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Preface

Louis Chen: A Celebration

On 25 and 26 June 2010, a conference, Probability Approximations and Beyond,
was held at the National University of Singapore (NUS) to honor Louis Chen on
his 70th birthday. Professor Chen is the Tan Chin Tuan Centennial Professor and
Professor in both the Department of Mathematics and the Department of Statistics
and Applied Probability. He is also the founding Director of the Institute for
Mathematical Sciences at the NUS.

Growing up as one of five brothers and a sister during WorldWar II and the
immediate postwar period, Louis developed his life-long interests in mathematics
and music. He graduated from the University of Singapore' in 1964; and after
teaching briefly in Singapore, he began graduate studies in the United States. He
earned a Master’s and a Ph.D. in Statistics at Stanford University, where he wrote
his Ph.D. thesis under the supervision of Professor Charles Stein. During his time
at Stanford, Louis met his future wife, Annabelle, who was then a summer school
student at Stanford.

During his Ph.D. studies, Louis made the first of several seminal contributions
to the theory and application of Stein’s method. This appeared in his famous 1975
paper on Poisson approximation for dependent trials, and laid the foundation for
what is now known simply as the Stein—Chen method. The Poisson approximation,
sometimes called the “law of small numbers,” has been known for nearly two
centuries, and is taught in introductory probability courses as the limiting
approximation for the distribution of the number of occurrences of independent,
rare events. Louis showed that independence is not a necessary prerequisite for the
law to hold, and proved, by a simple and elegant argument, that the error in the
approximation can be explicitly bounded (and shown to be small) in an amazingly
large number of problems involving dependent events. This approximation has

' NUS was formed through the merger of the University of Singapore and Nanyang University in
1980.
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found widespread application, in particular in the field of molecular sequence
comparison.

For much of his research career, Louis has been fascinated by a circle of ideas
centered on probability inequalities and the central limit theorem. Apart from his
work on Poisson and compound Poisson approximation, he has written a number
of papers exploring the relationships between Stein’s method and Poincaré
inequalities; he has established martingale inequalities that, in particular, sharpen
Burkholder’s inequalities; and he has returned again and again to the central limit
theorem. One of his most important contributions here has been to turn Stein’s
concentration inequality idea into an effective tool for providing error bounds for
the normal approximation in many settings, and in particular for sums of random
variables exhibiting only local dependence. He has recently co-authored a book,
‘Normal approximation by Stein’s method’, that promises to be the definitive text
on the subject for years to come.

After his graduate studies, Louis spent almost a year as Visiting Assistant
Professor at Simon Fraser University in Canada, before returning to Singapore in
1972. Since then, he has been engaged in teaching and research at NUS, apart from
short visiting appointments in France, Sweden and the United States. Annabelle
worked for many years for IBM, and together they raised two daughters, Carmela
and Jacinta. In addition to research and teaching, Louis has played a leading role in
the transition of NUS from a largely teaching institution to a leading research
university. Louis has served as Chair of Mathematics, helped to found the
Department of Statistics and Applied Probability, where he was also Chair, and
since 2000 has been the director of the Institute for Mathematical Sciences (IMS).
Under Louis’s leadership, the IMS has developed short programs to bring inter-
national groups of mathematicians and related scientists to Singapore, to discuss
recent research and to work with the local mathematical community on problems
of common interest, both theoretical and applied. It has also pursued outreach
programs and organized public lectures to stimulate interest in mathematics and
science among Singapore students at the high school/junior college level.

Louis’s professional service has not been confined to NUS. He has also served
as President of the Bernoulli Society (1997-1999), of the Institute of Mathematical
Statistics (2004-2005), and as Vice President of the International Statistical
Institute (2009-2011). He has also served on numerous committees of these and
other international organizations.

Along with this extraordinary level of administrative activity, Louis has con-
tinued a very active program of research, infecting students and colleagues alike
with his enthusiasm for probability and its applications. As well as exploring new
directions in probability theory, he has developed a recent interest in applications
of his work on Poisson approximation to problems of signal detection in com-
putational biology. Several of the papers in this volume provide ample evidence
that these subjects continue to provide exciting theoretical developments and
scientific applications.
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In summary, Louis Chen’s professional life has combined outstanding schol-
arship with exemplary service, to strengthen scientific institutions in Singapore and
internationally, and to provide more and better opportunities for all mathematical
scientists. This volume is only a small expression of the many contributions he has
made to students and colleagues. We hope to see him continuing to participate in
mathematical research and enjoying music for many years to come.

Andrew D. Barbour
Hock Peng Chan
David Siegmund

Conference participants at the University Hall



viii Preface

Chatting with friends during the conference dinner

A younger Louis
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Poem composed by Lou Jiann-Hua and presented to Louis during the conference dinner, on
behalf of the Department of Mathematics. The poem meant that the first dew appearing early in

the morning, clouds are high and it is sunny for ten thousand miles. Key in this poem is that the
first word in each line forms Louis’ Chinese given name
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Poem composed by Chen Zehua and presented to Louis during the conference dinner, on behalf
of the Department of Statistics and Applied Probability
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Part I
Stein’s Method



Chapter 1
Couplingsfor Irregular Combinatorial
Assemblies

Andrew D. Barbour and Anna Pésfai

Abstract When approximating the joint distribution of the component counts of a
decomposable combinatorial structure that is ‘almost’ in the logarithmic class, but
nonetheless has irregular structure, it is useful to be able first to establish that the distri-
bution of a certain sum of non-negative integer valued random variables is smooth.
This distribution is not like the normal, and individual summands can contribute a
non-trivial amount to the whole, so its smoothness is somewhat surprising. In this
paper, we consider two coupling approaches to establishing the smoothness, and
contrast the results that are obtained.

1.1 Introduction

Many of the classical random decomposable combinatorial structures have compo-

nent structure satisfying a conditioning relation: if Ci(”) denotes the number of
components of size i in a randomly chosen element of size n, then the distribution of

the vector of component counts (C{"), ce, Cr(]”)) can be expressed as

A. D. Barbour (<)

Angewandte Mathematik, Universitat Zrich,
Winterthurertrasse 190, 8057 Zirich, Switzerland
e-mail: a.d.barbour@math.uzh.ch

A. Posfai
Department of Mathematics, Tufts University,
503 Boston Avenue, Medford, MA 02155, USA

and
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e-mail: anna.posfai@tufts.edu

A. D. Barbour et al. (eds.), Probability Approximations and Beyond, 3
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2@, . CMYy=2(Z1, ..., Zna|Ton=n), (1.1)

where (Z;,i >1) is a fixed sequence of independent non-negative integer valued
random variables, and Ty n:= ZPZaH iZi, 0<a<n. Of course, To.p, is just the
total size of the chosen element, and by definition has to be equal to n; the interest in
(1.1) is that, given this necessary restriction, the joint distribution of the component
counts is ‘as independent as it possibly could be’. The most venerable of these
structures is that of a randomly chosen permutation of n elements, with its cycles
as components, where one has Zj ~Po(1/i). Random monic polynomials over a
finite field of characteristic q > 2 represent another example, with size measured by
degree, and with irreducible factors as components; here, Zj ~NB(m;,q'), and
q~'m; ~1/i. Many other examples are given in [1].

In both of the examples above (with 6 = 1), and in many others, the Z; also satisfy
the asymptotic relations

iP[Zi=1]—6 and 6 :=iEZ — 0, 1.2)

for some 0 < 6 < oo, in which case the combinatorial structure is called logarithmic.
Arratia, Barbour and Tavaré [1] showed that combinatorial structures satisfying the
conditioning relation and slight strengthenings of the logarithmic condition share
many common properties, which were traditionally established case by case, by a
variety of authors, using special arguments. For instance, if L™ is the size of the
largest component, then

n~iL™ 4L, (1.3)

where L has probability density function fg(x) :=e”?T(6 + 1)x? =2 py((1 — x)/x),
X € (0, 1], and py is the density of the Dickman distribution Py with parameter 6,
given in [11, p. 90]. Furthermore, for any sequence (an, n > 1) with a, = o(n),

lim_dry (.z(c;”), L CY 2z, Zan)) —0. (1.4)

Both of these convergence results can be complemented by estimates of the approx-
imation error, under appropriate conditions.

If the logarithmic condition is not satisfied, as in certain of the additive arithmetic
semigroups introduced in [5], the results in [1] are not directly applicable. However
Manstavicius [7] and Barbour and Nietlispach [4] showed that the logarithmic condi-
tion can be relaxed to a certain extent, without disturbing the validity of (1.4), and
that (1.3) can also be recovered, if the convergence in (1.2) is replaced by a weaker
form of convergence. A key step in the proofs of these results is to be able to show
that, under suitable conditions, the distribution of Ta, n is smooth, in the sense that

nIim drv (L (Tann), L (Tapn + 1)) =0,  forall ay=o(n), (1.5)
— 00

and that the convergence rate in (1.5) can be bounded by a power of {(a, + 1)/n}.
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Intuitively, the limiting relation (1.5) should hold if (1.4) does, because the approx-
imate independence ofC(”) .. (”) suggests that the event {To n = n} has much the
same conditional probability, whatever the values taken by C(”) .. C(”) in other
words, the distribution of Ty, n + r should be much the same, Whenever the value
r taken by To.a, is not too large. Somewhat more formally, using the conditioning
relation, and writing tg a(C) := Z"J?‘:l jcj, we have

PIC{" =c1....,C{" =Cal _ P[Tan=n—toa(C)]
IP>[Zl—C:L7 ...y, Za=Cal P[Ton=n] '
and
P[Ton=n P[Tan=n-—r
[ 0,n ] _ ZP[TOa=r] [ a,n ] ’
P[Tan=n—tp,a(C)] P[Tan=n—1,a(C)]

with the right hand side close to 1 if P[Tan =n — r] is close to being constant for
r in the range of values typically taken by Tg 5. This latter argument indicates that
it is actually advantageous to show that the probability mass function of Ta, n is
flat over intervals on a length scale of a,, for sequences a, = o(n). This is proved in
[1, 4] by showing that the normalized sum n—lTamn converges not only in distribution
but also locally to the Dickman distribution Py, and that the error rates in these
approximations can be suitably controlled.

Now, in the case of Poisson distributed Z;, the distribution of T is a particular
compound Poisson distribution, with parameters determined by n and by the 6.
In [1], the 6; are all close to a single value 6, and the distribution of Tg, n is first
compared with that of the simpler, standard distribution of Tg' := ZT_ 1] Z* where
the Z* ~Po(6/]) are independent. The comparison is made using Stein’s method for
compound Poisson approximation (cf. [3]), and the argument can be carried through,
under rather weak assumptions, even when the Z; are not Poisson distributed. In a
second step, Stein’s method is used once more to compare the distribution of n—lTO”fn
with the Dickman distribution P,. Both approximations are made in a way that
allows the necessary local smoothness of the probability mass function of Ty, n to
be deduced. In [4], the same strategy is used, but the fact that the 6 may be very
different from one another causes an extra term to appear in the bound on the error
in the first approximation. In order to control this error, some a priori smoothness of
the distribution of T,, n needs to be established, and a suitable bound on the error in
(1.5) turns out to be exactly what is required.

In this note, we explore ways of using coupling to prove bounds on the rate
of convergence in (1.5), in the case in which the Z; have Poisson distributions.
This is now just a problem concerning a sum of independent random variables with
well-known distributions, and it is tempting to suppose that its solution would be
rather simple. For instance, one could take the classical coupling approach to such
bounds, known as the Mineka coupling, and described in the next section. The Mineka
coupling is very effective for sums T, of independent and identically distributed
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integer valued random variables, and indeed more widely in situations in which a
normal approximation may be appropriate: see, for example, [2]. However, it turns
out to give extremely pessimistic rates in (1.5), in which T, 5 is not approximately
normally distributed, and is a sum of random variables with extremely sparse support.

To overcome this problem, an improvement over the Mineka coupling was intro-
duced in [4]. It is extremely flexible in obtaining error rates bounded by a power
of {(a, + 1)/n} for a wide variety of choices of the means 6;, and it is in no way
restricted to Poisson distributed Z;’s. Here, we show that, despite these attractions,
the coupling described in [4] does not achieve the best possible error rate under
ideal circumstances; this comes as something of a surprise. Here, we also introduce
a second approach. This can be applied only in more restricted situations, but is then
capable of attaining the theoretically best results. Finding a coupling that gives the
correct convergence rate in (1.5) under all circumstances remains a curious open
problem.

1.2 A Mineka—Ilike Coupling

Let {Xj}jen be mutually independent Z-valued random variables, and let S, :=
>, Xi. The Mineka coupling, developed independently by Mineka [9] and Résler
[10] (see also [6, Sect. I1. 14]) yields a bound of the form

~1/2
Oy (Z(S). Z&+<(5 D u) (L6)

i=1

where

Ui := (1 — dtv (.,%(Xi), Z(Xi + 1)));

see [8, Corollary 1.6]. The proof is based on coupling copies {X{}jcn and { X'} ey
of {X}i ey in such a way that

n
Voi= D (Xi = X), neN,
i=1
is a symmetric random walk with steps in {—1, 0, 1}. Writing § := 1+Zij -1 X’j ~

S+1land § = Zij -1 X’j/ ~§,sothatV; + 1=§ — §’, the coupling inequality
[6, Sect. 1.2] then shows that

drv(Z(S). Z(&+1) < Plr>n] = PV € (~1,0)],

where 7 is the time at which {Vp}nez, first hits level —1, and the last equality
follows from the reflection principle. However, this inequality gives slow conver-
gence rates, if Xj =iZ; and the Z; are as described in the Introduction; typi-
cally, drv (£ Z), £ Zi +1)) is equal to 1, and, if X; is taken instead to be
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(2i —1)Z5i_1 +2i Z,i, we still expect to have 1 —dry (Z(Xi), L(Xi + 1)) =i~
leading to bounds of the form

drv (L (Tagn)s £ (Tap.n + 1)) =O((log(n/fan + 11)) /3. 1.7)

The reason that the Mineka coupling does not work efficiently in our setting is
that, once the random walk V,, takes some value k, it has to achieve a preponderance
of k+1 negative steps, in order to get to the state —1, and this typically requires many
jumpstorealize. Since, at the i-th step, the probability of there being a jump is of order
i ~1, itthus takes a very long time for such an event to occur, and the probability of this
not happening before time n is then relatively large. In [4], the difficulty is overcome
by observing that the Mineka random walk can be replaced by another Markov chain
(Vn, n > 1), still constructed from copies (Z/,i > 1) and (Z{",i =1) of the original
sequence, but now associated differently with one another. The basic idea is to note
that, if \V; =k, then the random variables Xi1:=] Z} + (j+k+ 1)23 +k41 and
X' 1 =1Z{+(+k+1Z], 4 canbecoupledinsuchaway that X{ , — X', ; €
{—(k+1), 0, (k+1)}, foranyj such that the indicesjand + k + 1 have not previously
been used in the construction. Hence a single jump has probability 1/2 of making V
reach —1. The construction starts as for the Mineka walk, but if the first jump takes
V to +1, then the chain switches to jumps in {—2, 0, 2}; and subsequently, if V is in
the state k = 2" — 1, the chain makes jumps in {—2", 0, 2"}. Clearly, this construction
can be used with Z; ~Po(i ~16;), even when many of the 6; are zero. A number of
settings of this kind are explored in detail in [4]; for instance, when 6; > 6* for all i
in{rZy +t}U{sZ+ + u}, where r and sare coprime. Very roughly, provided that a
non-vanishing fraction of the 6; exceed some fixed value 6, > 0, the probability that
V reaches —1 before time n is of order =%, for some « > 0, an error probability
exponentially smaller than that in (1.7).

Here, we make the following observation. Suppose that we have the ideal situation
in which 6; =6* > 0 for every i. Then the probability that a coupling, constructed
as above, should fail is at least of magnitude n—?*/2. In Sect. 1.3, it is shown that
the total variation distance in (1.5) is actually of order n=™"¢".1} under these circum-
stances, so that the estimates of this distance obtained by the [4] coupling are typi-
cally rather weaker. It is thus of interest to find ways of attaining sharper results. The
coupling given in Sect. 1.3 is one such, but it is much less widely applicable.

The coupling approach given in [4] evolves by choosing a pair of indices
Mi1 < M at each step i, with the choice depending on the values previously used:
no index can be used more than once, and Mj; — Mj; =Vi_1 + 1, so that one
jump in the right direction leads immediately to a successful coupling. Then, if
(Mi1, Mi2) = (j, j + k+1), the pair X{ and X" is constructed as above, by way of
copies of the random variables jZj and (j +k+1)Z;j 1 x4 1. The probability of a
jump taking place is then roughly 26*/(j + k + 1), and, if a jump occurs, it has prob-
ability 1/2 of taking the value —(k + 1), leading to success. The main result of this
section is the following lower bound for the failure probability of such a procedure.
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Theorem 1.1 For any coupling constructed as above, the probability P[F] that the
coupling is not successful is bounded below by

/2]
PIF1> [] (1 - 3min{e*/i. 1/e}) < n~?"/2
i=1

Proof In order to prove the lower bound, we couple two processes, one of which
makes more jumps than the other. We start by letting (U;, i > 1) be independent
uniform random variables on [0, 1]. The first process is much as discussed above. It
is defined by a sequence of pairs of indices Mj1 < Mj2, 1<i <1*, from[n]:={i €
N: i <n}, with I * <|n/2] the last index for which a suitable pair can be found.
No index is ever used twice, and the choice of (M;1, Mj2) is allowed to depend on
((Mj1, Mj2,Uj),1<j <i). Weset Y =1[Uj < p(Mj1, Mj2)], where

p(my, my) :=2e~""/M (6% /my)e~?" /™ < 1/e,

for m; < myp, representing the indicator of a jump of +-(my — my) being made by the
first process at time i. For the second, we inductively define R :={p (1), ..., p(i)}
by taking Ry = and

(i) :=max{r € [n/2]\ R_1: 2r < Mj2};

we shall check at the end of the proof that p (i) always exists. (The second process,
that we do not really need in detail, uses the pair (2p(i)—1, 2p(i)) at stage i.) We then
define Z;j :=1[Uj < min{60*/p(i), 1/€e}], noting that p(Mj1, Mj2) < min{6*/p (i),
1/€}, entailing Z; >Y; a.s. for all i. Finally, let (J;, i > 1) be distributed as Be(1/2),
independently of each other and everything else.

The event that the first process makes no successful jumps can be described as

the event

F:=||Z*:YiJi=0].

i=1

We thus clearly have

n/2]

F>{1> z%=0¢t,
i=1

where, for I * <i <n/2, we take p(i) := min{r € [n/2]\ R_1},and R :=R_1 U

{p(i)}. But now the Z;, suitably reordered, are just independent Bernoulli random

variables with means min{6*/r, 1/e} , 1 <r <n/2, and hence

In/2)
PIF1= [] (21— 3min{e*/i.1/e}) < n—"/2,
i=1
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It remains to show that the p (i) are well defined at each stage, which requires that

S:={r €[n/2]\ Ri—1: 2r = Mi2} # ¥,

1<i<I* Fori=1, mp>2, so the start is successful. Now, for 2 <i <n/2,
suppose that

ri —1):=max{s: R_1>{1,2,...,s}}.

Then 1,...,r(i — 1) can be expressed as p(i1), ..., p(iri—1)), for some indices
i1,...,Irg—1). For these indices, we have Mj; 2 <2r(i — 1)+ 1, 1<l <r( —1),
sincer(i —1)+1 ¢ R _1 and, from the definition of p(-), we could thus not choose
e <r@ —1)if Mj 2 >2r(i — 1)+ 2. Hence, also, Mj, 1 <2r(i — 1) + 1, and,
because all the Mjs are distinct, {M;; s, 1 <s<2,1<l| <r(i—1)}isasetof2r (i —1)
elements of [2r (i — 1) + 1]. Thus, when choosing the pair (Mj1, Mj>2), there is only
at most one element of [2r (i — 1) + 1] still available for choice, from which it follows
that Mj2 >2r(i —1)+2:s0r(i —1) + 1 € S, and hence § is not empty. O

1.3 A Poisson-Based Coupling

In this section, we show that a coupling can be constructed that gives good error
rates in (1.5) when Zj ~Po(j~16*), for some fixed 6* > 0. If Z; ~Po(j~16;)
with 6 > 6*, the same order of error can immediately be deduced (though it may no
longer be optimal), since, for Poisson random variables, we can write Tan = T+ T/,
with T, constructed from independent random variables Zj ~ Po(] ~19*), and with
T’ independent of T,.

Because of the Poisson assumption, the distribution of Tan:=>"1_,.4jZ; can
equivalently be re-expressed as that of a sum of a random number N ~ Po(6*hgp) of
independent copies of a random variable X having P[X=j]=1/{jhan},
a+ 1<j=<n, where hgn ::Z?:a+1j—1. Fix ¢ > 1, define j, :=[c" |, and set

ro:=ro@:=flogc(@+ 1)1,  ri:=ri(n):=[log;nJ.

Define independent random variables (X;j, ro <r <r1,i >1)and (N;, ro <r <ry),

P[Xri =j1=1/{jhanpr}, Jr <] <jrs1,

where
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define P; := Z;lz_rl Ps < 1. Then we can write T,y in the form

ri—1 Ny

Tan=Y + Z Zxri,

r=roi=1

where Y is independent of the sum; the X;; represent the realizations of the copies
of X that fall in the interval C; :=[j;, jr+1), and Y accounts for all X-values not
belonging to one of these intervals. The idea is then to construct copies T, and T3,
of Tan with T}, coupled to T3, + 1, by using the same N; for both, and trying to
couple one pair X{; and X[, + 1 exactly, declaring failure if this does not work.
Clearly, such a coupling can only be attempted for an r for which N; > 1. Then exact
coupling can be achieved between X[, and X[, +1 with probability 1 —1/{jr hanpr },
since the point probabilities for X, are decreasing. Noting that the p, are all of the
same magnitude, it is thus advantageous to try to couple with r as large as possible.

This strategy leads to the following theorem.
Theorem 1.2 With Zj ~Po(j ~16*), j >1, we have

drv (£ (Tan), Z(Tan + 1)) = O({a+ 1)/n}” +n7h),
if 0* £ 1; for 6* =1,
drv (L (Tan). £ (Tan + 1)) = O({(@+ 1)/n} + n~tlog{n/(@+ 1)}).

Proof We begin by defining

ri—1

Bﬁ=( f}{Ns=m)FHern, ro<r <r,
s=r+1

and setting Bg := ﬂ'slz‘rlo{ Ns = 0}. Ontheevent By, write X/, = X/, —1if X[, # i,

with X[, so distributed on the event A, := {X[; = j;} that its overall distribution is

correct. All other pairs of random variables X[, and X[, (r',i) € ([ro,...,r1 —

1] x N) \ {(r, 1)}, are set to be equal on By. This generates copies T, and T, of
Tan. with the property that T,,, = T4, + 1. except on the event

ri—1

E:%u(U(amAO.
r=ro

It is immediate from the construction that

P[B]= exp{—@*han5r+1}(1 — e_e*ha”pf), g <r <ry,

and that P[Bp] = exp{—@*hanﬁro}; and P[A; | Br1=1/{jrhanpr}. This givesall the
ingredients necessary to evaluate the probability
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ri—1

PIE]=P[Bo]+ > PIB/IP[A |Br].

r=ro

In particular, asr — oo, jr ~¢", hanpr ~ logcand han P41~ (r1(n) —r)logc,
fromwhichit follows that P[ B, ] ~ ¢ 1M1 (1—c=9"), P[A | B;]~1/{c" logc}
and

P[Bg] = ¢~ 1M=T0@) — 1@ 4+ 1)/n}?".

Combining this information, we arrive at

ri(n)—1
PIE] = {(a+1)/n}?" + Z c—f ¢—0*rm—r).

r=ro(a)

For 6* > 1, the dominant term in the sum is that with r =ry(n) — 1, and it follows
from the definition of r1(n) that then

PIE] =< {@+1/n}" +c ™ <@+ 1/n” +n"
For 6* <1, the dominant term is that withr =rg(a), giving
PE] < {@+1/n" +n " @+ 1 " < {@+1/m?.
For 6* =1, all terms in the sum are of the same order, and we get

PIE] < {(@+ 1)/n} + n"log(n/(a + 1)). O

Note that the element {(a + 1)/n}?" appearing in the errors is very easy to inter-
pret, and arises from the probability of the event that Ty, =0, a value unattainable
by Tan + 1. Furthermore, the random variable Ty, has some point probabilities
of magnitude n—1 [1, p.91], so that n~1 is always a lower bound for the order of
drv (.Z(Tan), L (Tan + l)). Hence the order of approximation in Theorem 1.2 is
best possible if 6* # 1. However, fora=0and 6* = 1, the point probabilities of Ty,
are decreasing, and since their maximum is of order O(n—1), the logarithmic factor
in the case 6* =1 is not sharp, at least fora=0.

The method of coupling used in this section can be extended in a number of ways.
For instance, it can be used for random variables Z; with distributions other than
Poisson, giving the same order of error as long as drv (£ (Zj), Po(0j /j)) = O(] —2,
This is because, first, for some K < oo,

P[Br] < K exp{—6*hanPr11}(1 — e/ ManPry - ro<r <1y,

and P[Bp] < K exp{—@*hanﬁo}, where, in the definitions of the By, the events
{Ns =0} are replaced by {Z; =0, js <] < js+1}. Secondly, we immediately have
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drv(L(Z), e <J <), @ Jr <5 < i) =0,
where the Zj ~Po(#;/]) are independent, and hence that

drv (Z(Tj —1jr -1 L (Tjy—1.j1-1)) = O D,

where 'ﬁs is defined as T;s, but using the Z-. Thus, on the event B;, coupling can
still be achieved except on an event of probability of order O(j;1).

It is also possible to extend the argument to allow for gaps between the intervals
on which 8j > 6*. Here, for 0 < ¢ < ¢y, the intervals [ jr, jr4+1 — 1] can be replaced
by intervals [a, by ], such that br /a- > ¢; and a- > kac, for some k and for each
1 <r <R, say. The argument above then leads to a failure probability of at most

—RO* —9*(R—r)
C =+ .

r=1

If cl > ¢y, the failure probability is thus at most of order O(c; ®" + 1/{ack));

if c1 < Gy, itisof order O(C‘R9 ).InTheorem 1.2 above,wehavec; =cy=c, k=1
and c™R < (a+ 1)/n, and the results are equivalent.

However, the method is still only useful if there are long stretches of indices j
with 6 uniformly bounded below. This is in contrast to that discussed in the previous
section, which is flexible enough to allow sequences 6; with many gaps. It would be
interesting to know of other methods that could improve the error bounds obtained
by these methods.
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Chapter 2
Berry-Esseen | nequality for Unbounded
Exchangeable Pairs

Yanchu Chen and Qi-Man Shao

Abstract The Berry-Esseen inequality is well-established by the Stein method of
exchangeable pair approach when the difference of the pair isbounded. In this paper
we obtain ageneral result which can achieve the optimal bound under some moment
assumptions. As an application, aBerry-Esseen bound of O(1/./n) isderived for an
independence test based on the sum of squared sample correlation coefficients.

2.1 Introduction and Main Result

Let W be the random variable of interest. Our goal isto prove a Berry-Esseen bound
for W. One powerful approach in establishing a Berry-Esseen bound is the Stein
method of exchangeable pairs. Let (W, W*) be an exchangeable pair. Assume that

E(W — WHW) = A(W — R) 2.1)

for some0 < A < 1, where Risarandom variable. Put A = W — W*. The Berry-
Esseen bounds are extensively studied under assumption (2.1). Rinott and Rotar [19]
proved that (see e.g. [4, Theorem 5.2]) if |A| < § for some constant §, EW = 0 and
EW? = 1, then
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sup|P(W < 2) — @(2)]

L L 2.2)
< 3(1.1+ ZE|W|A2) + 2.7E}1 — ZE(MW)‘ + 0.63E|R).

For theunbounded case, Stein[23] proved that [seee.g. 4, (Theorem 5.5)] if EW = 0
and EW? = 1, then under (2.1),

SUp[P(W < 2)—d(2)| < E‘l—%E(A2|W)’+E|R|+O.64(E|A|3/A)1/2. 2.3)
z

Thebound (2.2) isusually optimal, however, the contribution of thelast termin (2.3)
may result in non-optimality. For example, when Wisthe standardized sum of ni.i.d.
random variables, thelast termin (2.3) isof order n~1/4 instead of the optimal n—/2.
The main purpose of this note is to develop a general result which can achieve the
optimal bound under some moment assumptions.

Theorem 2.1. Assumethat (2.1) is satisfied. Then
1
sup |[P(W < 2) — ®(2)| < EIR| + EE(N\” + AP
zZ
1 2
1+ 72)(40Y/2 4 47212 6E1——EA2W’ 2 E|A—EA|) (24
+ @+ D) (M2 4 40222 4 5 E(A2W)| + | ) @4

where A isany variable such that A > E(A%W) and 7 = +/ EA/A.

We remark that if |A| < § for some constant §, then one can choose A equal to
8% and hence the bound on the right hand side of (2.4) reducesto C(E|R| + 83/ +
AYZ + E[1— E(A%|W)/(21)]), whichiis of the similar order as (2.2).

The paper is organized as follows. The proof of Theorem 2.1 will be given in the
next section. In Sect. 2.3, as an application, a Berry-Esseen bound is derived for an
independence test based on the sum of squared sample correlation coefficients.

2.2 Proof of the Main Result

Let f be absolutely continuous. Following the discussion in [4, Sect. 2.3], observing
that E[(W — W*)(f (W) + f(W*))] = 0, we have

1
E(WfW)) = o ELW — WH(F (W) — F(W)] + E(RF(W)). (25

Recall A = W — W* and define K (t) = 2 (I_a<t<o) — lo<t<—a))- Then

00 2 00
/ K(t)olt:A / |t|K(t)dt=%|A|3. (2.6)

oo 217
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By (2.9),

0
E(Wf (W) = %E(/A /(W + (W — W*)dt)-|—E(Rf(W))

_ E(/oo £/(W + DK (1) dt)+E(Rf(W)). 2.7)

o0

and by (2.6),

Ef/(W) = E(f’(W)(l— %Az))+E(/_OO WK () dt)

= E(f/(W)(l— %E(A2|W)))+E(/OO f/(W)K(t)dt).

—0o0
To prove Theorem 2.1, we first need to show the following concentration
inequality.

Lemma. 2.1 Assumethat (2.1) issatisfiedandthat E|W| < 1, E|R| < 1. Let A be
arandomvariable such that A > E(A%W). Then

P@<W<«<b
<2(b—a) +2(EA/MN)Y? + 2E]1 - E(A%|W)/(2V)| + E|A — EA|/EA.
(2.8)

Proof Let

~ib-a—sforw<a-3s,
f(wy=1w-2ib+a) fora—s<w<b+s,
lb-ay+s forws>b+s,

where s = (4EA/(27).))Y2. Clearly, f’ > 0and K > 0. By (2.7).

2LE{(W — R) f (W)} = ZAE/ /(W + t)K (t)dt

—00

$
> ZAE/ /(W + t)K (t) dt
-5

> 2AEI(a<W<b)/ K (t) dt
It]<s

= El@agwgp|AImine, [A])
4A

4
> Elacwsh) (A% — W)’ (2.9)

where in the last inequality we use the fact that min(x, y) > x — 4x3/(27y?) for
X > 0,y > 0. Theright hand side of (2.9) isequal to
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4N
2 _— —
E{'<a<W<b)(A 2732)}
4E(AYW)
= E{l(agwgb)(E(A2|W) BT }

E{lacwen (EA2W) — ) fora > E(a“w))
(asW<b) 2782 =

WV

> P(@a< W < b)(2n — 4EA/(278%)) — E|E(A%|W) — 21| —-4275°E|A — EA|
4
=AP@< W <b) - E|[E(A%|W) — 24| - = E|A — EA],

2752
(2.10)

recalling that § = (4E A /(271))Y2. For the left hand side of (2.9), we have

2.E{(W — R) f (W)} < 2/\(%00 —a)+ 8)(E|W| +EIR)) < 4)»(%(b —a)+ 5).

(2.11)
Combining (2.9)—(2.11) gives (2.8), as desired. O

Proof of Theorem 2.1 For fixed z, let f = f, be the solution to the Stein equation
f'(w) —wfw) = l<y — (2. (2.12)

Itisknownthat || f|| < 1and || f'|| < 1(seeeg, [6]). Henceby (2.12),
1

IP(W < 2)—®(2)| = |[E(f'(W)—WFf(W))| < E](l—ﬁE(AZIW)HEIRHH,
where

m ~

H= E{/ (W) — /W + )R O .

—00

From the definition of f it follows that

H < E‘/OO(Wf(W)—(W+t)f(W+t))K(t)dt‘

0

00
+ E/ lz—t<w<zn K (1) dt + E/ lzgw<z—ty K (1) dt
0 00

1
< 4 EWI + 1)|A|® + Hy + Ha,

where

00 0
Hy = E/o lz—t<wgzg K () dt, Hp = E/ lz<w<z—ty K () dt.

—00

To evaluate H1, divide the integral into two parts: foﬁ and fj% For the first part,
we have
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Vi .
£ [ e raweaK Oct
0

1 Vi

= —E/ lz—t<w<z (—A) logtg—ay dt
2. Jo
1_ [V

< ZE‘/O I{Ziﬁgwgz}(_A)l{Ogtg—A} dt
1

2
2 Eliz-vicw<g
<P@Z— Vi<W <2+ E|L— E(A%W)/(20)]
<2V 4+ 2(EA/MY? 4 3E|1 - E(A%W)/(20)| + E|A — EAI/EA,
(2.13)

by Lemma 2.1. For the second part, noting that K (t) < A%/(2xt3) fort > 0, we
have

IN

o0
ZAE/ lz—t<w<zg K (H)dt
N/

o
< E/ l—t<w<g AY/ 3t
N

o0
E / lz—t<w<z E(AYW) /t3dt
Vi

N

S
E/ |{Z_tgwgz}A/t3dt
g

< iE/ P(z—t < W< 2)E(A)/t3dt + E|A — EA|/ 1/t3dt
2n )z Vi
< E(A)E/f (2t +2(EA/MY? 4+ 2E|1— E(A2 W)/ (20)]
A

FEIA - EA|/EA)t_3dt +E|A — EA/(20) [by Lemma2.1 again]
= E(A)(Z/ﬁ + {2(EA/M)Y2 + 2E|1 - E(A%|W)/(20)]

+ EJA — EA|/EA}/(2A)) + E|A — EAJ/(2V)

_ Ez_f(4\/2+ 2(EA/MY2 4 2E[1— E(AYW)/(20)]

+2E|A — EA|/EA).
(2.14)
Therefore, by(2.13) and (2.14),
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Hi < 2V + 2(EA/0)Y? 4+ 3E|1— E(A%W)/(24)| + E|A — EA|/EA
EA
+ m(4\/X+ 2(EA/0)Y? 4 2E|1— E(AZIW)/(20)]

4 2E|A — EA|/EA).
(2.15)
Similarly, (2.15) holds with Hj replaced by H,. This proves (2.4) by combining the
above inequalities. O

2.3 An Application to an Independence Test

Consider a m-variablepopulation represented by arandomvector X = (X1, ..., X))’
with covariance matrix X and let {X1, ..., X,} be arandom sample of size n from
the population. In applications of multivariate analysis, mis usually large and even
larger than the sample size n. However, most inference proceduresin classical mul-
tivariate analysis are based on asymptotic theory which has the sample size n going
to infinity while mis fixed. Therefore, these procedures may not be very accurate
when mis of the same order of magnitude as n. More and more attentions have been
paid to the asymptotic theory for large m, see for example, [2, 9, 10, 12, 14, 20, 21]
and references therein.

For concreteness, we focus on a common testing problem: complete indepen-
dence. Let Rbethe sample correlation matrix of { Xy, ..., Xu}. When the population
has amultivariate normal distribution, testing for complete independence is equiva-
lent totesting = = |, and many test statistics have been devel oped in the literature.
The likelihood ratio test statistic

_(n_ 2m+5)|0g|R|

is commonly used for m < n; however, it is degenerate when m exceeds n since
|IR| = 0for m > n. Nagao [18] proposed to use %tr[(R — 1)2], where tr denotes
the trace. However, thistest is not consistent against the alternative when m goes to
infinity with n. Leboit and Wolf [14] introduced arevised statistic %tr [(R—1)%]—
%[%tr(R)]2 + % which is robust against m large, and even larger than n. Schott
[21] considered atest based on the sum of squared sample correlation coefficients.
Let R= (rij, 1 <i, j < m) bethe sample correlation matrix, where

o ko1 (Xik = XD(Xjk = X))
lij = - = - — 2’
\/Zk=1(xik - Xi)z\/Zk:l(Xjk - Xj)

Xi = (Xqi, ..., Xm) and Xj = 2 >0, Xjk. Lét ty m be the sum of squared rij’s
fori > j,
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m i-1
tn’mzzzrizj’
i=2 j=1
and
Whm = Cmlthm — —————= ), where ¢y m = :
n.m n,m(n’m 2(n—1)) nm m(m—1)(n—1)

Under the assumption 0 < limp_ . M/N < oo and complete independence,
Schott [21] proved the central limit theorem

Wn,m — N(0, 1),

and then uses Wh m to test the complete independence. When the population is
not necessarily normally distributed, Jiang [13], Liu, Lin and Shao [15] introduced
new statistics based on the maximum of absolute values of the sample correla-
tion coefficients and prove that the limiting distribution is an extreme distribution
of typel.

As an application of Theorem 2.1, we establish the following Berry-Essen bound
for Wy m with an optimal rate of O(m~%/2).

Theorem 2.2. Let {Xjj,1 < i < m1 < j < n} bei.i.d. random variables,
and let Z be a standard normally distributed random variable. Assume m = O(n).
If E(X2}) < oo, then

SUp|P(Whm < 2) — ®(2)| = O(m~Y/?), (2.16)
V4

To apply Theorem 2.1, wefirst construct W* so that (W, W*) is an exchangeable
pair. Let X*,1 < i < nbeanindependent copy of Xj,1 <i < n,andletl bea
randomindex uniformly distributed over {1, 2, ..., m}, independent of {X*, Xj, 1 <
i < n}. Definet ;= thm — > rlzj +>M, rlz*j , where

J#1 J#1

SR (X = X5 (Xjk — X))
s O = X2 Sy Gk — X))2

Itiseasy toseethat (th,m, t ) iSan exchangeable pair. Write W = W m and define

. N m(m — 1)
W = Cn’m(tn!m - m)
Clearly, (W, W*) is aso an exchangeable pair. To prove (2.16), it suffices to show
by Theorem 2.1 that there exists A such that A > A% + E(A% Xy, ..., Xn) with
A=2/m,
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E(W — W*|W) = A W, (2.17)
Ell— %E(A2|W) = 0O(m Y2, (2.18)
E|A;® = O(m™%/?), (2.19)

m2 < E(A) = O(m™2), (2.20)
var(A) = O(m™), (2.21)

E(W| + D|APR = om~%/?). (2.22)

To prove (2.17)2.22) above, we start with some preliminary properties on
Xik—Xi

momentsof rij. Letu; = (Uj1, ..., Ujn)’, whereujx = —=24=2__— Clearly, we
ij i ( il |n) ik /—Z{Ll(xilfxi)z y
have
n n
D uk=0 > uj=1 (2.23)
k=1 k=1

andrij = ujruj. It follows from (2.23) and the symmetry of the variables involved
that

E(uik) =0, E(U3) = % (2.24)
E(uijuix) = —; forj # k. (2.25)
(n—21n
By (2.24) and (2.25), we havefori # |
E(rizj) = E(ujujujui) = E(E(ujujujuilui)
= E(u{(nilln_n(nl— 1)1”)“i)= nTll o

where |, isthen x n identity matrix and 1,, denotesan x n matrix with all entries 1.
If EX$, < oo, itiseasy to seethat (see e.g., [16])

E(X11 — w)*

K 1
4
E(Uik): ﬁ—FO(F),WhereK = o4

(2.27)

From (2.23), we also have
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Euf
E (U}, Uik,) = —ﬁ,
Eufp 1
Sk =S L
2 o 2By _ -
EllilqUilelile) = o 5 T A= D =2)°

3 B 6E (U}
nn—-LH(n—-2)n—-3) M-LH(n—-2)(n-3)°

for distinct kg, ko, ks, ka. Hencefor i # |,

Er) = E( Z Z Z Z ulklulkzulK’3u|k4ulklulk2ulk3ulk4)

=1kp=1ks=1ks=1
_nE(u,kqu)+4n(n—1)E(uikluik2ujklu,-k2)

E (Ui, Uik, UikgUiky) =

2 2 2 2
+ 3n(n — D E(Ufj, Ufi, Ui, Ujk,)

+6n(n — 1)(n — 2)E (U, Uik, UiksUsi, UjkoUjks)

+n(n —1)(n — 2)(n — 3)E(Ujk, Uik, UiksUikyUjkg UjkoUjksUjks)

= ”(% + O(n—ls))z”r‘(” - 1>(—(n_KW + O(n—lal))z

1 K 1Y)2
+ann = (=~ g+ 0())
2K 1 1\)2
+enn =00 -2 (a5 ~ra—pa=z + °(w))
3
+nh-DHn-2n - 3)(n(n —D(n—2)(n-23)
K 1\\2
TRn-Dhn-2mn-9 )
3 1
=2 +9(5)
(2.28)
Similarly to (2.26), for j1 # j2,
1 1
E( ij1 |]2) = E(E(rljl ”2|X|)) = ((n _ 1)2)= (n— 1)2’ (2'29)

n n n
ExIX)) = EU) D uf +4EUi,uik) D D ud Ujk,

k=1 ki=1 kp=1

ko#ky
+3E(Ufj,u lkz)z Z qu1 sz

=1 kp=1
ko#kg
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LSTRURIRD 35 i) ST MR

=1 kp=1
ka7ky ke,aﬁkl
k3#ka

+E(U|k1U|k2U|k3U|k4)Z Z Z Z UjkiUjkoUjkaUjks-

=1 ko=1 k3=1
ko#ky  kg7ky k4#k1
ka#tky  kgko
ka#k3

Since 3 p_; Uik = 0and >°p_; u3 = 1, we have:

E(ijIX)) = (E(ui“k) — 4E (U3, Uiky) — E(UF, UA,) + 12E(Ufj Uik,Uiks)

n
_ 6E(uik1Uik2Uik3uik4))Z u‘j‘k
k=1

+ 3E(ui2k1ui2k2) - GE(Uizkluikzuik3) + 3E Uik, Uik, UikgUiky)
3 1 K—-3
=2+ o() + (S + ol ))ZUJK
Thus,

E( IJl IJZ) = E(E(rljl |12|X|))
n

—£((p+ () + (S + o)) )

k=1
Similarly, if EX12 < oo,
Etr?) =0m™), (2.31)
and if EXZ} < oo,

E(r{i® = O(m™),

By (2.26), (2.28) and (2.29), we have

-1 -1
Etam) = P EGE) = %
var(tn,m) = E(t2 ) — (E(ta,m))?
-1 —1(m-2
_ m(m )E<r(}>+ mm-1m-2) 22

2 2
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-1 -1
E(thm) = WE( izj) — M

2n—-1"°
var(thm) = E(t3 ) — (E(thm))?
m(m — 1) m(m — 1)(m — 2)
= —2 E(rr}) + 5 E( i ”2)
+ e 21 - )E(rlljl |2]2) (E(tn m))
_mm-1

n2 + O(T_j)

Proof of (2.17) Let 25 = {Xq,

23

..., Xp} and define u;" similarly as uj by using
{X*}msteadof{X.,} Asin (2.26), wehave

E(r;12n) = E(E(Ujuiu’uj| 2n)

1
E sk K/
—11 (Ui uHuj = 1

and hence

m m
E(W — WHW) = C%mZE(Zr” Zr, 2 )
i=1 j=1 j=1

ji J#i
as desired.

Proof of (2.18) Recall A = 2/m and the definition of A and observe that

‘E(M%)_l‘
2
M1 N L 4(m—1)(n — 1)
B j#i
MLl s, 1 ., 2m-1(n-1
T4 ’E;(;(r” 1)~ n2(n + 2)
J#i
1« 2(m—1(n—1)
M= (,Zl“'* D -
B j#
c2 ym
< ’4 (J1+ )+ O1/ny,

(2.32)
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2(m—1)
n2 '

w223 - -2
b= ‘%Zm:E({Z(rlz*l — nil)}z

Zn) -

Instead of estimate E J;, welook at the second moment of J;. From (2.28) and (2.29)
we obtain

L3 (2 (- 1)) = 2 o,

m m
-

i#
SC MR e S

5 S, 1 \12(< /s 1 12
o2 > B (- ) (R - 9)
1<ir#i<m jJ;ll II;il2

4m2
— — + Om?/n%)

{zzEm =)

i= 1J l
m m m 1 3 ) 1
+42.2. 2 E(( i~ 1) (r”z_ n—1))
i=1j1=1 jo=1
j1# Qp#
i2#i1
m m m 1 5 1 5
+SZZ Z E((rizjl_ n—l) (rizjz_ n—l) )
=l e

12#11
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£63 5 > > (o ty) (- ) (B )

i=1 ij1=1 jp=1 |j3=1

1A oAl 3
J2#i1 13#i1
i3#i2

153535 b J = (R [ Ay

i=101=1 jo=1 j3=1 js4=1
1A JeA j3#A ia#
j2#i1 I3#i1 a#Fi1

i3#i2  ia#i2

ja#i3
X (rizjs - nTl_’L) (r”“ )) llzl Izzl ( izig ! 1)4
i2#i1
+Zm: Zm: Zm: Zmll(jl#izor j2 #11)

ig=1 | =1

e((2-775) (B-775))
+a3 3 3 (- ) (B - ) (2 - 59)

=1 j1=1]
1

i1=1 ip=1 j=1
oAy J#i1
i#p
1 ) 1 \2/, 1 4 2 5
+ E(( iz 1)(ri1j Cn— 1) (riZj B n—1)))} = - +om*/n°
=0 +0+3m@n~*+0(n™®) +0+0+ O(n™%
2
+m24n~ + 0(%)) + mo(n~4) — 4nﬂ4 + O(m%/n®)
= O(m/n).
(2.33)

We get the last equality by (2.30), (2.31) and the method in (2.26). Thus

EJ, = O(mY?/n?). (2.34)

Similarly, we have

L)

n2

<$i{i(a——

(- 2 -2 )

I

Ma

=1

(Z{.

= O(m/n%).



26 Y. Chen and Q.-M. Shao

Thus
EJ, = O(mY?/n?). (2.35)

Noting that ch,m = O(n/m), we prove (2.18) by (2.32), (2.34) and (2.35). O
Proof of (2.19) We estimate the forth moment of A. We have

=g
= o(n/m"E( 3 (2 - n%l)f
=2
i i .
+O((n/m) )E(Z (rf*j ~ nT1)) . (2.36)

I
N

Following the same argument asin (2.33), we have
m 1 4
(3 (5 -72)

= i E(rd - - - 1)4 (2.37)

j1=2 =2 j3=2
io#i1 I3#i1
137512

m m

1 ) 1
XYY E((rf — =) (F. - =)
j1=2 i2=2 j3=2 j4=2

i2#i1 i3#i1  laFi

i3#l2  la#i2
i4#i3

< (- ) (B - 200)
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=mO(™* +0+0M)HOMN 4 +0+0

=0m?n%. (2.39)
Similarly,
E(Z(r2 1 ))4= om?n=% (2.39)
]_=2 1*1 n— 1 . .
Thisproves EA* = O(m~2) by (2.36)«(2.39), and hence (2.19) holds. O

Proof of (2.20) and (2.21) Similarly to (2.36), we have

E(AY 20 = 0((n/m)4>E((§;(r.2,- . ED)
j=1
4 J#'m . \
+O((n/m) )E((Z (rﬁj - nTl)) %,). (2.40)
j=1
1#l

Let the right hand side of (2.40) be A. From the proof of (2.19) we see that (2.21)
holds.
Consider the variance of thefirst term of A. Note that

(=2 062 )= 6 - ) )

=E(<E<<§<ra-—nil»“%))z—(E(g(ra—n:))“f
-=(2, (s >><z< 2

- ZIE(Z (- 20) (2 (29
(3 (- ) B ()]
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1 m m 5 1 4 m ) 1 4
e 2 Z{ (X (- 779) E (2e-777)))
=t o 1
m m
(X (- 7)) B2 (B 729)) )
o iz

= O(%) (A4—4 +A131+A122+A1211+ A4-1111
+ A31-31+ A31-22+A31-211+A31-1111+ A2 22+ A2 211
+A22-1111+ A211-211+ A2z1a-1111+ A1,1,1,171,1,1,1)
+ 0(1)(54—4 +Bs31+Bs22+Ba211+Bs1111
+Bg131+B3122+B3z1211+B3g1-1111+B2222+B22 211

+B22-1111+B211-211+Bo11-1111+ E'>1,1,1,1—1,1,1,1),

where

Aaygy, 312 —621 322

_3 3 Y S (- ) - )

j11=1 J12=1 jo1=1 jx=1
juA A jaA J#A
j12#i11 i22#i21

x (IJZl 1 azl(llzz 11)a22"‘)
- E((r|2J11 : l)all (rlzjlz %)aﬁ o )

(2 - nTll)aﬂ(ra-zz )

By, b12 *b21 boo...

S 3 S 3 (e ) (e )

=1 ji2=1 j;1=1 jpo=1
1Al J12A1 jar#o  j22#2
j12#11 i22#i21

X (rizzjzl - ﬁ)bﬂ (rizzjzz - %)bzz ) )
- E((rizljll - %)bﬂ (ri211'12 o n_il)blz ) )

(B ) (B ) )
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for iy # i2. Since there are m? terms in A4_4 and every term is of order
O(n—ls), As_g4 = O( ) Any term in A4_31 iS zero if jp» is not equal to either

i or j11, thus there are O(m?) nonzero termsin Agz1and Ag31 = O(Fg). By
Similar arguments all the A-type terms are of order O(ﬂ:;) and all the B-type terms
are of order O( ) except Bo11-21.1a0d B1,1,1,1-1.1,1.1. Similarly,

oer1-211.= 0T ) + omte((h - ) (- )
(E ) (B ) (B ) (B 779))
=o(%)
or1s1101 = 0((g) + 0 (ra - 25 (s ) (s~ )

x (116 - 7)(”3_ nil)(rz“_ nil)
(s~ 51) (25~ 127))

X
3
m
=0(7g)
Therefore, the variance of thefirst term of A is O( %) and so is the variance of the
second term. Hence (2.20) holds. |

Proof of (2.22) Following the proof of (2.20) gives EA® = O(m~*). Thus
E(W| + DIA]P < (EQA+ IWDHYZ(EASY2 = o(m™3/?),

as desired. O
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Chapter 3
Clubbed Binomial Approximation
for the Lightbulb Process

Larry Goldstein and Aihua Xia

Abstract In the so called lightbulb process, on daysr = 1, ..., n, out of n light-
bulbs, all initially off, exactly r bulbs selected uniformly and independent of the past
have their status changed from off to on, or vice versa. With W}, the number of bulbs
on at the terminal time n and Cj, a suitable clubbed binomial distribution,

drv (Wh, Cp) < 2.7314/ne” "D/2 forall n > 1.

The result is shown using Stein’s method.

3.1 Introduction

The lightbulb process introduced by Rao, Rao and Zhang [3] was motivated by a
pharmaceutical study of the effect of dermal patches designed to activate targeted
receptors. An active receptor will become inactive, and an inactive one active, if it
receives a dose of medicine released from the dermal patch. On each of n successive
daysr = 1,...,n of the study, exactly r randomly selected receptors will each
receive one dose of medicine from the patch, thus changing, or toggling, their status
between the active and inactive states. We adopt the more colorful language of [3],
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where receptors are represented by lightbulbs that are being toggled between their
on and off states.

Some fundamental properties of W, the number of light bulbs on at the end
of day n, were derived in [3]. For instance, Proposition 2 of [3] shows that when
n(n + 1)/2 = 0mod2, or, equivalently, when nmod4 € {0, 3}, the support of W, is
a set of even integers up to n, and that otherwise the support of W, is a set of odd
integers up to n. Further, in [3], the mean and variance of W, were computed, and
based on numerical computations, an approximation of the distribution of Wj, by the
‘clubbed’ binomial distribution was suggested.

To describe the clubbed binomial, let Z,, be a binomial Bin(n — 1, 1/2) random
variable, and fori € Z let m;* = P(Zy = i), that is

P NG (%)W1 fori =0,1,...,n—1,
' 0 otherwise.

Let L1n and Lo n denote the set of all odd and even numbers in {0,1,...,n},
respectively. Define, form =0, 1,

m ]Ti*fl+ni*’ | € Lm,n,
0, i &Lmn.

Summing binomial coefficients using ‘Pascal’s triangle’ yields

o {(()?) B <o o
, [ mn-

We say that the random variable Cmy has the clubbed binomial distribution if
P(Cmn = i) = x" fori € Lmn. In words, the clubbed binomial distribution
is formed by combining two adjacent cells of the binomial.

It was observed in [3] that the clubbed binomial distribution appeared to approxi-
mate the lightbulb distribution W, exponentially well. Here we make that observation
rigorous by supplying an exponentially decaying bound in total variation. First, recall
that if Xand Y are two random variables with distributions supported on Z, then the
total variation distance between (the laws of) Xand Y, denoted drv (X, Y), isgiven by

drv(X,Y) = sup [P(X € A) — P(Y € A)|. (3.2)
ACZ

Theorem 3.1 Let W, be the total number of bulbs on at the terminal time in the
lightbulb process of size n and let C, = Ciyyn Where m = 0 for nmod4 € {0, 3} and
m = 1 for nmod4 € {1, 2}. Then

drv (Wi, Cn) < 2.7314/ne” D73,
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In particular, the approximation error is less than 1% for n > 21 and less than
0.1% for n > 28.

A Berry-Esseen bound in the Kolmogorov metric of order 1/./n for the distance
between the standardized value of W}, and the unit normal was derived in [2]. The
lighbulb chain was also studied in [4], and served there as a basis for the exploration
of the more general class of Markov chains of multinomial type. One feature of such
chains is their easily obtainable spectral decomposition, which informed the analysis
in [2]. In contrast, here we demonstrate the exponential bound in total variation using
only simple properties of the lightbulb process.

After formalizing the framework for the lightbulb process in the next section,
we prove Theorem 1 by Stein’s method. In particular, we develop a Stein operator
g7 for the clubbed binomial distribution and obtain bounds on the solution f of
the associated Stein equation. The exponentially small distance between W, and the
clubbed binomial C,, can then be seen to be a consequence of the vanishing of the
expectation of o7 f except on a set of exponentially small probability.

3.2 The Lightbulb Process

We now more formally describe the lightbulb process. With n € N fixed we will
let X = {X;k : r =0,1,...,n,k = 1,...,n} denote a collection of Bernoulli
variables. Forr > 1 these ‘switch’ or ‘toggle’ variables have the interpretation that

1 if the status of bulb k is changed at stage r,

Krk = [O otherwise.

We take the initial state of the bulbs to be given deterministically by setting the
switch variables {Xok, k = 1, ..., n} equal to zero, that is, all bulbs begin in the
off position. At stage r forr = 1, ..., n, r of the n bulbs are chosen uniformly to
have their status changed, with different stages mutually independent. Hence, with
€1, ..., ey € {0, 1}, the joint distribution of X;1, ..., X;p is given by

M ifer+ - +en=r,

P(X;1=e, ..., %X = = i
(Xr1 =€y, rn = €n) [o otherwise,

with the collections {X;1, ..., Xyn} independent forr = 1,...,n.
Clearly, at each stage r the variables (X1, ..., X;n) are exchangeable.

Forr,i =1,...,n, the quantity (3>"5_; Xsi) mod 2 is the indicator that bulb i is
on at time r of the lightbulb process, so letting

n n
l; =(Zxri)mod2 and W, =Zli,
i—1

r=0

the variable [ is the indicator that bulb i is on at the terminal time, and W, is the
number of bulbs on at the terminal time.
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The lightbulb process is a special case of a class of multivariate chains studied
in [4], where randomly chosen subsets of n individual particles evolve according to
the same marginal Markov chain. As shown in [4], such chains admit explicit full
spectral decompositions, and in particular, the transition matrices for each stage of
the lightbulb process can be simultaneously diagonalized by a Hadamard matrix.
These properties were applied in [3] for the calculation of the moments needed
to compute the mean and variance of W, and to develop recursions for the exact
distribution, and in [2] for a Berry-Esseen bound of the standardized W, to the
normal.

3.3 Stein Operator

In order to apply Stein’s method, we first develop a Stein equation for the clubbed
binomial distribution Cp n and then present bounds on its solution. With 7, given
by (3.1), let 7™(A) = >y a7y Setax = (N —Xx)(N— 1 —x) and Bx = X(x — 1)
for x € {0, ..., n}. One may easily directly verify the balance equation

ax_amy , = By forx € Lmpn, (3.3)
which gives the generator of the distribution of C , as
o f(X) =ax f(X+2) — Bxf(x),forx € Lmn. (3.4)
For A C Lm,n, we consider the Stein equation
o FA(X) = 1a(X) — 7M(A), X € Lin. (3.5)

For a function g with domain A let ||g|| denote supyc A |9(X)].

Lemma3.1 Form e {0, 1} and A = {r} withr € L n, theunique solution f,™(x)
of (3.5) on Lm n satisfying the boundary condition f™(m) = 0 isgiven, for m <
X< N, X€Lmn, by
mo0,x—-2]NL m
_m 0. x— 210 Lmn)7y form<x<r+2,

Meos Bxy
F00 =1 2m(x, n] N Lm,n)7r" forr +2<x<n oo

ﬂxﬂ;n

Furthermore, for all A C Lmn, fA'(X) = > ca fM(X) isasolution of (3.5) and
satisfies

2.7314

A < =D forn> 1.

Lemma 3.1 is proved in Sect. 3.4.
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Applying Lemma 3.1, we now prove our main result.

Proof of Theorem 3.1 Fix m € {0,1} and A C Lmn, and let f := f,T be the
solution to (3.5). Dropping subscripts, let W = Z{‘zl li, where [; is the indicator
that bulb i is on at the terminal time. For i, j € {1, ..., n}, now with slight abuse of
notation, let W, = W — Ij, and fori # j set Wij = W — Ij — Ij. Then

n
EN—W)(n—1—W)f(W+2) = EZ(l— (N —1—W)f(W +2)
i=1
=ED> (A-1H—1)fWj+2),
i#]
and similarly,

n
EWW-1f(W) =ED> W f(W+1) =E D Iilj f(W+1) = E > Ij1j f(Wj+2).
i=1 i#] i#]
By Proposition 2 of [3], P(W € Lmn) = 1, and hence (3.5) holds upon replacing

x by W. Taking expectation and using the expression for the generator in (3.4),
we obtain

PWeA) —n™A) = Ea f(W) = EZ((l— DA = 15) = 1i15) f (W +2).
i#]
3.7)
Recalling that X is the value of the switch variable at time r for bulb k, let A;j be
the event that the switch variables of the distinct bulbs i and j differ in at least one
stage, that is, let

n

Aij = J1Xri # Xrj). (338)

r=1

Now using (3.7) we obtain

[PWe A —a™A)| = ED (L-1DA—1)—1lilj) f(Wj +2)
i#]

IA

DUE(@—1@— 1)) — 1) (W +2)1a,
i#]

+ D E(@— 1@ = 1)) = lilj) F(W +2)1a
i#]

(3.9)
Note that Ij, I € {0, 1} implies
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Q=1)A =1Lz, =0=1iljlz,,
and hence for the first term in (3.9) we obtain the absolute value of
Z((l— D@ = 1) = 1i1j) FOM] +2)1p,
i#]

= > (@ = 1)@= 1)) = 1ilj) FOWj +2)La =1 (3.10)
i#]

For a given pair i,j, on the event A;j let t be any index for which X # Xy, and
let X' be the collection of switch variables given by

xrkr#tv
xii _ ) Xeer =tk jl,
kT Xi r=t,k=1],
XUI’:t,k:i.

In other words, in stage t, the unequal switch variables X and Xt;j are interchanged,
and all other variables are left unchanged. Let I, 'I'be the status of bulb kat the termlnal

time when applying switch variables X'1 | and 5|m|IarIy set V\/i ! Zk i, Ik Note
that as the status of both bulbs i and j are toggled upon interchanglng the|r stage t
switch variables, and all other variables are unaffected, we obtain

U =1-n 1) =1-1; and W) =w.
In particular, I; = 1 if and only if Ii” = I}j, and, with AH as in (3.8) with X'rJk

replacing Xk, we have additionally that 'j = Ajj. Further, by exchangeability we
have .Z(X) = £ (X'1). Therefore,

EA—-1)A = 1) W) +2)1a;.0=1
=E1- 1)@ -1])fw/ +2)1 ALy
= Elilj f(Wj +2)1a;.1=15
showing, by (3.10), that the first term in (3.9) is zero. Therefore,
IP(W e A) —x™(A)

< %;5((1_ (@ — 1)) = 1ilj) FWj +2)Lag | < ||f||§p(Aicj)
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As AT is the event that the switch variables of i and j are equal in every stage,
recalling that these variables are independent over stages we obtain

n

Py =11

r=1
3 13[ (1 2 —r2)>
_rzl nin—1)

2
< e D Srar—r?) _ —(n+1)/3

rec —D+mnM-r)(n—=1-r)
nin—1)

Hence, by Lemma 3.1,

2.7314
PWe A —7™(A)| < —————n(n — 1e" D73 = 2 7314, /ne- D73,
[PW e A) —7M(A) Jan—p"" D Vn
Taking supremum over A and applying definition (3.2) completes the proof. O

3.4 Boundson the Stein Equation

In this section we present the proof of Lemma 3.1.

Proof Let m € {0, 1} be fixed. First, the equalities f (m) = 0 and

_ m
f(x+2)=1A(X) A + A TO0 fom<x<n—-2,Xx€Llmn
Qax

specify f(x) on Lm n uniquely, hence the solution to (3.5) satisfying the given boun-
dary condition is unique.

Next, with r € Lmn, we verify that f™(x) given by (3.6) solves (3.5) with
A= {r}; that f™(m) = 0is given. Form < X <1, X € Lmn, applying the balance
equation (3.3) to obtain the second equality, we have

x frm(x + 2) - /3X frm(x)
( 7™([0, x] N Lm,n)n;‘“) ( 7™([0, X — 2] N Lm,n)nrm)
=oax| — —Bx | —

ﬂx+277>:n+2 Bxmy

™[0, X] N Lm,n)7™ ™[0, x — 2] N Lm,n)7™
=0x\— m —Bx\— m
axTy Bxy

__._m
= - .
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If x =r then
ay fM(x +2) — B fM(X)
(nm([r +2.n]N Lm,n)nrm) (—nm([o, r—2In Lm,n)nrm)
= - Br

Pr +27TI’”—1|-2 Br ™
JTm([I’ —+ 2, n] n Lm’n)T[rm /3 —T[m([o, r— 2] N Lmyn)ﬂrm
= —
' armm ' BraMm

=a"([r +2,n]NLmn) + 770, r —2]NLmp) =1—7".
If X > r then

ay (X +2) — By £M(%)

— ﬂm([X + 2, n] N Lm,n)ﬂ'rn _ IB (T[m([x, n] N Lm’n)ﬂrm)
o ,3x+277;n+2 X Bxmy!

(nm([x +2,nN Lm,n)nrm) (nm([x, niN Lm,n)rrrm)
= Ux - ﬂX

ﬂxﬁ;(n

(xij)r(n

_ m
= -7 .

Hence f™(x) solves (3.5).
Next, to consider the solution of (3.5) more generally for A C Ly nandx € Lyn,
letting

Umyx == [0, X — 2] ﬂ Lm’n and UTEI:'I,X = Lm’n \ Um,X,
we may write (3.6) more compactly as

frm(x) =

(nm(U,%‘X)JTm({r} NUmx) — JTm(Um,x)ﬂ'm({r} N Ur%,x)) .

ﬂxﬂ)r(n

By linearity, the solution of (3.5) for A C Lmn is given by f2'(m) = 0, and for
X >m,X € Lmn, by

f;\n(X) = (nm(U[%’X)JTm(Aﬂ Um’x) — nm(Um’x)ﬂm(Am UI’?"I,X))

ﬂxﬂ)r(n

(cf [1], p. 7), and so, for all X € L.n,

ﬂm(Um,x)”m(Uﬁq x) < f,&n(x) <

m UC m U ,
ﬂxﬂ)r(n N ﬂxn)r(-nn ( m’x)n’ ( m,x)

or that

[fA00] < 7" (Um)m MU ) (3.11)

1
lng.[)r(n



3 Clubbed Binomial Approximation for the Lightbulb Process 39

Since fm(m) = 0 and the upper bound of Lemma 3.1 reducesto co if 0 < n < 1,
we only need to bound f2'(x) for n > 2 and x > 2. Direct computatlon using
(3.11) glves 1f2(2)| < 1/4 forn = 2, |f°(2)| < 1/8 and |fA(3)] < 1/8 for
n=3, Q2] = |f2(4)| < 7/96 and | f(3)] < 1/12 for n = 4. Therefore, it
remains to prove Lemma 3.1 for n > 5.

Noting that for x > J + 1 we have gx > (5 +1) 5, and for x < J + 1 that
ax—2 = (N—X+2)(n—x+1) > (3 + 1) 3, using (3.3), we obtain from (3.11) that

" Um0m"Unpd 1 2 Unpor U ifx >0 41

TR < Pxx! (2+1)5 ™ ’
”m(Um,X)nm(Ur%,x) < 1 Y (U X)”m(um x) if X < n + 1

ax-27y.p RCESY] o 2 ’

(3.12)
Clearly, fori > x,
a0 [1 ifi =x,
(N=X)--(n— |+1) :

Hence, we can write, fori > x + 2,

ﬁ: (n—x) (n—x—l) . (n—l +l) 'ﬁln—X—y‘ (3.13)
b X+1 X+2 y=0 X+1+4+y
Note that as (n — x) /(X + 1) < 1 for x > n/2, the terms in the product (3.13) are
decreasing. In particular,

n—x-— .
<1 forizx.and [] N=X=Y <1 provided x >
X+14+y
0<y<L Y]

(3.14)

NS

—m
T[X

For n even let xs = n/2, and for n odd let xs = (n — 1)/2 when m = O,
and xs = (n + 1)/2 when m = 1. Then, except for the case where m = 0 and
X = (n+ 1)/2, which we deal with separately, we have

ﬂm(Um,x)ﬂm(Ur%,x) = 7Tm(Um,sz—x+2)7Tm(Ur%’zxs_m_z)»

and we may therefore assume X > xs+ 1, andso x > n/2 + 1.
Since for y > /n/2, recalling x > n/2 + 1, we have

n-x-y _n-(3+)- §-%-1_ . JA+3
X+1+Y (14D +1+4 242+ 0424

applying (3.13) and (3.14) we conclude that
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i i
—X—5 -1
am nr3 \ 2 , n
#mg(l—n\/_—Jrﬁ for|>x+L§J+l.
x 2+t2+°7
Hence, applying (3.14) again, here to obtain the second inequality, we have

1 7™Ug
z+)3 =

1 " Al
“Teorl| & Wt X

T
X X
X<i <X+ i eLmn i>x+1 4 J+LieLmn

1 Jn+3 2
MRS (_+1)+Z(1‘2+2+f))

1 n 1
=7 £ + 1+
(ﬂ + 1) n 4 2
2 2 J/N+3
()
S+2+40
2.7314
<—— forn> 1. (3.16)
J/nin—1)

This final inequality is obtained by determining the maximum of the function

Vn(n—1)

uM = F3—7
(z+1)3 | 4 J/n+3 2
1-11- o, /0
7T+

2
by noting g1(n) < 14+ & N % < 2.5forn > 64 and max;<n<es g1 (N) =
01(9) = 2.7313131..
Lastly we handle the situation, wherenisodd,m =0andx = (n+1)/2 =: Xg €
Lo.n, in which case n = 3mod4. In place of (3.15), we have, for y > /n/2,

ooy _n-(F)-F | avon
Xo+1+y (%)+1+J7ﬁ n+3+.n

Since (3.14) is valid for all x > n/2, in view of (3.13) we obtain the bound

J/n
m i—Xo—|%]-1
T 442/n ) z , J/n
— < (1- fori > x -_— 1.
. ( nt3+ o o+ 1L > I+

0
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Using (3.14) again for the first inequality we have

1 nm(Um,Xo)ﬂm(Ur%,xo)

(3+1)3 e

1 T,
. _+
@i 2

) . X .
Xo<i <X0+|_\/Tﬁjs|6|—m.n |>XO+|_\/THJ+1>|ELm,n

()3 (o

S S —
G+Yn |\ 4 = n+3+.n
1 n n+3+./n
=T (£ +1+ —\/_)
(G+1)n\ 4 442N
1.638496535
—— forn>1,
J/an—1)
where the last inequality is from bounding the function
1 n n+34+./n
(3+1n\ 4 4+2yn
n+3+./n

with g2(n) < 3 + = +
02(23) = 1.638496535.

n+2y/n

>

)

) (n—1Vn,

41

(3.17)

< 1.6 for n > 400 and max;<ngage g2(N) =

The result now follows from combining the estimates (3.12), (3.16) and (3.17). O

We remark that a direct argument using Stirling’s formula for the case x = |n/2|
shows that the best order that can be achieved for the estimate of ' is O(n—3/2),
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Chapter 4
Cover age of Random Discs Driven
by a Poisson Point Process

Guo-LieLan, Zhi-Ming Ma and Su-Yong Sun

Abstract Motivated by the study of large-scale wireless sensor networks, in this
paper we discuss the coverage problem that a pre-assigned region is completely
covered by the random discs driven by a homogeneous Poisson point process. We
first derive upper and lower bounds for the coverage probability. We then obtain
necessary and sufficient conditions, in terms of the relation between the radius r
of the discs and the intensity A of the Poisson process, in order that the coverage
probability convergesto 1 or 0 when A tends to infinity. A variation of Stein-Chen
method for compound Poisson approximation iswell used in the proof.

4.1 Introduction and Main Results

Let N = > 8x, be a homogeneous Poisson point process in R? with inten-
sity A. Let B(x,r) be the (open) disc centered at x with radius r. We denote by
€ (x,1r) = J; B(Xi,r)theunion of therandom discs. I nthispaper westudy therela-
tion between A and r in order that a pre-assigned region in R? is covered by €' (1, r).
The model (A, r) isaspecia case of coverage process. A general description of
coverage processwasintroduced in [1] asfollows: Let &2 = {&1, &2, ...} beacount-
able collection of pointsin k-dimensional Euclidean space, and {1, %>, ...} bea
countable collection of non-empty sets. Define§; +.7 tobetheset {& +Xx : X € A }.
Thentheset {& +. : 1 =1, 2, ...} iscalled acoverage process. Here the sequence
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& may be astochastic point process, and {.#; } may be random sets. Our motivation
of considering aforementioned special coverage process arises from the coverage
problem of wireless sensor networks. Sensor networks are widely employed both in
military and civilian applications (see [3] and references therein). A wireless sensor
network consistsof alarge number of sensorswhich are densely deployedinacertain
area. For some reasons (reducing radio interference, limited battery capacity, etc),
thesesensorsaresmall insizeand havevery simple processing and sensing capability.

There are many problems sensor network researchers have to handle. One of the
fundamental problemsis coverage. In the literature there have been various discus-
sions concerning the minimum sensing radius, depending on the numbers of (active)
sensors per unit area, which guarantees that the pre-assigned area is covered in a
limiting performance. Philips, Panwar and Tantawi [10] considered the problem of
covering asquare of area A with randomly located discs whose centers are generated
by atwo-dimensional Poisson point process of density n points per unit area. Suppose
that each Poisson point represents a sensor with sensing radius r which may depend
on n and A. They proved that, for any ¢ > O, if r = /(I +¢)Alnn/zn, then
limn_, o P(square covered) = 1. On the other hand, if r = /(1 — e)Alnn/zn,
then the coverage probability satisfies limp_, o, P(squarecovered) = 0. There-
fore they observed that, to guarantee that the area is covered, a node must have
7[(L+ &)Alnn/zn]n or alittle more than Alnn nearest neighbors (Poisson point
that lies at a distance of r or less from it) on the average. Shakkottai, Srikant and
Shroff [11] studied the coverage of a grid-based unreliable sensor network. They
derived necessary and sufficient conditions for the random grid network to cover a
unit square area. Their result shows that the random grid network asymptotically
coversaunit square areaif and only if pnrﬁ isof theorder (Inn)/n, wherery, isthe
sensing radius and py, isthe probability that a sensor is “active" (not failed).

In this connection we mention that Hall [6] has considered the coverage problem
with the model that discs of radiusr are placed in a unit-area square 2 at a Poisson
intensity of 1. Let V (%, r) denote the vacancy within 2, i.e., V (1, r) isthe area of
uncovered region in 2. It was shown ([6], Theorem 3.11) that

1 .
o ML, (1+ mr22)e ™ <PV, 1) > 0)

< min{1, 31+ 7r22)e " (4.1)
for o > 1 and 0 < r < 1/2. By Hal's result, if A = n and
rm = J/(nn+Inlnn+by)/7n, then limp_ o P(squarecovered) = 1 when

bn — 400, and limn_, - P(square covered) < 19/20 when b, — —oo. However,
it was not clear whether limp_, o, P(sguare covered) = 0 when |b,| = o(Inn) and
by = —o0.

In this paper we shall obtain upper and lower bounds of the coverage probability
(Theorem 4.1). We also obtain necessary and sufficient conditions, in terms of the
relation between r and A, in order that the coverage probability convergesto 1 or 0
when X tends to infinity (Theorem 4.2).

We now introduce our main results. In what follows let A be a unit square.
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Theorem 4.1 With the above notations,

r2)2
(4.2

Theorem 4.2 Suppose that 2 tends to infinity and r depends on A by the relation

_1
4 21.1e7"**
1—(1+8r)\+§nr2x2)e*7”2* <PACEGh,1)) <1—(1+ )

2 (In)»+ln|n)\+b()»))V0. (4.3)
TA
Then
P(AC € (1, 1)) — 1 iff b(h) — +oo0, (4.9
P(AC € (x,1)) — 0 iff b(A) > —o0. (4.5)

Our estimation (4.2) partly improves the previous estimation (4.1) obtained by
Hall. Assertion (4.5) clarifies the above-mentioned question. A detailed comparison
of the two estimations (4.2) and (4.1) will be discussed in Sect. 4.4.

Results similar to Theorem 4.2 appeared first in our previous paper [8], where
the argument was based on Aldous Poisson clumping heuristic (cf. [1]). In this
paper we shall prove Theorem 4.2 with a rigorous argument based on a variation of
Stein-Chen method devel oped by Barbour, Chen and Loh [4] concerning compound
Poisson approximation.

4.2 An Estimation via Compound Poisson Approximation

In this section we shall prepare a useful lemma (see Lemma 4.1) for the estima-
tion of point processes. For the convenience of the reader, we recall first some
results obtained by Barbour, Chen and Loh [4] concerning compound Poisson
approximation.

Definition 4.1 (Barbour, Chen, Loh[4]) Let| beacountableindex set. A non-empty
family of random variables {X,, @ € |} is said to be locally dependent if for each
a € | there exist A, € B, C | witha € A, such that X, is independent of
{Xg:pBeAS}and{Xg: B e A} isindependent of {Xz : B € BS}.

Let A and B be non-empty subsetsof |. The set Bissaid to be alocally dependent
set of { X, : @ € A} if the latter isindependent of {X,, : « € BE}.

Now let {Xq, a € 1} be afamily of locally dependent random variables with
Ppp = PXy = 1) =1—-P(X, =0) > 0. Foreacha € |, let A, bealocaly
dependent set of {X,} and B, be alocally dependent set of {Xz : B € A,}. Define
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W=> Xoo Ya= D Xp, ki= %ZE[Xal(Ya =] i>1 (46

ael BeAy ael

(Here and henceforth 1(-) denotes the indicator function).

Let i bethe degenerate measure on the space of integer numberswithmass1ati.
A compound Poisson distribution with parameter >; 1;;, denoted by Po( >; 4i4;)
isthedistribution of therandom variable > ; iY;, whereY;’sareindependent integer
valued random variablesand Y; has the Poisson distribution with expectation A; (see
[1, 9]). Denote by . (W) the distribution of arandom variable W, and by drv (-, -)
the total variation distance of two probabilities.

Proposition 4.1 ([4], Theorem 8) With the above notations we have

drv (LW), Po( 3 2i81)) <2(LArr) exp (3 2) D D pabs.

ael BeBy

Moreover, ifixi N\ 0asi — oo, then the bound can be improved to

drv (X(W), PO( > )Li(si))

1 1
< t2(0 — :
\2[1%1_2&[4@1—2@)*'” 201 2)»2)”2 > pupy

ael BeBy

Below we shall apply the above results to (stochastic) point processes. We first
invent two concepts dependent set and second order dependent set. Let N be a point
process in some locally compact separable metric space (E, p). We denote again
by p the induced metric on the product space E2. Namely, p((X1, X2), (Y1, Y2)) =
p (X1, X2) 4+ p(y1, y2) for (x1, y1) and (X2, y») in E2. For an arbitrary subset D c E
(or D ¢ E?), D and D will denote its complement and closure, respectively.

Definition 4.2 Let x € E. The dependent set of x related to N, denoted by %y,
is defined as the intersection of al closed sets F such that N(- N F°) is inde-
pendent of N(- N B(x, ¢)) for some ¢ > 0. Denote by & = Uze% 2,. Then

E=1{(X,y): x € E,y € &} (C E?) iscalled the second order dependent set of N.

Lemma4.1is potentially useful in research of point processes.

Lemma 4.1 Suppose that N is a simple point process in E such that p(dx) =
E[N (dx)] isa Radon measure. Let & be the second order dependent set of N. Then
for any bounded Borel set D, there existsa real number 6 < w(D) such that

IP(N(D) = 0) — 7’| < 2¢*P) (& n D?). 4.7)

Proof Let Dp,j be anull array of partitions of D, i.e. D is the disoint union of
Dn.j, 1 < j < nforeach n, the partitions are successive refinements and

Ap=max diamDpj N0 asn — oo. (4.8
i



4 Coverage of Random Discs Driven by a Poisson Point Process 47
Let Hyj = {N(Dp,j) > 1} and Wy = ZT:l 1(Hn,j). Since N is a simple point
process and (D) < oo, we have
W,/ N(D) asn— oo as.
For each n we define the index sets .7, and Fnas
Fa=1{(K, ]): there existsx € Dn, y € Dp j such that y € %]},
Fn=1(,]): there existsx € Dp,j, y € D j such that (x, y) € &}.
Referring to Definition 4.1 and (4.6) we define
1 .
Yok = Z UHn ), Ani= 7 D> E[1(Hn0 - 10k =1)].
itk jeLy k=1
Then by Proposition 4.1 we have
drv (X(Wn)» PO( > )‘n,igi)) < 2exp (Z| )hn,i) Z P(Hn,i)P(Hn j). (4.9
(i»j)e?n
Let6h = > Ani. Thenit follows that
On < Zi i)kn,i = E[Wh] < u(D).
Thus (4.9) implies

|P(W, = 0) — e | < 2¢® Z(i o7, P(HnDP(Hn, ). (4.10)

For each n, we define the sets &, € E2 as
én={z€ E®: p(z. &) < 2An},

where A, is defined by (4.8). It can be showed that Dnj x Dpj S & for each
(i, j) € #n. Applying Markov inequality to (4.10) we obtain

[P(Wh =0) — e | =2e® " P(N(Dn,i) = 1)P(N(Dn j) > 1)

(i,))eSn
< (D) B ‘ .
<2 Z(i,nefn +(Dn,i)1(Dn,j)
_ oo(D) 2 |

_2e/J“ Z(i’j)eynu (Dn’| X Dn,])

<2eM®2%(& N D).
(4.12)
The last “<” holds because al the (Dpj x Dp, j)’s are disioint and contained in
&N D?2. Itiseasy tocheck that &,N D2 N\ £ND?and P(Wy, = 0) \, P(N(D) = 0).
Selecting a subsequence if necessary, we may assumethat 6, — 6. Then6 < u(D)
because 6, < (D) for al n. Therefore (4.7) is obtained by taking limits on both
sides of (4.11). O
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4.3 Proofs of the Main Results

Let N = > 8x, be ahomogeneous Poisson point process in R? with intensity
and € (A, r) = |J; B(X;, r) bedefined asin the beginning of Sect. 4.1 Observe that
the randomly positioned discs divide the plane into random covered and uncovered
regions. For each connected uncovered region, we choose some specia points, which
will be called corners (the terminology ismotivated by [2]), to mark theregion. Thus,
roughly speaking, the unit square Ais covered if thereisno such corner in A. We use
C(x, r) to denote the circle centered at x with radiusr.

Definition 4.3 For two Poisson points Xj and X; with distance not more than 2r,
define the crossing Y;j astheintersection point of C (X, r) and C(Xj, r) whichlies
on the left-hand side of the vector X.—Xj A crossing Yjj iscalled acorner if itisnot
an interior point of athird disc.

In the following, we denote by K = > _ dy;; the point process of crossingsin R2
and by M the point process of al the corners defined as above. It is clear that both
K and M are homogeneous point processes in R2. We denote by Ak and Ay the
intensities of K and M, respectively. In what follows we write a = 7 ? for the area
of adisc with radiusr.

Lemma4.2 We have
Ak =4arland Ay = darle ¥,

Proof For any region S c R?, we denote by |S| the area of S. By the homogeneity
of Kand M, it holdsthat E[K (S)] = Ak |S| and EfM(S)] = Am|S|. We now take a
largenumber|. Set S= B(0,1) and S~ = B(0, | —r). Given the condition that there
aremPoisson pointsin S then the conditional distribution of the m pointsisthe same
as mindependent identically distributed random points with uniform distribution in
S Denoteby X1, - - - , Xm the mPoisson pointsin S, by our definition of K we have

M=

K(S) <

DA(IXi = Xj < 2n),

1)

3

K =>» 1(XieS) Z 1(1X — Xj| < 2r).

i—1 i
Therefore,
E[K(SINGS) = m] <m(m =1 P(X; = X1 < 2) = mm—1)- 3.
EIK(SIN(S = m] >mP(X; € S) - (m— DP(X; — Xj| < 21)
ST 4a (I —=r)? 4a

=mim-1).—

Al .
ERERERAT:
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Since N (S) follows the Poisson distribution with expectation 1|S|, hence

m
(=12 =E[K(SH] < > mm—1)- b we*m'

= ERE
=4a)?|9 = 4ar? - 7l?,
(-n? 4a ASh™ ;g
Ak -2 =E[K(9] = > m(m-1)- = g IS
k-7l =E[K©S] 2 > mm-1) ——- o =
m=0
I —r)2 | —r)2
— 4232 ).|S|=4a)\2-( Lt S

12 12

In the above two inequalities letting | tend to infinity, we get Ak = 4aA?.
Fori # j define the event
Bij = {IXi — Xjl <2rand|Y;j — X¢| >r for dl k=1,2,...,m}.
Then we have

P(Bij) =P(|Xi - Xj| < 2r) . P(Bij||Xi - Xj| < 2r)
2

mi
_fa (1_ i) .
EASE

49

Since M(S7) < 30134 1B and M(S) > I 1% € S) 341

(Bij), it follows that

IS =E[M(S)] < Z E[M(S)|N(S) = m] - P(N(S) = m)
m>0

=> mm-1)- % : (l a )m—Z OIS s

RG] m!

m=0
=4ar%e |9,

IS =E[M(9] = D E[M(S)|N(S) =m]-P(N(S) = m)
m=0
S| 4a a\m-2 AMgm o
(_ﬁ) T ©
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Letting | tend to infinite we conclude that the intensity of M is iy = 4ax?e . O

Lemma4.3 Let N = >; 6x, be a homogeneous Poisson point processin RR? with
intensity A, €'(x,r) = |J; B(Xi,r). For adirected line L in R?, denote by .7
the point process consisting of all the beginning points of connected intervals of L
which are uncovered by €’ (1, r). Then the intensity of .7 (w.r.t. the 1-dim Lebsgue
measureon L) is2r ne~3*,

Proof Without loss of generality weassumeL = R x {0}. Let D = [0, 1] x (—r,T)
for somel large enough. Supposethat there are exactly mPoisson points X1, ..., Xm
inD. Let & betheright end point of thesegment B(X;,r)NL, i =1,...,m. Then

m
A(10.1]) =D 1(Xk ¢ B&.r) for k#i,1<k<m).
i=1

Thus we obtain
a \m-1
E[AL10.1D[N(D) = m] =m(1- )
Therefore,
_ aN™L@ArD™ o _ —a.
E[ZL(0,1D] = Zm(l—m) € =2rale @,
m=0

which shows that the intensity of .7 is2r xe=2*, O

Lemma4.4 Let Abeaunit squareand M bethe point process specified asin Lemma
4.2. Then we have

E[M(A)] = 4ar’e ¥, (4.12)
E[M(A)Z] < E[M(A)]? + (167 + 34)E[M(A)]. (4.13)

Proof Since|A| = 1, hence(4.12) followsdirectly fromLemmad4.2. Inwhat follows
we check (4.13). To thisend we divide the ordered pairs (Y1, Yo) of different corners
in R? into three classes according to the following illustration:

ohesiele

Class| Class|I ClasslII
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Let 2,1 =1, 2, 3, bethenumber of ordered pairsof different cornersin Awhich
belongsto Classes |, Il and I11, respectively. Denote by

P =P+ P+ 3. (4.14)

Then &7 isthe total number of ordered pairs of different cornersin A.
It iseasy to check that &2 = M(A)[M(A) — 1]. Thus

M(A)? = 2 + M(A). (4.15)
Note that almost surely each corner belongs to at most one pair in Class|. Thus
E[Z1] < EIM(A)]. (4.16)

For x € R2, we denote by 2, the number of pairsin Class I onthecircle C(x, r).
Thenwehave 22, < in Px; » where X; runsover al Poisson pointsin A. Applying
the theory of Palm distributions (cf. [12], p. 119, (4.4.3)), we have

E[Z,] < / E[Zx]1rdXx = Ap, (4.17)
A

where p = E[ %], which isinterpreted as the expected number of pairsin Class |l
onthecircle C(x, r) conditioned on that x is a Poisson point. The value of E[ 2] is
independent of x because the underlying Poisson process is homogeneous.
Conditioned on that x is aPoisson point, wewrite Ny = N(B(X, 2r) \ {x}). (The
rigorous meaning of Ny will involvethe theory of Palm distributions, werefer to e.g.
[7, 12] for the details of the theory). Given the condition that Ny = m, the Poisson
points Xi, ..., Xm in B(x, 2r) \ {x} are independent random points uniformly
distributed on B(x, 2r). Let Z; and Z] be the crossings produced by C(x, r) and

C(Xj, r), inthemanner that Z; lieson theleft-hand side of thevectorm and Z{ on
the right-hand side. It is clear that {Z, ..., Zm} ae mindependent random points
with the uniform distribution on C(x, r), and so are the Z{’s.

Note that the pairs (Zi, Zj)., (Z{, Zj), (Zi, Z]) and (Z/, Z}) are dl in Class
Il fori # j (while (Z;, Z{) isin Class ), provided they are corners. If we define
the events Uij = {Z;, Zj are corners}, 'Uij = {Z{, Zj are corners} and Uf; =
{Zi, Z} are cor ners}, /Ui’j =1{Z!, Z] ar e cor ner s}, then we have

m
@X :z
i=1

One can check that

> (1 + 10U + 1) + 10U (4.18)
A

P(Uij) =P(Xk ¢ B(Zi,r)UB(Zj,r) forke{1,....m}\{i,j})
=E[1- |B(Z1.1) UB(Zz. 1)/ (4a)|" 2.
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Itisclear that theangleo = ZjxZ; isuniformly distributed on [0, ] and the area

|B(Zi,r)UB(Zj,r)| dependsonly onc. Letuswrite F (o) = |B(Z1,1)UB(Z2,T1)|.
It can be calculated that F («) = r2(m + « + sina). Therefore,

P(Uij) = /0 ! [1- F()/(4a)]™ *da. (4.19)
By a similar argument one can check that
P(Uij) = P(U];) = P(U[)) = P(Uj)). (4.20)
From (4.18) to (4.20) it follows that
E[ZxINx = m] = 4m(m — 1) /Oﬂ [1- F(@)/4a)]™ da.

Since Ny follows the Poisson distribution with expectation 4ax, hence

m T
p=E7= Y e amm- 1) / [1- Fe)/@a)]" *da
m=0 m! 0

s
=4 (4a)r)? / e *F@dy
0
s
=64a2A2-/ o2 ratsing) g
0

© 2
<64nr2akz-/ g M Tt gy
0

=64rar - e ¥,
(4.21)
It follows from (4.12), (4.17) and (4.21) that
E[2,] < 64rar’e® = 167E[M(A)]. (4.22)

For each corner Y produced by circlesC(X;, r) and C(Xj, r), denote by MY the
point process consisting of al the corners Y’ which arenot on C(Xi, r) UC(Xj,r).
Then 23 =3y MY (A), where Y runs over al the cornersin A. Usi ng the theory
of Palm distributions (cf. [12], p. 119, (4.4.3)), we have

E[23] = /A sy (AVamdy, (4.23)

where Ly istheintensity of M, uuy(-) = E[MY(-)|y is a corner]. Since MY can be
identical with M on B(y, 2r )¢ and the distribution of M (A\ B(y, 2r)) isindependent
of the event whether y is a corner or not, we have j1y(A \ B(y, 2r)) = E[M (A\
B(y. 2r))] < E[M(A)]. Therefore

uy(A) < E[M(A)] + my(B(y, 2r). (4.24)
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Now we estimate 11y (B(y, 2r)). Conditioned onthat y isacorner, the distribution
of MY is identical with the corner process generated by a homogeneous Poisson
process NY with intensity A1(B(y, r)®) (since no Poisson point in B(y, r)). Let KY
be the point process consisting of all crossings generated by NY. For each crossing
Yin KY, the probability of “Yisacorner” is

P(NY(B(Y,r)) = 0) = e HBY\BY.NDI e—MZS(IY—)’I/ZF)’
where
S(u) = 2arcsinu + 2uy'1 — u?

denotes the area of the difference of two unit discs centered 2u apart. On the other
hand, since E[NY (dx)] < E[N(dx)] for al x € R?, we have

E[KY(dx)] < E[K (dX)] = 4ar2dx.

Thus
iy (B2 = [ eI )
B(y,2r)
< Aa)2e M PS(x=y1/20) gy
B(y,2r)
2w p2r
= / / 4a)2se M *S(8/20 gsdp
o Jo
1 2
:32nr2axz/ ue M-Sy,
0
Now,

S(u) = 2u(utarcsinu +v/1 — u?) > 2uarcsinl = ru,

sinceularcsinu + +/1 — u? isdecreasing on (0,1). Therefore
1
1y (B(y, 2r)) < 32a%)? / ue"¥du < 32.
0
Since E[M (A)] = Awm, it follows from (4.23) and (4.24) that

E[Z3] < EIM(A)]? + 32E[M (A)]. (4.25)

Then (4.13) follows from (4.14), (4.15), (4.16), (4.22) and (4.25). |

Proof of Theorem 4.1 Let L = |Ji_; L; be the boundary of A, where L;,i =
1, 2, 3, 4 denote the edges. Then A € €(A,r) iff L € €(A,r) and M(A) = 0.
Therefore,
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PACE(, 1) =1-PL Z €, 1) —PL S E,r), M(A) >0). (4.26)

Let usendow each L; adirection suchthat L can beregarded asaloop when following
these directions (see Fig. (a). Let .# (L) be the number of beginnings of uncovered
interval on the loop L thick dotsin Fig. (b) and xg be afixed point on L.

Fig.() LZ (A7) Fig.(b) L C €(A,r), M(A) > 0

With the notation in Lemma 4.4, we have .# (L) = Zi4=1 41, (Li). Moreover,
{Lgzo.n}={rL=1J{Lnzn.r =0}
={rsL) =1} J{o¢zn.n}
Using Lemma 4.4, we have

P(L £ €(x, 1)) <4P(A;(Li) =2 1) +P(xg ¢ € (&, 1))
SAE[A; (Li)] + P(N(B(xo, 1)) = 0) (4.27)
=8rre ¥ 4 e,

Note that (L € Z(A,r), M(A) > 0} = (L C Z(.,r), M(A) > 3} [See
Fig. 4.1(b)]. Thus

P(L €€, 1), M(A) > 0) < P(M(A) > 3) < %E[M(A)] = gaxze—ak.
(4.28)
Combining (4.26)—(4.28) we derive

4
PACE(,r)>1—e —8rre @ — éaxze_“.

Hence we have proved the lower bound in (4.2).
We now prove the upper bound. By the Cauchy-Schwarz inequality,

E[M(A) - LM(A) > 0)]° < E[M(A?] - P(M(A) > 0),

which shows that P(M(A) > 0) > E[M(A)]2/E[M(A)?]. Thus
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P(M(A) = 0) < 1 - E[M(A)?/E[M(A)?].

Using (4.13) we obtain

(4.29)

167 + 34\
PAASE (1) <PMA) =0) S 1— |1+ 7
(AC€0.1)) < P(M(A) = 0) (+E[M(A)])

Hence the upper bound follows, since E[M (A)] = 4ax2e~? and (167 + 34)/4 <
21.1. O

Before providing the proof of Theorem 4.2, let us prove a useful lemma. In the
following wewrite M = M, _, whenitisnecessary to indicate the intensity of N and
theradii of the discs.

Lemma4.5 Supposethatr =r (1) dependson A. When A tendsto infinity, we have

P(M)L’r()h)(A) = 0) -0 iff E[Mx,r(x)(A)] —> OQ.

Proof If E[My.r()(A)] — oo, then it follows from (4.29) that P(M,, 1 ) (A) = 0)

— 0.

Now we suppose P(MM(A)(A) = 0) — 0. Then it is necessary that r () — 0.
Otherwise one can take a sequence {(An, r (An)) : N > 1} such that A, — oo and
r(in) =68 > 0. Then

P(Mi.r ) (A) = 0) = P(A S €' (An. T (An)) = P(A C € (3n, 8) = 1,

which contradicts the assumption that P(M, ;) (A) = 0) — 0. By Definition 4.2
one can check that the dependent set of x related to My, r ) Is Px = B(x, 2r). Then
the second order dependent set for My ;) is
&={(x,y) | x e R% y e B(x,4n)}.
By Lemma4.1, for each  there existsa® = 6(1) < E[M;, ;1) (A)] such that
IP(Myr ) (A) = 0) — e | < 24P p2(5 N A?), (4.30)

where ,bL(dX) = EM)hr()L)(dX).
Note that | A] = 1impliesthat u(dx) = Amdx = u(A)dx. Therefore

p2(E& N A% = [,L(A)Z/ |B(x, 4r) N Aldx < 167121 (A)?, (4.31)
A

from which we assert £ (A) = E[M“(A)(A)] — 00. Otherwise, there would exist
asequence {(An, r (An)) : N > 1} such that un(A) = E[My,.r ) (A1 = o < 00
when n tends to infinity. Then by (4.31) we would have u?(& N A?>) — 0
because r (o) — 0. Taking limits on both sides of (4.30), we would have
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e~ ?n) — 0, and hence E[M;,, r () (A)] = 8(An) — oo, contradicting the assump-
tion that E[My,, r 6., (A)] — po. Therefore P(M; r1)(A) = 0) — 0 implies
E[Miro)(A] = .

o

Remark Using (4.29) it is easy to check that
P(Myr ) (A) =0) - 1 <= E[M; ;) (A)] — 0.
Proof of Theorem4.2 By (4.3) wehaveb = ax — InA — InIn A, therefore
ar=b+Inxi+Inlna, e =@Iny) e ®, (4.32)
(i) Weshall proveb — +00 = P(A C (A, r)) — 1. By Theorem 4.1,

4 4/InlnxA+b 8r 1
PACEO ) >1l-e?| -+ (——— )+ — 4+ —
(AST.1) © [ + ( InA )+InA Alna

5+ 3 ] . (433)

Suppose r < 1. Then it follows from (4.33) that P(A € €(A,r)) — 1las
b — +o00. Otherwise, replacingr by r A 1, we have

PACE (1)) ZPASE(R, ) > 1

(ii) Now we proveb — —oco = P(A C €' (A,r)) — 0. From (4.32) it follows that

E[M(A)] = danle @ — 4e‘b(1+ InlnA b )

— 4.34
Inx +Inx ( )

We first suppose b > —Inlni. Then (4.34) shows that E[M(A)] — 400 as
b — —oo. Consequently, it follows from (4.29) that P(A € €' (r,r)) — 0. In
other situations, wereplaceb by bv (—Inln i), namely, replacer by r v p, where
o = /InA/7x. Thenit follows that

P(AC €, 1) < P(ACE(,rVvp) — 0.

(i) NowsupposeP(A € €'(x,r)) — 1. Thenfrom(4.29)itfollowsthat E[M(A)] —
0. Thusby (4.34) we have either b — 4-o0 or b/ InA — —1. However, the latter
would imply b — —o0, and hence by (ii) we would have P(A € €' (A, 1)) — O,
which contradicts the assumption. Thereforeb — +occ.

(iv) Suppose P(A € %' (A,r)) — 0. By (4.26) we have

P(AC € (1)) = P(M(A) =0) —P(L £ € (%1)). (4.35)
It follows from (4.27) and (4.32) that

P(ng%(x,r))ge—b( & = )

i 4.36
InA+kInA ( )
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By the assumption that P(A € €' (A,r)) — Owehaveobviouslyr — 0. Now we
can clamb — —oo. Otherwise, there would exist a sequence #Z = {(An,n) :
n > 1} suchthatb — B € (—o0, +o00]aong %. Thenfrom (4.36) wewould have
P(L € € (i, 1)) — 0aong Z. Consequently, (4.35) would imply P(M(A) =
0) — 0along #, and hence by Lemma 4.5 we would have E[M(A)] — oo
along Z. However, by (4.34) we should have E[M (A)] — 4e™# € [0, co) along
%, which makes contradiction. The proof of Theorem 4.2 is completed. O

4.4 Comparisons Between the Estimations (4.1) and (4.2)

In this section we make some numerical comparisons between the two estimations
(4.1) and (4.2). Note that with the notations of (4.1) and (4.2), we have

P(AC €1, 1) =1—P(V(ir) > 0).
Thus our estimation (4.2) can be equivalently written as

21.1e?*
axr2

-1
4
Lo(A,T) = (1+ ) SPVG.N) > 0) < (148 + zarde ™.

The following figures illustrate the estimations of the lower bound of P(V
(A, r) > 0O)ymade by (4.1) (dotted line) and by (4.2) (solid line), respectively.

Lower bound 1. Lower bound
1 -
0.8
0.8
06 ] 0.6 1
p P
04 1 0.4
0.2 0.2
0
0.02 0.04 0.06 0.08 01 0.12 0.14 0.16 0.18 0.2 001 002 003 004 005 006 0.07
r r
@ (b)

Fig.41l aL C(x,r).bL S C(x,r), M(A) >0

From the figures we see that globally our lower bound estimation by (4.2) is
better than the previous one by (4.1). Although the lower bound Lo(2, r) tends to
Oasr — 0, we can ignore it because P(V (A, r) > 0) isdecreasing in r. Indeed,
Lo(x, r) takesitsmaximumatr = p, = (Ax) Y2 if A fixed. Thenforr < p;,

POV (1) > 0) = P(V (3 p3) > 0) > LGk, p3).
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0.05 1 0.05 eeseves

Lower bound , Lower bound
0.04 0.04
0.03 1 0.03
P P
0.02 0.02
0.01 4 0.01
0 0
0.14 0.15 0.16 0.17 0.18 005  0.0540.0560.058 0.06 0.0620.0640.0660.068 0.07
r r
€Y (b)
Fig.4.2 a) = 100. b » = 1000
17 - Upper bound 13 Upper bound
058 ] 0.8 ]
0.6 ] 0.6 ]
P P
0.4 4 0.4 4
0.2 ] 0.2 ]
o ! 0 TR et
0.2 0.056 0.058 0.06 0.062 0.064 0.066 0.068 0.07 0.072

¢

(b)

Fig.4.3 ai = 100. b » = 1000

Thus our lower bound Lo(x, r) can be trivialy improved to Lo(A,r Vv p;), which
isdecreasing in r. Therefore, for r small enough, the lower bound Lo(A, r Vv p;) is
always better than the lower bound of (4.1). However, when r is large, the lower
bound Lo(x, r) will be dlightly worse than that of (4.1) (see Fig. 4.2(a) for » =
100, r € [0.14,0.18] and Fig. 4.2(b) for A = 1000, r € [0.05, 0.07]).

Figure 4.3 for the upper bound of P(V (1, r) > 0) shows that our upper bound
made by (4.2) (solid line) is aways better than that by (4.1) (dotted line).
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Chapter 5
On the Optimality of Stein Factors

Adrian Rollin

Abstract The application of Stein’s method for distributional approximation often
involves so-called Sein factors (also called magic factors) in the bound of the solu-
tions to Stein equations. However, in some cases these factors contain additional
(undesirable) logarithmic terms. It has been shown for many Stein factors that the
known bounds are sharp and thus that these additional logarithmic terms cannot be
avoided in general. However, no probabilistic examples have appeared in the liter-
ature that would show that these terms in the Stein factors are not just unavoidable
artefacts, but that they are there for a good reason. In this article we close this gap by
constructing such examples. This also leads to a new interpretation of the solutions
to Stein equations.

5.1 Introduction

Stein’s method for distributional approximation, introduced in [18], has been used to
obtain bounds on the distance between probability measures for a variety of distrib-
utions in different metrics. There are two main steps involved in the implementation
of the method. The first step is to set up the so-called Sein equation, involving a
Sein operator, and to obtain bounds on its solutions and their derivatives or differ-
ences; this can be done either analytically, as for example in [18], or by means of the
probabilistic method introduced by Barbour [2]. In the second step one then needs
to bound the expectation of a functional of the random variable under consideration.
There are various techniques to do this, such as the local approach by Stein [18],
Chen and Shao [14] or the exchangeable pair coupling by Stein [19]; see [13] for a
unification of these and many other approaches.
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To successfully implement the method, so-called Sein factors play an important
role. In this article we will use the term Stein factor to refer to the asymptotic behav-
iour of the bounds on the solution to the Stein equation as some of the involved para-
meters tend to infinity or zero. Some of the known Stein factors are not satisfactory,
because they contain terms which often lead to non-optimal bounds in applications.
Additional work is then necessary to circumvent this problem; see for example [10].
There are also situations where the solutions can grow exponentially fast, as has been
shown by Barbour et al. [7] and Barbour and Utev [6] for some specific compound
Poisson distributions, which limits the usability of Stein’s method in these cases.

To make matters worse, for many of these Stein factors it has been shown that they
cannot be improved; see [3, 7, 9]. However, these articles do not address the question
whether the problematic Stein factors express a fundamental “flaw” in Stein’s method
or whether there are examples in which these additional terms are truly needed if
Stein’s method is employed to express the distance between the involved probability
distributions in the specific metric.

The purpose of this note is to show that the latter statement is in fact true. We
will present a general method to construct corresponding probability distributions;
this construction not only explains the presence of problematic Stein factors, but also
gives new insight into Stein’s method.

In the next section, we recall the general approach of Stein’s method in the context
of Poisson approximation in total variation. Although in the univariate case the Stein
factors do not contain problematic terms, it will demonstrate the basic construction
of the examples. Then, in the remaining two sections, we apply the construction to
the multivariate Poisson distribution and Poisson point processes, as in these cases
the Stein factors contain a logarithmic term which may lead to non-optimal bounds
in applications.

5.2 An Illustrative Example

In order to explain how to construct examples which illustrate the nature of Stein
factors and also to recall the basic steps of Stein’s method, we start with the Stein—
Chen method for univariate Poisson approximation (see [8]).

Let the total variation distance between two non-negative, integer-valued random
variables W and Z be defined as

drv (Z(W), £(Z)) :== sup |[Eh(W) —Eh(Z)|, (5.1)
he v

where the set 74y consists of all indicator functions on the non-negative integers
Z4 . Assume now that Z ~ Po(A). Stein’s idea is to replace the difference between
the expectations on the right hand side of (6.1) by

E{gh(W + 1) — Wgh(W)},
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where g is the solution to the Stein equation
Aoh(j + 1 —jon()) =h(j) —Eh(2D), |eZ;. (5.2)

The left hand side of (6.2) is an operator that characterises the Poisson distribution;
thatis, for &g(j) :=2g(j +1) — jg(j),

Ea/g(Y) =0forall boundedg <= Y ~Po(}r).

Assume for simplicity that W has the same support as Po(). With (6.2), we can now
write (6.1) as

drv (Z(W), Poh)) = sup [E</ gh(W). (5.3)
€

Sy

It turns out that (5.3) is often easier to bound than (6.1).
Barbour and Eagleson [5] and Barbour et al. [8] showed that, for all functions

h e sy,
[2 1—e*
<1 —, A < , 5.4
lgnll =1 A e lAgh]l < X (5.4)

where ||-|| denotes the supremum norm and Ag(j) := g(j + 1) — g(j). So here,
if one is interested in the asymptotic A — oo, the Stein factors are of order 2 ~1/2 and
171, respectively. With this we have finished the first main step of Stein’s method.

As an example for the second step and also as a motivation for the main part of this
paper, assume that W is a non-negative integer-valued random variable and assume
that 7 is a function such that

E{(W — )g(W)} = E{r(W)Ag(W)} (5.5)

for all bounded functions g; see [11] and [15] for more details on this approach.
To estimate the distance between (W) and the Poisson distribution with mean A,
we simply use (5.3) in connection with (5.5) to obtain

drv (L (W), Po(2)) = sup |#/gn(W)|

he vy
= sup |[E{agh(W + 1) — Wgh(W)}|
hestay
= sup [E{AAGh(W) — (W — 1)gn(W)}| (5.6)
he vy .
= sup [E{(x — 1(W)AGh(W)}]
he vy
<17 Pl wy -,

A
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where for the last step we used (5.4). Thus, (5.6) expresses the dry-distance between
£ (W) and Po(x) in terms of the average fluctuation of ¢ around A. It is not difficult
to show that = A if and only if W ~ Po(}).

Assume now that, for a fixed positive integer k, 7(w) = A + 8k(w), where 8k (w)
is the Kronecker delta, and assume that Wk is a random variable satisfying (5.5) for
this . In this case we can in fact replace the last inequality in (5.6) by an equality to
obtain

drv (£ (W), Po(n)) = P[Wik =K] sup [Agh(K)|. (5.7)
hesv

From Eq. (1.22) of the proof of Lemma 1.1.1 of [8] we see that, for k =[],

sup |Agh(k)| < A7t
he 4y

as A — oo. Thus, (6.7) gives
drv (L (W), Pon)) = P[Wi = kla™? (5.8)

as . — oo. Note that, irrespective of the order of P[Wk = k], the asymptotic (5.8)
makes full use of the second Stein factor of (5.4). To see that .2 (W) in fact exists,
we rewrite (5.5) as EZ«g(Wk) = 0, where

HkY(w) = Zg(w) + k(w) Ag(w)

5.9
= (A + k(W) g(w +1) — (w + dk(w))g(w). 59

Recall from [2], that <7 can be interpreted as the generator of a Markov process;
in our case, as an immigration-death process, with immigration rate A, per capita
death rate 1 and Po()) as its stationary distribution. Likewise, we can interpret %y
as a perturbed immigration-death process with the same transition rates, except in
point k, where the immigration rate is increased to A 4 1 and the per capita death rate
is increased to 1 + 1/k. Thus, -2 (Wk) can be seen as the stationary distribution of
this perturbed process.

If kK = | A], the perturbation of the transition rates at point k is of smaller order
than the transition rates of the corresponding unperturbed immigration-death process
in k. Thus, heuristically, P[Wk = K] is of the same order as the probability Po(x){k}
of the stationary distribution of the unperturbed process, hence P[Wx = k] < A~1/2,
and (5.8) is of order 2=3/2. We omit a rigorous proof of this statement.

Remark 5.1 Note that by rearranging (6.7) we obtain

drv(Z W), £ (2))
P[Wk = K]

sup |Agh(K)] = (5.10)

Sy

for positive k. We can assume without loss of generality that gn(0) = gn(1) for all
test functions h because the value of g, (0) is not determined by (6.2) and can in fact


http://dx.doi.org/10.1007/978-1-4614-1966-2_6
http://dx.doi.org/10.1007/978-1-4614-1966-2_6
http://dx.doi.org/10.1007/978-1-4614-1966-2_6

5 On the Optimality of Stein Factors 65

be arbitrarily chosen. Thus Agn(0) = 0 and, taking the supremum over allk € Z,
we obtain

(5.11)

sup [|Agh| = sup drv (L (W), Z(2))
he Ay k>1 P[Wk = K]

This provides a new interpretation of the bound || Agn|| (a similar statement can be
made for ||gnll, but then with a different family of perturbations), namely as the
ratio of the total variation distance between some very specific perturbed Poisson
distributions and the Poisson distribution, and the probability mass at the location of
these perturbations.

Let us quote [12], p. 98:

Stein’s method may be regarded as a method of constructing certain kinds of identities
which we call Stein identities, and making comparisons between them. In applying the
method to probability approximation we construct two identities, one for the approximating
distribution and the other for the distribution to be approximated. The discrepancy between
the two distributions is then measured by comparing the two Stein identities through the use
of the solution of an equation, called Stein equation. To effect the comparison, bounds on
the solution and its smoothness are used.

Equations (6.15) and (6.16) make this statement precise. They express how certain
elementary deviations from the Stein identity of the approximating distribution will
influence the distance of the resulting distributions in the specific metric, and they
establish a simple link to the properties of the solutions to (6.2). We can thus see W
from (5.5) as a “mixture’ of such perturbations which is what is effectively expressed
by estimate (5.6).

Thus, to understand why in some of the applications the Stein factors are not as
satisfying as in the above Poisson example, we will in the following sections analyse
the corresponding perturbed distributions in the cases of multivariate Poisson and
Poisson point processes.

In order to define the perturbations to obtain an equation of the form (6.7), some
care is needed, though. The attempt to simply add the perturbation as in (5.9), may
lead to an operator that is not interpretable as the generator of a Markov process and
thus the existence of the perturbed distribution would not be guaranteed as easily. It
turns out that with suitable symmetry assumptions we can circumvent this problem.

5.3 Multivariate Poisson Distribution

Letd > 2beaninteger, u = (1, ..., id) € Ri suchthat > uij =1, andletx > 0.
Let Po(A ) be the distribution on Z‘i definedas Po(A ) = PO(Ait1) ®- - -QPO(Aug).
Stein’s method for multivariate Poisson approximation was introduced by Barbour
[2]; but see also [1]. Let ¢ denote ith unit vector. Using the Stein operator
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d d
A9w) = > api{gw + V) — gw)} + D wi{gw — V) — gw)}

i=1 i=1

forw € Z‘i, itis proved in Lemma 3 of [2] that the solution ga to the Stein equation
A ga(w) = Sa(w) — Po(ru){A} for A c 74, satisfies the bound

for any o € RY, where

d
Zaiainng

ihj=1

d 2 d
. [142log™(22) o 2
< = Ny b - 5.12
_mm[ 22 ;Mi’i=lal ( :

Aijgw) == gw + eV + 1) — gw + &) — gw + V) 4 g(w).
Letnowm; = |[Aui| fori =1, ..., d and define
Av={weZ{:0<w <m,0<wy <my). (5.13)
Barbour [3] proved that, if i1, w2 > 0and A > (e/327)(u1 A p2) 2, then

log A
A w)| > c0—— 5.14
| A120p (w)] 200 i (5.14)
for any w with (w1, w2) = (Mg, my). It is in fact not difficult to see from the proof
of (6.20) that this bound also holds for the other quadrants having corner (my, my).

Example 5.1 Assume that W is a random vector having the equilibrium distribution
of the d-dimensional birth-death process with generator

Pk 9(w) = A g(w)

1 1
+ 58K e )[9w + D) — g)] + S8y o @)[gw + @) — gw)]

1 1
+ 50k e ()9 - e®) — gw)] + 50k e ()[g(w — e@) — g(w)]

; Lo Lo 0)
= > (hai + 501008 o0 (W) + 58208 0 (w) [g(w + ) — g(w)]
i=1

g Lo Lo 0
+ (wi + §5l(|)5|<+5(1) (w) + 552(|)5K+£(2)(w)) [g(w —e')) — g(w)],
=1

| (5.15)
where K =(mg, my, ..., mg). Assume further that w1 =2, thus my =my (the
‘symmetry condition’). See Fig. 5.1 for an illustration of this process. As the pertur-
bations are symmetric in the first coordinates the stationary distribution will also be
symmetric in the first two coordinates.

Now, noting that for any bounded g we have E#x g(W) = 0,
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Fig.5.1 Arough illustration of the perturbed process defined by the generator (5.15). Between any
of two connected points on the lattice Zi, we assume the transition dynamics of a unperturbed
immigration-death process, that is, in each coordinate immigration rate Auj and per capita death
rate 1. The arrows symbolise the additional perturbations with respect to the unperturbed
immigration-death process; each arrow indicates an increase by 1/2 of the corresponding transition
rate. The resulting differences of the point probabilities between the equilibrium distributions of the
perturbed and unperturbed processes are indicated by the symbols + and -. The corresponding signs
in each of the quadrants are heuristically obvious, but they can be verified rigorously using the Stein
equation 5.16, and Eq. (2.8) of [3]

E/g(W) = E</g(W) — EZk g(W)

- —%]P’[W =K +e?][g(K +e@ +e®) —g(K + @]

_Z [W —K ~|—€(1)][g(K +eD 4 8(2)) —g(K +S(1))]
(5.16)
P[W = K +e®][g(K) — g(K +®)]

P[W = K +e@][g(K) — g(K +¢@)]

NIFRPN PN

—P[W = K + D] A1,9(K),
where we used P[W = K + e ] =P[W = K + ¢@] for the last equality. Thus

drv (L (W), Po(ip)) = sup |E/gn(W)]

he v

:]P’[W: K +8(1)] sup |A120n(K)|

hesAv

_ P[W=K+eDTlog
B 201 /;1 itz .
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On the other hand, from (5.12) for « = ¢, o = ¢@ and @ = @ + @
respectively, it follows that

(1+2log* 20) (u1 + p2)

|A120h(w)] < it

This yields the upper estimate
drv (L (W), Po(ip)) = P[W = K + D] sup [A120n(K)|
heJtry
(1+2log* 20) (u1 + p2)

<P[W=K +¢&¥] Dtz

and thus we finally have

P[W =K +&®]logx

dTv(f(W), PO(}\.M)) = .

(5.17)

Heuristically, P[W = K +&e®] will be of the order Po(Aup){m} x -+ x
Po(Auq){mg} = A9/2, so that (5.17) will be of order log 1 /21+9/2,

Recalling that the test function (5.13) and also the corresponding test functions
for the other three quadrants are responsible for the logarithmic term in (5.17), we
may conclude a situation as illustrated in Fig. 5.1 for d=2. Different from the one-
dimensional case, where the perturbation moves probability mass from the point of
the perturbation to the rest of the support in a uniform way, the perturbations of the
form (5.15) affect the rest of the support in a non-uniform way. However, further
analysis is needed to find the exact distribution of the probability mass differences
within each of the quadrants.

Note that the perturbation (5.15) is ‘expectation neutral’, that is, Whas also expec-
tation A, which can be seen by using EZg(W) = 0 with the function g; (w) = wj
for each coordinate i.

5.4 Poisson Point Processes

Stein’s method for Poisson point process approximation was derived by Barbour [2]
and Barbour and Brown [4]. They use the Stein operator

AgE) = /r[g(é +80) — 9 [1(da) + /F[g(é —8a) — 9] (da),

where £ is a point configuration on a compact metric space I and A denotes the
mean measure of the process. The most successful approximation results have been
obtained in the so-called dy-metric; see for example [4, 10, 16]. Assume that I is
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equipped with a metric dp which is, for convenience, bounded by 1. Let .# be the
set of functions f:I" — R, satisfying

() — f(y)l <1
x£yel  do(X,y)
Define the metric d; on the set of finite measures on I" as

1 if&(I) # n(@),
(& m=1em)tsup|f fds— [ fdn‘ if&(T) = n().

feF

Let now .7%3 be the set of all functions from the set of finite measures into R satisfying

IhGn) — h®)|
P aen o

We then define for two random measures ® and W on I" the dy-metric as

b2 (ZL(®), L(¥)) := sup |[Eh(P) — Eh(V)|;
hest
for more details on the dy-metric see [8, 17].
For h € J# and gy, solving the Stein equation .<#'gn(¢§) = h(&§) —Po(A)h, Barbour
and Brown [4] proved the uniform bound

5 (217
[AapOnE < 1A m(l +2log (?)) (5.18)

where |A| denotes the L1-norm of A and where

Aup9(§) =9 + 80 +38p) — 9§ +8p) — 9§ + da) + 9(&).

It has been shown by Brown and Xia [9] that the log-term in (5.18) is unavoidable.
However, Brown et al. [10] have shown that it is possible to obtain results without
the log using a non-uniform bound on A,ggh.

Following the construction of [9], assume that I' = SU {a} U {b}, where Sis a
compact metric space, aand b are two additional points with dg(a, b) = dy(b, X) =
do(a, x) = 1 for all x € S. Assume further that the measure A satisfies A({a}) =
A({b}) = 1/|A| (again, the ‘symmetry condition’) and thus A(S) = |A| — 2/|A|. For
ma, My € {0, 1}, define now the test functions

w5 iféfa)) = ma, E(bY) = mp, £ #0,

&( 5.19
0 else. ( )

h) = [
It is shown by direct verification that h € 273. Brown and Xia [9] proved that, for
My = mp = 1, the corresponding solution gy to the Stein equation satisfies the
asymptotic
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Fig.5.2 lllustration of the y
perturbed process defined by ) S
the generator (5.21) using i -
the same conventions as in I
Fig. 5.1. The corresponding P
signs can be obtained
through the Stein

equation 5.22, and the
representation of the solution
of the Stein equation as in
[9], for the different test
functions (5.19)

log |A
| AabGh (0)] = |ng|| (5.20)

as |A| — oo, so that (5.18) is indeed sharp, but it is easy to see from their proof that
(5.20) will hold for the other values of my and my, as well.

Example 5.2 Let I and A be as above with the simplifying assumption that Sis
finite. Let W be a random point measure with equilibrium distribution of a Markov
process with generator

1 1
Po9(§) = F9é) + 5553(5)[9(5 +8b) — 9(5)] + E&sb(é)[g(é +8a) — 9(§)]
1 1
+ 55&(5)[9(5 —8a) —9(6)] + 55813(5)[9(“3 —8p) — 9(&)]
1 1
= /r[g@ +80) = 9@©)](» + 585 (§)0b + 558b(§)5a)(d05)

1 1
+ /F[Q(S —8a) —9®] (5 + 5553(5)351 + E&sb(é)Sb)(da).

(5.21)
See Fig. 5.2 for an illustration of this process.

Note that the situation here is different than in Sect. 5.3. Firstly, we consider
a weaker metric and, secondly, we impose a different structure on 1. Where as in
Sect. 5.3 we assumed that the mean of each coordinate is of the same order |A|,
we assume now that there are two special points a and b with o(|A|) mass attached
to them. Again, in order to obtain a stationary distribution that is symmetric with
respect to a and b, we impose the condition that the immigration rates at the two
coordinates a and b are the same.
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Now, for any bounded function g,
E#/g(V) = E/g(¥) — EZog(¥)
1 1
= —5P[¥ =] [9(6a + 8b) — 9(6)] — SP[W = 8] [9(6b + da) — 9(b)]

1 1
~ 5PV = 8a] [96a) — 9O)] ~ 5P [¥ = 8o] [9(6p) — 90)]

= —P[¥ = 8a] Aang(0),
(5.22)
where we used that P[¥ = 3] = P[¥ = &p] . Thus, using (5.20),

P[¥ = 5] log |1
d2 (L (W), Po(A)) = P[W = 8a] sup [Aapgh(0)] < F1Y = dallog Al
hes# |)L|

Figure 5.2 illustrates the situation for |T"| = 3. If the process ®; is somewhere
on the bottom plane, that is ®(S) = 0, it will most of the times quickly jump
upwards, parallel to the S-axis, before jumping between the parallels, as the immi-
gration rate into Sis far larger than the jump rates between the parallels. Thus, because
of the perturbations, probability mass is moved—as illustrated in Fig. 5.2—not only
between the perturbed points but also between the parallels. Although indicator func-
tions are not in .72, the test functions in (5.19) decay slowly enough to detect this
difference.

Remark5.2 Note again, as in Example 5.1, that the perturbation in the above example
is neutral with respect to the measure A. It is also interesting to compare the total
number of points to a Poisson distribution with mean || in the dry-distance. Note
that (5.22) holds in particular for functions g, which depend only on the number of
points of W. Thus, using (5.3) in combination with (5.22) yields

drv (L (W), Po(|A) = P[¥ = 8a] sup |A%gh(0)] < M,

heﬁfrv |)"|
where A2g(w) = Ag(w + 1) — Ag(w) [which corresponds to the first difference
in (5.4)] and where we used the fact that |A%gn(0)| < |A|~1, again obtained from
the proof of Lemma 1.1.1 of [8]. Thus we have effectively constructed an example,
where the attempt to match not only the number but also the location of the points
introduces an additional factor log || if using the dp-metric.

Acknowledgments The author would like to thank Gesine Reinert and Dominic Schuhmacher for
fruitful discussions and an anonymous referee for helpful comments.
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Chapter 6
Basic Estimates of Stability Rate
for One-Dimensional Diffusions

Mu-Fa Chen

Abstract In the context of one-dimensional diffusions, we present basic estimates
(having the same lower and upper bounds with a factor of 4 only) for four Poincaré-
type (or Hardy-type) inequalities. The derivations of two estimates have been open
problems for quite some time. The bounds provide exponentially ergodic or decay
rates. We refine the bounds and illustrate them with typical examples.

6.1 Introduction

An earlier topic on which Louis Chen studied is Poincaré-type inequalities (see [1,
2]). We now use this chance to introduce in Sect. 6.2 some recent progress on the topic,
especially on one-dimensional diffusions (elliptic operators). The basic estimates of
exponentially ergodic (or decay) rate and the principal eigenvalue in different cases
are presented. Here the term “basic” means that upper and lower bounds are given
by an isoperimetric constant up to a factor four. As a consequence, the criteria for the
positivity of the rate and the eigenvalue are obtained. The proof of the main result is
sketched in Sect. 6.3 The materials given in Sects. 6.4, 6.5, and Appendix are new.
In particular, the basic estimates are refined in Sect. 6.4 and the results are illustrated
through examples in Sect. 6.5. The coincidence of the exponentially decay rate and
the corresponding principal eigenvalue is proven in the Appendix for a large class of
symmetric Markov processes.
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6.2 TheMain Result and Motivation

6.2.1 Two Types of Exponential Convergence

Let us recall two types of exponential convergence often studied for Markov
processes. Let P (X, -) be a transition probability on a measurable state space (E, &)
with stationary distribution . Then the process is called exponentially ergodic if
there exists a constant ¢ > 0 and a function c(x) such that

[Pr(X, ) — mlvar < C(x)e™',  t>0, xeE. (6.1)

Denote by emax be the maximal rate e. For convenience, in what follows, we allow
emax = 0. Next, let L2(xr) be the real L2(xr)-space with inner product (-, -) and
norm || - || respectively, and denote by {P;}t>0 the semigroup of the process. Then
the process is called to have L2-exponential convergence if there exists some 7 (> 0)
such that

IPf =D <IIf —m(Hlle™, t=>0, fel?@), (6.2)
where () = fE fdz. It is known that nmax is described by A1:
A =inf{(f, —L): f € 2(L), n(f) =0, || =1}, (6.3)

where L is the generator with domain 2 (L) of the semigroup in L2(xr). Even though
the topologies for these two types of exponential convergence are rather different,
but we do have the following result.

Theorem 6.1(Chen|[3,6]) For areversibleMarkov processwith symmetric measure
7, if with respect to 7, the transition probability has a density p;(x, y) having the
property that the diagonal elements ps(-, -) € Lllo/cz(rr) for somes > 0, and a set of
bounded functionswith compact supportisdensein L2(xr), then we have emax = A1.

As an immediate consequence of the theorem, we obtain some criterion for A1 > 0
in terms of the known criterion for emax > 0. In our recent study, we go to the opposite
direction: estimating emax in terms of the spectral theory.

We are also going to handle with the non-ergodic case in which (6.2) becomes
n((Pf)?) < pu(f2)e®",  t=0, fel?w), (6.4)
where w is the invariant measure of the process. Then nmax becomes
ro=inf{—pu(fLF): f %, u(f?) =1}, (6.5)

where % is a suitable core of the generator, the smooth functions with compact
support for instance in the context of diffusions. However, the totally variational
norm in (6.1) may be meaningless unless the process being explosive. Instead of
(6.1), we consider the following exponential convergence:

P(x, K) <c(x, K)e™®, t>0, xeE, K:compact, (6.6)

where for each compact K, c(-, K) is locally p-integrable. Under some mild condi-
tion, we still have emax = Ag. See the Appendix for more details.
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6.2.2 Statement of the Result

We now turn to our main object: one-dimensional diffusions. The state space is
E :=(—M, N) (M, N < o0). Consider an elliptic operator

d? d
L= a(X)d? + b(X)d—X,

where a > 0 on E. Then define a function C(x) as follows:
b
C(x) = -, x € E,
(x) /9 a €

where 6 € E is a reference point. Here and in what follows, the Lebesgue measure
dx is often omitted. It is convenient for us to define two measures . and v as follows.

C(X)

dx, v(dx) = e “Mgx.
ax)

p(dx) =

The first one has different names: speed, or invariant, or symmetrizable measure. The
second one is called scale measure. Note that v is infinite iff the process is recurrent.
By using these measures, the operator L takes a very compact form

d d

L=——
du dv

(ie, Lf =ae(f'e%)) 6.7)
which goes back to a series of papers by Feller, for instance [12].

Consider first the special case that M, N < oo. Then the ergodic case means
that the process has reflection boundaries at —M and N. In analytic language,
we have Neumann boundaries at —M and N: the eigenfunction g of A1 satisfies
g (—=M) = dg'(N) = 0. Otherwise, in the non-ergodic case, one of the boundaries
becomes absorbing. In analytic language, we have Dirichlet boundary at —M (say):
the eigenfunction g of Ag satisfies g(—M) = 0. Let us use codes “D” and “N”,
respectively, to denote the Dirichlet and Neumann boundaries. The corresponding
minimal eigenvalues of —L are listed as follows.

« ANN: Neumann boundaries at —M and N,
« APD: Dirichlet boundaries at —M and N,
« APN: Dirichlet at 0 and Neumann at N,
« AND: Neumann at 0 and Dirichlet at N.

We call them the first non-trivial or the principal eigenvalue. In the last two cases,
setting M =0 is for convenience in comparison with other results to be discussed later
but it is not necessary. Certainly, this classification is still meaningful if M or N is
infinite. For instance, in the ergodic case, the process will certainly come back from
any starting point and so one may imagine the boundaries oo as reflecting. In other
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words, the probabilistic interpretation remains the same when M, N = co. However,
the analytic Neumann condition that limy_, 1 g’ (x) = 0 for the eigenfunction g of
2NN may be lost (cf. the first example given in Sect. 6.5). More seriously, the spectrum
of the operator may be continuous for unbounded intervals. This is the reason why
we need the L2-spectral theory. In the Dirichlet case, the analytic condition that
limx— 100 g(X) = 0 can be implied by the definition given below, once the process
goes +oo exponentially fast. Now, for general M, N < oo, let

N
D(f):/ 26, M,N <oo, fea(—M,N),
-M

7 (—M, N) = the set of absolutely continuous functions on (—M, N),
H(—M, N) = {f € &/(—M, N) : f has a compact support}.

From now on, the inner product (-, -) and the norm || - || are taken with respect to
(instead of 7). Then the principal eigenvalues are defined as follows.

APP =inf(D(f): f € (—M, N), || f|| =1}, (6.8)
AND —inf{D(f): f € @ (0, N), f(N—)=0if N <oo, [f[|=1}, (6.9)
ANN —inf(D(f): f € (=M, N), u(f)=0, ||f|| =1}, (6.10)
APN = inf(D(f): f € &0, N), f(0+) =0, | f| =1)}. (6.11)

Certainly, the above classification is closely related to the measures  and v. For
instance, inthe DN-and NN-cases, one requiresthat £ (0, N) < coand u(—M, N) <
oo, respectively. Otherwise, one gets a trivial result as can be seen from Theorem
6.2 below.

To state the main result of the paper, we need some assumptions. In the NN-
case (i.e., the ergodic one), we technically assume that a and b are continuous on
(—M, N).For APN and 2NN we allow the process to be explosive since the maximal
domain is adopted in definition of PN and ANN . But for ANP and APP, we are working
for the minimal process (using the minimal domain) only, assuming that . and v are
locally finite.

Theorem 6.2 (Basic estimates[9]) Under the assumptions just mentioned, corre-
sponding to each #-case, we have

()74 <0 = emax < () (6.12)
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where
(M) = nf [-Mo0 T+ py N vy (6.9)
(%) = inf [V=M. 0™ + vy, N Huex ) (6.14)
«PN = sup (0, x)u(x, N) (6.15)
xe(0,N)
«NP = sup (0, x)v(x, N). (6.16)
xe(0,N)

In particular, A* > 0iff k* < 0.

In each case, the principal eigenvalue is controlled from above and below by a
constant «# up to a factor 4 which is universal. Among these cases, the hardest one
is the ergodic case. It may be helpful for the reader to show how to write down NN
step by step.

» We need two parameters, say x and y with X < y. The state space is then divided
by x and y into three parts: the left-hand part (—M, x), the right-hand part (y, N),
and the middle one (X, y).

» Measure the left-hand and the right-hand subintervals by w and the middle one
by v, respectively:

=N p(=M,x)  p(y,N)  v(x,y).

» Make inverse everywhere:
et (=M 0™y, TE e,y

* Finally, summing up the first two terms and making infimum with respectto x < vy,
we get the answer.

Every step is quite natural except the second one: why we use p but not v in the
first two terms? This is because we are in the ergodic case, w is a finite measure.
If  is replaced by v, since v(—oo, X) and v(y, oo) are infinite when M, N = oo, one
would get zero for these terms and so the quantity is trivial. A sensitive point here is
that we use plus, rather than maximum in the last step. Otherwise, even though the
resulting bounds are equivalent to ours but it then would produce a factor 8 rather than
4 as we expected. We have thus completed the first, the most important quantity «NN.
To get «PP, simply apply the rule: exchanging the codes D and N simultaneously
in «* leads to the exchange of the measures x and v in the formula. Let us now
examine (6.14) more carefully. When N = oo and v(y, o) = oo, the second term
in the sum of (6.14) disappeared. In other words, the boundary condition D on the
right endpoint is replaced by N. Then the variable y is free and so can be removed.
Therefore we obtain formula (6.15). We remark however, that the relation between
1PN and «PN remains the same even if v(y, co) < oo. From (6.15), using again our
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rule, we obtain (6.16). We mention that (6.16) can be formally obtained from (6.13)
by removing the second term in the sum. Actually, (6.16) is formally a reverse of
(6.15), and so is somehow an easy consequence of (6.15).

6.2.3 Short Review on the Known Results

It is the position to say a little about the history of the topic. Clearly, we are in
the typical situation of the Sturm-Liouville eigenvalue problem (1836-1837). From
which, we learn the general properties of the eigenfunction: the existence and unique-
ness, the zeros of the eigenfunction, and so on. Except some very specific cases, the
problem is usually not solvable analytically. This leads to the theory of special func-
tions used widely in sciences. The estimation of the principal eigenvalues is usually
not included in the Sturm-Liouville theory but is studied in harmonic analysis (espe-
cially for APN). To see this, rewrite (6.11) as the Poincaré inequality

APNIfI2 < D(f),  f@=0.

More general, we have Hardy's inequality

N
1£1Poq < Ap/M 1P, (0)=0, p>1

where Ap denotes the optimal constant in the inequality. Certainly, Ay = (ADN)_l.

This was initialed, for the specific operator L = x2d?/dx2, by Hardy [15] in 1920,
motivated from a theorem of Hilbert on double series. To which, several famous
mathematicians (Weyl, Wiener, Schur et al.) were involved. After a half century,
the basic estimates in the DN-case were finally obtained by several mathematicians,
for instance Muckenhoupt [20]. The reason should be now clear why (6.15) can be
so famous in the history. The estimate of ANP was given in [18]. In the DD-case,
the problem was begun by (Gurka, 1989. Generalized Hardy’s inequality for func-
tions vanishing on both ends of the interval, “unpublished”) and then improved in
the book by Opic and Kufner [21] with a factor &~ 22. In terms of a splitting tech-
nique, the NN-case can be reduced to the Muckenhoupt’s estimate with a factor 8, as
shown by Miclo [19] in the context of birth—death processes. A better estimate can be
done in terms of variational formulas given in [4; Theorem 3.3]. It is surprising that
in the more complicated DD- and NN-cases, by adding one more parameter only,
we can still obtain a compact expression (6.13) and (6.14). Note that these two
formulas have the following advantage: the left- and the right-hand parts are
symmetric; the cases having finite or infinite intervals are unified together without
using the splitting technique.
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Fig.6.1 Phase transition of 8
the * model 4

r=2dJ
0.2 0.4 0.6 0.8
}.lﬁ,oﬁ:

exp [7ﬁ2/4fclog‘5} —2r
c=c(B)el.2]

6.2.4 Motivation and Application

Here is a quick overview of our mativation and application of the study on this
topic. Consider the ¢*-model on the d-dimensional lattice Z9. At each site i, there
is a one-dimensional diffusion with operator L; = d2/dxi2 — u/(x)d/dx;, where
ui () = x* — Bx2 having a parameter g > 0. Between the nearest neighbors i and
j in Z9, there is an interaction. That is, we have an interaction potential H(x) =
-J z<ii> XiXj with parameter J > 0. For each finite box A (denoted by A & 79)
and w € R%", let H® denote the conditional Hamiltonian (which acts on those x:
Xk = wk forall k ¢ A). Then, we have a local operator

L} = Z[aii — 0j (u+ HX’) 3i].

We proved that the first non-trivial eigenvalue )Jf (A, w) (as well as the logarithmic
Sobolev constant oﬁ(A, a)) which is not touched here) of L} is approximately
exp[—B2/4] — 4dJ uniformly with respect to the boxes A and the boundaries w.
The leading rate 82 /4 is exact which is the only one we have ever known up to now
for a continuous model.

Theorem 6.3 (Chen [8]) For the ¢*-model given above, we have

Aggdw;%fzd)\l(/\,w) A'é;dw;%fzd" (A, w) ~exp[—B°/4—clogB| — 4dJ,

wherec € [1, 2]. See Fig. 6.1.

The figure says that in the gray region, the system has a positive principal eigen-
value and so is ergodic; but in the region which is a little away above the curve,



82 M.-F. Chen

the eigenvalue vanishes. The picture exhibits a phase transition. The key to prove
Theorem 6.3 is a deep understanding about the one-dimensional case. Having one-
dimensional result at hand, as far as we know, there are at least three different ways
to go to the higher or even infinite dimensions: the conditional technique used in
[8]; the coupling method explained in [6; Chap. 2]; and some suitable comparison
which is often used in studying the stability rate of interacting particle systems. This
explains our original motivation and shows the value of a sharp estimate for the
leading eigenvalue in dimension one. The application of the present result to this
model should be clear now.

6.3 Sketch of the Proof

The hardest part of Theorem 6.2 is the assertion for ANN Here we sketch its proof.

Meanwhile, the proof for 2DD s also sketched. The proof for the first assertion
consists mainly of three steps by using three methods: the coupling method, the dual
method, and the capacitary method.

6.3.1 Coupling Method

The next result was proved by using the coupling technique.

Theorem 6.4 (Chen and Wang [10]) For the operator L on (0, oo) with reflection
at 0, we have

f// / b f/
a1 =ANN > sup inf [— b — m}(x), (6.17)
feg x>0 f
F ={f €%?%0,00): £(0) =0, flo0) >0} (6.18)

Actually, the equality sign holds once the eigenfunction ot 11 belongsto C3.

We now rewrite the above formula in terms of an operator, Schrédinger operator
Ls.

f// / f/
» = sup inf [_ b — w}(x) (6.19)
fez x>0 f
= sup inf (— ﬁ)(x) =:As, (6.20)
feZ x>0 f

d? d
Ls= a(x)m + (@) + b(x))& + b (x). (6.21)
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The original condition 7z (f)=0 in the definition of ANN means that f has to
change its sign. Note that f is regarded as a mimic of the eigenfunction g. The
difficulty is that we do not know where the zero-point of g is located. In the new
formula (6.20), the zero-point of f € .# is fixed at the boundary 0, the function
is positive inside of the interval. This is the advantage of formula (6.20). Now, a
new problem appears: there is an additional potential term b’(x). Since b’(x) can be
positive, the operator L is Schrodinger but may not be an elliptic operator with
killing. Up to now, we are still unable to handle with general Schrddinger operator
(even with killing one), but at the moment, the potential term is very specific so it
gives a hope to go further.

6.3.2 Dual Method

To overcome the difficulty just mentioned, the idea is a use of duality. The dual now
we adopted is very simple: just an exchange of the two measures n and v. Recall

that the original operator is L = ad;ad; by (6.7). Hence the dual operator takes the
following form
d d dd

L* = = —— 6.22
du* dv*  dvdup’ (6.22)

. d? , d
L* = a(x)m + (@' (x) — b(x))&, x € (0, 00). (6.23)

This dual goes back to Siegmund [22] and Cox and Rosler [11] (in which the
probabilistic meaning of this duality was explained), as an analog of the duality
for birth—death process (cf. [9] for more details and original references). It is now a
simple matter to check that the dual operator is a similar transform of the Schrédinger
one

L* =eCLgeC. (6.24)
This implies that
Lsf  L*f*
o f* ’

where f* := eF f is one-to-one from .Z into itself. Therefore, we have

k £ %k

.. —Lgsf L -
s = sup inf = sup inf = \*DDb,
S fg;;>0 f (x) f*L;E;)LO f* (*)

where the last equality is the so-called Barta’'s equality.
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we have thus obtained the following identity.
Proposition 6.1 Ay = Ag = A*PP,

Actually, we have a more general conclusion that Lsand L* are isospectral from
L2(e“dx) to L2(e~Cdx). This is because of

/eCfLsg=/e‘c(ecf)(eCLge‘C)(ng) =/e‘cf*L*g*,

and Lsand L* have acommon core. But L on L2(x) and its dual L* on L2(e~Cdx)
are clearly not isospectral.

The rule mentioned in the remark after Theorem 6.2, and used to deduce (6.14)
from (6.13), comes from this duality. Nevertheless, it remains to compute APP for
the dual operator.

6.3.3 Capacitary Method

To compute APP we need a general result which comes from a different direction
to generalize the Hardy-type inequalities. In contract to what we have talked so far,
this time we extend the inequalities to the higher dimensional situation. This leads
to a use of the capacity since in the higher dimensions, the boundary may be very
complicated. After a great effort by many mathematicians (see for instance Maz’ya
[18], Hansson [14], Vondracek [23], Fukushima and Uemura [13] and Chen [7]), we
have the following result.

Theorem 6.5 For a regular transient Dirichlet form (D, (D)) with locally
compact state space (E, &), theoptimal constant Ag inthe Poincaré-typeinequality

[t2]5 < ABD(f),  f e (E)
satisfiesBy < Ag < 4Bp, where || - || isthenormin a normed linear space B and

Bg = sup Cap(K) }|ik|p.

compactK

The space B can be very general, for instance LP(u)(p > 1) or the Orlicz spaces.
In the present context, D(f) = f_NM f/zec, Z(D) is the closure of €¢°(—M, N)
with respect to the norm || - [|p : || |3 =1 f||2+D(f), and

Cap(K) = inf{D(f): f € € (—M, N), f|x = 1}.

Note that we have the universal factor 4 here and the isoperimetric constant By has
a very compact form. We now need to compute the capacity only. The problem is that
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the capacity is usually not computable explicitly. For instance, at the moment, | do
not know how to compute it for Schrodinger operators even for the elliptic operators
having killings. Luckily, we are able to compute the capacity for the one-dimensional
elliptic operators. The result has a simple expression:

_ _11-1
Be= sup [v(=M, )" + vy, )] Ly B
—M<x<y<N

It looks strange to have double inverse here. So, making inverse in both sides, we get

Bt = 0T [vMo0 ™ N Lyl

Applying this result to B = L (1), we obtain the solution to the DD-case: APP =

-1
AL w0 and

DDy—1 -1 ; -1 -1 -1
(x°°) =BLl(M)z_M<|XrIIy<N[v(—M,x) + vy, N) ] m(x, y)

6.3.4 TheFinal Step

Applying the last result to the dual process and using Proposition 6.1, we have not
only

(K*DD)*1/4 < ANN As = 4*DD < (K*DD)*l,
but also
xDD\—1_ % -1, * —17, % -1
(*22) = Jnf V=M™ 0y, )T, y)
= inf [ (=M, )y, N Hox, y) =t
= (KNN)_l.

This finishes the proof of the main assertion of Theorem 6.2.

6.3.5 Summary of the Proof

Here is the summary of our proof. First, by a change of the topology, we reduce the
study on emax to ANN. Then, by coupling, we reduce ANN to xs. Next, by duality,
we reduce As to A*PP. We use capacitary method to compute 2*PP. Finally, we
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use duality again to come back to ANN. Recall that our original purpose is using
11 = ANN to study the phase transition, a basic topic in the study on interacting
particle systems (abbrev. IPS). It is very interesting that we now have an opposite
interaction. We use the main tools (coupling and duality) developed in the study on
IPS to investigate a very classical problem and produce an interesting result.

6.4 | mprovements

The basic estimates given in Theorem 6.2 can be further improved. For half-line
at least, we have actually an approximating procedure for each of the principal
eigenvalues. Refer to [6, 9] and references therein. Moreover, one may approach
the whole line by half-lines. Here we consider an additional method but concentrate
on APP and ANN only. As will be seen soon, the resulting bounds are much more
complicated, less simple and less symmetry, than those given in Theorem 6.2.

Let us begin with a simper but effective result.

Proposition 6.2 \We have

and

(PP) " = inf (v( M, X)L+ uly, N)~ 1)

v(z, X) 2 N v(y, 2) 17t
x [u(x +[ M(dZ)|:1— m] +/y “(dz){l_ v(y, N)} } ’

= inf (k=M. 071+ uly, N7

X<y
X w(z, X) 2 N u(y, 2) a1t
X [u(x, \2) +/_M v(dz)[l— m] / “(dz)[ Ty, N)] ]

Note that if v(—M, N) < oo which is not assumed in Proposition 6.2, then the
last two terms in {- - - } in the expression of (/ZDD)*l can be written as

N

(=M, x)~ 2/ n(@z)v(—=M, 2)%+ v(y, N)~ //L(dZ)U(Z, N)2.
y

Otherwise, this expression may be meaningless. Similar comment is meaningful for
(&™)~
K .
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Proof Fix x < y. Applying APP < D(f)/u( ?) to the test function

N
f(z) = [ %V(—M,Z/\x), 7 <

=Yy
v(zs N)v Z 2 y'
we obtain APP < (EDD)_l. By duality, we obtain the assertion for icNN. Refer to the

remark after the proof of [9; Theorem 8.2] for more details. O

To improve the lower estimate Theorem 6.2, we need more work. For a given
f € €(—M, N) with f|_m, Ny > 0O, define

z GeCf
h*(Z)=h?(Z)=V(M(1(-,0)f)1<—M,z)) =/Mefc(x)dx/ — 2=6,
- X
(6.25)

N XeCf
h+(2)=thr(Z)=V<M(1(e,~) f)l(z,N)) =/ e_c(x)dx/ —.,  z>0,
z 0 a
(6.26)
i.e. (by exchanging the order of the integrals),
h™@) = pu(fv(=M, - A z)):,u(fv(—M, -)1(,M,Z))+;L(f 1(2,9))‘;(—M, 2, z<60,
ht (@) = u(fv( vz N)) :u(fv(-, N)l(Z’N))+ ;L(f 1(9,2))\)(2, N), 7> 0,

where X Ay = min{X, y}, X vy =max{x,y},and 8 = 0(f) € (—M, N) is the
unique root of the equation:

h=©) = h*(®)

provided hT < oco. Next, define 11 (f) = h*/f.

Theorem 6.6 (Variational formula) Let a and b be continuous and a > 0 on
(=M, N).

(1) Assumethat v(—M, N) < oo. Using the notation above, we have

DD _ i - -1 i + -1
APD = fseu%e+ [ze(l—nl\]:l,a) 1= (f)(2 ]/\ [Zel(gTN) HF(f)(2) ] (6.27)

where ¢y = {f e ¥(—M,N): f > 0o0n (=M, N)}.
(2) Assumethat ;t(—M, N) < oo. Then (6.27) holds replacing APP by ANN provided
in definition of h®, 1 and v are exchanged.

Proof By duality, it suffices to prove the first assertion.

(a) Without loss of generality, assume that hﬂfE < oo. Otherwise, the assertion is
trivial. First, we prove “>". Let
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_|h@, z=<0,
h@ = [h+(z), 2> 0,

Clearly, hj—m,ny > 0and h € €(—M, N) in view of definition of . Next, note
that

6 C 0 C C
h—’(x):e—C<X>/ %f, h_”(x):e_c(x)[—E e—f—%f], X < 6:
X

aly a
X C X C C
h+’(x>:—e—C<X>/ 'y, h+”(x):e—c<x)[9/ e—f—e—f], X > 0.
s a ajfy a a

Obviously, h’'(9 +£0) = 0. Since a, band f are continuousanda > 0 on (—M, N),
we also have h"(6 + 0) = h”(@ — 0) and so h € €%(—M, N). Therefore, by
Barta’s equality, we have

—L
APP = sup inf —g(z)
ge7 Z€-MN) g

v

inf _Lh(z)
ze(-M,N) h

. —Lh™ . —Lht
[ze(thtl,e) h— (Z)]/\[zel(re],fN) ht (Z)]'

Now, by (6.7), required assertion follows by a simple computation.

(b) Next, we show that the equality sign in (6.27) holds. The assertion becomes
trivial if A\PP = 0. Otherwise, the eigenfunction g of APP should be unimodal
(which seems known in the Sturm—Liouville theory and is proved in the discrete
context [9; Proposition 7.14]. Actually, the discrete case is even more complex
since the eigenfunction can be a simple echelon, not necessarily unimodal). By
setting f = g and @ to be the maximum point of g (g’'(®) = 0), it follows that
I1%(f)~1 = PP and hence the equality sign holds. O

We now introduce a typical application of Theorem 6.6. Fix x < y. Define

FXY () = \/V‘;Ey—,;,t'))()v(—M,SAx), s<y
Vv (s, N), s>y

and set

KDD=inf[ sup II‘(fX*y)(z)]\/[ sup II+(fX’y)(z)].

- X<YLze(=M,8) ze(,N)

By exchanging . and v, we obtain «NN. Now, by Theorem 6.6, we have the following
result.

Corollary 6.1 Under assumptions of Theorem 6.6, we have

DD > (EDD)—landANN > (KNN)—l_
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We remark that the assumption in part (1) of Theorem 6.6 is necessary for DD-case
(cf. (6.13)). Recall that (6.27) isa complete variational formula for the lower estimates
of APD. Starting at f; = f used in Corollary 6.1, replacing f and h used in Theorem
6.6 by fn,_1 and fp, respectively, we obtain an approximating procedure from below
for APP. Dually, we can obtain a variational formula for the upper estimates of PP
and an approximating procedure from above. Here we omit all of the details. The
same remark is meaningful for \NN which is especially interesting since here we do
not use the property that 1 ( f) = 0 for the test function f. The new difficulty of (6.27)
is that 6( f) may not be computable analytically. This costs a question to prove that
«PP < 4«PP which should be true in view of our knowledge on the half-line, and
is illustrated by examples in the next section. It is noticeable that the method works
for the whole line and the use of 6( f) is essentially different from what used in the
splitting technique. Finally, we mention that the method used here is meaningful for
birth—death processes, refer to [9; Lemma 7.12].

For convenience in practice, we express h* used in Corollary 6.1 more explicitly.
Let v_(s) = v(—M, s) and vy (S) = v(s, N) for simplicity. Then

Ve Wr_(8)//v-(x), s=<x

f(s) = f*Y(s) = { Jvi(y), X<s<y (6.28)
Vi (s), s>y,
and
h~(2) = M(fv_l(_M,z)) +o_@u(flee). z<6. (6.29)
h*(z) = M(fv+1(z,N)) + 4@ (fle,z), z>0. (6.30)

We now consider the typical case that 0 € [X, y]. Then,

vi(Y)
v_(X)

0 ©) = 1 (v 2) + Vor (v Loy)-

h=(6) = u(v§/21<_m,x>) + v+(y)u(V—1<x,e>)7

Hence the equation h=(8) = h*(6) becomes

! u(vg/zl(fm,x)) + M(Vfl(x.e))

Vr—(X)
1

= M(vf_/zl(y,N)) + ;,L(v.,_l(g’y)), 0 € [X, VY]

VYY)

Furthermore, by some computations, we obtain the ratio h*/f*Y as follows. We
have forz z < x < 6 < y that

(6.31)
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1
= ()@ = mu(vi/zl(_m,z)) + Vo=@ (VimLaw )
+ V- (Qv-(X)u(x, 0), (6.32)

and forz z> y > 6 that

1
I + ( f X’y) (Z) :\/v:(z)ﬂ(l)i/zl(z’N)) + U+(Z)/L(4/V+1(y)z))
+
TV @v ()R, y). (6.33)

Note that by (6.25) and (6.26), h~ is increasing on [x, 6] and h* is decreasing on
[0, y]. Since f*Y isa constant on [x, Y], it follows that
h- - + +
max (2) _ h™(0) an h™(2) _ h™(0) '
ze[x,0] F%Y(2) fXY(X) zelo,y] F%Y(2) fXY(X)

By assumption, h=(9) = h* (). Hence

- h=6)
H=() @ = N+ (F4Y)(2) =
max 117 (£Y)(2) = max 11 (£Y)(2) = 5 o0
1
= mﬂ(vi/zl(_M,x)) + M(V—l(x,e)). (6.34)

Thus, for computing PP, by (6.32)-(6.34), we arrive at

[ sup II_(fX’y)(z)]\/[ sup II+(fX’y)(z)]

26(~M,6) 26(0.N)
1 3/2
= Ssu °ret + (7 i
ze(—ﬁ,x)[mﬂ(v ( M*Z)) v ()M(«/U (z,x))
+Vv_(@v_(0p(x, 9)}

\/ [ﬁ#(vg/zl(m,x)) + M(V—l(x,e)):|

1 3/2
vt [ ) )
+ Vv (@ (), y)] (6.35)

Finally, let (x*, y*, 6*) solve Eg. 6.31 and two more equations modified from (6.35)
ignoring its left-hand side and replacing the last two “v”” with “=". Then we have

oo L (vi/zl(_M,X*)) + ,u(v_l(x*,g*))_ (6.36)

,/U_(X*)M
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6.5 Examples

This section illustrates the application of the basic estimates given in Theorem 6.2
and the improvements given in Proposition 6.2 and Corollary 6.1.

Example 6.1 (OU-processes) The state space is R and the operator is

1(d? d
L=={-——2x—).
2 (dx2 dx)
This is a typical example of the use of special functions. It has discrete eigenvalues
An = n with eigenfunctions (Hermite polynomials)

n
() = (—D”exztfﬁ(e‘xz), n > 0.

Then, we have (/cDD)*l = 2o = 0, ANN = ; = 1 with eigenfunction g(x) = x.
To compute «NN| noting that the operator, the eigenfunction are all symmetric with
respect to 0 and so does «NN, one can split the whole line into two parts (—oo, 0)
and (0, oco) with common Dirichlet boundary at 0. This simplifies the computa-
tion and leads to (KNN)_l = (KDN)_l ~ 2.1. Note that g'(x) = 1 but lim x|
(e°g)(x) = 0.

For the half-space (0, c0), as we have just mentioned, 2PN = APP = 1 with
g(x) = X, (KDN)71 = (/c':’D)*1 ~ 2.1. For ANN_ the symmetry in the whole line
is lost. We have ANN = 2 with g(x) = —1 + 2x2, (;c’\”\‘)_l ~ 4.367 which
is achieved at (x, y) ~ (0.316, 1.185). Note that limy_,, g'(X) = oo, however,
limy— oo (€59') (x) = 0.

Tostudy NN recall that we can reduce the NN-case to the DD-one by an exchange
of and v. By Proposition 6.2, we have (ENN)_1 ~ 2.6. By Corollary 6.1 and (6.36),
we obtain (@'N)‘1 ~ 1.83 with (x*, y*, 6*) ~ (0.6405, 0.938, 0.721194). For the
last conclusion, we use a direct search starting from (X, y) ~ (0.316, 1.185) which
leads to «NN in the last paragraph. The ratio becomes 2.6/1.83 ~ 1.42 < 4.
We mention that similar estimates can also be obtained by using a different
approximating procedure in parallel with [9; Theorem 6.3]. Refer to [5]; Footnotes
12 and 14].

The following examples are often illustrated in the textbooks on ordinary differ-
ential equations, see for instance [16; Sect. 11.1].

Example 6.2 The equation
W +o2u=0 (o £0)
has the general solution

U = €1 cos(oX) + C Sin(oX).
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From this, it should be clear that for the operator L = d?/dx? with finite state space
(a, B), we have

2
,DD _ b4 7 i T(X —a) :
(7). o= (=0
2
NN _ T 7 _ T(X — ) :
(7)) ovomes (0
2
)LDN — (L) , (X) =sin (77,’(X——Ol))’
26-w) 26— )
2
)LND — (L) , (X) = CO0S (M)
26-w) 26— )
The corresponding estimates are as follows.
-1 —1 4 \? —1 -1 2 \?
(PP) 7 = (NN) T = (ﬁ _a) C (PN = (o) o (,3 _a) _
Note that by symmetry, the DD- and NN-cases can be splitat = (« + 8)/2 into
the DN- and ND-cases. One can then approach APP and ANN by using the known
approximating method for APN and ANP (cf. [5]; Theorem 1.2]). However, as an
illustration of Theorem 6.6 and Corollary 6.1, we now compute PP and «PP.

Consider first the simpler interval (o, 8) = (0,1). Since u = v = dx, by
symmetry, one may choose y =1 — x. Then X < 1/2 and

B . 2 X 1 -1
(€P°)'= inf = [1—2x + x*Z/ Zdz+x? [ @a- z)zdz}
xe(0,1/2) X 0 1-x

- inf —
xe<'&1/z> 3x — (2x)2
32

To compute xPP, set again y = 1 — x with x € (0, 1/2). Then, the test function
f %Y becomes

FX(g) — JSAX s<1-X
® = J1—-s se(d-x,1).

By symmetry again, we have 6 = 1/2. Fixx € (0, 1/2). For convenience, we express

fXas (f1, f2) : fi1(s) = /sforse [0, x] and fa(s) = /X for s € [x, 1/2]. Then
by (6.29) with v_(s) = s, we have h~ = (h] (2), h; (2)):

z X 1/2
hy (2 =/ f1(s)sds + z[/ f1 -|-/ fg], z e [0, x]
0 z X
X

z 1/2
hy (2) = [/ fl(s)sds+/ fz(s)sds} + z/ fa, zZe[x,1/2].
0 X z
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Hence by (6.32), we have

o h=(2) (—%x3/z+%x1/2)ﬁ—%zz, z € [0, ],
(9@ = > =

) (521 — 2) — x?), ze[x,1/2].
Define
_ Lap 1y B 4
H(X) = 3" + 5X and  y(@ =HXz =2
Then
Hx) 8 Hx) 8
/ "
= —F— — <-4, = —_—— — — 0
r@=gmz 5 VP Tt

Hence y achieves its maximum at

15 2/3
Z*(X) = (EH(X)) .

Furthermore,

15 13 15 YB3\,
_3(2 /3
y(Z (X))—H(X)( H(X)) 15( H(x )) _8(2) HOO™".

Note that z*(x) < xiff x > 5/14. Besides, on the subinterval [x, 1/2], h™(2)/
fX(2) has maximum 1/8 — x2/10 by (6.34). Solving the equation

3(B\YR . 4. 11
(=) HeYP=Z—-=x%,  xe(5/14,1/2),
8(2) (X) 510 € (5/ /2)

we obtain x* ~ 0.436273 and then
h™(z)

inf  su Z"(x*)) ~ 0.105967.
Xe(5/l4l/2)z<1F/JZ fx@2) 7Eeo

From these facts and (6.36), we conclude that

(PP) ™" & 1/0.105967 ~ 9.43693.
By the way, we mention that a similar but simpler study shows that

h=(2) 1

inf  su =5
xe(0,5/l4)Z§1F/)2 fX(z2) 8

This shows that to get a less sharp lower bound 1/8, the computation becomes much
simpler. It needs to study the extremal case that x=0 only; the corresponding test
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function becomes f* = 1. Return to the original interval («, 8), by Proposition 6.2
and Corollary 6.1, we obtain

8 94369  pp ( n )2 32 2( 4 )2
< < )\, = S = — .
B-?  (B—-a)? p—a 3B-w)? 3\p-«

The ratio becomes %/9.4369 ~ 1.13. The same assertion holds if APP is replaced
by ANN because of the symmetry.

It is a good chance to discuss the approximating procedure remarked after Corol-
lary 6.1. Here we consider the lower estimate only. Replacing f* = (f1, f2) by
(h1,hy), one produces a new (hy,hy) and then a new I1=(f) which
provides a new lower bound. By using this procedure twice with fixed 6 = 1/2
and x = x* ~ 0.436273, we obtain successively the following lower bounds:

9.80392 9.86193
B-w)? (-

Clearly, they are quite close to the exact value of APP and ANN:

72 9.8696
B-)?  (B-a)®

Example 6.3 By a substitute u = ze /2 the equation
u"+bu +yu=0 (b, y are real constants)
is reduced to
Z'+0%2=0 (oc®=y—b?/4).
From the last example, it follows that the equation has general solutions

e P/2(c; + ) ify =b?/4
U= ] cl€X 4 e ify <b?/4

e bx/2 (cl cos (x/y — b2/4) + ¢z sin (X\/m)) ify > b/4,

where &1, &> are solution to the equation
24+ b4y =0.

Thus, for the operator L = d?/dx? 4 bd/dx (b is a constant) with state space (0, o),
we have the following principal eigenfunctions

« g(x) = (2/b+ x)e /2 and g(x) = xe "*/2 in ND- and DD-cases, respectively,
when b > 0;
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« g(x) = xe /2 and g(x) = (1+bx/2)e P*/2 in DN- and NN-cases, respectively,
whenb < 0.

In each of these cases, we have the principal eigenvalue A* = b?/4 and (x*)~1 = b?.

Moreover, (EDD)_l, (/ZNN)_1 = b?/2. Clearly, the lower estimate (K#)_1/4 is sharp
in all cases.

Example 6.4 (Cauchy—Euler equation) Consider the operator

d? d
2_ J—
e + bxdx’

L=x
where b is a constant. By a change of variable x = &Y, the equation
x?u” 4+ bxu +yu=0 (b, are constants)

is reduced to the last example:
du
— +(b-1— u=0.
+ ( )dy +v

Hence the original equation has general solutions

X(lfb)/z(Cl + c2logx) ify =(1- b)2/4
Xt 4 cpx2 ify < (1—b)?/4

U= xa-by2 (cl cos (/¥ — (1 — b)2/4logx)+c; sin (y/y — (1 — b)2/4logx))
ify > (1—h)?/4,

where &1, & are solution to the equation £2 4+ (b — 1) +y = 0:

f.62=(1-b/2+\/(1-b?/4—y.

Here we have used Euler’s formula:
xIVE = dVEIOOX _ cos ((/Elogx) + i sin (v/Elogx).
In particular, (1) when b = 0, we have solutions

J/X(c1 + cologx) ify =1/4
U= C1 X5 + cpxt2 ify <1/4

ﬁ(cl cos (v/y — I/4logx)+cz sin (/Y — 1/4Iogx)) ify > 1/4.
Now, corresponding to y = 1/4, we have

son_ 1 g(x) = VX if the state space is (0, co)
4’ J/Xlog./X if the state space is (1, 00).
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The first case is the original Hardy’s inequality. Corresponding to y = 1/4 again but
for state space (1, co), we have

AN = ;11, 9(x) = VX (logv/x — 1).

Here limy_, o0 (€°0')(X) = limy_.oc §'(X) = 0. We have (I{DN)_l, (;c'\”\‘)_1 =

1, (EDN)*l, (/ZNN)*1 = 1/2, respectively. The lower estimate (K#)71/4 is sharp in
each case. The DN-case is actually a special one of the last example.
(2) When b = 1, for finite state space (1, N) with Dirichlet boundaries, we have

An = nr_)° (X) = sin i logx n>1
"=\ign ) 9= logN 29 )’ ="

In particular,

2
ob_ [ T — i T
ACY = (IogN) , g(x) = sin (IogN Iogx).

Next, for Neumann boundaries, we have

2
NN _ T
AN = (_IogN) , g(x) = cos (IogN Iogx).

In both cases, we have (KDD)_l, (KNN)_l = (4/IogN)2. Besides, we have

2
DN _ .7-[ _ . 7-[ .
M= (2IogN) » 900 =sin (ZlogN Iogx),

2
WD (T g(x) = cos [ = Ilogx ).
2logN / ’ 2logN

In these cases, we have (KDN)*l, (/<ND)*l = (2/IogN)2. Note that the present case
can be reduced to Example 6.2 under the change of variable x = €Y, the results here
can be obtained from Example 6.2 replacing (o« — 8)? by log?N. In view of this, we
also have

DD\ -1 _ NNyl _ 32 poy-1 _ ( NNy-1 o 9:4369

Acknowledgments Research supported in part by the Creative Research Group Fund of the
National Natural Science Foundation of China (No. 10721091), by the “985” project from the
Ministry of Education in China. The author is fortunate to have been invited by Professor Louis
Chen three times with financial support to visit Singapore. He is deep appreciative of his continuous
encouragement and friendship in the past 30 years. Sections 6.2-6.4 of the paper are based on the
talks presented in “Workshop on Stochastic Differential Equations and Applications” (December,



6 Basic Estimates of Stability Rate for One-Dimensional Diffusions 97

2009, Shanghai), “Chinese-German Meeting on Stochastic Analysis and Related Fields” (May,
2010, Beijing), and “From Markov Processes to Brownian Motion and Beyond —An International
Conference in Memory of Kai-Lai Chung” (June, 2010, Beijing). The author acknowledges the
organizers of the conferences: Professors Xue-Rong Mao; Zhi-Ming Ma and Michael Rokner; and
the Organization Committee headed by Zhi-Ming Ma (Elton P. Hsu and Dayue Chen, in particular),
for their kind invitation and financial support.

Appendix

The next result is a generalization of [9; Proposition 1.2].

Proposition 6.3 Let P (X, -) be symmetric and have density p; (X, y) with respect to

. Suppose that the diagonal elements ps(-, -) € L,lo/cz(u) for somes > 0 and a set
¢ of bounded functions with compact support isdensein L2(1). Then 1o = emax.
Proof The proof is similar to the ergodic case (cf. [6; Sect. 8.3] and 9; proof of
Theorem 7.4]), and is included here for completeness.

(a) Certainly, the inner product and norm here are taken with respect to 1. First,

we have
P (X, K) = PsP_s1k (X)

dPs(x, - .
_ / u(dy)%(ym_slmy) (sincePs < )

dPs(x, -
— M(L Pt_sj_K)
du

= u(lK Pt_s%) (by symmetry of Py)
"
dPs(x, -) . .
< u(K) Pt_sd— (by Cauchy—Schwarz inequality)
"

dPs(x, -
< \/u(mH%
nw
= (VK pas(x, @) (by [6: B.3)).
By assumption, the coefficient on the right-hand side is locally p-integrable. This

proves that emax > Ag.
(b) Next, for each f € 27 with || f| = 1, we have

e (=) (hy |?-exponential convergence)
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[P 12 = (f, Py f) (by symmetry of P,)

< ||f||oo/ 1(@X) Py (%)
supp(f)

<112 / o B0 supp( 1)
u

IA

[ f |I§O/ p(dx)c(x, supp( f))e~2emaxt
supp(f)
= Cf e—25maxt.

The technique used here goes back to [17].
(c) The constant Cs in the last line can be removed. Following Lemma 2.2 in
[24], by the spectral representation theorem and the fact that || f || = 1, we have

o0
IPLEI2 =/O e 2Ud(E, 1, )

00 t/s

> [/ e 2*Sd(E; f, f)} (by Jensen’s inequality)
0

=IPsfI?/s,  t=s

Note that here the semigroup is allowed to be subMarkovian. Combining this with
(b), we have ||Ps f [|2 < C¥/'e 2tmaS_ Letting t — oo, we obtain

|Psf? < e 26maxS,

firstforall f € .# andthenforall f e L2(w)with || f| = 1because of the denseness
of # in L2(w). Therefore, g > emax. Combining this with (a), we complete the
proof. O

The main result (Theorem 6.2) of this paper is presented in the last section (Sect.
10) of the paper [9], as an analog of birth—death processes. Paper [9], as well as [8]
for ¢*-model, is available on arXiv.org.
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Chapter 7
Trend Analysis of Extreme Values

Goedele Dierckx and Jef Teugels

Abstract In Dierckx and Teugels (Environmetrics 2:1-26) we concentrated on
testing whether an instantaneous change occurs in the value of the extreme value
index. This short article illustrates with an explicit example that in some cases the
extreme value index seems to change gradually rather than instantaneously. To this
end a moving Hill estimator is introduced. Further a change point analysis and a trend
analysis are performed. With this last analysis it is investigated whether a linear trend
appears in the extreme value index.

7.1 Catastrophes

Worldwide major catastrophes often have a grave humanitarian impact with regard
to losses. Therefore, Swiss Re, one of the leading global reinsurance companies,
lists every year the biggest disasters of different types (hurricanes, earthquakes,
floods,...) in their Swiss Re Catastrophe Database [8]. Table 7.1 summarizes the 62
largest insured losses in million US-dollars over the period from January 1, 1970
until January 1, 2009. The losses have been calibrated to January 1, 2009. As one
can see, the types of disaster are quite different: H stands for hurricane, T for typhoon,
F for flood, M for manmade disaster, E for earthquake, ES for European storm and
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Table7.1 Losses

—~

n=62) for different types of catastrophes

Event T Date Loss Event T Date Loss
Katrina H 24.08.05 71,163 X12 ES 06.08.02 2,755
Andrew H 23.08.92 24,479 us F 20.10.91 2,680
WTC-attack M 11.09.01 22,767 X10 us 06.04.01 2,667
Northridge E 17.01.94 20,276 X16 ES 25.06.07 2,575
lke H 06.09.08 19,940 Isabel H 18.09.03 2,540
Ivan H 02.09.04 14,642 Fran H 05.09.96 2,488
Wilma H 16.10.05 13,807 Anatol ES 03.13.99 2,454
Rita H 20.09.05 11,089 Iniki H 11.09.92 2,448
Charley H 11.08.04 9,148 Frederic H 12.09.79 2,361
Mireille T 27.09.91 8,899 Xi5 ES 19.08.05 2,340
Hugo H 15.09.89 7,916 Petro US M 23.10.89 2,296
Daria ES 25.01.90 7,672 Tsunami E 26.12.04 2,273
Lothar ES 25.12.99 7,475 Fifi us 18.09.74 2,177
Kyrill ES 18.01.07 6,309 X7 ES 04.07.97 2,139
X3 ES 15.10.87 5,857 Luis H 03.09.95 2,113
Frances H 26.08.04 5,848 Erwin ES 08.01.05 2,071
Vivian ES 25.02.90 5,242 X11 us 27.04.02 1,999
Bart T 22.09.99 5,206 Gilbert H 10.09.88 1,984
Georges H 20.09.98 4,649 Xg us 03.05.99 1,914
Allison us 05.06.01 4,369 Xo us 17.12.83 1,895
Jeanne H 13.09.04 4,321 X13 us 04.04.03 1,880
Songda T 06.09.04 4,074 X1 us 02.04.74 1,873
Gustav H 26.08.08 3,988 Mississippi F 25.04.73 1,787
X1a us 02.05.03 3,740 Xg us 15.05.98 1,770
Floyd H 10.09.99 3,637 Loma Pieta E 17.10.89 1,714
Piper Alpha M 06.07.88 3,631 Celia H 04.08.70 1,714
Opal H 01.10.95 3,530 Vicki T 19.09.98 1,682
Kobe, Japan E 17.01.95 3,482 Fertilizer M 21.09.01 1,646
Klaus ES 01.01.09 3,372 Xg us 05.01.98 1,621
Martin ES 27.12.99 3,093 Xs us 05.05.95 1,599
Xy us 10.03.93 2,917 Grace H 20.10.91 1,576

US for US storm. The indices to the quantities X are made for convenience for those
disasters arranged in time that did not get a name attached.

The listed events form themselves a set of extreme values that can be analyzed in
its own right. To gain some insight into the behavior of the data over time, we plot
the pairs (xj, Yj),i = 1,...,62 in Fig. 7.1. The variable Y represents the losses of
the catastrophes in million US-dollars. Note that to avoid empty places and erratic
behavior, we rescale the time axis so that one unit represents 5years. In Fig. 7.1, one
can see that within this set of extreme values, some losses seem exceedingly severe.
Moreover, and this offers another aspect of Fig. 7.1, one might suspect that the losses
have a tendency to increase over time. We will investigate this phenomenon in more
detail.
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Fig.7.1 Losses as a function
of the number of 5years =
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7.2 Thelnsured L osses

We now investigate the loss data in more detail. More specifically, we will focus on
the extreme value index of the losses.

7.2.1 No Time Component

We first ignore the time component. It can be safely assumed that the extreme value
index y of these extreme events is positive. The estimation of y is illustrated in Fig.
7.2a, where the Hill estimator and the Peak Over Threshold estimator are plotted as a
function of k, the number of extreme data taken into account in the estimation. When
using the Hill estimator, we choose k to be the number of data that minimizes the
Empirical Mean Square Error. This leads to an optimal k = 52 and a corresponding
estimate for y of 0.87. From classical extreme value theory we know that such a
large value is associated with Pareto type distributions with a finite mean but with an
infinite variance. The Pareto QQ plot of the data in Fig. 7.2b is very close to linearity,
suggesting that almost all the losses can be used in the estimation.

7.2.2 Time Component

We now include the time component explicitly.

When the time is taken into account the data tells a slightly different story. We
will study this in three different ways: (1) using a moving Hill estimator, (2) by
performing a change-point analysis and (3) by performing a trend analysis. Note
that change point models using a simple change-point and change-point models in
a regression context have been studied before. Loader [6] considered a regression
model in which the mean function might have a discontinuity at an unknown point
and proposes a change-point estimate with confidence regions for the location and
the size of the change. Kim and Siegmund [5] considered likelihood ratio tests to
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Fig.7.2 a Hill (full line) and peaks over treshold estimator (dashed line) as function of k=the
number of extremes taken into account. b Pareto QQ plot for the losses:

(— log (1 — anl) IogYi;n), fori = 1,..., n where Y., represents the ith order statistic of
the losses

detect a change-point in simple linear regression. Cox [2] commented on the choice
between a simple change-point model without covariates and a regression model with
no change-point. Model selection for changepoint-like problems was also discussed
by Siegmund [7]. Unlike these authors we focus on the special features of the extreme
value index.

7.2.2.1 Moving Hill Estimator

One way of including the time component is by calculating the Hill estimator for
a small time window that moves along the time range. Several choices can be made
regarding the size of the moving window. One can choose a fixed number of data in
each window or a fixed length of the time window. This is illustrated in Fig. 7.3 for
some choices that lead to reasonable results in this example.

In Fig. 7.3a and b the number of data in each window is fixed. Around each
X;, the 10 nearest x-values are selected in a time window. The Hill estimator is then
calculated based on the largest 40% [in (a)] or 70% [in (b)] losses in this time window.
Clearly, the length of the time window is not constant when moving.

In Fig. 7.3c and d the length of the time window is fixed. One can see that a
length of two time units, that is 10 years, results in reasonable plots. Around each x;,
the x-values lying within a range of two time units are selected in the time window.
Again, the Hill estimator is based on the largest 40% [in (c)] or 70% [in (d)] losses
in each time window.

One can see that the choice of the size of the window and the number of data
taken into account in each window has some effect on the results. However, all
choices seem to indicate that the Hill estimator is not constant over time but actually
increases from 1970 until 1990 (x =4), then stabilizes or even decreases to increase
again somewhere around the year 2000. But overall an increasing trend seems to
prevail.
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Fig.7.3 Moving Hill estimator calculated over a moving time window, a window: 10 data points
around each data point; Hill estimator is based on the largest 40% of these 10 data points, b window:
10 data points around each data point; Hill estimator is based on the largest 70% of these 10 data
points, ¢ window: length 2 (i.e. 10 year window, since each unit represents 5years); Hill estimator
is based on the largest 40% data points in each window, d window: length 2; Hill estimator is based
on the largest 70% data points in each window
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Moreover, note that when the length of the window is fixed, each window might
contain a different number of data as shown in Fig. 7.4. This figure nicely illustrates
that the frequency of catastrophes also seems to increase with time.

7.2.2.2 Change Point Analysis

Dierckx and Teugels [3] discussed a method to detect change points in the extreme
value index of a data series Y that follows a Pareto type distribution. To test whether



106 G. Dierckx and J. Teugels

Fig.7.5 The plot of the test i
statistic T against x with the M
horizontal line indicating the
critical value

20

15

10

the extreme value index changes at some point, a likelihood-based test statistic T is
used. In that procedure, each point is investigated as a potential change point and the
data set is split up into two groups. The test statistic compares the log-likelihoods of
the two groups with the one obtained for the entire data set. A large difference leads
to the conclusion that the extreme value index is not constant overall. In Fig. 7.5, one
sees that the test statistic is well over the critical value 2.96 for all points, suggesting
that the extreme value index keeps changing over time rather than the presence of a
single change point.

7.2.2.3 Trend Analysis

In a forthcoming paper [4], we develop trend models for the extremal behavior
in a data set under the condition that Y|x follows a Pareto-type distribution.
In mathematical terms this means that the relative excesses over some threshold
u(x) follow approximately a Pareto distribution, i.e. P(Y/u > y|Y > u) ~ y~ /7%
when u — oo. By way of example, we assume that the extreme value index follows
alinear trend y (X) = a1 +a2x with @j, i = 1, 2 constants. It is natural to determine
the estimated values of these two parameters by maximum likelihood. The outcome
of this estimation is illustrated in Fig. 7.6. The estimators are plotted as a function
of k, the number of data taken into account. Recall that this number k is determined
by a threshold u(x) satisfying P(Y > u(x)) = k/n. Note that the choice of k does
not seem to be crucial as the estimations are remarkably stable over the broad set of
k-values. For example, when k=45 (which is one of the largest k-values for which
the parameter plots are stable), @3 = 0.001, whereas &, = 0.159.

According to this analysis, y can be estimated as 0.001+0.159x, where x denotes
the number of 5years since January 1, 1970. Note that the estimated value for «; is
significantly different from zero, a result that follows from the large sample behavior
of maximum likelihood estimators. The obtained linear trend model summarizes well
what can be seen in Fig. 7.3d. Indeed, in Fig. 7.7a y (x) = 0.001 + 0.159x compares
well to this moving Hill plot.

The above conclusion is strengthened by looking at an adapted exponential quan-
tile plot. When Y |x follows a Pareto type distribution with extreme value index y (x),
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Fig.7.7 a(x, y(x)), with the moving Hill estimator from Fig. 7.3d added in dashed line, b expo-
nential QQ plot for log Y/y (x), with first bissector added in dashed line

the random variable log Y /y (x) follows approximately a standard exponential distri-
bution, at least for the largest data points. Figure 7.7b shows remarkably well that the
exponential quantile plot of that quantity follows closely the first bisector that corre-
sponds to the expected standard exponential. It is somewhat surprising that the largest
data point that corresponds to hurricane Katrina (Time: 24.08.2005 (x = 7.13), Loss:
71,163) does not have a major effect on the estimations.

7.3 Conclusion

Whether the catastrophes worldwide over the last 40 years are becoming more and
more severe is a point of discussion in many research areas and in public debate.
Assuming some climatological models for the natural disasters, several climato-
logical studies have detected an increase in severity. Other reports however threw
doubts on such conclusions as the conclusions are based on model assumptions.
In this article, we study the severity of the catastrophes by looking at a secondary
measurement, namely losses corresponding to major natural disasters. The conclu-
sions, based on a change-point and trend analysis of the extreme value index of the
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losses from 1970 onward, indicate that the catastrophes are becoming more and more
severe over time.
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Chapter 8
Renormalizationsin White Noise Analysis

Takeyuki Hida

Abstract Renormalization has been applied in many places by using a method
fitting for each situation. In this report, we are in a position where a white noise
{B(t), t € Rl} istaken to be avariable system of random functions ¢(B). With this
setting, renormalization plays the role that lets ¢(B) become a generalized white
noise functional, the notion of which has been well established in white noise theory.

8.1 Introduction

Let us start with a quotation from Tomonaga [9, pp. 44-45].

Dirac made it possible to use a nondenumerably infinite number of coordinate axes by
introducing his well-known §-function. In other words,in Dirac’'s theory we can use an
Xg-axis in which the subscript ¢ is a parameter with a continuous range of values (Actually,
mathematicians do not like this type of idea, but it is convenient for physics.)

Also, Tomonaga said (in his series of lectures at Nagoya University, in Nov. 1971)
that we should like to take vectors with infinite length.

We present here a realization of such continuously many, linearly independent
vectors with infinite length in terms of white noise. More explicitly those vectors
can be represented as B(t), which is the time derivative of a Brownian motion B(t)
depending on the time parameter t.

It istherefore significant to discuss functions, actually functionals of B(t)’s, both
in theory and applications. We may start with elementary functionals such as poly-
nomials in B(t)'s and their exponentials. On the other hand, we have established
the space (L2)~ or (S)* of generalized white noise functionals. They are defined
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in a quite reasonable and acceptable manner and are quite big compared with the
classical space of the B(t)-functionals, as we shall elaborate in the next section.
Unfortunately, elementary functionals of B(t)’s are not always in the class of our
favourite space of generalized white noise functionals. We shall overcome this by
using the method of renormalization which isthe main topic of this paper.

8.2 White Noise and Its Generalized Functionals

8.2.1 Linear Functionals of White Noise

Consider aBrownian motion {B(t, »), w € Q(P),t € R1}. Itstime derivati\(e B(t)
is defined in the classical sense as a generalized stochastic process. That is, B(t, w)
isageneralized function for amost al w, so that the smeared variable

(B(t), £),& € E,

is a continuous linear functional of & amost surely, where E is some nuclear
space dense in L2(RY). The collection {(B, £), £ € E} forms a subspace .74 of
L2(Q, P) = (L?). We have an isomorphism

4 = L3(RY). (8.1)
This isomorphism extends to
%(*l) = K(—l)(Rl)’ (82)

where K =D (R®) stands for the Sobolev space over R! of order —1.

Each B(t) is now amember (well-defined element) of %ﬂl(_l) and the collection
{B(t)}istotal in.7; . Wesay that the collection { B(t)} formsasystem of idealized
elemental random variables, that is a noise. The system can, therefore, be taken to
be the variable system of random functions.

Thus, we shall deal with general functionals of the form

¢(B) = p(B(t),t € RY). (8.3)

Our next steps of the analysis are

1. To give arigorous definition of nonlinear functionals of the B(t)’s expressed in
the acceptable form.

2. Toestablishthedifferential andintegral calculuson the space of thosefunctionals.
We shall, however, not discuss thistopic, since thereisno direct connection with
the renormalization.
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8.2.2 Generalized White Noise Functionals

Original motivations to have generalized white noise functionals can be seenin [1],
and we shall revisit this briefly in what follows, with an aternative definition. We
note, in fact, two ways, i.@) and i.b), to define nonlinear functional s of the form (8.3).

(i.8) Generalization of the Fock space. Namely, we start with the direct sum
decomposition

L3 =P %
n

where (L?) is the complex Hilbert space involving all the functions of Brownian
motion with finite variance.
Noting that .7 is isomorphic to the symmetric L2(R") space up to a constant

J/n!, we shall extend .7 to ™ by letting
%(7'1) >~ K(Rn)f(nJrl)/Z’

where K (R")~("1/2 jsthe symmetric Sobolev spaceover R of degree —(n+1) /2.
Here and also in what follows the constant +/n! will be omitted.
Then, we define aweighted sum

(L) =P e ™. (8.4)
n

wherecy, isanon-increasing sequence of positive numbers chosen suitably depending
on the problem.

(i.b) There is another way, due to Kubo and Takenaka, of extending the space
(L?). Theideaisto have an infinite dimensional analog of the Schwartz space Sand
the space S of Schwartz distributions:

(S c (LY c (9%

where (S)* is the space of generalized white noise functionals.
To construct such atriple we use the second quantization method of the operator

@,
A=—-——+4+u"+1
a2 +Uu” +
Each method (i.a) or (i.b) hasits advantage, so that we shall use both. It isinter-
esting to note that the exponential functional exp[< B, é >],& € E isatest func-
tional in both (i.a) and (i.b).
(i) By renormalization. '
An dternative approach arises from the treatments of polynomias in B(t)’s.
This direction is what we are going to focus on in this paper. The idea comes from
elementary mathematical analysis and renormalizations.
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8.3 Renormalizations

8.3.1 The Algebra .«

Since the variable system is given as {B(t),t € R1}, it is reasonable to take poly-
nomials in B(t)'s. However, it is known that polynomials are not always ordinary
(generalized) white noise functionals, although they are most basic functions. We
are, therefore, requested to have them modified to invite them to manageable class
by us, namely to (L2)~ or to (S)*. This can be done by, so-to-speak, renormalization
which is going to be explained in what follows.

We start with the linear space .7 spanned by al the polynomialsin B(t),t € R
over the complex number field C.

Proposition 8.1 The set o7 forms a graded algebra:

o = ch

The grade is obviously the degree of a polynomial. We can therefore define the
annihilation operator d; that makes the degree of a polynomial in B(t) decrease by
one. As the dual operator (in a sense) we can define the creation operator 9;* that
makes the degree of a polynomial in B(t) increase by one.

The above operators can be extended to those acting on the general polynomialsin
B(t)’s. Suchasimpleconsideration leads usto definethe partial differential operators
acting on the space (L2)~ as the annihilation operator. It is important to note that
differential operators acting on white noise functionals cannot be analogous to the
differential operators acting on sure functions. In the case of random functions the
definition may seem to be rather simple, however not quite. We haveto be careful for
the definition. For one thing, one may ask how to define a variation of the variable
B(t).

Many reasons suggest usto propose the annihilation operator in place of differen-
tial operator, if, inparticular, thealgebra.«# isconcerned, wherethegradeisdefined. I
the duality istaken into account, it isnatural to introduce creation operator. Thus, we
have to deal with a non-commutative algebra generated by annihilation and creation
operatorsin line with the study of operator algebra.

8.3.2 Renormalizations, a General Theory

We wish to establish ageneral theory of renormalization. For this purpose, we have
to think of the characteristic properties of B(t)'s.

1. Each B(t) iselemental (atomic); hence, it is natural to remind the idea of reduc-
tion of random functions.
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2. Itis, intuitively speaking, ﬁ insize. The differential operator should, therefore,

be quite different from non-random calculus. Formal observations are given, if
permitted:

(@) B(t) may be viewed as a stochastic square root of §;. Compare Mikusinski’s
idea of the square of the deltafunction (See[6]).

(b) A seriousquestionisthat, aswasmentioned before, how adifferential operator
is defined, how to think of §B(t). Isit sure variable or random?

3. If the B(t) is understood to be a multiplication variable, it has to be the sum of
creation and annihilation:

B(t) = + o',

so that we immediately see that its powers generate an algebra involving non-
commutative operators, and so on.

With these facts in mind we shall propose a method of renormalization starting
fromthe algebra <7 in aframework as general as possible. The key roleis played by
the so-called .-transform in white noise theory. We use the notation in white noise
analysis (see [4]). The white noise measure which is the probability distribution of
{B(t),t € RY} is denoted by w. It isintroduced on the dual space E* of a basic
nuclear space E. A member of E* is denoted by x, which is viewed as a sample of
B(t),t € RL.

The Stransform is defined by the following formula: for awhite noise functional
P(X)

(L)) = e 2617 / e p(x)dp(x). (85)

The reasons why we use the .7 -transform are:

(a) Inorder to have generalized functionals, we have to take atest functional space.
Thefunctionexp[(x, &)]isnot only atest functional by itself, but also agenerator
of ordinary white noise functionals.

(b) Therenormalization, that weare going tointroduce, could be, formally speaking,
aprojection of .7 down to the space (L2)~. Theinner product of the exponential
functional and apolynomial defines a projection, since the exponentials generate
the space of test functionals.

(c) The method to be proposed should be applied not only to .o, but also to expo-
nential functionals by the same principle.

With these considerations, we define the renor malization viathe following propo-
sition.
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Proposition 8.2
(i) Let o(B(t)) beapolynomial in B(t). Then

1
(Fo)E) = pE®) +0( ).

where p is a polynomial.
(if) For aproduct [] ¢ (B(tj)) of polynomials [using the same notations asin (i)],

Hpj<s<t,->>+0(]'[d—fj).

The proof is easy. One thing to take note of is how to interpret the symbol éf
A polynomial in B(t) is approximated by that of ATB. Apply the Stransform to find
termsinvolving % . For computation one may compare the Hermite polynomia swith
parameter (with o2 is replaced by E:ILE or ).

We define the renormalization using the notation : - : by

T = (ITricw)). (86)

Theorem 8.1 The operation : - : can be extended linearly to <7 and

(i) itisidempotent, )
(i) it can be extended to exponential functionals of quadratic forms of the B(t)’s.

Remark 8.1 It is difficult to say whether the operation : - : is Hermitian, but : - :
satisfies partly arole of the projection operator.

8.3.3 Exponentials of Quadratic Functionals

Renormalization can be applied to those exponentia functionals through the power
series expansion. According to the well-known Potthoff-Streit characterization of
(S*-functionals, we essentially need to think of the case where the exponent is a
polynomial in B(t)'s of degree at most two. Linear exponent is easily dealt with, so
that we shall be involved only in exponential functionals with quadratic exponent.

Recall the result on the S-transforms of exponentia functions of “ordinary”
quadratic functionals of white noise. Take x € E*(u) and let ¢ (x) be area-valued
Jt-functional with kernel F. Set

f(x) = exple(x)].

Then, we have (from [4]):
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Theorem 8.2 Suppose that the kernel F has no eigenvalues in the interval (O, 4].
Then

(7)) =52 F) Zexp [// Fu, v)g(u)g(v)dudv] ; (8.7)

where F = — £ (Fbeinganintegral operator), andwheres (2; F) isthemodified
Fredholm deter minant.

For the proof of Theorem 8.2, see (8.5) and [2, Sect. 4.6]. Also see[8].

Remark 8.2 Onemay ask why the modified Fredholm determinant isused instead of
the Fredholm determinant. The answer isworth to be mentioned. Roughly speaking,
f(x) isnot quite equal to aquadratic form, but it isarenormalized quadratic form. The
diagonal term is subtracted off from the ordinary expression of quadratic form. This
fact isrelated to the modification of the determinants that appear in the expansion of
the Fredholm determinant.

We now have the theorem:

Theorem 8.3 The renormalization of a functional of the form f (x) = exp[p(X)]
with ¢ quadratic is necessary only when ¢ tends to a generalized functional. In
such a case we have: f(X): just by deleting the factor §(2i; F)‘% of the formula in
Theorem 8.2.

For the proof of Theorem 8.3, use the formulas for Hermite polynomials with
parameter which we shall define below.

Definition 8.1 (Her mite polynomials with parameter)

2\n 2 n 2
.2 (=oD)" & dt
Hn(X; 0%) = n—!ez" me 27,

whereo > 0,n > 0.
The generating function of the Hermite polynomial aboveis

Zt”Hn(x; %) = exp ( — U—;tz + tx).
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Chapter 9
M -Dependence Approximation for Dependent
Random Variables

Zheng-Yan Lin and Weidong Liu

Abstract The purpose of this paper is to describe the m-dependence approxima-
tion and some recent results obtained by using the m-dependence approximation
technique. In particular, we will focus on strong invariance principles of the partial
sums and empirical processes, kernel density estimation, spectral density estimation
and the theory on periodogram. This paper is an update of, and a supplement to the
paper “m-Dependent Approximation” by the authors in The International Congress
of Chinese Mathematicians (ICCM) 2007, Vol Il, 720-734.

9.1 Introduction

Asymptotic theory plays a very important role in modern probability and statistic.
Varieties of important theory were proposed and developed in the last century. Among
them, the law of large numbers, central limit theorem, the moderate and large devi-
ation, weak and strong invariance principle and lots of their variation dominate the
development in limiting theory. Many classical theorems were first proved under
the independent and identically distributed (i.i.d.) assumption, and then extended to
dependent cases. The dependence can often arise in practical and statistical problems
such as time series analysis, finance and economy. There is a large literature on the
properties of mixing random variables and we refer to [17] for an excellent review.
Although the mixing condition is general, there are still many random sequences
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in time series which do not satisfy mixing conditions. A prominent example is the
simple AR(1) process X, = (Xn—1 + €n)/2, where gy are i.i.d. Bernoulli random
variables with success probability 1/2. The process Xy is not «-mixing (cf. [3]).
To capture the dependence structure in time series, a more intuitive way is to assume
that the time series has Markov form

Xn = g(' -y €n-1, 8n)a (9'1)

where {en; n € Z} are i.i.d. random variables and g is a measurable function such
that X, is well-defined. The sequence {X} represents a huge class of processes.
In particular, it contains linear and nonlinear processes including the threshold AR
(TAR) models, ARCH models, random coefficient AR (RCA) models, exponential
AR (EAR) models and so on. To measure the dependence of {Xn}, one can use
the physical dependence measure introduced by Wu [63]. Let {¢*,i € Z} be an
independent copy of {ej,i € Z}. Forn € Z, denote X} by replacing eo with &5 in
Xy defined by (9.1). Set

i>n

The parameter 6 p measures the impact of eg on X,. The assumption >, 6n,p
< oo indicates that when n is large, the overall impact of &, i < 0, on X, is
small. Based on 6n p, {Xn} can be approximated by martingale differences. Let
Dn = D2, Pn(Xi), where 2n(Z) = E(Z|Fn) — E(Z|Fn-1) with Fy =
(..., én-1,&n). The sequence {X,} can be approximated by {Dy,}. For example,
from [63], we have

n
E|S — MalP < Cp > 07, (92)
j=1

for p > 2, where S, = >, Xj and My, = >, Dj. Various limiting theorems
can now be obtained by using the martingale approximation (9.2). For a comprehen-
sive description of many important applications of martingale approximation, we
refer to [32, 63, 64, 67]. Another way to deal with {Xp} in (9.1) is m-dependence
approximation. Roughly speaking, we need to construct a sequence of m-dependent
random variables to approximate {X,}. A simple but useful approximation of Xp
is the projection Xn.m = E[Xn|-Zn—mnl, Where Zn_mn = (én—m, ..., &n). As in
(9.2), we can bound the difference between {Xn} and {Xn.m} by

E(max |§ — S.ml|P) < CpnP208/3,
1<i<n ’ ’

where S = Zijzl Xj,m; see [40]. Various powerful tools can be applied to
the sequence {Xn m}. Such an approximation is intuitive, but never trivial. To deal
with the m-dependent sequence {Xn m}, lots of fine techniques are needed. Finally,
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combining the martingale approximation and m-dependence approximation, we can
also approximate {Xn} by {Dn.m}, where Dnm = E(Dn|-Z#n—mn). The difference
Dn.m is not only the martingale difference, but also is m-dependent. This technique
was used in [42, 43].

In the following sections, we will review some results obtained recently by using
the m-dependence approximation technique. In particular, we will focus on strong
invariance principles (SIP) of the partial sums in Sect. 9.2 the SIP of empirical
processes in Sect. 9.3, kernel density estimation in Sect. 9.4, the theory on peri-
odogram in Sect. 9.5 and spectral density estimation in Sect. 9.6.

9.2 Strong Invariance Principlefor Partial Sums

The strong invariance principles are quite useful and have received considerable atten-
tion in probability theory. It plays an important role in statistical inference. Strassen
[58, 59] initiated the study for i.i.d. random variables and stationary and ergodic
martingale differences. Optimal results for i.i.d. random variables were obtained by
Komlés et al. [34, 35]. Their results can be stated as follows.

Theorem 9.1 (Komlés et al. [34, 35]) Suppose X1, X», ... arei.i.d. random vari-
ables. If EX; = 0 and E|X1|P < oo for p > 2, then we can reconstruct {X,} ina
new probability space and a standard Brownian motion B(t) such that

S — 0 B(n) = 0a5.(n*P), (9.3)

where 02 = EX2.

There are many attempts to extend Strassen and KMT’s theorems to dependent
cases. Papers on such extension to mixing random variables include [11, 12, 16, 36,
51, 55]; to associated random variables include [6, 69]; to various generalization
of martingale include [8, 26, 70]; to various times series include [4, 5, 40, 62]; to
stationary process include [64, 68]. The rates for dependence cases are usually of
the order O(n'/2=") for some 5 > 0 which is slower than the optimal rate O(n'/P).
Using martingale approximation, an interesting paper by Wu [64] obtained SIP for
stationary Markov process with rates O(n'/P)¢, for 2 < p < 4, where ¢, is the
logarithm factor with some power. Apply his result to time series { X} in (9.1), Wu’s
[64] result can be read as follows.

Theorem 9.2 (Wu [64]) IfEXy = 0, E|Xg|P < oo for some2 < p < 4 and
o
D ibip < oo, (9.4)
i=1

then S, — 0 B(n) = Oas (nY/P(logn)/2+1/P(loglog n)?/P), whereo? = >, E
(X1 Xi).
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The rate in Theorem 9.2 is not optimal since the key tool in Wu’s paper is martin-
gale approximation. To get the optimal rate in (9.3), m-dependent approximation was
used in [40]. First of all, we estimate the difference of S, and S, m.

Proposoition 9.1 (Liu and Lin [40])
(i) Supposethat X; € .#9 for someq > 1. Let g’ = min(2, q). Then we have

1Sh— Simlld < CqnOm g,

where Cq is a constant only depending on g.
(ii) Ifg > 2, then

2 2
max — < Cyn®
” 15i§n|8 S,m|”q = q m,q

(iii) If 1 < q < 2, then

_ q qm?2
| max 1S — S.mlllg < Cqndlogmef, q

To review the results in [40], more notations are needed. Let

[2%1]

Ui =D IXil, j=1, §>0,

J/nloglogn if p=2,
xp(M) = nl/p if 2<p<4.

Condition A Let2 < p < 4. Suppose there exists ¢ satisfying0 < ¥ < 1/p such
that for every0 < § < ¥ andevery e > 0,

22i<1*8>19(u,-(5) > EXp(zj)) < 00. 9.5)

=1

Essentially, Condition A is a moment condition on {X,}. It is easy to see that
E|Xg|P*® < oo for some T > 0 implies (9.5). Also Liu and Lin [40] showed that
many time series satisfy Condition A under E|Xp|P < co.

Theorem 9.3 (Liuand Lin [40]) Let2 < p < 4 and let Condition A hold. Suppose
that EXg = 0, E|Xg|P < oo and

(Iogn) i _
@n,p =0(n~ (P 2>/<2(4—p>>—f) if2 < p<4,

for somet > 0. Then
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S — o B(N)| = 0a5.(xp(N)), 9.7

where 02 = EX3 +2 7% EXoXi.

Note that the rate in (9.7) is optimal. Moreover, the dependence assumption (9.6)
is weaker than (9.4) when 2 < p < 10/3.
The following theorem does not need Condition A, but converges at a slower rate.

Theorem 9.4 (Liu and Lin [40]) Let 2 < p < 4. Suppose that EXg = 0,
E|Xo|P < oo and

Onp=0M"", n=>0.

Set r = max(1 — 2n/(1 + 4n),2/p). Then

1Sy — 0 B(N)| = 0as.(N/?%)  for anys > 0. (9.8)
To compare Theorem 9.4 with the results of Wu [64], we need more notations.
Let y/—oo,n = (y_oo’_]_, 86, Ely vy En), jioo’n = ( Cey 8:.:_15 8:), y/_/oo’n =

(FZ .00 €15 - - -, €n). Define g1 (F oo n) = E[9(F—o0,n+1) [F—oc,n] and

ak = 101(F 0o ) —9L(F o lIp. ok = 191(F-0k) — 9 (F  Dlp
By = 119(F oo k) — g(yﬁoo,k)”p-

Theorem 9.5 (Wu [64]) If EXo = 0, E[Xo|P < c0(2 < p < 4), Opp =
O~ and

B+ > min(@ . G_n) = 0™, 5>0, (9.9)

i=n

then |Sy — o B(n)| = 0as.(N?/2(logn)/2), where y = max(1 — 1, 2/p).

It is easy to see that when

./l p—2 p-2
0< n < m|n(Z, T, 2(4—_p)), (910)

we have T < y. That is, the rate in (9.8) is better than 0a.s (n?/?(log n)®/2) under
(9.10). Also there is another restriction (9.9) in Wu’s theorem. It should be pointed
out that Wu [64] considered more general stationary process rather than {Xp} in
(9.1). Moreover, Wu [64] seemed to be the first to get the suboptimal rate O(n%/P)¢,,
for 2 < p < 4 under the dependent case (except Strassen’s pioneer work under
martingale condition).
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9.3 Strong Invariance Principle for Empirical Process

A closely related problem to SIP for partial sums is the SIP for empirical process.
Define the empirical process F (s, t) = 311 (1x,<s) — F(S)), where F(s) is the
distribution of Xy. Let Yk(X) = Lix<x; — F(x) and

(s, s) =EY1(9)Y1(s) + D EY1(5)Yn(s) + D E(Ya(9)Y1(s).

n=2 n=2

The first SIP for empirical process was given in [18]. Kiefer [33] considered the
empirical process F(s,t) as a process with two variables and proved it can be approx-
imated by a Kiefer process with rate O(n%/3(log n)%/3). A stronger result was proved
in [34].

Theorem 9.6 (Komlds et al. [34]) Suppose Xi, X2,... are i.i.d. random
variables. One can define a Kiefer process K(st) with covariance function
min{t, t'}I'(s, s') such that

sup [F (s, n) — K(s,n)| = Oas ((logn)?). (9.12)

seR
Extensions to multivariate empirical processes can be found in [21, 44, 49, 50]. We
refer to [22, 29] for a survey of results on SIP for empirical process under i.i.d. condi-
tion. Various generalizations have also been done without independence assumptions
and most of them were focused on mixing sequences or some special processes. For
example, assuming {Xp} is a sequence of strong mixing and uniform random vari-
ables with certain mixing rates, Berkes and Philipp [10] proved (9.11) still holds
with the rate replaced by O(n'/2/(log n)*) for some A > 0. Berkes and Horvath [9]
considered the SIP for empirical process for GARCH process. The invariance prin-
ciple of weighted empirical process Fq(s, t) = q(s) Z[ktil(l{xkfs} — F(s)) has also
been considered in literature. Shao and Yu [56] obtained some results concerning the
weak convergence Fq(-, n)/+/N = q(-)B(-), where B(-) is a Gaussian process with
covariance function I'(s, s'). Their results extended the Chibisov-O’Reilly Theorem
to the case of dependent random variables. For other work under mixing conditions,
we refer to [23, 45]. A recent paper by Wu [65] considered the weak invariance
principle of Fq(s, t) for the stationary process {Xpn} in (9.1). The SIP for weighted
empirical process was proved in [39] for { Xp} in (9.1) by m-dependence approxima-
tion. To introduce the results in the latter paper, we need some conditions.

Suppose the weighted function satisfies
la(s)| < C(1 +|sP? forsomeq > 0.

Let Fx, .7, (X) = E(1x,<xj|-%0) be the conditional distribution of X; given .7y =
(...,&_1,€0). Suppose that forsome 0 < C < oo, 0 <v<1landany X,y € R,

FX1|(% (X) - Fxl\ffg (y) = C|X - Y|V a.s. (912)
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Condition 1 Let q=0, assume (9.12) and that
]P’(|Xn = n_e/") =0 forsomed > 2.

Condition 2 Let q > 0 and assume (9.12 holds. Assume that E| X |24+ < oo for
some$ > 0 and 6n2q = [ Xn — Xpllg = O(p") for some 0 < p < 1. Let Fyy(X)
be the distribution function of g and assume that

Fe, (X) is Lipschitz continuous on R. (9.13)

Suppose that G, = G(. .., en_1, &n), Where G is a measurable function.
Condition 3 Letq > 0 and assume (9.13)holds. Suppose that X, = agen + Gn-1
and

E(leo|?91(e0/<x)) 1S Lipschitz continuous on R. (9.14)

Let E|Gn|29+2 < oo and On 2q+2 = O(n~?) for somed > 0.

Condition 4 Letq > 0 and assume (9.13) holds. Supposethat X, = chio ajen_j
and (9.14) holds. Let E|eo|MX(24:2+ < oo for some s > 0 and 352, laj| =
O(n~?) for some 6 > 0.

Theorem 9.7 (Liu [39])

(i) Suppose Condition 1 holdsand q(s) = 1. There exists a Kiefer process K (s, t)
with covariance function min{t, t’}I°(s, s') such that for some A > 0,

sup |F (s, n) — K(s, n)| = O(n’?(logn)™) a.s. (9.15)

seR

(if) Assume that Condition 3, Condition 3 or Condition 3 holds. Then for some
A >0,

sup |Fq(s, n) — q(s)K (s, n)| = O(n*?(logn) ™) a.s.

seR

9.3.1 Linear Process

Let Xn = > 72p @ en—i With {an} satisfying |an| = O(p") for some 0 < p < 1.

Corollary 9.1 Let q(s) = 1 and assume (9.13) holds. Suppose that |an| = O(p")
for some0 < p < 1 andE(log™ |eo])P < oo for some p > 2. Then (9.15) holds.
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9.3.2 Nonlinear AR Model

Define the nonlinear autoregressive model by

Xn = f(anl) +én, NE€ Z, (916)
where | f(X) — f(y)| < p|x — Y|, 0 < p < 1. Special cases of (9.16) include the
TAR model (cf. [61]) and the exponential autoregressive model (cf. [31]).

Corollary 9.2 Letq(s) = 1 andassume(9.13) holds. Supposethat E(log™ |go|)P <
oo for some p > 2. Then (9.15) holds.

9.3.3 GARCH Model

We only consider GARCH (1,1) process and similar results can be proved for
GARCHY(p, q) processes and augmented GARCH processes. Let Xy satisfy the
following equations:

Xk = okék, (9.17)
o2 =8+ Bop_| +aX_,, (9.18)

where § > 0 and B8, « are nonnegative constants. The GARCH process was intro-
duced by Bollerslev [14]. Equations 9.17 and 9.18 admit a unique stationary solution
if and only if Elog(8 + asg) < 0; see [47]. The solution can be written as

Xk :(SZSKH('B_’_‘XSI%fj)-

i=1 j=1
Corollary 9.3 Let q(s) = 1, assume (9.13) holds and that E(log™ |eg|)P < oo for
some p > 12. Suppose that E log(8 + agg) < 0. Then (9.15) holds.

To get (9.15) for GARCH (1,1) process, Berkes and Horvath [9] assumed
E(log™ |eg|)P < oo for some p > 36.

9.4 Kernel Density Estimation

Let f(x) be the density function of Xp. Let

n

F(X) = n—tl)n > K (X"b: )

k=1
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be the kernel density estimate of f. Asymptotic properties of f,(x) have been widely
discussed under various dependent conditions; see [15, 27, 30, 52, 53, 60, 63, 66].
To assess shapes of density functions so that one can perform goodness-of-fit and
other specification tests, one needs to construct uniform or simultaneous confidence
bands (SCB). To this end, we need to deal with the maximum absolute deviation
over some interval [, u]:

— v/nby
Bn = .EQQU WI fan(X) — Efn(X)].

In an influential paper, Bickel and Rosenblatt [13] obtained an asymptotic distribu-
tional theory for A, under the assumption that X; are i.i.d.
(C1). There exists 0 < 8, < 81 < 1 such that n=% = O(by,) and b, = O(n~%),
(C2). The density function f. of ¢ is positive and

sup[| f 001 + [ f,001 + 1 £/ (0[] < oo0.
xeR

(C3). Thesupportof Kis[-A, A], Kis differentiable over (— A, A) and the left (resp.

right) derivative K’(— A) (resp. K’(A)) exists,and sup |K’(x)| < oo. The Lebesgue
[X|<A

measure of the set {x € [—A, A] : K(x) = 0} is zero. Let Aix = [ K2(y)dy, Ky =
[K2(—A) + K2(A)]/(2xk) and Ko = [2, (K'())2dt/ 22k ).

Theorem 9.8 (Bickel and Rosenblatt [13]) Suppose X1, Xa, ... arei.i.d. random
variables and (C1)—(C3) hold. Then we have for every z € R,

P ((2 logb~1)Y2 (Ap — dn) < z) e (9.19)
whereb = b, /(u — 1),

dn = (2logb™1)1/2 +

— I —logl

if K1 > 0, and otherwise

Kj/?

= (2logh™1)1/? _ | .
th = (2logb™) +(2I0gb—1)1/2 g 21/2

Itisavery challenging problem to generalize their result to dependent random vari-
ables. In their paper Bickel and Rosenblatt applied the very deep embedding theorem
of approximating empirical processes of independent random variables by Brownian
bridges with a reasonably sharp rate. For dependent random variables, however, such
an approximation with a similar rate generally can be extremely difficult to obtain. In
1998, Neumann [48] made a breakthrough and obtained a similar result for 8-mixing
processes whose mixing rates decay exponentially quickly. Such processes are very
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weakly dependent. Significant improvement on weakening dependence assumption
was recently made by Liu and Wu [42]. Using m-dependence approximation together
with martingale approximation, they showed that (9.19) still holds for a wide class
of time series even including some long-range dependent processes. To state their
result, we first assume that X, satisfies

Xn =agen +9(..., en—2, en—1) =: Apen + 9(én_1). (9.20)

(C4). Suppose that X; € ZP for some p > 0. Let p’ = min(p, 2) and ®, =
Zin=o eipp//z_ Assume ¥y, y = O(n~7) for some y > §1/(1 — 61) and

o0
Zpbn~! = o(logn), where %, = Z (Onik — Op)2.

k=—n

Theorem 9.9 (Liu and Wu [42]) Suppose that (C1)-(C4) hold and { X} satisfies
(9.20). Then (9.19) holds.

Liu and Wu [42] also considered the case when X satisfies the general form
in (9.1). Let F,(-) be the conditional distribution function of » given &, and let
fp1e (X) = 0F; e (X)/0x be the conditional density.

Conditions (C2) and (C4) are replaced respectively by (C2)’. The density function
f is positive and there exists B < oo such that

supl| fx, a1 (X)| + |f>’<n|§n71(x)| -+ | f)/(/n|§n—l(x)|] < Balmost surely.
X

(C4)’. Suppose that X1 € .ZPand 0y p = O(p") forsome p > 0and0 < p < 1.

Theorem 9.10 (Liu and Wu [42]) Under (C1), (C2)’, (C3) and (C4)’, we have
(9.19).

9.5 The Maximum of the Periodogram

Let
n 2
Inx(@) =n" > Xcexpliok)|, we o,
k=1

denote the periodogram of random variables X, and

Mn(X) = 1Tjai(q Inx(@j), wj=2mj/n,

where g = gn = max{j : 0 < wj < &}, thatis g ~ n/2. Define the spectral density
function of {Xn} by
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1 .
f(w) = > é EXo Xk exp(ikw)

and suppose that

f* :=min f(w) > 0. (9.21)
weR

Primary goals in spectral analysis include estimating the spectral density f and
deriving asymptotic distribution of I x (w). There are extensive literature on various
properties of the periodograms. Among them, An, Chen and Hannan [1] obtained
the logarithm law for the maximum of the periodogram; Davis, Mikosch [24] and
Mikosch et al. [46] obtained the asymptotic distribution for the maximum of the peri-
odogram under the i.i.d. and linear process cases, the heavy-tailed case respectively;
Fay and Soulier [28] obtained central limit theorems for functionals of the peri-
odogram; Liu and Shao [41] obtained Cramér-type large deviation for the maximum
of the periodogram; Shao and Wu [57] obtained asymptotic distributions for the peri-
odogram and empirical distribution function of the periodogram for a wide class of
nonlinear processes.

When Xn = >’ 7z aen_i, Davis and Mikosch [24] derived the following
theorem.

Theorem 9.11 (Davis and Mikosch [24]) Let X, = Zjez ajen—j and assume
(9.21) holds. Supposethat Eeg = 0, E|eo|® < oo for somes > 2and Y., 1j|/?]aj| <
oo. Then

X I x()/(2rf (@) ~ logd = G,

where G has the standard Gumbel distribution A (X) = exp(—exp(—x)), X € R.

The Fourier transforms of X, in (9.1) can be approximated by the sum of m-
dependent random variables. Set

Xk(m) = E[Xklek—m, ..., &k], ke Z,m=>0.

Proposition 9.2 (Lin and Liu [37]) Supposethat E| Xp|P < oo for some p > 2 and
O9,p < co. \e have

n
sup E} Z(Xk — Xk(m))exp(iwk) P < CpnP20R, ;.
k=1

weR

where Cp, is a constant only depending on p.

Lin and Liu [37] considered the periodogram of the functionals of linear process.
Let

Yo =D ajen_j. and Xn = h(Yn) — Eh(Yp), (9.22)
jez
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where ZjeZ |aj| < oo and his a Lipschitz continuous function. By Proposition ,
Lin and Liu [37] obtained the following:

Theorem 9.12 (Lin and Liu [37]) Let X,, be defined in (9.22). Suppose that (9.21)
holds, and

Eeg =0,Es3 =1 and Z laj| = o(1/ logn).

[il=n
(i) Suppose h(x)=x,
EeZ! {|eol > n} = o(1/ logn). (9.23)
Then

1Tjai(q In,x(@j)/@rf(wj)) —logg = G. (9.24)

(ii) Suppose h is a Lipschitz continuous function on R. If (9.23) is strengthened to
Ee3 1 {|eo| > n} = o(1/(log n)?), then (9.24) holds.

Lin and Liu [37] also established (9.24) for X, in (9.1).

Theorem 9.13 (Lin and Liu [37]) Suppose that EX; = 0, E|X;|® < oo for some
s> 2and ©p s = 0(1/ log n). Then (9.24)holds.

The condition ®n s = 0(1/logn) above is mild and easily verifiable. Many
nonlinear models, such as GARCH models, generalized random coefficient auto-
gressive model, nonlinear AR model, Bilinear models, satisfy ®,s = O(p") for
some 0 < p < 1 (see [57]).

9.6 Spectral Density Estimation

Define the spectral density estimation

Bn
1 .
fn(/\)ZE > P (a(k/Bn) exp(—ika),
k=—Bn

where f (k) = n~1 Z?;‘lk' Xj Xj4k» Kl < n, a() is an even, continuous function
with support [-1, 1], a(0)=1, B, is a sequence of positive integers with B, — oo
and B,/n — 0. Spectral density estimation is an important problem and there is
a rich literature. However, restrictive structural conditions have been imposed in
many earlier results. For establishing the asymptotic normality on fa(A) —E fh(X) :
Brillinger [18] assumed that all moments exists and cumulants of all orders are
summable. Anderson [2] dealt with linear processes. Rosenblatt [54] considered
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strong mixing processes and assumed the summability condition of cumulants up
to eighth order. There has been a recent surge of interest in nonlinear time series.
Chanda [20] considered a class of nonlinear processes. But his formulation does
not include popular nonlinear time series models including GARCH, EXPAR and
ARMA-GARCH. Shao and Wu [57] considered X, = g(..., en—1, &n). But they
assumed that E|Xo|P < oo and 6n p = O(p") forsome 0 < p < 1, p > 4. Their
restrictions of course exclude the short memory linear process Xn = ;<7 @jén—j
with Zjez laj| < oco.
The summability condition

> leum(Xo, Xmy. Xy Xmg)| < 00 (9.25)
mg,mp,mze”Z

are commonly checked (or imposed) in the above literature. It is unclear that whether
(9.25) holds when Zn =0 0,4 < 0. Toavoid (9.25), the m-dependent approximation
and martingale approximation were used in [43]. Let

Xt == Xtm = E(Xtlet—m, - - - » &) = E(X¢|Ft—mt), m >0,

and
o v
Wmp = Z Gfp , where p' = min(2, p).
j=m

Proposition 9.3 (Liu and Wu [43]) Assume EXg = 0, E|Xg|?P < oo, p > 2 and
®o,2p < o0. Let

L= Z aj/_ijXjfandEn: Z Olj/_j)~(j)~(jf,
1<j<j'=n 1<j<j'=n

wherear, az, ..., € C. Let Ay = (301 |as|?) 2. Then

ILn — ELn — (Lo = ELn)Ilp .
< Cpd , wheredmg = min(&; g, ¥ .
nt/2 An®o,2p = —ptm.zp. 1 m.q g(; (®r.a, Ym+1,9)

Proposition 9.4 (Liu and Wu [43]) Assume EXo = 0, Xg € Z*and O 4 <
Let oj = Bje'!*, wherer € R, Bj e R,1-n<j < -1, me NandLj
> 1<j<ten®j-tXjXt. Define

Q.

o
Dk = Ak — E(Acl-Zk-1), where Aq = D E(XtklFie",
t=0

and M, = > D th;ll aj_tDj, where - denotes complex conjugate. Then
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|Cn —ELp — Myl 12
< CV, , whereV,
g = CVm (B m(B)
—n—-1
_ 2 . a. 2
=, max B +mj_zllﬁj Bi-1l*.

The following theorem was proved using Propositions 9.3 and 9.4.

Theorem 9.14 (Liu and Wu [43]) Suppose that EXy = 0, Exé < oo and

,/Bl{ fa(h) — E(fa(1)} = N(O, 02(1), (9.26)
n

where o2(A) = {14 (20} f2(1) [, a2(t)dt and (%) = 1 if » = 2k for some
integer kand n(A) = 0 otherwise.

The assumption > 6i 4 < oo in Theorem 9.14 is obviously much weaker than
On,p = O(p"). The theorem holds for the short memory linear process. In fact, it
includes the more general case, i.e. the linear process with dependent innovations.

Corollary 9.4 Let X,, = Z‘j’io ajYn—j, n € Z,and Yy = g(..., en—1, &n) With
EYn = 0. Supposethat 372, aj| < coand 372, 6j 4(Y) < oo. Then (9.26) holds.
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Chapter 10
Variable Selection for Classification
and Regression in Large p, Small n Problems

Wei-Yin Loh

Abstract Classification and regression problems in which the number of predictor
variables is larger than the number of observations are increasingly common with
rapid technological advances in data collection. Because some of these variables
may have little or no influence on the response, methods that can identify the unim-
portant variables are needed. Two methods that have been proposed for this purpose
are EARTH and Random forest (RF). This article presents an aternative method,
derived from the GUIDE classification and regression tree algorithm, that employs
recursive partitioning to determine the degree of importance of the variables. Simu-
lation experiments show that the new method improves the prediction accuracy of
several nonparametric regression models more than Random forest and EARTH.
Theresultsindicate that it isnot essential to correctly identify all the important vari-
ablesin every situation. Conditions for which this occurs are obtained for the linear
model. The article concludes with an application of the new method to identify rare
moleculesin alarge genomic data set.

10.1 Introduction

Consider the problem of fitting anonparametric regression model to aresponse vari-
abley on p predictor variables, Xp = (X1, X2, ..., Xp). L&t u = u(xp) = E(y[Xp)
denote the conditional mean of y given x, and let /in(Xxp) be the value of
at xp estimated from a training sample of size n. The expected squared error is
Elin(Xp) — ,u(x";))]z, where X7, is an independent copy of X, and the expectation
is over the training sample and xj,. In many applications, the mean function 1(xp)

may depend on only asmall but unknown subset of the x; variables. We call thelatter
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variables “important” and the others “unimportant.” If nis fixed and the number of
unimportant variables increases, the expected squared error typically increases too.
This occurs even for modern nonparametric fitting algorithms that perform variable
selection on their own.

Toseethis, letn = 100, p > 5, and xp be avector of mutually independent and
uniformly distributed variables on the unit interval. Consider the six models

y = B[2SiN(rX1X2) + 4(X3 — 1)® + 2X4 + Xs] + £/5 (10.1)

y = 10"  exp(4x1) + 4[1 + exp(—20%2 + 10)] > + 3x3 + 2x4 + X5 + ¢ (10.2)

Y = X1+ 2X2 + 3X3 + 4X4 + 5X5 + & (10.3)
y = 5[2SiN(4m X1X2) 4+ 4(X3 — 1)% + 2X4 + X5] + &/5 (10.4)
y = 10(X1 + X2 + X3 + Xa + X5 — 5/2)2 + £/10 (10.5)
y = sgn[(2x1 — 1)(2xz — 1)1(3X3 + 4X4 + 5Xs) + & (10.6)

where ¢ is independent standard normal. Models (10.1) and (10.2) are used in [5].
Model (10.3) islinear and Model (10.4) isaminor modification of (10.1) with 4s in
place of 7. Models (10.5) and (10.6) have strong interaction effects.

Figure 10.1 shows estimated values of the expected squared errors of MARS [5],
GUIDE [6], and Random forest (RF) [1] for these six models for p=5, 20, 50,
100, 200, and 500. Each estimate is based on 600 simulation trias; the simulation
standard error bars are too small to be shown in the plots. GUIDE fits a piecewise-
linear regression tree using stepwise regression in each node of the tree. Random
forest isan average of 500 piecewise-constant regression trees. Theinitial rapid rise
in the expected squared error as p increases is obvious. MARS is best in one model
and worst in three; RF is best in two and worst in three; and GUIDE is best in two
and worst in none.

Can the expected squared errors of these regression methods be reduced by pres-
electing a subset of the predictor variables? To this end, several approaches for
assigning “importance scores’ to the predictors have been proposed. Random forest
itself producesimportance scores asby-products. Recall that theal gorithm constructs
an ensemble of piecewise-constant regression trees from bootstrap samples of the
training data. The observations not in abootstrap sample are called the “oob” (out of
bag) sample. To measure the predictive power of avariable x;, the expected squared
error of each treeis estimated twice with the oob sample, once with and once without
randomly permuting their x; values. A small difference between the two error esti-
mates indicates that the variable has low predictive power. The importance score
assigned to X; isthe average of the differences across the trees in the ensemble.

A strength of RF isits applicability to al datatypes, including data with missing
values. Simulations show, however, that its importance scores can be unreliable
because their variances depend on the type of predictor variable. Variablesthat allow
more splits, such as categorical variables with many categories, have scores with
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symbols

larger variances. One proposed solution [10] replaces the split selection procedure
with permutation tests and changes bootstrap sampling to sampling without replace-
ment.
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Neither RF nor this modification [10] gives a threshold value of the scores for
identifying the important variables. This problemissolved in [11] by supplementing
the training sample with a set of artificially created variables obtained by randomly
permuting the real predictor variables. A variable is declared important if itsimpor-
tance score is larger than the 75th percentile of the scores of the artificial vari-
ables. The process is repeated several times on the residuals to select additional
real variables. One disadvantage of adding artificial variables is that it increases
the computational requirements. A simpler solution [4] adds thirty independent and
uniformly distributed artificial variablesto thetraining dataand takesthethreshold to
be two times the mean of the importance scoresfrom the artificial variables. Because
Random forest is biased toward selecting variables that allow more splits, however,
this approach yields incorrect resultsif al the x; variables are nominal-valued.

EARTH [4] triesadifferent approach by ranking the x; variables according to the
strength of its relationship with the y variable. For each X;, a user-specified number,
m, of points from the training sample are randomly chosen. A short, narrow tube is
constructed around each chosen point, with axis in the x; direction. A polynomia
(usually first order) model is fitted to the data in the tube and the F-statistic for
testing the null hypothesis that E(y) is constant within the tube is computed. The
tube length is gradually increased to find the largest value of the F-statistics. The
importance score | (x;) for x; is the average of the sguare roots of the maximal
F-statistics over the m points. To determine a threshold for the scores, the whole
processisrepeated with the y-valuesrandomly permuted to obtain the corresponding
scores | *(x;). Variable x; is declared unimportant if the difference | (x;) — 1*(x;) is
less than a pre-specified multiple of the standard deviation of thel*(x;). Simulation
resultsin [4] show that if EARTH is used to select variables before application of
GUIDE or MARS, their expected squared errors can be reduced. EARTH is not
applicable, however, if either y or some x; are categorical (i.e., hominal-valued)
variables.

Yet another method [3], applicable only to discrete-valued x;, randomly selects
subsets of the x; variables to optimize the total variation of the y values within the
partitions defined by the values of the selected variables. The method appears to be
practicable only for binary-valued x; variables, and it isnot applicableto categorical
y variables. In the next section, we introduce a new variable selection method based
on the GUIDE algorithm that does not have such limitations.

10.2 GUIDE Variable Selection

A classification or regression tree algorithm typically partitions the data in a node
of atree with a split of theform “x; < ¢” (if x; isan ordered variable) or “x; € S’
(if x; isacategorical variable). Many algorithms, such as CART [2], search for the
best x; and c or S simultaneoudly, by optimizing a measure of node impurity such
as entropy (for classification) or sum of squared residuas (for regression). Besides
being computationally expensive, this approach creates a bias toward selecting vari-
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ables that allow more splits of the data—see [6, 7]. To avoid the bias and to reduce
computational cost, GUIDE uses chi-squared tests to choose the x; variable before
searching for cor S.

Consider first the classification problem, wherey isacategorical variable. At each
nodet and for each x variable, GUIDE computes the significance probability q(x, t)
of the chi-squared contingency table test of independence between y and x, with the
values of y forming the rows of the table. If x is a categorical variable, its labels
form the columns of the table. If x is an ordered variable, its range is split into K
intervals to form the columns. The value of K is determined by the sample size n(t)
int. If n(t) < 40, then K = 3; otherwise K = 4. The specific stepsfor aJ-valued y
variable may be briefly stated as follows.

Algorithm 1 Variable and split selection for classification.

1. For each ordered variable x;:

a. Group the values of x; into K intervals with approximately equal numbers of
observations in each group.

b. Forma J x K contingency table, with the values of y asrows and theintervals
of x; as columns.

2. For each categorical variable x;:

a. Let m; denote the number of distinct values of x; int.
b. Forma J x m; contingency table, with thevaluesof y asrowsand the categories
of x; as columns.

3. Compute the P-value q(x;, t) of the chi-squared test of independence.

4. Find Xlz(xi , 1), the upper q(x;, t)-quantile of the chi-squared distribution with
one degree of freedom.

5. Let x* bethevariablewiththesmallest q(x;, t). If x* isan ordered variable, split
t into two subnodes at the sample median of x*. If x* is categorical, split t with
the procedure detailed in [7].

Thisalgorithm is applied recursively to construct a binary tree with four levels of
splits. The importance score of variable x is

IMPO) = D" /nt)xZ(x. 1) (10.7)
t

where the sum is over the intermediate nodes of the tree. A similar procedure is
followed for regression, except that at each node, vy is first converted to a binary-
valued categorical variable y’ that takes value 1 if y is above its node mean and O
otherwise.

If x is independent of y, the score IMP(x) is a weighted sum of approximately
independent chi-squared random variables, each having one degree of freedom.
By the Satterthwaite [8] method, its distribution can be approximated by a scaled
chi-squared distribution. We use the upper p~1 th-quantile of the latter distribution
as the threshold for identifying the important variables.
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Figures 10.2, 10.3 and 10.4 compare the probabilities with which variables
X1, X2, . . ., X5 are selected by the our GUIDE method, EARTH and RF (thelast using
the thresholding method of [4]) for simulation models (10.1)—10.6). Theresultsare
based on 600 simulation trials with n = 100 and p = 5, 20, 50, 100, 200, and 500,
yielding standard errorsof 0.02 or smaller. For p=5, i.e., when there are no unimpor-
tant variables, our method is almost always best, sometimes by wide margins—see
Fig. 10.4. But when there are many unimportant variables, e.g., when p = 500, RF is
best and our method is a distant third.

The large probabilities with which EARTH and RF select the important variables
come at the cost of larger numbers of unimportant variables being selected as well,
as shown in Fig. 10.5 which plots the average number versus p (on the logarithmic
scale) for each model. The higher false positive rates may be seen in Fig. 10.6 too,
which shows the mean number of variables selected by each method when E(y) is
constant, independent of all the x variables. In this situation, EARTH and RF have
false positive rates of about 10% compared to 1% for our method.

To see how the results change if some of the x variables are correlated, we follow

[4] by generating xi = ®(z),1 = 1,2,...,9, where @ is the standard normal
distribution function, (z1, zo, . .., Zg) is multivariate normal with zero mean and
covariance matrix
1.0 0.9
1.0 0.9
10 0.5
1.0 0.20.2
¥ =109 1.0 (10.8)
0.9 1.0
0.5 1.0
0.2 1.00.2
0.2 0.21.0

and x; independent and uniformly distributed on the unit interval for i = 10, 11,
..., p. Thusxy and xs arehighly correlated, asare x, and xg; X3 ismoderately corre-
lated with X7, and x4 is moderately correlated with xg and Xg. Note that xg, X7, Xg,
and xg do not appear explicitly in models (10.1)—(10.6). Figures 10.7, 10.8 and 10.9
show the resulting selection probabilities for p = 10, 20, 50, 100, 200, and 500. The
high correlation between x; and Xs increasestheir selection probabilitiesfor all three
methods in models (10.1)— (10.3), and (10.5) and decreases them in model (10.4).
The odd exception is model (10.6), where the probabilities are increased for RF but
decreased for EARTH and GUIDE.

10.3 Expected Squared Error

Because increasing the probability of selecting the important variables inevitably
leads to more unimportant ones being chosen, a better way to compare the variable
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selection methods isin terms of their effect on prediction error. Figure 10.10 shows
the simulated expected squared errors of GUIDE, MARS, and RF with (solid lines)
and without (dashed lines) each of the three variable selection methods, for the
constant model with mutually independent predictor variables. The training sample
sizeis 100, test sample size is 1000, and p = 5, 20, 50, 100, 200, 500. Owing to its
lengthy computation time, the results for EARTH when p = 500 are based on 300
simulation trials; the others are based on 600 trials. Simulation standard errors are
less than 0.015.
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Fig.10.7 Variable selection probabilities; x; dependent; simulation SE < 0.02
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Fig.10.8 Variable selection probahilities; x; dependent; simulation SE < 0.02 (cont’d.)
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Fig.10.10 Expected squared errors for the constant model y = ¢, with ¢ standard normal and
independent predictors, simulation SE < 0.015. Dashed and solid lines indicate before and after
variable selection

Theresultsshow that the expected squared error of MARSIisreduced substantially
by al three variable selection methods, with the GUIDE selection method giving the
greatest reduction. On the other hand, all three variable selection methods increase
dlightly the expected squared error of RF, although its values are aready low to
begin with. The GUIDE selection method is the only one that reduces the expected
squared error of the GUIDE fitting method for all values of p—seethe middle panel of
Fig. 10.10.

Figures 10.11 and 10.12 give the corresponding results for the non-constant
models (10.1)—(10.6). The conclusions are similar: the GUIDE selection method
tends to reduce the expected squared error of all three regression methods more than
the EARTH and RF selection methods. Figures 10.13 and 10.14 show the results
when the x; variables have the dependence structure in (10.8). Again the GUIDE
selection method is more effective than EARTH and Random forest in reducing
the expected sgquared error of all three regression methods. Figure 10.15 shows the
computation times (in s) required by each method for each model and various values
of p. EARTH isby far the most time consuming and GUIDE isthe least. Further, the
computation time of EARTH increases with p much faster than that of the other two
methods.

10.4 Some Theory for Linear M odels

It is natural to expect a variable selection procedure to degrade the performance of
afitting method if there are no unimportant variables in the data. Careful inspection
of Figs. 10.11 and 10.12 shows, however, that all three variable selection methods
(GUIDE, EARTH and RF) decrease the expected squared error of RF in al six
simulation models even for p=5, where every variable is important! This rather
counter-intuitive behavior can be shown to occur in linear models too.
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Fig.10.11 Expected squared errorsfor models 1-3, with ¢ standard normal and independent predic-
tors. Dashed and solid lines correspond to before and after variable selection. Simulation error bars
are too small to be shown

Let Bi be a p;-dimensiona vector and X; an n x p;-dimensional matrix, for
i =1, 2,3, suchthat

y = X181+ XoB2 + X33 + .

Assume throughout that

B3=0

(10.9)

(10.10)

that is, the variablesin X3 are unimportant. The correct model is then
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y = X1B1+ X2B2 + ¢. (10.11)

Let Zo = (X1,X2) and B = (B1, B2), With least-squares estimate 8 =
(Z’ZZZ)*lz’Zy. Let x; be a p;-dimensional vector, for i=1, 2, 3. The mean of y
a (X, x5) is u = XyB1 + 5Bz with least-squares estimate io = (X}, X5)B.
For i=2 and 3, define Hy = X1(X;X1)71X], Li = X X)X\ X, and M; =
(X{(1I = H)Xi)~L. Then (see, eg., [9, p. 231])

ro o1 XXD T+ LoMaLl)y —LoMo
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Let X = (X1, X2, X3). The expected squared error is

E(fio — 1)? =E[Var{(x}, x5) BIX, X1, X2}]

=02E { (X}, X5)(Z5Z2) L

=0°E (X1, X5)

X1
X2

—ML)

(X{X1) ™+ LaMoLs, —L oMy

M2

X1
X2
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Fig.10.14 Expected squared errors for models 46, with ¢ standard normal and dependent predic-
tors. Dashed and solid lines correspond to before and after variable selection. Simulation error bars
are too small to be shown

(X1X1) 711 + LoaMa(L5X1 — X2)
—Ma(L5X1 — X2)

=02 E{X} (X[ X1)TIx1 4 (LhX1 — x2)'Ma(Lbx1 — X2)}. (10.12)

=02E { (X}, X5)

Suppose that we mistakenly exclude X» and include X3 instead. That is, we fit
the incorrect model

y = X181+ X3B3 + ¢. (10.13)
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Fig.10.15 Variable selection computation time per data set plotted on log scales
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where we use theidentity L5X’ X1 = X5X1. Thereforeits expected squared error is
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~ 2
E(i1 — w)? =E [{xjL2 — X5 + (X{L3 — X)M3a(L3X} — X3)X2}B2]
+62E [{x’l(x’lxl)—lx/l + (L3 — XpMa(LsX] — X5))
X X1 0X4X0) ™ + (Xals — Xa)Ma(Lpxa — xa)) |
=E [(XiL2 — X, + (X4L3 — X)Ma(L5X; — X5)X2}B2]°
+0%E [x(XiX0) X1 + (Lpxa — xg)/ Ma(Lixs — xa)]
and the increase in expected squared error is
E(i1 — w)? — E(flo — w)? =
E[{(L5X1 — X2) + (LgX1 — Xx3)'M3(L5X] — X5)X2) 212 (10.14)

+ 0 ?E[(Lx1 — X3)'M3a(LiXs — X3) — (L5X1 — X2) M2(L5x1 — X2)].
Consider the following three situations:
1. Underfitting. Suppose that p3 = 0. Then X3, L3 and M 3 vanish and
E(f1—w? - E(fo—w? = El(Lyx1 —x2)' B21* — 0 *El(Lyx1 —x2) M 2(Lpx1 —X)].

Thus E(fi1 — )2 < E(fig — w)? if and only if

E[(L5X1 — X2)'B2]? < 02E{(LoX1 — X2)/Ma(L5X1 — X2)}. (10.15)
Further,
E(i1—w? | ElLxa —x2)B2]* — 0?E[(L5HX1 — X2)'Ma(LhXs — X2)]
E(fo — n)? o 2E{X) (X1 X1)7Ix1 + (L5X1 — X2)/M2(LoX1 — X2)}

B E[(L5X1 — Xx2)'M2(L5X1 — X2)]
E{x) (X[ X1)71x1 4+ (L5X1 — X2)'M2(L5X1 — X2)}

aspBr — 0.1f pp =1, i.e, B2 isrea-valued, condition (10.15) reduces to
BSE[(LoX1 — X2)°] < 0*E[M2(L)X1 — X2)°].

Figure 10.16 shows a graph of the ratio of expected squared errors as a function
of B2/o for p1 = 5, 10, 30,50, 70,90, p2 = 1, n = 100, the first predictor
variable being one and the other predictorsindependent and uniformly distributed
ontheunitinterval. Theratios are estimated by simulation with 1000 test samples
and 1000 simulation trials, yielding simulation standard errors less than 0.01.
We see that the threshold value of B2/o for which underfitting is advantageous
increases with ps.

2. Overfitting. Suppose instead that pp = 0. Then B2, Xo, L2, and M2 vanish
and the increase in expected squared error is non-negative because M 3 is positive
definiteand E(f1 —p)* — E(fto—w)* = 0 *E[(L 3x1 —X3)' M3(L 3x1—X3)] = 0.
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Fig.10.16 Simulated values
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3. Under and overfitting. Suppose that p; = p3 and the distribution of (x1, X2) is
the same asthat of (x1, X3). Then theincrease in expected squared error isaways
positive, because

E(fi1 — )% — E(fio — w)?
= E[{(L5%X1 — %2)' + (L3x1 — x3)'M3(L5X] — X5)X2} 21

10.5 Application to Real Data

We now compare the variable selection methods in an application to quantitative
high-throughput screening of the enzyme pyruvate kinase. The data, obtained from
the National Chemical Genomics Center (NCGC), consist of measurements on p =
5,444 chemical properties (x variables) of 46,229 compounds. Each compoundisalso
measured for itslevel of inhibition (y variable) of the biological activity of pyruvate
kinase. A compound is considered to be an inhibitor if y < —5. Figure 10.17 shows
a histogram of the y values; only one percent of the compounds are inhibitors. Our
goas are: (1) to identify the chemical properties that are predictive of an inhibitor
and (2) to use this information to predict whether a new compound is an inhibitor.
We employ ten-fold cross-validation to compare the methods. That is, we randomly
divide the data set into ten roughly equal parts, use each part in turn as the training
set to identify the important variables and to build a prediction model, and then use
the other nine-tenths as a test set to assess the accuracy of the predictions. Thus the
number of compounds, n, in each training set is approximately 4,623, which isless
than p.

First, wetreat thisasaregression problem, i.e., weuseour GUIDE and RF variable
selection methods to identify the important variables and then apply three different
nonparametric regression methods (GUIDE piecewise-linear regressiontree, MARS,
and RF) to the selected variables to predict the test sample y values. Figure 10.18
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Fig.10.17 Histogram of
biological activity levels of
46,229 compounds. A
compound is an inhibitor if
itslevel isbelow —5
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shows boxplots of the ten cross-validation mean squared prediction errors of the six
methods. Thetop half of Table 10.1 givestheir average aswell asthe average number
of variablesidentified asimportant. GUIDE chooses about 50% more variables than
RF (331 vs. 225). For variable selection, GUIDE is as good or better than RF, but
the latter is best for model fitting. The differences are, however, less than 5%.

High accuracy in predicting y does not imply high accuracy in predicting whether
a compound is an inhibitor. Since the latter is a classification problem, consider a
binary response variable that takesvalue 1 if y < —5 and 0 otherwise. The problem
isthen the estimation of the probability, P(y < —5), that acompound isaninhibitor,
for which stepwise logistic regression offers aready solution. Some sort of variable
selectionisneeded, however, becausen < p. SincetheRF and GUIDE variablesel ec-
tion methods are applicable to classification problems, we use them to do this. After
the variables are selected, we fit a stepwise logistic regression model to the training
sample and use it to estimate the probability of an inhibitor for each compound in
the test sample. We also employ prediction models constructed by Random forest
and GUIDE forest. The latter is an ensemble method similar to RF except that the
GUIDE classification tree algorithm is used to split the nodes of thetrees. Thisyields
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Table10.1 Average cross-validation results for NCGC data; smaller values are better

Variable Number of Mean squared prediction error
selection variables GUIDE Random
method selected tree MARS forest
GUIDE 331 0.412 0.414 0.403
Random forest 225 0.423 0.426 0.403
Mean rank of inhibitor

GUIDE Stepwise Random

forest logistic forest
GUIDE 34 9181 9874 10102
Random forest 470 10374 10699 12015

Fig.10.19 Boxplots of

cross-validation mean rank RERF - [E— [Ij ,,,,, ]
of inhibitors. GGF, GLOG,

and GRF refer to GUIDE RFLOG . I:D 777777777777 |
variable selection followed
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RF variable selection
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Methods with small mean

ranks are better
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atotal of six combination methods—two variable selection methods crossed with
three model fitting methods. Given a compound in the test sample, each combina-
tion method yields an estimated probability that it is an inhibitor. We rank the test
compounds in decreasing order of these probabilities and take the average of the
ranks of the true inhibitors among them. Thus small values of the average ranks are
indicative of high prediction accuracy.

Figure 10.19 shows boxplots of the ten cross-validation mean ranks for the six
combination methods. GUIDE variable selection is consistently better than RF in
improving the prediction of al threefitting methods. Among fitting methods, GUIDE
forest is better than stepwise logistic regression, which in turn is better than RF. The
bottom half of Table 10.1 gives the average of the ten cross-validation mean ranks
as well as the mean number of variables selected for each method. RF selects on
average fourteen times as many variables as GUIDE (470 vs. 34).

Table 10.2 shows the average computation time for each variable selection and
model fitting method for both the regression and classification problems. GUIDE
variable selection is40-60 timesfaster than RF variable selection: 0.54 vs. 32.18min
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Table10.2 Average computation time (min) for one cross-validation iteration

Selection Selection GUIDE Random
method time tree MARS forest
Regression GUIDE 054 8.20 0.48 5.87
Random forest 32.18 1.38 0.17 114
Selection Selection GUIDE Stepwise Random
method time forest logistic forest
Classification GUIDE 1.13 7.01 0.87 0.17
Random forest 48.48 53.87 185.37 331

for regression and 1.13 vs. 48.48 min for classification. For regression model fitting,
MARS is much faster than both RF and GUIDE piecewise-linear tree. For classifi-
cation, RF isfastest. Stepwise logistic regression is faster than GUIDE forest when
there are few variables (0.87 min when GUIDE isthe selection method) but its speed
rapidly decreases when the number of variablesislarge (185.37 min when RF isthe
selection).

10.6 Conclusion

We introduced a variable selection method for use prior to application of any clas-
sification and regression fitting algorithm. Because the method is a by-product of
the GUIDE agorithm, it is applicable to al kinds of data, including categorical and
non-categorical response and predictor variables aswell as datawith missing values.
We compared the method with EARTH and Random forest interms of their probabil-
ities of selecting theimportant variablesin simulated regression models. The results
show that the new method isasgood as or better than the other two when therearefew
unimportant variables. When there are numerous unimportant variables, the proba-
bility that the new method selects the important variables is much lower than that of
EARTH and RF. The higher detection rates of the latter two methods are, however,
accompanied by correspondingly higher false positive detection rates. For example,
if the true regression model is a constant, EARTH and RF have false positive rates
of about ten percent compared to about one percent for the new method.

High false positive rates can adversely affect the prediction accuracy of the
fitted models. We demonstrated this by coupling each of the three variable selec-
tion methods with each of three regression fitting methods: MARS, RF and GUIDE
piecewise-linear tree. Our simulation results show that while all threefitting methods
generally benefit from prior variabl e sel ection, the new sel ection method tendsto offer
the greatest benefit. Further, the new method requires much less computation time
than EARTH and RF.

One explanation for the greater effectiveness of the new method in reducing the
prediction error of fitting algorithms may be its lower false positive detection rate.
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We support this conjecture by showing that in the case of alinear model with some
variables having weak effects and no unimportant variables, an under-fitted model
can possess lower expected squared error than afully fitted one.

We also compared the new method with RF on a rea data set with so many
predictor variables that variable selection is a necessary step before model fitting.
We analyzed the data twice, first as aregression problem and then as aclassification
problem. Inthe case of regression, the new method ismore effectivethan RF selection
inreducing the mean squared prediction error of MARS and GUI DE piecewise-linear
regression tree models, but it is|ess effective when applied to the RF model. On the
other hand, the new method consistently beats RF selection across al three fitting
methodsfor the classification problem. Intermsof computation time, the new method
isalso substantially faster than RF.
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