)+e

and hence o(P, Q) < ¢ and the result follows. O

4.3 The Skorohod Space

In this section we introduce an important metric space that shall be essential
for further discussions of this chapter. Let us begin with a description of a
class of functions which plays a fundamental role in describing the functional
limits theorems we are interested in.

Consider a space of real valued functions = on the interval [0,1] that are
right-continuous and have left-hand limits. More precisely,

(i) for 0<t<1,z(t")=lims¢z(s) exists and z(¢tT) = x(t), and
(i) for 0 <t <1, x(t) = limgy4 () exists.

Functions with these properties are typically called cadlag which is an acronym
for French “continu & droite, limites a gauche”. A function x is said to have
a discontinuity of the first kind at ¢ if z(¢t~) and z(¢") exist but differ. Any
discontinuities of a cadlag function are of the first kind. Note also that the
space of all continuous functions on [0,1] is a subset of the collection of all
cadlag functions on [0,1].

In the space of continuous functions on [0,1] one typically defines the dis-
tance between two elements x,y by considering the uniform perturbation of
the difference of the graphs z(t) and y(¢) with the same abscissas (time),
that is

do(x,y) = sup |x(t) —y(t)]. (4.3)
te[0,1]
In contrast, in the space of cadlag functions it is convenient to additionally
allow for a small deformation of the time scale. Physically, this reflects an
acknowledgment that we cannot measure time with perfect accuracy more
than we can measure position. The following distance notion, devised by
Skorohod, embodies the idea.

Let 7 denote a class of strictly increasing, continuous functions (or map-

pings) from [0,1] onto itself. If v € 7" then v(0) =1 and v(1) = 1. For cadlag
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x and y define their distance d(z,y) to be the infimum of those positive ¢ for
which there exists v € 1" satisfying

sup |v(t) —t| =sup|t —v '(t)| < e
t t

and
sup lz(t) —y(v(t)| = sup [z(v™H (1) —y(t)] <e. (4.4)

Setting ||z|| = sup, |z(t)| and defining Id to be an identity mapping, we may
write this in a bit more compact form as

d(z,y) = inf {max(jv — Id], ||z —y o v])} (4.5)

Note that the above indeed defines a metric: It may be shown that each cadlag
function on [0,1] is bounded thus d(z,y) is always finite (since we may take
v(t) =t). Of course d(z,y) > 0 and d(z,y) = 0 implies that for each ¢ either
x(t) = y(t) or z(t) = y(t~) which in turn implies that x = y. Note that if
v € T then also v™! € T as well as if v1,v2 € T then also vi ovy € 1.
The fact that d(z,y) = d(y, x) follows directly from (4.5). Finally, the triangle
inequality follows since

[o1 0vg = Id]| < [lor = Id]|| + [jvz — Id]

as well as
|z —2zo0viovs| < [lz—youvs| +|ly—2ouil.

We may now topologize the collection of all cadlag functions on [0,1] with the
metric d.

Definition 4.3.1 (Skorohod space). The space of all cadlag functions on
[0,1] with values in R¥ with the topology induced by the metric d given by
(4.5) s called Skorohod space and denoted by Dy .

From the above definition it follows that the sequence of elements x,, converges
to x in the sense of the (topology of) space Dy if there exist functions v,, € 1"
such that lim,, z,, (v, (t)) = z(¢) uniformly in ¢ and limv, () = ¢ uniformly
in t. Thus if d.(zy, ) — 0 where d. is given by (4.3), then x,, converges to x
in Dge, that is, d(z,,z) — 0. Conversely, since

20 (8) = 2(8)] < |2n(t) — (VD)) + [2(vn(t)) = 2(?)]

therefore d(x,,x) — 0 implies d.(x,,z) — 0. Thus for continuous x,, = the
two metrics are equivalent. However, in general they are not as the example
below illustrates.

Ezample 4.3.1 (Convergence in Dr). Let a € [0,1) and take z,, = Ijp,a41/n)-
Then the sequence (z,,) converges in (the Skorohod topology of) Dg, namely
Tn = Ijo,a41/n) — T = I[p,o) but on the other hand x,(t) / z(t) for t = a.
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The important property of the Skorohod space Dy is that it is a separable
metric space. The proof of this fact may be found e.g., in Billingsley (1999,
p. 128).

In order to relate the convergence in the space Dr» with our results on
weak convergence for random permanents discussed in the previous chapter,
we need to relate the convergence of the random elements z(t) to the conver-
gence of their finite dimensional projections Ay, ... ¢, () = z((t1), ..., z(tr)).
We note that since every function in 7" fixes the points 0,1, thus the special
projections A;(z) are always continuous for ¢ = 0,1 and hence in particular
we have the following lemma.

Lemma 4.3.1. The weak convergence of the random elements x, < zin Dgrr
implies convergence in distribution of R*-valued random vectors

20 (1) S 2(1).
Let us illustrate the usefulness of the above statement in deriving classical
limit theorems. Consider the following functional version of the central limit
theorem known as the Donsker invariance principle.

Theorem 4.3.1 (Donsker’s theorem). Let Y, k = 1,...,1, and | =
1,2,... be a double array of square integrable, zero-mean, row-wise indepen-
dent real random variables. Assume that

l
1 )
ll_l)rgoj E VarY,, =o*, (4.6)
k=1
1 l
Ve>0 lim 3> EYAI{|Yix >o0eVi} =0. (4.7)
I—oo | =1 ? ’

Fort € 0,1] define
[1t]

1
y® — E Y,
! a1 Pt b

Then the weak convergence
YOLB -0

holds in the sense of the Skorohod space Dr([0,1]) where B = (Bi)icjo,1) is
the standard Brownian motion.

The theorem is a special case of the general result on the invariance prin-
ciple for the triangular arrays of cadlag martingales. For the proof, see e.g.,
Billingsley (1999, p. 194). In view of Lemma 4.3.1 the above theorem gives us
the following corollary.
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Corollary 4.3.1 (Central limit theorem for triangular arrays). Let
Yie, k =1,...,1, and Il = 1,2,... be a double array of square integrable,
zero-mean, row-wise independent real random variables. Assume that (4.6)
and (4.7) hold true. Then

1
1 d
—=Y Vi =N - .
i ’; Lk
Note that (4.7) is simply the Lindeberg condition (LC) of Theorem 3.3.1.

4.4 Permanent Stochastic Process

Recall that under the assumptions (A1-A2) introduced in Chapter 1 we are
concerned with the setting where X (™) = [X; ;] is an m x n (m < n) real
random matrix of square integrable components and such that its columns
are build from the first m terms of independent identically distributed (iid)
sequences (X;1)i>1, (Xi2)i>1, .-+ (Xin)i>1 of exchangeable random vari-
ables. As already noted, under these assumptions all entries of the matrix
X (m:1) are identically distributed, albeit not necessarily independent. Recall
that we denote for i,k = 1,...,m and j = 1,...,n 0?> = Var X;; and
p = Corr(Xy ;,X,; ;) where p > 0. As in the previous chapter we assume that
i # 0 and denote additionally by v = o/|u| the variation coefficient. In what
follows m = m,, < n is always a non-decreasing sequence.

In the setting described we proceed as follows. First, we extend the defi-
nition of a permanent function to a stochastic process (in the sequel referred
to as “permanent stochastic process” or PSP) in a manner similar to that of
extending the concept of a U-statistic defined in Chapter 1 to a “U-process”
(see, Lee 1990). The fact that such a construction is possible is a consequence
of the orthogonal decomposition (3.13). Second, in order to obtain the func-
tional limit theorem for permanents, we extend some of the ideas of Chapter 3
to derive a general limit theorem for an elementary symmetric polynomial pro-
cess (ESPP) based on a triangular array of row-wise independent, zero mean,
square integrable random variables. To this end we will adopt from Kurtz
and Protter (1991) an idea of representing the ESPP as a multiple stochastic
integral.

Consider again the decomposition of a permanent given by (3.13). Extend-

ing the definition of orthogonal components U{™"™) (c =1,2,...) to random
functions is straightforward. For any real number z let [z] denote the largest
integer less or equal to z. Then for any ¢ = 1,2,...and for any ¢ € [0, 1] such
that ¢ < [nt] let us define

Uc(m’”) (t) — W Z Z Per [X~iu,7jv] u=1,...,¢c

= 9
c/\e) 7T 1<ip<. <ie<m 1< <...<j.<[nt] v=1,...,c

for [X’”] = [X;,;/p — 1] and put Uc(m’")(t) =0if ¢ > [nt].
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Now, the decomposition (3.13) suggests that on the interval [0,1] we
may define the stochastic process associated with Per (X (m’”)), denoted by

(PerX (m’")(t))te[o 1 s follows.

Definition 4.4.1 (Permanent stochastic process). The permanent stoch-
astic process is defined by

Per X (mm)() = <m>

1+Z< )U("“” )] te0,1].

It follows from (3.13) that the trajectory of (Per X (m’n)(t))te[o,l] coincides
with a permanent function for t =1, i.e.

Per X (™) (1) = Per (X (M) (4.8)

4.5 Weak Convergence of Stochastic Integrals
and Symmetric Polynomials Processes

Naturally, to define an elementary symmetric polynomial process (ESPP)
(SUD) based on any triangular array [V} ;] of random variables, we refer
to the notion of an elementary symmetric polynomial discussed already in
Section 1.4 of Chapter 1 and Section 3.2.3 of Chapter 3. For any j < [ and
for any ¢ € [0, 1] we define the process SUV as

Sy (5), for I<t<l,

SUJ) _
t B .
0, for 0 <t <4

Recall that
Suy(4) = Z Yik, - Yig,,

1Sk1<...<kj§[lt]

is an elementary symmetric polynomial of degree j based on [It] variables.

In this section we derive a general result on weak convergence of ESPPs
based on any row-wise independent triangular array of zero mean, square
integrable random variables. The result can be viewed as the extension of
Donsker’s invaraince principle (Theorem 4.3.1).

Theorem 4.5.1. Let Y, ;,, k = 1,...,0, 1 = 1,2,..., be a double array of
square integrable, zero-mean, row-wise independent random variables. Assume
that (4.6) and (4.7) hold.

Then, for any positive integer c,

(CRC PR
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1/2 crc/2
2\ (), (e ()
i Vi te[0,1] ¢ Vit te0,1]

as | — oo in the Skorohod space Dre([0, 1]), where Hj is the j-th Hermité poly-
nomial, j = 1,2,..., and B = (By)se[o,1) is the standard Brownian motion.

The asymptotic distribution of 1=¢/2 S[(llt)]
variables appears for the first time in Mori and Székely (1982). The relation
(4.9), again for iid random variables only, appears in Kurtz and Protter (1991)
as one of the examples of applicability of their general result.

Note that the above theorem can be viewed as a functional version of
the result on elementary symmetric polynomial given in Theorem 3.3.1. Sev-
eral different ways of proving the above statement (4.9) are possible. Here
we choose to apply an argument based on a quite general result on the con-
vergence of stochastic integrals, due to Kurtz and Protter (1991). We have
chosen this approach below since the application of the stochastic integral
theory allows us to present a more concise argument, avoiding many technical
details that needed to be addressed in our discussions in Chapter 3.

In order to proceed, we have to recall some basic facts and defini-
tions. Let F = (F;)¢c[0,1] be a filtration in a probability space (£2,F, P). If
Y = (Yi)te[o,1] is a right continuous F martingale then its quadratic variation
process ([Y]¢)¢ejo,1) is defined for any ¢ € [0, 1] as the limit

(¢) for fixed ¢ and iid random

n

> Vo —Y,m) L.,

U1
k=1

where (u,(cn)) is a sequence of non-random partitions of [0,¢] such that

maxy( (n) _ o, (n) 0
k(upyy —uy ') — 0asn — oo.

If Y is an F martingale with trajectories in Dr and X = (X¢)¢ejo,1) is an F
adapted process with trajectories in Drx then we define the stochastic integral

( fot X dYs)ieo,1) as a limit in probability of the Riemann-Stieltjes sums

t
P
E Xy, (Yt(:)1 - Y, m) — / X, dYs,
i 0

for non-random partitions (tgn)) of [0, t] such that rnax(tz(-i)1 - tz(-n)) converges to

zero. The integral exists if the respective limit in probability of the Riemann-
Stieltjes sums does not depend on the choice of the sequence (tgn)). We will

use the notation [ X dY for the process (fot X, dYS) ol
tefo,1
The version of a convergence result for stochastic integrals which suits our

purposes can be formulated in the following way.

Theorem 4.5.2. Assume that (X,Y), (X1,Y1), (X2,Ya), ... are pairs of
stochastic processes such that trajectories of the first components are in Dyx
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and trajectories of the second components are in Dr. Let Y, be a square inte-
grable martingale with respect to a filtration Fy, and sup,~, E([Yn]:) < oo for
any t € [0,1], where ([Yn]t)iec(o,1) is the quadratic variation process for Yy,
n=12,.... Assume also that the process X,, is F,, adapted, n = 1,2,... If
(X, Y,) converges weakly to (X,Y) in Drr+1 then (X,,Y,, [ X, dY;,) con-
verges weakly to (X,Y, [ X dY) in Draz+1. 0

The proof of this theorem may be found in Kurtz and Protter (1991).

We shall use Theorem 4.5.2 in order to give a concise proof of Theo-
rem 4.5.1. It is based on the idea of representing elementary symmetric poly-
nomials via iterative stochastic integrals.

Proof (of Theorem 4.5.1). Define for any k=1,2,...,¢

NGED)
(Vn)*

Y,® =

Observe that
Y*) = /Y,g’“*U dy, (V.

n

Also define

y® = (y») = <—Uktk/2 Hy, (ED .
© Jtelo,] k! Vi t€[0,1]

It is well known that

v _ /y(k’—l) v

Let Z& = v, v, n=1,2,...and let Z®) = [y . y®] | =
1,2,...,c

To prove that

AN AUN

in the Skorohod space Dgrx, k =1,..., ¢, we use induction with respect to k.

The result for k& = 1 follows in view of the conditions (4.6) and (4.7)
which imply, by the Donsker theorem for triangular arrays (Theorem 4.3.1),
that Z,gl) = Y(l) ¢ B = YY) in Dg. Observe also that the process YTE )
is a martingale since it is based on the summation of independent random

variables. Moreover, since for a given n the process Yél) just cumulates jumps
while remaining constant, in-between jumps, then its quadratic variation is

[nt]

[y, V], = 7121/712]6
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Consequently,
[nt]o? 2
< to“.

sup E([Y( )] ) = sup
n n

Let us also note that all the processes Y,Ek), k=1,...,c, are adapted to the
same filtration, generated by Yn(l), n = 1,2,..., and similarly, the processes
Y k=1,... ¢, are adapted to the same filtration, generated by the Wiener
process B.

(k=1) d

Assume now that Z, Z% =1 in Dgk-1. Then, obviously,

(Z(k 1) y(l)) (Z(k 1) y(l))

in Drr since the limiting process is continuous a.s. Consequently, by
Theorem 4.5.2 it follows that

<Z7(lk’—1)7y751),/z(k ) dy(1)> <Z<k D,y /Z(k—l) dy(l)).

But the above convergence yields immediately the final result since

(v, [ 20 av) = 20

and (Y, [ 2D qy (D) = Z(*), O

4.6 Convergence of the Component Processes

Recall that by the definition of PSP (Definition 4.4.1)

er (m")
P( §)§m|——1+2( ) ulmm@)y  telo,1].

We shall first establish the limiting result for processes Uc(m’n) (c =
1,2,..)).

To this end, let us consider for any ¢ = 1,2,... a process (Wc(n)(t)) defined
by the following rescaling of Uém’")(t).

W (t) = (’2) ("Z) dulmm) =y >

1<61 <ie <M 1<5; <....je <[nt]

Per [XZU,JU]

=1,
v=1, ..,c

for t € [¢/n, 1] and w (t) =0 for t € [0,¢/n). The reminder of this section
is devoted to the proof of the following functional analogue of Theorem 3.3.1
from Chapter 3.
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Theorem 4.6.1. Let ¢ be an arbitrary positive integer. Assume that m =
My — 00 as N — 0.

If p =20 then
n n By By
wiw  we] o [V () Vi ()
mn 7 (y/mn)e© 1! T c!
te[0,1] t€[0,1]
m DRC'
If p > 0 then

w ™ (1) () o |7VPHHL (%) mem(%)
i ) )

c!
te[0,1] te[0,1]

m DRC .

Proof. Consider first the case p = 0. For an arbitrary fixed positive integer ¢
define a process VC(") by

ch(n) (t) = n—c/2 Z Yn,jl .. ijc

1<j1 <. <je < [nt]
for t € [¢/n, 1], where
m ~
Yn,j:m_l/QZXi’j, j:1,...7n,
i=1

and Vc(n)(t) =0 for t € [0,¢/n).
Observe that by Theorem 4.5.1 the convergence

Wit (%) (virE (%)

1 ol

VA0, VI Okeon
te[0,1]
(4.10)
in Dre follows as soon as we verify (4.6) and the Lindeberg condition (4.7),
which in our current setting takes the form

BV (Y] > Vite)) — 0

for any € > 0 as n — oo. This follows along the same lines like in the respective
part of the proof of Theorem 3.3.1. Therefore (4.6) and (4.7) are satisfied and
thus, via Theorem 4.5.1, also (4.10) holds true.

Observe that for any k =1,...,c¢

(n)
T = K0 -

Ry (#)

Voo (4.11)



80 4 Weak Convergence of Permanent Processes

where (R,in) (t)) is a process such that for any ¢ € [k/n, 1] it is a sum of different
products X;, j, ... X;, j, where 1 < j1 < ... < ji < [nt], (i1,...,ix) €
{1,...,m}* and at least one of the indices i1, . . ., iy in the sequence (i1, ..., i)
repeats. For t € [0,k/n) we define R,(Cn) (t) to be equal to zero.

Note that (R,(Cn) (t))teo,1] is a martingale for any fixed n, in view of the
assumed independence of columns of X (™™ Consequently, by the maximal
inequality (Theorem 2.1.1),

LOIN ERMW)?  var(RM(1)
P(é}épl (\/_)k )S Ez(lj”fm)k N esz(mkn)’c ’

Now, repeating the argument used in the first part of the proof of
Theorem 3.3.1 we arrive at

(RPN
v ((M)k) 0

Consequently, the c-variate process

(n) )y 17F
R (1) RM (1) 2
vmn (v/mn)¢ o]

in Dre and thus the first result follows immediately by (4.10) and (4.11).
Thus the case p = 0 is completed.

Next, let us consider the case p > 0. As above, let us define for any
k=1,2,... the process (Vk(n) (t))teqo,1] by

VM (t) = ne/ 3 Yoir - Yo,

1<j1<...<je<[nt]

where

ji=12...)n
Similarly to the argument used in the second part of the proof of
Theorem 3.3.1 we get

V), V) Oleegon [(f P b (B,
W_”) H.(B,/ V1) L (412)

te[0,1]
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Also as in the previous case of uncorrelated components, for any £k =1,...,¢,
we have - -
W, (t R (t

Again we refer to the second part of the proof of Theorem 3.3.1 to conclude

that -
R™(1
vor (i) 1

as n — 00. As before the process (R,i")(t))te[071} is a martingale for fixed n
and thus once again the maximal inequality yields

R ™ 1"
() ¢ () Py
Yoy p
m\/ﬁ (m\/ﬁ) te(0,1]
in DR.
Now, the second assertion of the theorem follows from (4.12) and (4.13)
and the proof of Theorem 4.6.1 is complete. O

4.7 Functional Limit Theorems

Having established the result of Theorem 4.6.1 in the previous subsection,
we are finally in a position to state and prove the two main theorems for a
permanent stochastic process defined in Definition 4.4.1. As stated earlier,
the present limit theorems could be viewed as the functional generalizations
of the Theorems 3.4.2 and 3.4.3 from Chapter 3. In particular, due to (4.8)
and the result of Lemma 4.3.1 they entail these results.

To begin, we consider the case when the entries of matrix X (®) are uncor-
related.

Theorem 4.7.1. Assume that p = 0 and let (By)ic(0,1) denote the standard
Brownian motion.
If m/n— X >0 asn — oo then

(Per X (m:m) (t)eepo.) ¢ 9 .
(Yl — (exp (\/X'th — Aty )>te[0,1] in Dr. (4.14)

If m/n — 0 and m = m, — oo as n — oo then

n [ (PerX (™™ (t)),ci0.1) d )
E ( (:;)m'“m -1 — ’Y(Bt)te[o,l} m DR (415)
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Proof. Consider first the case A > 0. For any n and any N such that N < m,,
define a process Sg\?) = (S](\}l) (t))teqo,1] by

S (1) _1+Z< > _1+Z I/I\//(’"‘_)é)z

Observe that by the first assertion of Theorem 4.6.1 it follows that

N 2\¢/2
(n) d _ Z(Atv) By
SN — GN - ( THC % te[o 1] (416)

c=0

in Dr as n — oo, since for any ¢ = 1,2, ...

(W)C N )\6/2
()¢ '

Define also a process Tg\?) = (T1(Vn)(t))te[0,1] by

Pm = 3 (7)ot

c=N+1

And let Goo = (Go())ie0,1] be defined by

— ()‘t72)c/2 By
(GOO(t))te[O,l] = (Z ciHc - )
! <\/E> tel0,1]

c=0

= (exp (\/X'th — )\t'yz))

te[0,1]

Let o denote the Prokhorov distance between the random elements in Dg.
Then

0(Z™),Go) < o(Z™,SY)) + oSV, GN) + 0(GN. Gox), (417)

where Z(") = ng;) + Tg\?). Let us note that for any t € [0, 1]
Per X (mm)(t) = (:L) m! ™ ZM(t)

and that (4.16) implies Q(Sg\?), G,) — 0asn — oo for any fixed N, as well
as, that we have o(Gy,Gs) — 0 as N — oo. Therefore, in order to argue
that 0(Z™,G.) — 0 as n — oo we only need to show that Q(Z("),Sg\?))
tends to zero uniformly in n as N — oc.
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To this end observe that by the bound on the Prohorov distance given in
Theorem 4.2.3 as well as the fact that the distance in the uniform metric de
given by (4.3) bounds the Skorohod distance d, we have

o(Z™ Sy <inf{e > 0: P(sup |T(V(1)] > ¢) < e}
tel0,1]

On the other hand, as before, it is easy to see that due to the assumed

independence of columns of X (™ ”) the process T( ") s a martingale for fixed
n, N and thus, via the maximal inequality and the relations (3.14) and (3.15)
for p =0, we have for any ¢ > 0

m m\ _ 2
P(sup [T{ ()] > ) <eVarT('(1) =2 Y (;)7|
te[0,1] c=N+1 (c)c'
> ’726
<eg? Z a =e N —0

as N — oo, which entails

o(Z™, Sy < Yan — o,

uniformly in n, as N — oo and hence, by (4.17) that o(Z(™,G.) — 0 as
n — 00.
Thus, we conclude that Z(™ converges weakly to Go in Dg.

For the proof in the case A = 0, let us observe that

[Z( Juenmi - Wf—”w(m’")(t),
0=\ (Do

Observe that due to the independence of columns of the matrix X the pro-
cess (RU™™(t)) is a martingale for fixed values of m, n. Consequently, by the
maximal inequality we get

where

P( sup |R(m,n)( )| > 5) -2 VaTR(m n)( ) _ 5—22 i (7?)726
1ef0.1] m = (o)
m

< — EAJN
< exp(y’) =0

since m/n — oo as n — oo and conclude that (R(™™)(t)) converges to
zero in probability in Dgr. Hence, the final result follows now directly by
Theorem 4.6.1. a
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A quick inspection of the proof of the second part of the theorem reveals
that a slight modification of the argument shows validity of the second part
of the hypothesis also for m remaining fixed. In particular, let us note that
for m = 1 we obtain simply Donsker’s theorem (Theorem 4.3.1).

The result of Theorem 4.7.1 is complemented with the corresponding one
in the case when p > 0.

Theorem 4.7.2. Assume that p > 0 and, as before, let (By)icjo,1) denote the
standard Brownian motion.
If m?/n — X\ >0 as n — oo then

(PerX(m’")(t))te[O’l] d 9 .
(fn)m!,um = (exp <\/)\7pfth — Apty ))te[o,l] in Dgr.

If m?*/n — 0 and m = m,, — 0o as n — oo then

Vi ((perx(mm(t))tem

m () mtp

d .
- 1> = /PY(Bt)icjo,y)  in Dr.
Proof. The proof of the result parallels, to large extent, that of Theorem 4.7.1.

As before, consider first the case A > 0. For any n and N such that N < m,,
define a process S( W= (S(")( t))eefo,1) by

S =1+ Z ( ) =1+ Z W(n)fl))c.

Observe that by the second assertion of Theorem 4.6.1 it follows that

N 2\¢/2
e Rd)

c=0

te[0,1]
in Dr as n — oo, since for any ¢ =1,2,...

(\(’Z)TZ)C _ )\6/2‘

Define also a process Tg\?) = (T1(Vn)(t))t€[0,1] by

0= 3 (Moo,

c=N+1

And let Goo = (Goo(t))ie[0,1] be defined by

e 2\c/2
(Goo(t))tejon) = (Z MHC(Bt/t)>

c!
c=0

exp (\/EWB:& —Ap tfy2)

te[0,1]

tefo,1]
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As before, if ¢ denotes the Prokhorov distance between the random elements
in Dgr, then

0(Z™,Gwx) < o(Z™,SF) + o(SY. G) + 0(Gy, Geo).

where Z(") = 85\7) + Tg\?). In order to complete the argument along the lines
of the first part of the proof of Theorem 4.7.1 we only need to argue that for
any € > 0
P(sup [T (1) > €) — 0,
te[0,1]
uniformly in n as N — oo. To this end note that again by the martingale

property and the maximal inequality as well as by the relations (3.14) and
(3.15)

P(sup [T (1) > €)
te(0,1]

e *Var T](V")(l) =2

3{\7
Il MS

) m m2 C,y2c
<e “exp(l) Z (T) a7

c=N+1

m\2 c
in view of the inequalities, by now familiar, ( :) < ( ) and c! (( ) < (mTQ)

?)

for 0 < r < ¢ < m. Therefore, for n large enough to have m/n < 2\

© 2\ ~2)¢
P( sup \T](Vn)(t)\ >e) < e 2exp(l) E # =g 2
t€[0,1] e=Nt1 &

Consequently, the result follows since any — 0 as N — oc.

The proof in the case A = 0, follows similarly to the second part of the
proof of Theorem 4.7.1 with obvious modifications. Consider

n)
\/_Z < )U(m n) ) W,r/rll\/(_t) —i—R(m’")(t),

n
where

ROm) (1) fz( ) U (1)

The process (R™™)(t)) is a martingale for fixed values of m,n and thus

P(sup |R™™M (@) >¢e) <e ?Var R™™(1) — 0,
t€[0,1]
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follows, in view of
2

Var Ry n(1) < % exp(1 +~?)

if only n is large enough to have m?/n < 1. To end the proof we refer again
to the final part of the proof of Theorem 4.7.1. O

As before, let us note that the above result remains valid for m being a
constant (see the remark after the proof of Theorem 4.7.1).

4.8 Bibliographic Details

The general theory on weak convergence in metric spaces is discussed for
instance in and excellent classical review book Billingsley (1999) (see also
Billingsley 1995). In the context of Markov processes the theory of Skorohod
spaces and Prohorov metric is also reviewed in Ethier and Kurtz (1986). The
Donsker invariance principle is classical and can be found for instance in
Billingsley (1999). For the results on weak convergence of stochastic integrals
except of Kurtz and Protter (1991), one can consult also the important paper
by Jakubowski et al. (1989). The paper by Kurtz and Protter (1991) is of
special interest because except of general results on convergence of stochastic
integrals it also contains some examples applicable to P-statistics theory and
in particular a very special case of Theorem 4.5.1. The first result on con-
vergence of ESPP belongs to Méri and Székely (1982). The results on weak
convergence of elementary symmetric polynomial processes and of permanent
processes presented in this chapter are taken from Rempata and Wesolowski
(2005a). Readers are referred to that paper for further details and discussions.
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Weak Convergence of P-statistics

In this chapter we shall prove a result on the weak convergence of generalized
permanents which extends the results on random permanents presented in
Chapter 3. Herein we return to the discussions of Chapter 1 where we intro-
duced a matrix permanent function as a way to describe properties of perfect
matchings in bipartite graphs. Consequently, the asymptotic properties which
will be developed in this chapter for P-statistics can be immediately trans-
lated into the language of the graph theory as the properties of matchings
in some bipartite random graphs. This will be done in Section 5.3, where
we shall revisit some of the examples introduced in Chapter 1. In order to
establish the main results of this chapter we will explore the path connecting
the asymptotic behavior of U- and P-statistics. An important mathemati-
cal object which will be encountered here is a class of real random variables
known as multiple Wiener-Ito integrals. The concept of the Wiener-Ito integral
is related to that of a stochastic integral with respect to martingales intro-
duced in Chapter 4, though its definition adopted in this chapter is somewhat
different - it uses Hermité polynomial representations. It will be introduced in
the next section. We shall start our discussion of asymptotics for P-statistics
by first introducing the classical result for U-statistics with fixed kernel due to
Dynkin and Mandelbaum, then obtaining a limit theorem for U-statistics with
kernels of increasing order, and finally extending the latter to P-statistics.

The main theoretical results herein are given in Section 5.2 as Theo-
rems 5.2.1 and 5.2.2 and describe the asymptotics for P-statistics of random
matrices with independent identically distributed random entries as the num-
ber of columns and rows increases. The result of Theorem 5.2.2 is used in
Section 5.3 in order to derive some asymptotic distributions for several func-
tions of perfect matchings in random bipartite graphs under the assumption
that the corresponding matrices of weights X have independent and iden-
tically distributed entries (e.g., the edges appear randomly or are randomly
colored). Throughout this chapter we therefore strengthen the exchangeability
assumptions on the entries of matrix X () given by (A1)-(A2) in Chapter 1
to that of independence and identical distribution of the entries.
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5.1 Multiple Wiener-1t6 Integral as a Limit Law
for U-statistics

5.1.1 Multiple Wiener-It6 Integral of a Symmetric Function

In this section we introduce the multiple Wiener-1té integral, the object which
appears as the limit in distribution for properly normalized P-statistics.

Let X be a random variable on a probability space ({2, F,P) having
the distribution v. Let J = {J1(¢): ¢ € L*(R,B,v)} be a Gaussian sys-
tem (possibly on a different probability space (f),j’? ,P) with the expecta-
tion operator denoted by &) with zero means, unit variances and covariances
E(TL(8) () = E(6(X)(X)) for any 6,1 € LX(R, B, v).

For any functions f; : U; — V, where U; is an arbitrary set and V is
an algebraic structure with multiplication, ¢ = 1,...,m, the tensor product
A®...® fin U X ... XUy, — V is defined as

fi @___@fm(x) = fl($1)~-~fm(xm)

for any x = (21,...,&m) € Ur X ... XUp,. In particular, for f : U — V we have

FEm(x) = f(1) ... fzm)

for any x = (1,...,2m) €EU™.
For ¢®™ where ¢ € L?(R, B, v) is such that E¢(X) = 0 and E¢?(X) = 1,
the m-th multiple Wiener-It6 integral J,, is defined as

L

Jm(¢®m) = \/W

Hp, (J1(9))

where H,, is the m-th monic Hermité polynomial (see Definition 3.2.2).

Moreover the linearity property is imposed on .J,,, i.e. for any ¢,1 €
L*(R,B,v), such that E¢(X) = 0= E¢(X) and E ¢*(X) = 1 = E¢*(X)
and for any real numbers a and b it is required that

T (@™ + byp®™) = aJpn (§%) + bTm (VE™).
Consequently, J,,, is linear on the space
7™ = span (6™ : ¢ € L*(R,B,v), E¢(X) =0, E¢*(X) =1)

which is a subspace of the space of symmetric functions L2(R™, By, Vm) C
L?*(R™, By, V). Here B, is the Borel o-algebra in R™ and v,,, = v®™ is the
product measure.

As noted in Chapter 3 Section 3.2.3 it is well known that Hermité polyno-
mials are orthogonal basis in the space L?(R, B, Py), where A is a standard
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normal variable and E(H2,(N)) = m!, m = 0,1,... Note that for any ¢, €
L*(R,B,v), such that E¢(X) =0= E(X) and E ¢*(X) =1 = E¢¥*(X)

mlE I3, (ag®™ + ™) = miE (afn (@) + b (™))
=a® & HY,(J1(9)) + 2ab € Hp (J1(0))Hi (J1(4)) + 0% € HP, (J1(1)).

To continue the computations, we need to recall the classical Mehler for-
mula (see, for instance, Bryc 1995, theorem 2.4.1). It says that for a bivariate
Gaussian vector (X,Y) with E(X) = E(Y) = 0, E(X?) = E(Y?) = 1 and
E(XY) = p the joint density f of (X,Y") has the form

ok
Fey) =Y 55 Hu@) Hi(y) x (@) Fr (), (5.1)
k=0
where fx(x) = fy(z) = \/%7 exp (—%2) is the marginal density of X and Y.

Note that (5.1) yields
E(Hn(X)[Y) = p" Hm(Y)

for any m = 1,2, .... This is easily visible since for any bounded Borel function
g by orthogonality of Hermité polynomials we have

EE(Hn(X)[Y)g(Y) = E Hpn(X)g(Y)

//H ( /: ()Hk(y)fx($)fY(y)> dxdy

/ / (2) Hon (4) £ (2) f (9) ddy
- /R " Ho (9)g(9) fr (y) dy = p™ E Hy(V)g(Y).

Thus
E T2 (ag®™ +by®™) = a® [E ¢*(X)] ™ +2ab [E ¢(X )y (X)]™ +b* [E*(X)]"

m m 2
=E (aH¢(Xi>+wa’“(Xi)> =B [(a¢®™ +by®™) (X1,..., X))

where X1,..., X;, are independent copies of X (with distribution v).

From the preceding computation it follows that .J,, is a linear isometry
between the space 7™ and the subspace J, (’Z;(m)) of Lz(fZ, F, P).

In our next step leading to a definition of a multiple Wiener-It6 inte-
gral we shall prove that the space Tg(m) is dense in the symmetric subspace
L2(R™, By, V). To this end we need an auxiliary result which will be used in
the expansion for symmetric functions given later in Proposition 5.1.1. Recall
that S, denotes the set of all possible permutations of the set {1,...,m}.
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Lemma 5.1.1. Let ay,...,a, €V, where V s a linear space. Then
m m Xm
2m Z aa(l) R...Q aa(m) = Z ( Ei> (Z siai> s (52)
0ESm ee{-1,1}m \i=1 i=1

Proof. Note that the right hand side of (5.2) can be written as

R= > (ﬁe) > (ﬁei,)(ail@...@aim)

ee{-1,1}m \i=1 i€{1,....m}m \r=1

- Z (a;, ®...®a;,) Z ( 5i> (Hﬁir>
i=1 r=1

i€{L,m}m cef{-1,1}m \i=

with € = (e1,...,6m) and i = (i1,...,4,). But

m

m
d;

L= =11

r=1 i=1

where
0i =#{j € {ir,...,im}: j =1}, i=1,...,m.

Moreover, we have

> (M=) () - s [T x
ec{—1,1}m \i=1 i=1 ec{—1,1}m i=1 i=1 \e;e{-1,1}
CfomifVie{l,...,m}d; =1,
10, otherwise.
Thus

R=2" > (4, ®...@a,)I{i1,. .. in} ={1,...,m})

i€{l,...,m}m
— 9m Z Qg (1) R...® Qo (m)- 0
TESm,

With the result of the lemma established we may now prove that Ts(m) is
dense in L2(R™, By, Vim)-

Proposition 5.1.1. There exists a basis (1) in L*(R, B, v) such that for any
feL2R™, B, vm)

F=Y" app@m (5.3)
r=1
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where (c.) is a sequence of real numbers such that the double series

117 = D arasp™(r,s) < o, (5.4)

r,s=1

where p(r, s) = Bt (X)s(X)).
Proof. Since f is symmetric we have
1
f('rla s ,l‘m) = ﬁ Z f(xa'(l)a' . 7xa(m))'
oell,,

Now, from the theory of Hilbert spaces, it follows that there exists an orthonor-
mal basis (¢,.) in L?(R, B,v) such that

m

[y, am) = i, > > sill¢alwon)

" 0€Sm iEN™ =1

= > 5 Y [outow)

"iEN™  o€S,, I=1
=— Z Bi Z Gipiry @ -+ @ iy | (X1, Tm),
©o\ieNm TESm,

with > cnm ﬁf < 00. By Lemma 5.1.1 we have

m m m
f= ﬁ B Y, ( €l> (Zﬂ%)
’ =1 =1

iEN™  ee{—1,1}m

XKm
Gl a [
- xR (Bee)

iEN™ ec{—1,1}m =1
Define
m 2
cm(i,g) = 281% =m+2 Z £i€;0(iy = is).
=1 1<r<s<m
Then we have
f= > i) Ve

iEN™, e€{—1,1}m

_ Y Cm(l.a é)ﬁl leil €l d . — # zm: ¢
Aie) = 2mm] o Vo = Vem(ine) = o

Note that (¢(;e))ue) is a basis in L*(R,B,v) and the double series of
(@(ie))(i,e) is summable, that is (5.4) holds. O
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It is obvious that in the expansion (5.3) the elements of the basis ()
can be taken as standardized, that is except of [ tx(z) v(dx) = 0 also [,

Y(z)v(de) =1, k=1,2,...
In view of the above result the multiple Wiener-It6 integral J,,(f) for
any symmetric function from the space L2(R™, B,,, v,) may be now defined

through the unique extension of the linear isometry .J,,, from the space ’Z;(m)
to the whole symmetric space L2(R™, By, V). Thus, J,, is identified with
the unique functional on the Gaussian system J such that

EJA(F) = BE(fA(X1,...,Xm)) for any f € L*(R™, By, vm)  (5.5)

Moreover J,,(f) can be expanded as a series of Hermité polynomials.

Proposition 5.1.2. Let (¢x) be a standardized basis in L*(R,B(R),v) such
that for any symmetric function f € L2(R™, By, Vm)

f= Z a,p2m.
r=1

Then
Zar (J1(r)), (5.6)

Proof. To prove the result it suffices to show that (5.5) holds for J,, (f) defined
by (5.6). But we have

mlE( J2 Z - sE[Hpy (J1(0r)) Hpn (J1(0s))] = m! Z apasp™(r, s)

r,s=1 r,s=1

where p(r, s) = E(¢(X)ps(X)).
On the other hand

E(fz()(l,...7 Z Oéras 7” )(b?( )])m
r,s=1
Now the result follows by the definition of the quantities p(r, s). O

5.1.2 Classical Limit Theorems for U-statistics

Let (X%)k>1 be a sequence of independent identically distributed random

variables. Let h € Lgm) be a symmetric kernel. Consider the corresponding
U-statistic
n

UL () = ( ) 7 ()] (X, Xo) (5.7)

m
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with its H-decomposition

m

Un(h) = EU,(h) =) (

c=T

where (see (1.11))

ge(@1, o we) = (1) > hily, 1), (5.9)

i=1 1<i<...<ji<e
with h, = h, — E(h) and
he(z1, ... xe) = BE(h(x1, . ey Xet1s -+, Xim))

for ¢ = 1,2,...,m. We may write the complete degeneracy property of g.
(1.12) more concisely as

Eg.(xy,...,xc-1,X:) =0, c=1,2,...,m, (5.10)

for any x1,...,Zm.

Recall that the number » — 1 in (5.8) is the degeneration (or degeneracy)
level of the U-statistic where » = min{c > 1 : h. # 0}. In what follows we
also refer to r as non-degeneracy level. It appears that the non-degeneracy
level is essential for the limiting behavior of U-statistics.

For r =1 it was proved by Hoeffding (1948) that

ValUn(h) = E(U,(h))] % mN (0, Eg2(Y1)).

The case of r = 2 waited for over three decades, until Serfling (1980)
showed that

0 ) - B 00 * () XMz - 1),
k=1

where (Z}) is a sequence of independent chi-square with one degree of freedom
random variables, and (\;) are defined by the decomposition of go:

g2(x1,22) = Z Ak Bk (1) P (72),
=1

where (¢y) is an orthonormal basis in L?(R, B,v), v being the common dis-
tribution of X;’s. Dynkin and Mandelbaum (1983) considered the case of an
arbitrary r > 1. They showed that

-1
(T) n"2 (U (h) = B(Ua (1) < To(9,), (5.11)

where J,. is the r-th multiple Wiener-It6 integral as defined in in the previous
section.
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5.1.3 Dynkin-Mandelbaum Theorem

This section is devoted to the detailed proof of the Dynkin and Mandelbaum
theorem. The proof we offer is more elementary than the original one.

Theorem 5.1.1. Let (X,,) be a sequence of iid rv’s. Let Up,, n =m,m+1,...,
be a U-statistic for the sequence (X,,) defined by (5.7) (we assume that m is
fized for all n’s). Assume that the non-degeneracy level of the kernel h is r
and that E(g?) < oo. Then the convergence (5.11) holds.

Proof. Note that by the representation (5.8) we have

<m> e (U, — E(U,)

r

(7)o £ (D)) e () o

The first term, we call it R,, in the above sum converges in probability to
zero. This is due to the following computation of its variance based on the
orthogonality of g’s and the property (5.10)

Var(Ry,) = (’:) T f: (7;)2(:) _2Var(7r;?(9k))

k=c+1

=() 32 () e

k=r+1

Due to the obvious inequality n(n —1)...(n — k + 1) > (n/2)""! valid for
k > r and n sufficiently large we have

with

Thus we have to show that

w2 (”)lw;%gn % g,

r

Note that we can expand g, as in Proposition 5.1.1, i.e.

gr(@, ) = Y atr(@) (),
k=1
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where E(¢(X;)) =0 and E(v2(X;)) =1, k=1,2,.... Moreover

Z ajarp” (4, k) = E(g?) < oo, (5.12)
jk=1

with p(j, k) = [ ¥j(x)¢x(x) dP(x) - see Prop. 5.1.1. Now, for any K we have

2

n" <:) _2E i ar Y (X)L k(X))

k=K+1 1<ji1<...<jr<n

-1 [eS)
=n" (Z) Z ajopp” (4, k).

Gk=K+1

Since the first term is bounded uniformly with respect to n then by (5.12) it
follows that the above quantity converges to zero as K — oo uniformly in n.
Hence

m(”) S Y a6 2o

k=K+1 1<j1<...<jr<n

as K — oo uniformly in n. Thus to study the limiting behaviour of n’/2 (7:) !
7" (gr) it suffices to consider the finite sum

K
n="/2p! Z ay Z V(X)) - on(XG,).
k=1

1<j1<...<jr<n

Note that the inner sum is the elementary symmetric polynomial S,,(r) in
variables 1, (X1), ..., 1r(X,), which will be denoted by S5 (r).

Due to the recursion formula for the elementary symmetric polynomials
(see Lemma 3.2.1) which can be rewritten as

c—1

S (e) = (-1)* P (c—d 1) Z Pit(x kE=1,...,K, (5.13)
d=0

it follows that for any ¢ = 1,2,... there exists a function F, of ¢ variables

such that for any n

n
cn=¢/?28") (¢) = F, (nj/zzd)i(Xi), j=1,... ,c) , k=1,...,K.
i=1

Moreover, it follows from (5.13) that

Fe(z,1,0,...,0) = zF.—1(x,1,0,...,0) — (¢ — 1)Fr—2(2,1,0,...,0), c¢=1,2,...,
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with F_q(z,1,0,...,0) = 0 and Fy(=z,1,0,...,0) = 1. Consequently, see the
recurrence for Hermité polynomials given in (3.7), F.(x,1,0,...,0) is a monic
Hermité polynomial H., ¢ =0,1,....

Note that, by the classical central limit theorem the weak convergence

(%ZW(XZ), k=1,...,K> i(‘]l(wk), k=1,....K)

holds for any K. Additionally, by the weak law of large numbers, it follows

that
( Zwk k=1, K>£(1,...,1)

and for j > 2 (see the Weak law of large numbers - Theorem 3.2.4)

I —
<W2¢;(Xi), k:l,...,K> £ 0,...,0).
=1

Consequently, since F). is continuous, it further follows that

K
n—r/2r!zak Z Vi ( W) (X ZakH (J1(¥r))-

k=1 1<j1<...<jr<n k=1

Note that, by (5.12) the variance of the tail

Var( Z apH, (J1 (V) > Z ajopp”(j k) =0

k=K+1 Jk=K+1

as K — oo. Thus the sequence (22(:1 akHr(J1(t/1k))) converges in probabil-
ity to J.(g,) as K — oc. O

5.1.4 Limit Theorem for U-statistics of Increasing Order

If the order m of the kernel h = h,, of the U-statistic U, (h) = U™ increases
with n — oo in such a way that m/\/n — XA > 0 then under certain assump-
tions on the elements of the Hoeffding decomposition g,,.. the limiting distri-

bution of U7(lm) as n — oo can be represented as the distribution of a multiple
Wiener-It6 integral (in the case A = 0) or as an infinite sum of multiple
Wiener-1t6 integrals (in the case A > 0). Such results were originally stated by
Korolyuk and Borovskikh (1990). Their derivations were based upon reducing
the problem to the main theorem of Dynkin and Mandelbaum (1983) paper,
which describes the limit of an infinite series of normalized elements of the
Hoeffding decomposition. Below we shall prove analogous results in a simpler
way, exploring the techniques which were developed in earlier chapters.

We start with the result for A = 0. Here the proof borrows a lot from the
proof of the Dynkin-Mandelbaum theorem of the previous section.
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Theorem 5.1.2. Let (X;) be a sequence of #id rv’s. Let ( f{"")) be a sequence
of U-statistics defined for (X;) such that they have the same non-degeneracy
level r. Assume that m?/n — X > 0. Assume that Eh}, <oon =1,2,...
and that E(gm,, » — g-)*> — 0 as n — oo for a function g, : R" — R satisfying
(5.10). Let

m2 k—r
e (F)
> T E g0 (5.14)
k=r+1 :
Then

<m">1nr/2 |:U7(lmn) _ B (Uém'rt))] LA Jr(gr)-

r

Proof. As in the proof of Theorem 5.1.1 we decompose the normalized U-
statistic as

1 -1
m ) X n
( ) /2 (Uwgm _ E(U,g“) =R, +n"/? (T> 77 (o)

r
m -1 My m n -1
_ n r/2 n n
N IR T

k=r+1

-2 My 2 -1
m . m n
Var(R,) = ( T") n Z ( k”) (k) Egh

k=r+1

where

Note that

as well as, forany k=r+1,...,m,

ma\ 2 (m,\ 2 1\ 2 (k—c)
n n < o 2(k—c
(v) (%) = () =

”T(Z>_l = (n—z—i-l)r(n—r)...tn—k—l-l)

T Mn

n n 1
< .
_(n—r—i—l) <n—mn> nk—r

Since the first two terms on the right hand side of the last inequality are
bounded (each converges to 1), then it follows that

() () () ==

where C' is a constant. Consequently, by (5.14) it follows that Var(R,) — 0.

and
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Since, as in the proof of Theorem 5.1.1 it follows that

r

—1
n
nm()7wmiﬁ@»

it suffices to show that

M“C)lwwmﬁ—ﬁ@»ﬂa

r

This follows from the fact that the second moment of this difference is

—1 r
n 2 n 2
n' <T) E(gm,r —9r)" < (m) E(gm,..r = gr)

and thus, the assumption of the theorem implies that it converges to 0. O

The analogous result for A > 0 is somewhat more difficult. In particular,
an infinite series of multiple Wiener-Ito integrals appears in the limit.

Theorem 5.1.3. Let (X;) be a sequence of #id mv’s. Let ( ,Sm")) be a sequence
of U-statistics defined for (X;) such that they have the same non-degeneracy
level r. Assume that m2/n — X > 0. Assume that Eh2, <ocon=1,2,...,
and that there exists a sequence of functions g = (gx) such that gi is a sym-
metric function on R¥ satisfying (5.10), k = r,r + 1,.... Moreover, let

m2 k
3 &Egz<oo and i(Tn) E ¢? ] j
%l k A gj. < 00 uniformly in n
- - (5.15)
and .
o (5]
> o E (gma ik — gr)? — 0. (5.16)
k=r
Then . e
o - 5 (0 £ 54 1)
k=r

Proof. Consider first the random variable

S =2 (1) (1) o = S (7) (5) w0

k=r k=r j=1

where g = 250:1 akij?k, k=mr,...,N and m = m,. Note that the sequence
(1j) is common for all k’s. This is possible by defining it for the largest
space L2(RN, B(RN), P¥N). Moreover, E(1;(X;)) = 0 and E@?(X;)) =1,
j=1,2,...
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Since the above sum with respect to k is finite, similarly as in the proof of
the previous result it follows that

N e} m n -1 P
2 2 a”‘(k)(k) e
k=r j=K+1

as K — oo uniformly in n. Thus using the fact the m?/n — X\ and properties
of elementary symmetric polynomials as in the previous proof we get

E /m . N K
53 o () LU 00 555" )
k

k=r j=1 k=r j=1

Note that as K — oo the right hand side of the above expression converges
in probability (see the previous proof) to Z,ICV:T Ne/2 T ().
Note that by orthogonality (5.10) we have

m  (m 2 m  (m)2
A, =F (Z %W,&") (gm. e — gk)> = Z (k) E(gm.x — gk)z'
k=r \k ’

Thus the inequality m?/n > (m —1)?/(n — 1) and the condition (5.16) imply
k

2
m (m_
n
< Z %l E (gm,k’ - gk)2 — 0.
k=r

Moreover, the second part of (5.15) implies that

k
i <m72) Egi — 0.

k!
k=m+1
Consequently,
S i md 3 e
k=r ( k=r (k?)

are asymptotically (as n — 00) equivalent in distribution.
Note also that Y o Z? Ji(gr) converges in probability to 0 as N — oc:
by the orthogonality of g;’s and properties of the multiple Wiener-1t6 integral

(see, Dynkin and Mandelbaum 1983, formula (2.2)) we get

> W2 > )\
k=N k=N

which by (5.15) converges to 0 with N — oo.
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Finally, we consider

Observe that by the orthogonality of gx’s

k
m () o (%)
B3 = 3 B S D B
k=N+1 \k k=N+1
and thus by the second part of (5.15) it follows that T, converges in prob-
ability (uniformly in n) as N — oo to 0.
Since for any € > 0 and any =z € R we have

P(Snn <x—e)—P(|Tnn| >¢)<P(Z, <2)<P(Snn<zx+e)+P(|Tnn| > ¢),

the relations which has already been used in Chapter 3, the result follows
because of the asymptotic properties of Sy ,, and Ty, derived in the course
of the proof.

5.2 Asymptotics for P-statistics

Let My, «» be the space of m x n matrices with real entries and let h € Lgm).

Further, let X ™™ be a random matrix assuming values in M,,, with iid
entries. Let E(|h(™]) < oo. Then from Theorem 2.2.1 we obtain for the
associated generalized permanent function (under slightly different notation)

m

(mon)5g (mon) _ (m.m) 5 (m,m) n (= F)! o mm)
Perlmmx (mn —E(Perh(m)Xm")+m!(m)Z —— W

9m. &
k=1

where

W;Z?,Zl) = Z Z Z 9m,k (Xiau)»ﬁ’ e ’Xiauc)vjk)

1<ii<..<ipg<m 1<ji1<..<jr<no€ll,,

and

Im (W1, .., we)
k m
— RO (21, ... Zm) (H((Swr (dz,) — Px(dzr))> ( 11 PX(dzs)>
Rm r=1 s=k+1

for Px being the distribution of X; ;. Recall that, similarly as for U-statistics,

we say that r is non-degeneracy level of P-statistics if g,im) =0 for k < r and
(m)

g~ ZO0.



5.2 Asymptotics for P-statistics 101

The main object of this section is to prove limit theorems for P-statistics
with m,,/n — X > 0. Similarly, as for U-statistics, two cases A =0 and A > 0,
differ and they are treated separately. However in both cases the asymptotic
behaviour of the sequence of centered and normalized P-statistics

PGT(mmn) (X (m,,L,n)) - E (PGT'(m"’n)(X (mn,n)))

h(mn) h(mn)
(o, ) 1700

is compared to the asymptotics of respective U-statistics.
Again, as for U-statistics, we start with the case A = 0.

n

Theorem 5.2.1. Let (X ™) be a sequence of matrices in M, x, embed-

ded in an infinite matriz X () of iid entries. Assume my,/n — 0. Consider a
(mn,n)

h(mn) X (m"’"))> with a common level of non-

sequence of P-statistics (Per
degeneracy equal to r. Assume that E [(h(m"))2] <oo,n=12,..., and that

Moy (m”)kf’!”

> B gh = 0. (5.17)
k=r+1 ’

Assume also that E(gm, » — gr)°> — 0 as n — oo for a symmetric function
gr : R” — R satisfying (5.10).
Then

d
- Jr(gr)-

mn

n \ 2 Per (R e — B (Perfin) (x0m))
rl | — -
(mﬂ)m”'
Proof. Write m = m,,. Consider a U-statistic Uy(,;?l) with the kernel h,, based
on an iid sample of m,n random variables: X1 1,..., X;n.n. Then m?/(mn) =

m/n — A. Consequently, the assumptions of Theorem 5.1.2 are satisfied (with
n changed into mn) and thus

<m> oy (U~ B 4 Julor),

r

To complete the proof we will argue that
rin’/2 {Pe?‘é%;l) (x(mn)y — B (Peré?},,{;’) (X (mvn)))}
Pyl
(mn)/2 U5 — BST)|

()

= 2,(8m) L 0.
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Note that symmetry of the kernels g,, ;s entails

Cov ((k!)*(’é) Wi, <’Z> (T’;”)lm’im(gm,k)>

~Var ((’}j) () _17r:fm<gm,k>) - (:’fij E@l.  6a8)

k

for any k =r,7+1,...,m. Note also that by (2.13) it follows that

-1 m
Var ((k!)l (}) Wé:ﬁf”) e, G

We will show that (2, converges to 0 in L. By orthogonality of (g, x) it
follows that

Im.k m’ (?)ﬂfnn( m,k)
Var 2,(gm ( ) ZVar(r PI) — (T)(mn)g )

k

Thus (5.18) and (5.19) applied to the first element of the above sum yields

Y var (p1Wome — M C) Tn(Gm.r)
(ﬁv<ﬂm BIE >

T T

- (r!)2%—2r!%%+ (EHT))Q

B ™ [r!nr 2r!(mn)r n m” (mn)r]
m | (7) SO RS
Since the term in the square brackets above converges to zero and the factor

in front of it converges to r! we conclude that the whole quantity converges
to zero.

(5.20)

Note that
. ar Im.k m’ (?)ﬂﬁ@n(gm,k)
<%;Y< K1) BIFS
ny" Y m” () T (Gm,)
(%;ﬁ% >%@%§W«(@w§>

= Ii(n) + I2(n) .

Now treat separately I1(n) and Iz(n).
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For I1(n) we use the second line of (5.19) to get

hn = T2 5~ ()

k
m' k=r+1 (Z)
m

mk=r 1 E(Qg@,k)
<0 D T (1-m)F &

n

1
HE(gfn,k)

k=r+1

Since for n large enough = < % then for such n’s

= m k- E(g?
=2y 3 (1) el
k=r+1

and thus by (5.17) it follows that I;(n) converges to zero.
For I>(n) we have

wo=(2) (7)) £ W,

r k

(& ) e
- <(T>> k:zr;-l m” pk=r (M)

L W N € L
() o %, ek

r n k=r+1 .

E g?n,k

Since the expression standing just in front of the sum above is bounded then
(5.17) implies that Iz(n) — 0.

Thus Var 2,(gm) — 0 implying $2,,(gm) Zo. O

In our next result we consider the case A > 0.

Theorem 5.2.2. Let (X ™) be a sequence of matrices in My, x, embed-
ded in an infinite matriz X () of iid entries. Assume my/n — X\ > 0. Con-

sider a sequence of P-statistics (Peré%ﬁ) X (m"’"))> with a common level of

non-degeneracy equal to r. Assume that E [(h(m"))ﬂ <oo,n=1,2,..., and

that there exists a sequence of functions g = (gi), such that gi is a symmetric
function on R¥ satisfying (5.10), k = c,c+1,... as well as

= = ()"
ﬁE g7 < oo and Z ’];' E g} < uniformly in n
k=r k=r ’

(5.21)
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and . i
> (Tl;) E (g, x —gr)* — 0. (5.22)
k=r
Then
Per{Timm (X (mnm)) — B Per(Tmm (X (mnm)) i SRS
(ﬁn)mn! — k!

Proof. Consider a U-statistic Uf,:ﬁ’}b with the kernel h,,, based on an iid
sample X1 1,..., X, n- Then m2/(m,n) = m,/n — X. Consequently, the
assumptions of Theorem 5.1.3 are satisfied (with n changed into m,n) and
thus (writing m = m,,)

AF/2
U~ BUG 27@( k)
k=c

To complete the proof we will argue that

1 m,n m,n
[Per( DX ) — B Per (x )| — Ul — EUG)|

-y (3) w35 (1) () o)
= 2u(gm) 0. (5.23)

Firstly, note that by orthogonality of (¢m,, 1 )r and (gr)r and due to (5.22)

m m

E (i(m)l (Z>_1 [W_(gm )y m. n>]>2 -y (%i

k=r k=r

SR
E (kZ: (72) (n;:) B [T (9m.) = T (9k)]>
I

-1
) E(gmn — g6

,E(gm,k’ - gk)2 — 0.

Similarly, by the inequality

it follows that

E(gmx — gr)* — 0.
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Thus to show the relation (5.23) it suffices to prove that
2.(g) = 0. (5.25)

This will be accomplished by showing that the variance of the respective
difference tends to zero. Note that symmetry of the kernel g;’s entails

Cov (é(k!)l <Z> AW;;"*”), :T <ZL> (”;n)lwfm(gk)>

— Var i (ZL) (W]Zn) _17r7’%n(gk)> = i EZ’}; E(g7)

c

Do

Note also that by (

Var (é(k!W(Z) - ) i%kl

.13) it follows that

Thus

uniformly in n as N — oo. Similarly, using once again the inequality (5.24),
we get

e Elgi) — 0
(")
uniformly in n as N — oo. Now, fixing N sufficiently large we see that

i [%ki - EZ?;] E(g;) — 0

—=r

as n — oo since both
m m 2
G) ()
(&) (")
converge, as n — oo to the same limit 2—’: and k assumes only finite number of
values 1,..., N. Hence (5.25) follows and the proof of the result is complete.
(|

and

==
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Let us note that in practice the assumptions 5.21 and 5.22 of the above
theorem may be often replaced by a set of alternative conditions being easier
to verify. We outline them in the remarks below.

Remark 5.2.1. Suppose that exist positive constants A, B, C' and D such that

lgr| < AB* forany k=r,r+1,... (5.26)
and
|G, k| < CD* forany k=r,r+1,...,m, n=1,2,..., (5.27)
as well as for any k = r,r + 1,..., a point-wise convergence
Gmn b — Gk asn — oo (5.28)

holds, then the assumptions (5.21) and (5.22) of Theorem 5.2.2 are satisfied.

Remark 5.2.2. Since by (5.9)

Gk = D (=1l (i), (5.29)

where
Py, i(215 oo 5) = E(hgn, (@1, -+ 26, Xig1, -0, Xon)) = E(hm,,),
then it follows that if there exist positive constants a and b such that

|]’:mei| < abi

forany i =r,7+1,... and any n = 1,2, ..., then

|G | < Z < )ab’ < a(1+0b)*

for any k = r,r +1,...,m, and any n = 1,2,... and therefore (5.27) is
satisfied.

Remark 5.2.3. Assume that there exist positive constants A, B, C' and D
such that
E(g}) < AB* forany k=mrr+1,... (5.30)

and

E(gﬁlk) <CD* foranyk=rr+1,...,my,and anyn=1,2,... (5.31)
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It is worthy to note that due to the formula (1.19) written is our current
notation as

k
ik 5
B, 0 = >0 (4 s,
i=1
it follows that (5.31) is implied by the following condition: there exist positive
constants ¢ and d such that

E(ﬁfnnk) < cd® for any k =r,r+1,...,m, and for any n = 1,2,....
(5.32)

It is quite easy to see that (5.30) and (5.31) (or (5.26) and (5.27)) and the
point-wise convergence (5.28) imply that the assumptions of Theorem 5.2.2
hold true: The first part of (5.21) is obvious. The second part of (5.21) follows
immediately from the fact that the sequence (m,,/n) is bounded. To see that
(5.22) is also satisfied, let us for any € > 0 choose M large enough to have

i )

k=M+1

(AB* + CDF) < ¢/2.

Note that M does not depend on n. Then, by (5.28), we can take N large
enough to have for n > N
M (mgk
(%)

7 Elgman —gr)%) <e/2.

Remark 5.2.4. Note that (5.31) implies

My, (mn )k T Dmﬂ l m D
> A E Grar ke < CDT“ Z =Dt —re it =0,
k=r+1

Thus (5.17) is satisfied and Theorem 5.2.1 holds. Similarly from Remark 5.2.3
it follows that (5.32) implies (5.17).

5.3 Examples

In this section we shall illustrate the applicability of the results from the pre-
vious section by revisiting some of the examples introduced in Chapter 1. We
shall simplify slightly the notation by writing Per (h,,) for Per,(x:’?)x (m,n)
also m for m,, while continuing to assume that, as in Theorem 5.2.2, m/n —

A> 0.
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Ezample 5.3.1 (Number of monochromatic matchings in multicolored graph).
In the setting of Example 1.7.2, let as before P(X = k) =pi, k=0,1,..., N,

where N < oo and X; ; 4 X. If

N
hm(l'l,..., Z

k=11

I(x

:ﬁ

Il
_

Then Pery,, , = M(m,n) counts monochromatic perfect matchings in a cor-
responding random bipartite graph (G, [y ;])-
Note that E(h,,) = ij:l pp* and, moreover,

Imk(T15 - Tk ;pz H( :i)—1>.

Z

Consider first the case of N < oo and p; = p, i =1,...,N. Then E(h,,) =
Np™ and changing h,, into h,, = hy,/(Np™) we get

gm,k(xla“-yxk)
1 Y 1
:gk(xl,.‘.,xk) = NZH <—I(.’El :’i) — 1>
i—11=1 \P
k/2 N
1 /1—p
:N(T) ;sz@k(‘rlv'“axk)v
where s )
¢Z($): (x_Z)_pv ’L:]-v 7N7
p(1—p)

are standardized. Thus if m/n — A > 0 then from Theorem 5.2.2 we conclude
that

Ny (5 )m! N
1 A1 - p)
L (20=n) 32,
N exp ( % zz:; exp (\/_ z
where (Zi,...,Zy) is an N-variate centered normal random vector with

covariances: E(Z;Z;) = —1fori # jand EZ? = (1—p)p~',i,j € {1,...,N}.
If m/n — 0 then Remark 5.2.4 and Theorem 5.2.1 imply

1<%@ﬂQ—N>iz

m \ p™ (] )m!
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where Z is a zero mean Gaussian random variable with variance Var(Z) =
N2l
»
In the general case, i.e. N < 00, let p = maxi<;<n p; and let ji,...,jx be
such that p;, =p, s =1,..., K. Then we define h,, = hy,/(Kp™) and note
that Fh,, — 1 as n — oo since

= s Py pi\"
’Ehm—]_’: K—ipm—]_’: Z <_)

iZ{j1,.. K}

1
< (SUPiQ{jlwudK}pi)m Z bi 0
p

iZ{j1,--JK}

on noting that sup;g¢; 3P <p. Consequently,

Ime(T1s . 2) = %é <%)mlli (il(wl =) — 1)

DPi
Define
1 K
vt = e ST (G =0 1)
k/2 K
_ 1 f1-p ®k
‘?<T) S 9 (o, . 2),

s=1
where s = ¢;,, s =1,..., K, are standardized and k = 1,2, .... Then |gx| <
C* and (5.21) is satisfied. Moreover,

|gm,k(x17"'vxk) _gk(xlv"ka”

m k

RO (o

20,510 } bi

<ct <&) < ckgmt Bicsm1ckp— o,
N : Z , D N : Z P /P
iZ{j1, I} iZ{j1,JK }

since 6 = Sup;gy;, .. i} Pi < pand thus (5.22) is also satisfied. Consequently,
in the case m/n — A > 0 Theorem 5.2.2 implies

\l=p /
T

i=1

K
= %exp (—)\(127;1))) ;exp (\/XZZ) ,
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where (Z1,...,Zk) is a K-dimensional centered normal random vector with
covariances E(Z;Z;) = —1fori # jand E(Z?) = (1-p)p~t,i,j € {1,...,K}.

Alternatively, if m/n — 0 then it follows from Theorem 5.2.1 (via
Remark 5.2.4) that

n (LW’”) K> 4z

m \ pm (Z)m! B

where Z is a zero mean Gaussian random variable with variance Var(Z) =
K21l=p
oo

In our remaining examples we consider always a set of weights in a complete
bipartite graph K (m,n).

Ezample 5.3.2 (Number of matchings with L red edges in bicolored graph).
Consider a random bicolored complete bipartite graph K(m,n) from Exam-
ple 1.7.3 with edges which are either red (X; ; = 1) with probability p or black
(Xi,; = 0) with probability 1 — p. We are interested in the number C(n, o) of
perfect matchings with a given number L,, of red edges as n — oo, assuming
that L,/m — a € [0,1]. Thus K(n,a) = Per(h,,) for

hon (21, @) = I(x1 4+ ...+ @ = L), xz; € {0,1}.

Note that
m _
E(hm) = (L >pL"(1 —p)"
n
Moreover,
homi(21, ... )
o m—i Lyp—x1—...—x; m—i—Ln,+x1+...4+x;
= " ‘(1— ntrbete g e 0,1},
(o0 ) (1-p) ey
Consequently,
iLm’i(.’El, N ,l’i)
_ hier, ) = E(hn) (Lo 0) (1 —p>zl+m+xi (l—p)i—1
E(hm) (") p

and thus by (5.9) we have

k

gm7k($1’...’xk) :Z(—l)kii Z Bm,i(lea-~-axj7¢)

i=1 1<j1<...<ji<k

k m—i _ Zjy +"'+xj7: .
_ Z(_l)k_i Z (Ln_x(jg.)“_xji) <1 . p) (1 —p)_z—l

1<j1<...<ji<k Ly
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Since '
(=)
lim L) = 031 — )
nee (L)
then
9m k(xlv axk)
k ] Tjy +.FTj, 1 i—zj, —..—xj,
yen e (8) (=) o
i=1 1<jr<<ji<k \P -p

ONCI

k
. (%) [T o) = gutans- o),

p( p) i=1

with a standardized

Note that for any k > ¢

« 11—« F
lgk] < [ max< |——1 -1 .
D 1—-p

Also, denoting s = x1 + ...+ x;, we have

~ L S L i—S 1 1 1 i
m My p* (1 —p)—= min{p, 1 —p}

Thus by (5.26), (5.27) and (5.28) we conclude that the assumptions of Theo-
rems 5.2.2 and 5.2.1 are satisfied.
Then if m/n — A >0

)

k
v [a—p]
K(n,«) d - ( Vp(1-p)
=1+ ) ————Hi(i(9))
T R T e R PR
Ala — p)2>
—exp (VA2 - —"L ),
< 2p(1 —p)

where Z is a Gaussian random variable with zero mean and variance Var(Z) =
(a—p)?

2p(1—p)”

If m/n — 0 then

n K(n, ) .,
m -1 = Z.
m <(w?”)mn!(7£:)p’3"(1 — )L )
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Ezample 5.3.3 (Number of heavy normal matchings). Consider a complete
graph K (m,n) with random weights X (™" = [X; ;] which are iid N(0,1)
random variables. We are interested in asymptotics of the number W(n, «)
of perfect matchings for which the average total weight exceeds given level
a > 0. More precisely, let

h(21, . cyxm) =I(x1 4+ ..o+ Ty, > am).

Then
Wy(a) = Per(huy,).

Note that
Ehy)=PX1+ ...+ X, > am),

where (X;) are iid N (0, 1) random variables. Thus
E(hn) = 1 - #(a/m),

where @ denotes the distribution function of the standard normal distribution.
Similarly

am — S
hmvi(.ﬁl,...,l‘i):P(Xi+1+~-~+XmZam_s):1_¢< /m_i)’

where s = x1 + ...+ x;. Thus

1 (o)
7 m—1 .
hpi=——7"¢5—1 =1,... —1. 5.33
m,t 1 o (ls(a\/ﬁ) ’ ¢ ? 7m ( )
Now we use the classical double inequality for the tail of the distribution
function of the standard normal distribution (see for instance Feller 1968,
chapter 7).

! —§<1 1><1 Br) < —— e F (5.34)
—c - — = —P(x e T = .
V2m r a3 V2r x
for any = > 0.
Since for large n the arguments of @ in (5.33) are positive we can use

(5.34) respectively to the numerator and denominator in (5.33) to get the
double inequality

1<<am—s>2 ) )]amuam—sf—mw

exp[—§ m—i " (am — 5)3

i B(M 2 )] oPm?/2/m =i

hom,i +1 — :
< i 1< exp m—1 am (am — s)(a?m — 1)
(5.35)
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Passing to the limit as n — oo in (5.35) we get

~ ia2
hm,i — € 2z — 1.
Consequently, by (5.9)
gm,k(xlv )
:Z Z B ’7i(xj17"'7xji)
i=1 1<j:1<..<5i <k
k .,
N D S )
i=1 1<j1<...<ji<k
k
o2 k/2
:H (6017_7_1):< ) H(b@k T1y..., & ) gk(-rla"'axk)a
i=1
where
R —

is standardized. Note that
2 k
E(g}) = {E (eO‘N_n?_2 —1) } .

and thus (5.21) is satisfied.
Since Ay, ; is not bounded we will use Remark 5.2.3. We need to show (5.32).
Note that

E | @(ay/m) - @ (M)r

E(h? ;) = G
) = =0 ataymye
where S; ~ N(0,4), i =1,...,m — 1. The numerator is bounded as follows

-0 (23]

1 —min{an, (am__s.i)2} ( am — S; )
< —Fle " (e}
27 ( Vim = vm —1
1 2 S; —am 2
< —|le*"E|lavm+ ——
27 < \/_ vm —1 >
+

5 _ 2
(e (o 222) )|
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Since Z = S;ﬂ% ~N(——72, ——) = N(v,0?) then

2

) am
E(Z + avm)? = o + 1% + 2a/mv + o*m = - [ 1+
( vm) Vim m—i Vm+vm—i

< (m—1)(1+a*Vm) < (m—1)(1 + 2a2m)e™

where the particular form of the last inequality is convenient to compare with

the inequality for the second part derived below.
For the second part, we proceed as follows

E {(Z + a\/ﬁ)zefzrz} = EZ% % 4 20ymEZe ™% + o®?mEe %

Since
722_ ]_ — V202
Al v an
B2e™ = a7
1 V2 2
E72e 2 - - (2o Y 1257
¢ (1 + 202)3/2 7 +1—|—202 ¢
Thus
E [(Z + a\/ﬁ)ze_ZQ}
N 3/2 .
:e_a2m<m—é>/ { i ‘+a2m< m__, [m mﬂ)]e:’fﬂi
m -+ m—1 m -+ m—1 m—1

< eiO‘Qm(m -1+ 20z2m)e°‘2i.

Consequently,
E[QB( Vm) @(O‘m_si)]2< Leem(1 4 902m)e
aym) — — —e a‘m)e” .
vm —1i oo

Finally, we use the left inequality from (5.34) to get for large n and i =

1,...,m—1
~ 1 ; o2m m3/2a3 i
E(hfnz) < ;67“2’”(1 + Qazm)eo‘% QWeTm <C (ea2)

Additionally, for i = m we have

b(ay'm)

c9 I(X1+...+ X, >am) 2_
Bl =B (SR ) -
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Again using the left inequality from (5.34) we get for large n that

~ 2 a3m3/2 2 a3m3/2 m
E(hfn m) < Vore®s 70[2 m = Vor {e 2 7&2 m 1] e®’m <C (6“2)
' oa?m — o?m —

Thus (5.32) is satisfied and we conclude that the assumptions of Theo-
rem 5.2.2 are satisfied. Note that by (5.35)

OL27YL
E(hy)V2ray/me 2 — 1.

Consequently, if m/n — A > 0 then using Theorem 5.2.2 we obtain

(12'7'1.
vme 2z W(n,a) ¢ 1

Ae™ —1)
[ ava VA

2

exp

)

. . . . . 2
where Z is a zero mean Gaussian variable with variance Var (Z) = e® — 1.

Similarly, if m/n — 0 then Theorem 5.2.1 implies

n W(n, a) PR
ﬁ((l—é(aﬁ))(;ﬁ)m! 1) -

Ezample 5.3.4 (Number of perfect matchings with few light edges). Consider
again K (m,n) and let F' denotes the common distribution function of the
random weights X ;’s. We are interested in a number R, (r,«) of perfect
matchings for which the r-th smallest weight (out of m weights) exceeds a
given threshold «. That is

R (r,a) = Per(hy,)

for hp (21, ... &m) = I(Zpm > @), where x,.,, denotes the rth order statistic
out of m observations.
Note that
(x> @) (5.36)
r—1
S Y I e I dwee
s=0 1§Z‘1<‘..<’L—5§mje{il,...,is} le{l,...,m}\{il,...,is}

where the summand for s = 0 is understood as [];", I(z; > «). Thus, by
(5.36) we get

Bl = (") r@rm

S
s=0

where F =1— F.
In order to calculate h,,; it is helpful to observe that the set
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{(1'1, .- ~axm) D Tpom > Oz}
can be decomposed in disjoint sets of the form
{(z1,...,xm) : exactly s elements out of (zg+1,...,%m) are < aand x,_sx > a },

fors=0,1,...,r—1.
We assume here that z;., = —o0 if 7 <0 and z;., = oo if j > n. Since

hm’i(ZLj, ey CUZ) = E(hm(ZL’1, . ,l’i,Xi+1, ey Xm)) s
where X;1,..., X, are iid with the df F', then by the above remark it follows
that

r—1

B i(@rse . 2) = > <m8_ Z) F(a)F™ 5 () (2y—s: > )

s=0

- ;)FS( )Fr 1- (o )](xr_s:i>04)_1_>I(x_1:i>a)_1
Fi(a) S é( )Fs( VET=1=5 () Fi(a)_ .
Hence by (5.9) we get
k
T > )
m, (x yeees L — ! —1
Im, k\T1 Zl:[l< >
AN
= (%) H ¢®k(x1""’xk) :gk('rla'~-7xk’)?
where _
b(z) = I(z > o) — F(a)

F(a)F(a)
is standardized.

Note that |gx| < (max{l7 FEQ)}) and thus (5.26) is satisfied. Also

S0 ("C)FU (@) P a) Y
Fz(a) Z:;é (T)Fs(a)pr_l_s(a) +1<2 (F(a)) )

and by Remark 5.2.2 it follows that the assumptions of Theorem 5.2.2 are
satisfied. Since

|iLm7i(l‘1, e 7l‘z)| S
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E(lm)
- —
T () P ()

in the case my,/n — X Theorem 5.2.2 implies

Ru(r, a) a (F(a))r—l Rz A

(mim—1F (@)~ \F(a) o

where Z is a zero mean Gaussian variable with variance Var(2) = E g
Note that the case r = 1 is the case of a classical permanent (Defini-

tion 1.20) since the kernel h,, is a product of the form [];*, I(z; > «). Thus

the above asymptotics in this particular case follows from Theorem 3.4.3.

Alternatively, if m/n — 0 then using Theorem 5.2.1 we get

= Rn(r, ) —~ 1> 4z
\/; ((Z;i)m! 3o (B) Fe(a)Fm=s(a)

Ezample 5.3.5 (Sum of products of zero-mean weights for perfect matchings).
Let X; ;’s have zero mean and unit variance. Let 7 > 1 be fixed. For K (m,n)
consider Per(h,,) with

m l
hm(azl,...,xm)zz Z Haz]

I=r 1<j1<...<j;<m s=1

Obviously, F(h,) = 0. Moreover, h;(z1,...,z;) =0fori=1,...,7r — 1, and

i l
hm’i(lj,...,l'i)zz Z H.’tsw

I=r 1<s:1 <...<s1<iw=1

fori=r,r+1,...,m, i.e. ris the common degeneracy level of all P-statistics
in this example. Note that h,, ;’s do not depend on m. Using (5.9) we obtain

k

i I
Gmk(T1, .., 28) = Z(—l)k_i Z Z Z H zj,.,

i=r 1<j <. <j7v<k I=r 1<s,<...<s;<iw=1

XX (T ()

i=r 1<j1<...<ji <k w=1

Noting that the expression in the parantheses in the above formula is zero
except in the case i = k we obtain

Imk(T1, . T) = H$z = g1, ..., Tk),
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ie. ¢(x) = x (standardized). Since E(gm w) = E(g?) = 1 the assumptions of
Theorems 5.2.2 and 5.2.1 apparently are satisfied.
Consequently, for m/n — A > 0,

r=1 y\k/2
Pe:(hm) 4 VAN-3 _ A HL (V).
(m)m! Pt k!

In particular, if » = 2 the limiting law is the distribution of the random
variable eV =3 — 1 — /N
For m/n — 0

Let us note that in the first four examples above we had:

]’Lmi(l‘l,...,xi 1 L :
E(T z; 1;[1 V(1)

for some natural number L, a positive number o and some functions ,,
satisfying F(42(X)) =1, r = 1,..., L. If this is the case then in general

L k
1
gmvk(xl,...,xk)ﬂzzn Yr(xy) — 1) = gr(z1, ..., xp).

=1

=
—

r=

Consequently, if only the assumptions of Theorem 5.2.2 are satisfied then

Per L fZ AEPZ(X)-1) (X) 1)
B 1% o
where (Z1,...,Zr) is a zero-mean Gaussian vector with covariances

E(ZT‘ZS) = E(wr(X)ws(X)) -

If in the situation just described the edges [y; ;] in a bipartite graph appear
independently with the same probability ¢ and independently of the weight
matrix X () then we have to modify the kernel of a P-statistic as follows

ilm((xlvyl)a-"a('rmaym)):h -rla"'v HI

=1

where y; = 1 if the respective edge is present in the graph, otherwise y; = 0
(see also Section 1.7). Then, it is easy to see that
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B i@, ) T Im=1) I~ T Iy =1)
- 7 Yr(21)
E(hm) 1=1 q L Tz:; =1 q
Consequently,
LT Iy =1)
Imk((T1,91), -, (Tk, Yx)) — ZZ 11 <¢r($l)T - 1>

=1
ng((xl,yl), (xk,yk))

In this situation the convergence result (5.37) has to be modified as follows.
If the assumptions of Theorem 5.2.2 are satisfied then

oot Lzexp(fz_%), (5.39)

(mla Eih
where (21, oz L) is a zero-mean Gaussian random vector with covariances
NS E(.(X)s(X
B2, 2, - B0
q

For instance if the edges appear at random, as described above, in the
Examples 5.3.2-5.3.4 we obtain the following modifications of the limiting
behavior for m/n — A > 0:

In Example 5.3.2 for the number of red edges K(n, «):

K(n, A —p)2+(1 - 1-—
__ Kna) _mqﬁﬁuamﬂ m<mw
(m)m!(Ln)p n(l —p)ym—Lngm 2gp(1 —p)
where Z is a zero mean Gaussian variable with variance Var(2) = q(g(lp )p) +
1=¢
-
In Example 5.3.3 for the number of heavy normal matchings W(n, «):
\/ﬁe#W(n, ) a 1
(;) mlgm oV 21

\/XZ—M
2q

exp

)

2
o™ __
where Z is a zero mean Gaussian variable with variance Var(Z) = =——L.

Example 5.3.4 for the number of matchings with few light edges R, (r, «):

L Y O
() mtmr = [gF ()] F(a)
where Z is a zero mean Gaussian variable with the variance Var(Z) =

1—qF(a)
qF (o) °
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5.4 Bibliographic Details

Multiple Wiener-It6 integral was introduced by It6 (1951) who considerably
modified the original idea of homogeneous chaos introduced by Wiener (1938).
A detailed description can be found in the monograph by Major (1981) which
is devoted solely to this issue. A concise and quite accessible exposition of the
topic has been given recently in Kuo (2006). Here we adopted an approach
which borrowed the first step from Dynkin and Mandelbaum (1983) and was
especially convenient in the context of symmetric functions, which were of the
primary interest.

The fundamental result on the weak convergence of non-degenerate U-
statistics was obtained by Hoeffding (1948) in his seminal paper on the sub-
ject. Subsequent results for degenerate cases were obtained by Serfling (1980),
Rubin and Vitale (1980) and Dynkin and Mandelbaum (1983) who were the
first to introduce the idea of writing a limiting distribution in terms of multiple
Wiener-Ito integrals. For a general review of the subject of multiple stochas-
tic integration in the context of symmetric functions see e.g., monographs
by Major (1981) or Lee (1990, chapter 4). There are also several other good
monographs that consider, among other topics, the issue of weak convergence
of U-statistics both in the case of finite order kernels as well as the sequences
of kernels of increasing dimensions, like e.g., Koroljuk and Borovskich (1994).
Some interesting results related to the limiting behavior of so called ‘decou-
pled’ U-statistics, which are similar to our P-statistics in the case of matrix
X () having independent and identically distributed entries, are presented in
de la Penia and Giné (1999, chapter 4). For some related results on the weak
convergence of both classical and decoupled U-statistics the reader may also
wish to consult e.g., the papers of Giné and Zinn (1994), Latata and Zinn
(2000), and Giné et al. (2001).

The material on weak convergence of P-statistics presented in this chapter
is essentially new and comes from the yet unpublished manuscript
Rempata and Wesolowski (2007).
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Permanent Designs and Related Topics

6.1 Incomplete U-statistics

In the current chapter we shall explore a different view of a P-statistic, namely
as a certain type of an incomplete U-statistic a notion that we now proceed
to describe. Recall that in the previous chapters we have defined a U-statistic

U™ as
NG
Ul(k) = <k> i (h)

for any symmetric kernel h. For given integers 1 < k < [ let S;; denote as
before a set of all k-subsets of {1,...,l}, i.e., a collection of all sets S =
{i1,...,1x} of distinct indices selected from {1...,l}. In what follows we shall
also often write h(S) for h(Y;, ...,Y;, ). In the above notation we have

Ut = <;)1 S h(s).

SESl,k

Even though U-statistics are relatively simple and thus theoretically appealing
probabilistic objects their practical use is severely limited due to the fact that
for large values of k and [ the number of needed averagings (li) may be very
large and the actual evaluation of a U-statistic can be quite onerous especially
when considering infinite order U-statistics, like e.g., elementary symmetric
polynomial of increasing order discussed in detail in Chapter 3, where the
dimension k of a kernel function is growing with the sample size [. In order
to address the problem of these computational difficulties Blom (1976) has
suggested considering “incomplete” U-statistics, where the kernel function is
averaged over only some appropriately chosen small subset (a design) of all
(}C) averagings. The idea of Blom has turned out to be closely related to the
general statistical theory of experimental designs and has lead over the next
decade to a rapid development of the theory of incomplete U-statistics based
on a variety of designs.
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The main drawback of the theory of incomplete U-statistics seems to be in
a lack of a sufficiently general and yet relatively simple technique of generating
incomplete designs (except perhaps for the random selection) that would work
well for a very wide class of U-statistics, including the case when k& — oco. In
this chapter we shall present a class of designs which in some circumstances
may work well for a large class of kernels.

If we assume that F hi < oo for [ > 1, then the variance of a U-statistic
of degree r — 1 is given by the formula (2.14) of Chapter 2.

w LSS A
VarU;"” = Var ge. 6.1
ar U, czz; (c) <c) arg (6.1)
A convenient alternative form is obtained by rewriting the above in terms of
the variances of the conditional kernels h., ¢ =1, ..., k, as follows
-1 k
(k) l kN (l—k
= . -2
VarU, (k) Cz:; <c) <k—c Varh, (6.2)

To see this, recall from Chapter 1 that

Var g, = i(—l)“C) Varhy. (6.3)

v=1

Now, substituting (6.3) into (6.1) gives after several lines of algebra (6.2).

Note that for r = 1, that is for non-degenerate U-statistics, the relation
(6.2) along with the property (1.18) of the sequence Varh, v =1,...,k and
the hypergeometric summation formula yields the bounds

k2 k
T Varhy < Var Ul(k) < 7 Var hy. (6.4)

The following definition shall be essential in the further discussions in this
chapter.

Definition 6.1.1 (Incomplete U-statistic). For any class of k-subsets
D C S, an incomplete U -statistic is defined as

vl = LS n(s) (6.5)
Pl {&

where |D| denotes the number of elements in D.

The set D is often referred to as a design of an incomplete U-statistic. The
variance formulae (6.1) and (6.2) have their analogues for U(Dk). We state and
prove this for the record as follows.
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Theorem 6.1.1. Let f. for 1 < ¢ < k be the number of pairs S1,S2 in the

design D having exactly ¢ elements in common. Then

k
1
k
Var Uy = B 2 feVarhe. (6.6)
C=T

Additionally, for S € Sy, where 1 < v <k, we define n(S) as the number of
k-subsets in the design D which contain S, i.e. n(S) =#{S" € D:S c S'}.
Then

E
w _ 1
VarUp’ = W ; B,Varg, (6.7)
where .
¢
B,= Y n’9) = ch<y). (6.8)
SESZ,V c=v
Moreover, for anyv =1....k
k
A, = ) n(S)=D| (V) (6.9)
SES;

Proof. Denote |D| = d. First we shall argue (6.6). To this end note that
for any two sets U,T € S; with exactly c¢ elements in common we have
Cov (h(U),h(T)) = Var h.. Therefore

k
VarUy) =d23" Y Cov (WU),h(T)) =d™2>_ fVarh.  (6.10)

ueDTeD c=1

which establishes (6.6).
In order to argue (6.7) we define B, = Y 4.5 n*(S) and consider the
design incidence matrix, given by N = [n;;];xq¢ where

] (6.11)
0 otherwise.

{1 if index 7 is in set 7,
N3 =

Note that the (ji,j2)th entry of NTN is Y, ny,ni, = [Sj, N S;,|, where
S;,,Sj, € D. Thus f. is the number of elements in the matrix N7 N equal to
c. In order to find the formula for f. we shall use the Stirling numbers. Let
592, and s,(jzz be the Stirling numbers of the first and second kind, respectively.
Recall that they are defined by the equations

v

¥ = sPa(e—1)-(z—p+1)

vV,
p=1
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and

m
x(x_l)"'(x_“—i'l):zsfi,),x”
v=1

and satisfy the relationship (see, e.g. Abramowitz and Stegun 1964).
. 1 y=p
> sl = { ’ (6.12)

Additionally, recall also that s(yzl)L gives the total number of different ways of
partitioning a set of size v into p non-empty sets.

In view of the above interpretation of f. in terms of the elements of matrix
NTN, we may write for any v > 1

k d d l v
E ' fe= E E Mgy Nijy
c=1 1

ji=lj1=1 \i=

=> ws?)B, (6.13)

where in the last equality we have used the interpretation of the Stirling
numbers in terms of the numbers of partitions, as well as the fact that the

entries n;; are binary. Now we multiple both sides of (6.13) by 5%12, and sum
over v from one up to 7. This, in view of (6.12), yields for y =1,...,k

B, - ifc (f;) (6.14)

and thus also (6.8). Multiplying (6.14) on both sides by (—1)?~*(7), summing
over v from v up to k and using the identity

S () {8 S

givesforc=1,...,k

S (),

y=c
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In view of the above, as well as (6.10)

k
Var Ui()k) =d? Z feVarh,

c=1

—d? zk: (i(_l)v—c(p Var h) B,

v=1 \c=1
k
= Z B, Var g.
~y=1

where the last equality follows from (6.3). The formula (6.7) is thus proved.
It remains to show (6.9). Note that for v =1,...,k we have

S (En)

1
™
\'M
s
£
3
NS

b
Il
-

which leads to (6.9) in exactly the same way in which (6.13) lead to (6.14). O

Comparing (6.1) and (6.6) or (6.2) and (6.7) it is not difficult to see that
for D C §; ) we must always have Var Ul(k) < Var Ul()k) with equality only
it D = &y ;. Therefore, the incomplete U-statistic is always less efficient than
the complete one. However, for appropriately chosen design D, the increase in
the variance of U may be not too large and the loss of the estimation precision
may be offset by the considerable simplification of the statistic. The problem
of an appropriate choice of D is therefore central to the theory of incomplete
U-statistics (cf. e.g., Lee 1982).

6.2 Permanent Design

It turns out that one possible solution to the problem of generating simple
designs is via a concept of a generalized permanent function and a P-statistic.
Since the design is cast in the setting of selecting subsets from a matrix of
mmn independent and identically distributed random variables, hence in this
chapter we again strengthen the exchangeability assumptions (A1-A2) to the
general assumption that all the entries of X (°) are independent. The “per-
manent” design for selecting elements from X (™) into the averaging scheme
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turns out to be quite reasonable (for instance, “balanced” in the experimen-
tal design sense) due to the inherited symmetry. In particular, under some
regularity conditions imposed on the kernel functions of the corresponding U-
statistics it turns out to be always asymptotically efficient, in the usual sense
of the asymptotic relative efficiency (ARE), when compared with a full design
of all (Tn") subsets. It is remarkable that this efficiency property of the design
holds even in the case when both m,n — oco. In some cases the permanent
design can also be shown to be more effective than any other design of the
same size, including a random one.

Let us consider a U-statistic of degree m based on a double-indexed

sequence (matrix) of iid real random variables X ™" = [X; ;] with i =
1,....m;j=1...,.nand 1 <m<n
mn\ "'
Ulm — (m) > h(s) (6.15)
SESmn,m

where Syu.m is a set of all m-subsets of the ordered pairs of indices {(7, j)|1 <
i <m;1 < j <n}. Note that the above definition is equivalent to that of a U-
statistic Ul(k) with k = m, { = mn and the sequence X1 1,..., X1, X21,...,
Xon,-ooy Xma...,Xmn obtained by vectorization of the matrix [X; ;].

Any design D C S, we shall call rectangular. Due to the symmetry
assumption about the kernel function it is reasonable to restrict attention to
equireplicate rectangular designs, i.e., such that V(; ;) the number n(i, j) of
subsets in D containing (4, j) is constant and equal s. Note that such designs
must satisfy:

smn = dm (6.16)
where d = |D|. The above follows by representing in two ways a sum of

multiplicities of all singletons in the design D.
The following definitions will be useful in the sequel.

Definition 6.2.1 (Meager design). We will say that a design D C Spn.m
is meager if for any v € {1,...,m} the number of elements in Spmn, being
subsets of sets belonging to D equals (7) (")v!

In particular, for any meager design D we have |D| = nlml = (:;‘l)m!. Let
us also note that the notion of a meager design in our setting is related to
that of a strongly regular graph design (see Subsection 6.5.1) known in the
experimental design theory.

Definition 6.2.2 (Permanent scheme design). A design D C Sppm is &
permanent scheme if it consists of all m-subsets of the form

{(1,41),(2,42),(3,43) ..., (M, i) } (6.17)

where {i1,i2,...,im} C {1,2,...,n}.
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In the sequel we refer to any m-set of the form (6.17) as m-transversal of an
m x n matrix. Thus we may say that permanent scheme design is simply a
collection of all m-transversals (of an m x n matrix).

Below we shall denote a permanent scheme design by D,., and refer to
it for brevity as permanent design. Accordingly, throughout this chapter we
shall also refer to any associated P-statistic as (incomplete) U-statistic of
permanent design (USPD) and denote it by U(m)

We note that according to the earlier deﬁnltlon USPD is simply a P-statis-
tic based on a matrix of all iid entries.

The following theorem describes some of the basic properties of a perma-
nent design.

Theorem 6.2.1. The design Dpe,r is balanced (equireplicate) and meager. It
1s also a minimum variance design in the class of meager designs, that is, for
fized integers 1 < m < n it minimizes the variance of an incomplete analogue
of (6.15) among all meager designs.

Proof. First, we show that D,., is meager. That is, for given v (1 < v < m)
we show that the number of different sets S € Sy, being subsets of sets
belonging to D, is (T) (Z)Z/!. To see this, consider a set of ordered pairs of
indices (coordinates) {(i,7)|1 < i < m;1 < j < n}. Taking any v-subset is
equivalent to fixing the values of v first coordinates and v second coordinates,
which can be done in (T) (Z) different ways; for the selected v pairs of indices
there is v! ways to be included into one of the sets of the form (6.17).

Second, we show that D, is of minimum variance among meager designs.
For a given S € Sy, let us consider n(S), i.e. the number of m-subsets in
the design Dy, which contain S. (cf. Theorem 6.1.1). If S is a subset of one
of the m-sets of the form (6.17) then, from the definition of the permanent
design it follows that for such S

n—v
S) = —v)! 6.18
)= (12" Ym - (6.18)
On the other hand, if S is not a subset of one of the m-sets of the form (6.17)
then n(S) = 0. From the relation (6.9) of Theorem 6.1.1 we know that for any
design D C S, such that |D| = (Z)m! we have

20 Q)

Since the quadratic 3~ 22 subject to Y. z; = ¢ > 0 is minimized by taking all
the x;’s equal, it follows (see (6.8)) that for the class of all meager designs
Dper minimizes the quantities B, in the formula (6.7) and hence it minimizes
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also the variance. The fact that Dy, is balanced follows directly from (6.18)
with v = 1. O

It is not difficult to show that there exist designs which are meager, bal-
anced, and have strictly larger variance than the permanent design. Therefore,
the above theorem is meaningful.

Ezxample 6.2.1 (Meager non-permanent designs). Let D C Sa,, 2 be any bal-
anced design such that |D| = n(n — 1). Then D is a meager design.

A connection between a USPD and a U-statistic is given by the following

Theorem 6.2.2. For given fized integers 1 < m < n let II be the set of all
possible permutations of the elements of m x n matriz [X; ;] and for given

o€ 1l let Ul(;:e)r (o) denote a corresponding incomplete U -statistic. Then
1
(m) _ (m)
Y = (mn)! ;UDW(U)'

Proof. Direct calculation. O

The next example illustrates the use of Theorem 6.1.1 in the particular
case of a permanent design. This gives an alternative way of arriving at the
formula (2.13).

Ezample 6.2.2 (Variance of USPD). From the general result on the variance
of P-statistics under (A1-A2) we know that the variance of a USPD is given
by (cf. (2.13))

m m 1
Var Ug::) = Z ((Zy,l)) EV@T o (6.19)
Note that this formula may also be obtained directly from the general results
on the incomplete U-statistics discussed so far. Indeed, in the proof of Theo-
rem 6.2.1 we have shown that Dy, is meager and that for any v (1 < v <m)
and any S € Sy, being a subset of one of the m-sets belonging to Dyer, n(S)
is given by (6.18). This, along with the formula (6.7) entails (6.19), since now

2
B, = <m> (n)yl<n—u> (m — v)!?
v ) \v m—v
for1 <v<m.

As in the case of U-statistics, for a USPD there also exists an alternative
formula for its variance in terms of the variances of the appropriate conditional
expectations of the kernel function.

m 1 " Im
Var Uépzr = m Z (V)J/(m —rv,n— I/)Va//" h/y (620)
m v=r
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where '
1 . .
.. 2 ] —cC .
14 = —1)¢ —c)!
69 =20 (L) (10 e o
for 0 <i<m—1;n—m < j<n-—1. The formula (6.20) may be obtained

from (6.19) with the help of the relation (6.3). Equivalently, it may be inferred
directly from (6.6) upon verifying that f. = (" )m!(")¥(m —¢,n — c).

6.3 Asymptotic properties of USPD

The next result shows that asymptotically the variances of USPD and a cor-
responding complete U-statistic coincide for a large class of kernel functions.
For any incomplete U-statistic (6.5) let ARE be its asymptotic relative

efficiency as compared with the complete statistic Ul(k), that is,

(k)
i i V00
l=oe VarUp

Theorem 6.3.1. Suppose that for the U-statistic (6.15) of a fized (i.e.,
independent of n,m) level of degeneration r — 1 we have E (h"™)? < oo,
0 < liminf Var gﬁm), and Var gﬁm) < ¢, for v > r and some constants c,

(independent of m,n) which satisfy

Y ¥ <o, (6.21)

If n > m — oo and % — A >0, then ARE of USPD wvis a vis the complete
U-statistic (6.15) equals one.

Furthermore, for r = 1 the result remains valid if m = my > 1 is a fized
integer and n — oo.

Proof. Let us note that by (6.1) and (6.19) we have

m (M) 1 (7;)2 (m)
Var Ug;'fr D s {(:) ARG Var g,
(m) 1= 2 >0 (6.22)
Var Upnn s () Var gﬁm)

v=r (mn)
v

as each term in the sum in the numerator is non-negative, in view of the
inequality (”?j") > (m) (Z) (1)~ which is valid for all integers 1 < v < m < n.

v
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On the other hand, for the expression on the right-hand side of the equality
sign in (6.22), we clearly have for sufficiently large n

v [Fa- ] ved m G- ] o

™\ 2 < —
i ek var gl @)

(6.23)

where C' > 0 is a constant which does not depend on n and m. Let us show
that under the assumptions of the theorem the latest expression tends to zero.
We will prove this separately for each of the following cases.

Case A >0
Let € > 0 be arbitrarily small and let my be an integer such that
Ziimo (v1)~le, <e (the existence of mg is guaranteed by (6.21)). Since for

any fixed integer v with r < v < mg we have that (7)2/(”?/") — A\/v! and
)

— A asn >m — oo with 7 — A, then, for sufficiently large m,n

m (ZL)L - (T)2 (m)
L= [(:) o (| Var g PR N IHE (™)? !
L R = IC AN R Y

and the assertion follows in view of the relation (6.21) and the arbitrary choice
of .

Case A=0, m — o
In this case,

Var g™ (6.24a)

e e
> [ oy ()

Var g™, (6.24b)
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Note that

(h) )
BRGNS
(mn—1)--(mn—r+1) (6.25)
m=r+)nn-1)---(n—r+1)
(I-=1/mn)--- (1= (r—1)/mn)
(A= (r=1)/m) (1=1/n)---(1=(r—1)/n)
as m,n — oo. Thus, (6.24a) — 0 as m,n — oo and we only need to argue

that so does (6.24b). To this end, let us note that by (6.25), for sufficiently
large m,n,

mn

m(m —1)--

— 1

T =1/m)-

3 " ()

< — C

vl () v! (™) v=rt1 PG

LG mer 3

- Z (nfr> ! Cv = 2T n—r Z ! G = U,
v=r+1 \v—r v=r+1

in view of (6.21) and 2@ — 0. The latter inequality follows since for 1 < v <
m < n the expression (') /(") is a non-increasing function of v. The assertion
follows now via (6.22).

Caser =1 and m = my > 1 is a constant.

If my; = 1 the result is obvious. If my > 1 then proceeding similarly as
above we see that for » = 1 the expression (6.24a) equals zero and we only
need to show that (6.24b) tends to zero as n increases. This is obvious upon

noticing that for v = 2,...,m; the expressions in the square brackets are of
order O(n="*1). 0

The above result appears to be quite useful, since, as we have already
noted, the size of any meager design D is |D| = (')m! which even for fixed
integers 1 < m < n is usually a much smaller number than (7;’1”) — the size of
a complete design in (6.15). Asymptotically, this is even more apparent, since
by virtue of the Stirling formula we have, for a universal constant C' > 0,

() m!
E?nn) <Cym exp(—m)—0 as m — o0
m
Since for any two sequences (ay) and (by) of nonnegative real numbers

satisfying ax = Z’Z 1 ( "Ybe for k > 1, the condition Y7, by /k! < oo is equiv-
alent to Y- | ax/k! < oo, in view of the relation (1.19) it is easily seen that a
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small modification of the above proof allows us for an alternative formulation
of Theorem 6.3.1 where the Var gﬁm)’s are replaced with the Var h,(,m)’s. In
this alternative form the assumptions of the theorem are perhaps easier to
verify and, in particular, it is readily seen that they are satisfied whenever
liminf, Var b{™ > 0 and sup,, E (h(™)? < oo.

As an immediate consequence of Theorem 6.3.1 we obtain the following.

Corollary 6.3.1. Suppose that the non-degenerate (r = 1) U-statistic satis-
fies the assumptions of Theorem 6.5.1.
(i) If n —m — oo with 7+ — 0, then

U(m)

" ulm
Dyer B - P

(Var Ugje)) v (Va?” Ul ) 1

(ii) If n,m — oo with ™ — X\ > 0, then

vl —ylm Eg.

per

Proof. Let us note that for any U-statistic Ul(k) and its incomplete version

Ul(jk) given by (6.5), due to symmetries involved, we have
Cov (UM, USY = Cov (UP 1(S))  for any S € D

which entails
Cov (Ul(k),Ul()k)) =Var Ul(k). (6.26)

Applying the above to USm and U(DTE)T under the assumptions of (7) we obtain

(m) (m) o\
Var Up,e, N mn _g_o|YarUm \
(m) \ /2 2] Var U™
(Var UDW.T) (Var Unmn ) Dper

in view of Theorem 6.3.1, and the result holds via Tchebychev’s inequality.
The second part of the theorem follows similarly, since under the assump-

tions of Theorem 6.3.1 and (ii) we have that 0 < liminf Var U%ni) and in view

of (6.21) also limsup Var U(DTZ) < 00. O

In the context of discussions presented in Chapter 5 we may now appre-
ciate that the proof of the above corollary employs a simplified version of the
argument already used in the proof of Theorem 5.2.2.

We conclude this section with the following simple example

Ezample 6.3.1 (Relative efficiency of the incomplete sample variance). Con-
sider m = 2 and a matrix {X;;} of iid real valued random variables with
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variance 0 < o2 and central fourth moment py < oco. If we take h(z,y) =
(z —y)?/2 then obviously U2(n 5(2 ) Is the usual sample variance estimator

2 (Xi; — X)?
Sty = D 2n — 1

1<i<2,1<j<n

1 1
En =T > 5 (Xij — Xu) (6.27)
{(, ) # (k1)
1<ik<21<4,1<n}

where

1<i<2,1<j<n

Since r = 1 in this case, Theorem 6.3.1 applies for the USPD

1 1
§3 - S (X1, — Xa)?
Doer = plm = 1) E 5 (X1j = Xa)
1<j#l<n

which for any given n contains less than a half of the terms present in (6.27).

Let us note that in this case a permanent design is also a minimum variance
design since as noted in Example 6.2.1 for a U-statistic of degree m = 2 (with
square integrable kernel) any balanced design D C Sy, 2 satistying |D| = 2(22”)
is meager. A direct comparison of the variances can be also performed, since

,u4 ! o

(%)

by applying the formula (2.14) in our setting, and

Var S(2n)

- o o

TR

Var SD

by (6.19) with m = 2. As we can see the difference in the above expressions
is only in the term of order O(n~2). For the sake of example, taking 02 = 1
and w4 = 3, we have tabulated below the ratio of VarS?, / Var Sz  for
several different values of n. As we can see from Table 6.1, the efﬁmency “of the
permanent design appears reasonable, even for a relatlvely small sample size.

Table 6.1. Ratios of variances of a complete statistic S(an) and a corresponding
USPD for several different values of n.

n |Var Sén)/Var S%Pw (22"

~—|

% used by PD

5 .89 45 44%
10 .95 190 47%
20 97 780 49%

50 .99 4950 49.5%




134 6 Permanent Designs and Related Topics

Table 6.2. Relative efficiency of USPD vs complete statistic when m increases.

m(n)|approx. sample size (mn ~)|Var T\ /Var Tg:jr % used by PD
10 .938 44.4%
In(n) 100 989 21%
1000 .998 3.69%
10 .938 44.4%
vn 100 976 2.5%
1000 .995 0.2%
10 .938 44.4%
n/2 100 950 0.13%

1000 981 <107 %

Ezample 6.3.2 (Relative efficiency of USPD’s for the kernels of increasing
order).
Let X (mmn) — [X;;] (1 <i<m,1<j<n)bea matrix of iid Bernoulli

random variables with mean 1/2. Let us consider the U-statistic T\ based
on the kernel h(z1,...,x,) = x1 -+ - 2., and suppose that m — oo as n — oo.

Note that s x
T(m) — ij “Ni.j mn

and the summation above is taken over all the indices ¢, j. In this case

and

Below we have tabulated several values of the ratio Var T\ /Var ng) for
three different sequences m = m(n) and different total sample sizes mn. All
non-integer values have been rounded to the nearest integer. From Table 6.2 we
can clearly see that whereas the efficiency of the incomplete statistic is higher
for slowly growing m, the biggest gains in design reduction are achieved for m
growing at a faster rate. This is consistent with the observation made earlier.

6.4 Minimal Rectangular Schemes

The overall usefulness of the permanent designs is limited by the fact that
they are still fairly large and thus still difficult to compute and, except for
some special cases, are less efficient than the random designs of the same size.
To address these deficiencies a wide class of “permanent-like” designs will be
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introduced in this section. These designs, although still based on the rectan-
gular association scheme, are much smaller in size than the “permanent” ones
(cf. Definition 6.2.2) but nevertheless share many of the optimal properties
of the latter. In particular, some of them are known to minimize the vari-
ance over a class of equireplicate designs of the same size and to be uniformly
better than the corresponding random designs. However, the price to pay for
the reduction in size is that the optimality result can be established across a
considerably smaller class of kernels.
We start with the following.

Definition 6.4.1 (Rectangular scheme design). An equireplicate design
D C Spn,m is a rectangular scheme (RS) if

(i) it consists only of the m-sets which are m-transversals of m X n matriz
as given by (6.17) and

(i) for any i # k and j # 1 there exists an m-transversal {(1,41), ..., (Mm,im)}
€ D such that {(i,7), (k, 1)} C {(1,41),...,(m,im)}.

Let us note that if we identify the X; ;’s with “treatments” and m-subsets
of the design with the “blocks” of the classical statistical design theory, then
the conditions (i) — (i¢) assure that RS is a connected sub-design of some par-
tially balanced, incomplete block (PBIB) design with the rectangular associ-
ation scheme in the problem of allocating mn treatments into the number of
|D| blocks of size m (see e.g., Street and Street 1987).

The relation between the RS designs and permanent designs is quite obvi-
ous. We note first that for m < n the permanent scheme defines partially
balanced incomplete block (PBIB) design with three associate classes and in
fact is one of the simplest associations schemes leading to such designs (see
e.g., Sinha et al. 1993). In a special case of m = n the permanent is equiva-
lent to the celebrated La(n) scheme which is PBIB design with two associate
classes. Hence, the permanent scheme design, say Dy, is always PBIB and
also it is a rectangular scheme design which is maximal in the sense that for
any rectangular scheme D C Sy, We have

ID| < |Dper| = <;:L) m! (6.28)

The RS design-size considerations above motivate the introduction of a notion
of a “minimal size” rectangular scheme design. Such a design would consist
of a smallest number d of m-transversals needed for the condition (ii) of Def-
inition 6.4.1 to hold. To see what could be a good choice for d let us consider
a full set of m-transversals, i.e., the permanent design D,.,. For this design
we have that the number of m-transversals which share a pair of treatments
of the form {(7,j), (k,1)} ¢ # k and j # [ is simply equal to the number of
(m—2)-transversals in a (m—2) x (n—2) matrix of treatments. If we introduce
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a notation J(u,w) standing for a rectangular u x w matrix with all entries
equal to one, then the number of such m-transversals is given by

n—2

PerJ(m—Q,n—Q):< )(m—?)!

m—2
Hence if we divide the total number of elements in Dy, by PerJ(m — 2,
n — 2) we obtain the minimal number of m-transversals needed to satisfy the
connectedness condition (ii) of Definition 6.4.1 as

d = PerJ(m,n)/PerJ(m —2,n—2)=n(n—1). (6.29)

Note that this derivation leads to designs in which each pair of transversals
share at most one element. This motivates the following definition.

Definition 6.4.2 (Minimal rectangular scheme). Any RS design D such
that for each pair of its m-transversals there exists at most one common ele-
ment is called minimal.

Note that by the argument preceding the definition it follows that if D is a
minimal rectangular scheme then |D| = n(n—1). Alternatively, it follows from
(6.16). Unfortunately, for an arbitrary integer n such minimal designs may not
exist. We defer the discussion of that issue to the next section. However, it
turns out that when they do exist, MRS designs have some optimal properties.

Theorem 6.4.1. MRS design is a minimum variance design (MVD), that
is, has the smallest variance in the class of all the equireplicate designs (not
necessarily rectangular) D C Spp,m satisfying |D| = n(n — 1). Moreover, its

variance s .
m 1 m
Vo= —V S § 174
0 n a7“91+n(n_1) C_z(c) ar ge

or, via the relation (6.3),

_(n—=2)m 1
Vo = n(n—1) Var by + n(n—1)

Proof. By the variance formula (6.7) it follows that for fixed m, n it is enough
to minimize the quantities

B, = ifc (Z) = ) ni(S)

SvESmn,v

Varhy,

for v = 2,...,m, since for all equireplicate designs n(S1) = s is constant for
any S1 € Syn,1, thus by (6.16) we have By = mn 52 = md?/n.
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Let us note that for all designs of the same size d = n(n — 1) we have
m
B > frd — frng
y> Y. n(Sy) =n(n 1)<V) A,
SvE€Smn,v

where the last equality is a definition. But for MRS design we have n(S2) <1

which implies n(S,) < 1 and hence B, = A, for v = 2,...,m. Once we
have identified the B,’s the final variance formula for MRS design follows
immediately from (6.7). O

We shall refer to the incomplete U statistics based on MRS designs as U -
statistics of minimal rectangular scheme or UMRS’s. Let us note that the
UMRS’s (unlike USPD) are uniformly more efficient than the corresponding
ones based on random designs, that is, the designs in which the n(n — 1) of
the m-sets belonging to the design are selected at random from S,y . (With
or without replacement). To that end we shall need first the following result.

Lemma 6.4.1 (Variance formula for U-statistics of random design).
Consider an incomplete U-statistic (6.5) where the design D is created by
selecting at random |D| = d subsets from Sy 1. Then the variance V(RN D) of
such a U-statistic is as follows.

(i) For selection with replacement
1 k) , 1
V(RND) = (1= =) Var U + = Var hy. (6.30)

(i) For selection without replacement

K(d—1)

V(RND) = TE=D)

Var Ul(k) + Var hy

K-d
d(K —1)
where K = (,i)

Proof. We proof only (i) as (ii) is similar. If Sy, ..., Sq are d subsets selected
from K subsets at random with replacement then for i # j,

Cov (h(S;),h(S;)) =K~> Y > Cov(h(S),h(T))
SES; k TES 1
=Var Ul(k).
Thus

V(RND) =d=2 [ > Cov (h(S:),h(S;)) + Y _ Var h(S;)
i#j i
e (d(d ~W)WarU® + dVar hk) .
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Using the above variance formula for the random design U-statistic for selec-
tion with replacement in case when we select d = n(n —1) m-sets from Sy m
we obtain from (6.30)

V(RND) = (1 — ) Varulm + Var hp,.
n

n(n —1) (n—1)

If we now denote by V{ the variance of UMRS then for n > 2 we have, by
(6.3) and Theorem 6.4.1 above that

V(RND) -V =

LV ) m
<1 B n(n— 1)> ; (w(zjn) Varg.+ ﬁvaTgl > 0.

A similar relation holds for selection without replacement if only m,n > 3.
Recall from the previous section that

(k)
ARE = lim LUI(,C)
=00 VarUp

and that in Theorem 6.3.1 it was shown that for the permanent design U-
statistics in a large class of kernels their ARE was equal unity. Interestingly
enough, similar result, although for a smaller class and only for non-degenerate
kernels, is also true for UMRS’s. Hence under certain conditions the variance of
an incomplete U-statistic based on MRS for which d = n(n—1) may be close to
that of a corresponding U-statistic of permanent design for which d = (;) m)!
or a complete (non-degenerate) U-statistic (6.15) for which d = (7). This
turns out to be the case in a class of kernels, where the corresponding variances
of the conditional kernels grow not too fast relatively to each other. In order
to state and prove this result we shall need the following sharp lower bound
on the variance of a U-statistic, due to Vitale (1992).

Lemma 6.4.2. Suppose that Ul(k) is a U-statistic of level of degeneration r—1
based on the kernel of k arguments hy, satisfying Ehi < 00, then

(-)
()

2

Varh, <Var Ul(k).

O

We do not give the proof of this result here as its relies on some linear pro-
graming methods which are outside our scope. Interested reader is referred
to the original paper Vitale (1992, theorem 6.2). It turns out that the lemma
above is useful in proving the following.
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Theorem 6.4.2. Let us consider any non-degenerate U -statistic UT(,Z,",) given

by (6.15) and let the variance of UMRS be denoted by Vi and A;cn) stand for
the ratio Var hy/(kVarhy) for k=1,...,m. Then we have

Vo o )@ -y - (m-12(a -1 A 1
Var Uy - n? =1+ (m—1)2 (A" - 1) - n-1

In particular, if
lim sup A™ < (6.31)

m
n

then ARE of UMRS vis a vis Uf,m equals one.

Via (1.18) it follows that A,gn) > 1 for k£ > 1 hence the second inequality
above is immediate. The condition (6.31) requires the entries of the double
array A,(Cn) for k=1,...,mand n = 1,2,... to be uniformly bounded from
above and may be thought of as the restriction on the rate of growth of the
variance of Uém), since it implies by (6.4) that Var Ugﬁ) = O(% Varhy). Let
us note that this condition is trivially satisfied for any U-statistic for which
the kernel function does not depend upon the sample size.

Proof. Let us assume (without loss of generality) that F h,, = 0. Denoting as
before the variance of UMRS by Vj we consider the ratio

< Vo 1 — (71(n )1) Varhy + 71(n 1) Var h‘m
Var Uy(,,";i) = Varhy +Var R%’;’,,)

where the last expression is obtained by applying the form (1.16) of the H-
decomposition to Ugﬁ) (as r = 1) and using the variance formula for Vj
derived in Theorem 6.4.1. Let us note that we can obtain the ratio’s upper
bound as follows

(:(;2_)17? Varh + n(n 5 Var b, P 77';22‘1_’“1}31 (A%L) - 1) — Var R
“~Varhy +Var R%’;’B - L Varhy +Var Rpna :

Recall that R is itself a U -statistic with a level of degeneration equal
to one since it is based on the kernel hy,(z1,...,2m) = hn(z1,...,Tm) —
>t hi(z;). By means of Vitale’s result (Lemma 6.4.2) we obtain,

2 -1 2 -1
Var RS,TH) > (?) (Tr;n) Var hy = (?) <an> (Varha —2Var hy)

m(m — 1)2

W = 1) Var hy (A(zn) — 1) .

Combining the above inequalities entails the final result. a
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We should perhaps note that the right-most inequality in the assertion of
the theorem can be inferred directly from Vitale’s result with » = 1. The
intermediate inequality derived above is, however, relevant when estimating
relative efficiency with fixed sample sizes. Let us also note that the result
indicates that under the proviso (6.31) the ratio of the variances converges
to one (from above) at the rate of O(1/n), regardless of the size m of the
kernel. This implies, in particular, that UMRS’s should be equally efficient in
the case when kernel’s order m grows along with the sample size.

6.5 Existence and Construction of MRS

Let us note that, as mentioned before, the problem of finding MRS can be
formulated in terms of the design theory as the search for a binary, partially
balanced, incomplete block design with at most three associate classes (or
PBIB(3) design) following the rectangular (association) scheme with the fol-
lowing design parameters: number of treatments v = mn, block size t = m,
number of blocks b = (n — 1) n, and number of replications s = n— 1. In order
to construct such MRS as well as answer the question of its existence let us
first discuss some additional concepts needed in the sequal.

6.5.1 Strongly Regular Graphs

We first introduce two useful notions, namely that of a regular and a strongly
regular graph.

Definition 6.5.1 (Regular graph). Let V be a set of vertices and E =
{(ik,Jr) ik, Jx € Vi # jr} be a set of edges. A pair G = (V, E) is called an
undirected graph of order d = |V|. It is called a regular (undirected) graph of
order d and degree k if for each vertex v € V' the number of edges containing
v is constant and equals k.

A simple example of a regular graph is a complete graph K (d) = G(V, Epnaz),
i.e. a graph for which the set of edges is Ear = {(4,7) : 4,j € Vi # j}. Recall
that we call two vertices adjacent if they share an edge. We shall denote the
adjacency matrix of G by A. It turns out that the following special subclass
of regular graphs shall be especially useful for our purpose.

Definition 6.5.2 (Strongly regular graph). A strongly reqular graph G
with a set of the parameters (d,k,\, 1) is a regular graph of order d and
degree k such that for any a,b€V a #0b

(i) if a,b are adjacent vertices there exist exactly A further vertices of G adja-
cent to both a and b;

(i) if a, b are non-adjacent vertices there exist exactly p further vertices adja-
cent to both a and b.
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An example of a strongly regular graph is given in Figure 6.1. For a more
detailed introduction to the properties and basic theory of strongly regular
graphs see, e.g., Brualdi and Ryser (1991).

Definition 6.5.3 (Complement of a graph). Let E,,,, denote a complete
set of edges, i.e, the set created by considering all possible pairs of vertices in
G. The graph G = (V, Enas\E) is called a complement of G.

The following two properties of strongly regular graphs shall be subse-
quently of interest.

Lemma 6.5.1. Let G be a strongly reqular graph with parameters (d, k, A, j1).
Then

(i) G is also a strongly regqular graph with parameters (d = d,k = d—k—1,\ =
d—2k—2+4p,p=d—2k+\).
(ii) If w =0 then G is a union of disjoined complete graphs K(k + 1).

Fig. 6.1. The five- and three-symmetric representations of the Petersen graph which
is a classical example of a strongly regular graph with parameters (10,3,0,1).
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Proof. We first prove part (i). Let G(d, k, A\, 1) be a strongly regular graph
with adjacency matrix A. Then the adjacency matrix determines uniquely
G(d,k, A, 1). We know that the entry in the (i,j) position of A% equals the
number of paths of length two with vertices ¢ and j as endpoints. This number
however, by the definition of a strongly regular graph, has to be equal to k, A,
or u depending on whether the vertices are equal, adjacent or nonadjacent.
If we let as before J = J(d, d) denote a d x d matrix of unit entries, then we
see that the above argument implies that G is a strongly regular graph with
given parameters if and only if its adjacency matrix A satisfies

A* = kI+AA + p(J —T— A). (6.32)
Note that the adjacency matrix of G is simply A = J — I — A. Consider now
J-I-A?=J%-2]—JA— AT +1+2A + A% (6.33)

Due to (6.32) and since J? = dJ and JA = AJ = kJ, the expression on the
right hand side of (6.33) may be written as

(d=2=2k) 0 +14+2A+KkI+ XA+ pu(J —1—-A)
=(d—k-1DI+n—-2-2k+p)(J—1-A)+(d—2k+ A

which proves (i).
In order to prove (ii) we multiply the equation (6.32) by a column vector
of unit values to obtain

k? =k + M+ p(d—1— k).

For ;1 = 0 this implies that
A=k—-1

and thus each vertex of G belongs to a complete graph on k + 1 vertices
K (k +1). Hence part (ii) follows. O

6.5.2 MRS and Orthogonal Latin Squares

As noted earlier even though MRS designs have some optimal properties so
far we have not shown that they may be in fact constructed. Before we turn
to this problem, let us first introduce the following notion.

Definition 6.5.4 (Mutually Orthogonal Latin Squares). A Latin square
of order m is an n X n array based on a set T of n symbols, such that each
row and each column contains each symbol exactly once. Two Latin squares
Ly = (a;j) and Ly = (b;;) of order n on symbol set T are said to be orthogonal
if every element in T'x T occurs exactly once among the n* pairs (a;;, bi;), 1 <
i, 7 < n. A set of Latin squares L1, Lo, L3, ---, L is mutually orthogonal,
or a set of MOLS'’s, if for every 1 <i < j <k, L; and L; are orthogonal.
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Let N(n) denote the maximal number of Latin squares in a set of MOLS’s
of side n. It is easily verifiable that the total number of MOLS’s of order n
cannot exceed n—1,i.e., N(n) <n—1.If N(n) = n—1, then a set of MOLS’s
is said to be complete. For more details on the properties of Latin squares we
refer to Street and Street (1987, p 126-133).

We are now ready to prove the main result of this section which relates
the existence of MRS with arbitrary m < n to the existence of a complete set
of MOLS’s. The method of the proof gives also an explicit construction of the
design from a complete set of MOLS’s.

Theorem 6.5.1. A minimal rectangular scheme design having parameters
v=mn, b=nn—-1), s =n—1, t = m, exists for each m = 2,3...,n
if and only if there exists a set of n — 1 mutually orthogonal n x n Latin
squares.

Proof. We first show sufficiency. For any 2 < m < n consider mn treatment
(sample) indices arranged in a rectangular array of m rows and n columns
and consider a complete set of n — 1 MOLS’s of order n. Superimposing any
fixed m rows of any two these Latin squares on the rectangular array of mn
indices and forming blocks with treatment indices corresponding to the same
symbol on the superimposed Latin square, we can generate n(n — 1) blocks.
Clearly v = mn, b=n(n—1), s =n —1, t = m and the completeness of a
set of MOLS’s implies other MRS conditions as well.

For the proof of necessity we take m = n and consider a collection of
b = n(n — 1) blocks of t = n treatments belonging to MRS design. We note
that by definition of MRS any two distinct blocks have at most one treatment
in common. Moreover, since every treatment occurs exactly s =n — 1 times
in the design it follows that for every block there is exactly n(n — 2) different
blocks which share one of its n treatments. Let us introduce a square 0 — 1
matrix C' = [¢;;] of n(n—1) rows and columns with the off-diagonal entries ¢;;
being one or zero depending on whether the blocks ¢ and j share a treatment.
We put ¢;; = 0. The symmetric matrix C' is know in design theory as the
concurrence matriz of a dual design and has the property that its rows and
columns sum up to n(n — 2). It is easy to see that the matrix C' defines a
strongly regular graph of degree k = n(n — 2) on d = n(n — 1) vertices with
parameters A = n(n — 3) and g = n(n — 2). Moreover, a complement of
this graph has parameters d = d,k = n — 1,A = n — 2,i = 0 and thus by
Lemma 6.5.1 is a disjoint union of complete graphs K (n) which implies that
the MRS design can be partitioned into n—1 disjoint sets of n non-overlapping
blocks of length n. Let us note that every such set must necessarily contain
all of the v = n? treatments. Having found the partitioning of the design
blocks into n — 1 sets of n blocks, we see that the properties of MRS design
now impose that this partitioning must correspond to a collection of n — 1
mutually orthogonal n x n Latin squares. Indeed, consider an arbitrary set in
the partitioning. By the properties of the MRS design it has to consist of the
n blocks which are disjoint n-transversals of the n x n matrix of treatments.
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Hence associating each n-transversal with a different symbol from the set
{1,...,n} we note that no two such symbols may share a row or a column in
the matrix of treatments, which is a Latin square condition. Thus we see that
each set of the partitioning corresponds to a Latin square. The fact that these
n — 1 Latin squares of size n must be orthogonal follows immediately from
the fact that no treatments may be shared by any blocks of the MRS design
more than once. Thus the partitioning gives us a complete set of MOLS’s of
order n on the set of symbols {1,2,...,n}. O

In general, the existence of a complete set of MOLS for an arbitrary integer
n > 3 is an intriguing combinatorial problem dating back to the celebrated
Euler’s conjecture (see, e.g., Bose et al. 1960). However, for the set of integers
of the form n = p® where p is prime and s > 1, it is known that N(n) =n—1.
Although we shall not discuss it here, it turns out that the construction of a
corresponding set of MOLS’s is quite simple (see, for instance, Street & Street
1987, pp. 129-131). In view of this we have the following more explicit result
on the existence of MRS designs.

Corollary 6.5.1. If n = p’ for some positive integers i, p, where p > 1 is also
a prime number, then MRS design with parameters v = mn, b=n(n—1), s =
n —1, t =m, exists for each m =2,3...,n. a

A rectangle created by removing last n — m row(s) from a Latin square is
called m x n Latin rectangle. Theory of mutually orthogonal Latin rectangles
(cf., e.g., Hordk et al. 1997) parallels that of Latin squares. Using the notion
of Latin rectangles one may state a slightly more general version of the result
in Theorem 6.5.1.

Theorem 6.5.2. A minimal rectangular scheme design having parameters
v=mn, b=nn—-1), s =n—1, t = m, exists for a fized m satisfying
2 < m < n if and only if there exists a set of n — 1 orthogonal m x n Latin
rectangles.

Proof. The proof of this result is very similar to that of Theorem 6.5.1 and
hence omitted. ad

6.6 Examples

Let us conclude this chapter with some examples of the applicability of the
results discussed in the previous section.

Ezample 6.6.1. Let n = 6 then it is well known (see. e.g., Stinson 1984) that
N(6) = 1. Hence by Theorem 6.5.1 no MRS design exists for the parameters
v=36,0=30,t =6,s=5.

On the other hand, for n being a prime power we can always construct a set
of n — 1 MOLS’s and thus also the MRS design.
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Example 6.6.2. Consider T = {a,b,c,d} and n = 4 = 22, so there aren—1 = 3
MOLS'’s of order n = 4 as shown below (for the algorithm to construct these
MOLS’s see, e.g., Street & Street 1987):

bcdabed abced

cba cdabd badc

adc deba cdabd

dab badc dcba

Consider m = 4. Superimposing the following 4 x 4 array of sample indices
on the rows of each of the above Latin squares

we see that, for instance, the symbol a corresponds to the index ‘1’ in the
first row, the index “‘8” in the second row, the index ‘10’ in the third row, and
the index ‘15’ in the fourth row which thus gives us the block {1,8,10,15}.
Following the same procedure for the symbols b, ¢, d, we obtain the following
required rectangular design with parameters v = mn = 16, b = n(n — 1) =
12, t =m =4, s = 3 and the design blocks displayed by columns below:

Having constructed the design for m = 4 we can now easily construct
designs for any m < 4 by simply deleting the appropriate rows of the above
design matrix. Thus, for instance, the MRS design for m = 3 may be obtained
be deleting the last row, for m = 2 by deleting the two last rows, etc.

In the final example, let us make a comparison of the relative efficiency
between MRS’s and random designs for a specific U-statistic.

Ezample 6.6.3. Let us consider a particular U-statistic of the form (6.15)

—1

mn

H = ( m ) > max (X, X, )-
(i1,eeyiom ) {8150 eesim FC{1,...,m}

Let I be the underlying distribution function for the X;;’s and let X be
equidistributed with X; ;’s. It is not difficult to see that the above statistic
is an unbiased estimator of the so called probability weighted moment (3,, =
m E[X F(X)™ 1], that is, E HSY = B,,. The sequence of constants (Bm)m>1
characterizes the underlying distribution, in the sense that for different F’s
we shall have different sequences (5,)m>1. For the sake of computational
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simplicity let us assume henceforth that F' is a distribution function of the
uniform distribution U(0,1). Then, we have for ¢ =1,...,m

he(z1, .o xe) = Emax(@1, ..., Tey Xet1y -5 Xom)

m—c max(xy,...,z.)m

m—c+1 m—c+1

)

where the Xj’s are mutually independent and equidistributed with X, as

well as
c

Varh, = T 12 @m —ct2)

From the above it follows that T, is non-degenerate (r = 1) and satisfies the
condition (6.21), since for m > 1

Varhy, _2m—i—1<2
mVarhy, m+2 —

For the statistic H, 7%"7?, let us make a comparison of the efficiency between MRS
design and the one based on the random selection method (when selection is
done without replacement). If we denote

Var anyﬁ) Var H,%)
REMRS = # and RERND = W

where V(RN D) is given by (6.4) and Vj is the variance for MRS design
as given in Theorem 6.4.1 we find out that, for instance, for the parameters
considered in the previous example we have the values summarized in Table 6.3
below.

As we can see from Table 6.3, MRS seems to have a distinct edge over
the random design selection for small sample sizes, which is consistent with
the above derivations (very similar results are also obtained if we consider
selection without replacement).

In order to compare the quantities REyrs and RErnp for large kernel
and sample sizes we have tabulated several values of the variance ratios for the
three different sequences m,, = m(n) and different total sample sizes mn. All
non-integer values have been rounded to the nearest integer. The results are
presented in Table 6.4. From that table we can clearly see that MRS seems to

Table 6.3. Relative efficiency of M RS vs random design RN D for fixed m.

m|sample size| REvrs|RERND

(mn =)
2 8 0.956 | 0.758
30 12 0.937 | 0.737

4 16 0.924 | 0.724
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Table 6.4. Relative efficiency of M RS vs random design RN D when m increases.

m(n)|approx. sample|REyv rs|RErND
size (mn =)

10 0.898 | 0.816
In(n) 100 0.993 | 0.953
1000 0.999 | 0.992
10 0.960 | 0.776
Vn 100 0.988 | 0.933
1000 0.997 | 0.982
10 0.957 | 0.773
n/2 100 0.977 | 0.894
1000 0.990 | 0.960

be more efficient than random selection also for larger sample sizes, especially
when m is growing at a faster rate. For very large sample sizes (1000) the
differences are less pronounced but also clearly visible. The appeal of the
MRS design seems to be, therefore, in its efficiency and also in the relative
simplicity of its construction which in essence requires only the creation of the
appropriate set of Latin squares, a task which can be easily done, for instance,
by a computer program.

6.7 Bibliographic Details

The original article by Blom (1976) as well as Lee (1982) and Lee (1990, chap-
ter 4) are good sources of information on incomplete U-statistics for the case
of both random and deterministic selection of subsets. In particular, the intro-
ductory material herein on incomplete U-statistics is largely taken from chap-
ter 4 in Lee (1990). We refer readers there for further references and examples
of various applications (including e.g., applications to the analysis of random
graphs). Additionally, the papers of Frees (1989), Politis and Romano (1994)
and Nowicki and Wierman (1988)) as well as Janson (1984) provide some use-
ful results on the asymptotic behavior of incomplete U-statistics with random
subsets selection. Some interesting non-random designs are also presented in
Brown and Kildea (1978), Enqvist (1985), Herrndorf (1986). The material
on permanent designs presented in this chapter is taken from Rempala and
Wesotowski (2003) whereas the discussion of minimal rectangular designs and
the result of Theorem 6.5.1 come from the original paper of Rempata and
Srivastav (2004). The section on strongly regular graphs is largely based on
chapter 5 in Brualdi and Ryser (1991). The general reference to experimental
design theory is provided e.g., in the monograph by Street and Street (1987).
The methods of constructing designs based on rectangular schemes of associ-
ations have been considered by many authors, typically, however, not in the
context of U-statistics and for different sets of parameters than MRS. For
some related PBIB(3) designs with rectangular association schemes one can
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see, for instance, the review paper by Sinha and Mitra (1999) and references
therein, as well as, Sinha et al. (1993), Bagchi (1994), Vartak and Diwanji
(1989) and earlier Stahly (1976).

In the special case of m = n the MRS design is a PBIB(2) design of La(n)
association type and its construction is discussed e.g., in Raghavarao 1988. It
follows from the general result on PBIB(2) designs of Cheng and Bailey (1991)
that for m = n the MRS and its dual are both optimal in the appropriate
class of equireplicate designs with respect to a large class of combinatorial
criteria including the so-called A, D and F criteria. In particular, Bagchi and
Cheng (1993) showed the E-optimality of the MRS design for m = 2 (note
that in this case it is also a permanent design).
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Products of Partial Sums and Wishart
Determinants

7.1 Introduction

In this chapter we shall consider a problem of asymptotic behavior of products
of partial sums of identically distributed random variables and also products
of U-statistics.

The results discussed here shall eventually lead us to a limit theorem for
determinants of Wishart matrices as well as several extensions of the classi-
cal result on the lognormal limit for the products of independent, identically
distributed, positive, and square integrable random variables which derive
from the classical central limit theorem (CLT) as stated for instance in Corol-
lary 4.3.1. In the present chapter, we show that the limiting laws of the prod-
ucts of subsequent partial sums of independent and equidistributed random
variables are also lognormal and that this result extends to non-degenerate
“classical” U-statistics with fixed kernel functions.

Rather unexpectedly, one of the first results for the products of partial
sums of independent identically distributed random variable appeared during
investigations of the limiting properties of sums of records. We recall that for
a sequence (X,,) of random variables the sequence of records is defined in the
following way. Let T3 = 1 be the first record time and R; = X; be the first
record. Then for n > 1 the n-th record time 7, and the n-th record R, are
defined recursively as

T, = lnf{j >T, 1: Xj > Rn—l} and R, = XTn-

If X,,’s are independent and have the common distribution function F', which
is continuous, then the following in-distribution representation occurs

(Rn)n>1 4 (VF(Sn))p>1 s

where S,, = Z1 + ...+ Z, is the n-th partial sum of the sequence (Z,) of
independent standard (i.e. with the unit mean) exponential random variables,
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and Yp(xr) = F7Y(1 —e %), x > 0. Here F~! denotes the quantile function

(the generalized inverse of the distribution function) defined as F~!(w) =

sup{z : F(z) <w}, w € [0, 1]. Thus for the n-th sum of records the following
in-distribution representation holds

n n

STREY vr(Sk).

k=1 -

k=1

If independent random variables in the sequence (X,,) have the common
Gumbel distribution, i.e.

z

Flx)=1—-¢°, z€R,

then ¢¥p(z) = log(x), > 0, and thus

Z Ry ilog (H Sk> .
k=1 k=1

Investigations of the asymptotic behaviour of sums of records of Gumbel
sequences led to the following version of the CLT for a sequence (Z,) of

independent and identically distributed exponential random variables with
the mean equal one

>or_ log(Sk) — nlog(n) +n 4
V2n

as n — oo, where S, = Z1 + ...+ Zp, k = 1,2,..., and N is a standard
normal random variable. The original proof of this result was heavily based
on a very special property of exponential (gamma) distributions: namely on
joint independence of ratios of subsequent partial sums and the last sum. Also
the classical result on weak limits for records was exploited.

Observe that, via the Stirling formula, the relation (7.1) can be equiva-
lently stated as

(7.1)

1
(T13)7 = o
k=1 k

The main purpose of our current discussion is to give a wider exposition of
the topic of limits of products of random sums and in particular to extend the
limiting result recalled above to any sequence of sums of square integrable,
positive, independent and identically distributed random variables.

Let X () be a random matrix of square integrable entries satisfying as
before the assumptions (A1-A2). We modify it by replacing all the above
diagonal entries by zeros. In our current scenario instead of the P-statistic we
consider products of the row-sums of matrix entries.

Herein we shall only consider two simplest special cases of the general
exchangeability assumptions (A1-A2). The first one is X (*) = X i.e., when
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X is one dimensional projection matrix and the second one is when X () is a
matrix of all independent identically distributed entries. In the both cases we
modify X (°°) by inserting zeroes above the diagonal.

Note that the relation (7.1) for the exponential variables above was
obtained under the assumption X () = X. This assumption obviously implies
that the sequence of partial sums (Sk)x>1 is obtained from a single sequence
of independent random variables (and thus the entries of the sequence (S)r>1
are not independent). The extensions of (7.1) to arbitrary square integrable
random variables as well as to U-statistics, is discussed in the next two
sections.

In case when X (°°) consists of all independent entries, we obtain a trian-
gular array of independent and identically distributed random variables and
consider products of its subsequent row sums. This second setting leads to
independent partial sums and, as it is pointed out in the last section of the
chapter, allows in particular to investigate the limiting behavior of determi-
nants of Wishart matrices. The result on random determinant for Wishart
matrices (given below in Theorem 7.4.1) is on one hand an interesting appli-
cation of the methods developed and discussed in this chapter, but on the
other hand it also allows for a comparison of a limiting behavior of a random
determinant with that of a random permanent as presented in Chapter 3.

Note that an alternative setting is by considering a single sequence (X,,) of
independent identically distributed random variables and a sequence of sums

Sk’ = Xak+1 + Xak+2 + ...+ XakJrl?

where ap, =k —1, k =1,2,..., in the first setting of subsequent partial sums,
and ap = @, k =1,2,..., in the second setting of independent sums of
growing length.

The limiting behaviour of products of sums arising form arbitrary se-
quences (ay) is not known in general. The problem can be further generalized
by introducing the parameters (ry) for lengths of sums. In the present setting

Tk:k.

7.2 Products of Partial Sums for Sequences

As outlined above, let us first consider a sequence (X, ),,>1 of independent and
identically distributed random variables, along with a corresponding sequence
of their partial sums (S;)r>1 The main result we would like to obtain is a
general version of (7.1), without assumptions of any particular distribution
for the X;’s.

Theorem 7.2.1. Let (X,,) be a sequence of independent and identically dis-
tributed positive square integrable random variables. Denote up = EX7 > 0,
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the coefficient of wvariation v = o/, where 0> = Var(Xy), and S, =
X1+ ...+ X, k=1,2,.... Then
1
nog vV
<Hk=1 k> i 6\/5/\/7 (72)
nly™

where N is a standard normal random variable.

Before proving the above result we will establish a version of the classi-
cal central limit theorem, essentially, for scaled independent and identically
distributed random variables. To this end we will use the CLT for triangu-
lar arrays (see, Corollary 4.3.1), so the basic step in the proof will rely on
verifying the Lindeberg condition.

Lemma 7.2.1. Under the assumptions of Theorem 7.2.1

\/%Z<__1> SN (7.3)

Proof. Let Y; = (X; — p)/o, i = 1,2,..., and denote S, = Y; + ... + Y},
k=1,2,.... Then (7.3) becomes

—_

AN

=~ &

V2n et

Observe that

3

k n
Y= biaYi,

i=1 =1

=
I

NE

?vlr—‘

w
Il
_
=~
Il
_

where

Define now

and observe that F(Z; ,) = 0 and

Var(Z; ) = Loi=1,...,n.

Also, since for k > [,
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then

I
2|
/N
S3
=
3
+
)
-
Nl
Pl
—
~_
Il
—
|
M‘S“
3
—

as n — 0o. Observe that as a by-product of the above computation we have
obtained the identity

Z bzz,n =2n— bl,n~ (74)
k=1

In order to complete the proof we need to check that the Lindeberg con-
dition is satisfied for the triangular array [Z; ,,]. Take any € > 0. Then, using
(7.4), we get

n

1 <& eVv2n
E(Z? 1(|Z; == v E|Y?I||V;:
Z ( 7,Mm (| z,n| >€)) 2’)7,; 7,Mm ( 7 ‘ z| > bzn

i=1 ’

1 eVv2n Ay — by
< —> bLE(YIY = 2NTR =, (1 2
= on ; ,m ( i ( | > log(’l’b))) om ; in a on s

where
a, = F y;?_r \Yi|>ﬂ
log(n)

does not depend on 4. Since a,, — 0 as n — oo then the Lindeberg condition
holds. O

With the result of the lemma above established, we may now prove the
theorem.
Proof of Theorem 7.2.1. The proof relies on the delta-method (or the Taylor
series) expansion. In what follows we use only elementary considerations to
justify its validity.

Denote Cy, = Sy /(uk), k = 1,2,.... By the strong law of large numbers it
follows that for any § > 0 3 R such that Vr > R

P(sup |Cr, — 1| > 0) < 0.
k>r

Consequently, there exist two sequences (d,,) | 0 (61 = 1/2) and (R,,) T o0
such that

P(sup [Cr —1] > 6m) < O
k>R,
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Take now any real x and any positive integer m. Then

1 n
Pl——) log(Cy) <z
1 n
=P log(Cy) <z, sup |Cx—1|>
(7\/2”,; (G k>Rm| |
1 n
P log(Cr) <z, sup |Cr —1| <
(%/ﬂ,; B(G) = p 1G] )

= Am,n + Bm,n

and Ay, < Oy
To compute By, , we will expand the logarithm: log(1+x) = =
where 6 € (0,1) depends on x € (—1,1). Thus,

(1?2
T 2(140x)2
Bm,n
( 1 Pm
=P —=) log(Ck) + Z log(1+(Cr— 1)) <
VI o YV, e

sup |Cp —1] < 5m> =

k>R,
and
Bm,n
| B
=P log(Cy) + e —1)
(7 V2n z—: k %;Jrl
(Cy — 1)
<z, Cp—1]<6
YV2n ;_H (14 0,(Cr —1))2 — * kb>upm [Ch =1 >
1 B
=P log(Cy) + (Ck —1)
(7 V2n z—: Van §+1
(Cp — 1)?
I(sup |Cr —1|<6,,) <z
Vv2nk§+l 1+60x(Cr —1))2 (k>}£)m‘ k=1 < 0m) >

HL 1 n
log(Ch) (Cr—1)< Cr — 1] > 6m
( Z 0g(Ck) 7\/2_ Z s x, ksup |Cr — 1 )

=Ry +1
= Dm,n + an
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where 0, k= 1,...,n are (0, 1)-valued random variables and F,, ,, < 0p,.
Rewrite D,, ,, as
k=1

Dm,n:P<
(Cr —1)2

I(sup |Cr =1l < b)) <z |.

lvﬁnk;ﬂ e g o< aw <o)

n

1
+7\/ﬂz(ck_1)

Mg
5
qu
9
o
_l’_
=

Observe now that for any fixed m

—ov+1) 2o (7.5)

as n — oo (as a matter of fact this sequence converges to zero a.s.).
Note that for |z| < 1/2 and any 6 € (0, 1) it follows that 22 /(14-z)? < 422.
Then for any m

(Cr—1)
I Crp— 1] < bm
['y\/an ;H 140y Ck_l))] (kilgﬂ k=1 )
4 P
< — Cr—1)?%>0, 7.6
m,;( ) (7.6

as n — oo. The above is a consequence of the Markov inequality, since for any

e>0
gW;Var(Ck)z

"1
=> -
k:

as n — oo for any fixed m.
Since by Lemma 7.2.1 it follows that

\/%Z k_l —>N

as n — oo then by (7.5) and (7.6) we conclude that for any fixed m
Dy — (),

where @ is the standard normal distribution function.
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Finally, observe that

1
nSe\ Ve 1 &
P | log <k71) <z|=P|——=)> log(Cy) <=z
( niu” PR
= Am,n + Dmm, + Fm,n

which implies (2) since Ay, + Finn < 20, — 0 as m — oo, uniformly in n.
O
The following example illustrates some applications of the theorem.

Ezample 7.2.1. In Arnold and Villasenior (1998) the following identity was
proved:

where (X,,) and (X,,) are independent sequences of independent and identi-
cally distributed standard exponential random variables and R,, is nth record
from an independent sequence of independent and identically distributed
Gumbel random variables (R; is the first observation). Consequently,

T, —nlog(n)+n a 1 (_LX’_” + vVn(R, — 10%(”))) :

Van V2 vn

Now, in view of the result above, we can apply the argument used by Arnold
and Villasenor (1998) in the reverse order. From Theorem 7.2.1 it follows that
the left hand side converges in distribution to the standard normal law and
the same holds true by the standard CLT for the first element at the right
hand side. Now since the first and the second element at the right-hand side
are independent, it follows that \/n(R, — logn) is asymptotically standard
normal, which proves Resnick’s limit theorem (Resnick (1973)) for records
from the Gumbel distribution.

The following lemma shall be useful in investigating a law of large numbers
result corresponding to Theorem 7.2.1.

Lemma 7.2.2 (Toeplitz’s lemma). Let (x,) be a real sequence such that
Ty — x < 00 as n — oo. Let wy; > 0 be an array of weights for which
Z?:l Wi = 1 for alln > 1 as well as maxi<j<nWp; | 0 as n — oo. Then
Soi Wi — .

Proof. For any € > 0 and sufficiently large n, N consider

n
E Wni Ty — X
i=1

n

N
Zwm (x; —x) + Z Wi (z; — )
i=1

i=N+1

n

N
:Zwm|xi—x|+ Z Wi |z, — x| < 2e
i=1 i=N+1
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To argue the last inequality first choose N such that |z; —z| < e for all i > N
and then choose n such that wy; <e/(N maxi<;<n |z; — z|). It follows that

N N
Zwm\xi — x| < max|S; —S\Zwm- <e

i=1 i=1

as well as
n n
E wpilz; — x| < E Wi < €
i=N+1 i=N+1

where the last inequality follows from > ; w,; = 1. Since ¢ was arbitrary,
the proof is completed. O

Theorem 7.2.2. Let (X,,) be a sequence of independent and identically dis-
tributed, positive and integrable random variables. Denote un = EX; > 0.

Then .
(M) " as

n!

Proof. In view of the classical SLLN (cf. Example 3.6.1) we have the con-
vergence log(Sk/k) — log p a.s. The desired result follows now directly from
Lemma 7.2.2 with w;, = 1/n in view of the identity

(%) ’ = exp (% zn:bg(sk/k)> :
: k=1

7.2.1 Extension to Classical U-statistics

Let us consider a simple extension of Theorem 7.2.1 to the case of non-
degenerate U-statistics with fixed kernel function. Hence, in our present nota-
tion L
n
Um =u, = <m> > h(Xi,,. ... X;,) (7.7)
1<i1 <...<im <n

where now we assume that h is some fixed symmetric real function of m
arguments and the X;’s are independent and identically distributed random
variables. Define .

~ m

Un = — > (h(Xi) = Eh) + Eh.

i=1

Note that by virtue of the representation (1.16) we may write

U, = U, + R™ (7.8)
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where .
Rm = (" e X
w=(M) Y X,
1< <...<im<n

and

m
H(z, .o m) = b, - m) — Y (ha () ) — Eh.
i=1

Hence the random variable R;m)

one and satisfying

is a U-statistic with the degree of degeneracy
COU(ﬁn, R™) =0
as well as, in view of (2.14),
nVarR™ —0 as n— oc. (7.9)
The result of Theorem 7.2.1 can be extended to U-statistics as follows.

Theorem 7.2.3. Let U,, be a statistic given by (7.7). Assume Eh? < oo
and P(h(X1,...,Xm) > 0) = 1, as well as 0? = Var(hi1(X1)) # 0. Denote
pw=Eh>0andy=0/pu >0, the coefficient of variation. Then

1
n
U myy/n
(H _k> 4 AN
k=m K

where N is a standard normal rv.

In order to prove the theorem we shall first consider a more general version
of (7.3).

Lemma 7.2.3. Under the assumptions of Theorem 7.2.3

mv\/%z (——1)iN.

Proof. Using the decomposition (7.8) we have

1 & (U 1 & ([U 1<
— ——1|=—— — =1+ ——= Ry,.
m’y\/anZ;n(M ) m’y\/anZ;n(,u ) mU\/QnIZ;T i

By Lemma 7.2.1, applied to the random variables m hq(X;) for ¢ = 1,2,...
we have

mmi(—*)

i 1h1 (Xs) = S (X)) d
R ) )

k=1
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since the second expression converges to zero a.s. as n — oo. Therefore, in
order to prove the lemma it suffices to show

~ 1

R =
" ma\/Qn

To argue the above, it is, in turn, enough to argue that

Z Rk—>0 as n — oo.

ER3L—>O as n — oo.

To this end let us note that, similarly as in (6.26) due to symmetries involved,
we have

Cov (R, R;) =Var Ry, for I <k,
and thus

- N 1 n
2 _ — E
ERn =Var Rn = m Var ( Rk)

1
= — - ZVarRk+2 > Cov (Ri,Ri)
meo2n k=m m<li<k<n
1
= — Var Ry + 2 Z Var R
2 2 Z k k
me o< 2n m<l<k<n
1 { "
=5 Z(1+2k;—2m)VarRk}—>
m?o?2n —

as n — oo, in view of (7.9) and the Toeplitz’s lemma (Lemma 7.2.2) with
Wy = l/n. O

With the Lemma 7.2.3 established, the proof of Theorem 7.2.3 follows

easily.

Proof of Theorem 7.2.3. In view of the fact that if £|h| < oo then () U, —
Eh = i a.s. (see, Lemma 3.6.1) and Lemma 7.2.3 above, the argument used
in the proof of Theorem 7.2.1 can be virtually repeated with Sy /k replaced

now by (7{2)71 Ui and v by mry. o
Remark 7.2.1. Let us note that in view of the strong law of large numbers

for U-statistics we may extend the result of Theorem 7.2.2 on the strong
convergence of products of partial sums to the products of U-statistics as

follows L
n n
(H Uk> — [l a.s.
k=m

it E|h| < oc.
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7.3 Products of Independent Partial Sums

Having established the limiting result for the products of partial sums of
a sequence of random variables, we shall now consider a case when partial
sums Sy are mutually independent and have square integrable components.
This setup, in spite of being interesting on its own, pertains also to a limit
theorem for random determinants of Wishart matrices. The main result is
provided in Theorem 7.3.1 and is seen to parallel to large extend, the result
of Theorem 7.2.1 discussed earlier. Also its extensions to independent and
non-identically distributed case as well as to the case of non-degenerate U-
statistics will be discussed. Finally, in the last section after a brief review of
some basic facts on Wishart matrices, we explain how the limit theorems for
products of increasing sums can be used for studying limiting properties of
Wishart determinants.

Our main result of this section is the following analogue of Theorem 7.2.1.

Theorem 7.3.1. Let (X ;)i=1,...k; k = 1,2,... be a triangular array of inde-
pendent and identically distributed positive square integrable random variables
with finite absolute moment of order p > 2. Denote p = E(X1) >0, v=o0/u,
where 02 = Var(X1), and Sy = Xp1+ ...+ Xpp, kK = 1,2,.... Then as
n — oo . )
2 og(n
()T e

where N is a standard normal rv.

Before proving the above result we will establish a version of the classi-
cal central limit theorem, essentially, for scaled independent and identically
distributed random variables, analogously as it was done in the scenario dis-
cussed earlier. To this end we will use the CLT for triangular arrays, so again
the basic step in the proof will relay on verifying the Lindeberg condition.
First we recall an elementary fact about the moments of sums of independent
and identically distributed variables (e.g., Lee 1990, p. 22). In the sequel, for
notational convenience, we set Cy, = S/ (k).

Lemma 7.3.1 (Burkholder’s Inequality). Let p > 2. Under the assump-
tions of Theorem 7.3.1 there exists a universal constant D, (i.e., depending
on p but not on k) such that for k > 1

D
_1\P P
E|(Ce- 1 < 7.

Next we introduce the following result which may be seen as an analogue
of Lemma 7.2.1.
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Lemma 7.3.2. Under the assumptions of Theorem 7.3.1, as n — oo

Proof. Since

n n 1
Var(Z(%—l>>:72ZE—>oo as n — 00

k=1

and by Lemma 7.3.1 also

n (oo} 1
hmnsupZE‘——l‘ PZW<OO‘
k=1 k=1
Thus
(Zzzl [Lk 1’ )
— 0 as n — 0o
Var (Zk:l (;Tk — 1))
so the Lyapounov and hence the Lindeberg condition is satisfied. d

Somewhat unexpectedly, the limiting result in this case of independent
sums requires a much more subtle treatment of the elements of the expan-
sion of the logarithmic function. First, it is expanded until the terms of order
three, not two as in the proof of Theorem 7.2.1. Second, the second term of
the expansion does not converge in probability to zero, also it is not immedi-
ate to see that the third term converges to zero. These issues are treated in
the auxiliary result below. In particular, the first result giving a kind of weak
law of large numbers for squares of standardized sums seems to be of inde-
pendent interest. In both cases in the proofs a delicate truncation technique
is employed.

Lemma 7.3.3. Under the assumptions of Theorem 7.3.1, as n — oo

2

(i) =30 [(Ck = 1) = | 50
() s S
Proof. For the proof of (i) denote Zj, = k(Cj,—1)?> —~? and note that EZ;, = 0
and by our assumptions and Lemma 7.3.1 there exists 0 < a < 1 such that
supy, E|Z;|*T* < oc. Let a,, be any numeric sequence such that a,, — oo but
al=/log(n) — 0 (e.g., an, = log(n) will do). Define Z; = Z I(|Zy|/k < an)
and note that for some universal constant D,

P(sz/k#zzé/k> <2 P12l > kan) (7.10)

k=1 k=1 k=1
< Dy/alt™™ —0 as n — 00.

Ck—1|3—>0.
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We now show that for the weighted sum of Z}’s the weak law of large numbers
holds. Indeed, for any € > 0

g

n

> (Zi/k— EZ[k)| > ¢

k=1

log(n)> < WZE Z |k — EZ} [k)?

ZE|Zk/k‘2 TZE\Z p/k[MTY =0 asn — oo.

= €2 log(n) log
(7.11)
Finally, note that since EZj = 0 then
- , "1
’; EZ, k| = ];E Z I(|Zx /K| > an)
(7.12)

I A

1
—QZ | Zi k" =0 asn — oo,

The relations (7.10)—(7.12) imply (i).
In order to show the second assertion we proceed similary denoting this
time Wy, = k(Cy — 1) and W} = Wy, I(|Wy| < b,) where b,, is any numeric

sequence satisfying b, — oo but bi(zfa)/log(n) — 0. Note that as before,
supy, B|W|'T < co. In this notation, the relation (ii) follows when we replace
Wy's with W)/’s in view of the Markov inequality and the fact that

n
ZE\Wk/k|1+a—>0 as n — oo.

1 n . b2 «@
- E\W,é/k;ﬁ <-—n
/log(n) ; Vieg(n) 1=

The fact that this also implies (ii) for the W}’s is immediate since

P(Zn: k/k;éZWk/k> <ZP [Wi| > kby) (7.13)

=1 k=1 k=1

3

ZE|Wk/(kb Y < Do /AT — 0 asn — oo. (7.14)
k=1

O

Finally, we are in position to prove the main result of this section.

Proof of Theorem 7.3.1. We first note that Cy, = Si/(uk) converges almost
surely to one. Indeed, for any § > 0 we have

o0 1 e 9]
P(sup|Cp—1| > 6) < Y P(ICk—1| > 6) —Z |Cp =117 =0 asr — oo.

: )
kezr k=r k
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Consequently, there exist two sequences (d,,) | 0 (01 = 1/2) and (R,,) T oo
such that

P(sup |Cr — 1| > ) < .
k>R,

Take now any real x and any m. Then

(VWZOog (Cr) + <1’>
2
(szoogck —I—;—k) x, 5up \C’k—1|>5 >

Y
log(Ch) —I——) z, sup |Cr —1| <
<7x/log Z( B(C 2k k>1£)m‘ k1l >
:Am,n+Bm,n
and A, < Oy

To compute B, , we will expand the logarithm: log(l + z) = = — ”:2—2 +
m, where 6 € (0,1) depends on « € (—1,1). Thus,

Bin

(wwi (et + )

n 2

1
oy e > <log<1+<ck—1>> %) <, sup |Cf — 1| <5m)
log(n)k_R 1 k>R,

1 n
log(C) S Ch —
(%/k)g Z( B(Ch) > v/ log(n) k:g,;ﬂ( e

n 2

1 Y
- - C. —1)2 -
27v4/log(n) kzg-u [( b= D) k }

= (Cp —1)°
<z, sup |[Cr—1|<dm
3%/log )k ;H 14 60,(Cr —1))3 k>1§n 1 |

log(Cy) +

(Cr —1)
> %/log k %H

2

1 2 7
. C.—1)2 - L
2wflog<n> 3 e

- (Cp —1)° B .
3%/log L ;H (1+60k(Ck —1))° ] ! (kilg) Crmtls 5m> : >

:P<V\/WZ<

n
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1 n
0g(Cr) + = — Cr —
(fy\/log Z <1 8(Ck) > 7/ log(n) k:%;Jrl( L

n

1
27y/log(n) k=§+1

= Dm,n + Fm,n~

2

[(Ck — 1) - V—} <z, sup |C} —1]> 5m>
k k>Rom

where 0, k= 1,...,n are (0, 1)-valued random variables and F,, p, < 0.
Rewrite now D,, , as

D, , =P log(Cp) — Cpo+14+ 2 L
n (7 élog Z( g k k B) ok

_ R - IV
vx/log Z k=) 2 log(n)z[(ck b k}

zn: (Cr—1)°
3%/log e Rm+1 (1+0,(Cx —1))3

xI(sup Ck—1|<5m)<w>.
k>R

Observe that for any fixed m

_1)2 2
Z(long Ck—i-l—i-w—;—k)go asn— oo (7.15)

1
YV2n

(as a matter of fact, this sequence converges to zero a.s.).
Invoking Lemma 7.3.3(i) we see

(2%/1%_2{@4 ] >—>0.

Note that for |#| < 1/2 and any @ € (0, 1) it follows that |z|?/|1+60z|> < 8|z|3.
Thus for any m

1/3 - |Cx — 12 < )
—_— E I CrL—1| < 6,
v4/log(n) [ 11+ 0, (Cr —1)|3 kiu}%)m 1 =1

k=Rpm+1

_ 88 zn:\c —13 £, (7.16)

v/ log(n

as n — oo by Lemma 7.3.3(ii).
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Since, on the other hand, by Lemma 7.3.1 it follows that

LD

as n — oo then by (7.15) and (7.16) we conclude that for any fixed m
Dm,n - 45(37)’

where @ is the standard normal distribution function.
Finally, observe that

b <log (n_ M ) W x)
nipr
=P log(Cy) 1 <
(e (St + S st} <)

= Am,n + Dmm, + Fm,n

which implies the assertion of Theorem 7.3.1, since A, p, + Fpp < 26, — 0
as m — oo, uniformly in n and

1
log(n) — 2:1 k

log(n)
Similarly as in the case of sequences, it is perhaps worth to notice at this
point that the law of large numbers for our present case is again particularly
simple. Indeed, as soon as we have Si/k — p a.s. (in particular, under the

assumptions of Theorem 7.3.1) then by the property of the geometric mean
(cf. Theorem 7.2.2) it follows directly that as n — oo

<k—715k> " as (7.17)

Let us state it for the record as

—0 asn— oo. O

Theorem 7.3.2. Let (X ;)i=1,...k, k = 1,2,... be a triangular array of inde-
pendent and identically distributed, positive and integrable random wvariables.
Denote p= EX11 > 0. Then (7.17) holds. O

7.3.1 Extensions

The following extension of Theorem 7.3.1 covering the non-all-independent
and identically distributed setting is rather straightforward.
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Theorem 7.3.3. Let (Xy;)i=1,...k; k= 1,2,... be a triangular array of inde-
pendent and row-wise identically distributed, positive random variables with
finite absolute moment of order p > 2. Denote, as before, S, = X1+ ...
+ Xpg, with p, = E(Xg1) > 0, 0f = Var(Xg1), and v, = ox/px. Let
cn =2k i/ k- If
(i) ¢, — 00 as n — oo

P
(i) i, B[Sl

Trin < 00,
then as n — 00

1
o2 n Cn
(¢ Minsdilin) ™ 2

n!

where N is a standard normal rv.

The extension of the result of Theorem 7.3.1 to U-statistics may be done
similarly as in Section 7.2.1. Following that section notation we thus have

Theorem 7.3.4. Let (Xy)i=1,...k; Kk =m,m+1,... be a triangular array of
independent and identically distributed random variables. Let Uy be a statistic
given by (7.7) based on Xy 1,..., Xk k. Assume E|h|P < co for some p > 2
and P(h(X1,...,X,,) > 0) =1, as well as 0 = m? Var(h1(X1)) # 0. Denote
w=FEh >0 andlet v = o/u > 0 be the coefficient of variation. Then, as
n — 0o )
() TA R
MTL
where N is a standard normal Tv.

Proof. Set now Cj = Ujy/pu and let v be defined as above. Retaining the
notation of the previous section with these modifications we find that the
result of Lemma 7.3.1 still holds true (cf. e.g., Lee 1990, p. 21). Regarding
the extension of the conclusion of Lemma 7.3.2 set z, = v(log(n))~'/? and
note that by (7.8)

ann:(ck—l)zznzn: <%—1+&> :an”: <%—1>+znzﬂ:%.
k=m

k=m k=m k=m K

The first sum in the latest expression above is asymptotically standard normal
in view of the result of Lemma 7.3.2 of Section 2 and the second one vanishes
asymptotically in probability since by (7.9)

R “~ (VarR
ziVar(Z—")zziZ( a n)—>0 as n — o0.

2
k:l'u k=1 H

Hence, the result of Lemma 7.3.2 remains valid for U-statistics and a similar
argument can be invoked to argue that the results of Lemma 7.3.3 are true for
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U-statistics as well. Finally, in view of the SLLN for U-statistics (see, Lemma
3.6.1) which implies that under our assumptions Cj, — 1 as k — oo, we may
virtually repeat the expansion argument used in the proof of Theorem 7.3.1
to obtain the required assertion. |

7.4 Asymptotics for Wishart Determinants

In this section we are concerned with random matrices of the form 3 Y;Y;T,
where Y;’s are independent identically distributed Gaussian (column) vectors.
Such matrices, called Wishart matrices W, (n, Xy,), n = 1,2, ..., are of special
importance in multivariate statistical analysis (in particular, the distribution
of the sample covariance matrix for observations from multivariate normal
distribution is Wishart) and were widely investigated since their introduction
in late twenties of the last century. More recently asymptotic properties of
Wishart matrices has been studied. The investigations in this direction led to
the discovery of the famous Marchenko-Pastur law as a weak limit for empir-
ical measures for eigenvalues of Wishart matrices of increasing dimensions.
Also, a related issue of limiting behaviour of determinants of such matrices
was investigated in the literature. The methods which were used to derive the
limiting laws were rather involved and the derivations extremely complicated.
However, the determinant of the Wishart matrix is a product of indepen-
dent increasing sums. Therefore it fits well the topic of the present chapter.
Consequently, the derivation of the limiting law for the Wishart determinants
which is offered herein is a simple consequence of the asymptotic result for
the product of independent sums as given in Theorem 7.3.1.

First, some basic facts about the classical Wishart distribution will be
recalled.

Definition 7.4.1 (Wishart distribution). Let Yi,...,Y,, be independent
and identically distributed d-dimensional Gaussian zero-mean random vectors
with a positive definite covariance matriz X. The d x d dimensional random
matriz A = Y| YY" is said to have the classical Wishart distribution
Wd (n, 2) .

If n > d then the distribution of A is concentrated on the open cone of d x d
positive definite symmetric matrices Vd+ and its density with respect to the
appropriate Lebesgue measure is

n—

o) = det(m)% exp[—%(o_l,ac)]
f=) 2% det(2)3 Iy (2)

IVI (x)

If n < d then the Wishart measure is singular with respect to the Lebesgue
measure and is concentrated on the boundary of the cone Vj.
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Let A ~ Wy(n,X) be decomposed into blocks according to the dimensions
pand g, p+qg=d
Ay A
A =
(A21 A2> '

such that Ay is a p x p, A1z = AL is a p x ¢ and Ay is a ¢ x ¢ matrix.
Similarly we can decompose
3 Yo
3= .
(221 3o

It is well known that:

1. Ay ~ Wy(n, X4);

2. A2.1 = AQ—A21A1_1A12 ~ Wq(n—p, 22.1) with 22.1 = 22—22121_1212;
3. the pair (A1, A12) and Ao are independent;

4. det(A) = det(A1) det(A2.1).

Now we decompose A = [a;;] step by step. First A = A gy into blocks:
Ay 4-1) of dimensions (d — 1) x (d — 1) and Ag = ag4q of dimensions 1 x 1,
then A 4—1) into blocks A 42y of dimensions (d — 2) x (d — 2) and
Aj 1 =a4-1,4-1 of dimensions 1 x 1, ending up with A ;) decomposed into
A, = a1 and Ay = ag both of dimensions 1 x 1. By properties (1-4) above
we have the following multiplicative representation for the determinant of A

det(A) = Ag.(1..a—1)Ad—1.1..d—2) - - - - - A2.1)Aq,

where the factors are independent gamma variables:

n+1—k 1
Yoi1- = Ap1. - ~G< , >, k=1,...,d
+1—k kl..k—1 5 SRS

understanding that Y3 = A;. Here the gamma distribution G(a, p) is defined
through its density of the form f(x) o xp’le*”](om)(x) for a,p > 0. Thus
for a triangular array of independent and identically distributed chi-square
variables with one degree of freedom Xy;, j = 1,...,k, k = 1,2,...,d, we
have

k
d
Yi = crn Y Xu,
=1
where ¢k = Xpi1 k(1n—kyp, K=n—d+1,...,n.
Taking all what was said above into account and using Theorem 7.3.1

we can obtain the following asymptotic result for determinants of Wishart
matrices.

Theorem 7.4.1. Let A,, ~ W, (n,X,), n=1,2,.... Then

det(An) \/QIig(n) d
(—det(En)(n— 1)!> eV (7.18)
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Proof. Note that putting d = n in the considerations prior to the formulation
of Theorem 7.4.1, we have

A 2 I (30

k=1

where (Xj;) are independent and identically distributed x?(1) random vari-
ables. Thus in the notation of Theorem 7.3.1 we have y = 1 and 72 = 2.
Moreover [[;_;ckn = det(X,). Now the result follows directly from
Theorem 7.3.1. ad

7.5 Bibliographic Details

The asymptotic behavior of a product of partial sums of a sequence of indepen-
dent and identically distributed, positive random variables has been discussed
in several relatively recent papers (see, e.g., Qi (2003) for a brief review). In
particular, the results in Theorems 7.2.1 are from Rempata and Wesolowski
(2002a) and Rempata and Wesolowski (2005b). Further results extending the
ones discussed in this chapter to the case when the underling distribution is
in the domain of attraction of a stable law with index from the interval [1,2]
are obtained in Qi (2003) and Lu and Qi (2004). Another extension of these
results is given in Gonchigdanzan (2005) by means of the so-called ‘almost
sure’ versions of the limiting results of Theorems 7.2.1 and 7.2.3.

The standard references on multivariate analysis and in particular on
Wishart distributions are Anderson (1984) or Muirhead (1982). The theory
of random determinants, including limit theorems covering also non-Wishart
case are reviewed for instance in Girko (1997, 1990) and Dembo (1989).
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multiple Wiener-Ito, 85, 86, 90, 91,
94, 96, 117
with respect to a martingale, 74
symmetric function, 3, 4
symmetric kernel function, 6, 10, 13, 24,
30, 119, 124, 126, 127, 147, 155,
158
canonical decomposition, 10

transversal, 124, 133, 141
UMVU estimator, 7
Van-Der Varden conjecture, 16

Waring function, 42, 63

weak convergence, 67

Wishart distribution, 165, 167

Wishart matrix, 158, 165
determinant of, 165



1997-1998 Emerging Applications of Dynamical Systems

1998-1999 Mathematics in Biology

1999-2000 Reactive Flows and Transport Phenomena

2000-2001 Mathematics in Multimedia

2001-2002 Mathematics in the Geosciences

2002-2003 Optimization

2003-2004 Probability and Statistics in Complex Systems: Genomics,

Networks, and Financial Engineering

2004-2005 Mathematics of Materials and Macromolecules: Multiple

Scales, Disorder, and Singularities

2005-2006 Imaging

2006-2007 Applications of Algebraic Geometry

2007-2008 Mathematics of Molecular and Cellular Biology
2008-2009 Mathematics and Chemistry

1987
1988
1989
1990

1991
1992

1993

1994

1995

1996

1997
1998

1999
2000

2001

2002
2003

2004

IMA SUMMER PROGRAMS

Robotics

Signal Processing

Robust Statistics and Diagnostics

Radar and Sonar (June 18-29)

New Directions in Time Series Analysis (July 2-27)

Semiconductors

Environmental Studies: Mathematical, Computational, and
Statistical Analysis

Modeling, Mesh Generation, and Adaptive Numerical Methods
for Partial Differential Equations

Molecular Biology

Large Scale Optimizations with Applications to Inverse Problems,
Optimal Control and Design, and Molecular and Structural
Optimization

Emerging Applications of Number Theory (July 15-26)

Theory of Random Sets (August 22-24)

Statistics in the Health Sciences

Coding and Cryptography (July 6-18)

Mathematical Modeling in Industry (July 22-31)

Codes, Systems, and Graphical Models (August 2-13, 1999)

Mathematical Modeling in Industry: A Workshop for Graduate
Students (July 19-28)

Geometric Methods in Inverse Problems and PDE Control
(July 16-27)

Special Functions in the Digital Age (July 22—-August 2)

Probability and Partial Differential Equations in Modern Applied
Mathematics (July 21-August 1)

n-Categories: Foundations and Applications (June 7-18)



2005 Wireless Communications (June 22-July 1)

2006 Symmetries and Overdetermined Systems of Partial Differential
Equations (July 17-August 4)

2007 Classical and Quantum Approaches in Molecular Modeling
(July 23-August 3)

2008 Geometrical Singularities and Singular Geometries (July 14-25)

IMA “HOT TOPICS” WORKSHOPS

Challenges and Opportunities in Genomics: Production, Storage, Mining
and Use, April 24-27, 1999

Decision Making Under Uncertainty: Energy and Environmental Models,
July 20-24, 1999

Analysis and Modeling of Optical Devices, September 9-10, 1999
Decision Making under Uncertainty: Assessment of the Reliability of
Mathematical Models, September 16-17, 1999

Scaling Phenomena in Communication Networks, October 22-24, 1999
Text Mining, April 17-18, 2000

Mathematical Challenges in Global Positioning Systems (GPS), August
16-18, 2000

Modeling and Analysis of Noise in Integrated Circuits and Systems,
August 29-30, 2000

Mathematics of the Internet: E-Auction and Markets, December 3-5, 2000
Analysis and Modeling of Industrial Jetting Processes, January 10-13,
2001

Special Workshop: Mathematical Opportunities in Large-Scale Network
Dynamics, August 6-7, 2001

Wireless Networks, August 8-10, 2001

Numerical Relativity, June 24-29, 2002

Operational Modeling and Biodefense: Problems, Techniques, and
Opportunities, September 28, 2002

Data-driven Control and Optimization, December 4-6, 2002

Agent Based Modeling and Simulation, November 3-6, 2003

Enhancing the Search of Mathematics, April 26-27, 2004

Compatible Spatial Discretizations for Partial Differential Equations,
May 11-15, 2004

Adaptive Sensing and Multimode Data Inversion, June 27-30, 2004
Mixed Integer Programming, July 25-29, 2005

New Directions in Probability Theory, August 5-6, 2005

Negative Index Materials, October 2-4, 2006

The Evolution of Mathematical Communication in the Age of Digital
Libraries, December 8-9, 2006

Math is Cool! and Who Wants to Be a Mathematician?, November 3, 2006
Special Workshop: Blackwell-Tapia Conference, November 3-4, 2006
Stochastic Models for Intracellular Reaction Networks, May 11-13, 2008



SPRINGER LECTURE NOTES FROM THE IMA:

The Mathematics and Physics of Disordered Media
Editors: Barry Hughes and Barry Ninham
(Lecture Notes in Math., Volume 1035, 1983)

Orienting Polymers
Editor: J.L. Ericksen
(Lecture Notes in Math., Volume 1063, 1984)

New Prespectives in Thermodynamics
Editor: James Serrin
(Springer-Verlag, 1986)

Models of Economic Dynamics
Editor: Hugo Sonnenschein
(Lecture Notes in Econ., Volume 264, 1986)



The IMA Volumes in Mathematics and its Applications

1 Volume 142: Compatible Spatial Discretizations
Editors: Douglas N. Arnold, Pavel B. Bochev, Richard B. Lehoucq,
Roy A. Nicolaides, and Mikhail Shashkov

2 Volume 143: Wireless Communications
Editors: Prathima Agrawal, Daniel Matthew Andrews, Philip J. Fleming,
George Yin, and Lisa Zhang

3 Volume 144: Symmetries and Overdetermined Systems of Partial
Differential Equations
Editors: Michael Eastwood and Willard Miller, Jr.

4 Volume 145: Topics in Stochastic Analysis and Nonparametric
Estimation
Editors: Pao-Liu Chow, Boris Mordukhovich, and George Yin

5 Volume 146: Algorithms in Algebraic Geometry
Editors: Alicia Dickenstein, Frank-Olaf Schreyer,
and Andrew Sommese

6 Volume 147: Symmetric Functionals on Random Matrices and
Random Matchings Problems
by Grzegorz A. Rempata and Jacek Wesotowski

The full list of IMA books can be found at the Web site of Institute for
Mathematics and its Applications:
http://www.ima.umn.edw/springer/volumes.html



