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FOREWORD

The Institute for Mathematical Sciences at the National University of
Singapore was established on 1 July 2000 with funding from the Ministry
of Education and the University. Its mission is to provide an international
center of excellence in mathematical research and, in particular, to pro-
mote within Singapore and the region active research in the mathematical
sciences and their applications. It seeks to serve as a focal point for scien-
tists of diverse backgrounds to interact and collaborate in research through
tutorials, workshops, seminars and informal discussions.

The Institute organizes thematic programs of duration ranging from one
to six months. The theme or themes of each program will be in accordance
with the developing trends of the mathematical sciences and the needs and
interests of the local scientific community. Generally, for each program there
will be tutorial lectures on background material followed by workshops at
the research level.

As the tutorial lectures form a core component of a program, the lecture
notes are usually made available to the participants for their immediate
benefit during the period of the tutorial. The main objective of the Insti-
tute’s Lecture Notes Series is to bring these lectures to a wider audience.
Occasionally, the Series may also include the proceedings of workshops and
expository lectures organized by the Institute. The World Scientific Pub-
lishing Company and the Singapore University Press have kindly agreed to
publish jointly the Lecture Notes Series. This volume, “An introduction to
Stein’s method,” is the 4th of this Series. We hope that through regular
publication of lecture notes the Institute will achieve, in part, its objective
of promoting research in the mathematical sciences and their applications.

December 2004 Louis H. Y. Chen
Denny Leung
Series Editors

vii






PREFACE

Probability theory in the first half of the twentieth century was substan-
tially dominated by the formulation and proof of the classical limit theo-
rems — laws of ]large numbers, central limit theorem, law of the iterated
logarithm — for sums of independent random variables. The central limit
theorem in particular has found regular application in statistics, and forms
the basis of the distribution theory of many test statistics. However, the
classical approach to the CLT relied heavily on Fourier methods, which are
not naturally suited to providing estimates of the accuracy of limits such
as the CLT as approximations in pre-limiting circumstances, and it was
only in 1940 that Berry and Esseen, by means of the smoothing inequality,
first obtained the correct rate of approximation in the form of an explicit,
universal bound. Curiously enough, the comparable theorem for the con-
ceptually simpler Poisson law of small numbers was not proved until 26
years later, by Le Cam.

These theorems all concerned sums of independent random variables.
However, dependence is the rule rather than the exception in applica-
tions, and had been increasingly studied since 1950. Without independence,
Fourier methods are much more difficult to apply, and bounds for the accu-
racy of approximations become correspondingly more difficult to find; even
for such frequently occurring settings as sums of stationary, mixing random
variables or the combinatorial CLT, establishing good rates seemed to be
intractable.

It was into this situation that Charles Stein introduced his startling
technique for normal approximation. Now known simply as Stein’s method,
the technique relies on an indirect approach, involving a differential oper-
ator and a cleverly chosen exchangeable pair of random variables, which
are combined in almost magical fashion to deliver explicit estimates of ap-
proximation error, with or without independence. This latter feature, in
particular, has led to the wide range of application of the method.
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Stein originally developed his method to provide a new proof of the
combinatorial CLT for use in a lecture course, and its first published appli-
cation, in the Proceedings of the Sixth Berkeley Symposium on Mathematical
Statistics and Probability in 1972, was to give bounds for the accuracy of
the CLT for sums of stationary, mixing random variables. Since then, the
scope of his discovery has expanded rapidly. Poisson approximation was
studied in 1975; the correct Lyapounov error bound in the combinatorial
CLT was obtained in 1984; the method was extended to the approximation
of the distributions of whole random processes in 1988; its importance in
the theoretical underpinning of molecular sequence comparison algorithms
was recognized in 1989; rates of convergence in the multivariate CLT were
derived in 1991; good general bounds in the multivariate CLT, when de-
pendence is expressed in terms of neighborhoods of possibly very general
structure, were given in 1996; and Stein’s idea of arguing by way of a con-
centration inequality was developed in 2001 to a point where it can be put
to very effective use.

Despite the progress made over the last 30 years, the reasons for the
effectiveness of Stein’s method still remain something of a mystery. There
are still many open problems, even at a rather basic level. Controlling the
behavior of the solutions of the Stein equation, fundamental to the suc-
cess of the method, is at present a difficult task, if the probabilistic ap-
proach cannot be used. The field of multivariate discrete distributions is
almost untouched. There is a relative of the concentration inequality ap-
proach, involving the comparison of a distribution with its translations,
which promises much, but is at present in its early stages. Point process
approximation, other than in the Poisson context, is largely unexplored:
the list goes on.

Due to its broad range of application, Stein’s method has become partic-
ularly important, not only in the future development of probability theory,
but also in a wide range of other fields, some theoretical, some extremely
practical. These include spatial statistics, computer science, the theory of
random graphs, computational molecular biology, interacting particle sys-
tems, the bootstrap, the mathematical theory of epidemics, algebraic ana-
logues of probabilistic number theory, insurance and financial mathematics,
population ecology and the combinatorics of logarithmic structures. Many,
in their turn, because of their particular structure, have led to the devel-
opment of variants of Stein’s original approach, with their own theoretical
importance, one such being the coupling method.
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This volume contains an introduction to Stein’s method in four chapters,
corresponding to the tutorial lectures given during the meeting

STEIN’S METHOD AND APPLICATIONS:
A PROGRAM IN HONOR OF CHARLES STEIN,

held in Singapore at the Institute for Mathematical Sciences, from 28 July
to 31 August 2003. The material provides a detailed introduction to the
theory and application of Stein’s method, in a form suitable for graduate
students who want to acquaint themselves with the method. The accompa-~
nying volume, consisting of papers given at the workshop held during the
same meeting, provides a cross-section of the research work currently being
undertaken in this area.

To get a flavour of the magic and mystery of Stein’s method, take the
following elementary setting: X;, Xs,..., X, are independent 0-1 random
variables, with P[X; = 1] =1 - IP[X; = 0] = p;, and W denotes their sum.
How close is the distribution £(W) to the Poisson distribution Po () with
mean A =) ., p;? A good answer can be obtained in three small steps.

(1) For any A C Z,, recursively define the function g = g4 on Z4 by
setting g(0) = 0 and then

Ag(7 +1) = jg(j) + 1a(j) — Po(A){A} (0.1)
for  =0,1,2,.... Then, by taking expectations, it follows that
P[W € Al — Po(\{A} = E{Ag(W + 1) — Wg(W)}, (0.2)

as long as jg(j) is bounded in j (it is).

(2) Then note that Xig(W) = Xig(W; + 1), where W; = 3°., X, be-
cause X; takes only the values 0 and 1. Since also W; is independent
of X, it thus follows that E{X;g(W)} = p,JEg(W,+1), and hence that

E{Wg(W)} = > pEg(W;+1). (0.3)
=1

(3) Combining (0.2) and (0.3), we have

IIP[W € A] — Po(A){4}| = sz (W+1) - g(W; +1)]

I

g(W; + X; +1) — g(W; + 1)]],
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from which it follows that

IP[W € A] - Po (M {A} < k(X)) p? (0.4)
i=1
for all A C Z4, where

k(A) := sup sup lgx,a(d +1) = gx,a()ls
ACZy 52

since X, differs from O only with probability p;, when it takes the
value 1. And it can also be shown that k(A) < (1 —e™*)/A.

The upshot of this argument is that the difference between the proba-
bility given by £L(W) to any set A and that assigned to it by Po (A) is at
most

1—6 sz =< pza (05)

a remarkably neat and surprisingly sharp result. This volume shows how
the simple argument that led to it (the Stein-Chen method) fits into the
much more general and powerful framework of Stein’s method. Reasons are
advanced for choosing equation (0.1) in connection with the Poisson distri-
bution Po (A). Some rules are given for constructing analogous equations
for other distributions, both on the line and on more elaborate spaces, such
as measure spaces, and some help is also provided with bounding the coun-
terparts of k(A) that emerge. Finally, ways of modifying (0.3) when W is a
sum of dependent random elements are also proposed.

The material is arranged in four chapters, successively addressing the
normal distribution, Poisson and compound Poisson distributions, Poisson
point processes, and then quite general distributions. Each chapter is writ-
ten by an expert in the field. We hope that the resulting tutorial survey
will encourage the reader to become as enthusiastic about Stein’s method
as we are.

December 2004 A. D. Barbour
Louis H. Y. Chen
Program Co-Chairs
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Stein’s method originated in 1972 in a paper in the Proceedings of the
Sixth Berkeley Symposium. In that paper, he introduced the method
in order to determine the accuracy of the normal approximation to the
distribution of a sum of dependent random variables satisfying a mix-
ing condition. Since then, many developments have taken place, both
in extending the method beyond normal approximation and in apply-
ing the method to problems in other areas. In these lecture notes, we
focus on univariate normal approximation, with our main emphasis on
his approach exploiting an a priori estimate of the concentration func-
tion. We begin with a general explanation of Stein’s method as applied
to the normal distribution. We then go on to consider expectations of
smooth functions, first for sums of independent and locally dependent
random variables, and then in the more general setting of exchangeable
pairs. The later sections are devoted to the use of concentration inequal-
ities, in obtaining both uniform and non-uniform Berry—Esseen bounds
for independent random variables. A number of applications are also
discussed.
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1. Introduction

Stein’s method is a way of deriving explicit estimates of the accuracy of the
approximation of one probability distribution by another. This is accom-
plished by comparing expectations, as indicated in the title of Stein’s (1986)
monograph, Approzimate computation of expectations. An upper bound is
computed for the difference between the expectations of any one of a (large)
family of test functions under the two distributions, each family of test func-
tions determining an associated metric. Any such bound in turn implies a
corresponding upper bound for the distance between the two distributions,
measured with respect to the associated metric.

Thus, if the family of test functions consists of the indicators of all (mmea-
surable) subsets, then accuracy is expressed in terms of the total variation
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distance dy between the two distributions:

/th /th

where H = {1,4; A measurable}. If the distributions are on IR, and the
test functions are the indicators of all half-lines, then accuracy is expressed
using Kolmogorov distance, as is customary in Berry-Esseen theorems:

/th /th

where H = {1(_oo,2); 2 € R}. If the test functions consist of all uniformly
Lipschitz functions h with constant bounded by 1, then the Wasserstein
dW(P, Q) = sup

distance results:
/ hdP — / thi ,
heH

where H = {h: R — R; ||#’|| < 1} =: Lip(1), and where, for a function
g: R — IR, ||g|| denotes sup g |g(z)|. If the test functions are uniformly
bounded and uniformly Lipschitz, bounded Wasserstein distances result:

/th /th’

where H = {h: R — IR; ||h|| < 1,||h|| < k}. Stein’s method applies to all
of these distances, and to many more.
For normal approximation on IR, Stein began with the observation that

E{f'(2)-2f(2)} =0 (1L.1)

for any bounded function f with bounded derivative, if Z has the standard
normal distribution A(0, 1). This can be verified by partial integration:

_:_l___b < o —z%/2
m/-wf (z)e dz

_ L -mr L7 b
= [mf(w)e _oo—i—\/ﬁ/_ooxf(z)e dx

at:)e_"'z/2 dx.

dTV P Q = sup

= sup |P(4) - Q(4)},
heH A

di(P,Q) := sup
heH

= sup ,P(—OO, Z} — Q(“OO, z”’
z€R

dpw k) (P, Q) : = sup

1 o
= — xf
v 2w /—oo (
However, the same partial integration can also be used to solve the differ-
ential equation -

f'@-zf@@) =g(@), lm f@)e/? =0, (1.2)
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for g any bounded function, giving
y y
| @t [* 5@ - af@)e i an

- / %{f (@)™ /?} da

= f(y)e v /2,
and hence
2 Yy
f@) =2 [ e as,

Note that this f actually satisfies lim,; o f(y) = 0, because
B(y) = —— / D g (yV2r) " te V12
V2 J_eo

as y | —oo, and that f is bounded (and then, by the same argument, has
limy1eo f(y) = 0) if and only if ffooog(x)e‘mz/z dxz = 0, or, equivalently, if
Eg(Z)=0. :

Hence, taking any bounded function h, we observe that the function fj,,
defined by

In(@) ==/ / " {h(t) - BR(Z)}e 2 s (13)

satisfies (1.2) for g(z) = h(z)—IEh(Z); substituting any random variable W
for z in (1.2) and taking expectations then yields

E{f,(W) — W f,(W)} = Eh(W) — Eh(Z). (1.4)

Thus the characterization (1.1) of the standard normal distribution also de-
livers an upper bound for normal approximation with respect to any of the
distances introduced above: for any class H of (bounded) test functions h,

sup [EA(W) — EW(Z)| = sup [E{fL(W) - WH(W)}H.  (1.5)
heH heH

The curious fact is that the supremum on the right hand side of (1.5),
which contains only the random variable W, is frequently much simpler
to bound than that on the left hand side. The differential characteriza-
tion (1.1) of the normal distribution is reflected in the fact that the quantity
E{f"(W)—-W f(W)} is often relatively easily shown to be small, when the
structure of W is such as to make normal approximation seem plausible; for
instance, when W is a sum of individually small and only weakly dependent
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random variables. This is illustrated in the following elementary argument
for the classical central limit theorem.

Suppose that X;,Xs,...,X, are independent and identically dis-
tributed random variables, with mean zero and unit variance, and such
that E|X1[* < oo; let W = n~1/23° % | X;. We evaluate the quantity
E{f'(W) — Wf(W)} for a smooth and very well-behaved function f.
Since W is a sum of identically distributed components, we have

E{Wf(W)} = nE{n~ "2 X, f(W)},
and W = n~1/2X, + Wy, where W1 = n~1/2 ", X; is independent of X;.
Hence, by Taylor’s expansion,
E{W f(W)} = n'2E{X, f(W, + n~Y/2X})}
= nPE{X (f(W1) + n 2 X (W)} +m,  (1.6)

where |71] < 2n~Y2E|X;|?||f"||. On the other hand, again by Taylor’s

expansion,

E{f'(W) =Ef (W, +n~Y2X,) = Ef (W1) + 2, (1.7)
where |7p| < nV2E|Xy]|f”||. But now, since EX; = 0 and EXZ = 1,
and since X; and W, are independent, it follows that

IE{f'(W) = WfW)} < n~2{1+ 3EIXPHIF,
for any f with bounded second derivative. Hence, if H is any class of test
functions and

Cr := sup || fi/ |,
heH

then it follows that
sup |ER(W) — Eh(Z)| < Cyn~Y?{1 + 1E|X,*}. (1.8)
heH

The inequality (1.8) thus establishes an accuracy of order O(n~'/2) for the
normal approximation of W, with respect to the distance dy; on probability

measures on R defined by
/ hdP — / th’,

provided only that C3 < oo. For example, as observed by Erickson (1974),
the class of test functions h for the Wasserstein distance dy, is just the
Lipschitz functions Lip(1) with constant no greater than 1, and, for this
class, Cy = 2: see (2.13) of Lemma 2.3. The distinction between the bounds

dn (P, Q) = sup
heH
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for different distances is then reflected in the differences between the values
of Cy. Computing good estimates of Cy, involves studying the properties of
the solutions f}, to the Stein equation given in (1.3) for A € H. Fortunately,
for normal approximation, a lot is known.

It sadly turns out that this simple argument is not enough to prove the
Berry-Esseen theorem, which states that

sup [P[W < z] — &(2)| < Cn~Y2E| X, |?,
zER

for a universal constant C. This is because, for H the set of indicators of half-
lines, Cyy = oo. However, it is possible to refine the argument, by making
less crude estimates of |;] and |n|. Broadly speaking, if h = 1(_o0,2]> and
writing f, for the corresponding solution fy, then f! is smooth, except for
a jump discontinuity at z, as can be seen from (1.2). Hence, taking |rs| for
illustration,

|f2(Wy +n~12X0) — fL(Wh)
< 07V X | M(z, £.)((Wh| +n~ Y2 X + 1), (1.9)

where M(z, f) := sup,,{|f"(x)|/(|z] + 1)}, provided that z does not lie
between W1 4+ n~1/2X; and W;. If it does, the difference is still bounded
by 2||f.||. Hence, since both sup,cg || f;| and sup,.g M(z, f.) are finite,
explicit bounds of order O(n~'/?) can still be deduced for the Berry—Esseen
theorem, provided that it can be shown that
sug]P(Wl € [z,z + h]) < C(h +n"Y2E|X, %) (1.10)
ze .
for some constant C (the corresponding estimates for || are a little more
involved, but the argument can be carried through analogously). Inequal-
ities of this form are precisely the concentration inequalities that play a
central part in these notes, and the above discussion illustrates their im-
portance.

If the random variables X; are dependent, these simple arguments are no
longer valid. However, they can be adapted to work effectively, if less cleanly,
for many weak dependence structures. For instance, if individual summands
have little influence on W, as is typical when a normal approximation is
expected to be good, then it may be possible to decompose W in the form

W = n_1/2(X¢ +U;)+ W,

where W; is ‘almost’ independent of X;, and |U;| is not too ‘large’, en-
abling Taylor expansions analogous to (1.6) and (1.7) to be attempted.
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However, especially if Kolmogorov distance is to be considered, it pays to
be rather less brutal, making direct use of (1.4), and rewriting the errors
in exact, integral form; this will appear time and again in what follows.
Better bounds can be achieved as a result, and concentration arguments
also become feasible: note that finding sharp bounds for a probability such
asPla<W; < a+n‘1/2(X,-+Ui)) is not an easy task when W;, X; and U;
are dependent.

In these lecture notes, we follow Stein’s original theme, by presenting
his ideas in the context of normal approximation. We shall focus on the ap-
proach using concentration inequalities. This approach dates back to Stein’s
lectures around 1970 (see Ho & Chen (1978)). It was later extended by Chen
(1986) to dependent and non-identically distributed random variables with
arbitrary index set. A proof of the Berry—Esseen theorem for independent
and non-identically distributed random variables using the concentration
inequality approach is given in Section 2 of Chen (1998). The approach
has further been shown to be effective in obtaining not only uniform but
also non-uniform Berry-Esseen bounds for the accuracy of normal approx-
imation for independent random variables (Chen & Shao, 2001) and for
locally dependent random fields as well (Chen & Shao, 2004a). As an exten-
sion, a randomized concentration inequality was used to establish uniform
and non-uniform Berry—Esseen bounds for non-linear statistics in Chen &
Shao (2004b). In view of its current successes, the technique seems well
worth further exploration.

We also briefly discuss the exchangeable pairs coupling, and use it to
obtain a Berry—Esseen bound for the number of 1’s in the binary expansion
of a random integer. The use of exchangeable pairs was discussed in Stein’s
monograph (Stein, 1986), and is now widely known (see, for example, Dia-
conis, Holmes & Reinert (2004)). Other proofs of the Berry—Esseen theorem
which will not be included in these lectures are the inductive argument of
Barbour & Hall (1984), Stroock (1993) and Bolthausen (1984), the size bias
coupling used by Goldstein & Rinott (1996) and the zero bias transforma-
tion introduced by Goldstein & Reinert (1997). The inductive argument
works well for uniform bounds when the conditional distribution of the
sum under consideration, given any one of the variables in the sum, has a
form similar to that of the corresponding unconditional distribution of the
sum. The size biasing method works well for many combinatorial problems,
such as counting the number of vertices in a random graph; theoretically
speaking, the zero bias transformation approach works for arbitrary random
variables W with mean zero and finite variance. More on these approaches
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can be found in Sections 4.5, 5.2 and 8 of Chapter 4 of this volume. We
also refer to Goldstein & Reinert (1997) for some of the important features
of the zero bias transformation and to Goldstein (2005) for Berry—Esseen
bounds for combinatorial central limit theorems and pattern occurrences
using zero and size biasing approaches. Short surveys of normal approx-
imation by Stein’s method were given in Rinott & Rotar (2000) and in
Chen (1998). Stein’s method has also been used to establish bounds on the
approximation error in the multivariate central limit theorem, in particular
by Gotze (1991) and by Rinott & Rotar (1996). A collection of expository
lectures on a variety of aspects of Stein’s method and its applications has
recently been edited by Diaconis & Holmes (2004).

These notes are organized as follows. We begin with a more detailed
account of Stein’s method than the sketch provided in this section. In Sec-
tion 3, we consider the expectation of smooth functions under independence
and local dependence, and also in the setting of an exchangeable pair hav-
ing the linear regression property. Some applications are given. Section 4
discusses sums of uniformly bounded random variables. Here, it is shown
that Berry-Esseen bounds for distribution functions can be obtained with-
out the use of concentration inequalities. Both the independent case and
the problem of counting the number of ones in the binary expansion of a
random integer are studied, where in the latter case the use of an exchange-
able pair is demonstrated. In Sections 5 and 6, concentration inequalities
are invoked to obtain both uniform and non-uniform Berry—Esseen bounds
for sums for independent random variables. The last section is devoted to
obtaining a uniform Berry-Esseen bound under local dependence.

2. Fundamentals of Stein’s method

In this section, we follow Stein (1986), and give a more detailed account of
the basic method sketched in the introduction.

2.1. Characterization

Let Z be a standard normally distributed random variable, and let Cpq be
the set of continuous and piecewise continuously differentiable functions
f: R — R with E|f'(Z)| < oo. Stein’s method rests on the following
characterization, which'is a slight strengthening of (1.1).
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Lemma 2.1: Let W be a real valued random variable. Then W has a
standard normal distribution if and only if

Ef' (W) = E{Wf(W)}, (2.1)
for all f € Cpq.

Proof: Necessity. If W has a standard normal distribution, then for f € Cpq

EF ) == [ rwe

\/27/ (w /(— e~/ dz) dw

+E /0 F(w)( /w ze™/2dx) du.

By Fubini’s theorem, it thus follows that

Ef'(W) = \/% /_ Ooo ( /z ’ F'(w) dw)(—x)e—fﬂdx

+ —-\/1217;/ / f(w) dw)xe‘zz/2 dx
—z2%/2
xe dz
-7 [ w50
= EWf(W).
Sufficiency. For fixed z € R, let f(w) := f,(w) denote the solution of the

equation
£/() = () = 1o () — B(2) (22)
Multiplying by —e~*"/2 on both sides of (2.2) yields
2 /
(e_“’ /Zf(w)) = —ew/2 (1(_00721 (w) — <I>(z)) .
Thus f, is given by

fo(w) = ew’/2 /_1[1(_00,21 (z) — ‘I>(z)]e“"”2/2 dz

—ew2/2/ [1(—o0,2(x) — <I>(z)]e""”2/2 dz

B { Ve 28 (w)[1 - 8(2)] ifw < z,
T Vemer 28(2)[1 — B(w)] fw > =
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By Lemma 2.2 below, f, is a bounded continuous and piecewise continu-
ously differentiable function. Suppose that (2.1) holds for all f € Cpq. Then
it holds for f,, and hence, by (2.2)

0=E[f;(W) - Wf:(W)] = E[1(—co,z (w) — &(2)] = P(W < 2) — &(2).
Thus W has a standard normal distribution. ]

Equation (2.2) is a particular case of the more general Stein equation
£(w) = wf(w) = h(w) — BA(Z), (2.4)

which is to be solved for f, given a real valued measurable function h with
[E|h(Z)| < co: c.f. (1.2). As for (2.3), the solution f = f is given by

Fr(w) = ew’/2 /w [h(z) — ]Eh(Z)]e—zz/z de

= —ev’/2 / oo[h(a:) —ErZ)|e~* /2 dz. (2.5)

2.2. Properties of the solutions

We now list some basic properties of the solutions (2.3) and (2.5) to the
Stein equations (2.2) and (2.4). The reasons why we need them have al-
ready been indicated in (1.8) and (1.9), where estimates of supyc4 [|f1/]],
sup,cg || f;|| and sup,eg sup,., | f;(z)| were required, in order to determine
our error bounds for the various approximations. For the more detailed ar-
guments to come, further properties are also needed. We defer the proofs
to the appendix, since they only involve careful real analysis.
We begin by considering the solution f, to (2.2), given in (2.3).

Lemma 2.2: The function f, defined by (2.3) is such that
wf,(w) is an increasing function of w. (2.6)

Moreover, for all real w, v and v,

wh,(w) <1, Jwfi(w) - ufu(w)] <1 (2.7)
Fw) <1, [fi(w) - fiw)] < 1 (2.8)
0 < £.(w) < min(v27/4,1/]2]) (2.9)

and

|(w + w) fo(w +u) = (w+ ) fo(w+v)| < (lw] +vV2r/4)(|jul + [v]). (2.10)
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We mostly use (2.8) and (2.9) for our approximations. If one does not
care about the constants, one can easily obtain

[fi(w)] <2 and 0 < f,(w) < /7/2

by using the well-known inequality

1 1 2
1—®(w)<min{=,——=|e®/? w >0,
(w) < (2 w/ 27r>
Next, we consider the solution fj, to the Stein equation (2.4), as given
in (2.5), for any bounded absolutely continuous function h.

Lemma 2.8: For any absolutely continuous function h: R — IR, the so-
lution f, given in (2.5) satisfles

4]l < min (v/7/2}lh(-) — ER(Z)], 2]}, (2.11)
7411 < min (2]|h(-) — ER(Z)], 4l|%’]}) (2.12)

and
IF2N < 2] (2.13)

2.3. Construction of the Stein identities

In this section, we return to the elementary use of Stein’s method which led
to the simple bound (1.8), but express the remainders 7; and 7 in a form
better suited to deriving more advanced results. We now take £1,&s,--- ,&,
to be independent random variables satisfying IE¢; = 0, 1 < 7 < n, and
such that } 7 IE¢Z = 1. Thus & corresponds to the normalized random
variable n~1/2X; of the introduction; here, however, we no longer require
the £; to be identically distributed. Much as before, we set

W=>¢ and WO=W-g, (2.14)
i=1
and define
Ki(t) = E{&(Tjo<i<ey — Igi<t<o})}- (2.15)

It is easy to check that K,(t) > 0 for all real ¢, that

/oo Ki(t)dt =TE¢? and that /oo t|K;(t)dt = FEGP.  (2.16)
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Let h be a measurable function with E|h(Z)] < oo, and let f = fp
be the corresponding solution of the Stein equation (2.4). Our goal is to
estimate

Eh(W) ~ Eh(Z) = E{(f (W) - Wf(W)}.
The following argument is fundamental to the approach, and many of the

tricks reappear repeatedly in what follows.
Since &; and W are independent for each 1 < i < n, we have

E{W f(W)} = ZIE{@

= Z E{&If(W) — FWO),

where the last equality follows because E£; = 0. Writing the final difference
in integral form, we thus have

E{Wf(W)} = ZIE {g/ F'W® 4 t) dt}

i=1

-3 E { / PO 4 6oz — Tevcico) dt}
i=1 o

= iL:E{f’(W(i) +t)}Ki(t) dt, (2.17)
from the deﬁnitionl:olf K, and again using independence. However, because
Xn:/m Ki(t)dt = i]E&? =1,

it follows that - -
Ef/(W) = 2": / T EB{ W) K(R) d. (2.18)
Thus, by (2.17) and (2.18), -
E{f'(W)-WfW)} = Zn: /oo E{f'(W) - f'(W® + )} Ki(t) dt. (2.19)
i=1 v/ 7

Equations (2.17) and (2.19) play a key role in proving good normal
approximations. Note in particular that (2.19) is an equality, replacing the
clumsier bounds for |n;1| and |n] which led to (1.8). This more careful
treatment of the errors pays big dividends later on. Note also that (2.17)
and (2.19) hold for all bounded absolute continuous f.
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3. Normal approximation for smooth functions

Our goal in this section is to estimate IEA(W) — IER(Z) for various classes
of random variables W, when h is a smooth function satisfying

W] := sup | (2)] < oe. (3.1)

Such estimates lead naturally to bounds on the accuracy of the standard
normal approximation to W in terms of the Wasserstein distance dw, and
hence suffice to prove the central limit theorem. The next theorem high-
lights this, and also shows that Wasserstein bounds imply bounds, albeit
rather weaker, with respect to the Kolmogorov distance d.

Theorem 3.1: Assume that there exists a § such that, for any uniformly
Lipschitz function h,

[ER(W) — Eh(Z)] < d||R||. (3.2)
Then

dw(LOW),N(0,1) == sup [ER(W)-Eh(Z)| <6  (3.3)
heLip(1)

dx(LOV),N(0,1)) = sup [P(W < 2) - &(z)| < 26V2  (3.4)

Proof: The first statement is immediate from the definition of dy . For the
second, we can assume that § < 1/4, since otherwise (3.4) is trivial. Let
a = §Y2(2m)1/4, and define for fixed 2

1 ifw< z,
ho{w) =<0 ifw>z+q,
linear fz2<w<z2z+a.
Then (/|| = 1/, and hence, by (3.2),
P(W < z) — &(z) < Eho(W) — Eho(Z) + Eho(Z) — ®(2)
< g+]P{zSZSz+a}

<0, o

o’

9

and hence

P(W < 2) — &(2) < 2(27m)~Y/461/2 < 251/2, (3.5)
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Similarly, we have
P(W < z) — &(z) > —20Y/2, (3.6)
proving (3.4). [

In the next three sections, we show that (3.2) is satisfied with suitably
small 4, when W is a sum of (i) independent random variables, or (ii)
locally dependent random variables. We also show that (3.2) is satisfied
when (iii) W is such that an exchangeable pair (W, W’) can be constructed
having the linear regression property:

E{W |W}=(1-AW  forsome0<A\<1. (3.7)

3.1. Independent random variables

In this section, we use (2.19) to prove (3.2) for W a sum of independent
random variables with zero means and finite third moments, extending (1.8)
to non-identically distributed random variables.

Theorem 3.2: Let &;,&s, -+ ,£, be independent random variables sat-
isfying IE¢&; = 0 and E|¢;|® < oo for each 1 < i < n, and such that
S~ B2 = 1. Then Theorem 3.1 can be applied with

§=3Y El&. (3.8)
i=1
In particular, we have
|1E|W| -2
it

Proof: It follows from Lemma 2.3 that || f//|| < 2||h’||. Therefore, by (2.19)
and the mean value theorem,

<3 En: E|&3.
i=1

BUAW) - WA Y. [ B0 - 5O + K0 de
=1V ">®

<oy [ B+ leD K dr
j=1"v
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Using (2.16), it thus follows that

[E{fL(W) =W in(W)} < 201K Y (El&I*/2 + EI&|EE)

i=1

< 3K ) El&I ]

i=1

It is actually not necessary to assume the existence of finite third mo-
ments in Theorem 3.2. The quantity § can be computed in terms of the
elements appearing in the statement of the Lindeberg central limit theo-
rem.

Theorem 3.3: Let £1,£5,--- ,&, be independent random variables satis-
fying B¢ = 0 for each 1 < i < n and such that } . [E¢Z = 1. Then
Theorem 3.1 can be applied with

§=4(4B2+306s), (3.9)
where
Bo = Z]Eé‘iz'[{lﬁibl} and (3 = Z]E,é‘itslﬂﬁiifl}' (3.10)
=1 i=1

Proof: We use (2.12) and (2.13) to show that

(W) = LW 4 1)] < ||0'|| min (8, 2([t] + |&l))
< 8|RN(Itl AT+ &I AT),
where aAb denotes min(a, b). Substituting this bound into (2.19), we obtain

IER(W) — EA(Z)| < 8||h'||§nj / TE(U AL+l ADK (@) dt (311)
i=1v 7%

Now
oo Lzt + |z|(jz| = 1) if |z| > 1;
dADL mt—‘l_z W dt = 2|$| )
/_oo(l | A {100 (8) = 1{—z0) ()} {%lrlB, if |z| < 1,
so that

/oo E(t| AL+ €] A1) Kq(t) dt

= E{I&I(1&] — DIge >} + sE{IE](1€] A 1)%} + E{¢?E(|&| A1)}
= B{& e >13} — 3E{&l e > 1y}
+ {6 e <1y } + E{EZE(l&| A D)}
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Adding over 1, it follows that

[ER(W) —ER(Z)] < 8j¥| {ﬁz+1ﬂs+ZE§fE(|§z|/\l)} (3.12)

i=1

However, since both z2 and (z A 1) are increasing functions of = > 0, it
follows that, for any random variable £,

ESE(|| A1) < B{(¢] AL} = BlEPIyg<ay + B g>1y,  (3.13)
so that the final sum is no greater than 83 + B2, completing the bound. m

Theorem 3.1 and Theorem 3.3 together yield the Lindeberg central limit
theorem, as follows. Let Xy, X, -+, X, be independent random variables
with EX; = 0 and IEX? < oo for each 1 <i < n. Put

S.=3 X and BZ=3 EX2.

i=1
To apply Theorems 3.1 and 3.3, let
& =X;/B, and W =85,/B,. (3.14)

Define (5 and 33 as in (3.10), and observe that, for any 0 < ¢ < 1,

1 < 1 &
Batfs= 55 ZE{X31{|Xi|>Bn}} + 53 > B{IX:lLyx<p.)}
< et

< B2 ZE{X Iix.(>B. }}+ ZB E{Xlicp, <1x:1<B.}}

n =1

ZEB E{X?I{x,1<cB.}}

i=1

1 n
< 57 > E{Xx, 568} + & (3.15)

ni:

If the Lindeberg condition holds, that is if
5 ZE{X Ifix>eB,3} =0 as n— oo (3.16)
B, o

for all £ > 0, then (3.15) implies #3 + 33 — 0 as n — oo, since € is arbitrary.
Hence, by Theorems 3.1 and 3.3,

sup [P(S,/Bn < z) — ®(2)| < 8(f2 + 83)/2 >0 as n — oco.

This proves the Lindeberg central limit theorem.
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3.2. Locally dependent random variables

An m-dependent sequence of random variables &;, i € Z, is one with the
property that, for each 4, the sets of random variables {£;, j < i} and
{&;, j > i+ m} are independent. As a special case, sequences of indepen-
dent random variables are 0-dependent. Local dependence generalizes the
notion of m-dependence to random variables with arbitrary index set. It is
applicable, for instance, to random variables indexed by the vertices of a
graph, and such that the collections {¢;, ¢ € I'} and {;, j € J} are inde-
pendent whenever I N'J = ) and the graph contains no edges {:,j} with
ielandjeJ.

Let J be a finite index set of cardinality n, and let {£;,7 € J} be a
random field with zero means and finite variances. Define W = 3./ &;,
and assume that Var(W) = 1. For A C J, let {4 denote {£;,i € A} and
A = {j € T : 3 ¢ A}. We introduce the following two assumptions,
defining different strengths of local dependence.

(LD1) For each i € J there exists A; C J such that §; and {4 are
independent.

(LD2) For each ¢ € J there exist A; C B; C J such that ¢; is independent
of £a¢ and €4, is independent of {p..

We then define n; = 3°, 4 & and 73 = 3, g &;. Note that, for inde-
pendent random variables £;, we can take A; = B; = {i}, for which then

i =T = &;.

Theorem 3.4: Theorem 3.1 can be applied with

§=4E|> {&m — E@&m)} + > Elém]| (3.17)
icg ieJ
under (LD1), and with
§ =23 (Blémimi| + [E&m)[Eln)) + Y Elén?| (3.18)
ieJ ieJ

under (LD2).

Remark: For independent random variables, the value of ¢ in (3.18) is
53 ;c7 El&]?, somewhat larger than the direct bound given in Theo-
rem 3.2.
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Proof: We first derive Stein identities similar to (2.17) and (2.19). Let
f = fn be the solution of the Stein equation (2.4). Then

E{Wj(W)} =) E&f(W)

€T

STEG[F(W) — F(W = )],
ieJ
by the independence of £; and W — ;. Hence

E{WfW)} = S E{&[F(W) - (W —n)) —nif (W]}

€T
E { (Z &m) f’(W)} : (3.19)
ieJ
Now, because IE§; = 0 for all ¢, and from (LD1), it follows that
1=EW?=>">"E{&é} =Y E{am},

i

iedJ jeJ ieJ
giving
E{f (W) - W ~B( Y {&m — B} (W) (3.20)
eJ
=Y EA{&IF(W) = f(W =) —nf (W)}
€T

By (2.12) and (2.13), || f’|| < 4||r'|| and ||f”|| < 2||A’||. Therefore it follows
from (3.20) and the Taylor expansion that

Z{fim E(&m:)}

[ER(W) — ER(Z)] < ||W| {4E
ieJ

+ > Ejgm?| }

ieJ

This proves (3.17).
When (LD2) is satisfied, f/(W — ;) and &;7; are independent for each
i € J. Hence, using (3.20), we can write

[ER(W) -~ ER(Z)|

< B {&m — EEm)}F (W) - f/(W —7))| + K] Y Elén?|
€T i€J
< ¥l {2 > (Elgmemi] + [EEm:)Elm]) + Elfmﬂ} ,
i€ i€g

as desired. [
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Here are two examples of locally dependent random fields. We refer to
Baldi & Rinott (1989), Rinott (1994), Baldi, Rinott & Stein (1989), Dembo
& Rinott (1996), and Chen & Shao (2004) for more details.

Example 1. Graphical dependence.

Consider a set of random variables {X;,7 € V} indexed by the vertices
of a graph G = (V,€). G is said to be a dependency graph if, for any pair
of disjoint sets I'; and I'; in V such that no edge in £ has one endpoint
in I'; and the other in I'y, the sets of random variables {X;,7 € I';} and
{Xi,t € 'y} are independent. Let D denote the maximal degree of G; that
is, the maximal number of edges incident to a single vertex. Let

A; = {i} U {j € V: there is an edge connecting j and i}
and B; = ;¢ 4, A;. Then {X;, i € V} satisfies (LD2). Hence (3.18) holds.

Example 2. The number of local mazima on a graph.

Consider a graph G = (V,£) (which is not necessarily a dependency
graph) and independent and identically distributed continuous random vari-
ables {Y;,7 € V}. For i € V define the 0-1 indicator variable

X - 1 fY;>Y;forallje N
¢ 0 otherwise

where N; = {j € V: {i,5} € £}, so that X; =1 indicates that Y; is a local
maximum. Let W = 3., X; be the number of local maxima. Let

Aiz{i}p{ U N]} and B;= | J 4;.

JEN; JEA;
Then {X;, i € V} satisfies (LD2), and (3.18) holds.

One can refer to Dembo & Rinott (1996) and Rinott & Rotar (1996)
for more examples and results under local dependence.

3.3. Exchangeable pairs

Let W be a random variable that is not necessarily the partial sum of
independent random variables. Suppose that W is approximately normal,
and that we want to find how accurate the approximation is. Another basic
approach to Stein’s method is to introduce a second random variable W’ on
the same probability space, in such a way that (W, W’) is an exchangeable
pair; that is, such that (W, W’) and (W', W) have the same distribution.
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The approach makes essential use of the elementary fact that, if (W, W’) is
an exchangeable pair, then
Eg(W,W') =0 ' (3.21)

for all antisymmetric measurable functions g(z,y) such that the expected
value exists.
A key identity is the following lemma (see Stein 1986).

Lemma 3.5: Let (W, W') be an exchangeable pair of real random variables
with finite variance, having the linear regression property

EW |W)=(1-\)W (3.22)
for some 0 < A < 1. Then
EW =0 and E(W’'-W)?=2\EW?, (3.23)
and, for every piecewise continuous function f satisfying the growth condi-
tion |f(w)| < C(1 + |w|), we have
1

E{W/(W)} = 5

E{(W - W) (f(W) - F(W))}. (3.24)
Proof: The proof exploits (3.21) with g(z,vy) = (z — y)(f(y) + f(z)), for
which IEg(W, W’) exists, because of the assumption on f. Then (3.21) gives
0 =E{W - W)(f(W) + f(W))}
=E{W - W )(f(W') — fW)} +2E{f(W)(W -W')}  (3.25)
= B{(W - W)(f(W') — f(W))} + 2E{f(W)E(W - W' | W)}
=EB{(W - W)(f(W') — fF(W))} + 22E{W f(W)},
this last by (3.22), and this is just (3.24). ]

Using this lemma, we can deduce the following theorem.

Theorem 3.6: If (W, W') is exchangeable and (3.22) holds, it follows that
Theorem 3.1 can be applied with

d=4E

1 ! 2 1 713
1 2/\]E((W -W) |W)’+ 2/\IE]W w'R. (3.26)
Remark: In the first term, note that
]E{l - EIX]E((W’ ~W)? | W)} =1~ %E(W’ —-W)2 =1-EW?,

so that the bound is unlikely to be useful unless EW? is close to 1.
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Proof: Let f = fi be the solution (2.5) to the Stein equation, and define
R(t) = (W = W) (I w-wnsi<or = Tpo<es—w-wn}) 2 0,
noting that

/ Kt (W —W')2 (3.27)

By (3.24),

1 0
E(W/(W)} = 5 E { / POV +8)(W — W) dt}

~(W-w)

_ LE{/: FW+)K(t) dt}
and

Er ) = B{ro0) (1- v -w2) fegm{ [~ pnRey e,
from (3.27). Putting the two together gives
[ER(W) — ER(Z)| = |E{f'(W) - Wf(W)}

= ‘]Ef’(W (1- ﬁ(W w'?) +%]E/_Z(f’(W)—f’(W+t))I?(t) dtl

‘]E f’ W)(1—5XE((W W) 2|W))}\

+ 55| [ o) - )R

—~ 00

and now the bounds in Lemma 2.3 give

[ER(W) — EA(Z)|

< Wi {ar)u - S - wr  w)|+ 3B [ Rt}
= |[K|| {41E{1 — ﬁIE)((W' - W) | W)( + EXJE[W - W’|3} :
from (3.27), as desired. ]

We use the following example to show how to apply the bound in the
above theorem. Let £; be independent random variables with zero means
and Y E? =1, and put W = 31 | &. Let {€5,1 < i < n} be an
independent copy of {¢;,1 < i < n}, and let I have uniform distribution
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on {1,2,...,n}, independent of {&;} and {¢}}. Define W' = W — & + £}.
Then (W, W’) is an exchangeable pair, and

E(W' | W) = (1— 1) W,
n
so that (3.22) is satisfied with A = 1/n. Direct calculation also gives
1 n 7
W_w/B:_ L 73< 3
E| == ;El& §1° < (8/n) ;EI&I
and

E((W ~W')? | W) =

i

(1 + }EE(&? I W)) ; (3.28)

i=1

from the latter, we have

B[~ S - W) W)=}

- E(Zsf | W)J
Z(; —E¢&))

Thus, if the £; have finite fourth moments, Theorem 3.1 can be applied with

5=2 Zvar ) +4ZE|§|3 < 2, ZIE|&|4+4ZIE15113

In particular, if £ = n~1/2X,, where the random variables X; are indepen-
dent and identically distributed random variables with finite fourth mo-
ments, then the bound is of the correct order O(n~1/2).

On the other hand, if we keep the original form

B{1/W)(1 - 5 B(W - W)? | W)}

which gave rise to the first term on the right hand side of (3.26), then we
only need to assume finite third moments. To see this, by (3.28).

B{r ") > (e - )}
i=1

- F(W - &)(EE - D)},

<1lE
<3

B{rom(1- fmow- w1 w)) -4
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because W — £, and &; are independent. This is now bounded using
Lemma 2.3 by

IX)1 > Els(Ee? - €2)] < 218 Y _El&f,

=1 i=1

and Theorem 3.1 can be applied with
§=6> EJ&[.
i=1

We therefore end this section with the following alternative to (3.26): if
(W, W’) is exchangeable and (3.22) holds, then

[EA(W) — EA(Z)| < [Ef(W)(1 = k(W - W)+ KINEW - W
(3.29)

4. Uniform Berry—Esseen bounds: the bounded case

In the previous section, the sharpest bounds in Theorem 3.1 were of order
O(6), and were obtained for the Wasserstein distance dy,. Those for the
Kolmogorov distance dg were only of the larger order O(6'/2). Here, we
turn to deriving bounds for dg which are of comparable order to those
for dw. We begin with the simplest case of independent summands. The
method of proof motivates the formulation of a rather general theorem,
which is then applied in a dependent setting, that of the number of 1’s in
the binary expansion of a randomly chosen integer, using an exchangeable
pair.

4.1. Independent random wvariables

Let £1,€2,- -+ ,&, be independent random variables with zero means and
with 37 | IE£Z = 1. We use the notation of Section 2.3:

W = Zﬁi, W(z) = W—fz and Ki(t) =E {&(I{OStSEi} - I{Eiﬁt<0})} .

i=1
Let f. be the solution of the Stein equation (2.1). For bounded ¢&;, we are
ready to apply (2.17) to obtain the following Berry—Esseen bound.

Theorem 4.1: If|§;| < 6 for 1 <i < n, then
sup |P(W < z) — &(z)| < 3.38. (4.1)
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Proof: Write f = f,. It follows from (2.17) and because f satisfies the
Stein equation (2.1) that

BWiw) =3 | TE{WO 1)K () dt
j=1 Y~

=> / ” E{(WD +t)f(WD +1) + o i<y — B(2) JKi(t) dt

Reorganizing this, and recalling that

i/w Ki(t)dt=i1E§3 ~1,
i=1Y 7 i=1

we have
i / PW® 4t < 2)Ky(t)dt — (z)
i‘ / E{Wf(W)~ (WO +)f(WO + )} K(t)dt.  (4.2)
Now, by (2.10_),
ZE / (WiW) = (WO + ) f(WE + 1) |Ki(t) dt

= Z / WE{GW‘“!+¢57?/4)<|si|+|t|>}m(t>dt

IA

a+vE)Y [ Elel+ K,
j=1 Y 00

since E{W®}? < 1 and ¢ and W are independent. Hence, recall-
ing (2.16), we have

i / T PO 4t < 2)Ki() dt - B(2)
i=1 Y~

< (1+V2r/0))  {EI&IEE + SEIG

i=1

314+ vIr/a) S Ele (43)

=1

IA
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Hence we would be finished if P(W(® 4+ ¢ < z) could be replaced by
IP(W < z), since we have Y ;. ; [~ K(t)dt = 1. Clearly, in view of the
fact that P(W < 2) = P(W® < 2 —¢;), we have

PW® 4t <2)-P(W < z)|
< P(z — max{¢;,t} < WO <z — min{g;, t}), (4.4)

and the difference should be small if both |¢| and |¢;] are.

Since the [&;| are uniformly bounded by dg, proving that the difference
is small is particularly simple. First, we note that |£;| < §p implies also that
K;(t) = 0 for |t| > &, so that we only need to consider (4.4) with both |t|
and |¢;] bounded by 8. But then

Z]P(W < z — 24p)

(4.5)
<P(W < z+25).

P@W0+t5zyzpav—§+tga{

Taking z + 28y for z in the first inequality in (4.5) and substituting it
into (4.3) gives

P(W < 2) ~ 8(2) < B(z + 20) - 8(2) + 31+ VET/4) 3 Bl

200 3
< —+=(1+Vv2r/4)dy < 3.38, 4.6
< e+ 5 (L VER/4) < 335 (46)
and the corresponding lower bound follows from the second inequality in
(4.5) and (4.3) with 2z — 2§, for z, completing the proof. n

One can see from the above approach that the key ingredient of the
proof is to rewrite E{W f(W)} in terms of a functional of f’. We formulate
this in abstract form as follows.

Theorem 4.2: Let W be a real valued random variable having E|W| <1,
and let f, be the solution of the Stein equation (2.1). Suppose that there
exist random variables Ry, Ry and M(t) > 0, and constants &, 6; and J,
that do not depend on z, such that

M(t)dt =1, (4.7)

[t|<d0

|Ri| <61, [E(Rp)| <62 (4.8)
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and

E{Wf.(W)}=E {/lt fi(W + Ry + )M (t) dt} +E(R;). (4.9)

|<do
Then it follows that

sup [IP(W < z) — ®(2)| < 2.1(do + 81) + da. (4.10)

Remark: Note that, although the function M is random, its integral always
takes the fixed value 1.

Proof: Since f, satisfies the Stein equation (2.1), we have
E{/ fi(W+ Ry +t)M(t)dt}
[2|<6o
= E {/ (I iw+ Ry +e<2y — (2)) M (2) dt}
|t|<80

+]E{/H (W+Ry+t)f,(W+ Ry +t)M(t)dt}
t|<ég

IA

B {/ (Iiw <z 480461y — B(2)) M (1) dt}
[t|<bo
+IE{/ (W + Ry + ) fo(W + Ry +t)M(t)dt} ,
|t|<do

where the last line follows because —R; —t < &y + ;. Hence, and since
f|t[<50 M(t)dt = 1, we find that

E {/ FL(W + Ry + ) M(t) dt}
lt1<80
< P(W < z+48p+ 1) — P(2)
+ / E{(W+Ri+t)f,(W+ Ry +t)M(t)} dt
|t|<do .
< P(W <z+380+01) — ®(2+ 0o + 61)

N (50_+5_1)+/ E{(W + Ry +t)f,(W + Ry +t)M(2)} dt.
|t|<do

V2r
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Thus by (4.9), (4.8) and (4.7)

]P(WSZ+50+51)—¢(Z+50+51)
> _(50 +61)

- V2r
+ /||<6 E{W£ (W) — (W + Ry + ) f.(W + Ry + t)]M(2)} dt

—ER,

(60 + 61)
> 0t / W+ VIR + M)

this last by (2.10), and so

P(W < z+ 80+ 0;) — 8(2 + b + 61)

‘@\/’% —0-E {/WSBO(IW! +V/21/4)(60 + 81)M(t) dt}
N _(50-{-51) e -
= e % (EIW| + v2r/4)(50 + 61)

> -2.1(50 + 51) — 9. (4.11)

A similar argument gives
]P(W <z—4g— (51) — @(Z — &g — (51) < 21((50 + 51) + 62, (412)

and this proves (4.10). ]

To see why Theorem 4.1 is a special case of Theorem 4.2, let I be
independent of {¢;,1 < i < n} with P(I = i) = E£? for i = 1,2,--- ,n.
Then we can rewrite (2.17) as

EWf(W)=E FWD L OK(t)de
[t1<do

=F FWV+WD W 4 t)K(¢) dt,
[t|<do

where Ki(t) = K;(t)/E£2. Set Ry = WD) — W, Ry = 0 and M(t) = K;(t)
in Theorem 4.2. It is easy to see that conditions (4.7) — (4.9) are satisfied
with §; = dg and d = 0. Hence (4.10) holds with a bound of 4.2 4.

In the next section, we illustrate how to use Theorem 4.2 to get a Berry—
Esseen bound for the number of ones in the binary expansion of a random
integer, using an exchangeable pair approach.
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4.2. Binary expansion of a random integer

Let n > 2 be a natural number and X be a random variable uniformly
distributed over the set {0,1,--- ,n—1}. Let k be such that 2*~1 < n < 2%,
Write the binary expansion of X as

k
X = Z Xi2k-i
i=1

and let S = X; + .- + X be the number of ones in the binary expansion
of X. When n = 2%, the distribution of S is the binomial distribution for
k trials with probability 1/2, and hence can be approximated by a normal
distribution. We shall show that the normal approximation is good for any
large n.

Theorem 4.3: Let k be such that 28~ < n < 2%, and set W = S=&/2)
\k/4
Then

sup [P(W < z) — ®(z)| < 6.2k~ /2. (4.13)
Proof: We use the exchangeable pair approach. Let I be a random variable

uniformly distributed over the set {1,2,---,k} and independent of X, and
let the random variable X’ be defined by

k
X' =Y Xj2k,
i=1

where

X; ifiAT
X/ ={1-X; ifi=Tand X + 2T < n
0 if X;=0and X + 21 >n.

Also let S = ¥ X! and W' = %%@ The ordered pair (X, X’) of

random variables is exchangeable, and thus the pairs (S,5’) and (W, W’)
are both exchangeable. Hence, for any function f on {0,1,...,k}, we have

0 =E{(S" - $)(F(S) + £(S')}

= 2E{(S" - 8)f(5)} + E{(S' - )(£(5') — £(5))}
= 2E{f(S)E(S' - S|X)} + E{E((S' - $)(f(5') - f(S)IX)}. (4.14)
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Observe that

E(S' - S|X) =P(S' — S =1|X) —P(S' - § = —1|X)
=P(X; =0,X} = 1|X) — P(X] = 1|X)
= P(X; = 0|X) - P(X; = 0, X} = 0]X) — P(X; = 1|X)
= E(l - X;|X) - (X, =0, X} = 0|X) — P(X] = 1|X)

k k
1 1
:};Z(l— i “—ZI{X—OXW oy = 7 DX
i=1 =1
25 @
=1-2- 2, (4.15)

where Q = ZLI I x,—0,x 425~ >n}- Now rewrite (4.14), with a re-definition
of the (arbitrary) function f, as

KPE{f(W)E(S - 8'1X)} = 3k *E{E((f(W') - f(W))(S' - 5)|i()}- |
4.16
The left hand side of (4.186) is

wrfjonre 9} -n G )
= E{Wf(W)} + k" V’EQf(W), (4.17)

and the right hand side of (4.16) can be written as

W PE{E{(f (W) - F(W)) (551} | X}
~E{(F(W") = F(W))(s-s=-1}| X} }
= LKPE{B{((F(W +2671/%) — f(W)I(5r_s5-13|X}
—E{((f(W — 2% — f(W)) (51 _s=_1| X} }
= $RVZE{(F(W + 267 - f(W)P(S' - § = 1]X)
— (F(W —2™Y/%) — FW)P(S' — S = —11X)}

= 3 B{ (W + 2672 - s (1- T - 2

~ (FOW — 2772 — fW)3 ).
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The latter expression can in turn be written as
B{(w + 277 - s (522))
~B{(fW - 272 ~ 50 (557 }
~E{(FW + 2477 - f)) 20 ) (4.18)

= IE/ (W +t)M(2) dt—]E{ fW +2k~Y2) — f(W))
|t|<2k—1/2

FoT )
where

2k for0<t< &5
M(t) =

2—,575 for — k%g <t<O.
Note that M(t) > 0 and f|t|<2k—1/2 M(t)dt = 1. So, taking f = f, as given
in (2.2), we have -

E{Wf,(W)} = E{f/(W + )M(t)} dt + E(R;),  (4.19)

[t|<2k~1/2

of the form (4.9) with R; = 0 and o = 2k~'/2, where

Yoiws |~ k2QFW).

Ry = —{(§(W + 2~1/2) - §(W)
Then, by (2.9), it follows that

Ver  /2m\ EQ 1
=< / 2
l(R2[—<8+4)\/_ 2%~
since [EQ < 2, as shown below. It thus follows from Theorem 4.2 that

sup [P(W < z) — ®(2)| < 2.1(2k~Y/2) 4+ 2k~ 1/2 = 6.2k~ /2,

as desired.
To show that IEQ < 2, simply observe that, from its definition,

k k
EQ=) P(X;=0,X+2"">n) < ) P(X>n-27
=1 =1
_Z’“:zk—i _¥o1 -1
- n  n T 21 -

This completes the proof. [
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The binary expansion of a random integer has previously studied by a
number of authors. Diaconis (1977) and Stein (1986) also proved that the
distribution of S, the number of ones in the binary expansion, is only order
O(k~1/?) away from the B(k, 1/2), whereas Barbour & Chen (1992) further
proved that, if a mixture of the B(k — 1,1/2) and B(k,1/2) is used as an
approximation, the error can be reduced to O(k™1).

5. Uniform Berry—Esseen bounds: the independent case

Let &1,&,--- ,&, be independent random variables with zero means and

S EE2 =1. Let
v= ZE|&|3 (5.1)
i=1

and W =37 &. If E|§;|3 < oo, then we have the uniform Berry-Esseen
inequality

sup[P(W < ) - (z)| < Coy (5.2)

and the non-uniform Berry-Esseen inequality
YzeR!, [P(W<z)-8(z)|<Ci(l+]z)y, (5.3)

where both Cy and C; are absolute constants. One can take Cy = 0.7975
[van Beeck (1972)] and C; = 31.935 [Paditz (1989)]. We shall use the con-
centration inequality approach to give a direct proof of (5.2) in this section
and (5.3) in next section, albeit with different constants. We refer to Chen
& Shao (2001) for more details.

5.1. The concentration inequality approach

As indicated in (1.10) and by (4.4) in the proof of Theorem 4.1, a key
step in proving the Berry—Esseen bound is to have a good bound for the
probability P(a < W® < b), where W) = 3., £;. In this section, we
prove such a concentration inequality. The idea is once again to use the Stein
identity. More precisely, we use the fact that IEf'(W) is close to IE{W f (W)}
when W is close to the normal. If f’ is taken to be the indicator 1, s}, then
Ef'(W) =1P(a < W < b); on the other hand, choosing f((b—a)) =0, it
follows that || f|| = (b — a), so that

[B{W (W)} < 30 - EIW| < 36 —a)
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if EW? = 1. Thus, if Ef'(W) and E{W f(W)} are close, it follows that
IP(a < W < b) is close to 7(b—a). The proof of the inequality below makes
this heuristic precise.

Proposition 5.1: We have
P(a < W9 <b) <v2(b—a) + (1+V2)y (5.4)

for all real a < b and for every 1 < i < n.

Proof: Define § = v/2 and take
—3(b—a)-6 if w<a-3,
fwy=¢w—3(b+a) if a—6<w<b+4, (5.5)
g(b—a)+6 for w>b+3,

so that f' = 1(,_sp4+s) and ||f|| = 3(b—a) + 4. Set

M;(t) = & (I{—¢,<i<0) — To<ic—g,3) = O, (5.6)
M@= Y Myt), M) = EMQ).
1<j<n

Since §; and W) — ¢, are independent for j # i, &; is independent of W)
and IE§; = 0 for all j, we have

E{WOfW} - E{&f(W® - &)}
n n 0

= Z]E{gj[f(w(i)) - fw® &)} = ZE{gj/f U ASED)) dt}.
j=1 j=1 —&s

Hence, using (5.6), we have

E{WOfW®)} - E{&f(WO - ¢))
=Y"E °°f'(W<i>+t)z\7jtdt =E oof'W<i>+t1\’Zt dtp.
> e{[, @ap={ [ roro ol

At this point, we have reached a precise replacement for the statement
‘Ef/(W) is close to E{W f(W)}’ of the heuristic, with W for W. To
exploit it, we first note that

]E{ / ” f’(W<i>+t)A7(t)dt} > E{ f’(W<i>+t)A7(t)dt},

lt|<é



Normal approrimation 33
because f'(t) > 0 and M (t) > 0. But now the definition of f implies that

E { f’(W(’) + t)ﬁ(t) dt} 2 E {I{a<W(i)<b} / M\(t) dt}
jt|<s - T Jt<s

=E {I{aSW(i)ﬁb} Zn; €;] min(d, lfjl)} 2 Hyj— Hipg, (5.7)
o
where
Hiy =PasW® <) f:lElﬁjl min(é, |£;)
and "
Hi,=E _zn:l{léjl min(é, |¢;]) — E[¢;| min(d, |€;])}] -
=

A direct calculation yields
min(z,y) > = — 22/ (4y) (5.8)

for z > 0 and y > 0, implying that
n n
. E
Y EigminGalg) > Y (B - B 1 )
j=1 j=1

by choice of &, and hence that
Hii > 3P(a <W® <p). (5.10)
By the Holder inequality,

Hyip < (Var{z 51min(s, €5 })
<(

M:

Ee? min(s,[6,1)?)

j

i

IA

AMa i

E¢ )1/2 (5.11)

[

=1

Hence

E{ /°° f/(W(i)+t)M(t)dt} > IP<WW <b) 6  (5.12)
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to be compared with the equation ‘Ef' (W) = P(a < W < &)’ of the
heuristic.
On the other hand, recalling that ||f|| < 2(b— a) + 6, we have

E{(WO fWw®)} —E{&f (WO - &)}

< {36 ~a) + FEWD| + El&|)
< \/% ((]E|W(") N2+ (1E|&|)2) 7 b —a+25)
< 2 (EWOP+EGE) " 6 -a+29)

- %(b~a+26), (5.13)

the inequality to be compared with ‘E{W f(W)}| < 1(b — a)’ from the
heuristic. Combining (5.12) and (5.13) thus gives

Pla<W® <b) <v2(b—a)+ 21 +v2)8 = V2(b—a)+ (1 +V2)y

as desired. n

5.2. Proving the Berry—Esseen theorem

We are now ready to prove the classical Berry—Esseen theorem, with a
constant of 7.

Theorem 5.2: We have

sup [P(W < z) — &(z)| < 7v. (5.14)

Proof: As discussed in the previous section, we need to find a way to
replace P(W{) + ¢ < 2) by P(W < 2) in (4.3). However, it follows from
(5.4) that

‘Z/ PW® +t < 2)Ki(t)dt - P(W < 2)

< Z/ PW® +1t < 2) —P(W < 2)|Ki(t)dt

Z / E{P(z ~ max(t,&) < W® < z—min(¢, &) | &)} Kq(t) de.
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Proposition 5.1 thus gives the bound

‘Zn:/oo PW® +t < 2)K;(t)dt - P(W < z)‘

IA

> [ B{VAH + b+ 0+ VIR K dt

= (1+V2)y+Vv2)_(E&P + EI&[EE)

i=1
< (1+42.5V2)y. (5.15)
Now by (4.2)
IP(W < 2) — ()| < (1+25V2+15(1+vV2r/4))y < T,
which is (4.1). n

We remark that following the above lines of proof, one can prove that

sup [P(W < 2) — @(2)| < 7Y (BT (je,151) + BléP I <1y),
# i=1
dispensing with the third moment assumption. We leave the proof to the
reader. With a more refined concentration inequality, the constant 7 can be
reduced to 4.1 (see Chen & Shao (2001)).

5.3. A lower bound

Let X;, i > 1, be independent random variables with zero means and finite
variances, and define B, = E?=1 VarX;. It is known that if the Feller
condition

ax EXZ2/B? -0, (5.16)
is satisfied, then the Lindeberg condition is necessary for the central limit
theorem. Barbour & Hall (1984) used Stein’s method to provide not only a
nice proof of the necessity, but also a lower bound for the Kolmogorov
distance between the distribution of W and the normal, which is as
close as can be expected to being a multiple of one of Lindeberg’s sums
B2 3  E{X?I g1 |x,|5e) }- Note that no lower bound could simply be
a multiple of a Lindeberg sum, since a sum of n identically distributed
normal random variables is itself normally distributed, but the correspond-
ing Lindeberg sum is not zero. The next theorem and its proof are due to

Barbour & Hall (1984).
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Theorem 5.3: Let £1,&,--- ,&, be independent random variables which
have zero means and finite variances E¢? = 02, 1 < i < n, and satisfy
S 02 =1. Then there exists an absolute constant C such that for all
e>0

(1—e¢ M)Z]E{{ I{|£1|>s}} < C(SUPHP(W < 2) 2)| + Z )
=1 (5 17)

Remark: For the sequence of independent random variables {X;,i > 1},
we take & = X,;/B,. Clearly, Feller’s negligibility condition (5.16) implies
that 30 ; of 1< maxi<i<n 02 — 0 asn — oco. Therefore, if S /B, is asymp-
totically normal, then

n ,
Y B e 50} — 0
i=1

as n — oo for every € > 0, and the Lindeberg condition is satisfied.

Proof: Once again, the argument starts with the Stein identity
E{f,(W) - W fn(W)} = En(W) — Eh(Z),

for h yet to be chosen. Integrating by parts, the right hand side is bounded
by

[ER(W) — EA(Z)] = ‘ /_ " W w){PW < w) — B(w)} dw

< A/_Oo IR (w)] dw, (5.18)

where A = sup, |[P(W < z) — ®(2)|. For the left hand side, in the usual
way, because ¢; and W are independent and IE¢; = 0, we have

E{W f,(W)} = ZE{€2 (W)}

B +6) — uWO) - W),
=1
and, because 21—1 a'l =1,
Efi(W Z oTEfH(WY + )
= Z U?EfA(W“’) + S FE{fL (W) — fL(WDY},

=1 =1
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with the last term easily bounded by || f#|| >i; 0. Hence

E{f,(W) - WHW)} -3 E{ZgWD &)} < LA D ol (5.19)
i=1

i=1

where
9(w,y) = gn(w,y) = =y~ {fu(w +y) — fa(w) — yfr(w)}.

Intuitively, if W is close to being normally distributed, then

n n
Ry =S E{gW®,6)} and R:= E{e2e(Z,¢)),

i=1 i=1

for Z ~ N(0,1) independent of the &;’s, should be close to one another.
Taking (5.18) and (5.19) together, it follows that we have a lower bound

for A, provided that a function h can be found with [°_|h'(w)|dw < oo
for which [Egp(Z,y) is of constant sign, and provided also that || ;|| < oo.
In practice, it is easier to look for a suitable f, and then define h by setting
h(w) = f'(w) — wf(w). The function g is zero for any linear function f,
and, for even functions f, it follows that Eg(Z,y) is antisymmetric in y
about zero, but odd functions are possibilities; for instance, f(z) = ®
has Eg(Z,y) = —y?, of constant sign. Unfortunately, this f fails to have
finite ffooo {h'(w)| dw, but the choice f(w) = we=""/2 is a good one; it
behaves much like the sum of a linear and a cubic function for those values
of w where A/(0, 1) puts most of its mass, yet dies away to zero fast when |w|
is large. Making the computations,

1 [ 2
Eg(Z,y) = — +y)e(wty)/2
9(Z,y) Wor /_oo{(w y)e

—we™ /2 — ye”w2/2(1 - wz)} e /2 duy

=yt {% /—0; exp{—3(w® + (w + y)*)} dw — % g}
=L a—evry >, _ (5.20)

and Eg(Z,y) > =2=(1 — 6_62/4) whenever |y| > . Hence, for this choice
of f, we have

1 24\
R > —=(1—-e /Y E{eI,, 5.21
2\/5( ); {6 g6 (5.21)
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for any € > 0. It thus remains to show that R and R; are close enough,
after which (5.18), (5.19) and (5.21) complete the proof.

To show this, note first that, taking this choice of f, and setting
h(w) = f'(w) — wf(w), we have

epi= / |h/ (w)| dw < 5; cz:=/ |f"(w)| dw < 4; cg:= sup |f"(w)| = 3.
Now define an intermediate Ry between R; and R, by
Ry:= Y E{&g(W", &)},
=1

where W* has the same distribution as W, but is independent of the &,’s.
Then

n 1 ) ) .
R, = —;E{ﬁf /O [FWD p1g) — fWD) dt}
n 2 [ 040
=Rz+;E{§i/o (W™ +t&) - f'(W +t§,—)]dt}
n 1
- 2 W) — F(WD
;E{SZ/O [f(W*) - f'(W )]dt}. (5.22)

Now, for any 6, and because & and W® are independent, with IE¢; = 0,
[E(f'(W* +6) — f(WO 1 9))]
= [E(f (WY +&+0) - f (WO +9))]
= B{fWY +&+0) — (WD +0) ~&f" (WD +9))]

< eso?,
by Taylor’s theorem. Hence, from (5.22) and because )., o =1,
n
Ry > Ry—c3) o} (5.23)
i=1

Similarly,

~ 2 ! / / *
R R+ B(e [ 172) +16) - SO + et}

- ijE{f? /0 @) - e},
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and, for any 6,
[Ef'(W* +6) —Ef'(Z +6)|
= ’/oo F(w)(PW* <w—0) — 3w —0))dw| < cA,

so that
Ry > R - 2c3A\. (5.24)
Combining (5.18) and (5.19) with (5.23) and (5.24), it follows that

n n
A > Rl—%0320? > R—%C3Za;‘—2cQA.

i=1 i=1
In view of (5.21), collecting terms, it follows that
Aler +2¢2) + e Z 7 — e M N B 1g5e ) (5.25)
i=1

for any € > 0. This proves (5.17), with C < 40. [

6. Non-uniform Berry—-Esseen bounds: the independent
case

In this section, we prove a non-uniform Berry—Esseen bound similar to (5.3),
following the proof in Chen & Shao (2001). To do this, as in the previous
section, we first need a concentration inequality; it must itself now be non-
uniform.

6.1. A non-uniform concentration inequality

Let &1,&, -+, &, be independent random variables satisfying IE€; = 0 for
every l <i<mnand ). E =1 Let

G=tlesy, W= & W'=W-¢&
=1
Proposition 6.1: We have
P(a < WY <b) < e */?(5(b - a) +7v) (6.1)

for all real b > a and for every 1 <1 <n, where y =3 [E|§[3.
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To prove it, we first need to have the following Bennett-Hoeffding in-
equality.

Lemma 6.2: Letny,72,- - ,7, be independent random variables satisfying
En <0,p<oaforl<i<n,andy; En? <B2. PutS,=3%. m
Then

Ee's* < exp (a_z(em —-1- ta)Bﬁ) (6.2)
fort > 0,
B2 T, ar
]P(SnZz)Sexp(—Ez—[G#-Bz)l (”Bg)"EZD (6.3)
and
72
> < U .
]P(Sn_m)_exp( 2(B%+aw)) (6.4)
for z > 0.

Proof: It is easy to see that (e* — 1 — s)/s? is an increasing function of
s € R, from which it follows that

et < 1+ts+ (ts)2(e!® — 1 — ta)/(ta)? (6.5)

for s < a, if t > 0. Using the properties of the 7;’s, we thus have

n
Eets» = H]Eet"i

=1

(L +tEn; + o~ 2(e"* — 1 — ta)En?)

E:

o,
I
-

(1+a2(e"™ — 1 — ta)En})

IN
b

ﬁ.
-

< exp (a_z(em -1- ta)Bz).

This proves (6.2).
To prove inequality (6.3), let

t=§ln(1+;—z).
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Then, by (6.2),
P(S, >z) < e T EetSn
< exp (—ta: +a (et —1— ta)B,zl)
2

= exp(—% [(1 + ;—z)ln(l + %;22-) - %—2])

In view of the fact that

, P
1+s)ln(1+s)—s > T

for s > 0, (6.4) follows from (6.3). ]

Proof of Proposition 6.1. It follows from (6.2) with o =1 and B2 =1
that

Pa < w <b) < e~/ 2RV /2
<e Zexp(et/? —2) < 1.19e7%/2
Thus, (6.1) holds if 7y > 1.19.
We now assume that v < 1.19/7 = 0.17. Much as in the proof of Propo-
sition 5.1, define § = v/2 (< 0.085), and set
0 if w<a-394,
flw)={ e*?(w—-a+48) if a—<w<b+3, (6.6)
e¥/?(b—a+26) if w>b+4.
Put
Mi(t) = &l gsisoy — Focus—g0)r M0 (0) = 3, (0).
J#i
Clearly, M (t) > 0, f/(w) > 0 and f/(w) > e*/2 fora—6 < w < b+ 4.

Arguing much as in the derivation of (5.7}, we obtain

EWO W) = Y E {5,- W) - s - fj)]}
i

= ZE{/_: FOV® +4)35(t) dt}

o
- ]E{ / T 4 om® dt}.
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This expression is now bounded below, giving
E{WO WM > B FY + M9 t) de
= {asWO<t} | s

JA0) dt}

v

7 ()
E e(W —5)/21 —)
{ {a<W" 7 <b} t<s

v

J#
6—5/2(H2,1 — H2,2), (67)

() i 3
E {e(W 5)/2I{asw(i)sb} Z |€5] min(6, lgjl)}

v

where
w7 (%) . =
Hyy = B{" "L o 0 } S B{lg min(s, &)},
J#i

Hyz = B{e""/2|3" &  min(5, 1) — El¢; | min(5, I
g

}

Noting that § < .085 and that v < .17, and following the proof of (5.9), we
have

Y E{|&Imin(5, 160} = > E(&][min(8, 1¢]) — 6Ige,>13])
J#i J#i

> OBl + . B{&] min(s, )} — 6y
> —6y3 405 -8y
> —0.085(0.17)/ + 0.5 — 0.085(0.17) > 0.43. (6.8)

Hence
Hyp > 043¢*2P(a < WP <b). (6.9)
By the Bennett inequality (6.2) again, we have
EeW(i) < exp(e —2)
and hence, as for (5.11),
oo < (B7) " (Var (361 min(s, 1))

J#i
<exp(5—1)§ < 1.446. (6.10)
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As to the left hand side of (6.7), we have
BWOFW)} < (- a+20)E{ W07 /2
< (b a+26)(EWO )2 (EeW“’) i
<(b—a+28)exp(e —2) < 2.06(b—a+ 26).
Combining the above inequalities yields
Pla<W¥ <b) < eo_—; (e“/?z.os(b —a+20)+1.44 a)

e—a/2
0.43
e~%/2(5(b — a) + 13.44)
e %2(5(b — a) + 7).

IA

(6'04252.06(b —a+28) +1.446)

IAIA

This proves (6.1). [ ]

Before proving the main theorem, we need the following moment in-
equality.

Lemma 6.3: Let 2 < p < 3, and let {n;,;1 < ¢ < n} be independent

random variables with En; = 0 and E|n;|P < oo. Put S, = Y., n; and
B2 =¥, En?. Then

E|Sa? < (p— 1)BE + > Eln;[? (6.11)

i=1

Remark: Moment inequalities of this kind were first proved by Rosen-
thal (1970), in a more general martingale setting.

Proof: Let S,(,i) = S, —n;. Then

E|Su[P = EniSn|Sa|P~2

i=1
— 3 En(SalSa2 - S9IS,2)

=1

+ D Eni(SP[Sa P72 - SPISPP2),

i=1



4 Louis H. Y. Chen and Qi-Man Shao

once again because 7; and S,(f) are independent, and En; = 0. Thus we
have

En?|SalP2 + 3 ElmilISPHISE) + ml)P~2 — |SO P2}
1 i=1

M=

E|S,|” <

.
Il

<Y En?(nifP2 + 1892

NE

1

.
I

+ D BlnlISOPTH + [l /1SODP 2 ~ 1),

i=1

Since (14 z)P~2 — 1 < (p—2)z in = > 0, we thus have

E|S.[? <) Enl? +) EnfE|SP P~

i=1 =1

+ > Elml[SP P (p - 2)Imil /1S9

i=1

=) EinlP+(p-1) ) EnfE[SOP?,

=1 i=1

and Hoélder’s inequality now gives

E|S,[? < Y Elml” + (p— 1) ) En?(E[SP?) -2/

i=1 i=1
<Y Elnf?+(p-1)B3,
i=1
as desired. ]

6.2. The final result

We are now ready to prove the non-uniform Berry—Esseen inequality.

Theorem 6.4: There exists an absolute constant C such that for every
real number z,

PW < 2) - 8(2)]| < '1TC|1|“ (6.12)

Proof: Without loss of generality, assume z > 0. By (6.11),

1+EWE _ 1+42+9
W>2)< < :
PW22) < 1423 — 1428
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Thus (6.12) holds if 4 > 1, and we can now assume -y < 1. Let

&i=6lg<y, W= Zﬁ_i, W —w - £i.
=1
Observing that
= i i <
{W >z} ={W > 2, lréliaéxnﬁ1 > 1YUA{W > 2, lr_r<_1ia,s)(n§z <1}

; W >
C {WZz,lrélgg(nél > 1TU{W >z},

we have

P(W>z2) < PW>z2)+P(W > 2, mWax & > 1), (6.13)

and, since clearly W > W,
P(W >2) < P(W > 2). (6.14)
Note that
PW > 2, lrg;g(ngi >1) < ;]P(W > 2,& > 1)

<
i=1

P(¢; > max(1,2/2)) + i]P(W(i) > 2/2,& > 1)
(

P(¢; > max(1,z/2)) + En:]P(W(") > z/2)P(& > 1)

>
i=1
2T
i=1

i=1
(1+1EIW< g Cy
= Tmax(l, z/2>3+2 e el S

here, and in what follows, C denotes a generic absolute constant, whose
value may be different at each appearance. Thus, to prove (6.12), it suffices
to show that

[P(W < 2) — ®(z)| < Ce /2. (6.15)
Let f, be the solution to the Stein equation (2.2), and define
?z(t) = ]E{Ei(l{0<t<£_~} - I{E_¢<t<o})}-
We follow the proof of (2.17), noting that & < 1, and that IE{; need no

longer in general be equal to zero, but may be negative. This gives

EWLW)} =Y / Ef, W +9K.(t) dt + Y BERLWY).
=1 i=1



46 Louis H. Y. Chen and @Qi-Man Shao

From

3

1 n n
Z/_ Kit)dt =) E& =1~ E& s,

we obtain that

P(

S|

2) = 2(z) = Efy(W)-E{Wf.(W)}

<

= 2 B eonBLW)

£ [ BT 18 - WO 4 oRe)
i=1Y —®

n @
+ 5" B{eidie 1) EL W)
i=1
= R; + Ry + Rs. (6.16)

By (8.3), (2.8) and (6.2),
E|f;(W)| = E{|f:W)|[w<./5} + BUL W) (3752}
< (1+V27(z/2)e” B)(1 - &(2)) + P(W > z/2)
< (1+V2r(2/2)e 8)(1 - &(2)) + e~/ *Ee™

< Ce 22,
and hence
|Ry| < Cre™*/2, (6.17)
Similarly, we have Ef,(W") < Ce~*/? and
|Rg| < Cye™*/. (6.18)
To estimate Ry, write
Ry = Ry1 + Rz,

where
n 1
Ran =3, / El o s .cop ~ L gy i) dt,
i=1v 7%
SN @ e L g
Ryo = Z/ E[(W" +&) (W7 +&)
— | _ oo :

~ W + )£, + )] Ki() de.
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By Proposition 6.1,

47

7 1 A _ _ .
Ry < Z/ E{ligcnP(z—t <W <z~ & | &)YRi(t) dt
=1 T

n 1
<oy [ e PE(E i+ R0 &
i=1Y "

< Ce™ %%y,

From Lemma 6.5, proved below, it follows that

=~ [ @ | z1p 70 2y E
Roa<Y) / B{Iuce) [BAT + &3 1.7 +8) | &)
j=1 Y~

—EWD £ )£, WD 1 1) }K(t) d

n a1
<Ce# 2 / E(&] + ()R (t) dt
=17~

< Ce 2,
Therefore
Ry < Ce™#/2,
Similarly, we have
Ry > —Ce“z/27.

This proves the theorem.

It remains to prove the following lemma.
Lemma 6.5: For s <t <1, we have
E(W" + 00 + 6} ~E{W + 51T +5))
< Ce™*%(|s| + [t]).

Proof: Let g(w) = (wf,(w))’. Then

(6.19)

t

(6.20)

(6.21)

(6.22)

(6.23)

E{W +4) £, W +£)}—E{(W +5) 1, (W 1)} = / "B +u)du,

From the definition of g and f,, we get

(w) (m(1+w2)e‘”2/2(1—<I>(w))—w)<1>(z), w>z
g(w) =

(\/57?(1 +w?)e” 28 (w) + w)(l —8(2), w< =
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By (2.6), g{w) > 0 for all real w. A direct calculation shows that
V27 (1 + w?)e? 2B (w) + w < 2 for w < 0. (6.24)
Thus, we have
o(w) < {4(1 +22)e” /31~ 8(2)) if w< 2/2
T 401+ 22)eF 21 - B(2)) if2/2<w <2,

and this latter bound holds also for w > z, as can be seen by applying (6.24)
with —w for w to the formula for g in w > z. Hence, for any u € [s,t], we
have

Eg(W? +u)

= E{gW" + W50, e} +E{sW + ) go,, )

< 41+ 22”1 = 8(2)) + 4(1 + 22)e” 2 (1 - B (2)PW™ +u > 2/2)
Ce~*/? 1 C(1 +Z)efz+2u]E62W‘*’_
But © <t <1, and so

Eg(W® +u) < Ce*2 + C(1 + 2)e* BV < Ce~?/2,

by (6.2). This gives
E{(W" +0)£,(W +6)} ~E{(W + ) £.W® +5)} < Ce=/2(ls] + 1)),
proving (6.23). ]

IA

7. Uniform and non-uniform bounds under local
dependence

In this section, we extend the discussion of normal approximation under
local dependence using Stein’s method, which was begun in Section 3.2.
Our aim is to establish optimal uniform and non-uniform Berry—Esseen
bounds under local dependence.

Throughout this section, let J be an index set of cardinality n and let
{&,i € T} be a random field with zero means and finite variances. Define
W = 3.7 & and assume that Var(W) = 1. For A C J, let £4 denote
{&,i € A}, A° = {j € T : j & A} and |A]| the cardinality of 4. We
introduce four dependence assumptions, the first two of which appeared in
Section 3.2

(LD1) For each i € J there exists A; C J such that §; and £4: are
independent.
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(LD2) For each i € J there exist A; C B; C J such that &; is independent
of £4¢ and {4, is independent of {p;.

(LD3) For each i € J there exist A; C B; C C; C J such that &; is
independent of & 4¢, £4, is independent of £ge, and &p, is independent
of fcic.

(LD4*) For each ¢ € J there exist A; C B; C Bf c C; c Df ¢ J
such that &; is independent of £ 4¢, €4, is independent of {g¢, and then
€4, is independent of {£4;,5 € B;°}, {£4,,! € B}} is independent of
{€4,,5 € C;°}, and {£€4,,! € C}} is independent of {£4;,5 € D;°}.

It is clear that (LD4*) implies (LD3), (LD3) yields (LD2) and (LD1) is
the weakest assumption. Roughly speaking, (LD4*) is a version of (LD3)
for {€4,,? € J}. On the other hand, (LD1) in many cases actually implies
(LD2), (LD3) and (LD4*) and B;, C;, Bf,C} and D} could be chosen as:
Bi = UjEAiAjv C.L' = UjEBiAja B: = UjEAiij C: = UjGB;‘Bj and
D: = UjGCi* Bj.

We first present a general uniform Berry—Esseen bound under assump-
tion (LD2).

Theorem 7.1: Let N(B;) ={j € J : BjNB; # 0} and 2 < p < 4. Assume
that (LD2) is satisfied with |N(B;)| < . Then

sup |P(W < z) — &(z)| (7.1)
1/2
< (13+118) Y (BI&IP? + E|Y[*?) + 2.5(KZ(E|§,-|P +EYiP) ",
ieJ ieJ
where Y; = EjeAi &;. In particular, if E|¢;|P + E|Y;|P < 67 for some 6 > 0
and for each i € J, then

sup [P(W < 2) — &(2)| < (13 + 11x) n83"? + 2.507/2,/kn, (7.2)
where n = |J|.

Note that in many cases & is bounded and 6 is of order of n=1/2_ In those
cases, kn §3'\P4-0P/2, /kn = O(n=P=2)/4) which is of the best possible order
of n=1/2 when p = 4. However, the cost is the existence of fourth moments.
To reduce the assumption on moments, we need the stronger condition

(LD3).
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Theorem 7.2: Let 2 < p < 3. Assume that (LD3) is satisfied with
|N(C;)| < &, where N(C;) ={j € J: C,B; # 0}. Then
sup [P(W < 2) — &(2)| < 756271 D EJ&JP. (7.3)
£ i€

We now present a general non-uniform bound for locally dependent
random fields {¢;,7 € J} under (LD4*).

Theorem 7.3: Assume that E|¢;|? < oo for 2 < p < 3 and that (LD4*) is
satisfied. Let k = max;cy max(|D;|,|{j : i € D}}|). Then

[P(W < z) - ()] < ORP(1 + |2)) 7 ) El&f, (7.4)
ieJ

where C is an absolute constant.

The above results can immediately be applied to m-dependent random
fields. Let d > 1 and Z¢ denote the d-dimensional space of positive integers.
The distance between two points i = (i1,--- ,4i4) and j = (j1,- -, Jjq) in Z¢
is defined by |i—j| = maxi<i<q |4 —Ji| and the distance between two subsets
A and B of Z¢ is defined by p(A,B) = inf{|i —j|: i € A,j € B}. For a
given subset J of Z¢, a set of random variables {¢;,i € J} is said to be an
m-dependent random field if {¢;,7 € A} and {{;,7 € B} are independent
whenever p(A, B) > m, for any subsets A and B of J. Thus, choosing

Ai={j: li—i<ming, Bi={j: |j—i<2m}nJ,
Ci={j: li—il<3m}yng, Bi={j:li-il<3ming,
Cr={j: |7—i<aming and Df={j: |j—i <5m}nJ

in Theorems 7.2 and 7.3 yields a uniform and a non-uniform bound.

Theorem 7.4: Let {£;,1 € J} be an m-dependent random fields with zero
means and finite IE|¢;|? < oo for 2 < p < 3. Then

sup [P(W < z) — ®(2)| < 75(10m + )P DN "ElgPP  (7.5)
z icd
and
P(W < 2) — 8(2)] < C(1 +|2])7P117¢(m + 1)@~ D4 N "Elg|P,  (7.6)
ieJ

where C is an absolute constant.
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The main idea of the proof is similar to that in Sections 3 and 4, first
deriving a Stein identity and then uniform and non-uniform concentration
inequalities. We outline some main steps in the proof and refer to Chen &
Shao (2004a) for details.

Define

Rit) =&{I(-Yi<t<0)-I(0<t<-Y3)}, Ki(t) =EE(),

Rt) = Ties Bit), K(t) =ER(®t) = Ty Ki0).

We first derive a Stein identity for W. Let f be a bounded absolutely
continuous function. Then

(7.7)

E{W f(W))
0
= S EEUW) - s -Y) = YB{e [ rov e
ieJ i€ed —Y.

_ ZE{ /oo F W+ Rt dt} = JE{ /w FW + R (2 dt}, (7.8)
ieJ e e
and hence, by the fact that [* K(t)dt = EW? =1,
BV -WiW) =E [ fnK@a-E [ 70V +oR@d

=& [ (00) - £V )R
+Br W) [ (K@) - Re)de
+E [ (700 +8) = SO () ~ Rt d
:= Ry + Ry + Rs.
Now let f = f, be the Stein solution (2.3). Then

Rl < B [ (WI+ DK@t +[B [ e — Towsese) KO de

1 n
< 5 2 E(W|+Dl&?

=1
+/ P(z — max(t,0) < W < z — min(¢,0)) K (¢) dt
= Rl,l + R1,2-

Estimating R ; is not so difficult, while R; 5 can be estimated by using a
concentration inequality given below.
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Observe that
Ry =E {f’(W) A E(sm))} ;
i=1
which can also be estimated easily. The main difficulty arises from estimat-
ing R3. The reader may refer to Chen & Shao (2004a) for details.
To conclude this section, we give the simplest concentration inequality

in the paper of Chen & Shao (2004a), and provide a detailed proof to
illustrate the difficulty for dependent variables.

Proposition 7.5: Assume (LD1). Then for any real numbers a < b,
Pla <W <b) <0.625(b — a) + 4r1 + 472, (7.9)
wherery =Y, 7 Bl&|Y2 and rg = [0 Var(K (t)) dt.

Proof: Let a = ry and define

—(b—a+a)/2 forw<a—«
w—a+a)’—(b—a+a)/2 fora—a<w<a
flw)y=< w—(a+b)/2 fora<w<b (7.10)
—(w=b—0)?+(b—a+a)/2 forb<w<b+a
(b—a+a)/2 for w > b+ a.

Then f’ is a continuous function given by

1, fora<w<b
0, forw<a—aorw>b+a,
linear, fora~a<w<aorb<w<b+a.

fl(w) =
Clearly |f(w)| < (b — a + a)/2. With this f, and with K(t) and K(t) as
defined in (7.7}, we have, by (7.8),

(b—a+a)/2 > EWF(W) = IE/ f(W+t)f<()d
— Ef (W /K dt+]E/ FIOW +1) - FW)K () dt

+1E/ £ + (R () - K(©)) dt
= Hy + Ho + Hs. (7.11)
Clearly,
Hy =Ef (W) >Pa<W <b). (7.12)
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By the Cauchy inequality,

\Hs) < (1/8) ]E/ [f’(W+t)]2dt+2]E/ R(t) - K()2dt
<(b-a+2a)/8+2r,. (7.13)
To bound Ho, let

L(a) =supP(z < W <z +a).
z€ER

Then, by writing
oo pt 0 0
H, = ]E/ / f”(W+s)dsK(t)dt—]E/ / F(W +s)dsK(t)dt
0 0 —o0 Jt
oo pt
*a_l/ /{IP(a—agW+s_<_a)—]P(b§W+s§b+a)}dsK(t)dt
o Jo

0 0
—a—l/ /{Ip(a—agW+sga)—P(bgW+sgb+a)}dsK(t)dt,
—oo J it
we have
o0 t 0 0
|Ha| < o~ / / L(a)ds|K(£)| dt + o~ / / L(a)ds|K(£)| dt
0 0 —o00 Jt

= o ' L(a) /00 [tK(@t)|dt < ta~'riL(a) = 1 L(a). (7.14)
It follows from (7.11) — (7.14) that
P(a < W <b) <0.625(b — a) + 0.75c + 212 + 0.5L(ax). (7.15)
Substituting a =  and b= z + a in (7.15), we obtain
L(a) < 1.375a + 2rp 4+ 0.5L(a)
and hence
L(@) < 2.750: + 4r5. (7.16)
Finally combining (7.15) and (7.16), we obtain (7.9). ]

8. Appendix

Here we give detailed proofs of the basic properties of the solutions to the
Stein equations (2.2) and (2.4), given in Lemmas 2.2 and 2.3. The proofs
of Lemma 2.2 and part of Lemma 2.3 follow Stein (1986), and part of the
proof of Lemma 2.3 is due to Stroock (1993).
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Proof of Lemma 2.2: Since f,(w) = f-.(—w), we need only consider the
case z > 0. Note that for w > 0

00 oo —w?/2
/ e~ /2 dg < / 26_12/2 dz = i ,
w w W w

which also yields

o0
(1+ w2)/ 6—12/2 dx > we—w"’/z,

by comparing the derivatives of the two functions. Thus

we—w2/2 e—wz/Z

W g pwy< L
(1 4+ w2)v/2r wV2m

It follows from (2.3) that
V2r[l — &(2)) ((1 + wz)ew2/2<1>(w) + \/%) ifw< z

V2rd(2) ((1 Fw?)e?’2(1 — d(w)) ~ #) if w> z,

(8.1)

(wfz(w)) =

>0,

by (8.1). This proves (2.6).
In view of the fact that

wli}lloo wf(w)=®(z) —1and wh_r’noo wf,(w) = &(z), (8.2)
(2.7) follows by (2.6).
By (2.2), we have
f:l:(w) = w.fz(w) + I{WS:} - é(z)
wf(w)+1-®(2) forw < z,
wf,(w) — ®(z) for w > z;

_ { (V2rwe®’/2®(w) + 1)(1 ~ ®(2)) for w < z, 53)
(V2rwew /2(1 — ®(w)) — 1)&(z) for w > z.
Since wf,(w) is an increasing function of w, by (8.1) and (8.2),
0< filw) <z2f(2) +1—®(2) <1 for w<z (8.4)
and
~1 < z2f,(2) — ®(2) < fi(w) <0 for w>=z. (8.5)

Hence, for any w and v,

|f2(w) = f(v)] < max(1, 2f(2) +1 = 8(2) — (2fz(2) — 2(2)) = 1.



Normal approzimation 55

This proves (2.8).
Observe that, by (8.4) and (8.5), f, attains its maximum at z. Thus

0 < fo(w) < fa(2) = V2me* 2®(2)(1 — &(2)). (8.6)
By (8.1), f.(z) € 1/z. To finish the proof of (2.9), let
9(2) = B(z)(1 - B(2) — e==/2/4 and g1(2) = # + 212: _ 2:1/;(_;)_

Observe that ¢/(z) = e==*/2 91(2) and that

<0 if0 <z < 2z,

._2 .
e ? ¢ =0 if z=z,

N
N |-

91(2) =
>0 if z> zp,

where zg = (21n(4/7))/2. Thus, g1 () is decreasing on [0, zo) and increasing
on (2g,00). Since ¢1(0) = 0 and g;(00) = oo, there exists z; > 0 such that
91(z) <0 for 0 < z < z; and g;(2) > 0 for z > z;. Therefore, g(z) attains
its maximum at either z = 0 or z = oo, that is

9(z) < max(g(0), g(c0)) =0,

which is equivalent to f,(z) < +/2m/4. This completes the proof of (2.9).
The last inequality (2.10) is a consequence of (2.8) and (2.9) by rewriting

(w+u)f(w+u) — (w+v) fa(w +v)
=w(f(w+u) — fr(w+v) +uf{w+u) —vf(w+wv)

and using the Taylor expansion. ]

Proof of Lemma 2.3: We define h(w) = h(w) — IEA(Z), and then put
co = sup,, |h(w)|, ¢; = sup,, |I’(w)|. Since h and fj are unchanged when A is
replaced by h—h(0), we may assume that h(0) = 0. Therefore |h(t)| < ci1]t]
and |EA(Z)| < a1 E|Z| = ¢;/2/7.

First we verify (2.11). From the definition (2.5) of fj, it follows that
e’ /2 [* |h(z)le="/2dz if w <0,

ew’/2 [ |h(z)le=="/2dx ifw >0

< e**/2min (c()/ e’z2/2) dx,clf (lz| + v/ 2/7r)e_’”2/2 dz)
[w]

{w|

< min(\/m, 2¢1),

|[fr(w)] < {
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where in the last inequality we used the fact that

o0
e"’z/z/ e/ 2dz < VT/2.
[}
Next we prove (2.12). By (2.4), for w > 0,

Fi ()] < h(w) ~ ER(Z)] +we""/? / " h(z) - BR(Z)le" 2 da

w

o0
gmm—EmmHawwW/'afﬂmsm@

w

by (8.1). It follows from (2.5) again that
f'(w) —wf'(w) = f(w) = B'(w),
or equivalently that
(72 f (W) = e A (f(w) + H (w)).
Therefore

fw) = /2 /oo(f(w) +H(x))e™ /2 do

w

and, by (2.11),

o
| (w)| < 3016“’2/2/ e = 2dy < 3avw/2 £ 4ey.

w

Thus we have

sup | f'(w)] < min (2¢o, 4c1).
w>0

Similarly, the above bound holds for sup,,<o |f'(w)|. This proves (2.12).
Now we prove (2.13). Differentiating (2.4) gives

7 (W) = wfi(w) + fa(w) + '(w)
= (1 +w?) fa(w) + w(h(w) — Eh(Z)) + K (w). (8.7

From
h(x) — = 7 / — h(s)]e=*"/?ds

- ‘/__2_;/—00/ K (z) dte™ /2ds——-/ /h(t dte="/? ds

/ " W()B() dt — / "R - o) d, (8.8)
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it follows that

fa(w) = ¥/ /_ l(h(x) —Eh(Z)e" 2 dz
= /2 /_ 1 ( /_ oo ] ()3 (t) dt - / " rwa - a(t)) dt) e/ da

= —v2me? 12(1 — ®(w)) / 1 K (£)®(t) dt
— V27’ 2@ (w) /w ~ K (1)1 ~ ®(t)) dt. (8.9)

From (8.7) - (8.9) and (8.1) we now obtain

|fi(w)] < B/ (w)] + (1 + w?) fr(w) + w(h(w) ~ ER(Z))]
< W)+ |(w — vER( +w?)e" 21~ Bl / W (D2() di

+l(—w—\/2_7r(1+w)w/2‘1> / R (£)(1 — &(2)) dt‘
< W ()] + e —w+ VER(L+u?)e” /(1 - B(w)) / B(t)dt
+eo (w +v2r(1+ w2)e“’2/2<1>(w)) / Z - o) dt. (8.10)

Hence it follows that

[ (w)] < B (w)|

t+er( = w+ Vam(l + e (1 - 2(w))) (wq)(w) - 6;1;2)
+a (w +v2m(1 + w2)ew2/2(1)('w)) ( —uwll—2w)+ e—_\/i?;_z)
= W (w)| + a1 < 2¢y, (811
as desired. -
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We describe how Stein’s method is used to obtain error estimates in Pois-
son and compound Poisson approximation (in terms of bounds on the
total variation distance) for sums of nonnegative integer valued random
variables with finite means. The most important elements are bounds on
the first differences of the solutions of the corresponding Stein equations,
and the construction of error estimates from the Stein equations using
the local or coupling approaches. Proofs are included for the most impor-
tant results, as well as examples of applications. Some related topics are
also treated, notably error estimates in approximations with translated
signed discrete compound Poisson measures.
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1. Introduction

What is Stein’s method?

To answer this, consider the following situation. Let (.S, S, 1) be a prob-
ability space, let x be the set of measurable functions h : § — R, and let
Xo C X be a set of u-integrable functions; e.g., xo could be (a subset of)
the set of indicator functions {I4; A € S}. We want to compute [, hdu
for all h € xo, but p has such a complicated structure that exact compu-
tation is not feasible; e.g., u could be the distribution of a sum of a large
number of dependent random variables. A natural idea is then to replace
u with a simpler and better known probability measure ug close to p such
that the integrals [ g hduo are easy to compute, and try to estimate the
approximation error. The estimates might, but need not, be uniform over
all h € xo.

Stein’s method is an attempt to construct such approximations, and to
estimate the corresponding errors, in a systematic way. The method was
first proposed and used by Stein (1972) in the context of normal approxima-
tion. Chen, Barbour and others have shown how the method can be adapted
to approximation with a number of other probability distributions, notably
the Poisson and compound Poisson distributions and the distribution of
a Poisson point process; the latter topic is the subject of Chapter 3, and
a very general treatment for arbitrary distributions is given in Chapter 4.
The main purpose of this chapter is to survey the results that have so far
been obtained for the Poisson and compound Poisson distributions.

In general terms, Stein’s method is described in Stein (1986), Barbour
(1997) and Chen (1998). The following is a brief summary. Let (S, S, u)
be a probability space, and let xo C X be a set of u-integrable functions,
as above. Choose a probability measure pgo on (5,8) such that all h €
Xo are pip-integrable, and all [ hduo are easily computed. Find a set of
functions Fo and a mapping Ty : Fo — X, such that, for each h € xo, the
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equation
Tof = h—/ hdug (1.1)
s

has a solution f € Fo. Then, clearly,

/S(Tof)dﬂ=/shdu—/shdp0.

Ty is called a Stein operator for the distribution ug, (1.1) is called a Stein
equation, and the solution f of (1.1) is called a Stein transform of h. The
idea is to choose a Stein operator in such a way that good estimates of
| f¢(Tof)du| can be found.

To construct a Stein operator Ty for po, the following procedure is pro-
posed in Stein (1986).

(1) Choose a probability space (2, F,IP) containing an exchangeable pair
of random variables (X,Y) (i.e., their joint distribution should be per-
mutation invariant) with marginal distribution uo.

(2) Choose a mapping « : Fy — F, where F is the space of measurable
antisymmetric functions F : $? — R such that E(|F(X,Y)|) < co.

(3) Take Tp = T o a, where T' : F — ¥ is defined, for some version of the
conditional expectation, by

(TF)(z) = E(F(X,Y)|X =x) Vz € 5.

It is then easy to see that

/ (Tof)duo = / (TF)duo = B(F(X,Y))  Vfe F,
S S

where F' = af. Hence, by the antisymmetry of F,
/(Tof)d/.t() =0 Yf € Fo, (1.2)
s

which is a necessary property for a Stein operator. (1.2} is called a Stein
identity for the distribution pg.

An alternative way to construct a Stein operator Ty for pg is proposed
in Chen (1998). Let Fo C L2(S, ug). Choose a linear mapping 4 : Fy —
L?(S, po) so that the constant function 1 on S belongs to the domain of
the adjoint A*. Then,

[anduo= [(ADfdu Vi€,
S S
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and taking To = A — (4*1)1, we get

[ @f)duo = [ Ao - [@rnsdn vies,
S S S

so (1.2) holds also in this case.

The two above procedures can be used to construct virtually all Stein
operators in use today; we shall see an example in Section 2.2. However,
neither of them is guaranteed to produce Stein operators for which good
estimates of | [((Tof)du| can be found, without additional ad hoc consid-
erations. Whether the procedures could be strengthened into automatically
producing Stein operators with good properties is still unclear.

The rest of the chapter consists of two sections, Section 2 on Poisson
approximation, and Section 3 on compound Poisson approximation. The
Stein equation for the Poisson distribution is treated in Sections 2.1-2.2;
error estimates in Poisson approximation for sums of indicator variables, in
terms of bounds on the total variation distance, in Sections 2.3-2.4; Poisson
approximation for the total mass of a point process in Section 2.5; Poisson-
Charlier approximation for sums of independent indicator variables, and
Poisson approximation for unbounded functions of such sums, in Sections
2.6-2.7. The compound Poisson distribution is defined, and its use for ap-
proximation purposes motivated, in Sections 3.1-3.2. The Stein equation
for the compound Poisson distribution is treated in Section 3.3; error esti-
mates in compound Poisson approximation, again in terms of bounds on the
total variation distance, and some improved error estimates due to Barbour
and Utev, in Sections 3.4-3.5; error estimates in terms of bounds on the
Kolmogorov distance in Section 3.6; translated signed discrete compound
Poisson measure approximation in Section 3.7; compound Poisson approx-
imation via Poisson process approximation in Section 3.8; and, finally, an
alternative Stein equation due to Chen, in Section 3.9.

2. Poisson approximation
2.1. The Stein equation for Po(\) and its solutions

We first consider Poisson approximation, which is very natural for the dis-
tribution of a sum of indicator (0-1) random variables, if each variable has
small probability of taking the value 1, and they are not too strongly depen-
dent. The Stein operator (2.1) is due to Chen (1975), who also demonstrated
how it could be used for error estimation in Poisson approximation; hence,
Stein’s method for Poisson approximation is also known as the Stein—Chen
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(or Chen-Stein) method. The method was further developed in a number
of papers by Barbour and others; the results of this work were collected in
the monograph by Barbour, Holst & Janson (1992).

To make a connection with the general setting in Section 1, let
(8,8,p) = (Z+,Bz, , 1), where (Z,,Bz, ) is the set of nonnegative inte-
gers equipped with the power o-algebra, and let po = Po (). Also, let
Fo = x, i.e., the set of all real-valued functions on Z, . Define the Stein
operator Ty : x — x by

(Tof)(k) = Af(k+ 1) —kf(k) Vk€Z,. (2.1)

In Section 2, we show how Ty can be obtained from Stein’s general pro-
cedure, described in Section 1. We begin in this section by listing some
important properties of Tp.

Theorem 2.1: The Stein equation
Tof = h — / hdug
Zy

has a solution f for each po-integrable h € x. The solution f is unique
except for f(0), which can be chosen arbitrarily. f can be computed recur-
sively from the Stein equation, and is explicitly given by

k—1 i
f(k) = (k A_kl)! ) (h(i) —/Z hdp,o) %

i=0

oo
|

=_(k;\—k1)-z<h(i)_/z+hd#0) .i\_:, Vk € N.

1=k
Also: if h is bounded, then f is bounded.

Proof: The first assertions follow immediately from the Stein equation.
The explicit representations of f are easily verified by direct computation.
Finally, if A is bounded, it is immediate from the second representation that
f is bounded. [ ]

The following characterization of Po ()) is similar to the characterization
of the standard normal distribution given in Lemma 1 in Chapter II of Stein
(1986) (the celebrated “Stein’s lemma”).

Theorem 2.2: A probability measure y on (Z,., Bz, ) is Po (A) if and only
if

| @nau=o
Z4
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for all bounded f : Z; — R.

Proof: The necessity part is easily shown by direct computation. For the
sufficiency part, let f4 be the unique bounded solution of the Stein equation
with h = I4. Integrating the Stein equation with respect to u gives

u(A) - po(A) = /S (Tofa)du=0 VYACZ,. .

For efficient error estimation in Poisson approximation it is essential to
have good bounds on the supremum norm of the first difference of the solu-
tion of the Stein equation, and (optionally) on the supremum norm of the
solution itself. The following bounds are due to Barbour & Eagleson (1983).
The coefficients

ky(A) = (m\/g) and  kg()) = (1 _;_A> (2.2)

appearing on the right hand side have been nicknamed magic factors, but
are also known as Stein factors. Note that they both become smaller as A
increases, and that ka(A) becomes smaller much faster than kq(X).

Theorem 2.3: Let f be the unique bounded solution of the Stein equation
for h bounded. Then

[IfIl < k1 (A)(sup h(s) — inf h(3));
i€Zy i€Zy
1851 < k) (s3p b(0) — Jf h(5).

Proof: We prove only the second bound, which is most important to us.
First, consider the case h = I, where k € Z;. Denote the bounded
solution in this case by fx). We see from the explicit expressions in Theo-
rem 2.1 that f{x}(é) is negative and decreasing for 1 <4 < k, and positive
and decreasing for ¢ > k + 1. Hence, the only positive value taken by

Afuy(i) = fiey (G +1) — fey(4) is

A [eo] AT )\'r B a
f{k}(k-l-l)_f{k}(k):%—(z W+%Z—,)Sl )‘e .

Turning to the general case, we can replace h by hy = h — inficz, h(i),
since this does not change the right hand side of the Stein equation. By
insertion into the Stein equation we can show that

£0) =Y he(®fe)  Viz L.
k=0
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From this, and because hy > 0 and A f(4}(i) is positive only for 1 =k, it
follows that

fE+1) - Z’M(k (Fiy G+ 1) = frry(9)
k=0
_e—)\

Similarly, since —f is the unique bounded solution of the Stein equation
with h replaced by h_ = sup;ez, h(i) — h

— (f+1) = f@) = D _h-(k)(Fiy G + 1) = fry (4))
k=0

< (1 ‘;—A) (sup (i) — inf h()), Vi>1

i€Zy i€Zy

This gives the second bound. For the first, Barbour & Eagleson (1983)
prove, using the explicit representations in Theorem 2.1 and Stirling’s for-
mula, that

14
<{1A—](suph —1nfh
191< (14 %) (sup 13~ o hG0).
In Remark 10.2.4 in Barbour, Holst & Janson (1992), a completely different
argument, given here in Chapter 3, Proposition 5.7, is used to prove that
the constant 1.4 can be replaced by /2/e. |

2.2. The generator interpretation

We here demonstrate how the Stein operator (2.1) can be obtained through
the general procedure of Stein described in Section 1. We use the approach
of Barbour (1988), which is of particular importance, since it has proved
rather easy to generalize to other approximating distributions; see the dis-
cussion in Chapter 4, Section 2 for more detail. It also has the advantage
of giving, as a by-product, a probabilistic representation of the solution of
the Stein equation.

Let {Z;;t € R;} be a stationary immigration-death process on Z,,
with immigration intensity A and death intensity é; = ¢ for each i € Z.
It is well-known that this process is reversible, and it is easy to prove that
the stationary distribution is po = Po(A). It follows that (Zp, Z,) is an
exchangeable pair with marginal distribution pg.
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Choose the mapping o : x — F defined (at least for functions g which
do not grow too fast) by

(ag)(k,l) = g(k) —g() V(K1) €Z3,
and the mapping T : 7 — x defined by
(TF)(K) = E(F(Zo, Z)|Z0 = k) VK€L,

Then

lisa = (T 0 ag)() = lim T B(9(Z) — 9(F)|Z0 = k) = (Ag)(¥)

= Ag(k +1) + kg(k — 1) — (A + k)g(k) = (Tof)(k),

where f(k) = vg(k) = g(k) —g(k—1), and the operator A is the generator
of {Z;;t € Ry}. Thus, we have shown that the Stein operator Ty may
be interpreted as the generator A of a Markov process with stationary
distribution pg, or more precisely that A = Ty o57. This has proved fruitful
as a way of constructing Stein operators for other distributions; see, in
particular, the discussion in Chapter 3, Section 5.1, for the procedure in
the context of Poisson process approximation.

Theorem 2.4: If h € x is bounded, then the Poisson’s equation corre-
sponding to A, i.e.,

—-Ag=h- / h duo, (2.3)
Z,
has the solution _
0 z,

Moreover, f = — <7 g Is the unique bounded solution of the corresponding
Stein equation.

Proof: To show that g is well defined, we use a coupling. First, we let
{Zt(o); t € R+} be an immigration-death process on Z,, with immigra-
tion intensity A and death intensity &; = i for each i € Z,, such that
Z©® = 0. We then let {Dy;t € Ry} and {Dy;t € R} be pure death pro-
cesses on Zy, independent of each other and of Z ©), with death intensity
d; = 1 for each i € Z, such that Dy = k and £(150) = po. We also set
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T, = inf{u > 0;D, = D, = 0}, and note that

k+Do 1

]E( Z k+D0—z)

=0
<E(1+log(k+ Do +1)) =log*k+C, VkeZy, (24)

where log™ k = max(log k,0), and C < co. Then

/t ’ (]E(h(Zt)|Zo —k)— /Z hduo) dt|

1

ta -
< / IE(R(Z® + Dy)) ~ B(h(Z® + D.))| dt
t
1 o
2|\~ P(r,. > t)dt, V0 <ty <t <oo.

t1

IA

Hence, g is well defined (and grows at most logarithmically). Furthermore,
using Fubini’s theorem,

E(¢(Z.)Z0 = k) = E ( | (®n@eiz) - [ hduo)at| 20 k)

_ /0 ” (E(h(Zt+u)|Zo —k)— /Z ) hduo> dt
_ /u ” <1E(h(Zt)(Z0 —k)— /Z ) hd,u0> dt

implying that, using bounded convergence,

.1
~lim 2 E(9(Z.) - 9(k)|Zo = k)

= lim 1 (E(h(Z:)|Zo = k) —/ hdpo)dt = h(k) — hdug.
wl0Ou 0 Z+ Z+

Finally, using another coupling similar to the one above we can show that

f = — 7 g is bounded, so f is the unique bounded solution of the Stein

equation. u

We shall not use this very nice probabilistic representation of the solu-
tion of the Stein equation. However, an analogous result holds (under some
additional conditions) in the compound Poisson case, and this result is very
valuable, since it can be used to obtain magic factors similar to those in
Theorem 2.3.
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2.3. Error estimatles in Poisson approzrimation

We now turn to the actual construction of error estimates in Poisson ap-
proximation. We shall focus on the case when the distribution to be ap-
proximated, u, is the distribution of a sum of indicator variables.

For the rest of the section, unless explicitly stated otherwise, we use
the following notation. I" is the index set, which is finite. In most cases
' ={1,...,n}. {X;;i € T'} are indicator variables; p; = E(X;) for each
teW=3 X A=EW); u=LW); and po = Po (}).

Our goal will be to bound the total variation distance between p and ug,
defined by

drv(p, o) = sup |u(A) — uo(A)l.
ACZy

The total variation distance is a metric on the space of probability measures
on (Zy, Bz, ). Obviously, a bound for this quantity gives us an error estimate
in a strong sense. Our starting point is the Stein equation, which gives, for
each A C Z,.,

#M%ww®=é(RMMWHMMAW+D—WMWW,

where f, is the solution of ‘the Stein equation with A = I 4. From this we
get

dry (s o) = Sup IEAfa(W +1) = W fa(W))I. (2.5)

To bound the right hand side in (2.5), a local and a coupling approach have
been suggested. The first one was used by Chen (1975), and is convenient
when the dependence structure of the indicator variables is local (meaning
that each indicator is independent of “most” of the others).

Theorem 2.5: (The local approach). Let W =}, . X;, where {X;;i € '}
are indicator variables. For each i € T, d1v1de I'\ {i} into two subsets I';
and T'¥, so that, informally,

I ={j eI\ {i}; X; “strongly” dependent on X;}.
Let Z; =3 ;crs Xj and Wi = 3w X Then
drv(LW),Po(N) < ks(N) D_(RE(X; + Z:) + E(X:Z:)
i€l

+ k(A Z]E|pz XIW)|

iel
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where k1(-) and ka(-) are as defined in (2.2).

Proof: We shall bound the right hand side in (2.5). For each A C Z,., we
have

EQ\fa(W +1) = Wia(W)) = Y E(pifa(W +1) = Xifa(W))
ier
= Y E{pifa(W +1) — pifa(Wi +1) + pi fa(W; + 1)
i€l
— XifaWi + 1) + Xifa(Wi + 1) — Xafa(W)}.
Since, for each i € ', we have the elementary bounds
|Fa(W +1) = Fa(Wi+ 1)] < [Afall(Xi + Z);
| Xifa(W; +1) = X fa(W)| < 1AFall XiZs;
[E(pifa(Wi + 1) = Xifa(Wi + 1))| < Ifal|Blpi — E(X:| W),
it follows that
EAfa(W +1) - Wfa(W))|
<|[Afal Y (BEX: + Zi) + E(X:Z:)) + || fall D Elps — E(X:|W3)),

i€l i€l
and the result follows from Theorem 2.3 and (2.5), since A C Z; is arbi-
trary. ]

We give a couple of examples of applications of Theorem 2.5, beginning
with the independent case.

Example 2.6: (Independent indicators). Let {X;;i € T'} be independent.
Choosing I'{ = @ for each i € I in Theorem 2.5 gives

drv(L(W),Po(N)) <

(2.6)
el

In the independent case it is possible to derive total variation distance
bounds using other means than Stein’s method, so a comparison can be
made. Le Cam (1960) used Fourier methods to prove that

drv (£L(W),Po(})) < 4.5 maxp;,

and that, if maX;er Pi < %,

drv (L(W),Po(\)) < (1 A g) 3ol

i€l
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The constant 8 in the second bound was improved to 1.05 by Kerstan (1964)
and to 0.71 by Daley & Vere-Jones (1988). Note that (2.6) is smaller than
the first of these bounds, and does not require the condition max;cr p; < %
to hold.

Moreover, (2.6) is in fact the right order of the total variation distance,
not just an upper bound. We know this since Barbour & Hall (1984) proved
the lower bound

1 1
drv (L(W),Po (\)) > 5(1 A X) >oet
i€l

If the indicator variables are dependent, it seems very difficult to derive
total variation distance bounds by any other means than Stein’s method.
Other methods appear to break down, so this is where Stein’s method shows
its real strength. The following example is taken from Arratia, Goldstein &
Gordon (1989).

Example 2.7: (Classical birthday problem). n balls (people) are thrown
independently into d equiprobable boxes (days of the year). Let W be the
number of pairs of balls that go into the same box. Then

8A(1 —e™?)

n—1

dTv(E(W), Po ()\)) <

where A = E(W) = (5)d~1.

Proof: Take I' to be the set of all 2-subsets of {1,...,n}, so that we
have I' = {i C {1,...,n};|i]| = 2}. Let X;, where ¢ = {i1,i2}, be the
indicator of the event “the balls é; and i5 go into the same box”. Clearly
W =3".cr Xi, and {X;;i € '} are dissociated, meaning that for any two
subsets I'; C T and 'y C I such that (User, £)N{User, i) = B, the collections
of random variables {X;;i € 1} and {X;;: € 'y} are independent. We
now choose I'Y = {j € '\ {i};iNj # 0}, so that the last term in the
bound of Theorem 2.5 vanishes. Since also IE(X;) = d~! for all i € T, and
E(X;X;) =E(X;)? =d™2 for all i # j, it follows that

dry (L(W),Po (V) < ky(A) Y (E(X: + Z:) + E(X:Z:))

el
(2(n—1) +1, 20 1))
1

dz2 d2

n 8A(1—e?
~ k(3 gln -9 < 2L,



Poisson and compound Poisson approzimation 73

where A = E(W) = (3)d™%. [

We next consider the coupling approach to bounding the right hand
side in (2.5), which often works well even if the dependence structure of
the indicators is non-local. The idea of combining the Stein equation with
couplings was first generally stated in Stein (1986), Chapter VIII, page 92,
though it appears earlier in particular contexts.

Theorem 2.8: (The coupling approach). Let W = 7. .. X;, where the
{Xi;i € T'} are indicator variables. For each i € T, divide I" \ {4} into two
subsets I'{ and I'Y. Let Z; = Y ;cr. X; and Wi = 3 . 1. Xj. Let two

random variables W} and W} such that
LOW}Y) = L(Wi|X: =1) and L(W]) = L(W;)
be defined on the same probability space. Then
dry (£(W),Po (X)) < k2(0) Y (pE(X, + Z) + E(X:Z:))
i€l
+ka(N) Y pE|W - W,
i€r
where ko(-) is as defined in (2.2).

Proof: The proof is the same as for Theorem 2.5, except that the quantity
]E(pifA(Wi + 1) =X fa(W; + 1)) is bounded differently. We now make use
of the couplings, to write, for each 1 € T,
]E(pifA(Wi +1) - Xifa(W, + 1))

= pi(E(fa(W: + 1)) — E(fa(W; + 1)|X; =1))

~ pE(fa(W! +1) - fa(W} + 1)),
implying that

[E(pifa(Wi +1) = Xifa(Wi + D))| < |AfalpE[W! W]

In the case when the indicators { X;;i € T'} are independent, by choosing
I'{ =@ and W} = W} = W, in Theorem 2.8, we again get the bound (2.6).
The following example, where the indicators are dependent, is taken from
Barbour & Holst (1989).

Example 2.9: (Classical occupancy problem). r balls are thrown indepen-
dently into n equiprobable boxes. Let W be the number of empty boxes.
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Then
drv(L(W),Po (X))

< (onn () (5 - n(a=h)

If » = na,, with lim,, . a, = oo, then

drv(L(W),Po())) = O(ae™®) asn — oo.

If a, = logn —loge, then lim, ,ooc A =c.

Proof: For each i € I' = {1,...,n}, let X; be the indicator for the event
“the ith box is empty”, so W =3, 1 X;. Let I'f =@ and T =T\ {i} in
Theorem 2.8. Define {X} 5533 € TP} in the following way. Take those balls
which have landed in the ith box, throw them independently into other
boxes, and let X 1 be the indicator for the event “the jth box is empty
after this”. Then

L(X};7eT?) =L(X;5 €TP|X; =1),
since, for each ball, the probability of ending up in a particular box is given
by % + n(n;_l) = E—i—l, implying that, for each I C T'¥,

n— || =1y

IP(Xij=1Vj€F’)=( ) =P(X; =1Vj eT'|X; = 1).

n—1
Let Wl =% e X}, and W} = W;. Observing that X}, < X; for each
index j € TY, we get

drv (L(W),Po (V) < k2(A) Z pi(ps + E[W} - W}

A)sz X+‘ZX el

jery
)‘)ZPiE(W_ Z i,j)
i€l jEry
= ko()\) ( Y3 Ex )
i€l jery

= k(N (E(W)* - E(W?) + E(W))
n—1\7 n—1 —2\"
= (e (- (5} () -0 () )
We finally mention, without proof, a slight extension of the coupling
approach, which is sometimes useful.
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Theorem 2.10: (The detailed coupling approach). Let W = 3. . X;,
where {X;;i € T'} are indicator variables. For each i € I, divide I"\ {i} into
two subsets I'; and T'". Let Z; = 3 ;crs Xj and W = 3 jerw X;. Let a
random variable o; be defined on the same prolngﬂity space as X; and W,
and let, for each z € R, two random variables W)* and W}® such that

LWP®) = LWi|X; = 1,0, =1) and LW}") = LW))
be defined on the same probability space. Then

drv(£(W),Po(N) < k2(A) Y _(pE(X: + Z) + E(X:Z:))
i€l
+ka(N) Z]E(Xi]mvvil,z _ WJile'z:a«)’
ier '

where ko(-) is as defined in (2.2).

2.4. Monotone couplings

In Example 2.9 the task of explicitly computing the total variation distance
bound was simplified by the fact that X < X; for each i € T and for
each j € T¥. Couplings with this property are called monotone couplings.
They were introduced in Barbour & Holst (1989) and further developed in
Barbour, Holst & Janson (1992). We give the most important results here.

Theorem 2.11: Let W =3, . X;, where {X;;i € T'} are indicator vari-
ables. For each i € T, let two collections of random variables {)’Z'zl 5J #F 1}
and {X, J,j # i} such that

L(X}id#9) = L(X555 #i|Xs = 1);
L(XE535 #4) = L(X535 #1),
be defined on the same probability space. IfI"\ {i} can be divided into three

subsets T}, T';, and T'?, such that X}J > X, for j € T'} and X1 < X; for
jery, then

drv (L(W),Po (X)) < k(X (sz +Y° ) Cov(X;, X;)

i€l iel ]€F+
+3 > |Cov(Xi, X))+ > > (E(X: X)) +pips) |
i€l jery i€T jer?
where k3(-) is as defined in (2.2).
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Proof: Foreach i €', let I = @ and '’ =T\ {¢} in Theorem 2.8, and
let W! =37, X};. Then

Z (Xj - X}])

jery

<pE (Z (le] - Xj)) +pE (Z (X5 — le,]))

jert jery

pE|W} - W} = pE

+pE (Z (X}, +Xj))

jer?
=) Cov(Xi, X;) + Y [Cov(Xs, X;)| + D (E(X:X;) +pip;). ®

jerf Jery jere

Definition 2.12: The indicator variables {X;;i € I'} are called positively
related if the conditions of Theorem 2.11 hold with I';] = I'Y = @, and
negatively related if they hold with T'} =T = 0.

It follows immediately from Theorem 2.11 that if {X;;7 € T'} are posi-
tively related, then

drv(L(W),Po () < ka(A) (Var(W) = A +2> " p}),
iel’
while if they are negatively related, then
drv (L(W),Po () < k(M) (A — Var(W)).

In view of these simple formule, it is natural to ask whether one could find
sufficient conditions for a collection of indicator variables to be positively or
negatively related, which are reasonably often satisfied and not too difficult
to verify. The answer is yes, and the key is the following result.

Theorem 2.13: The indicator variables {X;;i € I'} are positively (nega-
tively) related if and only if, for each i € I" and each increasing function

¢:{0,1}""1 - {0,1},
E(¢(X1, ..., Xic1, Xig1, -y Xn)| X = 1)
> (L) E(o(X1y ooy Xic1, Xit1, -y X))

Proof: The necessity part is immediate. For the sufficiency part we use
Strassen’s theorem, which says the following. Let S be a partially ordered
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topological space (the topology should satisfy a couple of technical con-
ditions), and let X and Y be random variables taking values in S with
distributions v; and vs respectively. Then X and Y can be constructed on
the same probability space in such a fashion that P(X > Y) = 1 if and
only if E(¢(X)) > IE(¢(Y)) for each increasing function ¢ : S — {0,1}.
For a proof of Strassen’s theorem, see e.g. Liggett (1985), page 72. Here,
we simply take S = {0,1}"1. ]

Using Theorem 2.13 it is possible to connect positive relatedness to
the better known property of association. Introduced in Esary, Proschan &
Walkup (1967), association has found uses in statistical mechanics, relia-
bility theory, and many other areas.

Definition 2.14: The random variables {X;;i € I} are said to be associ-
ated if they satisfy the FKG inequality: if f and g are bounded increasing
functions, then

E(f(X:i € Dg(XsieD) > E(f(Xii € T)E(g(Xs;6 € T)).

Theorem 2.15: Associated indicator variables are positively related.

Proof: For each i € I and each increasing function ¢ : {0,1}*~1 — {0,1},
use the FKG inequality with
f(Xsiel) =¢(X1, 0 Xic1, Xig1y ooy Xi)
and g(Xi;i € F) = X;. u
The proofs of the next two theorems are omitted. A proof of Theo-
rem 2.16 can be found in Liggett (1985), page 78, while Theorem 2.17 is
an easy consequence of the definition of association. However, we give an

example of how they can be applied, taken from Barbour, Holst & Janson
(1992).

Theorem 2.16: Independent random variables are associated.

Theorem 2.17: Increasing functions of associated random variables are
associated.

Example 2.18: (Extremes of moving average processes). Let {Z;;i € Z}
be i.i.d., and let 1, = EZ:O ¢xZi—r, where ¢ > 0 for each k = 0,...,q.
Let X; = I{n; > a}, and let W = 37 | X;. From Theorems 2.16-2.17,
{Xi;i=1,...,n} are associated, so

dry (E(W),Po (X)) < ka(3) (Var(W) — A+ 23" 52).
=1
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It is easy to see that

Var(W
)(\ ) -2 +2Z

; > a|no > a) — P(n; > a)).

In the special case Z; ~ U(0,1) and n; = Z; + Z;_1, let a = 2 — /2)/n
(where n > 2X). Then, p; = A/n, and

R

implying that

3 n n

A 2(n—1)/V8 A

—— A — ———

drv (L(W),Po(Y)) < (1 —e™){ + Z—=1( )}

In a very similar fashion, negative relatedness can be connected to

the property of negative association, introduced in Joag-Dev & Proschan
(1983).

Definition 2.19: The random variables {X;;7 € I'} are said to be nega-
tively associated if, whenever f and g are bounded increasing functions and
I’y and I'; are disjoint subsets of I,

E(f(Xi;i € T1)g(Xs;i € T2)) < E(f(Xisi € T1))E(g(Xy; 7 € T2)).

Theorem 2.20: Negatively associated indicator variables are negatively
related.

Proof: Analogous to Theorem 2.15. u

The following theorems, giving sufficient conditions for a collection of
random variables to be negatively associated, are stated and proved, to-
gether with others, in Joag-Dev & Proschan (1983).

Theorem 2.21: Independent random variables are negatively associated.

Theorem 2.22: Random variables X, ..., X, generated by a uniformly
distributed random permutation of a sequence of real numbers ay,...,a,
are negatively associated.

Theorem 2.23: Let {X;;: € '} be independent with log concave densities,
and let I C R be an interval such that P(3} ;. X; € I) > 0. Random
variables with joint distribution £(X;;i € T|Y ;o Xi € I) are negatively
associated.
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Theorem 2.24: Let {X;;i € I'} be negatively associated. For each i =
1,...,n, letY; = g;(X;;j € T;), whereI'y,...,I'y are disjoint subsets of T',
and the functions gy,. .., g, are all increasing (decreasing). Then Y1,...,Y,
are negatively associated.

2.5. The total mass of a point process

In Section 2.3, Poisson approximation for the random variable W =
> icr Xi is considered, where {X;;i € I'} are indicator variables, and the
index set I' is finite. Clearly, W can be interpreted as the total mass of
a point process on the carrier set I'. Barbour & Brown (1992b) generalize
Theorem 2.8, with the choice I'{ = ), to the setting in which W is the total
mass of a point process on a compact second countable Hausdorff topolog-
ical carrier space I' with a locally finite expectation measure. We give this
theorem below; the corresponding generalization of Theorem 2.5 is given in
Chapter 3, Theorem 5.8.

Theorem 2.25: Let E be a point process on (I', Br), where I is a locally
compact second countable Hausdorff topological space, with a locally finite
expectation measure v. For each x € T', let a Palm process E, be defined
on the same probability space as =. Then

dry (LED),Po (D) < ka(v(D)) [ EJE(T) ~ Ea(D) + 1]v(da),
where k() is as defined in (2.2).

Proof: The proof consists of noting that
drv(L(ET)), Po (1(T'))) = S [EED)fa(ET)) - v(D)faET) + 1))

= sup

/mn@ﬂw—num+nMMA

< ky(v )/]E|” — 5,(T) + 1|v(da),

where in the first equality we used the definition of total variation distance
and the Stein equation, in the second equality the definition of a Palm
process, and in the final inequality Theorem 2.3. [

In the case when = is a simple point process on I' = R, with compen-
sator {A;;t > 0}, Barbour & Brown (1992b) combine Stein’s method with
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methods from stochastic calculus to derive the following bound, presented
here without proof.

dry (LE((0,1])),Po(N)) < k1(NE[4; — A
+EWE( Y {AA)) + ks (VE(

0<s<t (0.,1]
valid for any A > 0. Here, AAs; = A; — A,_, dy is the Wasserstein d,
distance, and P, and P, are random probability measures on Z, such
that, for each { € Z; P,(i) and P; (i) are the optional and predictable
projections of the process I{Z((s,t]) = i¢}. We refer to Barbour & Brown
(1992b) for details. ‘

We remark that, in the setting of Theorem 2.25, it is natural also to
try to bound the distance between the distributions of the whole point
process = and a Poisson point process with intensity measure v. Barbour &
Brown (1992a) use Stein’s method to derive such bounds; it turns out that
the total variation distance is not the appropriate metric to use, since no
“magic factors” as sharp as those in Theorem 2.3 can be derived, and that
weaker metrics such as the Wasserstein do-metric are more appropriate.
This theory is discussed in detail in Chapter 3, Section 5.

da(Py, P} )E(ds)),

2.6. Poisson-Charlier approximation

Although a Poisson distribution is adequate as an approximation in many
cases, more refined approximations are sometimes needed. The Poisson-
Charlier signed measures {Qy;! € N} on Z, where Q; = Po ()), have been
suggested for this purpose. They are similar in structure to the Edgeworth
signed measures, but the Hermite polynomials have been replaced by Char-
lier polynomials. Barbour (1987) uses Stein’s method to derive explicit error
estimates in Poisson-Charlier approximation of the distribution of a sum of
independent indicator variables; his main result is Theorem 2.26 below.

It should be pointed out, however, that in this case error estimates can
be obtained also by other metods. Deheuvels & Pfeifer (1988) obtain error
estimates for the same kind of approximations which are in most respects
sharper than those in Theorem 2.26, using a combination of operator the-
oretic and complex analytic methods. Also, there exist promising alterna-
tives to the Poisson-Charlier signed measures, some of which are described
in Section 3.7 below.

Theorem 2.26: Let W = ). . X;, where {X;;i € T'} are independent
indicator variables. For each n € Z., let Cp(\, z) be the nth order Charlier
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polynomial, o

n

Cn(A, ) = Z (7:) (=1)""ATTz{z—-1)...(x —r+1). (2.7)

r=0
For each | > 1, define the lth order Poisson-Charlier signed measure on Z
by

Y -1
Qi) = )\ 1+ZZH rJl = /\]H)”] Cr+s(A9)),

s=1 [g] j=1 '7+1

where \jt1 = Y;cppl’ ', and (s denotes the sum over all s-tuples
(r1,..,7s) € L3 such that 3°;_,jr; = s, and R = 37, r;. Then, for
eachhe€ x andl > 1,

B ~ [ hdQih < k(A2 )

where k() is as defined in (2.2).

Proof: [Sketch of proof.] Let X be an indicator variable with IE(X) = p.
Then, for each f € x and j € Z,, it is easily verified that

-1
S (1P EA (X + 5+ 1)) = (1) AN+ 1) - pPPAF(G + 1),

s=1
where Alf is the lth forward difference of f. Moreover,
E@f(X +5+1) - Xf(X +3) =p*Af(G+1).
Letting X = X; and j = W — X, taking expectations, and summing over 1,

it follows that
-1

EM (W +1) = WFW)) = Y (1) A E(ATF(W +1))

s=1

< gl ALf).

Choosing f = Sph as the solution of the Stein equation for h, we get

-1
BOW) ~ [ b= (1) At BA®Soh(W + 1)
+ s=1

< A Alfl
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Using this expression iteratively, we get

k k
E(h(W)) = 3" (H(—U%wa) E (H(Asf'so)h)w)} 7,

@ \s=1 j=1
where Z ~ Po(}), -, denotes the sum over

k+1
{(51,...,Sk+1) e NFHL | ¢ {0,...,1—1}, Zsj =l}’
j=1

and
k+1 k+1

ml < 3 (I1 Asj-{—l)H];Il(AsJ‘So)h)H.

W =1

Rewriting, using the identities
E(Cn(A, 2)(AF)(2)) = E(Cnti(A 2)(2));
E(Ca(\ 2)50h(2)) = ~—~E(Casa(\, 2)H(2))

valid for each n € Z,, and using Theorem 2.3 to bound 7, the result is
obtained. ]

If our goal is to find a good approximation of a single, very small,
probability, we need to choose a Poisson-Charlier signed measure of a very
high order to obtain a small relative size in the error estimate. Barbour
& Jensen (1989) circumvents this problem by considering, instead of the
original indicator variables, a collection of indicator variables with a “tilted”
probability distribution. For details, see Barbour, Holst & Janson (1992),
Chapter 9.

2.7. Poisson approzimation for unbounded functions

So far we have constructed estimates for [E(h(W))— fZ+ hduo|, where W is
a sum of indicator variables, po = Po (IE(W)), and h is a bounded function.
If the indicator variables are independent, Stein’s method can be used to
find such estimates for a large class of unbounded functions. This is done in
Barbour (1987), Chen & Choi (1992), and Barbour, Chen & Choi (1995),
from which the following theorem is taken.

Here also it must be pointed out that estimates have recently been found
using other methods which are in most respects sharper than those obtained
using Stein’s method; see Borisov (2002).
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Theorem 2.27: Let W = Y, . X;, where {X;;i € T'} are independent
indicator variables. Let h be such that IE(Z%h(Z)) < oo, where Z ~ Po ().
Then

E(h(W)) - / hduo

A
< CwZ2 (4ky(NE|W(Z +1)|
Z, 2

+{E|h(Z + 2)| - 2E|h(Z + 1)| + E|R(Z){}),
where Ay = Y, .- p?, ko(-) is as in (2.2), and

(1 = maxier pi)~te?, Ho<A<;
- (1 — max;er p;) " 1e'®/124/2m(1 — Ao /N) "2, ifA > 1.

Proof: [Sketch of proof] Denote by f the unique solution of the Stein
equation for h. Let W, = W — X, for each 1 € I". Then
E(h(W)) - E(h(2)) = AE(f(W +1)) - E(W f(W))
= ZPiE(f(W +1)) - f(Wi+1))
i€l

=Y nE(X(f(Wi +2) — f(W; +1)))

ier
=Y " PE(f(Wi +2)) — f(Wi +1)).
i€l
In Barbour, Chen & Choi (1995), Proposition 2.1, it is shown that
]P(Wl = T) X .
SUP{—_—]P(er) T E Ly, EI‘} < Cw,
and in their Lemma 3.5 it is shown that
E|f(1(Z +2) — i (Z + 1)| < 2ka(V)P(Z =7 - 1)

+%(IP(Z:T-Q)—2]P(Z:r—1)+]P(Z:r)), Vrez,,

where f{, is the solution of the Stein equation for h = I ¢r}- This completes
the proof, since

IE(h(W)) - E(h(Z))] < CwhE|f(Z+2) - f(Z+1))

< CwhE Y h(r)(fir)(Z +2) - fry(Z +1))
r=0

< Owha Y |h(n)E| () (Z +2) - £1ry(Z +1).

r=0
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3. Compound Poisson approximation
3.1. The CP(m) distribution

In the remaining sections, we consider Stein’s method for compound Poisson
approximation. This research area is comparatively young, but has seen a
rapid development in the last few years, including improvements on some
of the results in the original paper by Barbour, Chen & Loh (1992).

We first recall the definition of the compound Poisson distribution,
henceforth denoted by CP (7). CP () is the probability distribution on
(R4, Br, ) which has the characteristic function

o) =exp(~ [ (1= e)in(a)),
0
where the measure 7 satisfies
/ (z Al)drm(z) < oco.
0

If || = m(R4+) < oo, then CP(n) = L(Z?zl T;), where all random
variables are independent, £(T;) = T = «/|#| for each ¢ > 1, and
L({U) = Po(||r||). We call 7 the compounding measure, and T the com-
pounding distribution.

We shall be concerned only with the case when ||7|| < co. Likewise, with
the exception of Theorems 3.1-3.2, we shall be concerned only with the
case when 7 is supported on the positive integers. We can then express the
distribution CP (7) as £(} 4w, kZx), where {Zy;k > 1} are independent,
and Zy, ~ Po (my) for each k > 1.

3.2. Why compound Poisson approximation?

CP (7) is a generalization of the Poisson distribution, but is it an inter-
esting generalization for approximation purposes? When should we use a
compound Poisson approximation rather than a simple Poisson approxima-
tion?

We answer this question by means of an example. Let {n;;¢ € Z} be
a sequence of independent and identically distributed indicator variables
such that IE(n;) = p. Let X; = I{n; = ;-1 = ... = ni—r41 = 1} be the
indicator of a run of r consecutive 1s occurring between indices ¢ — r + 1
and i, where r > 2. Let W = Y0, X;. If r is large, P(X; = 1) = p" will
be small, so a Poisson approximation seems natural for L(W). It can be
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shown using Theorem 2.8 that
r 2p r
dTV(ﬁ(W),PO (np )) S l_jl—) +p .

This is a special case of Theorem 8.H in Barbour, Holst & Janson (1992).
The result leaves us dissatisfied, since the error estimate is of order p, and is
thus much larger than the approximation error of at most p”, which would
be the case, were the indicators X; independent; see (2.6). It seems that a
Poisson approximation is not, after all, appropriate in this situation. Why?

Heuristically, even though the probability IP(X; = 1) = p” is small, the
conditional probability P(X; = 1|X;_1 = 1) = p is (comparatively) large.
Thus, even though the events {X; = 1} are rare, when they do occur they
tend to occur in clumps, rather than isolated from one another. This is what
impairs the accuracy of the Poisson approximation, and since clumping of
rare events is a common phenomenon, we should expect this to happen
quite often.

A natural alternative to Poisson approximation in such cases is the fol-
lowing. We consider not the number of rare events, but the number of
clumps of rare events, as approximately Poisson distributed, and we con-
sider the clump sizes as independent and identically distributed. The dis-
tribution of the number of rare events is then approximately CP (), where
||| is the mean number of clumps, and 7 is the clump size distribution.
It is this idea, sometimes called the “Poisson clumping heuristic”, that we
shall henceforth pursue. For aspects of the idea other than those mentioned
here, see Aldous (1989).

3.3. The Stein equation for CP(w) and its solutions

We next study the Stein operator for the CP () distribution proposed
in Barbour, Chen & Loh (1992), and the solutions of the corresponding
Stein equation. Our first two theorems concern the general case, but all the
results that follow concern only the discrete case, where 7 is supported on
the positive integers. Let (S,S,u) = (R4, Br,, i), where (R, Bg, ) is the
set of nonnegative real numbers equipped with the Borel g-algebra. Let x
be the set of all measurable functions f : R. — R. Let yg = CP (7), where
[7]] < oco. Let Fo = {f € x;sup,q|zf(z)] < oo}, and define the Stein
operator Ty : Fo — x by

(Tof)(z) = /IR tf(z +t)dr(t) —zf(z)  VaeRy. (3.1)
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Theorem 3.1: If h: R; — R is bounded, the Stein equation
Tof =h— hdyo
Zy
has a solution f € Fy. The solution f is unique except for f(0), which can
be chosen arbitrarily. For each x € R/,, f(z) is given by

cti(h(zti ) = fp, hd,m)

Z/]Rk 2@+ t1) (% F b1+t tg) Hdﬂ(t

Proof: Let X be the quotient space of x with respect to the set of functions
{h € x;h =0o0n R }, and denote the equivalence class containing h by h.
Define ) to be the Banach space {h € x;||h|| < oo}, equipped with the
supremum norm ||k|ly = ||h||. Define the linear spaces

Z ={f e X;sup|f(z)| < oo};
>0

X = {f € x;sup|zf(z)| < oo},
x>0

equipped with the norms |[f| z = || f|ly and ||f]|x = supgs¢ |zf(z)|, respec-
tively. It is easy to see that Z is a Banach space. .

Define the linear mappings M : X — Y and U : X — Y through the
equations (M f)(z) = fR,+ tf(z +t)dn(t) and (UF)(z) = zf(z). Define also
the mappings M : X - Zand U: X - Zby Mf =Mf and Uf = U¥.
It is not difficult to prove that U is an isometry and a bijection, making X
a Banach space. Moreover, it is shown in Lemma 3 in Barbour, Chen &
Loh (1992) that the linear operator M — U is a bounded bijection, with an
inverse given by

M-U)h==-> U MT" ', VheZ,
k=0

and such that ||(M - T)~1|| < el
Define the linear mapping ¢ : Z — Y by
7 h(z), ifz >0;
(9h)(z) = —ellml fm; hdp, ifzx=0."

Clearly, ¢ is 1-1, and maps Z onto {h € ), fR+ hdug = 0}. Hence, the
operator ¢po (M —U) is 1-1 and maps X onto {h € Y; fm hduo = 0}. This
proves the first part of the theorem. It is not difficult to verify the explicit
expression for the solution f. [
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The following theorem is stated without proof in Barbour, Chen & Loh
(1992).

Theorem 3.2: Let f4 be the solution of the Stein equation with h = 14,
where A € Bg, . Then,

sup sup |:c(fA y) — fA(.’II))| < el
AEBR+ y2z>0

From now on we restrict our attention to the discrete case. So let
(S,8,u) = (Z4,Bz, , ), where (Z,,Bz,) is the set of nonnegative inte-
gers equipped with the power o-algebra, and take pg = CP (7), where
Yo im < oo. Let x be the set of all functions f : Z; — R, and let
Fo = {f € x; supgen |kf (k)| < oo} (a subset of the set of bounded func-
tions). Now define the Stein operator Ty : Fo — x by

(Tof)(k) = Zm, flk+i)—kf(k) VkeZ,. (3.2)

Theorem 3.3: Ifh: Z, — R is bounded, the Stein equation
Tof =h— hd,uo
Zy
has a bounded solution f. The solution f is unique except for f(0), which
can be chosen arbitrarily. f is given by

Fk) = — iai,k (h(i) - /Z hduo) Vk €N, (3.3)

i=k
where ay ; = 1/k and

i .
jm; ,
ki = ) kJ:Z. Gkticie  Vi€N.
i=1

Proof: Imitating the proof of Theorem 3.1, we see that there exists a
unique solution f € Fy = {f € x; supen |kf(k)| < oo}. Since we have
assumed that Y oo —p im; < 0o, we can prove by contradiction that no other
bounded solutions exist. Assume that there exists two bounded solutions
f1 and fa. Then, f; — f, is a solution of the Stein equation with h = 0, and

2g§|k(f1(k) ~ fa(k))| = iug‘z imi(fu(k +1) ~ fo(k + i))\

<iu§2mrz‘f1 (k+1)— f2(k+i)| < o0,
€
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so f1 — fa € Fo. Hence, fi — f2 = 0 by uniqueness. The proof of (3.3) is
omitted, but can be found in Barbour, Chen & Loh (1992). n

The following characterization of CP () is the analogue of Theorem 2.2,
and is proved in the same way.

Theorem 3.4: A probability measure y on (Z., Bz, ) is CP (7) if and only
if

(Tof)dp =0
Zy

for all bounded f : Z, — R.

In Section 2.3, it was seen that “magic factors”, or good bounds on the
supremum norm of the first difference of the solution of the Stein equa-
tion and the supremum norm of the solution itself, are essential for the
success of Stein’s method for Poisson approximation. This is true also for
compound Poisson approximation. However, in this case much more work
is required to find such bounds, and the best known bounds are valid only
if the compounding distribution satisfies certain conditions. Theorem 3.5
below is due to Barbour, Chen & Loh (1992). Later on, in Theorem 3.17,
some other bounds are presented, which are valid under condition (3.16).

Theorem 3.5: Let f be the unique bounded solution of the Stein equation
with h bounded. Let

Hy(m) = sup |Afall,  Ho(m)= sup ||fall, (3-49)
ACZy ACZ,

where f4 is the unique bounded solution of the Stein equation with h = I 4.

Then

1 kig
max(Ho(r), Hy (r)) < (1 A —7-r—1—)e" I. (3.5)
Moreover, if
imi— i+ DT 20 VieN, (3.6)

then

1 1 + :
Hin) < {1 (s +log" 2 — 2m) b

; (3.7)

Ho(r) < = (2 i), im—2m >
- 1, if7l'1—2ﬂ'2§1.
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Proof: The bound (3.5) can be proved using the representation (3.3), as in
Barbour, Chen & Loh (1992). However, (3.5) is not very useful unless |||
is quite small.

The bound (3.7), valid under condition (3.6), is much better. It is proved
by means of a probabilistic representation of the solution of the Stein equa-
tion, similar to the one given in Theorem 2.4 in the Poisson case. Informally,
letting f(k) = yg(k) = g(k) — g(k — 1) and assuming that g does not grow
too fast, we get

(Tof)(k) = Z(iﬂ'i — (i + V)miy1)g(k + i) + kg(k — 1) — (71 + k)g(k)
=1

= (Ag)(k)  VkeZy,

where the operator A is the generator of a batch immigration-death process
{Z:;t € Ry} for each ¢ € Zy, the immigration rate for batches of size 7 is
im; — (1 + 1)mi 41, while the death rate per individual is 1. It is not difficult
to prove that the stationary distribution of {Z;;t € Ry} is CP(w). The
Poisson’s equation corresponding to A is

—Ag =h— hd/l,o
Zy

If h is bounded, then it can be proved, just as in Theorem 2.4, that this
equation has the solution

aw==4m(Euwznzo=kr—/ hduo)dt  Vk €y,

Zy

and that f = — 7 g is the unique bounded solution of the Stein equation;
note that we have assumed that ) .2 im; < oo. To prove (3.7) we define,
for each k > 1, four coupled batch immigration-death processes, where Z(*)
starts at &, and

Z =200 + 1r > 1),
75 = 28 4 I{ry > 1},
zZ5® = 5D 4 1y >t}
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Here, 71 ~ exp(1l) and 7 ~ exp(1l) are independent of each other and of
Z*®) Then

fa(k+2) — fa(k+1)
- ‘/ E(14(Z*Y) = Ia(Z?) - 1a(Z() + 14(2)) dt
0

- / E(I{r, A2 > }(Ia(Z +2) — 204(Z + 1) + 14(ZM))) dt
0

- / P(rAry > t)(P(ZPe A - 2) - 2P(ZF e A— 1) + P(ZPe 4)) dt
0

__ / e 2(P(ZP € A-2)—2WP(ZF c A—1) + P(ZP € A)) ds.

0

We can write Zt(k) =Y; + W,, where Y; is the number of individuals who
have immigrated in batches of size 1 after time 0 and are still alive at
time t, and Y; and W, are independent. Then, using an inequality derived
in Barbour (1988),

Pz e A-2)—2P(ZH € A-1)+P(ZP € 4)|

< PW=r)| 3 (]P(Yt=3—2)—2IP(Yt=s—1)+]P(Yt:s))'

r=0 SEA—r

1
<(2A .
- ( (l—e‘t)(7r1—27r2)>
An integration completes the proof of the first bound in (3.7). The proof of
the second bound, given in Barbour, Chen & Loh (1992), is similar and is
therefore omitted. n

3.4. Error estimales in compound Poisson approximation

For the construction of error estimates in compound Poisson approximation,
we shall focus on the case when the distribution to be approximated, y, is
the distribution of a sum of nonnegative integer valued random variables
with finite means.

Unless explicitly stated otherwise, we use the following notation, similar
to the one in Section 2.3. I is the index set, which is finite. In most cases
T ={1,...,n}. {Xi;{ € I'} are nonnegative integer valued random variables
with finite means; W =3, . Xi; 4 = L(W); and po = CP (), where 7 is
the “canonical” compounding measure, defined by (3.8).

In most of what follows our goal will be to bound the total variation
distance between u and pg. As in Section 2.3, using the Stein equation we
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obtain the representation

drv (o) = sup |u(4) = po(A)| = sup | [ (Tofa)dul
ACZ+

ACZ\IZy

= sup
ACZy

E(Y imfa(W + i) - WfA(W))‘ :

i=1

where f4 is the unique bounded solution of the Stein equation with h = I 4.
Just as for the Poisson distribution, there is a local and a coupling approach
to bounding the right hand side.

Theorem 3.6: (The local approach). Let W = ... X;, where the ran-
dom variables {X;;i € T'} are nonnegative and integer valued, and have
finite means. For each i € I', divide ' \ {i} into three subsets I'Y*, '}
and I'?, so that, informally,

Iy ={j eI\ {i}; X; “very strongly” dependent on X,};
Iy ={j e\ {i}; X; “weakly” dependent on {Xy;k € {i} UT}*}}.

Let Z; = 3 cpvs Xjy Wi = 3 jerw Xy and Uy = 37 o X Define 7 by

1
=1 Z;E(X,-I{Xi +Z;=k}), VkeN. (3.8)

Then

drv (L(W),CP (m)) < Hi(m) > (B(X:)E(X; + Zi + Us) + B(XUy))
i€l

oo 00
+Ho(m)Y > Y JE[P(X; = j, Xi + Zi = k) — P(X; = j, Xi + Z: = k|W5),
i€l j=1k=1

where Ho(-) and Hj(-) are as defined in (3.4).

Proof: The proof parallels that for Poisson approximation in Theorem 2.5.
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Direct computation shows that

B kmfaW +) = W1a(W)

= (Y EOGHX: + 20 = K)FA(W + K) — Xifa(7))

i€l k=1
=3 > S IE{P(Xi = 5, X + Zi = k) fa(W + k)
i€l j=1 k=1
— I{X = §, Xi + Zs = K} fa(Wi + Us + b) }
=33 S IB{P(X; =5, X+ Zi = k) (fa(W + ) = fa(Wi + )

i€l j=1 k=1
+ P(Xi =5, Xs + Zi = k) — I{X; = j, Xs + Z; = k}) fa(W; + k)

+ I{X: = 4, X+ Zi = K (fa(Wi + K) = fa(Wi + Us + k) }.
The result follows since, for each i € T', j € N and k£ € N,
|fa(W + k) = fa(Wi + k)| < IAfal(Xi + Zi + Us);
|Fa(Wi + k) = FaWs + Ui + k)| < |AFaUS,
and
IB(P(X; = j, Xi + Zi = k) — I{X; = j, X; + Z; = k}) fa(W; + k)|
SNFAlBP(X; =5, X+ Zi = k) —P(X; =5, X + Zi = k|W;)|.  m

Example 3.7: (Independent random variables). Let {X;;i € '} be inde-
pendent. Choosing I'?® = I'? = @ for each i € I in Theorem 3.6 gives

dry(L(W),CP (7)) < Hi(m) ) E(X.), (3.9)
i€l
where the canonical compounding measure 7 is

me=Y P(Xi=k) VkeN

el

This can be compared with bounds obtained using other means than
Stein’s method. Le Cam (1965) proved that

drv(L(W),CP (m) < > P(X; > 0%,
i€l
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which is sometimes better than (3.9) and sometimes worse, depending on 7.
In the special case when L£(X;|X; > 0) is the same for all : € I, Michel
(1988) proved that

1
dry (L(W),CP (7)) < T > P(X: > 0)?, (3.10)

i€l
which is better than both of the preceding bounds. However, the fol-
lowing counter-example shows that the bound (3.10) cannot be valid in
general, if the X, are allowed to have different distributions. For each
iel={1,...,n}, let P(X; = 3"!) = 1 -P(X; = 0) = p. The
bound (3.10) is then p. However, we know from Section 3.1 that the random
variable Y = Y"1 | 3717, where {Z;;i =1,...,n} are i.i.d. with distribu-
tion Po(p), has the distribution CP (7). Moreover, L(W) is supported on
those nonnegative integers whose ternary representations contain no 2s, so
from the definition of total variation distance,

drv(L(W),CP(r)) > Y P(Z1<1,...,Zi.1<1,Z;=2)

3==1

~1
pZe”P 3 . p?e™? /1~ (1+p)te P

— 1 K] 1«p — ( ). }
) g( +pye 9 \I-(1+per

Applying 'Hospital’s rule twice shows that
2,—Pp
P2

plo1—(1+ple?
and, for each fixed p > 0, lim,,_,o0(1 + p)"e™™ = 0. To see that the bound
given in (3.10) would be too small here to be true, now choose p very small

and n very large.

?

The next example, where the random variables are dependent, is taken
from Roos (1993); it was mentioned previously in Section 3.2. Barbour
& Chryssaphinou (2001) consider other examples of similar flavour from
reliability theory and the theory of random graphs.

Example 3.8: (Head runs). Let {n;;¢ € Z} be an i.i.d. sequence of indi-
cator variables with IB(7n;) =p. Let X; =I{n, =ni_1 = ... = Nj—py1 = 1},
where for simplicity of computation we identify i+ kn with i for each n € Z.
Let W = 3.1, X,. Choosing
IMP={jef1<|i-jl<r-1}
L={jehr<li-jl <2r- Dk
Iy =T\ {{i}uTy urs},
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the canonical compounding measure 7 is

nptk-1(1 — p)?, ifk=1,...,r—1;
b LAl
X(2+@2r—k—-2)1-p), ifk=r,...,2(r—1);
np3r—22rl_1, ifk=2r—1.

Moreover, the last term in the bound of Theorem 3.6 vanishes, so

n

dry(L(W),CP (r)) < Hi(m) S (B(X)E(X; + Zi + Us) + E(GUS))
i=1

= Hy(m)(6r — 5)np™".

What are the asymptotics of this bound asn — oo if p = p, and r = 7,,?
Noting that ||7|| < E(W) = np", we can show that: (i) if np” < C < oo,
the bound is O(rp"); (i¢) if np™ — oo, r >4 and p < p' < %, the bound is
O(rp™ log(np")); (iii) if np” — oo and p < p’ < %, the bound is O(rp"). To
do this we use Theorem 3.5 for (i) and (i¢) and Theorem 3.17 for (4i2).

Theorem 3.9: (The coupling approach). Let W = 3, . X;, where the
{Xi;% € T'} are nonnegative integer valued random variables with finite
means. For each i € T, divide T'\ {i} into three subsets I'¥*, T¥, and I'?. Let
Z; = EjeI‘;“’ X;, W; = Ejel“;“ X; and U; = Zjel‘f X;. Define m by (3.8).
Foreachi €', j € Nand k € N, let two random variables Wfk and Wij’k
such that

LW = LWi)X; = §, Xi + Zi = k);
LWI®) = LWy),
be defined on the same probability space. Then
drv (L(W),CP (7)) < Hp(m) Z(IE(X,-)]E(Xi + Z; + U;) + E(X.U;))
i€l

+Hy(m) Y3 GP(X =4, Xi + Z: = R)E|WPF - Wi,

i€l j=1k=1

where H;(-) is as defined in (3.4).

Proof: The same as for Theorem 3.6, except that instead of the last in-
equality in that proof we use the couplings to obtain, for eachi €T, j € N



Poisson and compound Poisson approzimation 95

and k € N,
E((P(X; =5, Xi + Zi = k) — [{Xi = §, X + Z; = k}) fa(W; + k)
=P(X; = j, Xi + Z; = K){E(fa(W: + k))
~E(fa(W; + k)X, =5, X; + Z; = k) }
=P(X; = §, Xi + Zi = )E(fa(WP* + k) — fa(W7P* + k),
implying that
|E((P(X: =4, Xi + Zi = k) = I{X; = j, Xi + Zi = k}) fa(W; + k))|
< | ALAIP(X; = 4, X; + Zi = )E|W/* — WP .
In the case when the random variables {X;;¢ € I'} are independent, by
choosing T'?* = TI'? = § and Wfk = W?* — W, in Theorem 3.9, for each

i € T, we again get (3.9). We now turn o an example where the random
variables are dependent, taken from Erhardsson (1999).

Example 3.10: Let {7;;i € Z} be a stationary irreducible discrete time
Markov chain on the finite state space S, with stationary distribution v.
Let W = 3., I{n; € B}, where B C S.If B is a rare subset of S, meaning
that v(B) is small, we expect W to be approximately Poisson distributed.
However, conditional on {np € B}, the probability of returning to B after a
short time might be large, in which case visits by n to B would tend to occur
in clumps. As explained in Section 3.2, compound Poisson approximation
should then be preferable to Poisson approximation.

We first introduce suitable random variables {X;;i € T'}, as follows.
Choose a € B¢. For each i € Z, let 77 = min{t > i;7; = a}, and let

T
Xi=I{ni=a} ) I{n; € B}.

=i+l
In words, we consider 7 as a regenerative random sequence, the regener-
ations being the visits by 7 to the state a. X; is the number of visits to
by 7 to B occurring during the regeneration cycle starting at time i, if a
regeneration cycle starts at time i; otherwise X; = 0. Let W/ = Y7 | X,.
The basic coupling inequality gives

drv(L(W), L(W")) < P(W # W),

where the right hand side is small if B is a rare set. We next apply the
coupling approach to W”. For each i € ", choose I'Y* = T'® =}, so that

T = nlP(X; = k), Vk > 1.
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For each 7 € T and j € N, we shall now construct a random sequence
{7;?;t € Z} on the same probability space as 7, such that

L") = L X: = j),

and such that the two sequences differ only in one regeneration cycle.
Formally, let the random sequence {ﬁ?’ ;t € Z} be independent of 7
and distributed as £(n|Xo = j). For each i € Z and each j € N, let
(%) = min{t > ;77 = a} and T = max{t < i;7; = a}. Define
{7i;7;t € Z} by

e, 0<t<rg(@™);
™ =\ M+7s» t <0;
Nimrp(@@i)4rgs > TH(H™).

We then define, for each t € Z, 7,7 = #27.. It follows from the strong
Markov property that 77"/ has the desired distribution. Let

o o T:+1(;I'i'j)
R = I =a) Y I eB),  Vhed
r=k+1
where 7¢(7%9) = min{t > i; 77 = a}, and define W} = 3", .rw X27. Then
L(W)) = LWl X = 5).

L(W/) = L(W;). If B is a rare set, |W/ — Wf | should be small with high
probability. From Theorem 3.9, the triangle inequality for the total variation
distance, and calculations in Erhardsson (1999) not repeated here, we get

Similarly, let X}” = Xj_;, and then define W} = 3, . X7, Clearly,

drv (L(W),CP (r))

n o

< Hi(m) Y E(X)? + Hi(m) > ST jP(X; = 5)E|W] — W] |+ P(W # W)
i=1 i=1j=1

E(5)
v{a)

As an application, consider again Example 3.8 (Head runs). We define a
stationary Markov chain ¢ by {; = min{j > 0;7;—; =0} Ar for each i € Z,
so that L(W) = L(> ., I{¢ = r}). With B = {r} and a = 0, simple
calculations show that 7 = (n —r 4+ 1)p"+*=1(1 — p)? for each k € N (see

< 2H, (v) (B(78Imo € B) — E(78lmo € B) + = o2 Jnv(B)? + 2P (1 < 78).
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Erhardsson (2000)), and
drv(L(W),CP (r))

4p 2p 2r _ 7
< Hi(w) (2r +2+ > + (T:—p—),z)(n r+1)p* + (2(1 p)r + 2p)p
The asymptotics of the bound as n — oo are similar to those given in
Example 3.8.

Just as for Poisson approximation, the following slight extension of the
coupling approach is sometimes useful.

Theorem 3.11: (The detailed coupling approach). Let W = 3 ... X;,
where {X;;i € T'} are nonnegative integer valued random variables with
finite means. For each i € T, divide I" \ {4} into three subsets I'}*, T'y’, and
T Let Z; = =Y jeres Xi» Wi =Y jerw Xj and Uy = 37 e X;. Define w by
(3.8). Let a random variable o; be defined on the same probability space
as Xi, Z; and W;, and let, foreachi € ', j € N, k € N and = € R, two
random variables W*® and W3*® such that

LWIE=Y = LWi|X; = j, X+ Zi = k, 0, = @);
LWPET) = L(W),

be defined on the same probability space. Then

dry (£(W),CP (m)) < Hi(m) > (E(X))E(X; + Z: + Us) + E(X,U;))

i=1
o0 o0
+H(m S S S IE (I{X,; =§,Xi+ Z; = RYE[W}H* — Wf’k’zlzm) ;
i=1j=1k=1
where Hy(-) is as defined in (3.4).

3

Our third example, taken from Barbour & Ménsson (2000}, concerns the
number of k-sets of random points in the unit square that can be covered
by a translate of a square with side length ¢. This random variable is closely
related to the scan statistic in two dimensions, which, by definition, is the
maximal number of random points that can be covered by such a translate.

Example 3.12: Let n numbered random points be uniformly and indepen-
dently distributed in the unit square A. Identify each point with its number.
Let T be the set of k-subsets of {1,...,n},ie.,I'={i C {1,...,n};|i| = k}.
For each ¢ € T, let X; be the indicator that all points in ¢ can be covered
by a translate of a square C' with side length ¢. Let W =}, . X;
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We use Theorem 3.11. For each ¢ € T, let R; be the square centred at a
randomly chosen point in i, with side length 4c. Choose

I'}? = {j € T'\ {i};all points in j lie in R;};
Y ={j €T;j0i=0;n0 points in j lie in R;};
=T\ ({s}uTy ury).
This means that we are using random neighborhoods instead of fixed ones,
but it is easy to see that the error estimates are still valid. For each i € T,
let the random variable o; be the number of points not in z that lie in R;.

Foreachi € ', r € N, and s € Z,, we construct two random variables
W™* and W™ on the same probability space, such that

LOVE™S) = L(WilXs = 1, Xi + Zi = 7,05 = s),
and L(/W/il’r’s) = L(W;). This is achieved as follows. Let n — k points be
independently and uniformly distributed on A\ R;, and then sample N; ~
Bin(n — k,16|C|) independently of the n — &k points. Now define M;, =
max{n—k—s,n—k—N;} and m; , = min{n—k—s,n—k—N;}. Number the
k-subsets of {1,..., M, } in such a way @at the k-subsets of {1,...,m; s}
are given numbers from 1 to (m,;“) Let X; be the indicator that all points
in the lth k-subset can be covered by a translate of C. We then define

N ol ()

VVil’T's — Z Xl; Wil,'r,s _ Z Xl-

1=1 =1

These random variables have the desired distributions. Hence, Theorem 3.11
gives

(n—k—s

n

drv (L(W),CP () < Hi(m) S (B(X)E(X: + Z; + Us) + B(XUy))

i=1
+H (M) S NSNS T P(X =1, X + Zi = 1,00 = E|WT W,
i=1r=1s=1

After some computations, which are not repeated here, the following bound
is finally obtained:

drv (L(W), CP (m)) < Hy() (Z) [16 (” - k) e

+ KD {kz; () s e 1}

14

+ 32k410|k(1—_—|%|—5|)’“‘1(n — k) (Z B ’;)] ,
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Asymptotically, as n — oo, if C = C,, in such a way that
E(W) = <:) k2|C*! < K < oo,

the bound is O(n?*~1|C|?*~2). Since 7 does not satisfy (3.6), the bound
does not converge to 0 when IE(W) — oo. However, one can use results
due to Barbour & Utev (1998, 1999), to be presented in the next section,
to prove a slightly different result: there exists a constant ¢ > 0 so that, as
n — oo, if n|Cp| — 0 and E(W) — oo,

drv(L(W),CP (1)) = O((n|Cy|)*~1 + exp(—cE(W))).

3.5. The Barbour-Utev version of Stein’s method for
compound Poisson approzimation

We here describe a version of Stein’s method for compound Poisson approx-
imation due to Barbour & Utev (1998, 1999). Using their approach, it is
often possible to obtain much better bounds on the rate of convergence to
an approximating compound Poisson distribution than using the original
Stein’s method, but the corresponding error estimates are not so well suited
for numerical evaluation.

The work of Barbour & Utev was motivated by the desire to improve
the bounds given in Theorem 3.5 (the magic factors). Unfortunately, (3.5)
cannot be much improved in general: it is not difficult to find a 7 for which
the condition (3.6) fails, and for which there exists § > 0 and C(7) so that
H,(r) > C(7)ePI™!. To get around this difficulty we define, for each a > 1,

Hi(m) = sup sup |fa(k +1) — fa(k)],

A Z+ k>a

Hy(m) = sup sup|fa(k)|.
ACZy k>a
Theorem 3.13: Let W be a nonnegative integer valued random variable,
let = L(W), and let pg = CP (), where mg = Y ;0 1T < co. For each
O<a<b<oo, let

(@) = (T ) a1 (2) + T3,00)():
Then,
dry (4, o) < sup E(Z imi fa(W + i) g p(W +14) — W fA(W)ua,,,(W)) ’
+ =1
+P(W§b)(1+”—”l’;§@). (3.11)
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In particular, we may choose a = c||w||m; and b = %(1 + ¢)||m|m1, where
my =3 o 1T, for0<c<1.

Proof: For each A C Z, and each k € Z,,
La(k) — po(4)

= v () (3 imifa(k + ) = kfa(k)) + (1= uas () (Ta(K) = pio(4)
i=1

= imfalk +iuap(k + ) — kfa(k)uap(k)

i=1
+ (1= ap (k) (Ta(k) = o(A)) = S i falk + ) (s (k + i) — ua,(E)).
i=1
Moreover,
ek +4) — e (B)] < min{1, = AT (W ooy (k). m

To bound the first term on the right hand side in (3.11) we can use
the local, coupling or detailed coupling approaches together with explicit
bounds on H§(w) and H{ (), since it easily seen that

Hg(m
up 1A (faue)| < HE(r) + S,
ACZ4 —a

sup || fauasll < Hg(m).
ACZ+

For the second term we also need a bound on IP(W < b). This can be ob-
tained in various ways, for example using Chebyshev’s inequality, Janson’s
inequality, included as Theorem 2.S in Barbour, Holst & Janson (1992), or
Janson’s extension of Suen’s inequality; see Janson (1998).

Explicit bounds on H§(7) and H{(w) are given in the following theorem
due to Barbour & Utev (1999). The very long and complicated proof is
omitted.

Theorem 3.14: Assume that the generating function ¢ of T has radius of
convergence R > 1, that ||r|| > 2, and that

min(pi(C), 573(C) >0 Wo<C<m, (3.12)
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where

pi(Q)= inf (1-— Zﬁk cos(kd))

(<6<

p5(¢) = inf (1- — Z k7rk cos(kd)),

<0<
(sbsm 1

and my = Y o, k7. Then there exist explicit constants Co(7), C1(T) and
Co(T) < 1, such that, for each a > Co(T)||w||my + 1,

Hi(m) < (@)™,

(3.13)

Hg(m) < Co(m)|w|| 71/,
Proof: [Starting points of proof.] The unique bounded solution of the Stein
equation with h(k) = z*, where z is a complex number such that |z| <1, is

F (k) = ellmlle) / wrlemImle@ gy VEeN,
| AT

where ¢ is the generating function of 7, and I, ; is a path in the unit disc

from z to 1. Moreover, for each A C Z,

fa) =S5 [ s

leA

_sz/ =TI =00 (1 (1 — k) — po(1))dt,  Vk €N,

leA

where p; = CP (nt), and 7} = m(1 — t¥) for each k € N. Using these two
representations of f,4, the bounds can be derived. ]

Condition (3.12) is easily seen to be satisfied for all aperiodic 7.

The explicit expressions for Co(7), C1(T) and Co(7) are very compli-
cated, and no effort was made to optimize them, so we do not reproduce
them here. However, by examining these expressions we can find sufficient
conditions for Cy(u), C1(pn) and Cs(p) to be uniformly bounded over a set
of probability measures. For example, if 7 has radius of convergence R > 1
and satisfies condition (3.12), then there exists an £ > 0 such that Cp(u) and
Ci(p) are uniformly bounded above, and Cy() is uniformly bounded away
from 1, over the set of probability measures {y;sup;s; R |u; — 7] <e}. In
this fashion, one can obtain results like the following, due to Barbour &
Mansson (2000).
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Theorem 3.15: Let {W,;n > 1} be nonnegative integer valued ran-
dom variables. Assume that the sequence {7™;n > 1} of compounding
measures satisfies the following conditions: (i) lim,_,. 7 = m; for each
i > 1; (ii) sup,>; > o 7P R* < oo for some R > 1; (iii) infp,>1 |7 > 2;
(iv) infp>1 7} > 0. Assume also that, for each n > 1 and each bounded
f : Z+ - R;

00

E() in f(Wo +5) = W f(W,)
i=1

Then there exist positive constants K < oo and ¢ < 1 such that, for any

¢2 < ¢ <1 and any n such that E(W,,) > (¢ — c2)7},

K / B,

drv (L(W,),CP (7)) < 1 o (W +P(W, < ;(1+ C)E(Wn)))

< [|Af]|Bp.

3.6. Stein’s method and Kolmogorov distance

So far, we have constructed bounds for the total variation distance between
a distribution g and a compound Poisson distribution pg, using the chain
of equalities

dry (o) = sup |u(4) = po(A)] = sup /Z (Tofa) du
= E@ im fa(W +1) = WEA(W))],

where f4 is the unique bounded solution of the Stein equation with A = I 4.
However, it should be clear that we could just as well try to bound
sup

/ hd#—/ hduo’ = sup / (Tofh)d#‘,
h€xo Z+ Z+ h€xo Z+

where f, is the unique bounded solution of the Stein equation with h € xo,
for any collectjon of bounded functions xg C x. For example, we could try
to bound the Kolmogorov distance, defined as

dxc (i, o) = Sup |u([k, 00)) — po([k, 00))]-

The following theorem is due to Barbour & Xia (2000).

Theorem 3.16: Let fj; o) be the unique bounded solution of the Stein
equation with h = Iy o), where k € Z,.. Define

J1(m) = sup [Afik,eorll,  Jo(m) = Sup 1l fik,00) Il
+ +
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If condition (3.6) holds, then

1 1 2
st < —_ 3.14
Ji(m) £ 2/\(7”_}_1) and Jo(ﬂ')"ll\”em (3.14)

Proof: [Sketch of proof.] As in the proof of (3.7), we use the probabilistic
representation of the solution of the Stein equation, and get

Fiks00) (84 2) = fik,00) (8 + 1)
_ / e 2(P(ZP > k—2) - 2P(Z > k- 1)+ P(Z® > k) dt
0

- ]E(/O eH(I(ZP =k -2} - HZP =k-1})dt),  VieZ,

where {Zt(‘),t € R, } is a batch immigration-death process with generator
A, starting at i. Since, unless Zy @ ¢ {k — 1,k — 2}, the integrand assumes
the value 0, and since {Zt ;t € Ry} is a strong Markov process which
makes only unit downward jumps, we can prove that

Fie,00)(k + 1) = fii,00) (B) < Fiiyo0) (8 +2) = Flr,00) (8 + 1)
< fik,00) (k) = flr,o0y (k — 1),

and, furthermore,

0 < Friooy (K) — Fienoo) (k — 1) < —

w1+ 1’
0 < —(fik,oo)(k +1) = flk,00) (k) <

vk > 1;

, vk >1. ]
m+1

3.7. Stein’s method for translated signed discrete compound
Poisson measure approzimation

We here describe Stein’s method for approximation of distributions of in-
teger valued random variables with translated signed discrete compound
Poisson measures, a class of signed measures which extends the discrete
compound Poisson distributions. The results presented are due to Barbour
& Xia (1999) and Barbour & Cekanavicius (2002).

This class of signed measures is defined as follows. Let 7 be a signed
measure on (Z, Bz) such that ), , |im;| < oo, and such that 79 = 0. For
each vy € Z, the translated signed discrete compound Poisson measure g -
is the signed measure on (Z, Bz) with generating function

Pr(2) =27 exp(—— Z(l - zk)ﬂk). ‘ (3.15)

keZ
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Note that pr(Z) = 1. We shall use these signed measures as approxi-
mations of discrete probability distributions which are close to the normal
distribution. Compared to the normal distribution and to Edgeworth signed
measures, they have the advantages of being themselves discrete and sim-
pler in structure. Also, Stein’s method can be used to produce explicit error

estimates.
Let (S,S,u) = (Z,Bg,u), and let x be all functions f : Z — R. Let
Fi1={f € x;||f|| < oo}, and define the Stein operator T  : F; — x by

(Ten £)(k) =D _imif(i+k)— (k=1 f(k) Vk€LZ
i€Z
Theorem 3.17: Assume that
. 1 . 1
/\——-;mi>0; BZXiEZZz(z~1)|7ril < 3 (3.16)

Then, for each bounded h € x and each v € Z, there exists an f € F; such
that

L f())=0 Vk<w
2 .
2. (Tﬂ,vf)(k) - (h(k) - /Z hd;uﬂr,*y)’ < m Z I#w,O(])l“h” Vk2>n;
j<0
2 1
. <2 —\IIAl:
31 < g5 (1A =) I
2 1—e
. L—{——— .
41871 < =55 (75— ) bl
Proof: We first consider the case v = 0. Define the operator U : F; — x
by
(UF)(k) = (T f)(k) = Af(k 4+ 1) + kf (k).
Direct calculation shows that

WUFI <D i = DimlAfl = A0 AS]. (3.17)
i€ZL
In particular, U is a bounded operator. For each bounded f, let Sf denote
the unique bounded solution f of the equation

ATk + 1) = k) = (k) — WK — [ (h=U)dm, k20
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for which f(k) = 0 for all £ < 0, where i = Po()). Now define fo = 0,
frn=958fn_1,and g, = fr — fr—1. It follows that

3gall +1) = bgalk) = ~Ugn1)8) + [ (Ugnor) i V20
+
Theorem 2.3 and (3.17) give

Jonll < 218 =) U001l < 220 (1A =) | Agus]

< 20207 (1A \/%)Ilhll-

Hence, the f, converge uniformly as n — 0o to a bounded function f.
Moreover,

1
||f||<Z||gnH— =1 A ) I

n=1
- 2 (l—e?

18F1 < 30 18gn] = 1= (=— ) liAll
n=1

Finally, from the fact that
(UL (k) = Af(k+1) +kf(k) = (Trof)(k)
— h(k) —/ (h=Uf)di, VEk>0,
Zy

and since [,(Tro0f)dpr0 = 0, which can be seen by differentiating (3.15)
with respect to z and equating coefficients, we get

[ rdino- [ (U

<D umo()] (Ihll +/ Ih—Ufldﬁ+||Ufll>

(Tro£)(k) — (h(k) - /Z hdpno)| =

j<0
<23 lumo()I(IRI + U F]) < 02'##0 AL
j<0 i<0

The case v # 0 can be reduced to the first case by defining the function
h = h{-+7~), denpting by f the function corresponding to h defined above,
and letting f = f(- — 7). [

We remark that if 7 is a nonnegative measure supported on the pos-
itive integers, so that uro is a compound Poisson distribution, then, for
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v = 0, the function f in Theorem 3.17 is the unique bounded solution
of the Stein equation in Theorem 3.3, and the bounds on ||Af|| and | f|
given in Theorem 3.17 can be used as an alternative to the bounds in The-
orem 3.5, provided that condition (3.16) is satisfied. This can sometimes be
a considerable improvement.

Theorem 3.18: Let W be an integer valued random variable, let ™ be
a signed measure satisfying the conditions of Theorem 3.17, let h € x be
bounded, and let f be the function corresponding to h defined in Theo-
rem 3.17. Then

mew—/hwm
thonw+@+§]Mo ) IBIPW <)},

j<0

< B(Try f(W))]

where 8 is as defined in (3.16).
Proof: Theorem 3.17 gives
Eﬂmwwjﬁwmynwzﬂ+HW<ﬂﬂ]
z
< [B(Tr f(W Z |10 ()11

+ ( )thIlP(W <) + BTy (W)W < })].

To complete the proof, we use the fact that T ., f(k) = Uf(k) for each
k < 7, and also that

20
Hl‘Lﬂ'OH——l 292'##0 ]+1+ 29)

which follows from the last part of the proof of Theorem 3.17. ]

The next theorem gives a bound for the total variation norm of the
difference between the distribution £(W) of a sum of independent integer
valued random variables and a centered Poisson distribution, by which we
mean an integrally translated Poisson distribution with mean IEE(W) and
variance as close as possible to Var (W). Recall that the total variation norm
is defined for all finite signed measures on Z, and that for the difference
vy — Vg between two probability measures 1, and vg, it is given by

/hdl/l—/hdllz
z z

= 2drv(v1,12).

[v1 —val| = sup
(LS
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Theorem 3.19: Let W = ;. X;, where {X;;i € '} are independent
integer valued random variables such that IE(X;) = 3;, Var (X;) = 02 and
E|X?| < oo, for each i € T. Define m; =0 for i # 1, and
m =a2+6; v = Lﬂ—(rzj,

where § = E(W), 02 = Var (W), and § = (8 — 0%) — |8 — 0?|. For each
i€l let W, =W - X,

v; =min {3,1 —drv(£(X;),L(X; +1))} and

i = FE(Xi(Xi — 1)) + |6 — of [E((X; — 1)(Xi - 2))

+ BIX(X; — 1)(X; —2)|.

Then,

1
IEO) = tmall < =5 (437w +28) + 2P(W <),
i€l
where
2
(Zie[‘ v; — maX;er v;)1/2 .

d= 2rr_1€a13<dﬂ)(£(W'i),E(Wi +1)) <

Proof: Let h € x be bounded, and let f be the function corresponding to
h defined in Theorem 3.17. Then

E(Teqn f(W)) = E(mf(W +1) — (W = 1) f(W)) (3.18)
=Y {FE(f(W +1)) + (B — sHE(f(W)) — E(X; f(W))} + SE(AF(W)).
i=1
Newton’s expansion gives
FWi+l)= fWi+ 1)+ (- DAFW; + 1)
Tl - 1= A% (Wits), 123
+ <0, 1<1<2;
Cito(-l = s + DA (Wi—s), <0,
from which we get
[E(S (Wi + 1)) ~ B W; + 1) = (1~ DE(AFW; + 1))
<ii-1@-2)djaf], VieTl,
since, for each [ € Z,

IE(A?f(W; + )| < 2| Af||drv (£(Ws), L(W; + 1)).
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Hence,

FW+1)) =Y "P(X; = HE(F(W; +j +1))
Jj€Z
=E(f(W;+1)) + BEQAf(W: +1))+7ri1, Viel,

where |r;1| < 2E(X;(X; — 1))d||Af||- The other terms in (3.18) can be
treated similarly. Application of Theorems 3.17 and 3.18 completes the
proof, except for the bound on d, which is Proposition 4.6 in Barbour &
Xia (1999). ]

Example 3.20: Let {X;;i=1,...,n} be independent integer valued ran-
dom variables satisfying the conditions of Theorem 3.19. If, for n > 2 and
i=1,...,n,02>a>0,v;,>b>0,and ¥;/02 < ¢ < oo, then

9 20146
c A+

— (3.19)

IEW) = pr | <

If X; ~ Be(p) with p < 3, then we may take a = p(1 — p), b = p, and
¢ = 2p, which gives

”E(W)_,U"lrﬁ”S4< p__ ! ) (3.20)

(n—1)p np(l-p)

Recall that Stein’s method for Poisson approximation in this case yields the
total variation distance bound p, which is of the right order. If np? — oo
as n — 00, the rate of convergence to 0 for the bound in (3.20) is faster
than p. On the other hand, if np? < 1, since P(W < 7) = 0, the second
term in (3.19) can be replaced by

26 onp? _2p

na na  1—p

hence, if also np is bounded away from 0, the rate of convergence to 0 for
the error bound in (3.20) is the same as for the Poisson approximation.

In Barbour & Cekanaviius (2002), Theorems 3.17-3.18 are also used
to obtain error estimates in approximations of £(W) with more complex
translated signed discrete compound Poisson measures, as well as with the
signed measures U, 7 > 1, defined by

3(r—1)A1

—B i
= (S0) (14 L (hnes],  viez,

s=1
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where 8 = E(W),

00 r+1 KJ'Zj
1+ stzs = exp(z J—'),
s=1 j=2 J:

k; is the jth factorial cumulant of W, and C,(8, %) is the sth order Charlier
polynomial; see (2.7).

3.8. Compound Poisson approximation via Poisson process
approximation

We here describe a completely different way in which Stein’s method can
be used to obtain error estimates in compound Poisson approximation.
The Stein operator (3.2) is not used; instead an error estimate is obtained
as a by-product from Stein’s method for Poisson process approximation,
which is described in detail in Chapter 3. This “indirect” approach, which
is older than the Stein operator for the compound Poisson distribution, was
developed in Barbour (1988), Arratia, Goldstein & Gordon (1989, 1990) and
Barbour & Brown (1992a).

In order to briefly describe the approach, let {X;;i € I'} be nonnegative
integer valued random variables with finite means on a finite set I", and let
W =3 .cr Xi. Now define the indicator random variables Y;; := I[X; = j},
(i,7) € ' x N, noting that

o0
EW="EX;=Y > juj
i€l i€l j=1
where p;; = E(Y;;) = IP[X; = j]. Then W can formally be expressed as an
integral with respect to a point process £ on T x R :

W = yE(dz, dy),
I‘X]R+

[1R

where the expectation measure p of = is concentrated on I' x N, with
p{(@ 3} = pij, (6,j) € T x N. A natural approximating distribution
for £L(W) is thus ['(fl“x]R+ ygo(dz,dy)), where Z° is a Poisson point pro-
cess on I' X R with the same expectation measure y; it is easy to see that
L(frxg, ¥E°(dz,dy)) = CP (), where 7{j} = =, #{(i,4)}. By defini-
tion, since fo]R+ y %(dz, dy) is a measurable function on the space of locally
finite counting measureson I' x R,

drv <£(/rxlk yé(dx,dy)),ﬁ(/rlxm ygo(dw,dy))) < dTV(C(é),E(éo))_
(3.21)
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Using Stein’s method for Poisson process approximation, the right hand
side can be bounded, if the random variables X; have suitable structure:
see Arratia, Goldstein & Gordon (1989, 1990) and Chapter 3, Section 5.3.
However, no “magic factors”as good as those in Theorem 2.3 are known.
If the total variation distance is replaced by the Wasserstein dy—metric on
the right hand side, good “magic factors” can be reintroduced, but then
the inequality in (3.21) no longer holds, so this is of no use for compound
Poisson approximation.

A recently proposed way to circumvent these difficulties is to use Stein’s
method for compound Poisson process approximation. One observes that
L(W) = L(E(T)), where E is a point process on I" which is no longer simple:
Z{i} = X;. A natural approximating distribution for L(W) is £(E%(T)),
where =0 is a suitably chosen compound Poisson point process on I'; clearly,
L(Z°(T)) is a compound Poisson distribution. Moreover,

drv (L(E(D)), LE(T))) < da(L(E), L(E)).

It is shown in Barbour & Mansson (2002) how Stein’s method can be used
to bound the right hand side.

3.9. Compound Poisson approzimation on groups

In the last section we describe an alternative to the Stein operator (3.2),
proposed in Chen (1998).

Once again recall the general setting in Section 1. Let (5, S) be a mea-
surable abelian group, i.e., an abelian group such that the group operation
is a measurable mapping from S? to S. Let uo = CP (w), where 7 is a finite
measure on (S, S) with no mass on the identity element. This means that
po = E(Zgjzl T;), where all random variables are independent, L(T;) =T
for each i > 1, and L(U) = Po(||7||). For some suitable Fo C L?(S, o),
define a Stein operator Ty : Fo — L2(S, o) by

(Tof)(z) = /fx+t)d7r(t (UIZT~3¢) ), Vzeb

This Stein operator Ty can be obtained through Chen’s L? approach, de-
scribed in Section 1. If the linear operator A : Fo — L?(S, uo) is defined by
(Af)(z) = [4 f(x +t) dm(t), its adjoint A* satisfies

U-1 U
i=1 i=1
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we can define Top = A — (A*1)I. As Chen points out, it is most natural
use Ty when there exists a subgroup Ky of S and a coset K; of Ky, such
at K is of infinite order in the quotient group S/Ky, and such that =

supported on K;. If this is the case, then U = ¢ (ZZJ:] Ti) for some

function 9 : S — Z, . For example, if S is the additive group Z¢, we might
take K1 = {(z1,...,24) € Z% E‘;l z; = 1}.

The properties of the solutions of the corresponding Stein equation still

need to be investigated.
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The chapter begins with an introduction to Poisson processes on the
real line and then to Poisson point processes on a locally compact com-
plete separable metric space. The focus is on the characterization of
Poisson point processes. The next section reviews the basics of Markov
immigration-death processes, and then of Markov immigration-death
point processes. We explain how a Markov immigration-death point pro-
cess evolves, establish its generator and find its equilibrium distribution.
We then discuss our choice of metrics for Poisson process approxima-
tion, and illustrate their use in the context of stochastic calculus bounds
for the accuracy of Poisson process approximation to a point process on
the real line. These considerations are combined in constructing Stein’s
method for Poisson process approximation. Some of the key estimates
given here are sharper than those found elsewhere in the literature, and
have simpler proofs. In the final part, we show how to apply the bounds
in various examples, from the easiest Bernoulli process to more compli-
cated networks of queues.
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1. Introduction

The law of rare events asserts that if certain events may occur in time or
space with small probability and short range of dependence, then the total
number of events that take place in each subinterval or subspace should
approximately follow the Poisson distribution. This universal law makes
the Poisson behaviour very pervasive in natural phenomena and the Poisson
process is often regarded as a cornerstone of stochastic modelling.

A large number of intractable problems in probability can be considered
as point processes of rare events, such as incoming calls in telecommuni-
cations, or clusters of palindromes in a family of herpes virus genomes in
DNA sequence analysis, with each event being associated with a random
set, in the line, on the plane, or in a Euclidean space; for many examples,
see Aldous (1989). These problems appear in a large number of fields of
science and engineering as well as in many of the major areas of probabil-
ity theory, including Markov processes and diffusion, stationary processes,
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combinatorics, extreme value theory, stochastic geometry, random fields and
queueing. The resulting point processes often permit Poisson process ap-
proximate solutions which may be sufficiently good for practical purposes.
For example, in queueing or telecommunication networks, particularly in
large systems with diverse routing, flows of customers or calls along links
in the network may approximately follow a Poisson process [see Barbour
& Brown (1996)]. If these approximations are to be used in any particular
case, it is essential to have some idea of the errors involved; in intractable
problems, the best that can be done is to estimate the errors in these ap-
proximations. If the approximation is precise enough, it can be used in place
of the original process. Its behaviour can be analyzed in a simple fashion
using standard and well-developed methods, and it can then be applied in
statistics, as in Andersen, Borgan, Gill & Keiding (1993).

We begin with an introduction to Poisson processes on the real line and
then to Poisson point processes on a locally compact complete separable
metric space. The focus is on the characterization of Poisson point processes.
The next section reviews the basics of Markov immigration-death processes,
and then of Markov immigration-death point processes. We explain how a
Markov immigration-death point process evolves, establish its generator
and find its equilibrium distribution. We then discuss our choice of metrics
for Poisson process approximation, and illustrate their use in the context of
stochastic calculus bounds for the accuracy of Poisson process approxima-
tion to a point process on the real line. These considerations are combined
in constructing Stein’s method for Poisson process approximation. Some of
the key estimates given here are sharper than those found elsewhere in the
literature, and have simpler proofs. In the final part, we show how to apply
the bounds jn various examples, from the easiest Bernoulli process to more
complicated networks of queues.

2. Poisson point processes

In this section, we briefly review the basic knowledge of Poisson processes
on the real line and on a general metric space. For more details, interested
readers could refer to [Kingman (1993), Daley & Vere-Jones (1988) and
Kallenberg (1976)].

2.1. Poisson processes on the real line

Suppose that, at time ¢ = 0, we start recording the random times of occur-
rence 0 <T) <Tp <--- <T, <--- of a sequence of events, e.g. customers
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who join a queue or the sales of an item. Let N; = #{i: T, <t} be the
number of events that have occurred in time interval [0,t]; then {N;}:>0
is called a counting process. The number of events that have occurred in a
time interval (s,¢] can be written as N; — N, and the latter is called the
increment of the counting process over the interval (s,¢].

Definition 2.1: The stationary Poisson process {N;}:>o is defined as a
counting process which has independent increments on disjoint time inter-
vals and such that, for each ¢t > 0, N, follows a Poisson distribution with
parameter At, denoted as Po (At).

There are a few equivalent ways to view a stationary Poisson process.

Proposition 2.2: A counting process {N; : t > 0} is a stationary Poisson
process if and only if

(a) No =0,

(b) the process has stationary, independent increments,
(¢) P(N; > 2) =o0(t) ast — 0,

(d) P(N; =1) = Xt + o(t) as t — 0, for some constant A.

Proposition 2.3: A counting process {N; }:>¢ is a stationary Poisson pro-
cess with rate X if and only if

(a) for each fixed t, N, follows the Poisson distribution with parameter At;

(b) given that N; = n, the n arrival times Ty, T2, ..., T, have the same
joint distribution as the order statistics of n independent uniformly
distributed random variables on [0,t].

Remark 2.4: If the arrival times are ordered as T} < T3 < --- < T,,, then,
given that n arrivals occurred in [0, ], the unordered arrival times (a ran-
dom permutation of Ty, Ty,..., T,) look like n independent uniformly
distributed random variables on [0, t].

2.2. Poisson point processes

Let T" be a locally compact complete separable metric space with the Borel
algebra B and the ring B, consisting of all bounded (note that a set is
bounded if its closure is compact) Borel sets. Such a space is necessarily
o—compact. A measure p on (T, B) is called locally finite if u(B) < oo
for all B € By. A locally finite measure £ is then called a point measure if
&(B) € Zs :={0,1,2,---} for all B € B.
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For each z € T, let 8, be the Dirac measure at x, namely

1,ifz € B;
%:(B) = {o, ifz ¢ B.

Since T’ is o—compact and a point measure £ must be locally finite, it is
possible to write £ = Y~ | §,,, where n < 0o or n = co. We use H to stand
for the space of all point measures on (I", By):

={Z§xi: n < ooorn=o00and #{z;: ziEB}<ooforallB€Bb}.
i=1

For each measure p on I and set B € B, we use py, |u| or p(T") to stand
for the total measure of p and p|p to represent the restriction of u to B:
p|B(C) = u(BNCQC) for all C € By.

For a sequence {fn}n>1 C 'H, we say that &, converges to £ € ‘H vaguely
if [ f(z)én(dz) — L. f(z)€(dz) for all continuous functions on I’ with com-
pact support. The followmg two Propositions can be found in Kallenberg
(1976, pp. 94-95].

Proposition 2.5: The following statements are equivalent:

(i) &, converges to £ vaguely;

(if) &n(B) — &(B) for all B € By, whose boundary OB satisfies £(OB) = 0;

(iii) lim sup,,_, o, &n(F) < &(F) and liminf,,, o &.(G) > &(@G) for all closed
F € By, and open G € By.

Proposition 2.6: The space H is Polish in the vague topology.

In other words, there exists some separable and complete metric in H
generating the vague topology. We use B(H) to stand for the Borel o-algebra
generated by the vague topology.

Definition 2.7: [Kallenberg (1976), p. 5] A point process Z is a measurable
mapping from a probability space (2, F,IP) to (H, B(H)). The measure A
defined by A(B) = EEE(B), B € By, is called the mean measure of =.

We now can generalize the Poisson process concept from the real line
to the carrier space I'.

Definition 2.8: A point process Z with locally finite mean measure X is
a Poisson process, denoted as Po (), if

(P1) for any bounded Borel set B, the random variable Z(B) is Poisson
distributed with mean A(B);
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(P2) for any k € N := {1,2,---}, and disjoint sets By, ---, By, the
random variables Z(Bs), - -- , Z(Bx) are independent.

The following Proposition is a generalization of Proposition 2.3.

Proposition 2.9: A point process E is a Poisson process with mean mea-
sure X if and only if, for each bounded Borel set B, Z(B) ~ Po(A(B))
and

(P3) given Z(B) = k, E|p has the same distribution as Xy = ELI de; ,
where 0;, 1 < i < k, are independent and identically distributed B-
valued random elements with the common distribution A|g/A(B).

Proof: Assume that = is a Poisson point process; then, for every bounded
Borel set B and every partition of B consisting (bounded) Borel sets Bj,
-, Bp,and iy + -+ iy, =k,

P (N7, {2(B;) = is})

P (M5 {2(By) = 5} |(B) = k) = —pzrm—
L A(By)
_ LA () = i)

Mot MBF

Conversely, assume that (P3) holds. Then, for any m € N and bounded

Borel sets By, ---, B, the set B := U~ B; is also bounded, and, writing
k=i, 4 - +im, we have
P (N7, {E(B;) = 4;}) =P (N7 {E(B)) = i;}| E(B) = k) P(E(B) = k)
B ABY - (Bm)zm e~ ABX(B)k
Toagleedg,! A(B)k k!

™ —A(B;) )\( B. )z
H - "
Thus, to construct a P01sson point process on I', since I is ¢—compact,
one can partition the space I" into at most countably many bounded subsets
T; satisfying 0 < A(T';) < oo. For each i, one can then independently define
a Poisson process using Proposition 2.9, and the union of these independent
Poisson processes is the desired Poisson process [see Reiss (1993), p. 46].

2.3. Characterization of Poisson point processes

From the structure and properties of Poisson processes, it is possible to
find many ways to characterize a Poisson process on a Polish space. If the
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process is simple, i.e., P(E{z} = O or 1, for all ) = 1, we can even use
the avoidance function or one-dimensional distribution only [Renyi (1967),
Brown & Xia (2002)]. However, we will concentrate on the following three
tools: Palm distributions, Janossy densities and compensators.

2.3.1. Palm theory
For a non-negative integer-valued random variable X, X ~ Po(A) if and
only if
Eg(X)X _ Eg(X)X
EX A

=Eg(X + 1) for all bounded function g on Z,.
(2.1)
Equation (2.1) completely characterizes the Poisson distribution and is the
starting point for Stein’s identity. Its counterpart for the Poisson point
process is based on Palm theory, which was developed from the work of
Palm (1943), see Daley & Vere-Jones (1988), p. 13, for a brief history.
Heuristically, since a Poisson process is a point process with indepen-

dent increments and its one dimensional distributions are Poisson, we may
imagine that a Poisson process is pieced together by lots of independent
“Poisson components” (if the location is an atom, the “component” will be
a Poisson random variable, but if the location is diffuse, then the “com-
ponent” is either 0 or 1). Hence, to specify a Poisson process, one needs
to check that “each component” is Poisson, by virtue of (2.1), and also
independent of the rest. Intuitively, this can be done by checking that

Eg(E)E(da)
EZ(da)
for all bounded function g on H and all & € I'. For example, Z is a stationary

Poisson process on Ry := [0, 00) if and only if, for each s € R and bounded
function g on H,

Alimo E{¢(E)|=[s, s + As) > 0} = Eg(E + ).

= EQ(E + 6(1)’ (22)

To make the argument rigorous, one needs the tools of Campbell measures
and Radon-Nikodym derivatives [Kallenberg (1976), p. 69].

In general, for each point process = with locally finite mean measure A,
we may define probability measures { Py, o € I'}, called Palm distributions,
on B(H) [Kallenberg (1976), p. 69] satisfying

lizep|E(da)]

E[
P,(B)= 2(do) , ¢ €' A — almost surely, B € B(H).
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A point process Z, on I' is called a Palm process of Z at location o if
it has the Palm distribution P, of = at a. Since the Palm process of a
Poisson process has the same distribution as the original process, except
for the one additional point added at «, it is more convenient to work with
Eq —0q, which is called the reduced Palm process [Kallenberg (1976), p. 70].
Moreover, for any measurable function f: I'x H — R,

( / fla EEda)):]E( / f(a,Ea))\(da)) (2.3)
(/f =—4 Eda)—_— </f Ea—6 (da)) (2.4)

for all Borel set B C T

Palm distributions are a powerful tool in point process theory [Franken,
Konig, Arndt & Schmidt (1982), Kallenberg (1976), Karr (1986) and Daley
& Vere-Jones (1988)]. One can even use the equation (2.3) to establish the
Stein identity for Poisson process approximation [Chen & Xia (2004)]. For
a characterization of Poisson processes, we summarize the heuristic analysis
in the following theorem.

Theorem 2.10: [cf Kallenberg (1976), Theorem 11.5, p. 82] A point pro-
cess = with locally finite mean measure A is a Poisson process if and only if
its reduced Palm processes have the same distribution as that of the original
process.

2.3.2. Janossy densities

For E a Poisson process on I" with a finite mean measure A, let v(da) =
A(da)/A. Then, by Proposition 2.9, for each bounded measurable function

fonH,

o0 6->‘)\" n
Ef(2) =) > ba; | v (don, -+ day), (2.5)
n=0 7=1
n times

—N——
where I'™ :=I' x --- x I'. There is a similar expression for general point
processes, and the expression is in terms of the so-called Janossy densities,
named after their first introduction in Janossy (1950) in the context of
particle showers [see Daley & Vere-Jones (1988), p. 122].
To introduce the Janossy density, it is necessary to make a few assump-
tions:
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(JA1). the point process Z is finite with distribution R, = IP(|Z| = n),

ES:;O Rn =1
(JA2) Given the total number of points equals n > 1, there is a probability
distribution IL,(-) on I'™ which determines the joint distribution of the

positions of the points of the point process =.

From these assumptions, we can see that

Ef(E) = ZRnIE[fEHI n]

n=0

= f:Rn/ 25% n(day, -, day).
n=0

As we are working with general point processes, there is no preferred order
of the points, so we may replace II,, by its symmetrized version

IL (doy, -+, day) = ZH (dore(1), -+, dom(m)),

and then write

Jn(da, -+ dan) = ZH (dotn(ry,++ » dotn(m))
= n!Ran,
where the sums range over all permutations 7 of (1,--- ,n). The measures

{Jn} are called Janossy measures. If further we can find a reference mea-
sure p such that J, is absolutely continuous with respect to the product
measure u” on I'™, we denote its Radon-Nikodym derivative by j,; then,
for any measurable function f: H — R,,

E ) _Zn'/ (Zl&aa) jn(al,"' ’an)“n(dal,"' 7dan)~

(2.6)
The derivatives {jn} are called Janossy densities. One may compare (2.5)
and (2.6) to reach the following conclusion.

Theorem 2.11: Z is a Poisson point process with finite mean measure A
if and only if, with respect to A, its Janossy densities j,, are constant and
equal to e for alln € Z,.
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Using the Janossy densities, we can express the density of the mean
measure A of the point process = with respect to u as

¢>(a)=Z/ (n) V(e a1, o)™ (day, - -, dag). (2.7)
n>0 rn

In fact, by (2.6), for each B € By,

AB) = EE(B) =" /F LGBl o) (dan,+  da)
Ti=1

n>0

= Z/B/n_l (n—il)—!jn(al"" van)ﬂn(dal,--- ,dan)

n>1
1.
:/ Z/ _IJm-H(a’ala"' yam)pu™ (da, -+ doun) pu(da),

which implies (2.7).

The Janossy densities can also be used to describe the density of a
point being at «, given the configuration =% of = outside N, € B with
a € N,. To achieve this, let m € N be fixed and By, --, B, be bounded
Borel subsets of N¢, the complement of N,. Write &, = (z1,-+- ,2,) and

Ym = (Y1, ,Ym). Set
B={dy : Y, €B1x - XBn}
and
B. = {6z, +0y_: . € N;,n>0; y,, € By X - X B},
where 0, =Y i 0z, and 8y =3, &y, Then

1 .
P (E|(n,)c € B) =Elg,(8) = Z/Fk 1B (8.) ju(mx) p* (dey)
k>0 ’

1 y n m
= / > / —Imtn(Yum Tn) 1™ (A2 ) 1™ (dY ),
By X-XBm n>0 n:

n
=1

so for y,,, € (N§)™, the density of =|(n,)c at 8y _ is

S [ e ) ) 0 ).

$>0

Similarly, the density of Z|(n,)cu(a} at 6o + dy_ is

Z/ j1+m+r(a,'ym,:l:,.)(’r!)_lp,r(dﬂ'}r),
r>0 NG
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so the conditional density of a point being at « given Z|(n,)c = dy,_ is
ZTZO fN; Fr4mar(Q Y, &) (r!) "1 p" (dee,)
2320 fN; Jm+s(Ym, wS)(S!)_I/"'s(de)

where the term with » = 0 is interpreted as j,41(o, y,,) and the term with
s = 0 similarly.

; (2.8)

9(o,yy,) =

2.3.3. Compensator

When a point process is defined on the time axis, R, its properties are
most often expressed in terms of its evolution over time with respect to
a right-continuous filtration F = (F;)s>0, its counting process {N,}s>o0
being taken to be F—adapted and right continuous. The point process
(N, F) is then called simple if the jumps AN, := N, — N, can take only
the values 0 or 1, Vs > 0 almost surely. The compensator A of (N, F) is the
unique previsible right-continuous increasing process such that N — A is an
(Fs)s>o local martingale [Jacod & Shiryaev (1987), p. 32 or Dellacherie &
Meyer (1982)].

Note that the Janossy densities and the Palm distributions involve the
joint distribution of the process outside and inside an interval, and hence
require knowledge of the conditional evolution backwards in time as well
as forwards, something not easy to deduce from martingale characteris-
tics, while the compensator needs only the forward conditional evolution
in time. A well-known fact is that the compensator of a Poisson process
with respect to its intrinsic filtration is a deterministic function, and in this
case the Poisson process is simple if and only if its compensator is contin-
uous. It is also well-known that any simple point process with continuous
compensator is locally Poisson in character, in the sense that there exists a
time transformation that converts the process into a Poisson process. More
precisely, the transformation is given by the inverse of the compensator A
of the simple point process {N;}:>o:

o(t) :=inf{s: A, > t}.

The continuity of A ensures that o(t) is an (F;)s>0 stopping time, and
in the case where limyo, A; = 00 almost surely, the transformed process
N, = Ny () is a Poisson process with unit rate with respect to filtration
(Ft)t>0, where F; = F, (1) [see Liptser & Shiryaev (1978), Theorem 18.10].
Thus, if M is a Poisson process with compensator B; = ¢, 0 <t < oo, then

(N, N) is a natural coupling of the distributions of M and N.
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3. Immigration-death point processes
3.1. Immigration-death processes

Consider a process whose state X; at time t is the number of objects in a
system at that time. Suppose that arrivals and departures occur indepen-
dently of one another, but at rates depending on the state of the process.
Thus, when there are n objects in the system, new arrivals enter accord-
ing to a Poisson process of rate A > 0, and each of the n objects in the
system departs after spending a lifetime having negative exponential dis-
tribution NE (1) with mean 1 and independent of the others: we call this
departure behaviour unit per capita death rate. Hence, when there are n
objects in the system, the time to the next arrival or departure is negative
exponentially distributed with mean 1/(A 4+ n), the probability of its be-
ing an arrival being A/(A 4+ n), and of a departure n/(A + n). The process
{X:;t > 0} is called an immigration-death process, and the parameters A
and {n} are the arrival (or immigration) rates and departure (or death)
rates. It is a continuous time Markov chain with state space Z,, and in
which a transition from state n can only be to one of its adjoining states
n+1 or n—1. It is well-known that this Markov chain is ergodic, and that
its equilibrium distribution is a Poisson distribution with mean A:

) e\
= Po ()\){J} = T, VAS Z+.

The idea of using Markov immigration-death processes to interpret the
Stein-Chen method was initiated by Barbour (1988). Brown & Xia (2001)
extended the idea to start with an approximating distribution and then
search for an immigration-death process with the approximating distribu-
tion as equilibrium distribution to establish a Stein identity.

For each i € Z, let Z; be a copy of {X;;t > 0} with initial state <.
There are two methods to couple Z; and Z; with 1 # j. The first is based
on coupling by the states: let (Z;(t), Z;(t)) run in certain way, for instance
independently, until they meet, at which point they are coupled, and have
identical paths thereafter. The other method is to couple by the time: let
Z; run until the first time 7;; that it hits j, then make it follow the Z;-path
thereafter, so that Z;(7;; +t) = Z;(t) for all £ > 0. The latter approach
was first used by Xia (1999) to estimate Stein’s factors for Poisson ran-
dom variable approximation, and was fully exploited for a large class of
approximating distributions, named polynomial birth-death distributions,
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in Brown & Xia (2001). We use the notation of Brown & Xia (2001), setting
= inf{t : Z;(t) = j}, r].+ =T+l T = Ti4-1 (3.1)

for i,j € Z4, and

Lemma 3.1: For j € Zy,

77 =—>% and T, =
J . J !
AT A1

where

J oo
=Z7ri; F(@) =Z7ri.

=0

Proof: [cf Keilson (1979), p. 61 and Wang & Yang (1992)] We prove (3.2)
by conditioning on the time of the first jump after leaving the initial state,
and producing a recurrence relation using the fact that the time of transition
between states which are two apart is the sum of the times of transition
between two pairs of adjoining states. More precisely, defining the first jump
time L; := inf{¢ : Z;(t) # i}, we have

7 = B(L:) + B(r — Lil Zi(Li) = i ~ DVP(Zi(Ls) =i — 1)
+E(r;" — Li| Zi(Li) = i + DIP(Zi(Ls) =i +1)

1 i
= — + E(ri_14
i TR 1’+1))\+i
1
= 4+ (rT.
ERECER )A+

where the second equation is due to the strong Markov property and the
last equation is due to the fact that 7,1 ;41 = -+, + 7. This implies that

At =144, (3.3)

Multiplying both sides of (3.3) by =; and using the fact that im; = Am;_q,
it follows that

)\1r, — AT 1T+ 1= T,

i i P o +_Fy
which yields )\’K]Tj =371 o™ and so = —)\ér—])-
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Similarly, using the fact that 7,41y =7, + 7;, we have

77 = EB(L) + E(r] — Li|Zo(L;) = i — YP(Zi(L;) =i — 1)
+IE(7; — Li|Zi(L:) =i+ D)P(Zi(Li) =i+ 1)
1 A

=375 By

1
=37 + (7 +1+'r)
hence

ity =14 M. (3.4)
We now multiply both sides of (3.4) by m; and replace An; by (¢ + 1)my1,
then sum up for ¢ from j to oo, the claim for 7; follows. [
Lemma 3.2: ? is increasing in j and ? is decreasing in j.
Proof: The claims are intuitively obvious, as the immigration-death pro-
cess has constant birth rate and unit per capita death rate, and so the time
Z needs to move from state 1 + 1 to state ¢ should be shorter than the time
it takes to move from state i to state ¢ — 1 and the time for Z to move
from i — 1 to ¢ should be less than the time from < to 7 + 1. To make the
argument mathematically rigorous, noting that

Ti <« T gor all § < j, and that —— > Z¥L for all § > §,
i T+l i1 i
we have
F(5) < T+ A Tg < (4 +1) (3.5)
i Tj+1 Tj+1
and
F(G) _mj+mt- S Mt Mpa e FG+1)
7Tj_1 7Tj_1 7Tj 7T'j ’
hence the claims follow from Lemma 3.1. []

Lemma 3.3: With the above setup, we have
Zn(t) = Dn(t) + Zo(1t),

where D, (t) is a pure death process with unit per capita death rate and
independent of Zo(t). Moreover, for each t > 0, D,(t) ~ B(n,e™*) and
Zo(t) ~ Po (X)) with A, := A(1 —e™?).
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The lemma is quoted from [Theorem 2, Wang & Yang (1992), page
190]. The proof utilizes the Kolmogrov’s forward equations and works on
the probability generating function of Z,(t) to conclude that it is the same
as the probability generating function of the sum of independent binomial
random variable having distribution B(n,e™?) and Poisson random variable
having distribution Po (A;). It is a special case of Proposition 3.5 when the
carrier space I' in the spatial immigration-death process consists of only
one point, so we omit the proof.

3.2. Spatial immigration-death processes

The structure of the immigration-death process enables us to represent the
Stein’s equation in probabilistic terms. This idea has been used in study-
ing Poisson random variable approximation since Barbour (1988). It en-
ables probabilistic formulae for the solutions to the Stein equation to be
derived, and these in turn can be used to determine Stein’s factors. The
immigration-death process is chosen to have the distribution being used
as approximation, here Po ()A), as the equilibrium distribution, and solu-
tions to the Stein equation can then be written in terms of differences of
expectations under different initial conditions. This enables techniques of
stochastic processes, such as coupling, to be exploited.

To study Poisson process approximation, we need not only the total
number of events occurring, but also the locations at which they occur.
This leads to an immigration-death process with birth and death rates
depending on the positions of the individuals in the carrier space. Such
a process is necessary H-valued instead of integer-valued and we call it a
spatial immigration-death process [Preston (1975)]. If we consider the total
number of individuals only, a spatial immigration-death process is reduced
to an integer-valued immigration-death process.

There is also some connection between the Markov chain Monte Carlo
approach and Stein’s method with the Markov process interpretation.
Monte Carlo methods introduce random samples as a computational tool
when certain characteristics of the problem under study are intractable.
Such procedures are used in a wide range of problems, such as the evalua-
tion of intractable integrals, optimization problems, statistical inference and
statistical mechanics [see Fishman (1996), Sokal (1989) and Tierney (1994)
and the references therein]. In the study of statistical inference problems
in Markov point processes, including Poisson point processes, binomial
point processes and hard core processes, one of the popular techniques
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for simulating the process is to run a spatial immigration-death process
[see Lieshout (2000), pp. 85-89 for more details]. Stein’s method with a
Markov process interpretation, on the other hand, utilizes coupling prop-
erties of the immigration-death process as a tool in bounding the errors of
approximation.

To avoid technical difficulties, taking a subspace if necessary, we assume
from now on that I is a compact metric space. We assume A\ to be a finite
measure on I', the mean measure of the approximating Poisson process.
There are infinitely many spatial immigration-death processes with equi-
librium distribution Po (X). The one we use is as follows. Given that the
process takes a configuration £ € H, the process stays in state £ for a neg-
ative exponentially distributed random sojourn time with mean 1/({¢| + A)
with A = A(T); then, with probability A/(|¢] + A), a new point is added
to the existing configuration, its position in I' chosen from the distribu-
tion A/, independently of the existing configuration; and with probability
|€1/(|€]+A), a point is chosen uniformly at random from the existing config-
uration £, and is deleted from the system. This is equivalent to say that each
point in £ has an independent, negative exponentially distributed lifetime
with mean 1, again referred to as unit per capita death rate. Such a spatial
immigration-death process, denoted by Z(¢), can also be constructed as
follows. First, define the transition kernel p: H x B(H) — R, as

w1, B) = 5 [ 180+ 8x) + [ 1560 = 8m(e)),

and construct an H-valued Markov chain {Y} }x>0 with initial distribution &
and transition kernel u(n, B). Next, construct ¢;, 4 > 0, as independent and
identically distributed negative exponential random variables with mean 1
such that {(;}i>o0 is independent of {Y%}x>o. Set

Yo, 0 <t < =58,
Z{(t) :{ 0 A+1Yo]

k—1 ¢ k 9
Y, z:j=o ",\+]LY‘,-“| <t< Zj:o A—Hlm, k€N,

[Ethier & Kurtz (1986), pp. 162-163 and Problem 5, page 262]. The spatial
immigration-death process has generator A specified by

Ah(§) = /[h(£ + 6a) — R(§)|A(da) + /[h(€ —6a) — h(£)]¢(d), VEE€H

g ; (3.6)
for suitable functions h on H. To prove that the spatial immigration-death
process constructed is the unique spatial Markov process determined by
the generator, let Q;(¢, B) = P(Z¢(t) € B). Then it is possible to check
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that the transition semigroup Q; is the unique solution of the Kolmogorov
backward equations [Proposition 5.1, Preston (1975)]:

2QUEB) = ~(A+ )G, B) + (A+1€D) [ Qeln, Bt dn) - (3:)
H
with initial conditions

Qo(¢, B) = 1p(£)- (3.8)

The corresponding Kolmogorov forward equations are

FQ6B) = [+ Qe dn + [ -+ dutr BRue.dn) (39)

with the same initial conditions (3.8) [Preston (1975), p. 374]. The right
hand side of (3.9) is seen, after some reorganization, to be IEAlg(Z¢(t)).

If = is a Poisson process with mean measure A, then it follows from
(2.4) and Theorem 2.10 that for every bounded function h on H,

E [ h(E - 8) ~ h(@)E(do) = B fr [h(2) — h(E + o)A\ (dar),
r
which in turn implies that
EAR(ZE) =0. (3.10)

This fact, together with [Theorem 7.1, Preston (1975)] gives the following
Proposition.

Proposition 3.4: The spatial immigration-death process has a unique
equilibrium distribution Po (X) to which it converges in distribution from
any Initial state.

Moreover, one may argue that = is a Poisson process with mean mea-
sure A if and only if (3.10) holds for a sufficiently rich class of bounded
functions h.

We now state another important property of the spatial immigration-
death process which will be needed when we estimate Stein’s factors for
Poisson process approximation.

Proposition 3.5: Let £ = Z'f:’l 8z, and let C1, C3, -+-,(j¢ be indepen-
dent negative exponentially distributed random variables with mean 1, also
independent of Zg. Then

Ze(t) = De(t) + Zo(2), (3.11)

where D¢(t) = Z‘f__‘l 02, 1¢;>¢ Is a pure death process. Note that Zo(t) is a
Poisson process with mean measure (1 — e™*)A.
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Proof: Define Qy(¢, h) := IEA(D¢(t) + Zo(t)). As the solution to the Kol-
mogorov backward equations (3.7) is unique, it suffices to show that, for
every bounded function h on H,

506 = O+ IEDQUER) + O Ie) [ Qulon w6, ). (312
H

Let 7 := inf{t : Z¢(t) # £} be the time of the first jump of Z,. Then it
follows that 7 ~ NE (A+{¢|), where NE (u) denotes the negative exponential
distribution with mean 1/4, and, conditioning on the time and outcome of
the first jump, we obtain

e(>\+l£l)tQt(§, k)
= 0D [0 (6B (A(De(t) + Zo(e) |7 = 5) e~ HeDeds
0

¢
= h(€) + e(>x+|€|)t/ A+ [EDE (Qi—s(Ze(7), h) | T = 3) e~ A+lEDs 4o
0

= h(¢) +/ A+ EDIE (Qu(Ze (), h) | T = s) e HEDv gy

€]
=h(£)+/0 O eV gy /Qu€+5x,h Adz) +) " Qu(€ — 6., h)

i=1

Hence Q.(¢,h) is differentiable in terms of ¢, and we differentiate on both
sides and cancel the exponential factor, giving

lé}
A+ 1EDQe(E 1) + 5 Qt (& h) /Qt (€ + 8oy W)A(d) + D Qu(€ — 82, h),

i=1

which is the same as (3.12). ]

4. Poisson process approximation by coupling
4.1. Metrics for quantifying the weak topology in 'H

Since we assume I" is compact, the vague topology is the same as the weak
topology defined as follows. We say a sequence {€.} C 'H converges to
¢ € H weakly if [ f(x)én(dz) — [ f(x)é(dx) for all bounded continuous
functions on T'.

There are a few metrics to quantify the weak topology. The one we shall
use is a type of Wasserstein metric on H introduced in Barbour & Brown
(1992a). Assume I is equipped with a metric dg < 1. Let K stand for the
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set of functions k : I' — [0, 1] such that
| k(y1) — k(32) | <1

s1(k) = yl;sezfer do(y1,2)
and define
d1(€1,€2) .
1’ if 51(1_‘) # EQ(F)v
=\ F s k@) - k@), i &) = &) =m>0.

By the Kantorovich-Rubinstein duality theorem [Rachev (1991), Theorem
8.1.1, p. 168], if & = Y 1o Oy, &2 = 2 iny 83, then dy (€1, &2) can be inter-
preted as the average distance between a best coupling of the points of &;
and &:

d1(§17§2) =m! nirmz dO(yz'y Zn(:;)),
=1

where 7 ranges over all permutations of (1,--- ,m).

To state the errors of Poisson process approximation, we need a metric
corresponding to d; but without the average feature. For &; = Z:’;l Oz,
and £ = Y, 8,, with m > n, the metric is defined by

n
d1(§1,€2) = (m —n) + min > do(@ iy, vs)
i=1
for w ranging over all permutations of (1,--- ,m) [Brown & Xia (1995a)].
As the elements of H are (point) measures on I', one may immediately
think of the well-known Prohorov (1956) metric to quantify the weak topol-
ogy, as conventionally used in probability theory [see Billingsley (1968)]. In
our context, with the above setup, the Prohorov metric is defined by

1, if n#£m,
min, maxi<i<n do(¥i> Zr(iy), if n=m>0.

p1(é1,€2) = {

The fact that the maximum appears here makes the Prohorov metric behave
in a similar fashion to the total variation metric ppv(&1,£2) = 1¢ 2¢,, a8
studied in Xia (1994), and is thus also typically too strong to use [see
Section 4.2 and Remark 5.13].

Example 4.1: TakeI to be the interval [0, 1] with metric do(z, y)

= |z—yl.
If ¢ =30 16, with0 <t <~ <t,<land & =3 5,0

with

i
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0<s5<---<8, <1, then
n n
Z [ti — s3] < Z ti — sn(ay] (4.1)
i=1 i=1

for all permutations 7 of (1,---,n), and hence
1 n
d = - i — S;l.
1(€1,€2) H;It sil
The following proof is taken from Xia (1994).

Proof: We use mathematical induction to prove the claim. Take first
the case where n = 2. Without loss of generality, we may assume that we
have t; = min{t, tg, s1, s2}. Then it suffices to consider the following three
cases.

(i) If t2 > sq, then

[ty — 81|+ |t2 — s2| =81 —t1 +to — so < [t — 82| + [t2 — s1].
(ii) If sq <t < sg, then

[ty —s1] + [tz — s2| = 81 —t1 + 82 — ta < [ty — s2| + [t — 51
(iii) If t3 < s1, then

[t1 — s1] + |ta — s2| = s1 —t1 + s2 — t2 = |t1 — S2| + [t — s1].

Now, suppose (4.1) holds for n < k with k > 2, we shall prove it holds
for n = k+ 1 and all permutations 7 of (1,--- ,k+1). As a matter of fact,
the claim is obvious if w(k + 1) = k + 1. Assume w(k + 1) # k + 1, then it
follows that

k+1

D 1t = snga)l
=1

= Z [t: — Sa)| + [[th+1 = See+1)| F+ [Er-1(k+1) — Sk41l]
ikl igtm—1 (k1)

v

Z [ti = Sx@i)] + [tr-t(kt1) = Sm(k+1)| + [Ek+1 — Sk
igk+1,ifr=1(k+1)

k
> Z [ti — si] + |tes1 — skt1l,

i=1

where the inequalities are due to the induction assumptions. .

Now we show that both p; and d; generate the weak topology.
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Proposition 4.2: IfT is compact, the following statements are equivalent:

(i) &, converges to £ vaguely;

(ii) £n(B) — &(B) for all sets B € B, whose boundary 0B satisfies §(0B) =
0;

(iii) lim sup,, _, ., &n (F') < &(F) and iminf,, o, £,(G) > &(G) for all closed
F € By and open G € By;

(iv) &, converges to  weakly;

(v) d1(6n, €) — 0;

(Vi) p1(€n,€) —

Proof: The equivalence of (i}-(iv) is well-known and can be found in
Kallenberg (1976), pp. 94-95, and (vi) is equivalent to (v) due to the fact
that if £(T") # 0,

d1(6n, €) < p1(n, €) < EI)d1(6n €).
Hence it suffices to show that (iv) is equivalent to (v). Assume first that
d1(&n,€) — 0, then there exists an ng such that &,(I') = £(T") for all n > ng.

For any bounded continuous function f, as I' is compact, f is uniformly
continuous and for n > ng,

/f enlda) — [ 1o

Conversely, choose f = 1, we have £,(T) — £(T') := m, so when
n is sufficiently large, say, n > mg, £,(T) = £(I'). We use the basic
fact that di(€,,§) — O if and only if for every sequence {ng} C N,
there exists a subsequence {ng,} C {nx} such that di(¢n, ,£) — 0 to
prove the claim. Let £ = > 7", 4,,, and relabel if necessary, for n > my,
we may write &, = Y=, 0yn so that di(én,€) = [Yiog do(yP,z)]/m.
Since I' is compact, for any sequence {nx} C N, there exists a subse-
quence {n«,;} and Z; such that do(yl & ,2)) = 0 forall i =1,---,m. Set
£ =37 085, then [ f(@)n,, (dz) — [1 f(2) )é(dz) and by the assump-

tion, [ f(z)én,, (dz) — [ f x)§ dz), so [;. f(z)é(dzr) = [, f(x)¢(dx) for
all bounded functlons f, which implies £ = ¢ and

> do(y; zz)<2do(yz J5) =0,
=1

=1

< ¢ sup |f(z) = f(w)l = 0.
do(2,5)SJ€]d1 (€n )

since (y:k",z,-), it =1,---,m, is a best matching. Hence d;(£,,,§) - 0. =
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Proposition 4.3: (H,d,) is a locally compact separable metric space.

Proof: By Proposition 2.6, it suffices to show H is locally compact. In fact,
define Hy = {{ € H: &) =k}, H = U Hi and for each k, Hy is a

compact, open and as well as closed set. n

4.2. The metrics for point process approximation

For any two probability measures Q; and Q5 on the same domain, the total
variation distance, dpry, between Q; and Qg is defined as

drv(Q1, Q2) = sup |Q:1(D) — Q2(D)|,

where the supremum is taken over all sets D in the common domain. Thus,
if X; and X, are two non-negative integer-valued random variables, then
they induce two probability measures, £{X;) and £(X2), on the domain
consisting of all subsets of Z, and

drv (LX), £(X2) = sup [P(X; € 4) ~P(X; € 4)

- %Z[IP(Xl = i) — P(Xy = )|
=0

= inf P(X] # X3),

where the last equality is due to the duality theorem [see Rachev (1991),
p. 168] and the infimum is taken over all couplings of (X{, X3) such that
L(X]) = L(X;), i = 1,2. Likewise, two point processes =; and Z defined
on I' generate two probability measures, denoted by £(=;) and £(Z,), on
the domain B(H), and the total variation distance between the distributions
of the two point processes is
drv(L(E1), L(E)) = sup |P(E; € D) — P(E; € D)|
' DEB(H)
— inf IP(8] # ),

where, again, the last equality is from the duality theorem and the infimum
ranges over all couplings of (27, 25) such that L(E}) = L(5;),i=1, 2.
The major advantage of using the total variation metric for the distri-
butions of point processes is that, if the distributions of two processes are
sufficiently close with respect to the total variation distance, the same accu-
racy is also valid for the total variation distance between the distributions
of any functional of the two processes. However, although the total varia-
tion metric for random variable approximation is very successful, the total
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variation metric for point processes turns out to be too strong to use in
practical problems. For example, if the two point processes have the same
numbers of points, but distributed in slightly different locations, they would
be at total variation distance 1 from one another. This inspired people to
look for weaker metrics which would be small in such situations. The met-
ric di defined in Section 4.1 and the metric ds derived from d; serve the
purpose very well.

To define d2, let ¥ denote the sets of functions f : H — [0,1] such that

up 1160 — F(&2)]
fden diEng) (4.2)

Then the second Wasserstein metric d; between probability measures
Q: and Qg over B(H) with respect to dy is defined as [Barbour &

Brown (1992a))
[ #dqu - | raa.

= ianEd1 (51, Eg)
= inf {P(|Z;] # |Z2)) + Bd1 (81, B2) 1z =iz, ) (43)

where, again, the infimum is taken over all couplings of (Z1,Z;) with
L(Z1) = Q1 and L(Z3) = Q2 and the second equality of (4.3) is due
to the duality theorem [Rachev (1991), p. 168]. The last equality of (4.3)
offers a nice interpretation of d; metric. That is, it is the total variation
distance between the distributions of the total numbers of points of the two
point processes, and given the two distributions have the same number of
points, it then measures the average distance of the matched pairs under
the best matching. It is also clear that for two point processes on I,

drv(L(E1), L(E2)) = d2(L(E1), L(E2)) > drv (L(|Z4]), £(|Z2])),

hence, when we bound the errors of point process approximation in terms
of the metric da, the best possible order we can hope for is the same as that
for one dimensional total variation metric.

d2(Q1,Q2) = sup
fevw

4.3. Poisson process approzimation using stochastic
calculus

Before Stein’s method was introduced into the area of Poisson process
approximation, the errors of process approximation were mainly esti-
mated using coupling methods [e.g., Freedman (1974), Serfling (1975) and
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Brown (1983)]. From the duality theorem, any coupling will give an upper
bound for the distance under study and the effort is in finding those which
give upper bounds as close to the true distance as possible. A good cou-
pling often requires very sophisticated skills and knowledge of probability
theory and, unlike the universality of Stein’s method, it is usually found in
an ad hoc way. In some special cases where a near perfect coupling can be
constructed, an estimate using coupling may be better than one derived by
Stein’s method; however, when the complexity of the structure of the point
processes is beyond our comprehension, Stein’s method usually performs
better than our manipulation of coupling skills.

In this section, we quote two results of Poisson process approximation
using coupling [see Section 2.3.3] and stochastic calculus, one in terms of
the total variation metric and the other for the dy distance. We omit the
proofs, as the proofs require advanced knowledge in stochastic calculus,
which is not a necessity for understanding Stein’s method.

Theorem 4.4: [Brown (1983)] If (M,F) is a simple point process with
compensator A, p is a measure on [0,00) and t > 0 is non-random, then

drv (LMY, Po(ut) <E|A—pl + E{ S(AAE? E,  (44)

s<t
where L(M") is the distribution of M confined to [0,t], Po(u') is the
distribution of a Poisson process on [0,t] with mean measure pljo s and
|A — p|; is the pathwise variation of the signed measure of A — p on {0, ],

. t
ie. JA— pule = J |A(ds) — u(ds).

This result is optimal in the sense that we can find examples with total
variation distance having the same order as the bounds derived from the

result.
Example 4.5: (Poisson process approximation to a Bernoulli process). Let
I, ---, I, be independent indicators with

]P(L = ].) =1—]P(Ii=0) = Di, 1= 1,--' , .
Let ' =[0,1], E=37 , Ii§;/, and X = 37" | p;d;/p be the mean measure
of Z. With respect to its intrinsic filtration F = (F,)s>0, where F; is just
o{E[0,7] : r < s}, E has compensator A(s) = 3, pi = A[0,s]. Using
(4.4}, we have

dry(L(E),Po(N) <D 7.
=1
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The bound is in the right order. To see this, let
B = {¢: there is an 1 such that {{i/n} > 2},
then IP(Z € B) = 0, while Po (A)(B) =0 (X1, p?).
We now state the estimate in terms of the dy-metric.

Theorem 4.6: [Xia (2000)] Suppose (M, F) is a simple point process with
compensator A, and B Is a non-random continuous increasing function with
B(0) = 0. Let p,q € [1,00] satisfying 1/p+ 1/q = 1. Then, for any fixed
6 >0and T > 0, we have

dy(£(MT), Po (BT)) < Cu[(B, A)llp + E{5 A JAT™) - B(T)}

+P(JA(T) — B(T)| > 6) + EAA(T) + E {Z(AA(S))2} . (4.5)

s<T

where X = B(T), Cy(3) = [£20 e ﬁ]uq,

=0 (z+1) !

py 1/p
/ IA(IB Yo A(t) —t| VBl o A(t™) — t{)dA(t)} } ,
[0.7)

(B, Allp = {E

and the quantity ||(B, A)||« is understood to be an essential supremum [see
Shiryaev (1984), p. 259].

Remark 4.7: In calculating the upper bound of (4.5), the values of p
and ¢ are chosen according to the randomness of A. Usually, we choose
p = ¢ = 2, while sometimes other choices are also possible. In particular, if
A is non-random, then we can choose p = oo and ¢ = 1 [see example 4.11].

The following proposition is useful in applications.

Proposition 4.8: The values of C, and Cy are given by

A
() () = =2,

(1) Ca(A) = \/7_/\/ ez—“lda:<<1/\\/T_>

and Cy(A) ~ 1/X as A — oo.

Proof: The proof of (i) is straightforward. Apropos of (ii), we have

i e\ —Ai A e /* e -1,
i=0(i+l)2i! A i1 G+~ X Jy = '
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Since emz‘l is an increasing function of z, it follows that
-2 A —-A A _
LY it At ST
A Jo T A
On the other hand,
el 1 XL e A 2 )i 2
z < N2 < Z
) Zi+1(i+1)!_ ) _Zi+2(i+1)'—,\2 "

=0

Remark 4.9: Although we omitted the proofs, a simple comparison of
the bounds (4.4) and (4.5) would reveal that the coupling idea works well
for the continuous part of the compensator but does not handle the jumps
of the compensator efficiently [see Kabanov, Liptser & Shiryaev (1983),
Lemma 3.2].

Example 4.10: If M is a simple point process with continuous compen-
sator A satisfying A(T) = B(T), a.s., then applying (4.5) gives

da(L(MT),Po(BY)) < C,(AI(B, A)ll,-

This upper bound is of a kind similar to the upper bound on the total
variation distance between a mixed Poisson random variable and a Poisson
random variable established in Pfeifer (1987) [see also Barbour, Holst &
Janson (1992), p. 12].

Note that, if A(T)} = B(T) a.s., M(T) has distribution Po(B(T)), but
it is not necessarily true that M is a Poisson process.
Example 4.11: If T = 1, B(t) = at,A(t) = bt with a > b > 0, and
p = 00,q =1, then (4.5) implies that
blb — a|
2a

On the other hand, the result in Barbour, Brown & Xia (1998), who com-
bined stochastic calculus with Stein’s method, gives

da(Po (AT),Po(BT)) < (1 A1.65b%)[b—al,
which is significantly better than (4.6) if b is large.

+|b—a| < |b~al (4.6)

da(Po (AT), Po (BT)) < Ci(a)
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5. Poisson process approximation via Stein’s method

5.1. Stein’s equation and Stein’s factors

As shown in the previous section, the coupling idea applied directly can
solve the problem of Poisson process approximation with a certain degree
of success, but with little hope of further improvement. We need a mecha-
nism for quantifying Poisson process approximation which is more routinely
applicable, and Stein’s method provides the right answer. The foundation
of Stein’s method for Poisson process approximation was established by
Barbour (1988), adapted from the Stein-Chen method in Chen (1975) for
Poisson random variable approximation, and was further refined in Barbour
& Brown (1992a). There it is shown, in particular, how Stein’s method can
be combined with standard tools of point process theory such as Palm distri-
butions and Janossy densities. They used an auxiliary spatial immigration-
death process, as in Section 3.2, to investigate the approximation of a point
process by a Poisson process. Recalling that the generator A of the spa-
tial immigration-death process is given in (3.6) and a point process E is
a Poisson process with mean measure A if and only if EAf(E) = 0 for a
sufficiently rich class of functions f on H, we conclude that £L(Z) is close to
Po (A) if and only if IEAS(Z) ~ 0 for this class of functions f. On the other
hand, to evaluate the distance between £(Z) and Po (\), we need to work
on the functional form E(A(Z)) — Po (A)(h) for the test functions ~A which
define the metric of our interest; hence we look for a function f satisfying

) = [ 156 +50) = SN + [ 156 = 82) = F(E)e(do)
= h(£) ~Po (A)(h), (5.1)
called the Stein equation, and if such an f can be found, we can estimate
the quantity |E(h(Z))—Po (X)(h)| by investigating [IEAf(Z)|. The estimate
of the approximation error is then just the supremum of |[EAf(E)|, taken

over all the solutions f corresponding to the test functions h of interest [see
Theorem 5.3].
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Example 5.1: (Poisson process approximation to a Bernoulli process).
With the setup of Example 4.5, we have
ER(E) — Po(A)(h) = EAf(E)
1
=B [ 11+ 62) ~ SN + B [ &~ 52) — (@2

—ZIE{ (E+0i/n) — FE)] + [FE) = FE + 6:n)]}pi

= Z E[f(S' +20i/n) — 2f(Z + 6i/n) + f(E),

i=1
where Z° = & — I;6;/n.

To find the solution to (5.1), recall that the resolvent of A at p > 0 is
given by

(0~ A)g(¢) = /0 " e P Eg(Ze(t)) di (5.2)

[Ethier & Kurtz (1986), p. 10]. What we need to do is to argue that when
p = 0 the equation (5.2) still holds for suitable functions g and we sum-
marize the results in the following lemma [cf Barbour & Brown (1992a)].

Lemma 5.2: For any bounded function h, the integral
/ [EA(Z¢ () — Po (A)()) dt (5.3)
0

is well-defined and the solution to (5.1) is
£6) = [ [BhZe(®) - Po (M) . (5.0

Proof: Set [¢| =n,

Tno = inf{t: Dg(t) =0} =inf{t: [Dg(t)| = 0},
and

Tpo = inf{t : Dp(t) =0} =inf{t: [Dp(t)| =0},

where Dp is a pure death process with initial distribution the same as
Po (A). Then, in view of Proposition 3.5, we can construct a pair of processes
Zp(t) = Dp(t) + Zo(t) and Z¢(t) = Dg(t) + Zo(t) such that Zp is in
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equilibrium and Z¢ is an immigration-death process starting in £, which
satisfy Zp(t) = Z¢(t) for t > max{Tnro, T po}. This implies that

/O N {EA(Z¢(t)) — Po (A)(h)|dt = /0 i [ER(Z¢(t)) — Eh(Zp(t))|dt
S E(Tno + 7o)l < (n+ NIFI].

Since the integral (5.3) is absolutely convergent, we may split it at the
first time of leaving the initial state 7 = inf{¢ : Z¢(¢t) # £}

7(©)
— 5 {19© ~ Po (AN + (3w [ n(Ze(0) — Po (N
-1
- {[h@) ~Po)(0)] — [ 76+ 8)7da) - [ 6~ 5a)§(da)},

where the last equation is because of the strong Markov property. Now,
some reorganization leads to equation (5.1). (]

Assume that, for each «, there is a Borel set A, C I" such that o € A,
and that the mapping

I'xH->TxH:(a,&)— (a,ﬂAg)
is product measurable. This is true so long as A = {(z,y) : y € A,z € ['}

is measurable in T'? [see Chen & Xia (2004)].
Now,

B [ (72~ 6) - F@)E(de)

~E [{[fE~8a) — F)] - [f(Elag) — F(Elag + S }E(dar)
4B [ [1(Elag)  £(Elag + 6u)][E(da) ~ A(do)]
+E [ ([7(Elas) ~ F(Elag + 8] = [F() ~ FE + 5]} Ado)
+E [ [1(2) - F(2-+ 8.)]A(de),
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which gives
Eh(E) — Po (A)(h) = EAf(E)
=B [{(fE~ 8~ /&) - [f(Elaz) - F(Elag + )=o)
+E [ [7(Elag) = F(Elag +5.)][2(da) — A(der)
+E [ {1F(Elag) = F(Elag +82)) = [f(E) ~ FE + 8a)]}Ada). (55)

Example 5.1 and (5.5) tell us that, in order to implement Stein’s method,
it is essential to have good estimates of

2f(&0,8) = F(E+6a+6p) — F(E+8a) — F(E+85) + F(€),
Af(€) = sup |f(€ + 6z) — F(E)I,

A’f(&)=  sup  |A%f(pz,9)|.
n—§€H,z,yeT

With these quantities, ifé& € Hand & = & + Zle 0., we can define
nj =& + Y. 1_; 0z, so that then no = &1, me = &2 and

1 (€2) — F(E2 +8a)] — [F(Er) — F(Ex + )l (5.6)
k
Z [f () = f (5 +8a)] — [f (0j=1) — f (mj—1+ 6a)]}| < kA% F (&),
giving
[ J AU = 6a) = () = 1(Eaz) = 7Bl + 8ot
<E / A2f (S 42 )(2(Aa) — 1)E(dar), (5.7)
acl’
and

‘E J AU EL) = 1Bl + 820 = @) = F(2-+ 8.)}Ade)

SB | A%(E]ag)Md)E(Aa) (5.8)
a€ .
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For the second term of (5.5), we have

E / F(Elas) — F(Elag + 6))[E(da) — A(dar)]
_E / (F(Slag) — F(Elag +6a)llo(e Elas) — d@)u(da) (5.9)

-E /F (If Balag) - F(Ealas +6a)]
— [f(Elas) — F(Elag + Sa)]}A(da), (5.10)

where ¢(a) and g are defined in (2.7) and (2.8). The estimates (5.7)-(5.10)
are summarized in the following theorem.

Theorem 5.3: [Chen & Xia (2004)] For each bounded measurable function
h on'H,
IEA(E) — Po (A)(h)]

<E [ A(Elag) E4a) ~ DE(da) + minfes (b, B), co(h, )}
a€

+E A? (] ag)A(d)E(4a),
a€el

where
a2 =E [ AfElag)lateSlag) - 4(0)l(do)
which is valid if Z is a simple point process, and
x(2) = B | 1/ (Bla5)~ (Elag +50)l 1 s}~ Eal g 001 A ().

Remark 5.4: How judiciously the (A,;a € T') are chosen is reflected in
the upper bound.

The bounds on Af(£) and A2f(¢) depend on the metrics we use for
measuring the accuracy of Poisson process approximation and will be dealt
with in terms of three metrics: one dimensional total variation metric, the
total variation metric for the distributions of point processes and the ds
metric. The bounds can be summarized in the following table:
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§ | Af(E) 1 A%f(E) |
. . 2 1—8_'\
drv: one dimensional 1A ](J (Prop. 5.7) =— (Prop. 5.6)
drv: process distributions 1 (Prop. 5.12) 1 (Prop. 5.12)
dg (uniform) 1A 1;—?% (Prop. 5.16) | 1A [3+ (1 + 2In* (?—IT))]
(Prop. 5.17)
ds (non-uniform) 35 4 1521% (Prop. 5.21)

5.2. One dimensional Poisson process approrimation

In this section, we focus on the distribution of Z(B), the total number of
points in a Borel set B of a point process E, approximated by a Poisson
distribution: see also the discussion in Chapter 2, Section 2.5. For simplic-

ity, we only consider the test functions h(¢) = 14(|¢]) with A C Z4; one
can adapt to functions of the form 14(¢(B)) by changing A to A(B) appro-
priately. The corresponding solution to the Stein equation (5.1) is denoted
by fa(-) and we write f; for f;;. Noting that, when we consider only the
total number of points, the spatial immigration-death process is reduced
to an immigration-death process as in Section 3.1, we simply write |Z,(t)|
as Z|(t). For each fixed j, if ¢ < j, it follows from (5.4) and the strong
Markov property that

£6-0=-E [ (Zma) - mldt B [ 1145y(Zina(6) — me

= m s+ £30),
giving
fi()) = fii = 1) = —mymty. . (5.11)
Similarly, for i > 7+ 1,

50 =B [ y(@) —mld —E [ 15y (Zie) - mle

=T+ f3(i—1),
which implies that
()~ fii=1) =mry . (5.12)
Combining (5.11), (5.12) and Lemma 3.2, we reach the following lemma.

Lemma 5.5: For each j € Z,, f;(i+1) —2f;(i) + f;(¢ — 1) is negative for
alli save i =j.
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As a matter of fact, the claim in Lemma 5.5 is valid for a large class
of approximating distributions including Poisson [Chen (1975), Barbour
& Eagleson (1983)], binomial [Ehm (1991)], negative binomial [Brown
& Phillips (1999)] and many other polynomial birth-death distributions
[Brown & Xia (2001)].

The following estimates of the Stein factors were first achieved by Bar-
bour & Eagleson (1983) using an analytical method, and were revisited by
Xia (1999) using a probabilistic method; see also Chapter 2, Theorem 2.3.

Proposition 5.6: We have

821a(6) < k) = { = } .

Proof: [Barbour & Eagleson (1983), Xia (1999).] It is immediate that
fz,(i+1)—2fz,(3) + fz,.(i — 1) = 0, so it suffices to show that
. ) ) 1—e?
fa(i+1) = 2fa() + fali = 1) € ——,
for all A C Z4 and all i € Z. To this end, using Lemma 5.5 and (3.5), we
have
fa(i+1) —2fa(i) + fa(i—1)
i+ 1) =250 + il - ) =m (75, + )
_m (F(i——l) +F’(z’+1)) < T (vr1+---+7r,~ L F(i+1))
A Mi—1 it A 5 5

. 1-— o

=—
completing the proof. [ ]

Proposition 5.7: We have
2
A < k(X)) = Ayl — 3.
fa(§) < k() {1 \/e)\}

Proof: It follows from (5.11) and (5.12) that
fa(@+1) = fa(®) < floq(E+1) — flo,y(5)
= —E-L [1[0’1:](Zi+1(t)) - 1[0,1,](Zl(t))] dt = /0 C_tP(Zi(t) = 7,)dt S 1.
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Also,
o0 oC 1
-t ]PZt:‘dt</ ‘t(ll\—)dt
e mepzan =i < [Te (10

[ nggm)e = [Fos [ aame
= N —— s = s + ——das
o " Vaens 0 s VEohs

2 1

o ZeN (5.13)

where the first inequality is taken from Barbour, Holst & Janson (1992), p.
262. [

In view of Proposition 5.6 and Proposition 5.7, the following theorem is
an obvious corollary of Theorem 5.3.

Theorem 5.8: If = is a point process on I with mean measure A, then for
every bounded Borel set B,

drv(£(E(B)), Po(A(B))) < kz(A(B))lE/ (E(B N Aa) — 1)E(de)

+min{er, 2} + ka(A(B)) / Ada)ABN AL,  (5.14)
where

v = B [ Jofex Slag) - ¢(0) o)
which is valid if Z is a simple point process, and

€2 = ka(A ]E/ [2(BN ALY —Eq(BN AL A(de).
Remark 5.9: Consider A, = {a} with €3, then Theorem 5.8 is reduced to
drv (L(E(B)), Po (A(B)))

< k2(A(B)) {]E/e [=(B\{a}) — Ea(B\{a})| A(de) + Z(A{a}f},

aEB
which is slightly different from Theorem 3.1 of Barbour & Brown (1992b).
If the approximating Poisson random variable has a different mean,

then the following theorem together with the triangle inequality would be
sufficient [Pfeifer (1987) or Barbour, Holst & Janson (1992), p. 12].
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Theorem 5.10: If vy and vy are two positive real numbers with v, > vy,
then

dTV(PO (Vl),PO (I/2)) S kl(lll \ V2)(V1 - 1/2).

Remark 5.11: Yannaros (1991), Theorem 2.1, gives an estimate which is
typically sharper:

drv(Po (1), Po(1s)) < (v; — v2) min {1, m} .

5.3. Poisson process approzimation in total variation

The following estimates were first obtained by Barbour & Brown (1992a).

Proposition 5.12: If h = 14 with A € B(H), and f4 is the solution to
the Stein equation (5.1), then

(1) Afa(€) <1 forall&;
(i1) A2fs(€) <1 for all €.

Proof: We use Proposition 3.5 to prove the claims. Let 7, 71 and 7 be inde-
pendent negative exponentially distributed random variables with mean 1.
For (i), we have

FACE +80) — Fa(€)] = \E JACACHR SEnE u(zg(t))]dt}

_ ‘IE [ e tame) +o0 - 1A<zg(t>>1dt‘

o
S/ e tdt = 1.
0

Apropos of (ii), note that

Alfut2,y) = —E /OooflA(Zg(t) +0zlrse + Oyleyne) — 1a(Ze(t) + 0xlr>¢)
= 14(Ze(t) + 0ylr,>1) + 1a(Ze(2))]dt
— B [ L) + 52+ 6) — 1a(Ze0) +52)
— 1a(Ze(t) + 6y) + 1a(Ze(2))]d, (5.15)
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where the last equation follows because if either 7, < ¢ or 75 < ¢ occurs,
then the integrand is 0. Thus

|A%fa(g;z,y)| < IEAc><> e 1a(Ze(t) + 6z + 6y) — 1a(Ze(t) + 65)
= 1a(Zg(t) + 8y) + La(Ze(2))|dt
< 2/ e 2dt = 1. n
0

Remark 5.13: If we consider the Prohorov metric for Poisson process
approximation, the Stein factors will be the same as those for the total
variation metric [see Xia (1994)].

Theorem 5.3, together with Proposition 5.12, gives the following bounds
for Poisson process approximation in terms of the total variation distance.

Theorem 5.14: We have
drv(L(E),Po(A) < E / (E(Aa) — 1)2(da)

a€el
+ min{e, 2} + / AAd)A(da), (5.16)
ael
where

cr= | FlofeyZlag) ~ o()li(d)
o€
which is valid if £ is a simple point process, and
& =E [ [l - Zalag (o),
agel

with [|£1 — &| := [i|&1(dz) — &(dz)|, the variation distance between &;
and &;.

5.4. Poisson process approximation in the do—metric

In the one-dimensional approximation of Z(B), a change in the location of a
point makes no difference to Z(B) as long as the old and new locations of the
point are either both in B or both outside it. However, when considering the
total variation metric for the distributions of point processes, even a small
shift in the locations of points will result in a totally different configuration,
at distance 1 from the original. The metric d, lies somewhere between the
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two extremes. From our experience in the preceding two sections, if we are to
apply Stein’s method successfully for the do—metric, the first thing that we
must do is to “squeeze out” the best Stein’s factors for Af(¢) and A2f(¢),
when f is the solution to the Stein Equation (5.1) for any test function
h € U, where ¥, defined in (4.2), is the set of test functions relevant to
the do—metric. The proofs in this section will be lengthy, but nevertheless,
the final result in Theorem 5.27 is widely applicable; see, for example, the
beautiful conclusion in Theorem 6.8.

Naturally, the first aim is to find uniform bounds for A f(¢) and A2 f(¢),
as considered in Barbour & Brown (1992a) and in Barbour, Holst & Jan-
son (1992), pp. 217-225. The first lemma investigates how much change
results from changing the location of a single point.

Lemma 5.15: If h € ¥, then
[F(€+ 0z + 8a) — F(§ + 8a)] — [f(§ + 82 +85) — F(€ + Ip)]]

< do(a,ﬂ)min{l,i (% +2In™ )\)}

This lemma is used in establishing the following three propositions,
which are central to the proof of the main theorem. Note that two new
Stein factors, appropriate to ds—approximation, emerge:

c1(N) = {1/\%} and cz3()\) := {1/\ [é—; <1+2ln+ (%))]}

(5.17)
Proposition 5.16: Ifh € U, then
Af(€) <er(N) forall € € H.
Proposition 5.17: If h € ¥, then
A2f(€) < ca() for all £ € H.
Proposition 5.18: If h € ¥, then : .
[F(€ +8a) = F() — [F(n + ba) = F(M]] < c2(A)dy (€, m).

The proofs of all four results make use of Proposition 3.5. Let 7, 7
and 72 be independent negative exponentially distributed random variables
with mean 1, and let U,U;,U,,--- be independent I'-valued random ele-
ments having distribution A/); assume that the U’s, 7’s, D¢ and Zg are all
independent as well. As before, we write

n:= €], Zn(t) :=|Ze(t)], Zo(t) :=|Zo(t)] and Ay = A(1 —e™%). (5.18)
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Proof: [Lemma 5.15]. We have
[If(€+ 8z + 0a) — F(§+ 6a)) — [F(€ + 8, + dp) — f(€+ )|
< [ BN (260 + L+ Bl rn) = B (Ze(6) + Balrne)
— R(Ze(t) + 651r,5¢ + 8plry>t) + h (Ze(t) + 0p1r,50)]|dE
- /0 " B (Ze(t) + 8, + 6a) — h (Ze(t) + 62)
— h(Ze(t) + 62 + 0p) + h (Ze(t) + dp)]|dt

-2t
< do(a ﬂlE/ Zz(j t < do(a, B).

On the other hand,

e[ zor < B mp
e s - [,

1/ 1 1-5) 1/1
< 1—sds+/ ds = ( + In )\)
~/0 ( ) 1/A As 2\

for all A > 1, completing the proof. [ |

Proof: [Proposition 5.16]. The proof is essentially the same as that in Bar-
bour & Brown (1992a), with minor modification to simplify the reasoning.
The bound of 1 is obvious as the test functions in ¥ are also test functions
of the total variation metric. For a A-dependent bound, we have

[f(€+6a) — f(E)]
- )]E / [h(Zg(t)+5a17>t)—h(Zg(t))]dtl
0

‘ /0 ” e E[h(Ze(t) + 64) — h(Zg(t))]dt'

IA

/0 ” e {1 A |E[R(Z¢(t) + 6a) — h(Z¢(2))]|}dt

IA

/0 " e LA {EIR(Ze() + 52) — h(Ze(t) + 80)]
+ [E[R(Ze(t) + 8y) — h(Ze(t))][} . (5.19)
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Next,
1
- < P —
E[R(Ze(t) + 8a) — h(Ze(t) + 80)]| < E{Zn(t)—;-l}
1 1
= / Ez%~dy = / (1_e—t(1_z))n€—>u(1—z)dz
Y 0
1 1
= / emlneTHAI0=9g; = / e (ne Az g, (5.20)
0 0
1—e ™
= 5.21
=N (5.21)

where we take n = 0 for the last inequality, and, since
E[h(Z¢(t) +0u)| Zo(t) = k] = E[A(Ze(t))|Z0(t) = k+1] := ar41(2), (5.22)
we have

[E[r(Ze(t) + du) — h(Ze(2)]]

> AE[R(Z¢(t) + 6u)| Zo(t) = K] — E[h(Ze(t))] Zo(t) = kI}P(Zo(t) = k)
k=0

> a(OP(Zo(t) = k — 1) — P(Zo(t) = k)]
k=0

1
RV 26)\t ’

where the last inequality is again from Barbour, Holst & Janson (1992),
p. 262. Finally, combining (5.19), (5.21) and (5.23) gives

lf(§+f:)—f(£)l R
[P el

</1{1/\[1—6~,\8+ ! ]}ds<
— Jo As V2els -

= max P(Zo(t) = k) < (5.23)

> =

+/1 [1—(3—*+ 1 ]ds
1 As V2els

1 a \/5 1.647
- = _ o - <
3|1+ —ena+ e(\/X 1)} < 5
where the last inequality is from direct calculation. |

Proof: [Proposition 5.17]. Replacing h by 1 — A if necessary, it suffices to
show that

F(€+0a+0p) = F(€+8a) — F(E+d) + F(£) < c2(N).
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Since h € ¥ is also a test function for the total variation metric, the bound 1
is obvious. We now establish the A-dependent uniform bound. To this end,
by the same reasoning as for (5.15), we have

€+ 00 +05) — F(E+8a) — F(E+05) + f(€)
== | HER(Ze(t) + 8u + 85) — h(Ze(t) + b2)
— h(Ze(t) + 0p) + h(Ze(2))] dt.

Next, for k > 0, let

k k
bi(t) = % {Eh (Dg(t) + 60 + Zém> +Eh (Dg(t) +65 + Zan> } )
i=1 =1

and define b_; (¢t} = IER (D¢(t)); then we have

Eh(ZE(t) 4 0o + 5’3)

o0 k
= Z]Eh (Dg(t) + 64 + 05 + Zm) P(Zo(t) = k)

k=0 i=1

= i]P(ZO(t) =k) {bk+1(t)
k=0

k
+ []Eh (Dg(t) + 00+ 05+ 5U,.> - ka(t)} }

i=1
- 1
. ;; {]E (W) + bk+1(t)}]P(Z0(t) =k)
1 o0
ZE{W} +I§bk+1(t)1P(Zo(t) =k), (5.24)

and

EIA(Ze(t) + 6) + h(Ze(t) +39)] =23 be(P(Zo(t) = k), (5.25)
k=0
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and finally

o0

Eh(Z¢(t) = Y P(Zo(t) = k)

k=0

k
x {bk_l(t) + [Eh <D§(t) + Zm) - bk_l(t)] }
i=1

<Y E { RO } P(Zo(t) = k) + > be_1()P(Zo(t) = k)

k=1 k=0

1z, | N _
{ Z,(t) }"‘I;)bk—l(t)lp(zo(t) k). (5.26)

it
&=

Combining (5.24), (5.25) and (5.26) gives
E[A(Ze(t) + 0a + 65) — h(Ze(t) + o) — h(Ze(t) + 6p) + h(Ze(2))]
1 1z,.(t)>1
< 2{z7a) B {EE

43 bres) = 250(0) + b1 (OIP(Zo(t) = B
k=0

- B rmvs) PR

+ 3 bu(t)P(Zo(t) = k — 1) — 2P(Zo(t) = k) + P(Zo(t) = k + 1)].
k=-1

Since 0 < bg(t) < 1, we have
S (P (Zo(t) = k — 1) — 2P(Zolt) = k) + P(Zo(t) = k + 1)
k=—1
= _ k+1 \* k+1
= Z bi(t)P(Zo(t) =k + 1) ( " —1> - (/\t)"']
k+1 2

k=-—1
k——l

and, by (5.21),

Plzows) BUEG) < Plze) = %
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Hence,

E[R(Z¢(t) + 0o + ) — h(Ze(t) + 0a) — R(Ze(8) + 85) + h(Ze(1)))

/0oo —%(2/\13\{3)& = 2/01(1—3)(1/\1—;/—6>ds

- B () < o (2)).

for all A > 11/6. ]

and

Proof: [Proposition 5.18]. Write £ = Y7 ; 8, and n=>7-, §,,. Without
loss of generality, we assume that m > n and that

dy(€,m) = Z do(zi,yi) + (m —n).
Define ¢’ = 3~ ; &,,; then
(£ (€ + ba) = F(E] = [f(n+ ba) — F()]|
< IF(€ +da) — £ = [f(€' + 6a) — FED]I
+ £ +6a) = F(E)] = [F(n + 8a) — F()]I.
It follows from (5.6) that

[F(€' +8a) = FEN] = [f(n+ba) = F(M)]| < c2(A)(m — ).
Next, set 7; = S°0_, 6, + Y imj+1 0y 0 < j <n. Then

|[£ (& +6a) = (&) = [F(§' + ba) — F(£))]]

n—1

< Y N1t +6a) = F(03)] = [F (i1 + 8a) = F(ni41)]1

=0

so applying Lemma 5.15 with the fact that

1/1
min {1, 3 (—): +2In*t )\)} < ex(N),
we have

I[F(€+8a) = FE)) = [F(€ +6a) = F(E)]] € 2(N) Y _do(mi, ).

=1
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With these estimates of Stein’s factors, we are now ready to state our
first main result in terms of the dy metric.

Theorem 5.19: If E is a point process on ' with mean measure A, then

da(L(E),Po (X))
< es(WE / Z(Aa) — 1)E(da) + min{er, €3} + ca(A) / A(da)A(Aq),

acl’

where
= (VB | oo Zlag) - d(o)l(d)
which is valid if Z is a simple point process, and
& = cs(WE /a (g, Zalag A(de).

Remark 5.20: The bound ca()A) is of the right order and the factor

In* (%2) in Proposition 5.17 cannot be removed.

To see this, we use an example from Brown & Xia (1995b). Suppose
that (S, d) is a metric space, and that a,b ¢ S are two isolated points; that
is, that d(a,b) = 1, and that d(a,z) =1 and d(b,z) =1 for all z € S. Let
I'=8U{a,b}. Forn > 1, z;,-- ,2, € S and two integers my,mg > 0,
define a test function

n
, ifm =1,
h (Z 59:,' + ml(sa + m26b> = {6‘"‘2 :)theiWIse 2

i=1

Then, by direct verification, A is in the set ¥ of dp-test functions (4.2).
Furthermore, if supp(A) C S, then Zy(t) satisfies Zo(t)({a,b}) = 0, a.s.
Note that Zy(t) ~ Po(};), and that

X vyt eV =
- . = 1+1d -
;(i+2)i! vz sz/ s / Z_;
e v v—1+4+e™
— Sd = ——
7 se’ds 2
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Hence we have

|f(6a + 8) — f(8a) ~ £(8s) + f(0)]
= /0 e 2 E{h(Zo(t) + 84 + 6b) — h(Zo(t) + 64)
— h(Zo(t) + 8) + h(Zo(t))}dt

_ 7 2 1 _/oo —2t AR
*/0 ¢ E{Zo(t)+2}dt_ o © ;(n+2)n!dt

00 _ X
:/ e=2 {i\t_l/\:'_e__.}dt

/ r—1+e"r g i/)‘r—1+e_rdr L oA
b 3 Jo r TR

If one takes off the assumption of supp(A) C S, but supposes that
limy 00 A({a,b}) = 0, then A?f still has the order 1“’\.

On the other hand, the example also tells us that the problem caus-
ing the trouble is that the number of points in the initial state is small
and when we consider Poisson process approximation, one can expect that
with more than 95% chance the number of points of Z, the process being
approximated, is within 3v/X of A. Hence, Brown, Weinberg & Xia (2000)
proposed a non-uniform bound for the second difference of f, allowing the
bound depend on the configurations involved. The bound in Brown, Wein-
berg & Xia (2000) is rather complicated and it contains 4 terms, leading
to unnecessary complication in applications. Brown & Xia (2001) simpli-
fied the estimate, and we now follow their ideas to establish a non-uniform
bound.

Proposition 5.21: For each h € U, z,y € T and &£ € H with || = n, the
solution f of (5.1) satisfies
3 5 2.5
|A2f(&2,9)] < < + g (5.27)
This estimate is often used together with the following lemma to extract

a Stein factor of order 1/A.

Lemma 5.22: [Brown, Weinberg & Xia (2000), Lemma 3.1] For a random
variable X > 1,

]E(X) A IJIFE(X;FHK, (5.28)

where k = %{)2
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Proof: Observe that by Jensen’s inequality, E(%) > E(X) Now define

A=E (%) - E—(lX_) Then, by an application of the Cauchy-Schwarz in-

equality, and because, if X > 1 a.s., then E(1/X?) < E(1/X), it follows

that
OSAzE( 1/ ”A-}- (5.29)
The bound (5 28) follows by squaring (5.29) and solving for A. n

To prove Proposition 5.21, we need a few technical lemmas. We continue
to use the notation in Sections 3.1 and 3.2 with relation (5.18). Let us first
consider the change of f when we shift the location of one point.

Lemma 5.23: If h € ¥ and |£| = n, then
|F(€ + 6a) — £(£ + 6p)]

1/1 1\ 1 1 14IntX
< 1 —( =+ - —_ —
< do(a,ﬁ)mm{l,z<A+n>,2>\+n+1, \ }

Proof: [cf Lemma 2.2 of Brown, Weinberg & Xia (2000)] Clearly,
|£(€ +6a) — F(§ + 3p)|
< [ et IR + 52) ~ h(Ze(t) + 39 e
0

oo 1
<d -t SO <
>~ O(Q,IB)/O € E{Zn(t)+1}dt = dO(awB)y
and, by (5.20), for n > 1,

o 1
B ———— b dt
/o ) {Zn(t)+1}
oo 1 » 1 1
< / et [ / ¢lne +’\‘]zdz] it = / / e~I=Hlz s (5.30)
0 0 o Jo
1 1 :
1 1 1 1
< — = _ds = =
- /0 n(1—3)+)\ss 2/0 {ns+/\(1—-s)+n(1—s)+)\s}ds
< 171 n 1 < L 1
~2\X n/) ~ 2)\ n+1’

where the penultimate inequality is due to the fact that, when n # A, the
function

1 1
ns + A(l — s) +n(1——s)+/\s
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attains its maximum L + + at s = 0, 1 and its minimum at s = 0.5. If
n = 0, the claim is obvious.

For the uniform bound, if A < 1, the claim is obvious; for A > 1, taking
the worst case of n = 0 in (5.30), we get

1/2 s
/ / —[n(l s)+>\s]zdzd$< // / 1—e" ln/\+1'
i) A A

Remark 5.24: It might be true that

1

F(E+60) — F(E + 65)] < 2(%F) ("‘ 8) (A+n—+1).

Lemma 5.25: Let e} = Eexp(~7,}) and e; = Eexp(—7,]); then

AF(n) _ . Fa-1
CESYACE S R W S W

el = (5.31)

Proof: By conditioning on the time of the first jump after leaving the
initial state, we can produce recurrence relations for e} and e :

A A
1= >1; el =—; 5.32
n Ad+n+1—net_ l,n_ ’ DI (5:32)
e;=n+)‘—n——_-1,n22, (5.33)
A )‘en—l

[see Wang & Yang (1992), pp 154-156 and pp 174-176]. However, it is rather
difficult to get e and we quote it from [Wang & Yang (1992), pp 174-176]:
AL 1
DY A5 poo(t)etdt’
where poo(t) = P(|Zo(t)| = 0). Now, the claim for e} follows from (5.32)
and mathematical induction. For the other claim, since |{Zo(t)| ~ Po (A,),
we get

~_A+1 1
‘= 1—e'
Using mathematical induction in (5.33) gives the claim for e;. |

Proof: [Proposition 5.21]. Write £ = Y -, 0,,. By conditioning on the
first jump time after leaving state £ + 6, it follows from (5.4) that

_ —[h(€ + 62) —Po(A)(h)] A
flE+0) = n+14+A +n+1+A

+ z +1+)\f(€+ T a)a

a€{z1, 2n,2}
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where U ~ A/A. Rearranging the equation gives
h(§ +8z) —Po (A)(h)
A

n+1l+A 1
P fE ) - DL f(EHs 5.

a€{z1, 12n,T}

]Ef(£+6z+5U) =

This in turn yields

A’f(& z,y)
= [f(E+ 62+ 8,) —Ef(€ + 8 + 8v)] + [F(€ +82) — F(E+6y)]

- > (O - FE+6 - )]+ h(€ + 8:) = Po(A)(h)

n+1 a€{z1,,Zn} A
n+1-—2A 1
e [f(£+ 0z) — ——] B Z }f(§+ 0z — 6,1)} . (5.34)
aC{zti iz

Swap z and y to get

A?f(& 2,y)
= [f(€+ 8z +8y) —Ef(E+ 0y + du)] + [+ 6y) — F(E+62)]

n41—1 > O+, -+ h(€ + 8y) - Po (A)(h)
a€{z1,* ,zn}
n+l—2X 1
L — [f(& +8y) -~ 1 QG{Z‘ZHZ ) fE+6, — 6@} . (5.35)

Adding up (5.34) and (5.35) and then dividing by 2, we obtain

|A%f (&2, y)]
< max |f(§+5z+5y) ~Ef(§+ 0.+ 6v)|

n+)Z > 1)~ F(E+6:—da)

z&{z,y} a€{z1,,zn}

h(€ + 9:) — . Po (M)(h) (5.36)

n+1-—2X 1
— l:f(€+5z)*'n+—1 Z f(€+6z—60t):l .

ac{z1, ,2n,2z}

+ max
ze{z,y}

+ max
z€{zx,y}

Now, we estimate the four terms in (5.36) individually. First, using the fact
that 0 < h < 1, the third term is clearly bounded by 1/\. Next, we apply
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Lemma 5.23 to conclude that the first term is dominated by 3 (#_1 + %)
and the second term is controlled by

1 1 1 1
s 2 Y (itm)<aritan
ze{z y} a€{z1,",zn}
Finally, we show that, for z = z or y,

n+1 1 1.5 1
~___l:f(§+6) n+1a€{21;yzmz}f(£+5z—6a)jl ST+TL+1
(5.37)

so that (5.27) follows from collecting the bounds for the terms in (5.36).
To prove (5.37), it is enough to consider the following two cases with
A > 3.5 since, if A < 3.5, the bound is at least 1, which is obviously correct.

Case (I): n+1> A
Since 7,y = inf{t: |Z¢4s,(t)] = n}, the strong Markov property gives

f(E+6.) = —E / " B(Zeps, (1)) — Po (A)(W)]dt + Ef (n),

where 1 = Z¢,5,(7,,, ;). Consequently,

—_—n+i_)\{f(€+5z)——l“ > f(€+6z—60)} (5.38)

1
n a€{z1, ,2n,2}
n+l-—2A
< {ET o

Ef) - — Y f(£+6z—aa>”.

aE{zl,'~~ :znvz}

However, by (3.2) and Proposition A.2.3 of Barbour, Holst & Janson (1992},
n+1—/\]E_ (n4+1=XNF(n+1) < (n+1-N(n+2) _1
A Tnt1 = AMn+1DPoM{n+1} “ An+Dn+2-X) — X

(5.39)

To deal with the second term of (5.38), recall the decomposition (3.11), set

D/(t) := £+ 3, — D¢y, (t), which records the individuals who died in [0, ],

we can write

Zeys, (t) = €+ 0.+ Zo(t) - D'(2).

By the time 7, ;, at least one of 21,- - , 25,2 has died, so |[D'(7,};)| > 1.
Noting that the deaths happen to z1, -+ , z,, z with equal chance, we obtain

Bf(1) = g 30 BF {€ +0: = b+ Balrs) = D' (1) =]}
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where 3" denotes the sum over all o € {21, ,zp, 2z} Wwhich have died;
this, together with Lemma 5.23, yields

Ef)-—— Y fE+8.-5)

a€{z1, 1Zn,2}

E[|D'(r,,.)| - 1) (% + Tnl:T)>

<E[D'(r,1)| - 1] (2%\ + %) , (5.40)

where the last inequality is due to the assumption that n > A —1 > 2.5, so
that n > 3. On the other hand,

E [D'(r741)| = 1] = n — EDess, (1741)| =n— (n + NP(G > 7,),
[see Proposition 3.5]. Noting that {; > 7,7, is equivalent to

n+1
C1>inf{ [Zo(t|+21¢>t—'n—1} 'n_’

=2
with ¢{; independent of 7, and L(7,;) = £(7;;), we have from (5.31) that
|D'( +1)' 1] =n—(n+1)Eexp(—7,;)

— 14+(n+1) (%-)—12 - ;) . (5.41)

Now, we claim that

B AR (D) -1 < 1. (5.42)

In fact, by (5.41), (5.42) is equivalent to
(n+1=X)[AF(n-1)—nF(n)] - AF(n) <0. (5.43)

Expanding the formula into a power series of A, the left hand side of (5.43)
becomes

2nAF(n) — )\2F'(n— 1) (n+1)nFn+1)

‘*Z

1—n+1

1)| Pn+1—i—(n+Un/i,

which is obviously negative.
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Thus, it follows from (5.40) and (5.42) that the second term of (5.38) is
estimated by

n+l-2AX 1 1 1
—A_{Ef(n)—n+1 Z flE+6, —d4) S5+n+1'

a€{z1, ,2n,2}
(5.44)
Combining (5.39) and (5.44) yields (5.37).

Case (II): n+1< A
Likewise, since 7,7 = inf{t: |Z¢ys,—s.(t)] = n + 1}, the strong Markov
property ensures that

FE+6.—62) = —E / [1(Zes, 5. (£) — Po (A)()]dt + (),
where ¢ = Zg,s, 5, (7). Hence
IR (5 + 8 — F(E + 2 )
< iﬂ*—”w + 220 Vs pe o). (5.45)

= A
Using (3.2) and Proposition A.2.3 of Barbour, Holst & Janson (1992) again,
we have
A—(n+1) . A-(@m+1)Fn) _ A-—(n+1)x 1
o vV ra = < < - 5.
N BT T TRbein S Wy S 49

To estimate the second term of (5.45), without loss of generality, we may

assume o = z and realize

Zg(t) = Zo(t) + De(t),

so that
Ef(s) — f(£+62) = E[f(Zo(7;7) + De(7)) — f(€ +62))
< E(n+1-|De(r] )|)( —41_—1) (5.47)

But
E(n+1—De(rH)) =n+1-nP(G > 7).
Since ¢; > 7;} is equivalent to

¢; > inf {t 2| Zo(t)] + Zl<i>t = n} =Tl

i=2
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with ¢; independent of 7;_, and L(77_}) = L(;}_,), we get from (5.31)
that

nF(n) — AF(n —1)

En+1-De(rH)=n+1- nIEexp(——T:_l) =1+

F(n)
(5.48)
We now show that
A0 Vg1 - et <1 (5.49)
Using (5.48), (5.49) can be rewritten as
A=(n+1))[nFn)—-AF(n—1)] - (n+1)F(n) <0. (5.50)

The left hand side of (5.50) can be expanded into the power series of A as
MF(n) — (n+1)nF(n) - A2F(n—-1)+ (n+ DAF(n—1) — (n + 1)F(n)
_)\ PALE I ‘ . . ‘
=e go m[(z-}—l)n— M+n—(0E+1+n+1)(c+1)—(n+1)]
—(n+1)%e*
n—1 A+l

= ™A 2,-X <
Z z+1'(n —(n+1)°e* <0.

It now follows from (5.47) and (5.49), that

A—(n+1) 1 1
—x Ef(©) ~fE+E) < 55+ 7
which, together with (5.45) and (5.46), gives (5.37). ]

Lemma 5.26: Foré,n € Handz €T,

[F(€+ba) = F(O] = [f(n+ba) — F()]]

2

’ .5 2.5
< e — i - |em+( +Wn’ﬁ)”""‘5”

3.5 2.5 ,
< (T NG +1) A& m).

Proof: Using the setup of the proof of Proposition 5.18, we have from (5.6)
and Proposition 5.21 that

6+ 82) = €0 = Utn-+80) = fai < (32 + 22 ) (=),
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For the remaining part, let 7; = S b + > ij+2 0y, and let 71 and 7
be independent negative exponential random variables with mean 1 and
independent of Z,,;; then

[[f(m; +6a) = F(n5)] = [f (41 + 0a) — F(m41)]|
S /0 I]E[h(zn;» (t) + 50‘171 >t + 6y1+1 1‘r2>t) - h(Zn;» (t) + 6yj+1 17‘2>t)
- h(Zn;, (t) + 5‘11"'1 >t + 5¢j+1 1T2>t) + h(Zn;» (t) + 61]‘-}-1 1‘r2>t)”dt
- /0 € HER(Zy (£) + 8o + 8y,,,) — h(Zy (8) + 8y,)
= W(Zays (8) + b + 8ay,) + MZos (8) + 85, ]
oo 1 1
<do(zj41,9; —2tR dt
sdtasmonied) || B (7 + 7

oo 1
—dofaziyn) [ [E |a +z>zzn—1<’>dz} dt
0

0

o] 1
- do(:cj+1,yj+1)/ e [/ (1+z)(1—e*+ e_tz)n_1 e“’\‘(l"z)dz] dt
0 0

oo 1
< 2d0(z]-+1,yj+1)/ e [/ (1—-e*+ e"tz)"_1 dz] dt
0 0

_ 2do(zj41,Yj+1)

¥

n+1
and so
|F(€+62) = £ = [f(€' +8a) = FENI < — Zdo(znyz
the proof is completed by applying the triangle inequality. [

The estimates in Propositions 5.16, 5.21 and Lemma 5.26 allow us to
modify Theorem 5.3, to give another theorem for measuring the errors of
Poisson process approximation in terms of do distance. This result is the
same as Theorem 3.4 in Chen & Xia (2004), except for smaller constants.

Theorem 5.27: We have
d2(L(E),Po (X))
3.5 2.5
<E ——t ———
a€l ( >‘ :‘(Ag) + 1

3.5 2.5 =
+E | (— + W) A(do)E(4a), (5.51)

) (E(Aq) — 1)E(da) + min{er, 2}
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where
e = c1(VE / __ lo(enZlag) — (@)oo

which is valid if E is a simple point process, and
3.5 2.5

ea=1E — + — —

2 o€l ( A {E(A5) NEa(49)} +1

) &} (S a5 Ealag )\ (dor).

6. Applications
6.1. Bernoulli process

The simplest example of Poisson random variable approximation is the
sum of independent indicator random variables [Barbour, Holst & Jan-
son (1992), Chapter 1]. Correspondingly, for Poisson process approxima-
tion, a prototypical example is the Bernoulli process defined in Example 4.5.
In terms of the dy metric, the example was first discussed in Barbour &
Brown (1992a) with a logarithmic factor, and, in Xia (1997a), a bound
without the logarithmic factor was obtained for the case with all p,’s are
equal; the general case was considered in Xia (1997b). Using Theorems 5.8,
5.14 and 5.27, we can obtain the following estimates.

Theorem 6.1: For the Bernoulli process Z on I = [0,1] with mean mea-
sure A,

—er &
drv (L(=]),Po () < — 3"t (6.1)
=1

dTV(‘C(E)vpo ()‘)) S Zp?a (62)
i=1

da(L(E),Po(N) < L ) (6.3)

T A—-maxi<i<n Pi

Remark 6.2: It is worth pointing out that (6.3) slightly improves the
bound in Brown, Weinberg & Xia (2000). However, when ) is large, the
estimate in Xia (1997b) is asymptotically better than (6.3) and if all p,’s

are equal, the bound in Xia (1997a) is the best, as there is some symmetric
structure to be exploited in this case.

Proof: Taking A, = {a} and €3 in Theorems 5.8, 5.14 and 5.27, we find
that the first terms of (5.14), (5.16) and (5.51) are equal to 0. We now set
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Ea = Di<i<n,ijnsta 1i%/n + Ja, 50 that the second terms of (5.14), (5.16)
and (5.51) are also 0. The last term of (5.14) then gives (6.1), the last term
of (5.16) yields (6.2), while (6.3) is ensured by the last term of (5.51):

> (% i me—2 < St
: A Zl<]<nj;ézl +1 pz T A- ma-xl<1<npz. P

i=1
since
B = ]E/ 221<5<n,i#i i dy
El<j<n J#i I' +1
= / [zp; + (1 — pj)ldz < / e Pil=2) g,
0 1<J<ny;éz 0 1<j<n,j#1
- / ~OmpaRg, < L .
0 A —p;
6.2. 2-runs

The independent increment structure in the Bernoulli process makes life
easier when we apply Theorem 5.27. Now, we consider a process with de-
pendence.

Suppose I, I, - --, I, are independent and identically distributed in-
dicators with

P(i=1)=1-P(; =0) =

To avoid edge effects, we write In41 = I1. Let J; = LI, for 1 < i< n
and define

n
i=1

Then E is a point process on I with mean measure A = Y__; p?6;/n.

Theorem 6.3: With the above assumptions, we have
dTV (‘C(E)a Po (A)) < np3(2 - p)’ (64)
dy(L(E),Po (A)) < p(12 — p). (6.5)

Remark 6.4: The bounds are of the right order. In fact, the bound (6.5)
is of the same order as that for the one dimensional Poisson approximation
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to the number of 2-runs [see Barbour, Holst & Janson (1992), p. 163]. For
(6.4), we take

B={¢eH: Fie{l,---,n—~1} such that £{i/n} = &{(i + 1)/n} =1},
then IP(E € B) = O(np®) while Po (A\)(B) = O(np?).

Remark 6.5: It might be possible to reduce the constant in (6.5) by
as much as 10 if one exploits the symmetric structure in Z, as done in
Xia (1997a).

Proof: In view of Theorems 5.14 and 5.27, we let A;/,, = {j/n} and realize
the Palm processes as

Sifn= Y.  Jibin+8im+Li18_1ym + Lisadsy/n-
i#j—-1,5,7+1

Then the first terms of (5.16) and (5.51) vanish. Noting that

“ 'AC j/ﬂlA ”— j— 1(1_ )+IJ+2(1“ J+1)

il iln

we see that the second term of (5.16) with e; becomes 2np3(1 — p) while
the last term of (5.16) equals np*, hence (6.4).
Apropos of (6.5), since
d1(Ela: = Li-1(1= L)+ Liv2(1—I344),

i/n?

1Ejmlac, ) S |Elas, —Ej/nlac

i/n

and E(47,,,) < Ej/n(4 3/n)» in the second term of (5.51) with ez, the inte-
grand is bounded by

E{(%‘“ﬁ%ﬁ)“ 11— I;) + Ljpa(1 - J+1)J}

i/n
3.5 2.5
=2 | . (1 =1
( g(4 J/")+1> ’ 8 ])
(1 ~p) 1
=-—"—="1+5p(1 -p)E . 6.6
A ) Digjozj15 )i T L2+ 1 (66)

Now, instead of using Lemma 5.22, we explain another technique for ex-
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tracting Stein’s factors:

n Jk
b= b (—n—l L >1)
k=1 Z’ll:l Ji lzl:x zl_

n
2 1
=p ) E 6.7
Z {Z#k_l,k,kﬂ Ji+ 14+ Too1 + Tpyo ( )

1
Z#ﬂmg+rug+5}

1
Zi;&—l,o,l Ji+1+I_y+1

5=4Pm=m

1
Ei;é—l,o,l Ji+1+1,

> np’E

v

S

[S+3

=
N, T =N

}IP(Iz =0),

which implies that

1 1
B < : 6.8
{Zi¢—1,o,1 Ji+1+1—1} np2(1 — p) (6.8)

Therefore, it follows from (6.6) and (6.8) that the second term of (5.51) is
bounded by

7p(1 = p) + 5p = p(12 - 7p).
The last term of (5.51), using (6.7), is controlled by

ELC¥+§££~>MMEM@

Ag) +1
n
3.5 2.5
4 2
; ( A Zi#kal,k,lﬂ-l Ji + Ik—l + Ik+2 + 1)
completing the proof. ]

6.3. Matérn hard core process

Hard core processes were first introduced in statistical mechanics to model
the distribution of particles with repulsive interactions [see Ruelle (1969),
p. 6]. Hard core processes can be obtained by deleting certain points in a
Poisson point process; hence, when the number of points deleted is rela-
tively small, the hard core process should be close to a Poisson process.
Barbour & Brown (1992a) investigated how well a particular type of hard
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core process is approximated by a Poisson process with the same mean
measure, a corrected estimate being given in Brown & Greig (1994).

Here, we consider the Matérn hard core process that was studied in
Chen & Xia (2004). This Matérn hard core process is a particular example
of a distance model [see Matérn (1986), p. 37] and is also a model for
underdispersion [see Daley & Vere-Jones (1988), p. 366].

To start with, let Z be a homogeneous Poisson process on I', where I’
is a compact subset of R? with volume V(I') # 0. Such a process can be
represented as

N
z=> ix,
=1

where X, Xo, ... are independent uniform random variableson I', and N ~
Po(u) is independent of {X;;i > 1}. Let B(x,r) be the r-neighborhood
ofz, B(z,r) ={yeT: 0<dp(y,x) <r}, where do(z,y) = |z —y| A 1.
The Matérn hard core process = is produced by deleting any point within
distance r of another point, irrespective of whether the latter point has
itself already been deleted [see Cox & Isham (1980), page 170|:

N

E=) " dx1{zBX.r)=0}-

i=1
In other words, if {o],} is a realization of points of the Poisson process,
then the points deleted are
{ap} ={ze{al}: |z ~y| <r for some y # z,y € {a},}}

and {an} = {of }\{oi} constitutes a realization of the Matérn hard core
process E [see Daley & Vere-Jones (1988)]. Also,
N

E(de) = ) bx,(do) L z(B(X.m))=0) = 1{z(B(ar))=0) Z(dev).

i=1
Let k4 be the volume of the unit ball in R?.
Theorem 6.6: The mean measure of Z is given by
A(da) = e=#V(@n/VID) (1)~ da,
and
drv(L(Z),Po(A)) < 20), (6.9)
d2(L(E),Po(A)) < T+ 593+ (1— e‘rd”)ﬁ]/(l + (1 -29)/x), (6.10)

where V(a,r) is the volume of B(a,r) and § = pukq(2r)?/V(T).
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Proof: [See Chen & Xia (2004)] We prove (6.10) first. The Poisson prop-
erty of Z implies that the counts of points in disjoint sets are independent.
So

A(da) = E(E(der)) = El{z(B(a,m)=0}EZ(da) = e~V (/YD) y(1) " 1da.

Also, whether a point outside B(a, 2r)U{«} is deleted or not is independent
of the behavior of Z in B(a, 7)U{a}. Hence we choose A, = B(a,2r)U{a}
so that, for any o and 8, we have

1 1
E{ —————— ¢ E(da)E(d =]E{_———}]EEdaEdﬂ,
{:(Faﬁ)+1} (de=(4P) Elap) +1 (da)=(df)
where 'y =T\ (Aq U Ag). Applying Theorem 5.27 gives

d2(£L(E), Po (X))

/aer /GA \{a} (3 C +E {fj;jﬂ}) E=Z(da)=(dB)
- /aer‘ /[;eAa (% +E {ﬁﬁ }) A(da)A(dB).  (6.11)

L
Tap

Now,

where ur = u/V(I'). On the other hand,

e=rr(V@m)+V(B) 42 dadg, if |a — B| > 2r,
o e=#r(V(@n+V (B =Vi@sm) 2dadf, if r < o — B] < 2r,
EZ(da)=(dB) = 0, ifo<|a—pl<m,
e_yl—-V(a,r)'uFda, ifa= ,6;

where V(a, 3,7) is the volume of B(a,r) N B(B,r). Hence,

E[E(Tap)’) = E / / E(dz)E(dy)
vyeraﬁ
- / V@) de
FQB
+// e“’“"(V(zvr)+V(y,r))#%d_,Edy
I)yer\aﬁylx—y]227‘

+ / / e Hr (V@Y in) =V @) 12 dpdy,
z,y€lag,r<|z—y|<2r
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Writing
[]EE(Faﬁ)P:// e~rr(V@n+VWr) 2 dedy,
mvyeruﬁ
we have
Var (E(Tag))

- / e—HrV (@)
Tag

+ / / e"ll‘I‘(V(I,T)+V(y1T)_V(zyyrr))#l%dxdy
z,y€lap, r<|z—yl<2r

_ / / e~ rr(V@m+V W) 2 dydy
z,y€lap,|z—y|<2r

< / e~HeV @) )y dy
Tas

+// e HrV @] — e~ krV 2 drdy
$»y€Faﬁ:|$—y|<2r

<{1+(1- e“‘r"‘”d)upnd(Qr)d}/ e HrV (@) yndy,

| I

Thus,
Var (E‘(foﬁ) + 1) Var (E(Faﬂ)) —prkard d
K= < — <1+ (1= e #r™ T Y urkg(2r)®,
BETa) 7D~ BETag) Jprtid

which, together with Lemma 5.22, yields

1 2+ %
E <
{E(I‘aﬁ) +1 } = s e~rrV@ ) updr + 1

3+ (1- e‘“l“"'"d),upfcd(%)d
- A4+1-— 2,url‘cd(27‘)d )

Finally,
/ / EZ(da)Z(d8) < / / e~#rV(en) 2 dadg
ael JBeA\{a} a€l’ JBEAL
< urka(2r)®), (6.12)
and
/ / A(d)A(dB) < prra(2r)iA (6.13)
a€l ,BEAa

Applying these inequalities to the relevant terms in (6.11) gives (6.10).
To prove (6.9), we use (5.16) with €3, then the second term is 0 and the
remaining two terms are estimated by (6.12) and (6.13). =
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6.4. Networks of queues

Melamed (1979) proved that for an open migration process, a necessary and
sufficient condition for the equilibrium flow along a link to be Poisson is the
absence of loops: no customer can travel along the link more than once. Bar-
bour & Brown (1996) quantified the statement by allowing the customers
a small probability of travelling along the link more than once and proved
Poisson process approximation theorems analogous to Melamed’s theorem.
The dy bound was later improved by Brown, Weinberg & Xia (2000) and
the following context is taken from Brown, Fackrell & Xia (2005).

We generally use the same notation as in Barbour & Brown (1996),
with adjustment to fit our presentation, and the argument is adapted from
Brown, Weinberg & Xia (2000). We consider an open migration process
consisting of a system of .J queues, in which individuals are allowed to move
from one queue to another, and to enter or exit the system from any queue,
with the following specifications. Arrivals at each of the queues are assumed
to be independent Poisson streams with rates vy, for 1 < j < J. Service
requirements are assumed to be independent negative exponential random
variables with mean 1. The total service effort at queue j is specified by a
service function ¢;(m), where m is the number of customers in the queue.
We assume that ¢;(0) = 0, that ¢;(1) > 0 and that the service functions are
non-decreasing. We also assume that the individuals in the same queue all
receive the same service effort. Let Ajx be the probability that an individual
moves to queue k on leaving queue j, and let u; be the exit probability from
queue j; then the sum of all transition probabilities from any state in the
system equals one: pu; + Z,Ll Ajg = 1 for all 1 < j < J. The process
{N(t) : t € R} of the numbers of customers in line at various queues at
time ¢ is a pure jump Markov process on {0,1,--- }J with transition rate v;
from state n = (nq,---,ns) to n + e;, and, if n; > 1, the process has
transition rate \;x¢;(n;) from n to n — e; + ex and rate p;¢;(n;) from n
to n — e;, where e; is the jth coordinate vector in {0,1,---}7.

For each 1 < 4,k < J we define a point process =/* counting the num-
ber of transitions from queue j to queue k, and set = = {E7% 0 < 5,k < J},
where departures are interpreted as transitions to 0, and arrivals as tran-
sitions from 0. Let S = {(j, k)]0 < j,k < J} be the set of all possible
direct links, and let C be a subset of S. Fix any ¢t > 0, and take as the
carrier space I = [0,¢] X C. Thus an element of I is of the form (s, (4, k)),
representing a transition from queue j to queue k at time s, with (s, (0, k))
representing an arrival to queue k at time s, and (s, (j,0)) representing an
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exit from queue j at time s. Let dy be the metric on I' defined by

do((s1, (4, k)), (82, I, m))) = Itj xy,my) + (181 = 82| A D15, 1)=(1,m)]»

for 51,52 € [0,¢] and links (4, k), (I, m) € C. Let E¢ be the restricted process
{Z7%|(4,k) € C} and define E°°¢ to be the restriction of Z¢ to [0,t]. The
mean measure of the process 2%t is A", where A®* denotes the restriction

to [0,2] of A, defined by

ikds, s >0, (4, k) € C,

c ; 1P
A7 (ds, (5 ) = {0, otherwise, (6.14)

where pji is the steady state flow along the link (4, k). A simple calculation
gives

ACH=t Y pj=:tRC. (6.15)
(4,k)eC

The path that a customer takes through the network is tracked by
a forward customer chain X, which is a Markov chain with state space
{0,1,...,J}, where state O represents the point of arrival and departure of
an individual into and from the system, and the other states represent the
queues. This chain has nonzero transition probabilities p;i given by

Pok = ——JL, Pjo = kj, and pjx = Ajk,
Zg 1Yi

where 1 < j,k < J. We assume that the parameters A, u; and v; allow an
individual to have positive probability of reaching any queue from outside
the system and of leaving the system from any queue. Since the state space
is finite, the forward chain X is irreducible and every state is persistent.

We now summarise a few facts about the forward customer chain. In-
terested readers should refer to Barbour & Brown (1996) for more details.
First, the expected number of visits to queue j between returns to 0 in the
forward chain is given by a;/ >, vk, with {a;, 1 < j < J} the unique
solution to the equations

J
Q; =Vj + Zai/\ij.
i=1

In terms of the quantity «;, we have pjr = Ajra;.
Provided that

< oo for all j,
Z Hr-—l ¢]

n=0
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then N has a unique stationary distribution, under which, for each t > 0,
N;(t), 5=1,...,J are independent with

k
P(N;(t) = k) = o/ 1lrey ¢j ) keZ,.
""0 { IIr_l ¢J (r) }

Also of use is the backward customer chain X*, which is the forward
customer chain for the time-reversal of the above queueing network. The key
point is that these chains allow us to define the following random variables,
which essentially control the approximations.

Let X® be a realization of X started in state k, and let X*() be a
realization of X* started in state j. We define

oo oo
of =Y I[(XP,xP) e ) and g} = 1XD, X;D) e ).

‘ =0
Observe that aé- is the number of transitions along links in C yet to be made
by a customer currently in state &, while ﬂé is the number of transitions
along links in C already made by a customer currently in state j. Let
Bgc = E(ck + ,Bé), which can be interpreted as the expected number of
past and future transitions along links in C, for an individual currently
moving from queue j to queue k. Then define

0o = ij
¢ (JJCX);C Z pﬂ'k'

(3'.k")eC
the average extra number of visits to links in C' of a customer who is on a

link in C, the average being weighted by the steady state traffic low along
the link.

Theorem 6.7: [Barbour & Brown (1996)] With the above setup and
(6.14), we have

drv(L(ESY),Po(ASN) <t Y piubl.
(s;k)EC

They also show that, in the stationary state,

=Cit o + (2RO &
da(L(E""),Po(A™")) £ 25{1+2log = 6c, (6.16)

where R is as defined in (6.15).

This bound is small if 8¢ is small, but the logarithmic factor causes the
bound to increase with time. Brown, Weinberg & Xia (2000) removed the
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logarithmic factor and, by directly applying Theorem 5.27, we can obtain
a sharper estimate as follows.

Theorem 6.8: [Brown, Fackrell & Xia (2005)] With the above setup and
(6.14), we have

da(L(E), Po(ASh) < (11 + 58¢0)8,
fort > 1/’RC and 8¢ < 1/11.

The bound of Theorem 6.8 is small if f¢ is small, and it does not increase
with time ¢. It is smaller than the bound given in Theorem 6.7 for large
values of t. It is also more natural than (6.16) because it is small when 8¢
is small, however large the value of ¢.

To prove the claim, we need the following lemma.

Lemma 6.9: [Barbour & Brown (1996), Lemma 1] For the open queueing
network, the reduced Palm distribution for the network given a transition
from queue j to queue k at time 0 (1 < j,k < J) is the same as that for
the original network, save that the network on (0, 00) behaves as if there
were an extra individual at queue k at time 0 and the network on (—o0,0)
behaves as if there were an extra individual in queue j at time 0.

Proof: [Theorem 6.8]. Lemma 6.9 implies that
[ECH A NE)a — 8al = |29,

because the reduced Palm process is statistically equivalent to the pro-
cess 29 with the addition of extra individuals. Furthermore, these in-
dividuals are independent of the original process, and so the difference
[(E®Y)a — 6,) — EC is independent of |ZC+|.

By applying the bound of Theorem 5.27 with A, = {a} and €3, the first
and last terms of (5.51) vanish, so we can reduce the bound to the following

integral:

2.5 _ .
E/ ( ot e T 1) HE)a = o] = EX* A7 (dar).

By an application of the properties of the process Z¢* and its reduced Palm
process,

,/\Ct ——|I[(E®)q — 5,,] ESHAC (da) = 3.50¢. (6.17)
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Next, by applying (5.28),

E [ o] Ea - 6 - 594135 e

<25 (1 +3 4+ (% + 1)) 9o < (5+257)8c, (6.18)

where v = 1 + 28¢ [see Brown, Weinberg & Xia (2000), p. 163).
The proof is completed by adding the estimates of (6.17) and (6.18). m

7. Further developments

Research on Poisson process approximation is far from over. First of all,
in some applications, the bounds obtained are still too large to justify the
use of the Poisson process approximation [see Leung et al. (2004)]. It may
well be that the factor in Proposition 5.21 could be reduced to % + #—1—,
which would be of some help. The class of di-Lipschitz functions of config-
urations also needs to be more fully investigated, and related to the kinds
of information required in applications.

A particular case of Poisson process approximation is multivariate Pois-
son approximation, as studied in Barbour (1988). Here, it is usually more
appropriate to use the total variation metric instead of the dy metric.
Roos (1999) proved the optimal bound for the total variation distance be-
tween the distribution of the sum of independent non-identically distributed
Bernoulli random vectors and a multivariate Poisson distribution. The main
idea is an adaptation of a method originally used by Kerstan (1964) in the
univariate case, which is based on an appropriate expansion of the differ-
ence of the probability generating functions. This means that it may prove
difficult to generalize the method beyond the sum of independent random
vectors. On the other hand, Stein’s method has already been shown to be
very versatile in handling dependence, and it is a tantalizing problem to
use Stein’s method to prove the optimal bounds in this setting.

The extension to compound Poisson process approximation was initi-
ated in Barbour & Méansson (2002). However, even for compound Poisson
random variable approximation, there are severe technical difficulties in-
volved in the direct approach using Stein’s method, and the optimal gen-
eral results have not yet been found. New ideas are needed to make further
progress even in compound Poisson random variable approximation, let
alone process approximation. Thus, the paper of Barbour & Mansson (2002)
is just a beginning in this area.
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Three general approaches to Stein’s method

Gesine Reinert
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Stein’s method is in no way restricted to the particular settings discussed
in the previous chapters: normal, Poisson and compound Poisson approx-
imation for random variables, and Poisson point process approximation.
This chapter is intended to illustrate that the method can be very gen-
erally exploited, and that one can set up and apply Stein’s method in a
wide variety of contexts. Three main approaches for achieving this are
described: the generator method, density equations and coupling equa-
tions. These are applied to chi-squared approximation, to weak laws of
large numbers in general spaces, including spaces of measures, and to dis-
crete Gibbs distributions. The S-I-R epidemic model, which is discussed
in some detail, serves to illustrate the extent of the possibilities.
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1. Introduction

The goal of this chapter is to illustrate how Stein’s method can be applied
to a variety of distributions. We shall employ three different approaches,
namely the generator method (see also Chapter 2, Section 2.2), density
equations, and coupling equations. Two main examples to bear in mind are

(1) The standard normal distribution A'(0,1): Let N denote the expec-
tation under A(0,1). The Stein characterization for A(0,1) is that
X ~ N(0,1) if and only if for all continuous and piecewise continu-
ously differentiable functions f : R — R with N(|f’|) < oo, we have

Ef (X) - EXf(X) = 0.

See Stein (1986) and Chapter 1 for a thorough treatment.

(2) The Poisson distribution with mean A, Po (A), with the corresponding
Stein characterization that X ~ Po () if and only if for all real-valued
functions f for which both sides of the equation exist we have that

AEf(X +1) — EXf(X) =0,

For a detailed treatment, see for example Chen (1975), Arratia, Gold-
stein & Gordon (1989), Barbour, Holst & Janson (1992), and Chapter 2,

Section 2.

Stein’s method for a general target distribution p can be sketched as
follows.

(1) Find a suitable characterization, namely an operator 4 such that X ~ p
if and only if for all smooth functions f, EAf(X) = 0 holds.
(2) For each smooth function h find a solution f = f, of the Stein equation
h(z) — /hdu = Af(z). (1.1)
(3) Then for any variable W, it follows that
Eh(W) - / hdy = EAf(W),

where f is the solution of the Stein equation for A.
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Usually, in order to yield useful results, it is necessary to bound f, f’ or,
for discrete distributions, Af = sup,|f(z + 1) — f(z)|. In what follows,
we shall always assume that the test function h is smooth; for nonsmooth
functions, the reader is referred to the techniques used in Chapter 1, by
Rinott & Rotar (1996), and by Gétze (1991).

In Section 2, the generator approach is briefly described. The flexibility
of this approach is illustrated by the applications to chi-squared approxi-
mations in Section 3, to laws of large numbers for empirical measures in
Section 4, and to Gibbs measures in Section 5. In Section 6, we give a
more involved example, the mean-field behaviour of the general stochastic
epidemic. Section 7 explains the density approach, and in Section 8 the ap-
proach via coupling equations, viewed as distributional transformations, is
given. The powerful approach of exchangeable pairs is described in detail in
Stein (1986); for reasons of space, it is omitted here. This chapter is meant
as an accessible overview; essentially none of the results given here are new,
but rather it is hoped that this compilation will draw the reader to see the
variety of possible approaches currently used in Stein’s method.

2. The generator approach

The generator approach was introduced in Barbour (1988,1990), and was
also developed in Gotze (1991). The basic idea is to choose the oper-
ator A to be the generator of a Markov process with stationary dis-
tribution u. That is, for a homogeneous Markov process (X:);>0, put
T.f(z) = E(f(X:)|X(0) = z). The generator of the Markov process is de-
fined as Af(z) = limyjo 1 (T.f(x) — f(x)) . Standard results for generators
(Ethier & Kurtz (1986) pp. 9-10, Proposition 1.5) yield

(1) If p is the stationary distribution of the Markov process then X ~ y if
and only if EAf(X) = 0 for all real-valued functions f for which Af
is defined.

2) Tth—h=A ( IS Tuhdu) , and, formally taking limits,

/hd,u—h-—_A(/ Tuhdu),
4]

if the right-hand side exists.

Thus the generator approach gives both a Stein equation and a candidate
for its solution. One could hence view this approach as a Markov process
perturbation technique.
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Example 2.1: The operator
Ah(z) = b (z) — zh/ (z) (2.1)

is the generator of the Ornstein—Uhlenbeck process with stationary distri-
bution A(0,1). Putting f = h' gives the classical Stein characterization for
N(0,1).

Example 2.2: The operator Ah(z) = A(h{z+1)—h(z))+z(h(z—1)—h(z))
or, for f(z) = h(z + 1) — h(z),

Af(z) = Af(z +1) — zf(x), (2.2)

is the generator of an immigration-death process with immigration rate A
and unit per capita death rate. Its stationary distribution is Po () (see
Chapter 2, Section 2.2 and Chapter 3, Section 3). Again it yields the clas-
sical Stein characterization of the Poisson distribution.

A main advantage of the generator approach is that it easily generalizes
to multivariate distributions and to distributions on more complex spaces,
such as the distributions of path-valued random elements, or of measure-
valued elements. However, the generator approach is not always easily set
up; see the problems associated with the compound Poisson distribution as
described in Chapter 2, Section 3. Also note that there is no unique choice
of generator for any given target distribution — just as there is no unique
choice of Stein equation for a given target distribution.

In some instances there is a useful heuristic for finding a suitable genera-
tor. Let us assume that the target distribution is based on the distributional
limit of some function ®,,(X;,...,X,) as n — oo, where Xy,...,X, are
independent and identically distributed; furthermore, assume that EX; = 0
and IEX? = 1 for all 4. Using ideas from the method of exchangeable pairs,
we can construct a reversible Markov chain as follows.

(1) Start with Z,(0) = (X1,...,Xn).

(2) Pick an index I € {1,...,n} independently uniformly at random; if
I =i, replace X; by an independent copy X;'.

(3) Put Z,(1) = (X1,.... X1-1, X7, X141,... Xn).

(4) Draw another index uniformly at random, throw out the corresponding
random variable and replace it by an independent copy.

(5) Repeat the procedure.
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This Markov chain is then converted into a continuous-time Markov process
by letting N(t), t > 0, be a Poisson process with rate 1, and setting

Wa(t) = Z,(N(t).

The generator A4,, for Markov process is given by the expression
1 T
Anf(®n(x)) = ~ Y Ef(@n(z,. ... im0, X7 Tig1s- - 7)) — F(@n(x)),
i=1

where X == (21, ... Zn), and f is a smooth function. Taylor’s expansion then
yields

AnF @) ~ T S B — ) /(B (x)) 5B ()
=1 ?

tor DoY) {f”@n(x)) (=2.00) + f'(¢>n(x>>(.f—zg<1>n(x)}

- ——Z:vzf (0) 5 B ()

2 2
+—§j 1+23) {f” (x))( (x)) (%(x»%—z@n(x)}-

Letting n — oo, with a suitable scaling, would then give a generator for the
target distribution.

Example 2.3: Suppose that we are interested in a central limit theo-
rem, with target distribution A(0,1), the standard normal distribution.
In the above setting, put ®n(x) = =377 ; z:- Then 72 (x) = 5 and

%@n(x) = 0; hence
1 n
Anf (@ e Zmz (00) + g D (14 2@ ()

= — 220 (0)f(8a(x) + 5 (Ba()) (1 o Zw?)

i=1

~ % {F"(®n(x)) — @n(x) ' (Bn(x))},

where we have applied the law of large numbers for the last approximation.
If we choose a Poisson process with rate n instead of rate 1, then the factor ;Ll—
vanishes, and we obtain as limiting generator Af(z) = f”(z) — zf'(x), the
operator from (2.1).
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3. Chi-squared distributions

Following the heuristic, we first find a generator for the chi-squared dis-
tribution with p degrees of freedom. Let X;,...,X, be independent and
identically distributed random vectors, where X; = (Xi1,...Xin); the
components X; ; are again assumed to be independent and identically dis-
tributed, having zero means, unit variances, and finite fourth moments. We
then set

(i)

i=1

Choose an index uniformly from {1,..., p} x {1,...,n}. We have

5%‘1’,1()( =25  zixand 3 ‘I) (x) = 2, giving
Anf(Pn(x)) = —I%f'(@n(x iixw 711 Sn_:-”?z k
i=1 1
1 ]” - 4 ([ ?
+ %f”(‘bn(x)) ;;(1 + x?,j) oz (1;1 xi,k)

b ) 3 Y o)

i=1 j=1
2 ! E e x x _2_ ! x)):
ot (‘Pn(X))‘I’n(X)ernf (®n(x))@n (%) + —F(2n(x));

for the last approximation, we have again applied the law of large numbers.
This suggests as generator

4 ., z 'y
) =Sap @) +2(1-2) @)
It is more convenient to choose
Af(@) = of"() + 5 (0 - D)f'(2) (3.1)

as generator for X?,; this is just a rescaling.
Luk (1994) chooses as Stein operator for the Gamma distribution
Ga (r, A) the operator

Af(@) = zf"(z) + (r — Xz) f'(z). (3.2)

As X?, = Ga(d/2,1/2), this agrees with our generator. Luk showed that,
for x;‘;, A is the generator of a Markov process given by the solution of the
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stochastic differential equation

t t
Xt=z+%/ (p—Xs)ds—f—/ V2X, dB,,
0 0

where B, is standard Brownian motion. Luk also found the transition semi-
group, which can be used to solve the Stein equation

W(w) = Xa(h) = f"(2) + 50— Df (2), (33)

where x2(h) is the expectation of h under the x2-distribution. His bound
has recently been improved as follows.

Lemma 3.1: [Pickett 2002]. Suppose that h : R — R is absolutely
bounded, with |h{z)| < ce®® for some ¢ > 0 and a € R, and that the
first k derivatives of h are bounded. Then the equation (3.3) has a solution

f = fn such that
£ < /2 60,

(Note the improvement over Luk (1994), in gaining the factor ﬁ) To put
this approach into use, we consider a basic example.

with h(® = h.

Example 3.2: (The squared sum of i.i.d. random variables).
Let X;,i=1,...,n, be independent and identically distributed, with mean
zero, variance one, and with finite 8® moment. Define

S = %gxi; W =35>
To show that L(W) is close to x%, we bound the quantity
2EAf(W) = 2EW (W) + E(1 - W) f'(W),
where A is the generator given in (3.1) with p = 1. The full argument is to
be found in Pickett & Reinert (2004); we give an indication of the salient

features.
Defining g(s) = sf’(s?), it follows that

g'(s) — f/(s2) + 2$2f”(s2)
and that
2EW (W) + E(1 - W)f'(W) = Eg'(S) — Ef (W) + E(1 - W) f (W)
= Eg'(S) — ESg(S).
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Now proceed as for standard normal approximation. Set

5= m X

J#i
and observe that

ESg(S Z]Ex,g

sy L Zn 2.0(q.
= i§=1 EX;g(S;) + - EX:q¢'(S;) + Ry,
where

i=1
R _ L EX34'(S. +_1_Z]EX4 ® (g X
1_n3/2z ig ( @) In2 : id 7 \/’E ’

by Taylor’s expansion, for some 0 < 6; = 6;(S;, X;) < 1. From indepen-
dence, it follows that

ESg(S Z]Eg (S;) + Ry =Eg¢/(S) + Ry + R,

i=1
where

Ry = 3/2§:Eng"(s )+ 53 E:E g® (s,-+e2§%)
X;
- 2,3 [ g, :
2n2§i:]EXlg ( ﬁ),

again by Taylor’s expansion, for some 0 < 8, = 65(5;, X;) < 1
To bound R; and Ry, we calculate

g"(s) — GSf”(Sz) + 433f(3)(32)

and
9®(s) = 245 O (s?) + 6 (%) + 851 F 1) (s2).
With §; = EX}, we hence obtain

1 2|, (g 4+ 0,5
2n? Z]EXi g ’ N

Ziron (1 +2) Sy Sy (o4 24 By o1 2

= c(f)g’
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where c is a constant depending on f and on the distribution of the X;, but
not upon n; it can be calculated explicitly. Similarly, we can obtain a bound
of order 1/n for iz 3, EX} ’9(3)(,5*1- + 01%)’, where we now use fs.
For the expression ;1%; S EEX3g"(S;), we use an antisymmetry argu-
ment. We have, for some constant ¢(f),
572 S EX}(S) = —=BFg'(5) + ol )7
T

and
Eg"(S) = 6ESf"(S?%) + 4ES% 3 (52).

Here we have again used Taylor’s expansion. Note that g is antisymmetric,
g"(—s) = —g"(s), so that for Z ~ N(0,1) we have [Eg”(Z) = 0. Thus
[Eg”(S) — Eg”"(Z)| = [Eg”(S)|, and it is (almost) routine now to apply
Stein’s method for normal approximation to show that |Eg”(S)| < ¢(f)/v/n
for some constant ¢(f) that depends on f and on the distribution of the X,
but not on n.

Combining these bounds shows that the bound on the distance to x?
for smooth test functions is of order % This result can also be extended to
X%—approximations; see Pickett & Reinert (2004).

4. The weak law of large numbers

Using the generator method and the above heuristic, it is straightforward
to find a generator for the target distribution &y, point mass at 0, namely,

Af(z) = —zf'(z),
and the corresponding transition semigroup is given by
Tih(z) = h (ze™?);
see Reinert (1994). A Stein equation for point mass at 0 is hence given by
h(z) — h(0) = —zf'(x). (4.1)

Details of the treatment of the weak law of large numbers as presented here
can be found in Reinert (1994).

Lemma 4.1: [Reinert (1994)]. If h € CZ(R), then the Stein equation (4.1)
has a solution f = fy € C? satisfying

171 < IWWll, and JIf7)) < |IA"]].
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Proof: The proof illustrates briefly how to bound solutions of the Stein
equation using the generator method. First note that we may assume that
h(0) = 0. The generator method gives as candidate solution

f(z) =—/Oooh(ze*t)dt=—/: @dt,

so, for = # 0, we have

h(z)

@) =22 < e

and for = 0 we have f/(0) = —h/(0), giving the first assertion. For the
second assertion, for z # 0,
Mz) (=)

f" ()] =

144
e

and for z = 0 we have f(0) = —h//(0). This completes the proof. ]
Example 4.2: (Weak law of large numbers).

Suppose that Xi,..., X, are (dependent) random variables having zero
mean and finite variance, and put

W=W,= % ;X
Then, by Taylor’s expansion, for some 0 < 8 = §(W) < 1, we have
EAf(W) = —EW /(W) = —EW f'(0) + EW2f"(6W) = EW2" (6W),
and
[EAf(W)| < [[f"|Var (W).

In particular, if Var(W,) — 0 as n — oo, then the weak law of large
numbers holds. This argument can easily be generalized to point mass at u,
with generator Af(z) = (u—=z)f'(z). Note that the above bound is explicit;
there is no need for n — oo.

The above argument for the weak law of large numbers could, of course,
be replaced by a simple use of Chebyshev’s inequality. However, its gen-
eralization to measure-valued random elements yields effective bounds on
approximations for empirical measures.
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4.1. Empirical measures

First we need the set-up for empirical measures; this is slightly techuical.
Denote by E a locally compact Hausdorff space with countable basis, for
example, E = R, R? or R, . Thus we can define a metric on E, and it makes
sense to talk about the Borel sets B of E. For a signed measure 4 on E,
that is, a measure that would be allowed to take on negative values, define
the norm

llull = sup |u(A)|-
AeB

Then the space of all bounded signed measures
My(E) = {p: |lull < oo}
is a linear space. We equip this space with the vague topology, which is
defined as follows. Put
C.(E) ={f: F — R continuous with compact support}.

For (vn)n>1 and v in My(E), we say that v, converges to v vaguely,

Vp = v < forall fe C.(FE): /fdvn — /fdz/.

Note the difference to weak convergence, the latter being defined via contin-
uous bounded test functions. For example, the set of point masses &, = 0
for n — oo, but it does not converge weakly.

For Stein’s method, we would prefer a class of test functions from C.(E)
that allows for Taylor expansion. It suffices to find a suitable convergence-
determining subclass of C.(E). We consider functions of the type

F(u):f(/gbidv,i:l,...,m) (4.2)
for some m, f € Cp°(R™) and ¢;,. .., ¢ € Cc(E), and we define
F = {F € C.(E) : F satisfies (4.2)}.
Using the Stone-Weierstrass Theorem, the following lemma is straightfor-

ward.

Lemma 4.3: F is convergence-determining for vague convergence. So is
the restricted class Fo of functions such that ||f'|| < 1,||f"|| <1,||l¢:]| <1
fori=1,...,m. Also, if E = R? or some connected open or closed subset
of R?, instead of C.(E) we could use C{°(E), the space of all bounded
continuous functions on E that are infinitely often boundedly differentiable.

Here, we use the notation || f'| = 3.7, || f;yll, where f; = -52—]_f.
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4.2. Weak law of large numbers for empirical measures

The above framework now allows us to formulate and prove a weak law of
large numbers for empirical measures. Let X3, ..., X,, be random elements
taking values in E, and let p; be the law of X;. Put

1 n
Hn = n Z Ky
=1
and define the empirical measure

1 n
gn = R;(SX“

where 8, denotes the point mass at a. Then, for all smooth functions f, we
have '

B [ fag =1 B0 = [ e
i=1

Suppose that we would like to bound the distance between L(§,,) and
some J,, say, where typically u should be close to fi. As in the real-valued
case, for F of the form (4.2), the generator for point mass at p is

AF(V)=§f(j) </¢idv,i=1,...,m> (/¢jd,u—/¢jdu>.

We could also describe this generator in terms of a Gateaux derivative,
AF(v) = F'(v)[p — v]. With a proof very similar to the real-valued case,
it is easy to show that the following bounds on the solution of the Stein
equations hold.

Lemma 4.4: For every H of the form

H(I/)zh(/qﬁidv,i:l,...,m) (4.3)
for somem > 1, h € C°(R™) and ¢;, . .., ¢m € C.(E), the solution F = Fy
of the Stein equation is of the form (4.2), with the same ¢;’s. Furthermore,

Il < IWIl and [|f7]] < ||A"]]-

This immediately leads to the following theorem.
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Theorem 4.5: (Weak law of large numbers for empirical measures). For
all H € F, we have

[EH () — H(u)| < leho)ll’/% dji — /¢J dﬂ'

+ Z llho,ml{ max U«;sjdﬂ /qs,du] + Var ( Eég X))}

7,k=1

If i = p, then we recover the usual variance bound. This result is very gen-
eral; we shall now consider some typical situations where it can be applied.

4.3. Mixing random elements

Let X4,..., X, be random elements taking values in E. Set
B;; ={A,BeB:IP(X; € A) #0,IP(X; € B) # 0}
and
pm=—3 sup |Corr(I(X; € A),I(X; € B))

P
n .
521 ABEB,

Then, if ||¢;]| £ 1 for i =1,...,m, it is easy to see that

: (% Zm(xi)) < 4pn,
i=1

Thus the bound in Theorem 4.5 can be expressed in terms of this mixing
coefficient. A similar approach is possible for other definitions of mixing.

4.4. Locally dependent random elements

Assume that for all i € I = {1,...,n} there is a set I'; C I not containing i
such that X; is independent of (X;,j & T;). Then, if [[¢;|| < 1 for each
i=1,...,m, we have as bound on the variance in Theorem 4.5

(Z%(X)) <1 %Z (4.9)

The approach could also be extended to the more general case in which
there is a relatively small neighbourhood of strong dependence, whereas
the dependence outside this small neighbourhood is weak. To illustrate this
approach, we consider the following example.
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Example 4.6: (Dissociated families). Let (Y;):en be a family of indepen-
dent and identically distributed random elements on a space X, let k € N
be fixed, and define the set of multi-indices

'™ = {(,...,5%) €T ji,.. gk €{1,...,n}, 4r # jo for T # s}

Let 9 be a measurable function X* — E, and, for (ji,...,5x) € T, put

le)'--yjk 21»[’( ]17"', ]k)

Then (Xj,..jx)(jr,...jx)ertm 18 a dissociated family of identically dis-
tributed elements. Define p := pj,, . ;. = L£(Xj,,... ;. ); in view of the con-
struction, this measure does not depend on the chosen multi-index. Note
that, if J € '™ and K € I'™ are disjoint multi-indices, then Xy and Xg
are independent. Fix any enumeration of the r(n) :==n{n-1)---(n—k+1)
elements of the set I'™. Then our empirical measure of interest can be
written as

r(n)

n 'I’L)Z Xin-®

We now derive the following result.

Theorem 4.7: For the above dissociated family, we have

2k+1

EH () — H(w)| < m

for each H € Fy.

Proof: For a multi-index J € '™ we set
D(J):={LeT™: J£L LnJ+#8}

then I'(J) is the dependence neighbourhood for X;, with

for k > 2, and |I'(J)| = 0 for k =1, and thus

(n—k)l(n—1)! k
>, i<k A —k+1)!  nn—k+1)

Jer)

()2



Three general approaches 197

With (4.4), this yields as bound for the variance in Theorem 4.5

o 1 2k
Var 7'(11)23(zsj (X)) < n(n—l)--'(n—k—}-l)+n(n——k+1)
2k+1
“nn—k4+1)

As the X; ;. ’s are identically distributed, we have fi = p, so the variance
term is the only contribution to the bound in Theorem 4.5. This finishes
the proof. [

The above result can be extended to cover any family of functions
($41,.0ix ) (Ga,.... ju)erm» in which the functions at each multi-index may be
different.

4.5. The size-bias coupling

As often in the context of Stein’s method, couplings can be very useful for
weak laws of large numbers for empirical measures. For a better under-
standing of the Palm—measure related coupling that we introduce, we first
recall the size-bias coupling for real-valued random variables.

Let W > 0 be a nonnegative real-valued random variable and assume
that IEW > 0. Then a random variable W* is said to have the W-size-biased
distribution if the equation

EWg(W) = EWEg(W*) (4.5)

is satisfied for all g for which both sides of the equation exist. This implicit
characterization is equivalent to requiring that the ratio of the densities
of L(W*) and L(W) at z is proportional to z. In many examples, the
distribution of W* is particularly easy to determine.

Example 4.8: If W ~ Be(p) is a Bernoulli random variable with pa-
rameter 0 < p < 1, then we have EWg(W) = pg(1) for all functions g.
Since EW = p, it follows that W* = 1 a.s.; that is, W* is deterministic and
takes the value 1. As this conclusion does not depend on the value of p, it
also follows that the size-bias transformation is not one-to-one.

Example 4.9: If W ~ Po()) has the Poisson distribution with mean
A > 0, then EW = )| and it follows from the Stein—-Chen equation that
EWg(W) = AEg(W + 1) for all functions g for which both sides of the
equation exist. From this we see that W* = W 41 in distribution; in other
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words, W* has the distribution of a Poisson random variable with mean A,
which is shifted by 1.

In the weak law of large numbers setting, the size-bias coupling leads to
the equation

EAf(W) = E(EW — W)f' (W) = EW(Ef' (W) - Ef'(W*)),

where W* has the W-size-biased distribution. Here we assume that W > 0
with IEW > 0. Thus the distance between the distribution of W and of W*
gives a measure for the distance between the distribution of W and point
mass at EW.

For W a sum of random variables, Goldstein & Rinott (1996) give the
following construction of W*. Suppose that W = Z?:l X;, with X; > 0
real-valued random variables such that EX; > 0 for all i = 1,...,n. First
choose a random index V according to

EX,

EW’

that is, proportional to the mean of X, independently of the other random
variables. If V = v, then we replace X, by an independent random variable
X having the X,-size-biased distribution. Given X}, the other random
variables in the sum W are adjusted as follows. If X} = z, then choose the
random variables (X, u # v) in such a way that

L(Ruy u#v) = L(Kuy u 0] Xy = 2)
is satisfied. Then ‘

P(V =v)=

W= X,+Xj
u#zV
has the W-size-biased distribution.

Example 4.10: A classical example for this construction is the case when
W = 3", X;, where X; ~ Be(p;) and 0 < p; < 1fori = 1,...,n
the Bernoulli variables may be dependent. To construct W*, we choose an
index V as above, proportional to the means; then, if V = v, we choose
(X'u, u # v) in such a way that

L(Xu,u#v) = L(Xy,u#v| X = 1).
Since X, =1 a.s.,

W*=ZX’,,+1
u#V
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has the W-size-biased distribution. This coupling is used extensively for
Poisson approximation; see Barbour, Holst & Janson (1992, Chapter 2).

In light of size-biasing for real-valued random variables, we can the
define a size-biased distribution for random measures. This distribution is
again defined in terms of test functions.

Definition 4.11: Let £ be a random measure on F, with mean measure
E[¢] = u, and let ¢ € C, be a nonnegative real-valued continuous function
having compact support, with [ ¢du > 0. We say that €% has the ¢ size-
biased distribution in direction ¢ if

BG(Q) [ode = [ pduBo(E)
for all G for which the expectations on both sides exist.

This implicit definition is related to size-biasing the real-valued random
variables [ ¢d¢, but the formulation in terms of admissible test functions G
is more general than a reduction to the real-valued case.

Example 4.12: Suppose that £ = §x with £(X) =, and that ¢ > 0is a
real-valued function. Then, for any test function G for which the left-hand
side exists,

BG(e) [ 6de = BHX)G(5x) = [ bduEG(5}).
If X >0 and ¢(z) = z, then for G(v) = [ gdv we obtain

EG(€) / $de = EXg(X) = (EX)E / o) (L") ().

Using the real-valued size-bias coupling with X* having the X-size-bias
distribution, we obtain that

E [ o(v) d(éx)*®)=*(v) = Bo(X"),
and hence
(8x)?®)=" = 6x..

Thus real-valued size-biasing can be viewed as a special case of size-biasing
for random measures.
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As in the real-valued case, we can construct a size-biased empirical mea-
sure as follows. Let £, = 1 3" | éx, be the empirical measure of interest,
and denote its mean measure by IE[¢,] = f,. Fix a non-negative real-valued
function ¢. Pick an index V € {1,...,n} proportionally to the mean of
¢(Xv)’

_ Eo(X,)
n[odin’

independently of all other random elements. If V' = v, take (Jx,)? to have
the dx,-size-biased distribution in direction ¢. If 6§v = 7, then choose the

P(V =)

remaining variables (8 X4 U 7 v) according to

‘C(SXu;tbau # 'U) = AC((SX“,’U/ # v | 6?{11 = T])

This construction depends on the choice of ¢, but when the random vari-
ables X1, ..., X, are independent, it shows that we need to adjust only one
of the Dirac measures involved in the empirical measure. When the func-
tion ¢ is an indicator function, this construction reduces to constructing a
Palm measure; see for example Kallenberg (2002), page 207, Theorem 11.5
and the preceding paragraph.

The size-bias coupling in connection with the Stein equation leads to
considering, for F' of the form (4.2), the generator expression

EAFl) = 3 [ osau
i=1

X]E{f(j) (/(ﬁid}:z’j,i:l,...,n) —f(j) (/qbi, d&n,izl,...,Tl)}.

Since, in the independent case, the above construction results in a change
to only one of the Dirac measures, the right-hand side should also be small
in the case of weakly dependent random elements.

Some final remarks on this approach for weak laws of large numbers.

(1) The above approach uses test functions, and hence only gives results
in terms of vague convergence (or weak convergence when all the mea-
sures involved have total mass 1). Further argument is needed to ob-
tain almost sure .convergence; see, for example, Van der Vaart & Well-
ner (1996, pp. 122-126) for possible techniques.

(2) In view of the test functions used, the above could also be viewed as a
shorthand for multivariate laws of large numbers.
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(3) We could also have formulated our results in terms of a Zolotarev-type

/ gdp — / gdv|.

We shall see a more involved example on how to apply this technique in
Section 6.

distance,

¢(p,v) := sup
g€Fo

5. Discrete distributions from a Gibbs view point

This section presents the recent work of Eichelsbacher & Reinert (2004a,b).
Gibbs distributions provide a general framework for discrete univariate dis-
tributions. Thus a Stein approach to Gibbs measures can be applied to
any univariate discrete distribution. To start with, we review some more
examples for Stein operators for univariate discrete distributions.

Example 5.1: The Binomial{n, p)-distribution has Stein operator A with
Af(k) = (n = k)pf(k +1) — k(1 - p)f (k) (5.1)
for 0 < k < n; see Ehm (1991).

Example 5.2: The hypergeometric distribution with parameters (n, a, ),
having probabilities

(&) (e 2e)

sz——(ﬁb)—»

n

k=0,...,a,

has Stein operator 4 with
AF(E) = (n=k)a— B)f(k+ 1)~ kB -n+R)F(k),  (52)
see Kiinsch (1998), Reinert & Schoutens (1998) and Schoutens (2000).

Example 5.3: The geometric distribution with parameter p, starting at 0,
having probabilities

pe=p(l-p)*, k20
For functions f with f(0) = 0, a Stein operator is
Af(k) = (1 —p)f(k+1) - f(k), (5.3)
for k > 0; see Pekoz (1996).
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In what follows we shall exploit the connection between discrete univari-
ate distributions and birth-death processes, as studied also by Brown &
Xia (2001), Holmes (2004) and Weinberg (2000).

We consider discrete univariate Gibbs measures p having support
supp(p) = {0,..., N}, where N € Z, U {oo}. By definition, such a Gibbs
measure can be written as

wk

u(k) = %exp(V(k))E, k=0,1,...,N, (5.4)
with Z = sz=0 exp(V(k))%’!i, where w > 0 is fixed. We shall assume that
the normalizing constant Z exists.

Note that the assignment of V' and w in the representation (5.4) of a
Gibbs measure is not unique. For example, if u denotes the Poisson distri-
bution Po (A), we could choose w = A, V(k) = —Aforall k >0, and Z =1,
or V(k) =0 for all k,w =\, and Z = e*.

Conversely, for a given probability distribution (u(k))keqo,.... v} We can
find a representation (5.4) as a Gibbs measure by choosing

V(k) = log u(k) + logk! + logZ — klogw, k=0,1,...,N,

with V(0) = log 1(0) + log Z. Again, we have some freedom in the choice
of w, and thus of V. Fix a representation (5.4). To each such Gibbs measure
we associate a Markovian birth-death process with unit per-capita death
rate di = k and birth rate

_ _V(k)} = plk +1)
be = wexp(V(k+1) = V(R} = (k+ )2,

for k,k + 1 € supp(u). It is easy to see that this birth-death process has
invariant measure u. Following the generator approach to Stein’s method,
we would therefore choose as generator

(AR)(k) = (h(k + 1) — h(k)) exp{V(k + 1) — V(k)}w + k(h(k — 1) — h(k))
or, with the simplification f(k) = h(k) — h(k — 1),
(Af) (k) = F(k+ 1) exp{V(k + 1) — V(k)}w — kf (k). (5.6)

In our approach, we typically choose unit per-capita death rates, as used for
Poisson processes, see Barbour, Holst & Janson (1992, Chapter 10). Other
choices of birth and death rates may be advantageous in some situations,
see Brown & Xia (2001) and Holmes (2004). To illustrate the approach, we
consider some standard examples.

(5.5)
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Example 5.4: The Poisson distribution with mean A > 0. We use w = A,
V(k) = =X, Z = 1. The Stein operator resulting from (5.6) is the same as
the operator (2.2).

Example 5.5: The Binomial distribution with parameters 0 < p < 1
and n. We use w = &, V(k) = —log((n — k)!) and Z = (n(1 )
The Stein operator resulting from (5.6) is

_ p(n —k)

This differs from the operator (5.1) only by a factor 1 — p, hence bounds
on these two operators are equivalent.

— kf(k).

Example 5.6: The hypergeometric distribution. The Stein operator re-
sulting from (5.6) is the same as (5.2).

Example 5.7: The negative binomial or Pascal distribution with param-
eters v > 0 and 0 < p < 1, for which u(k) = (k+z_1)p’y(1 — p)k for
k=0,1,.... We obtain the Stein operator

(Af)(k) = f(k+1) (L —p)(k +7) — kf(k).

A special case of this is the geometric distribution with parameter p, start-
ing at 0, corresponding to taking v = 1 in the Pascal distribution; this gives
p(k) = p(1 —p)* for k = 0,1,.... The Stein operator resulting from (5.6) is
now

(Af)(k) = f(k+1) (1 —p)(k + 1) — kf(K),
which differs from (5.3).

5.1. Bounds on the solution of the Stein equation

In order to implement Stein’s method in this context, we need to derive
bounds on the solutions of the Stein equation (1.1) for the birth-death
process generator (5.6). It is straightforward to verify that, for a given
function k, a solution f of the Stein equation (1.1) is given by f(0) = 0,
f(k) =0 for k ¢ supp(u), and

fG+1)= " —V(J+1>Zev<")w (h(k) = u(h))

e~V i+D) Z ev(k)w (h(k) — u(h)).

k=j+1

_w.’H’l
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The following non-uniform bounds on f and A f are derived in Eichelsbacher
& Reinert (2004a) and also in Brown & Xia (2001), Weinberg (2000) and
Holmes (2004), using different methods.

Lemma 5.8:

(1) Put M := supg<j<n—1 Max ev(k)‘v(’”‘l),ev(k+1)_v(k)), and assume

that M < oco. Then for every j € Z, we have

) < 2mm{1, M}.

w

(2) Assume that the birth rates (5.5) are non-increasing, that is,
exp(V(k +1) — V(k)) < exp(V(k) — V(k —1)),

and that death rates are unit per capita. For every j € Z, we then
have
1 eV ()

[Af(H)] < ; A VG

Indeed, Brown & Xia (2001) give bounds for Af for a wide class of birth-
death processes satisfying some monotonicity condition on the rates.

Example 5.4: (continued). For the Poisson distribution with mean A > 0,
the non-uniform bound gives
1 1
|AfR) < A5
see also Barbour, Holst & Janson (1992, p. 8, (1.22)). It is shown in Eichels-
bacher & Reinert (2004a) that the non-uniform bound may yield some slight
improvement on the bounds for sums of independent but not identically dis-
tributed indicator variables. The bound || f|| < 2min (1, %) recovers the

bound from Barbour, Holst & Janson (1992, Lemma 1.1.1).

Example 5.7: (continued). For the Pascal distribution with parameter
v €{1,2,...} and 0 < p < 1, the non-uniform bounds give

1 1
IAf(k)] < A A=pFT3)’

leading to the uniform bound 1 A 1+M; it is not difficult to see that
M = oo, so that we do not obtain a bound for |f(j)|. In the case of a
geometric distribution starting at 0, it is however possible to obtain a bound
for | £(4)| using sightly different calculations.
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5.2. The size-bias coupling

Again we can employ the size-bias coupling to derive bounds on the distance
to Gibbs measure. Recall from (4.5) in Section 4.5 that, for W > 0 with
EW > 0, we say that W* has the W-size-biased distribution if EW g(W) =
EWIEg(W*) for all g for which both sides exist. In particular, we deduce
that

E{exp{wx F1) - V(X)}wg(X +1)— Xg(X>}

= E{exp{V(X +1)-V(X)}wg(X +1)— IEX]Eg(X*)}.

Note that
EX = wEeV X+)-V(X)

This immediately leads to the following lemma, which provides a character-
ization of discrete univariate Gibbs measures on the non-negative integers
in terms of their size-biased distributions.

Lemma 5.9: Let X > 0 be such that 0 < E(X) < oo, and let u be a
discrete univariate Gibbs measure on the non-negative integers as in (5.4).
Then X ~ p if and only if for all bounded g we have that

w]EeV(XH)_V(X)g(X +1) = w]EeV(XH)"V(X)]Eg(X*).
Thus for any W > 0 with 0 < EW < 0o we have
Eh(W) _ ,U(h) — w{]EeV(W+1)—V(W)f(W + 1) . ]EGV(W+1)—V(W)IEf(W*)},

where f is the solution of the Stein equation (1.1) with generator (5.6).
We can also compare two discrete Gibbs distributions by comparing
their birth rates and their death rates; a similar idea has been employed
in Holmes (2004). Let u as in (5.4) have generator .4 and corresponding
(w,V), and let pg have generator Ag and corresponding (we, V5). Assume
that both birth-death processes have unit per capita death rates. Then, for
X ~ pp and f € B, if the solution f of the Stein equation (1.1) for u is
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such that A, f exists, we calculate

EA(X) — u(h)

= EAf(X)

=E{(A4 - A2)f(X)}

= {f(X +1) (we"(x“)—"(x) — wze"z(x+1)—V2(X))}

— oE {f(X i 1)eV2(X+1)—Vz(X)eV(X+1)—V(X)—(V2(x+1)_V2(X))}
- EX)Ef(X*)

= ZE(X)E {f(X*)e“"X')‘V(X‘-1))-<V2<X‘>—Vz(X*—1))}

wa

- E(X)Ef(X*)

W — W2

= C R E(OES(X")

n wilE(X)lEf(X*) {e(V<X')—V(X*—1))—<v2(x*)—v2(X*—1)> _ 1} ,
2

where X* has the X-size-biased distribution. Thus we obtain the bound
']Eh(X) _ / hdp

w—w . . . .
< IFIE(X) {|_w2_2] + w%E|e(V(X )=V(X*=1)=(Va(X™")=Va(X"~1)) _ 1’}

For example, for two Poisson distributions Po (A1) and Po();), this ap-
proach gives

EAC) ~ [ ha] < 17101 =l

In Eichelsbacher & Reinert (2004a), the approach is employed to bound
the distance of summary statistics in an example from statistical physics.
In Eichelsbacher & Reinert (2004b), it is generalized to point processes,
with the aim of applying it to interacting particle systems.

Note that the normalising constant Z in the Gibbs distribution, which
is often difficult to calculate, is nowhere explicitly needed above. This is
one of the main advantages of this approach using Stein’s method.

6. Example: an S-I-R epidemic

The general stochastic epidemic (GSE) was introduced in Bartlett (1949)
in its most basic form; see also Bailey (1975) for a thorough description.
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We shall employ a construction suggested in Sellke (1983). The results
presented here are from Reinert (1995,2001).

This model presupposes a population of total size K at time ¢t = 0. At
any time ¢ > 0, an individual in the population may be susceptible (S) to
a certain disease, infected (I) by the disease, or removed (R). We assume
that an individual is infectious when infected, that any individual can be
infected only once, and we ignore births and deaths due to other causes. We
suppose that at time ¢t = 0 the population consists of aK infected and bK
susceptible individuals, with a + b = 1.

To construct the GSE, let (I;,7;)ien be positive i.i.d. random vectors,
and let (7;);en be positive i. i. d. random variables, independent of (I;, 7;)ien.
The r;’s and the #;’s give the length of the infectious period, as follows. An
individual i, if already infected at time 0, stays infected for a period of
length #;, and is then removed. If the individual ¢ is susceptible at time 0,
then it becomes infected at time A = Fz*(l;), stays infected for a period
of length r;, and is then removed. Here, I; can be viewed as individual ’s
resistance to infection; more precisely, if Zx (t) denotes the proportion of
infectives present in the population at time t, and if (¢, (z(s))s<¢) de-
notes the current force of infection, taken with considerable generality to
be a function acting on a one-dimensional parameter (time) and on right-
continuous functions (the proportions of infected individuals at all times in
the past), then the accumulated pressure of infection is given by

FK(t) = / )\(S,ZK) ds.
(0,2]

The time at which individual ¢ becomes infected is then assumed to be
given by

A(s, Zk)ds = l,} ;

Af{zinf{te]RJr :
1]

that is, the first time that the accumulated pressure of infection in the
population exceeds the individual’s resistance.

This formulation includes the classical case of Bartlett’s (1949) GSE,
where ‘A(t,z) = z(t), the resistances l; are assumed to be i.i.d. negative
exponentially NE (1) distributed with mean 1, and r; and #; are assumed
to be i.i. d. negative exponential with the same mean 1/p, independent of
the /;. This results in a Markovian model, where standard Markov tech-
niques can be applied. A generalization was studied by Wang (1975,1977),
with force of infection (¢, z) = A(z(t)), the resistances I; again being i.1i. d.
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NE (1)-distributed, and for each i, the random variables I; and r; are in-
dependent. This still results in some Markovian structure. Also, classically,
only the vector of the proportions of susceptibles, infected and removed
individuals over time was considered. In contrast, we study the empirical
measure

aK bK

k=% 25[0 w) Z Ok, AK fry)-

Note that
bK

k([0,2] x (¢, 00 Zl[o 7 (8) + i7d ZI[AK AR 4r; y(8)

gives the proportion of infected individuals at time ¢, and we recover the
proportions of susceptibles and removed individuals at time ¢ in similar
fashion. Moreover,

éK([()’ 3] x (t, OO]), t>s,

gives the proportion of individuals that were infected before time s, but not
removed before time ¢. This quantity, not covered by the classical approach,
is of particular interest if public health policy has changed during the course
of the epidemic, for example in reaction to the discovery of the epidemic.

We are interested in the limiting behaviour of the empirical measure as
K — o0; in the context of statistical physics this is often called a mean-field
approximation. First we have to make some assumptions. Let D, denote
the space of all functions z : Ry — [—1,1] that are right-continuous with
left-hand limits.

(1) Assume that A: Ry x D, — R, is uniformly bounded by a constant -y,
and is Lipschitz in ¢ € D, with Lipschitz constant . Assume also
that A non-anticipating, in the sense that A(¢,z) depends on the func-
tion x only through (zs)o<s<¢, and assume also that, for all t € R,

At,z) =0 < z(t) =0.

(2) Assume that there is a constant 8 > 0 such that, for each z € Ry, the
conditional cumulative distribution function ¥, (¢) := P[l; < t|r; = z]
has a density 1, (t) that is uniformly bounded from above by 3;

P (t) < fforallz e Ry and allt € Ry,

(3) Assume that the I; have a distribution function ¥ which possesses a
density 1.
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(4) Assume that r; and #; have distribution function ® such that ®(0) = 0,
so that infected individuals are not immediately removed.

To determine the limiting mean measure for the empirical measure,
consider the following heuristic. As Fk(t) = fo s, Zk) ds, the expression

bK
Zg(t) = Zm >t) 4+ — ZI(FKl(l ) <t < F(ly) +75)

] 1
gives the proportion of infected at time t. For f € C{R4+,R), t € Ry, define
the operators
Zf(t) = a(1 - @(t)) + bP(f(t — 1) < L < f(2))

and

Li®) = |  Ms, Zf)ds.

(0,t]
Due to the law of large numbers, Zx ~ ZFg, and thus
Fyg ~ LFyg.

Thus Fk is close to being a fixed point of L. It turns out that this fixed
point exists and is unique on every finite time interval, and hence can be
used to describe the limiting mean measure.

We restrict all quantities to a finite time interval {0, T, where T' > 0 is
arbitrary. These restrictions are denoted by a superscript T" or a subscript T'.
The following theorem confirms the heuristics.

Theorem 6.1: For T € R, the operator L is a contraction on [0,T)], and
the equation

JO=[ Ns2fds, 0<t<T, (6.1)
(0,¢]
has a unique solution Gr.

For T € Ry, let Gt be the solution of (6.1), and let 47 be given by
BT ([0,7] x [0,8]) = PT[l; < Gr(r),li < Gr(s— 7)), rse(0,T].
Put
uf = a(do x d®)T + 6T

This gives our limiting mean measure. Indeed the following theorem gives
a bound on the mean-field approximation for the empirical measure, using
Stein’s method.
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Theorem 6.2: For all H € Fy of the form (4.3) and for all T € R, we

have

[EH(L(T) — EH(3,)|
< Yatvh
= VK

Here, [z] is the smallest integer larger than z.

+ abBT (T + 2) exp(b[2c8TT) {I—H + 3} .

The proof of this theorem is rather involved, and can be found in Rein-
ert (2001), so it is only sketched here. The main arguments used are the
Glivenko—Cantelli theorem, to justify the law of large numbers argument,
the Banach contraction theorem for Theorem 6.1, and a coupling argument
to disentangle the dependence between the infection times. Note that Fi
and {; are not independent, but if Fix 1 denotes the same infection time
as Fi, except that individual 1 from the susceptible population is left out,
then Fg; and [; are independent.

Proof: (Sketch of the proof of Theorem 6.2).
We assume that Theorem 6.1 is proved already. We abbreviate

Ck =7 25(AK AK 1)

this is the part of £k that contains much dependence. We use the notation
(¢,v) = [$dv. For F of the form (4.2), we bound EAF', where A is the
operator associated with the Dirac measure at u”. Then we have

S B {5y (xT 06, k=1, m)T — 7,05 }
j=1
Z {f(]) Exl ), k=1,...,m)

<(50 x )T "o Z . m,¢,>} (6.2)

+0> Efgy((€x” ¢k)s b =1,...,m)(E" — (. ¢5). (6.3)

i=1

For the first summand (6.2), we employ the Cauchy-Schwarz inequality and
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the bounds on the functions involved in the form (4.2}, to obtain

a Y Ef (k" k), k=1,...,m) <(5o x i) — Z%r ),¢j>

j=1
m aK
< a3 W IE |- S (95(0,7)  Bg;(0,7))
j=1 i=1
m 1 aK
< a1 fplly| Var (ﬁ{_ Z(%(O,ﬂ)—E%(O,ﬁ-)))
i=1 i=1
NG
<2

Similarly, for the second summand (6.3), we obtain
m
b)Y Efyy (kT k), k=1,...,m)(iT — (k. bs)
j=1
= bZEf(J) (60 x )T +0Ck, o), k=1,...,m)(a" — (&, ¢;) + Ry,

where, by Taylor’s expansion, |R;| < 2by/a/K. It thus remains to bound

b> Ef(((aldo x )T +b¢k,dx), kb =1,...,m){a” - ¢k, 65)

i=1

<0 N E (AT = ¢k ¢5)]

i=]

m bK
=5 1B {17 S :((FE) ), (FR) (@) + 72)
j=1 i=1
~ 63 (Gr (), 67 () +74)

<53 WIS G 1) = (G 0.
j=1
To tackle the problem that Fx and l; are dependent, we couple the
process to the same process with susceptible individual 1 omitted; denote
by Fk,1 the accumulated pressure of infection in this new process. Then

Fi(h) = Fh (1) and
E|(FE)™ (L) - C7* ()| = E|(FE )~ (L) - G7' ()]
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In order to describe the new process, for k € D([0,T]), the space of right-
continuous functions [0,7] — [-1,1] with left-hand limits, we define the
operators

aK bK
1 1
ZK,lh(t) = 174 E 1(7; > t) + 74 E l(h(t —7r;) <l <h(t))
i=1 =2

and

Lxih(t) = | A(s, Zx1h)ds.
(OYt}

Note that Frl(l)) = Fl}yll(ll) by construction, and, for all ¢ < T, that
| Fr,1 — Grlle = | Lk Fxy — LG)e
< sup |Lk,1h — Lh||s + [LFk,1 — LG||¢.
For each h € D([0,T]), we have

T
|Lx 1k — Lh|r < a/ sup Zi,1h(s) — Zh(s)|ds
O

s< sz

2
<aT <GR1 + 2bRy + E) s

where
1 aK
R, = sgp e ; 1(7; < 5) — ®(s)
and
1 bK
< .
R, = sup bK—l;ll s) — ¥(s)

Results from Massart (1990) enable us to derive the bounds ER; < \/—i—_K-
and ER; < ﬁ for these remainder terms. Thus

\/_ %} —: S(K).

To bound E||LFk,1 — LGT||; we use again a contraction argument. We
have

[Esup||Lg,1h — Lh|lr < aT{ 14b)—
h

|LFk 1(t) — LG7(t)] < abﬂ/o |Fk1— Grllz(1+ ®(z)) dx
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and hence

t
E||LFx — LGzl < S(K) + abﬂ/ IFic1 — Grllo(1 + 8(2)) da.
0

Fix some ¢ > b and put n = 1/(2caf); then

C
E||LFx1 — LGrlly < ——S(K).

By induction we can show that

As

-b

we consider the process only restricted to [0,T], the largest k we have

k
E|LFx.1 — LGrljky < (c_c-—> S(K).

to take into account is k£ = [ %], yielding

Letting ¢ — oo gives the assertion.

1)

2

3)

(4)

E||LFx1 ~ LGrlltn < exp([2caBT1)(log ¢ — log(c — b))S(K).

Some concluding remarks:

The bound derived is the first known bound on the distance, and fur-
thermore it is explicit. Unfortunately, we do not obtain an almost sure
result, and we assume smoothness for our test functions. Also, for pa-
rameter estimation, it turns out that the bounds are not very useful;
instead, a Gaussian approximation would be needed.

The model used here is more realistic than the Markovian model, and
the results are more informative, from using the empirical measure. To
make the model even more realistic, we could assume for the initially
infected that the #; are not identically distributed; this does not entail
much further complication.

The factor —& in the bounds seems to be optimal. This suggests the
validity of a Gaussian approximation. For the vector of susceptibles,
infected and removed in the Markovian setting, such an approximation
was derived by Barbour (1974).

In Barbour (1975), it is shown that the waiting time until the epidemic
dies out is, very roughly, of order log K, in the Markovian model. This
indicates that a deterministic approximation may not be good for the
whole time course of the epidemic. Much of the fluctuation is due to the
initial variation in the epidemic process, which is quite similar to that
of a branching process when only few infected and many susceptible
individuals are present. When restricting to a time interval in which
the proportion of infectives present is always substantial, the bound on
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the approximation is much improved, growing only linearly in time; see
Reinert (2001).

(5) It would be interesting to investigate how the model would behave in
a spatial setting, where we do not assume homogeneous mixing.

7. The density approach

This approach was first suggested by Stein (2004); it provides an alterna-
tive to the generator method, in particular when a generator is not easily
available. Suppose that we are in the following situation. Let p be a strictly
positive density on the whole real line, having a derivative p’ in the sense
that, for all z,

x e ]
p(z) = / P'(y)dy = — / p'(y)dy,
and assume that

/_oo Ip'(y)ldy < oo0.

oo

Let

Proposition 7.1: In order that a random variable Z be distributed accord-
ing to the density p, it is necessary and sufficient that, for all functions f
that have a derivative f' and such that

[ i@ < oo

we have
E(f'(Z2) +4(2)f(Z)) =0.

Example 7.2: The standard normal distribution A(0,1). Here, we have
¥(z) = —=z, and the above conditions are satisfied. The characterization

results in the classical Stein equation.

Example 7.3: The Gamma distribution Ga(a, ), with density given on
x> 0 by py o(z) = A%~ 2271 /T'(a). Although the density is not positive
on the whole real line, Proposition 7.1 gives an indication of how to obtain
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a Stein characterization. Here, ¥(z) = 27 {a — 1 — Az}, for z > 0. This
would yield a characterization of type
E{f(X)+ X Ya—1-AX}f(X)} =0.

Comparing this with the characterization (3.2) we see that the two charac-
terizations are equivalent, by putting g(z) = zf(z).

For convenience, write ¢(z) = —(z). Then the following Stein theorem
is derived in Stein (2004).

Theorem 7.4: Suppose that Z has probability density function p satisfy-
ing the assumptions of the above proposition. Let (W, W') be an exchange-
able pair such that E($(W))? = 02 < 0o, and let
_ E@(W') - 6(W))?

202 '
Then, for all piecewise continuous functions h : R — R that satisfy
[E|h(Z)| < co, we have

EA(W) — Eh(Z)

=EVh)(W) - Xclr_Z’E {(@W) = oW (URYW') = (UR)Y(W))}

A

)
where Uh and Vh are defined by
[ (h@) = J%2, hw)p()dy )p() d

and
(Vh)(w) = (Uh)'(w);
we use EV to denote expectation conditional on W.

Theorem 7.4 can be employed to assess the error in a normal approximation
via simulations, replacing the expectations by sample means.

8. Distributional transformations

This is joint work with Larry Goldstein and can be found in Goldstein
& Reinert (2005). We have already seen, in connection with Gibbs mea-
sures, how the size-biased distribution can be used to characterize a target
distribution. The work presented here takes this idea further.
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First, the size-biased distribution is defined only for non-negative ran-
dom variables. For random variables with zero mean, we instead define the
zero bias distributional transformation as follows (see Goldstein & Rein-
ert 1997).

Definition 8.1: Let X be a mean zero random variable with finite, nonzero
variance o2. We say that X* has the X-zero biased distribution if for all
differentiable f for which IEX f(X) exists,

EXf(X) = o*Ef'(X*).

The zero bias distribution X* exists for all X that have mean zero and
finite variance. In Goldstein & Reinert (1997), this coupling is used to
obtain bounds of order 1/n for smooth test functions, under symmetry
assumptions on the underlying distribution. The following theorem shows
that it is indeed possible to define much more general functional biasing.

Theorem 8.2: Let X be a random variable, m € {0,1,2,...} and let P
be a function on the support of X such that P has exactly m sign changes,
is positive on its rightmost interval and is such that

1 - )
WEXJP(X) :aéj,m J =0,...,m,

for some a > 0. Then there exists a unique distribution for a random
variable X (™ such that

EP(X)G(X) = o EG™ (X (™)
for all m times differentiable functions G for which EP(X)G(X) exists.

The X distribution is named the X~P biased distribution.

For example, with P(z) = z, we obtain that for any random variable
X such that EX = 0 and 02 = IEX? < oo, there exists a random variable
X such that, for all smooth G, we have EXG(X) = 0?EG/(X™). Thus
we recover the zero bias distribution.

Theorem 8.2 allows us to define much more general distributional trans-
formations. To illustrate this, consider infinitely divisible random variables
{Zx}»>0 with moments of all orders. Assume that there is a collection
{P,i‘t}mzl of monic polynomials, where P has m distinct roots, is positive
on its rightmost interval, and the collection is orthogonal with respect to
the law of Zy. Define
), = %IEZ,’\“P;(Z,\)

m
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and the set
MP ={X: EX™ <0, EX'=EZ], 0<j<2m}.
For every X € MY, for § =0,...,m, we then have
~EXIPA(X) = —EZPA(Z) = by
Theorem 8.2 yields that for all X € M7 there exists a random variable X,
such that
EP)(X)G(X) = X EG™(X2).

As with the size-biased distributon, there is a construction for sums of
independent random variables available. Let m € {0,1,...}. Let X,,--- , X,
be independent random variables with

XiEMS\’:

for some Aq,...,A,, and

i=1

For the transformation we shall bias different summands to different de-

grees; hence we introduce the multi-index m = (my,...,m,), and let
n
i=1
Furthermore, for A = (Ay,...,A;) and x = (z1,...,2,), let

o™ = Ha(m) and PR(x) = HP (z;).

Assume that {P* (x)}mzo satisfies the condltlons of Theorem 8.2, and let
A = A1 + -+ + A,. In this setting, Goldstein & Reinert (2005) derive the
following result.

Theorem 8.3: Suppose that for some weights cy,, the family of orthogonal
polynomials {PJ*(z)}m>o satisfies the identity

Pl (w) = ZcmPA (x),

with w = 1 + - -+ + x,,, where Zm denotes the sum over all m such that

|m| = m. Then
ag\m) — zcmas\m)’

m
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and we may consider the variable I, independent of all other variables, with
distribution
(m)

Cm&
P(I=m)= —% (8.1)
ay

Furthermore, the variable

Wi = S

i=1
has the W-P[* distribution.

Example 8.4: (Hermite biasing). For 02 = A > 0, define the collection of
Hermite polynomials {H,;\}nzo through the generating function

eTt—3 12 Z H)\

In this case o}, = A™, and the index I in (8.1) is chosen according to the
multinomial distribution Mult (m, A). Denoting the Hermite polynomials
for A = 1 by H}, = H,,, we obtain as Stein-type equations for the standard
normal distribution

h(z) = Nh = ¢/'(z)Hp-1(z) — Hrn(z)d(z)
and
h(z) = Nh = ¢™ (z) — Hn(z)e(z).

The standard normal distribution is the unique fixed point of the Hermite-
bias transformation of any order, hence this gives an infinite number of
Stein characterisations for the standard normal distribution.

Example 8.5: (Charlier biasing). The Charlier polynomials correspond to
the Poisson distribution with mean \; here again we obtain o), = A™, and
I ~ Mult (m, A). As the Poisson distribution can be shown to be the fixed
point of the Charlier-bias transformation for any order, again we obtain an
infinite number of characterizations for the Poisson distribution.

Example 8.6: (Laguerre biasing). The monic Laguerre polynomials are
orthogonal for the Gamma distribution. However, the Gamma distribution
with fixed parameter is not a fixed point of the Laguerre-bias transforma-
tion.
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Connections between distributions and orthogonal polynomials in the

context of Stein’s method were also studied by Diaconis & Zabell (1991);
there one can also find more examples of orthogonal polynomials.

Note that there are many other applications of Stein’s method to other

distributions; see for example the work on Markov chain Monte Carlo meth-
ods in Diaconis (2004), and on the uniform distribution in Diaconis (1989).
The above tutorial lectures are merely an introduction to a very rich field
with many open problems.

Acknowledgement: The author would like to thank the organizers of this
excellent workshop.
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common theme in probability theory is the
approximation of complicated probability distributions

by simpler ones, the central limit theorem being a
classical example. Stein's method is a tool which makes this
possible in a wide variety of situations. Traditional approaches,
for example using Fourier analysis, become awkward to carry
through in situations in which dependence plays an important
part, whereas Stein's method can often still be applied to
great effect. In addition, the method delivers estimates for
the error in the approximation, and not just a proof of
convergence. Nor is there in principle any restriction on the
distribution to be approximated; it can equally well be normal,
or Poisson, or that of the whole path of a random process,
though the techniques have so far been worked out in much
more detail for the classical approximation theorems.

This volume of lecture notes provides a detailed introduction
to the theory and application of Stein's method, in a form
suitable for graduate students who want to acquaint themselves
with the method. It includes chapters treating normal, Poisson
and compound Poisson approximation, approximation by
Poisson processes, and approximation by an arbitrary
distribution, written by experts in the different fields. The
lectures take the reader from the very basics of Stein's method
to the limits of current knowledge.
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