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Abstract

A new approach to Poisson approximation is proposed. The basic idea is very simple and based
on properties of the Charlier polynomials and the Parseval identity. Such an approach quickly leads
to new effective bounds for several Poisson approximation problems. A selected survey on diverse
Poisson approximation results is also given.
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1 Introduction

Poisson approximation to many discrete distributions (notably the Poisson-binomial distribution) has re-
ceived extensive attention in the literature and many different approaches have been proposed. The main
problem is to study the closeness between the discrete distribution in question and a suitably chosen Pois-
son distribution. Applications in diverse problems also stimulated much of its recent interest among prob-
abilists and scientists in applied disciplines. We propose in this paper a new, self-contained approach
to Poisson approximation, which leads readily to many new effective bounds for several distances studied
before, including total variation, Kolmogorov, Wasserstein, Kullback-Leibler, point metric, and x?; see be-
low for more information and references. In addition to the application to these distances, we also attempt
to survey most of the quantitative results we collected for the Poisson approximation distances discussed
in this paper.

1.1 A historical account with brief review of results

We start with a brief historical account of Poisson approximation, focusing particular on the evolution of
the total variation distance; a more detailed, technical discussion will be given in Section 6. For other
surveys, see [38, 9, 4, 22, 72].



The early history of Poisson approximation. Poisson distribution appeared naturally as the limit of
the sum of a large number of independent trials each with very small probability of success. Such a limit
form, being the most primitive version of Poisson approximation, dates back to at least de Moivre’s work
[32] in the early eighteenth century and Poisson’s book [61] in the nineteenth century. Haight [38] writes:
“...although Poisson (or de Moivre) discovered the mathematical expression (1.1-1) [which is e *\* /k!],
Bortkiewicz discovered the probability distribution (1.1-1).” And according to Good [37], “perhaps the
Poisson distribution should have been named after von Bortkiewicz (1898) because he was the first to write
extensively about rare events whereas Poisson added little to what de Moivre had said on the matter and
was probably aware of de Moivre’s work;” see also Seneta’s account in [74] on Abbe’s work. In addition
to Bortkiewicz’s book [17], another important contribution to the early history of Poisson approximation
was made by Charlier [21] for his type B expansion, which will play a crucial role in our development of
arguments.

The next half a century or so after Bortkiewicz and Charlier then witnessed an increase of interests in
the properties and applications of the Poisson distribution and Charlier’s expansion. In particular, Jordan
[47] proved the orthogonality of the Charlier polynomials with respect to the Poisson measure, and con-
sidered a formal expansion pair, expressing the Taylor coefficients of a given function in terms of series
of Charlier polynomials and vice versa. A sufficient condition justifying the validity of such an expansion
pair was later on provided by Uspensky [83]; he also derived very precise estimates for the coefficients in
the case of binomial distribution. His complex-analytic approach was later on extended by Shorgin [80] to
the more general Poisson-binomial distribution (each trial with a different probability; see next paragraph).
Schmidt [73] then gives a sufficient and necessary condition for justifying the Charlier-Jordan expansion;
see also Boas [13] and the references therein. Prohorov [65] was the first to study, using elementary argu-
ments, the total variation distance between binomial and Poisson distributions, thus upgrading the classical
limit theorem to an approximation theorem.

From classical to modern. However, a large portion of the development of modern theory of Poisson ap-
proximation deviates significantly from the classical line, and much of its modern interest can be attributed
to the pioneering paper by Le Cam [54], extending the previous study by Prohorov [65] for binomial dis-
tribution. Le Cam considered particularly the sum S,, of n independent Bernoulli random variables with

parameters p1, pa, - - -, P, respectively, and proved that the total variation distance
I (Z(50). 2(N) = £ Y [B(S, = ) — e
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between the distribution of S,, (often referred to as the Poisson-binomial distribution) and that of a Poisson
with mean A 1=}, . p; is bounded above by

drv (Z(S,), Z(N)) < 86,

whenever p, := max; p; < 1/4, where 6 := Xy /A, Ay 1= 21@@ p?. He also proved in the same paper
the following inequality, now often referred to under his name,

drv(Z(Sn), Z(N) < Ao (1.1)

These results were later on further improved in the literature and the approach he used became the source
of developments of more advanced tools; see Table 1.1 for a selected list of known results of the simplest
form dpy < cf.



Author(s) ‘ Year ‘ dry < ‘ Assumption Approach
Le Cam 1960 0 Py < i Operator and Fourier
Kerstan 1964 | 1.050 Ds < i Operator and Fourier
Chen 1974 50 Chen-Stein
Barbour and Hall 1984 0 Chen-Stein
Presman 1985 | 2.08¢ Fourier
Daley and Vere-Jones | 1988 | 0.714 Dy < i Fourier

Table 1: Some results of the form dry := dpry (L(S,), P(N)) < cb. Here § := Xy /) and p,. := max; p;.
It is known that dpy (£ (Sy), (X)) ~ 0/v/2we when § — 0; see Deheuvels and Pfeifer [30] or Hwang
[43]. Numerically, 1//2me ~ 0.242.

Form Table 1.1, we should point out that the leading constant in the first-order estimate for dy is often
less important than the generality of the approach used, although the pursuit for optimal leading constant is
of independent interest per se. One reason is that if an approach is quickly amended for obtaining higher-
order estimates, then one can push the calculations further by obtaining more terms in the asymptotic
expansions with smaller and smaller errors, so that the implied constants in the error terms matter less (the
derivation of which often involves detailed calculus).

On the other hand, estimates for the total variation distance between the distribution of .S,, and a suitably
chosen Poisson distribution has been the subject of many papers in the last five decades. Other forms in the
literature include drv < (0), drv < @(6, max; p;), drv < ¢(6, A), ..., for certain functionals ¢ (y not
the same for each occurrence). Thus it is often difficult to compare these results; further complications arise
because some metrics are related to others by simple inequalities and the results for one can be transferred
to the others; also the complexity of the diverse methods of proof is not easily compared. Despite these,
we quickly review those that are pertinent to ours, a more detailed, technical comparative discussion for
some of these will be given later; the special case of binomial distribution will however not be compared
separately; see, for example, Prohorov [65], Vervaat [84], Romanowska [67], Matsunawa [56], Pfeifer
[59], Kennedy and Quine [48], Poor [63].

Kerstan [49] refined some results of Le Cam [54] on dpy by a similar approach. He also derived
a second-order estimate. Herrmann [39] further extended results in Kerstan [49] in two directions: to
sums of random variables each assuming finitely many integer values and, in addition to higher-order
estimates from the Charlier expansion, to signed measures whose generating functions are of the forms
exp(Y<jcs(—1)7'Nj(2 — 1)/ /j). We will comment on Kerstan’s and Herrmann’s second-order esti-
mates later. As far as we are aware, Herrmann [39] was the first to use such signed measures for Poisson
approximation problems, although such approximations are later on referred to as Kornya-Presman or
Kornya-type approximations, the two references being Kornya [52] and Presman [64]. Note that the idea
of using other signed measures (binomial) were already discussed in Le Cam [54]. Serfling [75] extended
Le Cam’s inequality (1.1) to dependent cases; see also [76]. Chen [23] proposed a new approach to Poisson
approximation, based on Stein’s method of normal approximation (see Stein [78]).

From 1980 on, most of the approaches proposed previously for Poisson approximation problems re-
ceived much more attention and were further developed and refined. Among these, the Chen-Stein method
(with or without couplings) is undoubtedly the most widely used and the most fruitful one. It is readily
amended for dealing with dependent situations, but leads usually to less precise bounds for numerical pur-
poses. On the other hand, direct or indirect classical Fourier analysis, although involving less probability
ingredient and relying on more explicit forms of generating functions, often gives better numerical bounds.



For these and other approaches (including semigroup with Fourier analysis, information-theoretic), see
Deheuvels and Pfeifer [28], Stein [78], Aldous (1989), Barbour et al. [9], Steele [81], Janson [46], Roos
[69, 70], Kontoyiannis et al. [51] and the references therein.

1.2 Our new approach

The new approach we are developing in this paper starts from the integral representation for a given
sequence { A, },>o (satisfying certain conditions specified in the next section)

2
A | oo e

Z —or| € An':/ e "I(\/r/\)dr, (1.2)

n>0 n! ’ 0
where A > 0 and )

1 " —Arett it\J
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Note that I(r) = 3 -, la,|*r*", where a,, denotes the coefficient of 2" in the Taylor expansion of

e M5 50 A;(1+ 2)7. This means that (1.2) can be written in the form

|An|2 _ o !
> - S,

n=0 n! n=0

which, as far as we are aware, already appeared in the paper Pollaczek-Geiringer [62], but no further use
of it has been discussed; see also Jacob [45], Schmidt [73], Siegmund-Schultze [77] and the references
cited there. Also the series on the right-hand side is in almost all cases we are considering less useful than
the integral in 1.2.

The seemingly strange and complicated starting point (1.2) turns out to be very useful for develop-
ing effective tools for most Poisson approximation problems. Other ingredients required are surprisingly
simple, with very little use of complex analysis. A typical result is of the form

(Ve—1)0
\@(1 — 9)3/2’

where (/e — 1)/ /2 ~~ 0.46; see Theorem 3.4. The relation (1.2), which will be proved below, is based
on the orthogonality of Charlier polynomials and Parseval identity; thus we call it the Charlier-Parseval
identity.

Other features of our approach are: first, it reduces the estimate of the probability distances to that
of certain integral representations with a similar form to the right-hand side of (1.2), and thus being of
certain Tauberian character; second, it can be readily extended to derive asymptotic expansions; third, the
use of the correspondence between Charlier polynomials and Poisson distribution can be quickly amended
for other families of orthogonal polynomials and their corresponding probability distributions; fourth, the
same idea used applies equally well to the de-Poissonization procedure, and leads to some interesting new
results, details being discussed elsewhere.

drv(Z(5n), Z(N)) <

Organization of the paper. This paper is organized as follows. We begin with the development of our
approach in the next section. Then except for Section 6, which is focusing on reviewing and comparing
with known results, the next three sections consist of applications of our Charlier-Parseval approach: Sec-
tion 3 to several distances of Poisson approximation to .5,, for large A, Section 4 to second order estimates,
Section 5 to approximations by signed measures.



2 The new Charlier-Parseval approach

Crucial to the development our approach is the use of Charlier polynomials, so we first derive a few
properties of Charlier polynomials we will need.

2.1 Definition and basic properties of Charlier polynomials
The Charlier polynomials C (A, n) are defined by
A" n k Az
D CAn) =2t = (2= 1)k (k=0,1,...). 2.1)
>0 n!
Multiplying both sides by z — 1, we see that

)\nfl \" )\n

which implies that the Charlier polynomials ¢ (n) := Ci(\, n) are solutions to the system of difference
equations zp(x — 1) — Apg(z) = Apgy1(x), with the initial condition ¢o(x) = 1. In particular,

- 2 (20 + Dn + A2
Cy(\ n) :”AA and  Cy(nn) = A; jnt A 2.3)
An alternative expression for Cy(\, n) is given by
A AR
Hckr()‘vn) =e We H’
which follows from substituting the relation (z — 1)¥e** = e*(d* /dA\F) e}~ into (2.1).
Since by (2.1)
Cr(A n)ﬁ = [2"](z — 1)FeM (2.4)
k\\ nl - ) 4

where [2"|¢(2) denotes the coefficient of 2" in the Taylor expansion of ¢(z), we have, for each fixed 7,

)\k
Z C’k A, n)wh = [2"] Ewk(z — 1)FeM
k>0 k>0

_ [zn]e—/\w+z)\(w+1)

n

= ﬁ(l + w)me_)‘w.

It follows that
)\n n k _—Aw
ZCn()\,k:)ﬁw = (1+w)"e .
n>0 ’

Comparing this relation with (2.1), we obtain the property Ci(\,n) = (—1)"**C,, (), k), for all k,n > 0.
Another important property we will need is the following orthogonality relation (see [79, p. 35]).



Lemma 2.1. The Charlier polynomials are orthogonal with respect to the Poisson measure e *\"/n,

namely,
A" k!
E Ck()\, n)Cg()\, n)e_)‘ﬁ = (5]%@%, (25)

n=0

where 4, denotes the Kronecker symbol.

For self-containedness and in view of the importance of this orthogonality relation to our analysis
below, we give here a proof similar to the original one by Jordan [47].

Proof. We start from the expansion

Cr(An) =Y <%><—1>’f‘j"("_1)"'(”_j+1), (2.6)

. J N
0<j<k

which follows directly from (2.4). Differentiating both sides of (2.1) j times with respect to z and substi-
tuting z = 1, we get

A" . gtoifj =k;
A )
E —C(\ —1)--- —7+1)=

= ¢ n! k( m)n(n ) (n / ) {O ifj < k,

which means that the Charlier polynomials Cjy (), ) are orthogonal to any falling factorials of the form
x(x —1)---(x —j+ 1) with j < k with respect to the Poisson measure. Now without loss of generality,
we may assume that ¢ < k. Then applying (2.6), we get

Ze’\;\;!tCk()\,n)Cg(A,n) =y (j)(—nfujzeAfjok(A,n)n(n —1)-(n—j+1)

n>0 0<j<e n>0
= Z <€) (—1)£_j)\_j(5k,jk!
o<
= (5k,zf\,!€-
This completes the proof. [

2.2 The Charlier-Parseval identity

Assume that we have a generating function

F(z)=> Ay,

n>0
which can be written in the form

F(z) =tV f(2). (2.7)
Let

f(2) =3 ay(z — 1.

520



Then, by (2.4), we have formally the Charlier-Jordan expansion
A"
A, =e AH > a;C5(An), (2.8)
j=0
and we expect that A,, will be close to eANY /nlif f(z) is close to 1, or, alternatively, if aq is close to 1 and

all other a;’s are close to 0. The following identity provides our first step in quantifying such a heuristic.

Proposition 2.2 (Charlier-Parseval identity). Assume that f(z) is analytic in the whole complex plane and

satisfies
@) =0 (=), (2.9)
as |z| — oo. Then for any A > 2H
2
A, A" o
Yol =5 e 5= / I(\/r/N)e " dr, (2.10)
where
1 (" ,
I(r) = 27T/ F(1+re) 2 dt. @.11)

Proof. Since by definition I(r) = - |a;[** and the condition (2.9) implies the convergence of the
series Y.~ |a;|*5!/ N, it follows that

* —r _ 2
/0 J( ) dr = Z|a]| AJ. 2.12)
7=0
Both the series and the integral are convergent because, by (2.9), I(r) = O(e2"").
Again by definition
Z A, 2" =MD Z a;(z — 1)

n>0 >0

Taking coefficient of 2" on both sides, we obtain (2.8), which can be written as

_,\,\n E :a]

n! 7=0

where the convergence of the above series is pointwise. But the convergence of the series in (2.12) implies
that the series on the right side also converges in Lo-norm with respect to the Poisson measure e~ *\" /n!.
Thus the Proposition follows from (2.5). []

In the special cases when F'(2) = (z — 1)ker*=D or A,, = C(\,n)e A" /n!, we have the identity

Ze"\ yckm)\:m—k (k=0,1,...),

n=0

which is nothing but (2.5) with £ = ¢. This implies that

SN G < VA (k=01 13)
n!

n>0



2.3 A probabilistic interpretation of the Charlier-Parseval identity
Assume that F'(z) is a probability generating function of some non-negative integer valued random variable

X having the form
=3 P(X =m)z" =D a;(z— 1)

m>0 §>0

Applying the Charlier-Parseval identity (2.10) and (2.12) to £ gives

2
A il
3y =Y oyl

m>0 j21

P(X =m)

ef)\)i:
m:

provided that both series converge. In view of the orthogonality relations (2.5), the coefficients a; can be
expressed as

J
ZIP’X m)C;(\,m) = )\—']EC]-()\,X).

m>0
Thus )
P(X =m) A" N 2
S P 1 2 S Mo 000
m>=0 ml i>1

This identity relates the closeness of X to Poisson measure by means of the moments of X since the
quantity EC';(\, X)) is a linear combination of the moments of X.

On the other hand, it is also clear, by Cauchy-Schwarz inequality, that the series on the right-hand side
satisfies

N 9 (E Z]>1 a;Cj(A, X))
- EC )\,X - )
; ][ ‘ ]( )‘ Sup ZJ>1 ]j /)\J

where the supremum is taken over all real sequences {a;},>; such that > i1 a? J!/N < oo. Let

g(x) = Z a;Ci(\, x).

Then /
<EZ]>1 a;C5(A, X)> (EQ(X))2

sup = sup -————,
Z]>1 J] /)‘J Eg(¢)=0 EQ(C)Q
where ( is a Poisson random variable with mean \.
Applying the difference equation (2.2) for Charlier polynomials and taking into account that ay =
Eg(X) = 0. we then have

Za] (XCjo1(A\ X —1) = ACj_1 (M, X)) =

j>l

(Xh(X —1) — An(X)),

> =

where h(z) =3 -, a;Cj-1(), x). Thus we can write

(=

m=0

2
P(X = m
( m) 1 e—A)‘

- m!

1/2
—3 ) =supE(Xh(X — 1) — M(X)),
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the supremum being taken over all functions / such that E(Ch(¢ — 1) — Ah(¢ ))2 = 1. The right-hand
side of the last expression is reminiscent of the Chen-Stein equation; see the book [9]; see also Goldstein
and Reinert [36] and the references therein for the connection between orthogonal polynomials and Stein’s
method.

2.4 Asymptotic forms of the Charlier-Parseval identity

The identity (2.10) can be readily extended to the following effective (or asymptotic) versions for large .

Proposition 2.3 (Asymptotic forms of the Charlier-Parseval identity). Let F'(z) and f(z) be defined as
above. Assume that f is an entire function and satisfies the condition

1f(2)] < KetlF17, (2.14)

for all z € C, with some positive constants K and H. Then uniformly for all N > 0 and A > (2 + ¢)H
withe >0

2
A, A 24e ((2+e)H\"
> o > a;Ci(A\n)| e AmgKQ - < S ) , (2.15)
n=0 n! 0N .
A" 24¢e ((2+e)H (N+1)/2
Yo |A—e?5 > a0\ n)| < K <( A) ) , (2.16)
n>0 " oGeN c
and uniformly for alln > 0
n 92 1 2 H (N+1)/2
An—e’AA—' ( 3 ajcj(A,n)> <Kkt L <(+;)> . 2.17)
!\ oSy € No\

Proof. Applying (2.10) with A\ = (2+¢)H and using the upper bound (r) < K2e2™ (by (2.14)), we get

1251 00
3 |a;[%5! j_/ ]< r >€Tdr
= (2+¢)H) 0 (2+¢)H
< KZ /OO 6—r(1—2/(2+5)) dr
0

_K22+5
= —

Applying again Proposition 2.2 but to the function f(z) = g(2) — > _ocjcn @5(2 — 1)’ and using the above
estimate for A > (2 4 ¢)H, we get

A
> o > aCi(An)

n>0 nl 0N

2

A" 5!
- _ 124
€ g - Z |CL]‘ )\]

>N

1 |la;]?5!
< J
\ Y —
AN+ ;N ((2 6) H—)J (N+1)

_(@+om)™ |a;]%)!
AN+ ZJ:V ((2+5)H)j

24 ((2+e)H\"
€ A '

< K?



Thus (2.15) follows and the estimate (2.16) is an immediate consequence of Cauchy-Schwarz inequality.
For (2.17), we apply Proposition 2.2 to the function

(1-2) (f(Z)— > aj(z—l)j>,

0<i<N
and obtain )
2 .
3 An = Ay S 0,0 (An) e_&_zlaﬂ (j+1)!
e—)x& I~ ’ n' o )\j+1 )
n20 n! 0N Jj>N

By partial summation, (2.2) and Cauchy-Schwarz inequality

>\7L )\m
A, — 6”5 ( > %‘O]‘()\,n)> < ) A= An - 64% ( > ajCj+1(/\>m)>

0<iSN 0<m<n 0<jsN
5 1/2
Am - Am—l — A"
|2 |Tmm 2 aGmim) e
m=0 ml 0<i<N
1/2
0,2 + 1)!
= (Z Y . (2.18)
>N
Now for A > (24 ¢)H
la P(n+ 1)1 1 [ .,
ZT:X ; I(\/T’/)\)T@ d?"
n=0
2 ]
< K/ €_T(1_2H/>\)7’ dr
A Jo
KQ
A1 —2H/A)?
Thus (2.17) follows from substituting this bound into (2.18). []

2.5 Some useful estimates of Tauberian type

We now derive a few other effective bounds for certain partial sums or series by applying the Charlier-
Parseval bounds we derived above; these bounds are more suitable for use for the diverse Poisson approxi-
mation distances we will consider. They are the types of results that have more or less the flavor of typical
Tauberian theorems.

Assume that ¢, is a Poisson(\) distribution. Denote by

Z(n) =min {P(¢\ < n),P({, >n)}.

It is clear that Z(n) < 1/2.

10



Proposition 2.4. Let F, f, A,,, a,, and I be defined as in (2.7) and (2.11). Assume that f(z) is an entire
function and satisfies the condition (2.9). Then for A\ > 2H the following inequalities hold. For n = 0,

}:Mhhg<lm1mﬂ7Mé”m>Ui (2.19)

n=0
1 o 1/2
Al < — </ I(+\/r/XNre " d’r) Z(n). (2.20)
| Al 7\ (V7r/A) (n)
If we additionally assume that F(1) = 0, then for n > 0,
0 1/2
D Ao+ A+ 4+ A < VA (/ I(\/r/N)rte™ dr) : (2.21)
n>0 0
3] 1/2
|[Ag+ A1+ -+ A, < (/ [(\/r/)\)e_rdr> vV Z(n). (2.22)
0

Proof. By Cauchy-Schwarz inequality

A, o 1/2 o 1/2
S-S () () < (X

n>0 n>=0 n! n =0

1/2
Ap

—AAT
n!

oY

n!

The upper bound (2.19) then follows from (2.10).
The third inequality (2.21) is proved by applying (2.19) to the function Fy(z) := F(z)/(1 — z). Note
that the condition F'(1) = 0 implies that F}(z) is regular at z = 1. With this F7, (2.19) now has the form

1/2

D Ao+ A+ -+ Ayl < (/Oooll(\/m)e‘rdr> :

n>0

where

L) = 5 | AU et = 1)),

" o o
and (2.21) follows.
For the fourth inequality (2.22), we start from applying the Cauchy-Schwarz inequality, giving

5 1/2

, N\ 1/2
N N

- -2

e (Z e j!) . (2.23)

0isn

4

e—)"]\,—f

Ao+ A+ + A < [ DD

320

On the other hand, the condition /(1) = 0 implies that 3 -, A; = 0. Consequently,

Ao+ A1+ + Ay = [Ap + Ao + -+ |

<[z

J=0

1/2

2 I Y 1/2
e M (Zﬂ_) . (2.24)

j! j>n j!

Aj
e*’\’}—f

Taking the minimum of the two upper bounds (2.23) and (2.24), we obtain (2.22).
Finally, the second inequality (2.20) follows from (2.22) by applying it to the generating function
(1 — 2)F(z) instead of F'(z). O

11



3 Applications. 1. Distances for Poisson approximation

We apply in this section the diverse tools based on the Charlier-Parseval identity and derive bounds for the
closeness between the Poisson-binomial distribution and a Poisson distribution with the same mean. We
need a few simple inequalities.

3.1 Lemmas

Lemma 3.1. The inequalities

(14 2)e %] < el*F/? (3.1)

1 ‘
(1+2)e "+ Z 37' (—2)| < ez el 2, (3.2)

oG<m J
hold for all z € C, where m > 1 and

1 ' t2/2 m—1

Cni= oy e (1—t)"(m—1+t)dt. (3.3)
+Jo

Proof. Write z = re®, where r > 0 and t € R. Then, by 1 + x < ¢® forz € R,

[(1+2)e | = V1+2rcost + r2e "t
< eTCOSt-H“Q/Q—Tcost

_ €T2/2.
For (3.2), we start with the relation
2 zm ! .
S e (1 —t)y™tdt
-2 (m_1)!/06< T
j<m
and deduce that
N m+1 1
l-ze+ Y L= 2 (1 — )" Lm — 1+ t)dt,
- 4! m! Jo

0<ism

for m > 1. Thus (3.2) follows from the inequality |tz| < |z|?/2 + t2/2. O

Remark 3.2. Note that in the proof of (3.2), we have the inequality

1 —1)e*
@D o e—1=064872... (z€R),
1207%/2

which can easily be sharpened, by elementary calculus, to

14 (x —1)e”

s < 0.63236....
xee”

But this improvement over c; is marginal, so we retain the simpler upper bound ¢; in the following use.

The next lemma is crucial in applying our Charlier-Parseval bounds derived above.

12



Lemma 3.3. The inequality

[T G +w)e ™ = 1] < erVae™?, (3.4)
1<k<n
holds for any complex numbers {vy.}, where
Vo= ) o™ (3.5)

1<k<n

Proof. By partial summation
Hﬁk— HﬁkZZ(ék—ﬁk)<H§j><Hﬁj>, (3.6)
1<k<n 1<k<n 1<k<n 1<j<k k<j<n

for nonzero {&;.} and {n;}. Applying this formula, we get

H (I4uvp)e ™ —1= Z (1 +vp)e™ —1) H (14 wv;)e ™.

1<k<n 1<k<n 1<j<k

By the two inequalities (3.1) and (3.2) with m = 1, we then obtain

< Z |Uk\2 H e\vjlz/Z’

1<k<n 1<i<k

H (I+vp)e ™™ =1

1<k<n

and (3.4) follows. []

3.2 New results

We are ready to apply in this section the tools we developed above to derive bounds for several Poisson
approximation distances.
Let
Sn = X1+X2++Xn7

where the X;’s are independent Bernoulli random variables with

F(z) = Z P(S, = m)z™ = H (q; +pj2), (3.7

o<m<n 1<G<n

where g; := 1 — p;. Define Ay, := 3" i, pj's A = Arand 0 := Ay /Ar.
Let Z2()\) denote a Poisson distribution with mean .

Theorem 3.4. We have the following estimates: (i) for the x*-distance

—AAT m! = (1—0)3%

m!

2
P(S,=m) 1‘ N 266

13



(ii) for the total variation distance
019 .

AT

P(S,=m)—e -

m =0

and (iii) for the Wasserstein (or Fortet-Mourier) distance

_ )\j CIAQ
P(S, <m) — el — 2
(Sa<m) =2 P51 oy

We also have the following non-uniform bounds for m > 0: (iv) for the Kolmogorov distance

\/5019

W (L(5,). P(N) = 3

m=0

Jjsm

N
< m) — 2N < :
P(S, < m) j<Eme s SOEE Z(m);
and (v) for the point metric
AT \@019
P(S, =m) —e " —| < ———=/Z(m).
(s, = m) - 2 T V)

Proof. For (i), we apply (2.10) to the function F'(z) — e**~Y and use the inequality (3.4) with v; = p;re®
to estimate the integral 7. This yields
H (1 +pjreit)e’pjreit -1

1 s
I(r) = /
27 Jn |1 Zign

< ENrter (3.8)

2
dt

hence

/ I(\/r/Ne "dr < 0%92/ r2e="1=0) qr
0 0
2c36?
(-0

and the estimate in (7) for the y?-distance follows.

Similarly, the inequalities in (if) and in (iv) follow from substituting the estimate (3.8) into the two
inequalities (2.19) and (2.22) respectively.

As to the non-uniform estimate in (v) for the point metric, we have, again, by (3.8),

/ I(\/r/i)\)refr dr gc%z/ r3e (=0 gy
0 0
6c26?
S (10t

Substituting this estimate in (2.20) gives the inequality in (v).
Finally, the upper bound in (iii) for dyy is derived similarly by the inequality (2.21) using again (3.8)

202
ci0

/0 e ar <

This completes the proof of the theorem. [
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The reason of studying the y2-distance (also referred to as the quadratic divergence) is at least twofold
in addition to its applications in real problems. First, it is structurally simpler than most other distances
because it satisfies the following identity.

Corollary 3.5. Let {a;} be given by
F(z) — D = A1) Z a;(z — 1), (3.9
Jj=2

where F is given in (3.7). Then the x*-distance satisfies the identity

7!

de(ZL(Sn), P(N) =) ﬁ\ajy? (3.10)
Jj=2
Proof. By (3.9), we have
)\m m
_ . A

P(S,=m)—e = MZajCj()\,m). (3.11)

Jj=2
Then (3.10) follows from (2.12). []

Second, the y2-distance is often used to provide bounds for other distances; see [14]. An example is as
follows.

Corollary 3.6. The information divergence (or the Kullback-Leibner divergence) satisfies

dxi(L(S,), (V) == > P(S, = m)log <P(fg;m)> < 24 (3.12)

= (1-6)3

m!

Proof. Given two sequences of non-negative real numbers z; and y; such that
xo+x1+---=1 and yo+uy +---=1.
By the elementary inequality log z <  — 1, we obtain
2 2
n>0 Ln n>0 Ln n>0 Ln n>0 Ln

Thus dg;, < dy2. Now (3.12) follows from applying this inequality with z,, = e 2™ /m! and y,, =
P(S,, = m) and then using the inequality in (i) of Theorem 3.4. O

Since Z(m) < 1/2, from the two non-uniform estimates (iv) and (v) of Theorem 3.4, we easily obtain
that the Kolmogorov distance satisfies

dg(Z(Sn), Z(N)) == sip

and the point metric is bounded above by

LA

m!

< \/3019

S VA1 -6)2

Note that the estimate so obtained for the Kolmogorov distance is worse than that obtained by the simple
relation dy < dpy and the estimate (i) of Theorem 3.4.

The quantity Z(m) can be readily bounded above by the following estimate; see also [9, p. 259] or
[44].

dp(ZL(Sn), (X)) = sup

m

P(S,=m)—e
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Lemma 3.7.
Z(m) < e~ (m=X)?/(2(m+X))

Proof. Letr = m/\. If m > ), then
Z(m) <P(C = m) < r M = g vm/A)

where 1(z) := 1 — z + x log z. We now prove that

(1— =)
> — .
U(x) = 20+ 1) (x > 0), (3.13)
or, equivalently,
T 5!32
log(1 > — —1).
/0 og(l +t)dt 2+ 7) (x > —1)

To prove (3.13), observe first that log(1 +¢) > t/(1 4+ t) for t > —1 since fot log(1 4+ v)dv > 0. Then

T x t
log(1 + t)dt > —dt,
/0 og(1+1) /0 o1

which is bounded below by z?/(2(2 + x)) by considering the two cases z > 0 and = € (—1,0]. Thus, by

(3.13),
Z(m) < e~ (mN?/@0m).

Similarly, if m < A, then r» < 1, and

Z(m> < P(g)\ g m) < ,r,fme)\(’r’fl) — 67}\’(/)(771/)\) < ef(mf)\)2/(2(m+)\)).

4 Applications. II. Second-order estimates

We show in this section that the same approach we developed above can be readily extended for obtaining
higher order estimates. For simplicity, we consider only the second-order estimates for which we need
only to refine Lemma 3.3. From the formal expansion (3.11), we expect that

)\m )\m
P(S, =m) — e A — ~ age_A—CQ(A, m) + smaller order terms,
m! m!
where a; = —\2/2, and the error terms for Poisson approximation would be smaller if we take the term

ase~*A™mCy(\, m)/m! into account.

Lemma 4.1. For any complex numbers {vy}, the following inequality holds

1
[T e =145 3 o < (D12 +aws) e, 1)
1<k<n 1<k<n
where V,, is defined in (3.5), c; = \/e — 1 and (see (3.3))
1 [
cy = 2/ et2/2(1 — t%)dt ~ 0.3706.
0
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Proof. By (3.6),

[T (+uge =145 3 ok= 3 <<1+vk>e‘“k—1+1§“) [T @ +vpe™

1<k<n 1<k<n 1<k<n 1<j<k

—% Z vi(H (1+vk)e_”’“—1).

1<k<n 1<i<k

By (3.1), (3.2) with m = 2 and (3.4), we then obtain

H (1—|—vk)e_“’“—1+; Z vp| < o Z |vg]® exp (; Z |Uj‘2>

1<k<n 1<k<n 1<k<n 1<i<k
€1 2 2 1 2
5 e (} 3 ).
1<k<n i<k 1<k
and (4.1) follows. ]

For simplicity, let

Then
A A
[Zm}Pl(Z) — e_Am (1 — ?202(771, )\)> y (42)
mP1(z) DN A A
[2 ]1_2 ;ﬂ ﬁ‘i‘?cl(m,/\)@ ol

where C, C5 are given in (2.3).
With the inequality (4.1) and Proposition 2.4, we can now refine Theorem 3.4 as follows.

Theorem 4.2. For § < 1, we have the following second-order estimates for x*-, total variation and
Wasserstein distances, respectively,

(P(S, = m) — ["]Ai(2))’ V3a 0 Vieds )
Z e—AAL < <\/§(1 _ 9)5/2 + /\3/2(1 _ 9)2) ]

m=0 m!
1 \/50192 \/362/\3
- P Sn == — 2" P < 3

2
< \f/\( \/§C19 . n /\3/;/?62/\933/2> :
m2=0 2\@(1 _9) ( - )

and the second-order non-uniform estimates for Kolmogorov distance and point metric, respectively,

Pl(Z) \/§6192 \/602)\3
—o| S VA (ﬂu gy A —e>2> ’

B(s, < m) - 27

[P(Sn = m) — [2"]P1(2)] <

Z(m) V15 ¢,62 2v/6 ¢ )\5
x \Vai—ep T NP0y )
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Proof. Let

F(z)=

1<i<n
p;(z — 1) in inequality (4.1). Then

[T (- 1) = (1= 2= 12).

Take v; =

A P 2
T4 pi(z—1)ePCED 21 2220 12 < (D02 — 11 4 gz — 11P) 7117,
j 472
1<<n 2
It follows that

I(r) < (ﬁ)\zr4 + e\ 1“?’)26’\2’"2
X 4 2 21\3 .

4.3)
Substituting this upper bound into the identity (2.10) and using the relation (4.2), we obtain
1/2
(Z (P(Sh=m) — [z mmu»?)
A
m =0 € ‘m!

1/2
< - ﬁ92 2y CoA3 3/2 ’ ~(1=0)r 4
<\ 1 r )\3/27” e r
< %92 </ rie=(1=0r dr) + 7323/;’ </ rie=(1=0r dr)
0 0

. 202' \/ﬂ CoA3 ) \/6
T4 (=02 T B2 (1—-6)2

where we used the Minkowsky inequality. This proves the second-order estimate for the x“-distance

2_d; ‘
Similarly, the corresponding estimates for the total variation distance and the (non-uniform estimate of
the) Kolmogorov distance follow from (4.3) and the two inequalities (2.19) and (2.22), respectively
For the point metric, we have, using again (4.3) and the inequality (2.20)

\/ \IP’S—m [2"1P1(2)]

1/2
< 92 2y CaA3 3/2 ? -(1-0)r 4
< ; 1 /\3/27" re r
oo 1/2 00 1/2
< ﬁez (/ B e—(1=0)r dr) i CaA3 (/ FAe—(1=6)r dr)
4 0 0

\3/2
\/ﬁclgz + 2\@02)\3
V2(1—0)3 N1 —0)>%

Finally, the second-order estimate for the Wasserstein distance follows from (4.3) and the inequality (2.21)
P
AT12 Z P(S, <m) — [zm]M

1—2z
m>0

. ) ) 1/2
< (/ < 0°r* + )\23/37”3/2) rtem(1=0r dr>
0
oo 1/2 0o 1/2
< %92 </ T367(179)r dT) + ii:/‘;’ (/ 7,.26*(179)1" d?”) )
0
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O

Corollary 4.3. The total variation distance between the distribution of S, and a Poisson distribution of
mean \ satisfies, for 6 < 1,

0 NEY & V3 ea)s

drv (Sp, P(A 4.4
(50 POV < 557+ 550~ Tt g @4
Proof. By (2.13) with k = 2, we have
fz **—|02 A m)| <
m>=0 \/>A
and (4.4) follows from the second-order estimate for the total variation distance in Theorem 4.2. ]

Remark 4.4. One can easily derive, by the difference equation (2.2) of Charlier polynomials with k£ = 1,
that (see for example [43])

N+ 1 - -1

3 e = (A -+ -

m =0

where my := [A+ % & (/A + 1 ]. Asymptotically, for large A,

A V2
mz;() —\C’Q (A, m)| = N3\

By a detailed calculus, Roos [70] showed that

(t+0 ().

- Ze_k—](fg A,m)| < — 4.5)

)\
m>0

where numerically
13 V2
V2 2e’ /e
Of course, we can apply Roos’s inequality (4.5) and replace the constant 1/23/2 ~ 0.354 ... by 3/(4e) ~
0.276 . .. in the first term of our inequality (4.4).

} ~ {0.707,0.552,0.484} .

Corollary 4.5. The y*-distance satisfies

d2(ZL(S,), P (V) = 922 (1 +0 <(1 _99>5>> . (4.6)

Proof. Note that

1<y (P(Sy =m) — [2"]Pi(2)* _ T (P(Sn = m) —e™55)" 62

e— AT e—A AT 2

m! 77120 m!

This identity together with the first estimate of Theorem 4.2 and an observation that A\3 < /\g/ 2 yields
(4.6). ]
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Remark 4.6. An alternative way to prove (4.6) is to use the identity (3.10) and apply the estimate for the
coefficients a; derived in Shorgin [80]

e\ i/2 .
0] < (j) ) @

and obtain

> ﬁ\aﬁ <D ile/iye’ =0 (ijm) ,

Jj=3 j=3 Jj=3

by Stirling’s formula j! = O(j/2(j/e)?), j > 1. This and ay = —\y/2 give
d2(Z(S 9A*021070 4.8
Xz( ( TL)7 ( ))_5 + (1_0)3/2 . (4.8)
For a further refinement of (4.6), see Corollary 5.3. Note that (4.8) implies that

i (L(S,), PN) < 922 (1 +0 ((1:09)3/2» |

S Applications. IIl. Approximations by signed measures

Since the probability generating function of .S,, can be represented as

Ez5" = exp (Z (_1],)j_1 Ai(z — 1)j> ,

jzl

it is well-known since Herrmann [39] that smaller error terms can be achieved if we use finite number of
terms in the exponent to approximate Ez°; namely,

Ez% ~ exp ( Z (_1].)j_1 Ai(z — 1)j) ;

N

for k > 1. Anther advantage of such approximations is that the remainder terms tend to zero not only
when 6 — 0 but also when A — oo (while 6 remaining, say less than 1 — ¢, ¢ > 0 being a small number).
This gives rise to Poisson approximation via signed measures (sometimes also referred to as compound
Poisson approximations); see Cekanavicius [18], Roos [71], Barbour et al. [5] for more information.

Although these approximations are not probability generating functions for £ > 2, they can numeri-
cally and asymptotically be readily computed. Indeed, for k = 2

m/2
[Zm]eA(z—n—Az(z—n?/z — A N2 Ay —H, (A + )\2> 7
m! vV o

where the H,,(z)’s are the Hermite polynomials.
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5.1 Approximation by ¢\(>~1)~(:=1)*/2
We consider the simplest case of such forms when £ = 2.

Lemma 5.1. The inequality

1
[0 o 25 4
1<k<n 1<k<n

holds for any complex numbers {v;.}, where V,, is given in (3.5) and ¢y in (3.3).

1
< <02V3 + 8V4> e"?/? CRY

Proof. Again by (3.6),

H (1+Uk - H _Uk/2

1<k<n 1<k<n
- 5 (rwe =) (T (11 097),
1<k<n 1<k k<j<n
Now
—z —22/2 —z 2 —22/2 2
’(14—2)6 —e ‘z(l—&—z)e —1+5— e —1+5
3 pl 4 pl
- '—Z/ (1 - t2)edt — Z/ (1 —t)e_t22/2dt'
2 Jo 4 Jo
4
< CQM%\ZP/Q i ‘*Z8|ez2/2
This and the inequality (3.1) yield (5.1). ]
Let

Py(z) i= A Na2/2
Theorem 5.2. Assume that 0 < 1. Then

(B(S, =m) — ["|P(2))> _ A ( Voo var\
Z e ,\/\m <v<(1_9)2+2\/§(1_9)5/2> ’

m )\3 \/602 \/379
Z IP(S, =m) — [2"]Py(z2)] < a2 <(1 e + 221 - 9)5/2) ;

mPQ(Z) >\3 ﬂCQ \/@
mz;()]P’(Sn<m)—[2 T <A<(1_ )3/2+4f(1—9)>

>\3 \/602 \/@
< yor V7 (m) ((1 —0 " 2v3(1 - W) |

m 2\/602 \/@
[P(Sh = m) = ["]Pa(2)| < 35 v Z(m) ((1 052 T a1 oy >

21



Proof. All estimates follow similarly as the proof of Theorem 3.4 but with

F(z)= [] 0 +pi(z—1)) = D202

1<j<n

For the first two estimates of the theorem, we apply the inequality (5.1), which gives
, 1 .
I(T’) < <62)\3T3 + 8)\47”4> 6)\272.

By the inequality Ay < A3v/Ao, we obtain

1/2 - 2 1/2
Z (P(S, =m) — {Zm]P2(Z))2 < ﬁ / o + @TQ o~ (1-0)r
m>0 6_/\% ROYE 0 8
A3 [ /6 L VA0
SN2\ (1-0)2 8(1—6)2 )"
en we a roposition 2.4. The other estimates are similarly proved.
Th pply Proposition 2.4. The oth: i imilarly proved ]

Lemma 5.3. For any 0 < 1, we have

aam m 2
S w RGN 1, 52)
Proof. Applying (2.10) and (2.12) to the function
A\ F (2= 1)
_  M=z-1) _ A(z-1) N2 \~ )
F(z)=e Pyz)=e <Z<2> o ,
k>1
we obtain
il G 0 M (9) @R 1
= e A —\2) (W) Vi-¢2
OJ

Corollary 5.4. For 6 < 1,

m /2
(B(S, =m) — e 20)*\ 1 i AN Rl
(Z e B (W B 1) Sy ez Tsa_epr) O

m2=0 m!

Proof. By applying the Minkowsky inequality and the first estimate of Theorem 5.2, we obtain

(Z (P(Sn _ m)/\; e—)\i\z)2>1/2 ) (Z (e_k% . [Z;::]PZ(Z))2>1/2

€ m>=0 m/!

. o\ 1/2
. (Z (B(Sw = m) ~ ["]P2(2)) )

—AAT
m2=0 € m!

Syve\ o2 T8I _gpe
Consequently, by (5.2), we obtain (5.3). []

A3<c2¢6 m)
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Note that (5.3) implies that, for all § < 1,

d,2(ZL(S,), PN) = (ﬂl_ie2 - 1) (1 +0 (M)) .

On the other hand, by the inequality d,> > 4d2,, (which following from (2.12) and (2.19)), we obtain
another upper bound for d;y .

Corollary 5.5. For 6 < 1,

1 1 1/2 Ag 02\/6 \/@
dry (S0, P(N)) < 5 <m - 1) MY (2(1 — 62 T 1601 9)5/2> '

6 Comparative discussions

We review briefly some known results in the literature and compare them in this section. For simplicity,
we write d, for d.(Z(S,), Z(\)) throughout this section, where d, represents one of the distances we
discuss.

Among the five measures of closeness of Poisson approximation {d,z2, dyv, dw, dk, dp}, the estimation
of the three {d,2,dk,dp} is generally simpler in complexity since they can all be easily bounded above
by explicit summation or integral representations: see (3.10) for d,2, (6.2) for dx and (6.3) for dp.

In addition to the Poisson approximations to .Z(.S,,) we consider in this paper, many other different
types of approximations to .Z(S,,) were proposed in the literature; these include Poisson with different
mean, compound Poisson, translated Poisson, large deviations, other perturbations of Poisson, binomial,
compound binomial, etc. They are too numerous to be listed and compared here; see, for example, Barbour
et al. [9], Roos [69, 72], Barbour and Chryssaphinou [7], Barbour and Chen [6], R&llin [66] and the
references therein.

6.1 The y\>-distance and the Kullback-Leibner divergence

Borisov and Vorozheikin [14] showed that d,2 ~ §?/2 under the assumption that § = o(A~'/7). They
also derived in the same paper the identity (3.10) in the special case when all p;’s are equal. More refined
estimates were then given. The estimate (4.6) we obtained is more general and stronger.

The Kullback-Leibner divergence has been widely studied in the information-theoretic literature and
many results are known. The connection between dp, and dgg, for general distributions also received
much attention since they can be used to bridge results in probability theory and in information theory;
see the survey paper Fedotov et al. [34] for more information and references. One such tool studied is
Pinsker’s inequality dpy < +/dgr/2 (see [34]). Note that in the case of S,,, this inequality implies that
drv < \/dy2/2, while we have dpy < \/@/2 by (2.12) and (2.19).

Kontoyiannis et al. [51] recently proved, by an information-theoretic approach, that

1 p;
dgr, < B\ Z

.
1G<n P

The right-hand side in the above inequality is, by Cauchy-Schwarz inequality, always larger than 62, pro-
vided that at least one of the p;’s is nonzero, and can be considerably larger than our estimate (3.12) for
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certain cases. Indeed, take for example p; = 1/4/j + 1. Then

1 3 1
dgr, < < I = —
/\1@2@1—%‘ Vn

where the symbol “a,, =< b,” means that a,, is asymptotically of the same order as b,,. Our result (3.12)
yields in this case the estimate

6.2 The total variation distance
We mentioned in Introduction some results in Le Cam [54] and other refinements in the literature of the

form dpy < cf. We briefly review and compare here other results for dry .

First- and second-order estimates. Kerstan [49], in addition to proving that dpy < 0.66 (which was
later on corrected to 1.05 by Barbour and Hall [8]), he also proved the second-order estimate

>

Jj20

N A A
P(S, =j) — e*AF <1 — 2202(/\,j)> ‘ < 1.373 + 3.96°.

Similar estimates were derived later in Herrmann [39], Chen [23], Barbour and Hall [8]. The order of the
error terms is however not optimal for large \; see Theorem 4.2.

Many fine estimates were obtained in the series of papers by Deheuvels, Pfeifer and their co-authors.
In particular, Deheuvels and Pfeifer [30] proved dpy < 6/(1 — v/20) for @ < 1/2 and the second-order

estimate . (202
. N A2 , 20
P(S, = —e*<1—c A, >‘<
;}0 (Sn =) (NI ) S T 7

for § < 1/2, the order of the error terms being tight. For many other estimates (including higher-order
ones), see [30, 31]. Their approach is based on a semi-group formulation, followed by applying the fine
estimates of Shorgin [80], which in turn were obtained by the complex-analytic approach of Uspensky
[83]. Following a similar approach, Witte [86] gives an upper bound of the form

6217*9

dry < ,
VS Van(1 - 2¢240)

for 6 < %e*QI"*, as well as other more complicated ones. Another very different form for dy, can be found
in Weba [85], which results from combining several known estimates.

By refining further Deheuvels and Pfeifer’s approach, Roos [69, 70] deduced several precise estimates
for dry and other distances. In particular, he showed that

3 7(3-2V0)
dﬂ/< <46+6(1_\/§)2\/§> 9»

when 6 < 1; see [70] and the references therein. The proof of this estimate is based on a second-order
approximation; see (4.5).
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Note that since dry < 1, any result of the form dryy < ¢(0)6 for 6 < 0y, 6, € (0,1), also leads to an
upper bound of the form dpy, < cfl, where

c= sup o),

0<t<bp

0o := min{6, 6>}, 65 € (0, 1) solving the equation tp(t) = 1.
Higher-order approximations based on Charlier expansion are studied in Herrmann [39], Barbour [3],
Deheuvels and Pfeifer [30], Barbour et al. [9], Roos [69, 71].

Approximations by signed measures. Herrmann [39] proved that, when specializing to the case of S,,,

5 [P, =m) - -] < 0 ().

m=0

the rate being \'/? away from optimal; see Theorem 5.2. Presman [64] considered the binomial case and
derived an optimal error bound. Kruopis [53] extended further Presman’s analysis and derived

Z ‘P(Sn = m) _ [ZWL]QA(271)7A2(Z*1)2/2‘
m =0

< 10wAsmin {1.207° + 4200 %, 24+ 0 + 34X},

where 0 := /A — Ay and

o 2p;t(1-p;t) 6.1
w = max sup e , .
A ogtgpl ©.1)
which was in turn refined by Borovkov [15]. Hipp [41] discussed similar expansions for compound Poisson
distributions and attributed the idea to Kornya [52], but his bounds are weaker for large A in the special
case of 5,; see also Cekanavicius [18]. Barbour and Xia [11] proved, as a special case of their general
results, that

[ PUSw = m) = [sree R < - |
2 /\3/2(1 _29)\/1_9—maxjpj(1—17j)/)‘

when § < 1/2. An extensive study was carried out by Cekanavi¢ius in a series of papers dealing
mainly with Kolmogorov’s problem of approximating convolutions by infinitely divisible distributions;
see CekanaviGius [18, 19] and the references cited there. Approximation results using signed compound
measures under more general settings than S,, are derived in Borovkov and Pfeifer [16], Roos [71, 72] and
Cekanavi&ius [19], Barbour et al. [5].

Other uniform asymptotic approximations. The estimate dpyy ~ 6/+/2me holds whenever § — 0. A
uniform estimate of the form
dry = 0J0) (1+0 (A1),

as A — oo, was recently derived in [44], where

J(0) :—é(@( ;logli(g) _q)(\/lgeloglie)),

® being the standard normal distribution function. Other more general and more uniform approximations
were also derived in [44].
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6.3 The Wasserstein distance

Deheuvels and Pfeifer [30] proved the asymptotic equivalent dyy ~ Ao/v/ 27\, when A/ VA = oo, im-
proving earlier results in Deheuvels and Pfeifer [29]. They also obtained many other estimates, including
the following second-order one

A
[A]!

95/2\1/2(3/2

< ;
1—+20

‘dW — doe

for |#] < 1/2. Then Witte [86] gave the bound

< — Ve
2V 27

for 0 < %e_Qp*. Xia [87] showed that dyy < A2/+/A(1 — 0); see also Barbour and Xia [12] for the

estimate dyy < 8\2/(3v/2e)). The strongest results including more precise higher-order approximations
were derived by Roos (1999, 2001), where, in particular,

1 82— Ao
i< (J 50 vir ) 7

For other results in connection with Wasserstein metrics, see Deheuvels et al. [27], Hwang [43],
Cekanavicius and Kruopis [20].

log (1 — 262p*9) ,

6.4 The Kolmogorov distance

It is known, by definition and Newton’s inequality (see Comtet [24, p. 270] or Pitman [60]), that dx <
dry < 2dg; see Daley and Vere-Jones [26], Ehm [33], Roos [70]. Thus all upper estimates for dy
translate directly to those for d and vice versa. Also many approximation results in probability theory for
sums of independent random variables apply to S,,. Both types of results are not listed and discussed here;
see for example Arak and Zaitsev [2].

Up to now, we only consider non-uniform bounds for d;. However, effective uniform bounds can be
easily derived based on the Fourier inversion formula

1 T E itSy _  A(et—1)
o / efzmt € € : dt
27 1—e

di = sup

m -

1 ™ eA(cost—l)
<o | S
27 /_7T |1 — eft]

From (6.2) and (3.4), we have

[T @+ —1)er D —1)at. (6.2)

1<j<n

c g }
dK < 1)\2/ ‘1 o ezt| 6_02(1_COSt)dt,
™ 0

which, by the simple inequalities |1 — ¢*| < |t| and 1 — cost > 2% /7% for t € [—m, 7], leads to

0171'9

C1 & 720_2752/71.2
de < 2\ t dt = ——~
nE 2/0 ‘ A(1—0)
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where ¢;7/4 ~ 0.51. Although this bound is worse than some known ones such as dx < 0.366 in
Daley and Vere-Jones [26], its derivation is very simple and self-contained, the order being also tight.
Furthermore, the leading constant ¢;7/4 can be lowered, say to 0.363¢; < 0.24, by a more careful analysis
but we are not pursuing this further here. Note that it is known that di ~ 6/(2v/27e), as § = o(1), see
Deheuvels and Pfeifer [30], Hwang [43], where 1/(2v/2me) ~ 0.121.

In a little known paper, Makabe [55] gives a systematic study of dx using standard Fourier analysis,
improving earlier results by Kolmogorov [50], Le Cam [54], Hodges and Le Cam [42]. In particular, he
first derived a second-order estimate from which he deduced that dx < 3.760 and

0
For p, < 1/5, he also provided a one-page proof of

50 250

dy < < .
S 41— 2p, —560/2) 12— 500

A Le Cam-type inequality of the form dx < 2\, /7 was given in Franken [35], which was later refined
to dx < A\y/2 in Serfling [76]; see also Daley [25]. Franken [35] also proves the estimate

c i 0
de < S (1-e070) 2

for an explicitly given c, as well as higher-order terms for dj based on Charlier expansions. His bound
together with dx < 1 implies dx < 1.96, improving previous estimates by Le Cam and Makabe.

Shorgin [80] derived an asymptotic expansion for the distribution of S,,; in particular, as a simple
application of his bounds for |a;| (see (3.9)) and |Cj (A, m)|,

dr < 14, E 0
where 1/2 + /7 /8 ~ 1.31. In Hipp [40], the upper bound

2

s o
dg <~ J
ESana-o) 2.

- 1 —]9]'7
1<j<n

was given, so that if p, < 1/4, then

g T _ 105
KS30-6) S1-6

< — PR
dK\ mln{2(1 9),)\2}

A bound of the form

was given in Kruopis [53], where he also derived

PQ(Z)
1—=z

2 A3 mi L 1

3 (1 — gy [

where w is defined in (6.1). Deheuvels and Pfeifer deduced several estimates for dy; in particular (see
(30, 31])

N

aup ‘P(Sn <m)— [

m

Pi(z)
1—2z

(L M,
T3\ -ve) a2

sup [P(S, < m) — [z™]

m
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Note that this can also be written as

0 _, N+ A 5 6 A3
dic =5 m“{m“*”)w“ “H 3(<1—¢5> W)’

where (4 == [A+1/2 £+ /A + 1/4].

Witte [86] then derived the estimate

Vel +/m/2)e
2\/27r(1 — e2v-f) %

for 6 < e P+; see also Weba [85]. Roos [69, 70] gives, among several other fine estimates,
1 6
dg < | =+ ——~ \/§> 9.
r (26 5(1 —/6)

Non-uniform estimates are derived in Teerapabolarn and Neammanee [82] for general dependent sum-
mands, which is of the form in the case of .5,

P(S, <m) —e? Z

0<_7<m

o
l—e )Gmin{l, +1},
m

generally weaker than our bounds in Theorems 3.4 and 4.2.

6.5 The point probabilities

As for dy above, the point metric can also be readily estimated by using the integral representation

1 " Acost—1 it —p;(ett—1
dpé%/_ﬂe(co ) H (1+pje"=1))e i1 _ 1) dt, (6.3)
1<i<n
and (3.4), and we obtain for example
017T5/29

dP\ 8\/7(1— )3/2

Classical local limit theorems for probabilities of moderate or large deviations can also be used to give
effective bounds for the point metric dp := max,, |P(S,, = m) — e *X\™/ml|; they are not discussed here.
Results for dp were derived in Franken [35] but are too complicated to be described here. Kruopis [53]

gives the estimate
dp < min {\/69’ )\2} )
V(1 — )32

as well as S ) A
SupUP’(Sn:m) [ ]PZ( )’ 37‘_)\31'1111'1{)\2(1_9)273}

Barbour and Jensen [10] derived an asymptotic expansion; see also [3].

Asymptotically, as § — 0,
0

221\
28

dp ~



see Roos [68], where he also derived a second-order estimate for dp, which was later refined in [69, 70].
In particular,

1/3\*?  6-4/0 9
we(3(2) AL\ B

2\ 2e 3(1— \/5)2 VA
A non-uniform bound was given in Neammanee [57, 58] of the form

)\m
Y . _ _
‘P(Snzm)—e - < min {m™" A7} Ay,

whenever A < 1.
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